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Abstract

Thisresearchfocuses on how personal data from wearable physiological
measures can be used &ssesshe Mental Workload (MWLYf staffin the

rail industry Automation technologies are being implemented in the rail
industry to improve operational performance and cajg. These new
technologies are changing the role of staff. Theisearchconsiders how
temporal physiological data present an opportunity to supplement existing
workload assessment methods to measure the impact of these technology
changes. The researettploreshow wearable physiological measures could
be applied in live operations to collect reahe data with minimal task
interference. Whilst theesearchfocuses on railway signallers, the research

has implications for other roles in the rail indusémd other industries.

Theresearchincluded three studies and two literature revievilheinitial

industry interview study identified the benefit of more continuous data to
assess human performance, including successful performambetailed

review of candidate technologiegasthen performed solely on physiological
measures to extend the knowledgre this areaTo assess the potential of
physiological measures to provide this continuous data, a simulation study of
railway signalling tasks was conducted with an Electrodermal Activity (EDA)
wrist strap for alertness and stress and a Heart Rate VétyafRV) chest

strap for uncertainty and increased MWL. The limited application of these
measures in rail research provided a suitable research gap foetearcho

pursue.

The simulation study found physiological data provided visibility of

individdzZl £ 8 Q LISNBR 2yl f S E LiSdihafof/EDS, HRV task 2 NJ| f 2
demand and subjective workload over time were visible in the storyboard for

each participant. The simulation study provided two key contributions to the

thesis. Firstly, EDA identified moments in workload during the task, indicating

momerts of realisation, and periods of uncertainty, or strain due to time



pressure. Such data could be used in staff debriefs to better understand their
workload, and tailor training. Secondly, average HRV had a strong negative
correlation with average subjest workload. HRV could provide a real time

indicator of workload and provide visibility of staff effort to managers.

The final study was an interview and survey study of gtaf§pectives orthe
potential use of these measures. This study replacedeatrial which could

not proceed during COVAD® related restrictions. The study found wearable
devices suit use in the live operational environment, with the wrist strap
rated the most suitable due to low distraction. Trust emerged &syafactor

for staff to accept the use of wearables, particularly if named data is shared.
Tangible benefits that lead to improvement in operations was identified as

one way to build this trust.

An additionakcontribution of the thesis, drawing on all studies and literature
reviews, was to propose a netweoreticalperspectiveon MWL, based on
physiological data. Novelty of Evergand Autonomic StatéNEASInodelis
proposedas a preliminary conceptualisatiolt.shows how individuals may
vary in the impact workload has aheir performance and how physiological
data may be used to identify this. The concephaivelty of Evergincludes
aspects of tasks that an individual has not performed before, including those
introduced by new technology or procedures. TMEAS modeduggests how
support in the form of tailored training, or shift breaks, could be used to
support improved human performancEollowing on from this thesis, a
priority for further empirical workwould be totrial EDA using a wrist strap
that uses a repeatetheasures approach to determine to what extent

individual physiological data changes over time.
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Introduction

Chapter 1: Introduction

1.1 Chapteroverview

This chapter starts with a short neiduction to the rail industry context and

need for this research. The chapter then presentsrmearchquestions, and
how each chapter contributes to answering these questions. The chapter
ends with a brief introduction and clarification on key termiogy that will be

used throughout tle thesis.

1.2 Railcontext

Rail is a complex safety critical systenwhich the combination of staff,
equipment and procedures providafeoperationalperformance A system
failure canput at risk the lives of staff, passgers, or the publicAutomation
technologies are being implemented to improve performance and capacity
whilst maintaining safetyWhilst these are designed to improve the system,
they change the role of staff and their impact on staff is not fullyarsgod.
The industry seeks to improve the measurement of impat¢hesechanges

on staff and, more broadly, gain more value from d@@&SB 20}.7 The Rail
Accident Investigation Board (RAIB, 2020) recommend improving workload
assessments of signallers for this reason, particularly in their move to large,
centralised workstations/Vhilst thisresearchs rail focused, the findings have
implicationsstaff across raihcluding drivers, signallersontrol staff and
managersandfor other industries implementingutomationtechnologies

and changing staff rote

1.3 Researclperspectiveand scope

Theresearchfocuses on how personghysiologicatlata can be used to

measure human cognitive performance and workloaslautomation
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technologies increasm rail, the balancebetweenphysical and cognitive
elements of workis changinglncreased use adutomationreduces the
observabilityof workload: as staff physically move less, there iswes&load

to measurethrough observation.Yet thee remains aneed to understand and
measure theworkload of theircognitivemonitoring and vigilanceask
Alternative workload measures, suds seHassesseavorkload scales

interrupt the task or are completed after the task\n additional

requirement, since COWI® restricted visitor access to signalling centres, is

how to accurately measure workload remotely.

Theresearch gaps findinga measure of human performance thedn be

applied inlive operations tacollect realtime data tomeasure the impact of
technology changes, with minimal task interferenSech data could then
inform management decisions. Thesearchconsiders how temporal
physiological data from wearable physiological measures could address this
research gap. The temporal data from these devices provide a chronology of
events in the task which, if patterns are detected, could indicate in future
whenstaff are at risk of moving from good performance, into the higher risk

areas of either underload or overload.

Thisresearchconsiders MWL and overall performance. In terms of MWL,
previous theories and studies show humans are more likely to make errors
when MWL is too high (overload) or too low (underloé&gason, 1990)This
implies that humans can perform more successfully when neither overloaded
nor underloaded in terms of MWL. Thissearchproposes to focus on the

area between these two MWL levelshich is currently poorly defined. This
range can be described by the Goldilocks Principle, representing a range that
Ad WwWedzad NAIKIQE a2 OFfttSR a Ad Aa
622 O2f R AY (GKS 2N 3 hsround plysicalicapatiyy Q a
at work, this Goldilocks Principle of productive work is work that stimulates a
range of body systems whist allowing adequate rest and recovery

(Holtermann et al., 2019). Thissearchtakes this principle and considers the

Ly

a
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implications for cognitive workHowcoulda range of cognitive work and
effort be monitoredthat includes when ik & W 2 daadithus\slisthivable.
This scoping review considers whether physiological measures distinguish
different levels of mental workla® from underload through productive work

into overload.

In terms of overall performanc@n overarching ethos of thresearchs to

captureL}2 & A G A @S KdzYl'y LISNF2NXYIyOS |yR SELX
rather than focusing on when errors are madéis fits with the Safety Il

approach proposed by Hollnagel, where the anasmuch as possible goes

right to achieve good performance @verydaywork (Hollnagel, 2014) In rall,

RSSB have developed questions to help derive performadgsators for the
AYRdAzZAGNE 6KAOK AyOf dzRS&a y20 2yteée WgKIF
adz00Saa ft 2 2017)fThigeSarérwilliconsider whether

physiological measures can detect factors associated with the dask

experienceof workload,when performance is successfil.so,how could

0KSAaS O2yiUNAROGdzGS (2 2dzNJ dzy RS R#Etol y RA Yy 3
this includesavoidng some of the ironies of automatiofBainbridge, 1983)

particularly around monitoring an ever increasingly autded system in ralil

signalling control.

To address ironies of automation regarding monitoring tasks, physiological

measures could monitor alertness over time. This could show drops when an
operator is bored due to low task load, or due to the vigilaneerdment that

is known to occur over time with a monitoring ta@iackworth, 1948)

Secondly, regarding job satisfaction, when an operator needs to intervene at

short notice or take over from automation, measures could show the effort,

workload, orstresy 02 a0 Q 2y (GKS LI NI 2F GKS 2LISN
could build an understanding of whatsustainable in terms of cognitive

effort.
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The focus on railway signallers wadecision made in stages. The initial
industryinterview studyidentified abroad range of peoplevho can impact
rail operationsincluding staff, passengerand thepublic. Interms ofindustry
priorities, train drivers and signallers would suit being the focushef
researchasthey complete Safety Critical Tasks andtare of the biggest
groups of staffThe scoping reviewsf literature therefore considereddriving
and signalling tasks and roldé&oportionally less researahas found that

focused on signallerpresenting a viable research gap for tlesearch

Secondly,@ successfully appighysiologica¥’ S| & dzZNS & Wiy (GKS gAf

important to control for the confounding variablesich agphysical
movementand temperature Taking all these factors into consideration,
signallers were chosen as the foafghisresearch These measurasay, in
future, alsosuit usein train calbs with drivers.A signallingcentre, with
temperature controlandno vibration was chosen aabestlocation at this

exploratory stage ochpplyingwearablesmeasuresn the rail industry.

1.4 Researchkim

Theresearchscope considers how personal datauld be used in rail to
measure human cognitive performancé&he research aim is to measune,
reaktime, staff mental workload in live operationshe research focuses on
cognitive performance, and thmeasuremenbf staff mental workload.This
in turn would bothimprove our understanding of how staff achieve their
cognitive task andinform future decisiorwith respect to tasks and trainirig
the rail industry. This iparticularlypertinent to the implementation of
automation technologiesvhich are changing theoles ofstaff in therail

industry.

!Thisper sonal data angie Datadowihémeéehef 6MyeLHO6ri zon
Training (CDT), through which the PhD was completed. The Horizon @DUniversity of
Nottingham carries out interdisciplinary research within the Digital Ecortbmye, with a focus on
digital identity, personal datand data creativity.

C
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1.5 Researclyuestions

1. How cantemporalphysiological data from wearable measures
contribute to MWL assesment in rail industriive operations?

2. What are the theoretical implications of individual physiological data
to changes itMWLin a workplace setting?

3. What are staffperspectiveson wearables and use of their personal

physiological data?

1.6 Identifyinga research gap

The initial remit of theesearchcombined therail industries sponsonequest
to research the impact of new technology on human performance irwitil
theWae [AFS Ay SPhOHbrigon Gttt YoSDoetdFal Trakhiig
Centre Aresearch gap wasoughtthrough a literature review and industry
interviews. The interviews identiéd an industrychallenge so theresearch
scoperemainedpertinent to industry.Theinterviews identifiecdthe challenge
of detecting when staff arapproaching their limits (underload or overload)
including as new technology is introduced into rBitivers or signallers were
identified as key roles to focus tlmesearchon. The literature review
indicated signallers were the lessstudied group. ginallers were therefore
selected as a focus for thhesearch after the industry interviews, withn
understanding the findings from signallers could have implications for other

staff roles in rail.

In addition to the studies presented heredamain familiarisation activity

was completed in signalling operations during an internship with Network

Rail, a sponsor of the Horizon CIPAD researchrogramme The internship
occurred after the industry interviews, before the simulation study, helping to
inform the remainingesearch The internship was completed over three

months at East Midlands Control Centre (EMCC) in Derby, a modern signalling

centre with10 workstations. Field observations were conducted of
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workstations, scenarios, teams, and individuals, to gain a realistic view of the
complexity of the work environment (Ro#nd Patterson 2000) and

contextual nature of expertise. Etlaicapprovalwas ganed (seeAppendix A

to observe, make field notes, and interview individual staff. All data was

anonymised.

The naturalistic observation method is similar to mtigraphic derived

methods (such as Nardi 1997), providing the opportunity to be immersed in
the daily lives of the people being studied. In the role of participant observer,
the author acknowledges their presence will affect staff behaviour, though
hoped © minimize such influencg&arringtonDarby and Wilson, 2006As
internship progressed, signallers and shift managers appeared to grow used
to the researcher, known as habituation in field research (Robson 1993). The
observations provided context for tHeerature on rail industry signalling
operations, and the findings from the interview study around how human
performances is assessebhe observations influenced the scope of the
researchby identifying the need for MWL measures that suit live operation
Specificallysh Ay I t t SNEQ ¢2NJf2FR gl &4 20aSNIISR
difficult to predict as these tend to occur around incidents rather than only
timetabled eventsin addition, he workload in live operations is different

than in asimulation, especially around communications (Sharptes., 2011)
such as phone calls. This presented a gap to research unobtrusive measures
to suit use ifive operationsto detect MWLchanges over timand the effort
required Measuresvould need tobe used over extended periods of time
compared to current measures tmptureincidents as well as routine

timetabled task demand.

1.7 Thesisstructure

This thesis presents the progress made throughout this research. This

research was conducted using axed methods approach, and in
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collaboration with industrylt includes two literature reviews and three

studies.

Chapter Zpresentsan overview of the rail industry context, and a scoping

review of theories underpinning human cognitive performance, including
information processing, the nature of expertise, and Mental Workload

(MWL). Drivers and signallers are included to reflect redean staff in the

N}Af AYRdAdZAGNBE® ¢KS FTRRAGAZ2YIFE RSGIAC
subsequently decision to focus on applying wearables in signalling first,

before driving. A range of current MWL measures are presented, including
those taibred to the rail industry. Performance Shaping Factors (PSF) are
mentioned with other broad themes peripheral to measuring human

performance.

Chapter Jresentsthe results from Study 1, an interview study with industry
stakeholders. The study exploredil challenges that relate to human
performance or new technology, individual attributes of performance, and
how performance is assessed in rail and other transport industries. The study
sought to identity who impacts rail operations, and industry priestof who

to focus theresearchon. This study informed the subsequeaesearchfocus

of scope on railway signallers in live operations in later stages akgearch

Chapter 4orovidesa scoping review gihysiological measureand the

critiqgue usedo select the measures suitable for signallers in tiperations
The chapter included$tom the literature, the underlying physiologyand what
isdetected andcan beinferred by the follow types of physiological measure:
heart, skin, facial thermographyreathing; eye movement; electro
encephalography (EEG); and Functional neardRfrd Spectroscopy (fNIRS).
Based on this review, a decision was made to focus on HRV and EDA as

measures of workload in rail signallers.
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Chapter Sresentsthe results from Study 2, a simulation study of twenty
participants wearinghysiological measures to infefWLduring aralil

signalling taskHeart Rate VariabilittHRV) andlectrodermal ActivityEDA)

data were collected and compared to task demand aelfireport workload.

The study was conducted to provide an initial test of methods, equipment,
data processing and data visualisation prior to future live trialling of measures
with industry. Resultshowed what aspects of workload different measures
were sensitive towith storyboardsgraphing dynamic changes over time to
show the complexity of relationships between HRV, EDA, task demand and

subjective workload.

Chapter @resents the results from Study 3 the perspectives of staff to the
use of wearablghysiological measures. The interview study explored
signalling &ff perspectives on the potential use wkearable measures in the
workplacein future. The study method combined sesiructured interviews
and surveys with rating scales. Analysis considéo what extent personal
attitude to change could predict technology acceptance. The studydfoun
wearable devices suit use in the live operational environment, with the wrist
strap rated the most suitable due to low distractiand perceived ease of
use.In terms of data use, themes includedrpeived usefulnessnonymity,

andtrust.

Chapter Presentsanswers to the research questions and novel contributions
of this research. The discussion draws together findings from the industry
interviews, simulation study, and perspectives and attitude studies. The
discussion includes how physiological measurescoatribute to MWL
assessment, staff perspectives and attitudes on their use, theoretical

implications, and implications for industry.

Chapter &ompletes the thesiby presentingthe contributions and

conclusions of theesearch and recommendations fduture workon the
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measurement of human performance and the development of physiological

measures

1.8 COVIBEL9impactstatement

The lockdowns put in place in response to COMIDad a direct impact on
thisresearchAlive trial using wearable physiological measures plasned
in full butcancelled on 13th March 2020, the week before it was due to run at
East Midland€ontrol Centre (EMCC), Derby. Twelve signallers, working at
EMCC, were due to wear a wrist strap and chest strap forhours, and
respond to a selbssessment workload measure, whilst completing half their
shift at a live operational workstation. Tiseudy aimed to evaluate whether
wearable physiological data could:

1 Indicate the mental effort of signalling staff to complete their task

1 Match the results of existing workload measures (Instantaneous

Workload Scale)
1 Detect task related events that conlute to task load.

Planning for this trial began with Network Rail in March 2019, thid RMT
Union informed of the study in April 2019, and University ethics approval
gained in February 2020. On Friday 13th March 2020 all operational site
accesavasclosed to visitors to minimise the risk to operational staff of

COVIBEL9. Restrictions to visitor access remain in place to date.

An alternative research approach was needed to replace the planned live trial
of wearables. Thisesearchwas subsequently agpted, to ensure the

research could go ahead irrespective of changes in CO¥Bstrictions.

Regular contact was maintained with Network Rail. By May 2020 a remote
interview study with operational staff was agreed with supervisors, RSSB and
Network RailThis change ensured the study would be more likely to be able

to proceed if visitor access remained restricted. University Ethics was
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approved in September 2020. Interviews began in November 20628views
were subsequenthyhalted for 5 weekgollowing staff cases of COAI® and
staff selfisolating. Interviewsvere successfully completed in January 2021.

The findings from thistaff perspectivestudy forms part of this thesis.

1.9 Terminology

There are terms used throughout thigsearchthat benefit fromintroduction
at this stage: Cognitive vs mental workload; Human Performance vs

competency; and Psychophysiology vs physiological.

The term mental relates to the mind and is used interchangeably with
cognitive to refer to the processes of thinking (CambeDictionary, 2021)
and to distinguish from the physical. MWIlaisonstructhat encapsulates
task demand, how individuals experience workload and performance
(Sharples, 2019¥0gnitive ergonomicecludesMWL, information
processing, reaction, decision making, and st{®ggson and Sharples, 2015)

In thisresearchthe term mentalwill be usedhroughout

Human performance in thieesearctrefers to the capacity of any human to
achieve a taskPerformancecan describe the act of achieving a task and a
measurable outcomeThis deserves clarification as, in rail, performance
refers to operational performance and human performance is thought of as
YO 2 Y LIS (Edvir@eal 2019)n this thesidiuman perbrmance is used

as a broad term thatefers to achieving a task. This performance is influenced
by bothcompetencyand MWL, with successful performance outcomes reliant
on sufficient competency, anal level ofMWL that is between the states of
underload anl overload.Further description of MWL is provided in Chapter 2

Theories

10
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Physiological measures detect a physical aspect of bodily fundtienterm

physiological measure encapsulates both the device and data collected, and
wearable measure refers to ¢hdevice that fit on the bodywWhen

physiological measures ar@lied to cognitive activitghey can be referred

to aspsychophysiological measures. In thésearchi KS § SNY WLIKe& aA 2 €
will refer tothe datathat the measures detecand psychophysiologasa

field of research

Alertnesslevels are relevant to this research, witliceus on cognitive

Wl £ S NWanyo® derdnSade used in academic literature and in industhat
refer to a similar construc¥igilance refers to the abijitto maintain focus of
attention over a period of tim¢Davies and Parasuraman, 1988)
psychophysiological literaturdaé term arousal is used (Hugdah®95)to
descrite a level of cortical, behaviouralr autonomic activity. The common
usage of arousal can imply sexual arouahic alertness can be viewed as
synonymous with vigilance and sustained attent{@ken et al., 2006)n the
rail industry oncentration ishe term recogniseds equivalent tovigilance
(Pickup et al., 2010)n thisthesisi K S G S NJY wiWbeusedNIi y S & a Q
throughout.

Here the term rail and railway are used interchangeably to refer to the rail
industry. The @il industryencompasseall operations of railway technology
whichtransport goods and passengers from one place to another along

railway tracks

11
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Chapter 2: Industry context andhteoriesof human
performance
2.1 Chapter overview

This chaptepresentsan overview of the rail industry context, and a scoping
review of theories underpinning human cognitive performance, including
information processing, the nature of expertise, and Mental Workload

(MWL). Drivers and signallers are includedeflect reseach on staffin the
railindustry¢ KS F RRAGA2ylf RSGFAfT LINRPODARSR
subsequenthdecision tofocus on applyingvearables in signallinfiyst,

before driving A range of current MWL measures are presented, including
those tailored to the rail industry. Performance Shaping Factors (PSF) are
mentioned with other broad themes peripheral to measuring human

performance.

2.2 Introduction

Thisresearchconsiders howltanges in procedures and technologies impact
human performance, and how to assess the impact on the cognitive aspects
of their workload. This aims to inform choices made around changes
implemented in future. This chapter presents the context of the railigtry,
relevant theories of cognition and mental workloatkasureddentified in a
scoping reviewln doing so, this chapter contributes to the first two research
guestionsby identifying existing MWtheories andmeasuresanddescribing

rail operations

This research considers human performance from the perspective of human
cognitive performance (see shaded aredigure2-1), in the context of

external changes to tasks being perform&dithin this, theresearch

considers boththe Safety A S¢g 2 F WgKI G 32Sa gNRy3IQ

12
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What goesrightQThisis to cover the full range of performance in live

operations.
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Figur;;i Qualitative Methodology in Ergonomics, Hignett (2001 0.210).
Shaded area shows focus of scoping review

Safety | andafety Il are contrasting approaches to safefyrelevarceto this
research Safety | is an established approach to safety that seeks to reduce
danger, risk, and injurgfvaughan, 1997)t does this through investigating
incidents and accidents, seekitmidentify causes, implementing
preventative measures, and monitoring lagging after the event e.g. reduced
injury or incident rategLingard et al., 2013)n Safety I, humans can be
viewed as a liabilityHollnagel et al., 2013nd cause of safety failes. Safety
II, in comparison, proposes a different perspective on Safety, concerned with
SyadzZNAy3a Wika YIye G((HlinAgela2017) seeki@talder 6t S 3
a proactive, adaptive approach to safety, by monitoring success. In Safety II,
humansare seen as a resource for system flexibility and resili¢Hodinagel
et al., 2013)Safety Il is ifts infancy, along with othenew approaches to
safetytermed New Viewncluding Resilience Engineering, Human and
Organisational Performance (HQEprklin, 2012) and Safety Differently
(Dekker, 2014)New View and Safety | converge on the concept that safety
involves the management of rigBergstrom et al., 2015)n other features,
the two diverge. Critics of Safety Il note there are no publishedr pe

reviewed, empirical evidence that Safety Il improves s&i€toper, 2020)

13
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and it lacks measure§oopersuggestsin their position paper, thalew

View should not replace a Safety | approachNaw/ View offers a perspective
onlyrather than a methodologyCooper, 2020)Cooper postulates that

cultural differences could explain the differences between Safety | and I,
being at different ends of a cultural continuum between cultural tightness

and bosenessdrawingon Gelfand2 @ssessment of different cultural

responses to COVIGelfand et al., 202150me situations require a tight,

strong Safety | cultural approach to manage safety, some a cultural looseness
of Safety Il as appropriateOVID (Gflnd et al., 2021)The choice between
Safety | and Safety Il may not need to be an eithebot more for what

proportion of each is beneficial

In the rail industry, maintaining a high standard of safety remains an
important goal. The railways contiauo benefit from a Safety | approach to
improve safety following accidents. This includes the work by accident
investigation organisations across the world such as Rail Accident
Investigation Branch (RAIB) in the UK, National Transport Safety Board (NTSB)
America, Australian Transport Safety Bureau (ATSB), European Railway
Agency, and Japan Transport Safety Board. More recently in rail there has
beeninterest in applying Safety Il type princigach asonsideingd 2 K I (i
R2Sa adz00Saa f @ fatigheNQRRRE WNbeze hanaRk S NB&
performance research in rail has previously focused on what goes wrong, a
more positive approach may be the monitoring of what goes right every day
and system strengths (McDonald, 202hd identifying protective fact@rin

near misses (Thoroman et al., 2019ne reason for doing this is, as
incremental safety improvements worthhe occasions to measuraajor

safety failures reducdn Britain 4,917 days occurred without a fatality
involving a passenger train between the incident at Grayrigg in 2007 and the
Stonehaverderailment in2020.Recentresearch in raitloes appear to have

shifted away from failure analysis towards human activities thaintain

2 The accident at Grayrigg, 23 February 2007, caused 1 death of 109 on board. Number is intervening
days.
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safety(Ryan et al., 2091As part of that endeavour, thiesearchaimsto
research howthe MWLof staff can be monitored whilst achievihggh levels

of safetyand consider how such data could provide feedbéckughlive
status to managersThisresearchconsiders how to assess workload changes
over time, to detect variation over time, including when performance
outcomes are acceptablén broad termstherefare, thisresearchhasa

Safety Il perspective.

Thisresearchconsiders theange2 ¥ A Y RA @A RdzZl £ 8 Q LISNF 2 N |
and ineffective workloa@Xie and Salvendy, 200 cludingthe Safety Il
premise ofwhat can be learnt about everyday success and WAsone
(Hollnagel, 2014nather than focusing solely on human errgesmore Safety |
approach) The justification for this has two partstonitoring the range of
human effort that underlies daily succéskoperational performanceould
improve industryunderstandng ofthe impact of change; andetecting
patterns in datdeading up to incidents tprovideleading indicators of
deterioration in human performance sufficient to warrant operational
intervention (e.g. a break, or allocation of additional staff resourg¢psefit

a Safety Il approach seeks to understand and measure whatrigbe$o

result in intended and acceptable outcom@solinagel, 2014)

The remaining sections of thishapter provide an overviewf the outcome of

a scoping reviewf the theoreson cognition and measurement relevant to
front line rail staff performance. It starts by introducing the rail industry
context and safety critical tasks. It then presents thesrof information
processing, expertise, and MWL, highlighting those applicable to complex
continuous tasks in a dynamic field setting. It goes on to the MWL measures

used in rail.
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2.3 Rail industry context
2.3.1 Rail as a sociotechnical system

The rail industrys a large complex soetechnical systenfWilson, 2014)

whose operations rely on skilled human interaction with physcajineering

2dz0K & GNIAY&S &G (A2 yecthicalsysema A Iy | ¢

model of risk managemerfRasmussen, 1997@presents the hierarchy of

control in such a systenfrigure2-2).
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Public Judg tresso
-1 4 Salety reviews,
Opinion . Accident
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Law; Economics; v I Changing political
Sociology awvs  Regulators, climate and
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Organizational Regulations @Ml .
Sociology + Changing market
’ conditions
Judg- g Operations and financial
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Chemical, Action change
and Electrical
Engineering Hazardous process

Figure2-2 The socidechnical system involved in risk management (Rasmussen 1997)

Rasmussen notes two challenges facethapresent dynamic society: the
very fast pace of change of technology at the operational level at odds with
ever slower responses to changeevery level up the hierarchy; and the
everincreasing integration of systems making modelling in isolation

increasingly difficult. The areas of the hierarchyigure2-2 of focus in this
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research are the human factors discipline and staff process level, with
implications for management and work processes in relatiochi@anging
technology anccompetency. The research considers how staff MWL data
coud provide feedback across levels of the system as a form of technology
aided mutual monitoring. Within a team at work, mutual monitoring means
colleagues intervene and assist with workload in a timely manner e.g. by
answering a phone work live operatiorihis informal team support is not
visible to those outside the control room. Measures that could visualise
changing MWL could increase the visibility to managers outside of the control
NE2Y® ¢KAAa O2dzZ R Ay GdzNYy 3> Atgific’2 NY Y y I
support a systems approach to accident prevention through vertical

integration (Thoroman et al., 2019).

Various automation technologies are being introduced in rail to assist drivers
and signallers. The intention is to increase capacity, whilsttaaing safety.

The challenge is how to provide data for rail managers on the impact of these
changes, to inform their future judgements, to ensure the intended benefits
of new technologies are realised. One challenge specific to cognitive
performance isletermining whether changes increase the risk of staff
overload or underload (deWaard 1996). Underload, or excessively low mental
demands are detrimental to performan¢¥oung and Stanton, 2002\

research gap exists in the collection of réale data am human performance.

If collected, such data collected at the staff and work leveBigiire2-2

would be used to seek patterns, and ultimately predict, impact of changing
technologies and inform management decisions at the management and

company levels dFigure2-2.
2.3.2 Drivers and signaller tasks and attributes

Safety Critical Tasks are those tasks that involve responsibility for the safety of
passengers, staff, or the public (ORR 2017). Staff performing their tasks

successfully are a barrier funati (Golightly et al., 20138 NJ Wt I ad f Ay S 2
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RSTSyO0SQ o6w!L. HwHnunO G2 alr¥fSiéeod 5NROISN
tasks, and both experience the impact of new technologies in the train cab

and signalling control centres. Thesearchconsidered bth drivers and

signallers in the first Industry Interviews study, before the focus narrowed to
signallers in the Simulation ar®taff Attitudes andPerspectivestudies. This
scopingreview includes our current theoretical understanding of the

cognitivetasks, and workload, of drivers and signallers as experts.

Certain individual attributes help drivers and signallers to achieve their tasks
and handle the complexity and responsibility of their roles. These individual
attributes such as attention and commication are addressed initially during
recruitment. Driver recruitment includes tests of attention,
concentratiorivigilance,memory, and communication (Train Driver 2021).
Signaller recruitment includes tests of situational judgement, and numerical,
verbal reasoning, and inductive reasoning (Practice4Me 2021). Once
recruited, drivers and signallers become experts through extensive training

followed by supervised live experience, before being passed as competent.

It should be noted that across world the role of signaller varies, with
alternative terms of dispatcher and controller. In Australia the controller is
more strategic, and the signaller is more a tactical role. Train controllers are
responsible for managinipe strategic overview of the whole rail network
including recovery from disruption (Dorrian et al., 2011). Signallers cover a
Y2NB GFOGAOFE NRBfS Gdz2NYyAYy3I O2yiUGNREf SN
points to set routes (Dorrian et al., 2011). In Hi8A, railroad dispatchers are
responsible for the safe, efficient movement of trains and the protection of
the workforce working on the track (Gertler and Vaile 2007). In this regard
they are responsible for traffic management. In the USA signallers aptrat
points, like signallers in the USA. In Britain, dispatchers are station platform
staff who communicate the train is ready to depart. The signaller plans, sets
routes, and authorises trains to move through the rail infrastructure while

ensuring separ#on between all trains. They make decisions on the order of
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trains through junctions for effective traffic management, particularly during
disruption. (Balfeet al.,2015). In Britain, minor late running is all handled by
the signaller. The controllers Britain hande major diversions (Farringten
Darby et al., 2006), coordinating between train operating companies and
signallers. The implications of the findings of tl@searchare applicable to
dispatchers and controllers around the world who monitdarp and must
recover from operational disruption. In this thesis the term signaller is used

throughout.

Rail is a dynamic work setting, where keeping trains running safely and on
time are balanced continuously. This forms a paradox as keepingatiche
driving safely can conflict (Naweadd Aitken2014). External task load

factors, affecting drivers and signallers, include regular imposed time
constraints (e.g., station dwell times, or permitting access to track by
maintenance staff between traimsinning). Both drivers and signallers have
the authority to stop a train to maintain safety, however, normal running
relies on trains moving at line speed to keep to the timetable. Any disruption,
or perturbation, affects operational performance and cam admplexity and
uncertainty to the roles of both staff. Subsequent commercial pressures come
from the costs incurred through Delay Attribution (DABetwork Rail2023).
Delay Attribution is used in rail to determine the cause of any delays and
whether the train operator or infrastructure provider are liable for the cost

incurred of any delays.

Whilst drivers and signallers perform safety critical tasks with time
constraints, there are differences in their roles that affect the proportion and
types of cgnition tasks required. Drivers are responsible for the safe
operation of the train, including maintaining appropriate speed, stopping at
stations, warning other rail users (using the horn) and communicating with
signallers and passengers if required (eduiring delays) (Ryan et @2021).
Drivers are responsible for the safety of all onboard, themselves included. In

terms of cognitive skills, drivers require good memory (including system
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knowledge), monitoring skills, sustained attention, and decisiaking
(Bukshetal.,201®d F 6 SSR HamMnO® ¢ KSANIriveNSodzi S | Y 2
anticipate, which is key to their role (Bukshal.,2013, Balfeet al.,2017).
Signallers are responsible for monitoring and authorising train movements,
anticipating delays and poor traffic flow, implementing speed restrictions, and
communicating with track workers, control, station staff and drivers, and may
also operate legl crossing$Golightly and Young, 2022; Ryan et al., 2021,
Sharples et al., 2011¥ignallers are present in time, but in comparison to
drivers, they are remote from the track, controlling signals and points from a
box, or signalling centreSignaller egerientialknowledge is important, built
through experience and comprising local geographical knowledge and likely
patterns of trains (service patterns) to provide safe and efficient performance
(Golightly and Young 2022, RAIB 202@mpared to drivers #ir role more

often requires coordinating with other staff to avoid or address delays.
Signallerslsorequire good skills in communication, planning and prioritising,
problem solving and decisianaking, collaborating and being vigilant and
resilient unde pressure (PENNA 2018heseNon-Technical SkilllNTShare
applicable to railways around the wor{&lin et al., 2017; Jarosz et al., 2021;

Madigan et al., 2015; Nayak et al., 2018)
2.3.3 The impact of new technology on driver and signaller tasks

Over its hstory, the railway in Britain has benefited from new technologies.
The railway itself was a new technology and disruptive innovation in 1825.
Initially constructed for freight, the public began travelling in 1830. The

railway then grew, with constructionfmew railways peaking in 1847 (Bradley
2016). The bells allowing signallers to communicate are still in use in over 500
lever frame signal boxes today. Each innovation adds to the mixed ages of
legacy technology that must work in parallel. On the trabys1900, bogies

(part of the suspension) provided a smoother ride (Bluebell RajI2@R1).

Steam locomotives, then diesel and electric, allowed trains to run faster, and

greener. Today Britain has 15,904km of route, of which 38% is electrified
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(ORR 2020Added safety technologies, such as Train Protection and Warning
System(TPWS)have reduced the risk of collisions and led to British railways

being amongst the safest in Europe (ORR 2013). Drivers, until the last decade,

had to get out of thdrain cab to speak to signallers via a signal post

telephone. Communications in the cab have since become possible using

Global Systerfor Mobile Communicationfailway (GSAR), installed

between 2009 2016 (Wikipedia 2021 he #year implementation indicates

K2g f2y3 WySgQ GSOKyz2f23ASa Glr1S G2 Ay
NIFAfgles OGKFG Ydzad O2yaGAydzS G2 2LISNI OGS

is a relatively new technology.

In Britain trainscurrently operate at varying levels of automation. Mainline
trains are controlled manually by a driver, with safety systems such as TPWS
that applies the brakes the train passes a signal at danger without authoyity
or approaches buffers or a signal at danger too.fAsthe high end of
automation is Docklands Light Railway (DLR) in London. The DLR is an
automated light metro system that is driverless (see passenger featt s

view inFigure2-3). Train movements are

monitored from a control room. A staff

member is onboard to assist passengers.
Thameslink, use Automatic Train

hLISNI GA2Y o6! ¢h0 Ay GKS
London, with driversaking back manual

control outside of this area. Driver

cognition is crucial during transitions

between different forms of driving, or

mixed mode driving (Buks#t al.,2013).

Signalling operations in Britain are
undergoing a longerm plan to
Figure2-3 Driverless DLR passenger fror . . .

view (Authors image, 21.11.2017)  consolidae 800 signal boxes into 12

centralised Rail Operating Centres (ROCs)
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(Network Rail 2019). These centres benefit from upgrades in signalling
technology to enable one signaller to contrdbager area of routeThis

increase in area is evident igure2-4. The figure shows the small route area
controlled from one lever frame signal box at Eggintmympared with
workstations. Determining the area controlled by a workistia is one way to
balance the task demand of signallers. At Derby East Midlands Control Centre
(EMCC), the areas covered by the Nottingham workstation is smaller than
others as it routes a high number of trains and contains a busy station with
multiple platforms. Netherfield covers a larger area as it routes fewer trains,
with no major station. The challenge is their area is difficult to alter once in

place.

KEY

=== \/DU workstation
1 Nottingham (A)
2 Derby (A)

3 Trent (A)

4 Leicester

5 Chesterfield

6 Kettering

7 Burton (A)

8 Netherfield (A)
9 Erewash

10 Mansfield

\ === Lever frame

11 Egginton

A Automatic routing

Figure2-4 Area controlled by VDU workstation at Derby, versus a Lever Frame signal box

Presented in rank order of number of timetabled trains including freight.

Theadvantage of thenove to a modern centres the opportunity to add
assistive technology such aatdmatic Route Setting (AR®)signalling
control. Half the workstations at Derby have a form of ARS Fégere2-4
key). ARS makes and implements decisions autonsipdBalfest al.,2015)
unless the human overrides. Compared to other industry automgiMagia

et al., 2016)this is a highevel of automation. The ARS makes decisions

3 Eggintonopened in 1800s and remains in operation today (Derby Siggpalli21).
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based on timetabled informatioA simulator study found ARS reduced
mental workload and improved performance (Badfeal.,2015), particularly
during normalkunning.Normal running in this case refers to trains running to
timetable, without delays.In Britain,per year, approximatel§0% of
passengetrainsare morethan 10 minutes late at theirdestination(ORR

2022) Dealing with delays therefore aregularoccurrence in Britain

although this varies across operators and regions (ORR ZB22)uency of
delays vary around the world based fattorsfrom the conditionof trains

and trackin SwedenPalmqvist et al., 20170 overcrowdingin Japan
(Fujiyama 2018)f trains are running late, signallersBritainneed to check
which train ARS plans to route first to determine whether to alter that plan.
This can increase their workload if theystcheck each train on repeated
occasionsTheBalfestudy noted the workload reduction is not as large during
disruptedrunning, and more complex &fcts of disruptiormay not have
appeared in the simulation stuqalfeet al.,2015).In live operations, oce
ARS sets mute the signallecan see it, proceduregsecommend they do not
change thechoice if there is aapproaching trainin addition, the British
control systemthe signaller can only sebutesfor a trainwhenthat train

will be the first to reach a junctiohis means any intervention must be
carefully timed It cannot becorrected in futureas is posiblein for Train
Control Officers in the Netherlands, or Service Direction Leaders in Germany
More recently the Rail Union have raised concerns that ARS can increase
signaller workload and have requested clarification on the allocation of
function between the signaller and the automation withgelating (deciding
which train goes first) (RMA020).Thesestaff concernssuggesthe reality of
automation inthe full range ofive operationakcenariosis more complex

than a blanketeduction in MWLndicated by the simulation studyThis adds
to the case for measures that can capture MWL during live operations

including during disruption.
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The move to signallingentresis intended to benefithe signallers in other
ways.Firstly,a positive improvement is the manual handling of heavy levers
in a lever frame (left picture iRigure2-5) has been replaced witbuttons

and tracker ball controls (right picture Figure2-5). This move has, however,
introduced different challengest thanges the balandeetweenphysical and
cognitive elements ofvork, with increasingly cognitive rather than physical
task components (Sharplesd Megaw 2015)The disadvantages of this
changeareit includes anincreasel risk of underload, and associatédficulty
of remaining vigilantvhilst completing a monitoring taska train driving he
riskof reduced vigilancéhat comes from fatigue or underloachave been
address byhe adoption of incab vigilance devices (that apply theakesif

the driver fails to respond in timeTheimplications of this ar¢hat it remains
important in rail tomeasue MWL (both underload and overloadjut the
industryincreasinglyequires a measurthat is less reliant oobservable

visual information.

A disadvantage of larger centralised contsothe loss ofocal knowledge.
Control becomes remote from location. Lever frame boxes have a view of the
track they control (e.g., refer to Eggintonkigure2-5) suplemented by the

sounds, smells and vibrations on location, of weather conditions and the state

Figure2-5 Comparing current signalling technologies

Egginton Lever frame signal box (left) [Author 03.08.2018] Derby VDU workstation (right) [Au
12.12.2018]

24



Industrycontext and theorie®f human performance

of trains and the trackSignalling in centres is remote from the location it
controls, relying on visual information on screens and audible alarms. In
addition, the areas become too great for signallers to have a high level of
local knowledge. They may not know or live near the area. Automation can
route trains when they are running normally, to timetable. When signallers
deal with situations or incident at stans, level crossings or any degraded

working their local knowledge can assist them.

The next step change in British rail operations is the European Rail Traffic
Management System (ERTMS) which is being introduced over the next 30
years (ORR 2021, ERTMS 2021). Signalling will be displayed in the train cab,
replacing line side signals, aalfow an increase in capacity by spacing trains
relative to each other rather than to line side signals. Signallers would have
more trains in their area of control, with the automation designed to route
timetabled trains. Signallers would need to intervemieen times or patterns

of events do not match the timetable.

In summary, new technologies impact both drivers and signallers. New
technologies take time to fully implement, meaning a telephone in the train
cab is a relatively new technology and requiring staff to work with mixed ages
of technology. Control is movimgmote with an increase in automation. The
automation can reduce staff workload during normal running but requires

staff to intervene when there are delays or incidents.
Having presented the rail context of thissearch with examples of the

impact ofnew technology, the following section will present the theory

underpinning our current understanding of human cognition and expertise.
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2.4 Understanding the cognitive performance of experts

Theoriesof cognition and expertise, combined with neurology helplakp
human performance and why certain cognitive tasks, or combinations of
tasks, are easy or hard fbumans to complete. This section of theoping
review highlights current theoriesnd conceptsmodels ofMWL, and how
currentmeasures are use(Colquloun et al., 2014)Thetheoriesand concept
to understand the cognitive performance of expeirtsludeinformation
processingalertness, fatigueexpertise decisiormaking and the skills rules

knowledge framework.
24.1 Information processing

¢CKS GSNANOSKD2NIFRSINE (G2 aGKS FFOGAz2Yy 2NJ LJ
English Dictionarg2021). This happens in a sequence of stages summarised in
Figure2-6, adapted from Wickens (1999) and simplified from Shargtebs
Megaw(2015) This model has been developed and adapted over time to
reflect the changing theoretical understanding of informatocessing,

with the termattentional resourceseplacinglimited processing capacity

Initially sensory information is perceived by our sensesl processed in the
cortex, initially separately for each sense. Perception then draws on this
processed irdrmation, combined with memory, for a response to be selected
and executed. Attentional resoursacknowledges that humans have limits

on their perception, memory and response execution (SharatedMegaw

2015) that constrain how they can complete a taBke sensory information
processing combined with lorAigrm memory could be automatic

(involuntary), with no conscious awareness, or voluntary with varying degrees
of conscious awareness. It is important to note, when considering MWL
measures, the large mber of processes are not conscious so cannot be
subjectively assessed by asking people to report their workload (Maijdn

Mulder 1992).

4 Railway staff must meet requirements for hearing and sight e.g. no colour blindness.
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Figure2-6 A general model of human information processing (Wickens,&t9%9)

2 A01S8SyaQ adzZf GALX S wSaz2dz2NODSa ¢KS2NE
impact of resource overlap and allocation policy, to understand the extent to
which tasks can be completed in pdeal A study that applied Multiple
Resources Theory to the work of signallers in rail found that aspects of the
aAAYyLFEEfSNREQ (GF&al NBIdZANBR GKS &l YS
despite newer signalling technologigrehl and Balfe, 2014The

observational data from the study identified twelve typical signaller tasks. The
most frequent were monitoring, setting routes, communication (with
colleagues and supervisors), and referring to informatrothe timetable or

Train Running SysterfTRUS)T Signallers usboth timetable (the plamed
scheduleland TRUST informatiqaurrent trainpunctuality datg to plan

which order to route trainsThis enables signallers to balance maintaining the
timetable and, when possible, recover from previous delay® observer

noted that during more than half the time of observing tasks were completed
in combination such as whilst maintaining monitoring or setting routes. Using
the newer VDU based systda set of computer screens as shown in the right
image inFigure2-5), compared to an older NX Parfeh abbreviation of
eNtranceeXit control panel, with physical push/pull buttons foute

setting), was found to increase refencing to timetable or TRUST

5 Train Running SysterfTRUST) is a systentontaingrain operational data as compared to schediule
monitors train movements fpunctuality andas beemsed sincehe 1980s
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Information, and increased attending to audio signals. In comparing these
findings using the Multiple Resources Theory found that signaller tasks, such
as monitoring and routing, make use of similar cognitive resources. Whils
VDU workstations can cover larger areas with the use of automation, the
interaction with the control system is largely the same. The study concluded
that overload remained a danger, particularly during sfrmarmal working

conditions.
2.4.2 Vigilance and aleréss

Vigilance is the ability to maintain focus of attention over prolonged periods
of time (Davies and Parasuraman, 198Zjgilance as a construct is pertinent
to drivers, signallers, and to thissearchwhen considering the unobservable
aspects of MWLThe subject of vigilance has also become more pertinent as
automation has increase@Parasuraman and Riley, 199hanging human
roles to more of a monitoring task. Vigilance is considered here, along with
the associated constructs of attention, alertneasousal, and concentratm

and how they relate to MWL.

¢KS RSNAGIGAZ2Y 2F @QAIAtLIYyOS Aa GKS
term used by cognitive neuroscience and psychology resear(®&en et al.,
2006) In psychology research, the tengilance relates to signal detection
and readiness to respond. Vigilance decrement describes a decline in
attention performancethat emerged fronresearch with radar and sonar
operators during World War (Mackworth, 1948) The research found
vigilancewanes quickly in a monitoring task, with a 15% decline in signal
detection after 30 minutes. It has since been found this vigilance decrement
affects experienced and naive watchkeepers aarm et al., 2008)and

has been demonstrated in operational@faboratory settinggBaker, 1962;
Pigeau et al., 1995)n rail, train drivers must be vigila(®illis, 2016)with a

test for vigilance forming part of selection for drivers (Train Driver, 2021). The

importance of vigilance in railway operations isdarcedby the presence of
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a vigilance device in train cabs, alarm if the driver has not responded to any
controls for a period of timéWhitlock et al., 2018)

Attention,AyY O2 YLI NRA &2y > RSNAGSa FTNRBY (GKS [
is more focused on cortex activation that supports information processing
(Mesulam, 199Q)Where vigilance and attention overlapein the term
sustained attentionyhich describes thability to attend over timgDavies

and Parasuraman, 1982Yigilance can be viewed, therefore, as synonymous
with sustained attentior(Parasuraman et al., 1998 rail, errors in attention

of train drivers were identified as a contributing factor to taém incidents, in
particularSignal Passed At Dangers (SPADs) and Train Protatigviarning
System (TPW@&Ltivation,(Madigan et al., 2016Wwhere a train has passed a
stop signal and the train breaks automatically applied to protect trains ahead.
Theterm alertness refers to the state or quality of being alert, whilst also
acknowledging the part played by cognitive processing. There are two types
of alertness: phasic, which focuses on the orienting response to stimuli
(Sokolov, 1963)and tonic alertess, which can be viewed as synonymous

with vigilance and sustained attentig®ken et al., 2006)This way of viewing
vigilance being tonic alertness and sustained attention, implies a degree of
arousal on the sleep wake axis and the level of cognitiveopmance(Oken

et al., 2006) This view suits thieesearch in that it considers both the
physiological underlying state, and the impact this has on cognitive
performance. When vigilance is good, tonic alertness is sufficient for cognitive
performance tobe sustained over time. Oken recommends future studies
analysis the finer temporal aspects of this physiolgmacformance

relationships.

Arousal,mentioned briefly above, overlaps with alertneggousal is
conceptually distinct, referring to a statesaxiated with the level of
activation of the cortex in the sleepake cyclgdOken et al., 2006 Clinical
neurophysiologist may use the term vigilance level here to refer to arousal

level on the sleepvake spectrum, without reference to cognitig@ken etal.,
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2006) In psychophysiological literature the term arousal describes a level of
cortical, behavioural, or autonomic activity (Hugdahl 1995). The common
usage of arousal can imply sexual arousal. This is not the focus here, where

instead the focusiso®2 Ay A GA PSS WIFHf SNIySaaQo

Concentrationis a construct that includes attention and focus on one thing,
but not explicitly specifying duration. As a termit is relevant here ag is
recognised by SMEs in rail and is mentioned as aT¢ahnical Skill ingi
(seeTable3-2), and during the development of ODEC as a workload measure
for railway signallers, it was a term found to be relevant across all four
elements consideredelevant to MWLhamely operational ifrastructure,

indicators, processes and service pattéRickup et al., 2010)

Regarding how vigilance relates to MWL and task demtaditionally
GAIAAT I yOS KIa 0SSy @OASH6SR a WoSyAayQs
mentally undemandingWarm et &, 2008) More recently, however the
opposite has been indicated suggesting thvabentaskdemand is low

greater effort is required for monitoring tasks thus increasing reported MWL
(Warm et al., 2008)Warm et al.found undemanding tasks gained surpugy
high MWL rating on NASA Tlespeciallyeffort and frustration(Warm et al.,
1996) The researchers proposed this could reflect an increase in attentional
resource exerted to overcome the tedium of tteesk.In contrast, vinentask
demand is high, higvigilance is linked to increased MWL and st(&sser,
1962)

In summary, vigilance overlaps with several associated constructs are relevant

to thisresearchas, with an increasingly monitoring task, they are associated

with unobservable mental workload, and consider the temporal interactions

between physiology and performance. The focus here is on cognitive

W SNIySaaQsx 2N G2y A OaslsyinGwioys $itha = 6 KA OK
vigilance and sustained attentiq@ken et al., 2006)n thisresearchthe term

WEESNIySaaQ oAttt 0SS dzaSR GKNRdzAK2dzi G2
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2.4.3 Fatigue

Fatigue is a significant performance shaping factor in railway operations
(Kyriakidis et al., 2015Yet, ke MWL, the search for measures of fatigue
continuesandthe management of fatigue faces organisational barrierthe
rail industry Consideratiorof how fatigue isneasuredand managed in rail

couldhelpinform the introduce of new physiological data into rail.

Fatigue can occur due to both sleep related and task related fa@vayg and

Baldwin, 2009p ¢ KS ! Y NJ Af NI 3 defate of pelebivRE T A Y S &
weariness that can result from prolonged working, heavy workload,
AyadzZFFAOASYG NBad FyR AylFRSldz2 6S at SSL
factors shows higher fatigue levels are associated with less observed sleep or

lack of sleegCaldwell et al., 2009; Darwent et al., 2015; Dawson and

McCulloch, 2005; Dorrian et al., 2011; Young and Steel, 2@ith)a clear

relationship between the length of time off, timef-day and the amount of

sleep obtainedRoach et al., 2003)n addition, circadian disruptions

(Caldwell et al., 2009)r sleep pattern interruption (Akerstedt 1991) can

contribute to fatigue. Task related factors associated with fatigue include long

duty periods(Caldwell et al., 200%uch as 912 hour shiftFiltness ad

Naweed, 2017)monotonous tasks with low task demand (Anund et al

2015), or tasks requiring high mental effort and sustained vigiléRbélips et

al., 2010which does not allow for recovefpunn and Williamson, 2012)

The effort and vigilance (ali@gress) element of this are where physiological

data may detect changes.

Fatigue and sleepiness are common in transport operations and a significant
cause of safetgritical events (Anund et aR015). To date there is
proportionally more research in road and aviation industries than in rail
(Anund et al, 2015), such as aviatiqi€aldwell et al., 2009nd automotive

(May and Baldmin 2009). In the rail industry much fatigue research has

focusedon train drivers (Sussman and Coplen 2000), identifying fatigue as
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affecting train drivers (Filthess and Naweed, 2017) especially freight drivers,
and especially at night. Fatigue of train drivers can affect passenger services
too, as demonstrated by thecaident of a train collision with buffers stops at

a terminus station after the driver had a micro sleep at the end of night shift
after 18 hrs awake (RAIB (2017). Other research across the world confirms
fatigue can negatively affect signallers and dispats (Sussmaand Coplen
2000, DorrianBaulkand Dawson 2011, RAIB 2020) and other shift workers
(Dorrian, BaullandDawson 2011).

Current methods to manage fatigue include employer and employee controls.
Employer controls include: limits on working lswcross transport industries
(Jones et @) 2005) and in rail (Young and Steel 201@%ters(Ashtonand

Fowler 2@5); fatigue modelling, including biomathematical, to predict fatigue
risk prior to implementing a rostgDarwent et al., 2015; Filthess@

Naweed, 2017; Young and Steel, 2QBfd fatigue monitoring such as in

USA, Canada and Australia (ONRSR 2021, Transport Canada 2022). Employee
controls include selfegulation and sleep management, and techniques to
counter fatigue such as going fomalk, having a nap (Filthess and Naweed,
2017), and consuming caffeine (Duamd Williamson, 2012, Anund et al

2015). Individuals can, however, be bad at judging their own fatigued state
(Martindale, 2012)

Despite the countermeasures mentioned abokesearch in the UK and
Australian rail industry identified that organisational culture can be a barrier

to fatigue managemeniThese may be relevant to the introduction of
physiological measure¥here appears to be an ingrained culture surrounding
fatigue(Young and Steel 2017), in a highly reactive organisational culture
where fear has developed, so even the mention of fatigue is considered taboo
(Filtness and Naweed, 2017his is potentially due to peer pressure or

knowing it will increase the workloaaf colleagues (Young and Steel 2017), or
motivated by the extra income, despite knowing the rifkitness and

Naweed, 2017)It is thought that management aspects of organisational
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culture are also barriers. Staff fear reporting fatignease iresultsin a
medical assessmel(Filtness and Naweed, 201Tj)stead they may phone in
sick but not declare fatigu@-iltness and Naweed, 2017; Young and Steel,
2017) In addition, management messaging around fatigue can be
inconsistent. Rosters can be dgsed to reduce the risk of fatigue, yet
managergnaythen agree to shift swapping or overtime that leave
inadequate time to recover. Staff raised concerns that managers do not
monitor actual shifts workedFilthess and Naweed, 201 Becondly, with this
researchsuccessful application of MWL measures would require

organisational acceptance.

In future, fatigue management in rail could benefit from joint responsibility
between employer and employee, monitoring fatigue reports, and monitoring
psychophysiologal state (Young and Steel 2017) once measures are

sufficiently mature.
2.4.4 ills rules knowledge fraswork

wl & Y dza a SueRmpwledde ArdnfeworkRasmussen, 198Rasmussen

and Jensen, 19749 very relevant to signallers because it relates to those in

control positions (e.g. processing plants), and performance is linked to varying
levels of familiarity with the situation or task. Rather than claim that an
AYVRAGARdIZL f A& |y WSELISNIQ Ay Fft &Addz
task individugs face.

1 Atthe Skilbased level performance is based on4erasting learnt
analogue patterns of behaviour. Behaviour is unconscious. This
level works well with routine, familiar, neproblematic activities.

1 Atthe Rulebased level performance is based a stored set of
rules, where a situation is recognised as a fitting type, and this in
turn defines the action required. Behaviour is conscious after a

situation is identified as unfamiliar or naoutine.
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1 At the Knowledgéased level performance issbed on conscious
analytical thought, applied to novel situations, where previous
learnt responses are unsuitable.
These levels exist within each person. Experience built over time increases the
range of situations that can be recognised at the #idesedlevel, and
experience to drawn on for experts at the knowledogsed level to analyse a

novel situation and determine a suitable response.

The Generic Error Modelling System (GEMS) presents an integrated picture of
what types of human error occur at ea€kill, Rule and Knowledgmased
levels(Reason, 1990At the SkilBased level slips and lapses occur during
routine familiar activities and tasks. SiBlsed errors precede the problem.
Examples include to inattention such as omission following amruqpé&on or
mistimed checks. RulBased mistakes occur when conditions deviate from

L FYYSR YR AYIFLLINRLNREFGS NYzZ Sa | NB
an encoding deficiency of the problem leading to misdiagnosis, or an action

deficiency of aplying the wrong rule. Both SkBased and RuiBased errors

I NB WKFEffYIFINJa 2F SELISNIA&ESQ owSlazys

which are more abundant than the final type of error. Knowled@gesed
mistakes occur when an individual realises theatitan they face is outside
their repertoire of RuleBased solutions. Examples in include failure to notice
the absence of relevant features or the tendency to focus on the wrong
features. Either lead to Knowleddggased mistakes being made. Both Rule

Basedand KnowledgdBased mistakes occur after a problem occurs.
2.4.5 Expertise

Expertisés relevant to thigesearchboth in terms of seeking a measure of
S E LISWNAL &r@elicits knowledge from experts as input to the two
interview studies. Definitions of expertise are numergbarringtonDarby
and Wilson, 2006and vary across disciplines of reseairatiuding

experimental psychology, computer science and knowledge aitigun
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(Hoffman, 2014)Whilst types of expertise can include physical, cognitive, or
social (distributed cognitiolRasmussen et al., 1991n thisresearchthe
focus is on cognitive expertise. Early reseancéxpertise studid chess
player<ability to perceive patterngde Groot, 1965and encode positions
into larger perceptual chunk€hase and Simon, 1973; Lenat and
Feigenbaum, 19885ince then, spects of expertishave expanded to
extensive literature in psychology atrategiesjudgement, deision making
and associated phenomena of cognitigthoffman, 1998)and the study of
experts in cognitive science resea(@hanteau, 1992)n thisresearchthe
interest in expertise is focused less on the mechanisnimwfexperts make
decisions, and maracknowledging that expertise contributes to managing
MWL, successful completion of tasksd may, therefore, influence
AYRAGARIzZ £t Q. LIK&aA2t 23A0Ft RIGLI

Theresearchtakes thecognitive science view that experts are more skilled
and competent than noves (Anderson, 2000)Attributes from across
disciplines that contribute to expertise include extensive knowledgegrior
cognitive mechanisms such aemory organisatiorfGlaser, 1987)nemory
capacity, perception of meaningful patterndentifying excetions, aru

faster problem solvingChi et al., 1988)Experts demonstrate a rich
repertoire of strategies, are greater at inferring the meaning and implications
behind information(Cellier et al., 19974hcludingdealing effectively with rare
or tough casegHoffman et al., 1995 xperts have highly developed
attentional abilities, can adjust decisions continuously, and have self
confidence in their decision makiri§hanteau, 1992)ith economy of effort
(Hoffmanet al., 1995)Attributes relevant to railway staff include: inferring
from information the implications for railway operationfaster problem
solving so staff continue to meet the timetable where ever possible; self
confidence means they can make key mgi@nal or safety decisions
independently; economy of effort; and a rich repertoire of strategies
including tough casegndthe ability to adjust decisions continuously,

enables staff to dealing with disruption or incidents effectively.
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Experience builover time is an importantontributor to expertisgAnderson,

2000; Bullough and Baughman, 1995; Ericsson and Smith,. 183kis way

expertise isnot static(Bullough and Baughman, 199%)stead expanding and

changing over timeThe development of gertise can be broken down into

five stages: novice, advanced beginner, competent, proficient, and expert
(Dreyfusand Dreyfus, 1986)The concept of progression in expertise is not

new, with craft guilds in the Middlegieshavingad DdzA f Ré¢ GB N Ay 2 2 -
development stages of expertiggcluding novice, apprentice, journeyman,

expert, and mastefHoffman et al., 1995)A distinguishing point when an

apprentice becomes a journeyman is when the individual is deemed

O2YLISGSy G G2 LISNF 2 N workiRg ubderiorder INJ|  dzy a d:
rail this is equivalent to when a signaller or driver is passed out to work

without a trainer preset Then experts are distinguished journeyman with

extensive experience, who can deal effectively tough cases with economy of

effort. A masteris qualified to teach, and their judgements set the regulations

or ideals(Hoffman et al., 1995)Thisresearchincludes input from a range of
SELISNIE& FNRY WwWa22dNySeyYlyQ SELISNASYOSR
them. Theresearchhasimplications that extend tdérom trainees(apprentice)

to masterand the decisions made by managers and policy maketkeon

workload of staff.

Expertise is pertinent to thiesearchin terms of methodological approach, as
the research includes eliciting knowledge from domain experts. The
robustness of such research relies on bmténtifying expertdor participants
and selectingppropriate methodgor knowledge elicitation. Identying

experts includes consideration of their level of expertise such as years of
experience, type of expertise including qualification, professional
memberships, and whether they are practitioners with experience of daily
problem solving or academic expsmvith more theoretical understanding
(Shadbolt and Smart, 2015)he appropriate selection of which level and type

of expert will depend on the knowledge beiagught In thisresearchthe
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focus is on practitioners, with some input from academics, bubarily

qualified railway staff.

Variousmethodscan be used with experfer knowledge elicitation. The
appropriateness of these methodepends orthe type of experthe type,

and the typeof knowledge such as Domdjdeclarative) Inference

(concepts) Taskgoals and proceduregnd Strategi¢broader system and
controls)(Shadbolt and Smart, 2013l four types can contaiboth explicit

knowledge gained from what is taught and implicit, or tacit, knowlefige
experienceExamples of ntods that work with experts include

observations, ranking exercises, interviews, and event re@hlervations

suit identification of aspects of the task and procedures, and more implicit

tacit knowledge learnt from experien¢#lilton N, 2003) Ranking psorting

exercises are used in some domains to explore hypotheses, whilst interviews

work well togain an overview of the domainpncepts, and reasoning

(Hoffman et al., 1995)Semistructured interviews add some structure to this

method to make efficied dza S 2F G KS SELISNIAaQ GAYSO®
experts in interviews is their differential access due to internalisation and

reduced verbal access to their knowledge. As expertise increases, some

aspects of expertise are not available to consciousKi€sa and Courtney,

1988; Salter, 1988 ¢ KA & YSIFya +y AYRAGARZ faQ 1
ability to verbalise their knowledge decreases as conscious access to that
knowledge decreases. Interviews may, therefore, yield more information
from participants with intermediate levels of expenee (Shadbolt and Smart,
2015) In an interview, or in addition to interviews, use of test cases can be an
effective technique for knowledge elicitatiq@rover, 1983)Event recall can

also be an effective way to elicit knowledge as experts often hawee cle
memories for tough or salient cas@solodner, 1991; Slade, 1998l these

methods are relevant to theesearch
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2.4.6 Decision Making

Y £ S Ay Qamakng Mddalsiad/frameworks in the literature explain
human cognitive capabilities, such as decisioningkn complex conditions.

Y SAYQa -RrnedDRgShniimodel(ein1993) indicates experts use
their experience to form a repertoire of patterns enabling them to choose a
suitable course of action rapidly. This would fit with psychology studies of
visual recognition versus recall showing humans recognise images they have

seen before.

In professional knowledge, Schén (1982) distinguishes between kndnving

action, reflectionin-action,and reflectionron-action. Knowingn-action

Ay Of dzRS &2 o LEYKH FS2dzN 2F a1 A€ FdzA  LINF O
GKIFIYy ¢S OFy aleéQ oLlppmM0Od® 2 KSY LISNF2N)YI
GSYyR y24 (2 GKAY]l lo2dzi Ald ¢KAA FAdaA
experts complete their actionsuccessfully withoutonscious awareness.

Reflectionin-t OG A2y WAa 020K | O2y &538)z2Sy 0SS | v
2 OOdzNNA y 3 ¢ ALINKAGYS VUK gWIAJUaAi2 Y OG A2y Ol y
Experts seek cues to a standard solution, moving from a stance of tentative
exploration to one of commitment (p.102). This fits with the rules and

knowledge levels, and expert being conscious of the decision. Schdn notes the
importance oftiming. What is meant by this is, reflectian-action is swifter

so can be applied in a timemanner during a taskt can be dangerous if it

tips into reflectioron-actionas this could unintentionallgielay a decisionas

reflectionon-action tends to be a longer process

These conceptkere are of particular interest in this PhExpertsmaybe
swifter, yet stillsuitable as they draw on aepertoire of patterns Secondly, a
limitation of existing subjective measures is thayy detect the conscious
aspects of workloacandnot all cognitive performance is conscio&ally, m
interviews similarly,individuals may be able to pall moments of surprise

but less able to recall what thedid for actionsthat were successful. This
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matches what methods are suitable for usegxperts.The SRK levels of
performance explain how consciousness of actiorgnatith different levels

of expertise

2.5 Models of Mental Workload

Mental workload (MWL) is a muitiimensional concept (Xie and Salvendy
2000, Wickens 2008, Sharpkesd Megaw 2015) with no single agreed
definition. Debate continues as to what exactly it is (Pickup, Wilson, Sharples,
Norris, Clarke and Young 2005) and whether it measures what people do or
how they feel about it (Pickup et.aR00%). It is important to ecognise the
variation that exists in the definition of MWL. This presents a challenge when
describing precisely what does or does not indicate Mirevious and this
current,research In thisresearch MWLis the umbrella term referred to
throughout the thesis that acknowledg@dW.L is best understood through its

constituent factorsA model of MWL is presented kigure2-7.

Context

AV

Goals &
Strategies Demand

Physical and
Cognitive 1
Effects

Oré?f’oarttor —»| Performance |—®| Work Result
& Wellbeing

Input Load  [—»

iRt

Imposed Internal Perceived
Load Load Load
Task Individual
Characteristics Characteristics

Figure2-7 Mental workload Framework (Pickup and Wilson 2007)
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Commonalities across this and other models and theories include a distinction
between externatask demandmposed upon a persoindividualworkload
factors including effort and how they perceive the workload, and the
performanceoutcome or workresult. Thisresearchexplores what specific

factors of MWL could be inferred from physiological dateawing on

previous research findings and thevel contributions presenteuh this

research.

External task factors argressorssuch as, but not limited tdime pressure
(Hendy 1997) and task complex(tfart and Staveland, 1988nternal factors
include preexisting individual characteristics@uas experience, fatigue

(Klein and Malzahn 1991), and other performance shaping factors (Kyriakidis
et al, 2015). There are then information processing limitations that should be
considered determining the mental capacity spent on the task (Kahneman
1973). The workload experienced by an individual can be measured in terms
of individual efforf and any associated strajifoung et al., 2015Fhe NASA

TLX workload measures, describe@i6.1> Ay Of dzZRSa WT NHza G NI ( ;
to include stress or annoyance. The inclusion acknowlettgg®motional
response can contribute to worklogt¥eshkati et al., 1995)n a complex

work setting, Xie and Salven{B000)mapped out these external, internal

and degrading factors, with their combination predicting performa(Xie

and Salvendy, 20003eeFigure2-8.

Task complexity Stress Task importance
(Hart, and Staveland, 1988) (Hart, and Staveland, 1988) 4(Sawin, and Scerbo, 1993)

Task uncertainty
Knight, and Salvendy, 1981) Knowledge Attityde
( Lehto, and Buck, 1988) - -

Task duration Fatigue Motivation
(Dember, Warm, Nelson, (Klein, and Malzahn, 1991) (Reid, and Nygren, 1988)
and Simons, 1993)

Figure2-8 Factors contributing to mental workload

External, internal, and degrading in a complex setting (Xie and Salvendy 2000)
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These modelsuggestvarious factors camdividually or in combiration,
impact workloadand arerelevant to understanding the workload of staff in
live railway operationsBoth task factors and individutdctorswill be

considered in this research.
25.1 Thedichotomy of overload and underload

Overload and underload are relevant to tinesearch as industry concerns.
Regardingverload, as task demand increases, task related effort can initially
be increased to sustain a level of acceptable performance.i§gklsown in

region A3the modelin

Figure2-9 (deWaard 1996). If workload continues to increase, overload

occurs and performance decreases (region B in

Figure2-9).
WORKLOAD
————— PERFORMANCE
High
Low -~
Demand
Regon | D A1 State- A2 Optimal A3 Task- c
9 related effort performance related effort

Figure2-9 deWaard)&orkload and performance model (deWaard 1996)

When task demand increases, and effort can no longer sustain performance,
researchinairtrafi©2 y 4t N2t &adza3Saida | WLINBOALKOS
by a rapid, rather than gracefudegradation irperformance (Edwards et.al

2016). This decline is as shown by the grey dotted liki@égare2-10.
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Figure2-10 Degradation in performance with increase in demand (Edwards, &0416)

Regarding underload, deWaafti996)also predicts that if workload drops to
a very low level, then performance will drop once the operator cannot
counteract their reduced statédn the other handYoung and Stanton (2002)
propose that performance decremesnthat occur with mental underload
could be explained by reduced attentional resources. In a simulation car
driving study they found, measuring secondary task performance, that total

attentional resources shrunk to match the task demands. Whilst no studies

were found that replicate these findings in rail, it seems likely that there are
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In addition to understanding the range of potential contribution factors is the

concept of how workload can accumulaieer time (Xie and Salven@@®00.

Performance can be maintained during a temporary increase in task demand

throughincreased effort. A sustained increase in task demand will result in

overloadand associated drop in performance (dedwards§precipice of

performance inFigure2-10). This presents the possibility, in future, of

determining f a pattern or chronology of factoread to certain workloaar

performance outcomes. If a pattern in workload is discerniblel monitored

over time,this couldbe aleadng indicator ofwhen workload ichanging
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towards anegative impacbn performance.This could apply to both overload
andunderload.In the rail industry this would be relevant to drivers and
signallersUnderloadrisk could be assessed by considering attention.
Overload risk could be assessed by considering duration of high task demand

or other MWL factors.

2.6 Currentmeasures of Mental Workload in the raiflustry

The measurement of MWL has been the subject of research for over 50 years
(Moray2008. A wide range of measures have been established including
primary and secondary task, lgective ratings, and physiological (Meshkati
1995).0riginally MWL measures focused on discrete tasks (M208§) in
controlled conditions. More recent work considers dynamic tasksgxie
Salvendy) and how individuals adjust their effort to sustairfqrenance
(Edward<=et al., 2016 Youngand Stanton2002). Building on this work, and

most relevant to rail, are measures that suit continuous dynamic tasks, detect
a range of individual experiendevels of demand and effort, and identify

how this experiencechanges over time, in live operations to measure Work

AsDone.
2.6.1 Criteria for workload measures

Selecting the most suitable workload measures requires consideration of the
severalcriteria (Eggemeier et all991, Sharpleand Megaw2015), as

presented inTable2-1. In thisresearchminimising intrusiveness is a priority

to ensure measures suit implementationan operational environmenand

can be collected over longer period=or this reasonsemndary measures,

that draw attention away from the main task, are rsaitable for live
operations due tdheir intrusion into the task and their risk of distraction.
Sensitivity totemporalchanges in MWis alsoa priority, to capture the full

range of MWlexperienced in live operationStaff acceptability is essentiab

apply these measuredmplementation considerationare relevant ashey
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have practical implications fahe researcheworking in a live environment.
Reliability can be drawn from the literature where evidence exiéidity
anddiagnosticity are to be determined frothe literature and the

contributions of thigesearch

The criteria inTable2-1 is narrower in their defirtion of MWL compared to
the models of mental workload presented in Sectibh. Here
selectivity/validity is deemed acceptable if only cognitive demands are
detected as opposed to emotional stress. This is despite the models
acknowledging that stress is a factor thahtowbutes to MWL (Hart and
Staveland, 1988). To determine the suitability of physiological data for the
measurement of MWLIt is proposed here that tt what factors
physiological data are sensitive and diagnostic of should be exploredriest.
researchremains open to whatactors nonintrusive measures are sensitive
to. Then an informed decision can be made as to whether physiological
measures are beneficial to the measurement of Miwlive operationsand

what defines MWL as a construct.

Table2-1 Suitability of mental workload measures

Area of Expertise Role

Sensitivity Detect changes in task difficulty or
demands

Reliability Must reflect consistently the mental
workload

Selectivity/Validity Sensitive only to differences in cognitive

demands, not other variables such as
physical workload or emotional stress

Diagnosticity Identifies changes in workload variation
and the reason for those changes

Implementation Includes aspects such as time,
instruments, and software for the
collection and analysis of data.

Intrusiveness Should not interfere with the primary task
performance

Subject acceptability Subjectbds perceptio
usefulness of the procedure.

Thisscoping review presentsurrent workload measures used in rail, then the

potential physiological measures that codilligaps in the research.
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2.6.2 Subjective measures bfental Workload

Subjective measures capture individual experience, with high face validity, as
data is derived from those completing a task. A task may result in different
mental workload ratings for different individuals (éied Salvendg000,

Pickup et al 2005, Matthews etal., 2014). Whilst this could be viewed as a
weakness in a measure, Roweteal. (1993) suggests this individual experience
of load may be of greater relevance than imposed load. To give changes
during a task these measures can require interruptbra task. Alternatively,

an estimate can be given prior to a task or an average provided after a task. A
Toolkit of measures was developed for rail in the early 2000s to suit use in the
field for signallergLowe and Pickup, 200&nd drivers (RSSB Za) RSSB

2006b). Pickup noted in their Mental Workload Framework that workload
comprises a sequence of stages. The measures developed addressed different

aspects of this Mental Workload Framework
Predictive subjective measures

The Operational Demand Evation Checklist (ODEC) is predictive tool,

designed for signallers, that assesses potential task load and demand (Pickup

and Wilson2007). It counts the number of operational infrastructure

elements such as junctions, stations, the volume of traffic intitnetable

and complexity introduced by known incidents or failures. It can be used prior

to other workload measures. It is extensively applied in the field by Network

Rail and Human Factors consultandieslamare et al., 2016YVhilst it

providesafirsB2 2 R G LI a&d¢ 2y etdNRLt&lhdlagy 6 5 St | Y I N
changes, Network Rail are looking to update it (private communication 2018).

As ODEC focuses on task demand factors, rather than individual experience,

and WorkAsImagined, it is out of scope in #riesearch
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Subjective measures applied during the task

The Integrated Workload Scale (IWS), developed for signallers, rates
subjective workload on a-point scale (Pickup, Wilson, Norris, Mitchell and
Morrisroe 2007). The principles of IWS came from the Instantaneous Self
Assessment (ISA) tool (Tattersaild Foord 1996), a singlefoint scale

designed to report a level of workload at regular points during a task.
Originally designed by NATS (National Air Traffic Services). IWS, like ISA, was
specifically developed for use in an applied setting. It collezttime

changes in MWL through a task, and the range of workload including peaks
and troughs (Pickupt al.,2005). It is suitable for use with both signallers

and drivers in simulators to provide patterns of workload during dynamically
changing work cadiitions. It does not provide information on the sources of
workload. An example application was in a simulator, signallers gave frequent
verbal rating of their workload which were recorded by researchers (Balfe et
al., 2015, Pickugt al.,20050). To datejf applied in live operations, the scale

is verbally reported to an observer (Network Rail Ergonomics Team
communication2021).Despite verbal reprting, the risk of interfering with

the task is sufficient that uss currently limited to simulator
Retiospective subjective measures

These measures avoid interrupting the task, so suit application in simulator

and live settings. NASA Task Load Index (TLX) aftteBtaveland 1988) is the

most widely used subjective measure presented here. NASA TLX has six

subscales: Mental Demands, Physical Demands; Temporal Demands; Own
Performance; Effort; and Frustration. It considers both demands from the

GFralz FYR Iy AYRAGARdAZ taQ FSStAy3a |02
contributes to workload. It does notrpvide temporal sensitivity. It has been

used in rail, with adaptation, in research with train driv@rarge et al., 2014;

Larue et al., 201&nd signallersThomasFriedrich, 201Y.
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The Defence Research Agency Workload Scale (DRA®®}her
retrospective tool for train driver mental workloa(RSSB 2065RSSB 2005
based on a Defence Research Agency (DERA) workload tool (Jordan et al
1995) to identify the nature of the workload being experienced, with four
descriptors deemed morapplicable to driver workload: receiving

information, mental operations, making responses and time pressure.

The Adaptive Subjective Workload Scale (ASWAT) is designed for signallers to
complete after a shift and was designed to compare two different sinie

rates three factors that contribute to workload: time (how much spare time

they have), mental effort (amount of mental effort or concentration) and

pressure (level of problems, frustration, or anxiety). AW as adapted

from the Subjective Workloadssessment Technique (SWAR&id and

Nygren,1988p ¢ g2 YI AYy | RFELIWIGA2Y & #SNBSZ FAN
NBLX I OSR WaiNKkaaQ> |a aiadylrftftSNa GOASES
was more frequently associated with workload than psychological stres

Secondly the weighting phase was removed to make the measure swifter to

dzaS Ay GKS FASER 0tAO01dzld Hnncod®d ¢KS ! {

workload at a location.

Overall subjective measures are sensitive and valid measures of MWL. Their
sersitivity to temporal changes ia live environment however, come with a

risk of task interruption. They can only provide part of the picture.
2.6.3 Observational

Observations, including time occuparmculationgare used in live rail
operations, capturing WérAsDone, to assess proportion of time staff are
spending on types of activifGharples et al., 201Balfeet al.,2008,

Delamare 2016, Thorrend Rawlinson 2021)n such studies of signallers, the
research records the predominant activity in the prdicgy 5 seconds,

applying one of five categories: interaction (inputs e.g. setting a route);
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planning (referring to timetable and live running information); monitoring;
communication (telephone, radio or face to face); and quite times (e.g- non

work talkingwith colleague).

Observationdenefitsfrom minimal or no interference with the task but
requires an observer and a Subject Matter Expert (SME) to help articulate the
motivations behind the observed behaviours (Delamare 204 &)nitation is

it mayfail to detect MWL associated with monitoring, planning and decision
makingas individualsas theses may not present with physical obsefgab
markers.The data gathering requires a high level of attention from the
observer(s), so it can only be applied for ghmeriods (less than 1 hour). This

in turn limits the range of workload that can be detected it is not possible

to predict clearly which hour MWL will be igd highest

If new measures could collect data over longer periods, they could show a
wider range of workload throughout and across shifts. During CQ9lall

forms of this type of ifperson assessment stopped, increasing the interest

and relevance in measures that could be used without an observer present. In
future, as tasks increase in mamiing, there will be a need for measures that

determine workload from fewer observable behaviours.
2.6.4 Modelling

Computermodelling, and higHidelity simulators, can predict an estimation

of task demand. A measure for signaller workload is tRd@D modeling

tool (Delamare et al2016) provide both static and dynamic results of

predicted workload for a signaller workstation. It incorporates a semi
automatic calculation of ODEC. The second signaller measure, currently being
developed with Network Rail is¢hWorkload Assessment Calculation Tool
(WASCAL) (Zeilstra 202Wodelling has also been applied to train diving
(Hamilton and Clarke, 20Q5hcluding predictions dbFAD risk A SPAs

when a train passes a red stop sigaatlis apotential precursor taa railway
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accident.In the United States it is known as a stop signal overdustrength
of modelling is thamultiple scenarios can be assessed, including normal
running and pertubbation. A limitation is they do not incorporate thvarying
demand from telephone calls. Modelling, as with any predictive tool,
measures WorAsImagined, and inputs loads, rather than individual
experience of workloaddeally any measures that suit lieperations could

inform more accurate modelling.
2.6.5 Potential of physiological measures

Physiological, or psychophysiological, measures infer MWL from bodily
activity such as heart rate. They show interesting potential to explore
AYRAGARdZ f & QVLSHeludSGdodhgh@§ peaks and underlying
physiological state, with minimal task intrusion. These measures have been
developed in parallel to MWL measures, and been applied in other industries,
but with limited application in rail. When theesearchcommenced, only two
studies were identified frontive railway operations: one involving train

drivers (Song etl., 2014) and one involving signallers (Broekhoven 2016).
During theresearch psychophysiological metrics wemeted by Rail accident
investigatorsas a valid measure ® NA @S NR Q  InJfugiré, sp@difitallya G I G S
fatigue(Young and Steel 2017). A research gap was identified to explore how
physiological measures could contribute to MWL assessment in rail. In doing

so this research gatores the physiology task interface, and the HCI of devices

2.7 Conclusions

This chapter presented an overview of the rail industry contextasdoping
review ofthe theories that underpin human cognitive performance, and the
measurement of MWLt providesa summary of theéesearchand
backgroundon two research questionddow can temporal physiological data
from wearable measures contribute to MWL assessment in rail industry live

operations? andwhat are the theoretical implications of individual
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physiological data to changes in MWL in a workplace setting@ntifies
current MWL measures used in raildtheories of MWL that are relevant to
MWL in a workplacsetting The scoping revie scope ircluded bothdrivers
and signallers (controllers or dispatcher roles in other parts of world).
Proportionally less researahas found thafocused on signallersyhich
presentd a research gaplhe research thereforasent on to focus on
signallersThetasks described lere reflect this focus, with detail provided on
signallingWhilstthe focus is on signalling centres, the implications of this
researchare applicable to other control setting where staff have safety

oversight and responsibility faperations.

The industry challengadentified were underload(attention) and overload
(task demand and time pressura$detrimental to performanceln addition,
variousautomationtechnologiesntroducedto benefit staff workloadmay
increasethe riskof underload andncreaseworkload duringperiods of
disruption.This identified an opportunity for this research to explore the
range of MWLincludingbetween underload and overloadakingthis Safety
NWg K (0 3 peSspectiddnehisieasuringWL that underlies
sustainablesuccessful operational performandé new MWL measuresould
detect patterns, or cumulative MWL over timégese couldprovideboth
protective factors andeading indicators of deterioration iperformanceas
MWL moves into underload or overloddeally applicable would be in the
live operational environment to detect the full range of MWL experienced by
staff. Such data could provide valuable feedback across levels of the socio
technical systemThe clallenge for a measure for the live environment is to

be sensitive to MWL whilst minimising interference with the task.

Models help explain thaifferent parts to MWLlapplicable toworkplace
namelytask demand, individual workload factors and enhance outcome
In addition,research confirms variousctors can influence MWL including
external factorsuchastask demand antime pressureandinternalfactors

such aseffort, alentnessfatigue, expertise,andselfconfidence Current MWL
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assessment in rail includes subjectmeasuresobservation, and modelling.
Eachhavedifferent strengthsand different limitationan terms of what they
are sensitive to and how applicable they can be to live rail operations
Observatiordetectschanges over timewith minimal task interferencgbut is
limited to 1 hourand may not detecimonitoring orplanning as they makack
obsewable markers. Modelling and simulators a@ssess task demand but
are limitedin their realistic range of MWISubjective measures provide
differences in individual experiencand changes over timéut are more
intrusive to the taskand may not identiffthe source of workloadThe topic of
whether a MWL should detect external task related changes, or internal

individual changes is an ongoing debate.

Physiological wearable measures provide an opportunityei@ct changes

over timg with minimal task interference compared to asking staff to

complete scales whilst workinghey could inform management decisions

regarding the management of MWL and thepact of changeThey show

potential todepictA Y RA BA RdzZl £ 8Q SELISNASYyOS 2F az?|
peaks and underlying physiological stdtethe rail industry, sucheasures

would be applicabl@ow and in the future in rail, with relevance to both

currert level of automation in the rail industry ar@RTM$ future.

Regarding what physiological data is diagnosti@{L depends in part on

the construct of MWL being ill defined as to whether it is only cognitive

demands (as in table of suitability of meass)) include contributing factors
suchasstress(asinXied{ I {f Sy R&@Qa NBaSI NOKUOL® ¢KAaA
opportunity to explore what physiological dasae sensitive to in this setting

(whether task demand or other factors), to then determineststabilityas a

MWL measure.This in turn can inform the ongoing clarification thie

construct MWL.
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Chapter 3: Study 1¢ Industry interviews ohuman
performance in ralil

Gb202Re = Hhaveawaccidert, nobody goes out there saying
GLQY 3A2Ay3 G2 YSaa dz) 6KS aeaidsSy (2RI ¢
R2yS FyR 32 K2YS I|atcipgaB) SYR 2F (KE

3.1 Chapteroverview

This chaptepresents the results from Study 1, an interview study with
industrystakeholdersThe study explored rail challenges that relate to human
performance or new technology, individual attributes of performance, and
how performance is assessed in rail and ottnansport industries. The study
soughtto identity who impacts rail operations, and industry priorities of who
to focus theresearchon. This study informed the subsequeastearchfocus

of scope on railway signallers in live operatiom$ater stages othe research

3.2 Introduction

Demand for rail travel has been increasing, with passenger journeys in 2017
2018 up 28% compared to 20@D08(Officeof Rail and Road (ORR) 201R)
meet this increase in demand, the rail industry is increasing the capacity of
the rail network by allowing more trains to use the tracks at any one time. To
achieve this, automated and assistive technologies are being introduced to
supportsomestaff peforming safety critical tasks. These staff have
responsibility for the safety of themselves, colleagues, passengedsthe
public. The industry seeksew measures to asses$ise impact of these new
technologies orhuman performance in raiOf particular interest are those
technologies that assist or automate aspectsask Theirimpactis thattasks
are increasingly cognitive rather than physical, as more automation is
introduced Thismaking the effort required more difficult to assessdbgh

physical measures or observati@®harples et al., 2011)here isarisk isthat
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managers obtaff that seestaff doing lessassume that the task is easiwhen

in fact, an irony of automatiothe RA F FA Odzf & LI Nlia 2F GKS
remain or ae more difficult (Bainbridgel983) The challenge is how to

measure human performance and assess the impact of these new

technologies.

Automotive and Air Traffic Control (ATC) industriesiackidedhere to

identify whether human performancenonitoring and assessment moad

drivers or air traffic controllersould be applicable ttrain driversand

signalles. These industries were chosen for their similarly increasing
automation and more cognitivéess physically, demandjnasksin control
Advancements in technology provide an opportunity to assess these changing
roles in new ways. Current se@lfsessment workload measures require
interruption of a task or application ontie after completion of a task
(Sharples anflegaw, 2015)Physiological measures offer the potential for
continuous data without interrupting the task. Physiological measures detect
aspects of physical activity, suchtesart Rate Variability (HRA) or Galvanic

Skin Response (GSR), that can be tséufer levels of cognitive activity. This
studyconsiders whether such technologies coutdpplied in future to

assess human performance in rail. An important consideration is how the
data from these technologies will be used and whether they canifiit wider

competence and performance assessment processes.

The purpose ofhe study is toinvestigaterail industrychallengeselating to
human performanceand howdata onhuman performance is currently
assessedcross three transport industrieshe studyapplied a pragmatic
approach by seekinsta] S K 2 f pBr&pbicEiv&to identify currentchallenges
and assessmenmtandinform the researchfocus.Asperspectiveof
stakeholdersare likely to shape their acceptance, understandimgse
industryperspectivesan guide the subsequenesearchtowards a topic
pertinent to rail thatthe industry will both engage with and benefit fromhe

first part of thisaimed to dentify whose performance to measuragcluding
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any specificnew technologyThe seond aimed to explore the types of
currentdata collection ohuman performanceandwhat types of measure
could be applicable to rail in futurdhe findings from this study, in
combination with thescopingreview,informed afocus that isa research gap

andis perceived apertinent the rail industry.

3.3 Method

33.1 Study design

The study applied a pragmatic approgétobson and McCartan, 201%)
aSS1AyYy3 aferspedies fpHRdeti@&s@sequentesearchfocus
towards a topigertinentto the rail industry The value of the findingsas in
identifying whatworks for industry, recognisng that the reality ofthe rail
industryQ d@perational setting is multiple, complex, constructaold stratified
(Reichardt and Rallis, 1994)is initialstudytook abroadandhigh-level
scopeto gain a wide range of experience and opinions from stakeholders
across transport industrie§indingswvere used to contextualise the findings

anddevelop and refine theesearchquestions(Thompson2017).

This studyusedsemistructuredinterviewsto explorehow human
performance is currently assessed in,raihd how it could be measured in
future. The use of semstructured interviewsallowedthe stakeholders to
share their experiencesnd opinions in their own wos{Coveney, 2014 he
method included elements of bothninductive and deductivapproach. The
semistructured interviewpromptssupported atop-down deductive
approach(Robson and McCartan, 201ith stakeholdemroviding answers
andexampleson existingtopics Thebottom-up inductive approachvas
appliedas the interviews progressemhdadditional bpicsemergel beyond
the original promptgBraun and Clarke 2012)te codingand analysistages
used a combination of botimductiveand deductiveapproachto establish

themes Themegeflected both the originatieductive promptsand emerged
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during the interview procesand coding The themes that emerge from the
interview data go beyond what can be obser{@&laus et al., 19967 he final
themes and sulthemesreflectthoserelevant to the rail industryto inform

the focus of subsequent stages of thesearch
3.3.2 Participants

Semistructured interviews were conducted with4 participants

representing stakeholders from across the rail indusing transport

industries Stakeholderswere thosein roles most likely to make use of human
performance datawith a vested interest ianynew measureshat are
developed Theyare the ones who havihe potential to influencehe future
uptakeof measuresTherange of stakeholders includethose with current

or previous front line operational experience; maeas of staff or operations
who are the users of the information gathered on human performance to
inform operational decisions; and experts, including Human Faetquerts
who are the gathers of data on human performance and developers of new
measures tanform industry.A full list ofstakeholders is presented Fable

3-1.

Recruitment was through the two industry organisations, Railway Safety and
Standards Board (RSSB) and Network Rail, both industry sponsors of the
research A snowball sample approach was then taken, with each participant
being asked to suggest other participants to ensure a range of perspectives
from across the industry. The st&tkolders from other industries were
approached through professional contacts of researchekdraversity of
Nottingham. Participation was voluntary and no financial incentive was

provided.
To provide anonymity, all interview responses were labelled with

participant number. Participants provided a description of their rolbe

range of roles and expertise of these stakeholders are present&dbie3-1.
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Table3-1 Participantroles and expertis€lrain Operating Compa{TOC), Freight
Operating Company (FOC)

P. No. Area of Expertise Role

P1 Train Operations (TOC) Head of Operations, Ex Driver

P2 Railway Human Factors, Specialist in
Human Performance

P3 Railway Risk Expert

P4 Signalling Signaller

P5 Signalling Human Factors Expert

P6 Signalling Human Factors Expert, Ex Signaller

P7 Train Operations (TOC) Head of Operations

P8 Railway Human Factors Specialist

P9 Train Operations (TOC) Head of Drivers, Ex Driver

P10 Automotive Industry Human Factors Senior Academic

P11 Railway Accident Investigator

P12 Air Traffic Control Head of Human Factors

P13 Train Operations (FOC) Operations Standards Manager,
Professional Head of Operations,
Ex Driver

P14 Rail Simulation Systems Modelling and Simulation
Expert

3.3.3 Procedure

The interviews were senstructured, consisting of opeanded questions in
two categories: current challenges related to human performance; and
current data collected on human performand2uring the interviews broad
initial questions were asked includinghat current challenges in rail rely on
the performance of humar¥s what new technologies are involved®hat
data currentlyexistin rail that capture human performan@ghow are data
collected, and who uses the data? Follow on questions were asked to
encouragestakeholderdo explain their answers and give exampliesthe
final part ofthe interview, participants were provided an opportunity to
recommend other people to be interviewed to prde another perspective.
The study received ethical approval from University of Nottingham, as shown
in Appendix AThe protocol used for open questions is alsospreed in

Appendix A
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The nterviews were conducted between March and October 2018. Eleven
interviews were conducted face to facandfour over the telephone. All
interviews were audio recorded, with notes taken during the interview to
guide questions and capture themélhe nterviews were planned to last 45
minutes,with the actual interviews ranged between 287 minutes and

averaged 54 minutes.

In addition b the interviews, a TOC meeting of operational managers was
attended which covered driver training, recent incidents, and current
operational issues. This provided operatiotiad context in which to situate

the subsequent themes that emerged throutite codingof the interviews.
334 Dataanalysis

Interview data was analgslin a series of steps. Firstiyne interviews were
transcribed verbatim. Secondly emerging thematic analysis (Strauss and
Corbin 1990) was used to identifgdesand broad themes. An indi coding
template was built by coding on paper using coloured pam$applied to five
interviews.During his stagefourteen initialcodesemerged. The third stage
involved transferring the cadg from the initial paper copies into NVivo
where arother iteration of coding was conductgé@ald@a 2016) This
iteration grouped the initial codes into themes and sub themBse resulting
themes were then applied to the remaining 9 interviews. The finairtes are

presented inFigure3-1.

TofurtherS E LX 2 NB i kdvidiak YA DH2IBAa QX | O2 YLI |
O2YLX SGSR 0SG6SSy 2LAYyA2ya 2FFSNBR o8
KdzY 'y LISNF2N)XYI yOSQ>s gAGK (KS S@OARSYOS
w{ { . Qaechbi@&lSkills (NTS) (RSSB 2012) and&sskl Training Needs

Analsis (RBTNA) tool (RSSB 201Bgse highlighted which opinionsatch

existing framework# industry, and whickvere additional
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3.4 Results

The thematic analysis tiie interviews identifiedfour key themes relating to
human performance in rail: People whapact rail operationsTime when
assessedndividual dtributes; Future types of monitoring

The coding tree is presented fiigure3-1. Results are then presentddr

each theme.
Themes Sub-themes
Front-line staff
—  most visible to
passengers
Staff —
" Front-ine staff )
Peoplewho | |{  Suppliers | '%Z?S‘S’gr']zgertso
impact rail
operations —  Pasengers | (" Managers |
TN —[ General public ] _[ Other Staff ]
Human —[ Selection ]
perfrmance |
inrail Time when Competency
assessed assessment
—/ —[ Incidents ]
Skills &
Knowledge
Individual
attributes ( Approach |
[ Capacity ]
—[ Data logs ]
Physiological
Future types measures
of
monitoring —[ Risk exposure ]
—[ Simulators ]
Figure3-1 Coding tree of key themes from industry interviews
34.1 People who impact rail operations

Atheme that emergediuring intervieve wasthat, rather than only staffthe

performance of a broad range of people can impact rail operations. One
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specialist, when asked where in rail humans impact rail operations, answered

G SPSNE ¢ KS NHdlowing peoplé were meriKidhed in interviews,

with categorisation added here based on their visibility to passengers and the

industry definition of Safety Critical Tasks (ORR 2017):

M Staff

0]

Frontline staffperforming Safety Critical Task®st visible to
passengers: Driver; Guard; Train Dispatcher, Track workers
Staff performing Safety Critical Tasks less visible to passengers:
Signaller; Level Crossing Operator (including CCTV); Electrical
Controller; Mobile Operations Manager (MOM); Maintenance
Fitter; Shunter; Axel Inspector

Managers: Managers of frofline staff; Standards Manager;
Train Services Manager; Operations Manager; Head of
Engineering; Head of Safety; Station Controller (who allocates
platforms); Shift Signaller Manager; Track Section Stsan,

Train Running Controller; Route Control Manager; Route
Control Incident Manager

Other staff: Timetable Planners; Control Centre Technicians

(receive fault alerts from remote condition monitoring)

1 Suppliers to operations: Signal Designer; Trafmadyement System

Designer; manufacturers; funders; government; Rolling Stock Leasing
Companies (ROSCOs).

1 Passengers: at the platform train interface

1 General Public: road users at level crossing userspasses.

This wide range of people shows hoamplex a socibechnical system rail is.

What became apparent during interviews is the performance of any one

human in the system is interlinked with the performance of many others

terms of prioritisation of research, stakeholders indicated drivers an

signallerswvould specificallysuit being the focus of further research. This was

becausedrivers andsignallers are two of the biggest groups of §thave
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high levels of assessmerand complete Safety Critical Taskise difference

noted between the two staff roles is the extent to which it is visible to

passengers and the putic 6 A 0 K RNA OSNE 0 SA yTHisiss Y2 NS
interestingas the scoping review of literaterfound that proportionally less

research has been conducted on signall@itse less visible staffay an

importantrole in safety and present a research gap for tesearch
3.4.2 Timing of competency asses®ents

Comments revealed concerns about driver anghaller competence at
different career stages. Assessment predominantly occurs at selection during
recruitment,at routine competency review; and following an incident. Each

will be presented in turn.
Selection

Selection during recruitment includes artérview, as well asnedical and
psychometric tests (drivers only). One TOCZRITOC meeting) felt that the
standard of candidatehad reduced in recent years. More applicants now
pass their assessment, but then fail basic training. The TOC sugyested
GKAAd AYONBIaS KFIR 06SSy aAyoS I OKIy3S
Assessment in 2013. The TOC had four drivers fail training on one course of 8
candidates (P9, TOC meeting):
G2 SQ0S KIFEIR Y2NB Tl Af dzNBa (&K NPKdzIK 60SNI RS
ever had and at least 25% of our incidents now are down to post qualified

R NA PRONFead of Driver Ex DriverTOC]

There is also anecdotal evidence of a changgpplicant demographic:

G, 2dzy3Said FTNBAIKG R NHr@S bakly fortiksSPrdbably S G 6 S
as a second career sometimes (having) been in the army, or police, or

GSIFOKSNA® 2SQ@S KIFIR | o0Fyl YIylFI3aSN gK2

{2 L GKAY]l GKS RSY23INILKAOZPIB N&d 32AYy 3

of Operations, Ex Driver, Rail]
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G2S f2a0 LIS2LX S 6K2 KIEBRyearssaBdspehtyhe i KS A
weekend looking at trains at the end of platforms. Then (new) junior people
are doing it as a computer game in a sense, who have to learn the real world.
LG G 1Sa | t2y3 A Y[B5 HumaFacksxyerti 2 3 S
Rail]

One specialist suggested the pay offer could be encouraging this change in
applicans (P7) and implied that this did not improve the suitability of
individuals for the roleThese findings may indicatieat what motivates
individuals to apply to rail is changing, resulting in people with a wider range
of previous experience and interests working in rail. Some individuals may
have more intrinsic reasons for applying such asmterest in rail, others may

be motivated by more extrinsic factors such as paywaocking conditions.

The high failure rate of basic training suggdstly a concern over the
current accuracy of assessment techniques, and secdahdtysome
individuds are more suited to the rotethan othersOpinionsexpressed by
stakeholdersuggesthat they believe thatthose with anenthusiasm forail

in their personal lifeare more suitableConverselg 2 dzy’ 3 S NsDowtHdseY S NJ
from outside rail, ardess suitableSakeholdersalsodescribed experienced
staff leaving the industry as a lqgasplying it is anegative.Potentially the
introduction ofnew technologieganlead to experienced staff choosing to
leave rather than learn a new way of workifidhe same technology attracts
new recruits who already work in a different wayere appearedoverall,to
be a concern around how to manage the changed a lack of clarity on what

should be selected for.
Competency assessment

Oncequalified, staff competency assessments occur on a rolling programme
over 1- 2 years (P7, P9). Signallers are observed at their workstation and
drivers during a cab ride. Samples of voice recording are checked for correct

use of safetycritical communicabns (P8). Driver monitoring includes
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samples of data from the On Train Data Recorder (OTDR) to check
performance such as speeding (P7) and provide feedback on good
performance (P9) e.g. correct sequence of actions Bdtxently signaller

workstation catrol logs are not routinely reviewed (P6).

Two specialists (P3, Pl@)estioned whether staff perforrdifferently when
observed. To address thiscancern &FOC has moved away from relying on

observations:

G¢KS LINARYIFNE YSi{K2 Rdogrfoad (flom)Jata Ay 3 | R
recorders because KS& 6 RNAGSNL gAftf RNAGS ySlI
nexttothemX @2 dzNJ RI G NBO2NRSNJ I aasSaavySyi
RSGOIFIAf &2dz OFy 3 $i3 Hedd ofl|OpgekaiicBs, ExDivary A 4 K A

Rail]
Il Ch/ Qa al¥Ste GSIY NBOSAQS tAQ0S hes5w
without turning the Train Protection Warning System (TPWS) back on before
driving over 40 mph. Patterns in OTDR data can also show erratic actions such
asbraking anduse of the5 N /EiNBc@evice (DVD) (P13)This manager
has seen in the data how drivers who are fatigaeinowledgehe
Automatic Warning System@WS$ alarmin different ways. Drivers have 3
seconds to respond to the AWBe manager gave the comparisoetween
adriverwho is wide awakevill respondto reset itin one secondanda
fatigued driverwho will either respond to it at the very end of that time or
may pressittooearlyasp@YLIG Ay 3 Al 4Nt 2HEG 62 Wolodel 5
review of data from an incident, the manager reported noticing, over the
O2dzNBRS 2F GKS 22dz2NyS@ LINA2NJ 62 GKS AyO
times increasing. Theanager believed this indicated the driver becoming
more tired over time. The manager also found reviewing snap shots of the

data with the driver a useful part of their competency assessment, to

The Driverds Vigilance Device (DVD) sounds an alar
must relieve pressure on the Driver Safety Device (DSD) pedal, and reapply short amount of
time. If they do not the emergency brakes apply to the train.

7 AWS gives drivers an audible warning and visual reminder they are approaching a distant signal at
caution. If the driver does not acknowledge the warning the brakeppaieda
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complement their observations in the cab. Whilst the det@i®TDR data is
not availablein reaktime, if there is an event that warrants investigation, the

data can be downloadedemotely,andatime-periodreviewed.

{AYdzZ F G2NBR | NBE dzaSR FT2NJ NI AyAy3I: &dzOK
practice degradedavorking (P13), however individual performance is not

assessed during these sessions (P7).
Incidens

Staff are interviewed following an incideetg.,a Stop Short Door Release

(when only part of a train is at a platform and passengers risk falling osto th

track). Various sources of data can support further investigation. Investigators

can check staff received everything they needed @2@) training.On Train

Data Recorder@TDRdata can identify driver errors or confirm their account

of events. The qality and ease of access to OTDR varies across the industry.
{AAYFEftSNRQ AyLlzia NS f233SRX o6dzi 2yt
workstations (P6, P8). These logs do not identify the individual so linking data

to an individual requires checking tineoster.

Factors that influence performance are also considered such as fatigue and
levels of experience. Participants reportétit drivers rarely report feeling
fatigued (TOC meeting), although it is known to be an industry issue (P2, P13)
that contributes to incidents (P13, TOC meeting). In terms of experience, one

TOC estimates that 25% of their incidents are by drivers in theinf@ar (P9).
Participants felthat there is anelement of chancas to whether an

individual has an incident (P2) and notiat individual performance has the

potential tolimit the risk of anncidentoccurring
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3.4.3 Individual attributes

Responses in istviews focusedn the measurement of human performance
through competencyassessmenand incident investigatiorindividual
attributes as a theme emerged over the course of the interviewhat made
someone good at a role seemed difficult to define (Péxticipants were
therefore asked what made a good driver as an example role. Their responses
are presented irthe first two columns offable3-2. Non-Technical Skills (NTS)
were noted as important by stakeholdefseelist presented imPAppendix (.
Where interview responses map the existing industri\NTSframework

(RSSB 201&shown in the final column of TableZ3 The skillsand
knowledgetheme wasnoted asmatching requirementsidentifiedin the Risk
Based Training Needs Analy&8TNAjool (RSSB 2018p2) This tool
provides the industry with guidance to determine staff training needsak
developedfor the role of traindrivers butis intended tobe applicableto

other daff.

Whilst physical attributes, gender and age were not mentioned, the
application of skills, personality and attitude were mentioned. Expanding on
the capacity for good concentration mentionedTiable3-2, a driver manager
gave examples of good or poor concentration based on their experience of
observing drivers in the cab. A driver they had observed who seemed good at
maintaining concentratin had concentrated from station to station, taking

each stage of the journey at a time. In comparison, drivers they had observed
who seemed to find it difficult to maintain concentration were those who

were distracted more easily, or their mind wanderetiey suggested that the
lifestyle of some individuals outside of work may leave them less able to deal

with long periods of work, such as due to insufficient sleep.
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Table3-2 Perceived eneficial attributedor drivers

Attributes mapped to RisBased Training Needs Analysis (RBTNA) tool and dldmical Skills
(NTS)

Interview Responses | RBTNA tool NTS
Skills & Excellent Non- Nontechnical All NTSs
Technical Skills )
Knowledge Skills
Practical skills e.g., Functional Skills | n/a
train inspection
Knowledge Underpinning Selfmanagement:
knowledge Maintain and develop

skills and knowledge

Capacity Good situation n/a Situation awareness:
awareness Overall awareness
Good concentration, | n/a Situation awareness:
can deal withong Maintain concentration

periods of work

Can take on lots of n/a Situation awareness:
information Retain information
Approach | Reliable e.g. turns up | n/a Selfmanagement:
Motivation
Methodical n/a Conscientiousness:

Systematic and thorough

approach; Checking

Prepares & plans well| n/a Selfmanagement:

Prepared and organised

Takes each stage ata | n/a Workload management:

time e.g., concentrates o

from station to station Prioritising

Confidence n/a Selfmanagement:
Confidence

In addition to the findings ifable3-2, there were some comments that

impliedthat personality or attitudes impact drivargerformance. A

stakeholder believed that introverts made better drivers than extroverts, as

they perceivantroverts a seltcontained andoetter at working solo. In terms

2F FTGOGAGdzZRSE |y WS@OSNE RI & Quhildta 3 OK2 2§
WgKFEGQa Ay Al F2NI YSQ 2N I O2hes#  OSy i

65



Industry interviewson human performance in ralil

findingsindicatestakeholdersanbelievethe capacity and approaatf staff

varies between individuals anfat attributes canmpact staff performance

Demographics were viewed as quite superficial (P2). It was noted that

experienced staff can find the transition to newer technologsesh as

tablets, difficult (P13), with some choosing to retire rather than transition. A

level of uncertainty was detected in interviews as to whether staff with

experience of older ways of working, or newer recruits who only learn the

newer technology, & better able to achieve good performance. One

LI NOHAOALI yi RSAONAROSR @2dzyISNJ aAxdyltts
different mindset, with the benefit of adapting quickly and positively to digital
technologies (P14).

The number of incidents an indaual hal was not deemed a reliable

measureof performance(TOC meeting). It is a point of debate for accident
investigators how much previous incidents are relevant to a current
investigation (P11). TOC operational managers expressed confidence in some
drivers who had had an incident and a lack of confidence in some drivers who

had not had an incident.

In terms ofthe attitude of staff:

Gb202Re& 3I2Sa 2dzi GKSNB (G2 KIFI@S +y |00
GLQY 3JA2Ay3 G2 YSaa delaljustkr@ngfodettheSos (2 RI &
R2yS FyR 32 K2YS [Pi Adcikeédt Ivestigatd®, Rpilii KS R I

It was noted that demands for precision are increasing,@®1d staff are
close to the limit (P5):
G¢KS NBIljdZANBYSY (G T2 xlheedid\de 509% dRdufated S NJ y 2
MnsmE: 2F GKS GAYS | yR OKS-ByedrsiagQii | y @&
GKSNBE gl ayQid GKS LINBaadz2NBa Ay (KS LISI
NE lj dzA NFPY, BeAdiai @perations, Ex Driver, TOC
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Interviews highlighted challenges beyond individual roles. Firstly, due to how
long technology deployment takes, staff must constantly operate with a
mixed age of technologies. Secondly, across the industry corporate
knowledge is lost when staff leave thdustry (P5, P14) leading to decisions
being made that impact front linstaff by individuals with limited

understanding of the implications. Thirdriver and signalleroles have

become more mundane (P13): driver routes are not varied (P7), traires hav
become easier to drive, with more comfortable cabs (P1) and automation
protectssignallingstaff actions (P4). These all have the unforeseen risk of
leading to inattention due to underload (P2), (TOC operational meeting). One

participant questioned howndividuals can maintain focus (P7).

The industry faces a combination of challenddsw can individual factors
such agapacity or approactbe objectivelymeasuredo manage MWL
effectively? Objectivitycould assist imemoving biases in interpretation,
reduce associated cultural tensions, attourage collaboratiarChallenges
includeexperienced individualshoosing to retire which reduces the pool of
experience in teamthat takesyearsto rebuild. Also, itemainsunclear how

close to thér MWLIimit staff are workingincludingthe risk of underload.
344 Future types of monitoring

In this theme, stakeholders providedeir perspectiveon where and how
different measures show potential for future use in rail to assess human

performance.
Data logs

Stakeholders from across the transport industries provided examples of ways
systems coulgrovide objective data tsupport assessment of perfoance.

In the automotive industrylane keepings now available irsomecarsto

monitor driving performance in rediime (referred to as lateral driving

performance) (P10)Jn ATC, objective data from mouse clicks, and time spent
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on the radio, can indicatthe complexity ofthe task (P12)In rail, OTDR data
can indicatedifferent personal driving styles (R&takeholders proposed
OTDRlataO2 dzf R 6S dzaSR o6t o0 peforMBYamMR |y WY

experienced tutor to show to trainee drivers (P13)
Physiological Measures

Results from the interviews indicate thite application ofphysiological
measuress at different stages of development in different industri€be

opinion of stakeholders watat the automotive industry was the most
advanced, wih measures currently available in some cars on the market. ATC
has trialled various physiological measures in live operational settings. In rail,
operational staff were not aware of any physiological measures being used in

live operations.

Theautomotive industry is developing retime driver monitoring features

(P10) including cameras to detect aspects of the face including eye position to
monitor slouching (P10). Products such as fatigue monitoring are available at
the high end of the marketuch as a dashboard coffee cup indicator to
recommend a driver takes a break when they show signs of fatigue (P10, Car
Sales 2018). Features that are deemed to be for safety are generally well
received by customers, although attitudes to being monitored/\@etween

cultures and between generations (P10).

In ATC, trials of physiological meassii@ind that they could monitor

individual consistency and spot changsing Electroencephalogram (EEG)
forexampleA G gl & LJ2aaAirotsS (2 reaBigSweie o6 KSy |y
different from that individual) dormal reading. The next day the individual

becameill. THs demonstrates howhange in EE@etecteda physiological

change before the individual was aware of becoming ill (P12). Other biometric

data collectedn ATC includes visual scanning patterns (using eye tracking)

and how individual Controllers deal with stress (using a chest strap to detect

heart rate variability, and GSR from a device worn on the arm) (P12). In
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addition to physiological measures, in@$ubjective measures are routinely
used including workload, confidenand Situational Awareness to assure the
system is safe (P12)he stakeholder from ATC postulated that in future, i
the live environmentdata from physiological devices could pravttie
supervisomwith real time indicators and a decision support tool for when the
task load of &ontroller neeced adjusting. In ATGhe task load can be

adjusted by rerouting aircraft to different sectors.

Operational staff in rail did not mentigohysiological measures being used to
monitor staff. Theyinstead reported competency management as the current
way human performance of staff is monitored. Human Factors Experts were
more aware of the potential of physiological measurese @l that was
specifically mentioned was one that foundhtn driver GSR correlating with
difficult conditions such as risk thin slipping in low adhesion conditions

(P8) (CrowlewndBalfe 2018)
Risk exposureates

Two tools were provided in interviews theslculate®xposure torisRk  NJ (G S a
and therefore likelihood of adverse events occurring. Firstly, the Red Aspect
Approach Tool (RAAT) (P2xiol toindicatehow frequently drivers are
exposed to the risk of 8PALP1). It does this by determining how many red
aspect (stop) signals a driver approaches on their roiteed aspect will

indicate to a driver thaatrack sectionis occupied. A SPAD is when a train
passes a red aspect signal, and therefore issktaf collision with whatever is
occupying the track ahead. The second tool would use existing timetable
information to calculate the exposure rate of drivers to incidents of Stop

Short or Failure to Call at a station, based on the number of times erdriv
stops at a station (P1). These incidents can occur, for example, when a driver
drives a route where frequently they drive a long train (multiple carriages)
that stops at only major stations on a route. When they then drive the same
route as a stoppingesvice, they are at risk of Failure to Call as they are used

to driving through some of the station stops. If the length of trains they drive,
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they may become used to stopping part way along a specific station platform
with a shorter train then in error sp at the same point when driving a longer
train. This wouldhen not allow passengers to sdfedisembark or board the

train on the carriages it isnot level with the platform.
Simulators

Smulatorsin railare currently used for training (P8), buttneidely for
competencyassessmentSimulators provide both trainee drivers and
signallerswith opportunitiesto learn how to complete their tasks before
applying their training in a live operational environme@urrently only about
5% of the data collected from a simulator session are used (Phdje is a
potential that, however, isnulators could be used to study aspects of

performance such as reaction time (P14).

3.5 Discussion

The industry challenge for humannbemance in rail thaemerged from the
findingsrelated to risks resulting from overload and underlo&bncerns

were raised that staff are approaching an overload limit as demands increase
for precision and capacity whilst maintaining safety. Underload @ risk
noted forthe driver and signaller dut their roles becoming more mundane,
making it difficult to maintain focus. A second challenge,watherthan a
specific technologythe introduction of any new technologhat impacts staff
as they mustdapt their way of working and work with mixed ages of
technology Anynowvel technology brings with it a period where staff are
inexperienced in using that technology. An impachéat staff choose to

retire rather than transition. A further impact is newplacement staffwith
25% oftrain drivingincidentsinvolvingdrivers in their first year. These
findings in combination suggestat there is a need in industry to assess and
monitor the impact ofintroducingnew technology. Rather thaonly

assesmga specific technology, or only at specific points in time, maagur
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human performancever longer periods to deteathanges over time. This
could provide data on periods of time where human performance is
successful and seek to detect periods of overloadnderload.Comparing to
databefore a change couldssess the impact ofew technology Equally such
datacould be useds a learning aid for new staff as their build experience.
Thesestudyfindingsandviablefuture measures are summaed inFigure

3-2.

Current Viable Future

Assessment |ndustry cm“enges Measures
Equipment focus of data Staff approaching Individual focus of data
(e.g. OTDR, control logs) limit (underload or (e.g. Physiological)

Discrete events overlbad) Continuous data

Competency Changing staff Human Performance

Safety | — assessment after Mixed ages of Safety Il — define & assess
an incident technology good performance

Segmented industry

Figure3-2 Challenges and futurepportunities for human performance assessment in rail

The theme of people whose performance impacts rail expanded dthag
interviews to include not only staff but suppliers, passengers, and the public.
This finding expanded the potentiahoice of whose performance in rail the
researchcould focus on. It was determined that frehme staff completing
Safety Critical Tasks, in particular drivers or signallers, would be a suitable
researchfocus that would fit with industry priorities. Thistinction between

the rolesighati KS & A 3y £ f SNA sdopiievievilscoverddd A & A 0 f
proportionally more research focused on drivers than signallers, indggat
research into signallers as a suitable research gap. A focus on one rokeemay
generalisable to other staff in rail and other transportation industries,
particularly where similar risks of overload or underload amplin other

control roles
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The themeihdividual attribute€emerged from interviews as attributes
stakeholders asociated with individuals who deal well with the workload and
achieve successful performance in their roles. Many match good rail Non
Technical Skill$n thelight of industry concerns about reaching limits and
levels of experience, two attributes stoodito confidence and concentration.
Maintaining concentration is recognised in the industry as important, yet
there is an industry concern about it being achievable. Confidence was
mentioned in interviews as being measured in ATC anlda@siacludedn NTS.
It is not currently measured in rail, so presents a potential researchlgap.
addition, someattitudes and personality types were implied by stakeholders
to have an impact on human performance. Whilstme attitudes are implied
in the selfmanagement aspcts of NTS, personality is not explicdtvered. It
is of interest here, however, that stakeholders beli¢hat there are aspects
of successful performance thdepend onindividualcharacteristics and not
solely on the external task demands. This |#jg a benefit in acknowledging

that individualfactorsare relevant if human performance is to be assessed.

The airrent assessment of human performance in rail is around competency
and occurs at certain time®ata focuses on human equipment inputs (e.g.
OTDR datagndless on individual performanc@ne challenge in rail is that

as roles change, appropriate competency is changing without an associated
change in assessmeit.incidentsoccur, a more detailed dta analysis is
completed. This fits with the Safety | approdétolinagel, 2014)which tends

to be reactive and can lack the awareness to predict incidents. As one
participantsaigNJI A f Kl a day2 ¢éle 2F (y26Ay3
staff aret (P5). Adopting &afety Ipproach in future would focus on
identifying what factors contribute to good human performance and result in
successful operational performance. These factors include the individual
attributes of concentration confidence andidentifying when staff are

approaching an overload or underload limit
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In considering future monitoring, increased use of data logs (e.g. OTDR) and
simulators are possibilities in rail. OTDR data shows potenti&liftrer use
(Balfe et al., 2017plthough Balfe notes there are currently no validated
metrics that differentiate good from poor performance of either the drivers

or infrastructure(Balfe et al., 2017)These would need to be developed.
Additional use of simulators, and assessments ofaiglosurealso show
potential. Interms ofidentifying a research gap that focuses on personal

data, the use ofphysiological measuras rail is a topic for further

investigation ATC, rail, and automotive industries are exploring the potential
of variousphysiological measure¥hese measures offer a potential future
opportunity to collect and analyse continuous data in rail, without

interrupting the task This in turn will alloumeasurenent of good
performanceand help to prevent incidentst will be imprtant to assess the
suitability of these measures, practicalitietapplying themand ethics of
collecting data that measure individual performance of staff. Further research
should include consideration of the attitudes of staff to the use of such,data
who would haveaccess tat, and how such data could be used within wider

competence and performance assessment processes.

The terminology used when discussing performance needs further thought.
Whilst theLJK NI & S WK dzY | {6 ndtiSédifn 2albyyopeyatioBad

staff, or seen as a distinct issue, participants did recoghiaethe

performance of a wide range of people impsxil, including passengers and
the public. There were also examples of good work and research around
human performance, bua lack of awareness of this across the whole
industry. This fits with the findinthat the industry is segmented, with

priorities varying across operations, locatipaad time scales.
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3.6 Limitations

In aiming to identify a topic for theesearchscope to focus on, this study took

a broad and shallow approach to the structured intervieWss constrained

GKS 2L NIdzyAde (2 dzy Oandeindg tegsdhs f6rE LI 2 NB
their perspectivesThe resultingcodingstructuretendsto reflectcategories

and themedor furtherresearci2 ¥ (G KS Wg K2 SratdeKthatih | YR K2 ¢
identify underlyingmore abstracttonceptsthat reflect the perspectives of

staff2 T (i K Secdhdlythe Study was the first by the researcher to apply

a qualitative approachihilst this provided a learning opportunity for future

studies, itconstrained this studyRedressing these limitatioms future could

provide a richer picture of the reasofisr stakeholder perspectes on

challenges in raihuman performance datandbeneficialattributes in staff.

This study aimed to identify what measures could be used in future irFaail.
this reasonthe stakeholders primarily represented the raitlustry, with only
one stakeholder fronthe aviation and automotive industrie#f. a more even
proportion of stakeholdersvere recruited n future,a comparison of
perspectives across different transport industresild be conductedThis
could be an ingrestingstudy, particularlyto understand therelative

difference inunderlyingorganisationatultural maturity.

3.7 Conclusion

The study explored rail challenges that relate to human performance or new
technology, individual attributes gferformance, how performance is

currently assessed, and could be assessed in future. The study gathered
stakeholder perspectives and opinions, to guide the subseqresgarch

towards a topic pertinent to the rail industry that the industry will both

engage with and benefit from. The study identified underload and overload as
current challenges in rail relating to human performance. Another challenge is

that when technologies are introduced, staff are inexperienced in using the
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novel technology. An opportuty exists here to seek measure of human
performance. This could measure successful performance as a baJakme
the impact of new technologgouldbe assessedgainst the baselineorthe
risk ofpoor performancebe predicted when MWL movestaoverload or
underload, orbe usedas a learning aid to support new staff whilst they build

experience.

Regarding whose performance to measure, a wide range of people were
identified as having an impact on rail operations. Of these, drivers and
signalérs were identified as the priorities for the industry. Of these two
signallers were chosen as they are the less visible role and present the larger
research gap. Whilsesearchwill focus on signaller results from

assessments of measures may be gehsable to other roles in rail and

transportation industries, particularly control roles.

Currentlyin rail, performanceis assessed intermittently, usimgainly
competency assessments. Future research opportunities exist to expand the
use of data logs,sk exposure tools, and simulators. In addition to assessing
the impact of task factors, there was acknowledgment in the interviews that
individual attributes contribute to performance. Maintaining concentration,
and confidence are two specifibaracterisicsthat present a research gap to
consider when measuring human performance. Tagearchwill explore the

use of physiological measures as they fit the personal data perspective of the
researchand show the potential to provide continuous data. Furtiark

will be needed to assess their suitability for assessing a range of MWL with
associated underload or overload, for unobtrusive use, and for the

acceptance of staff to their use.
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Chapter 4: Physiological measurdsr mental
workload assessment

4.1 Chapter overview

This chapteprovides ascopingreview ofphysiological measuremnd the
critiqgue used to select the measures suitable for signallers irofpegations
The chapter include$tom the literature, the underlying physiologyand what
isdetected andcan beinferred by the follow types of physiological measure:
heart, skn, facial thermography; breathing; eye movement; eleetro
encephalography (EEG); and Functional neardRfrd Spectroscopy (fNIRS).
Based on this review, a decision was made to focudRrand EDAas

measures of workload in rail signallers.

4.2 Introduction

This chapter introduces physiological measures as a potential way to assess
cognitive tasks, MWL, and effort, in safety critical industries such as rail. The
challenge in rail is, as automation increases, the signaller role becomes a
more cognitive monitang task, less physical task, making the effort required
more difficult to observe and measure. A concern is the impact of new
technologies, including automation, may exceed boundaries in human
capability resulting in the overall system failing to achiamentended
performance or safety improvement. There is a need for adaptedevelop

new measures of mental workload (overload and underload), and effort, to
assess the impact of automation and other new technologies. Current
measures of mental workloagkly on observation, or subjective workload
assessments that interrupt the task or are completed after the task.
Physiological measures offer an opportunity to collect more objective,
continuous data, without interruption. Physiological measures detect a

physical aspect of bodily function such as breathing rate or heart rate. When

76



Physiologicaineasuredor mental workload assessment

applied to cognitive activity such measures are referred to as

psychophysiological measures. Psychophysiological measures in research

areas such as Human Computer Interaction Jig@ivide a new way to seek

bl &AAEGK aSyasSh 2F az2vYS2ySQa LEeOKz2f 213
(Dirican and Gokturk, 201®hich has previously been hidden or difficult to
YSIF&dNBd® LYy (GKAA NBOASEG (KS UsGésl)y WLIKE &

detect, whilst psychophysiological will refer to what they can infer.

Research using psychophysiological measures is a growing area as
contemporary technologies and computing allow collection of continuous
physiological data in real time. Physialeey measurement devices are
reducing in cost, increasing in robustness, and are increasingly portable. This
provides new opportunities for studies to be conducted beyond the
laboratory. This review is particularly interested in measures being used in
appled and dynamic work settings and tasks to determining whether
measures suit use in a simulator or live signalling operational environment.
Separate to this is the question of acceptance. The proliferation of wearable
physiological measures for personakushows a growth in cultural

acceptance and interest. An example is the prevalence of personal fithess
trackers that detect physical activity levelStbit, launched in 20Q%assold

over 127 million unitsby 2021(Larichia, 2028). Applehassincegrown to
havethe largest market share wittwearableshippeddevices totalhg 162

million units by 2021L@richia, 2022b The implications of acceptance are
considered further in other chapters in thisesis.Wearable devices are
developing rapidl, for example he global fitness tracker market is projected
to grow from £26 billion in 2020 to £83 billibim 2028(Fortune Business
Insights 2021).

Thisscopingreviewwill focus on presenting what physiological measures

currently exist, what they etect, and what they can infer aboMWL and

8 Based on an exchange rate 1 USD = 0.727 GBP, as checked on xe.com 23.10.2021
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other factors surrounding cognitive tasks and experience. This includes what
the measures can provide about transient changes and dynamic patterns of
mental workload and effort during a task. Studies in a sitoular live
operational environment are of particular interest. The review will begin with
a brief introduction to the physiology of physiological measures and introduce
the concepts of stress and anticipation. A range of psychophysiological
measures wilthen be presented, followed by a short summary of lessons
learnt about practicalities. The discussion and conclusion will consider
whether these measures detect MWL, what they do detect and infer, and the
implications of the findings, including practiceds, for thisresearch Whilst

the research focuses on signallers, the implications could apply to train
drivers and other industries facing similar changes to staff tasks with new

technologies.

4.3 Method

The focus of thiscopingreview wago identify and mapthe types of
physiologicameasures andlatausedto assess MWlclarify key concepts
and definitions and gapgColquhoun et al., 2014¢lating to application in
the railway industry or other transportation industridsmited researb was
found assessing MWL in the rail industry using physiological dat&flect
the industry application of thisesearch other industrieswere considered

including Air Traffic Control (AT@Mots, nuclear, maritime, automotive

4.4 Underlying physiology

I 0l a&aA0 dzyRSNRGFYRAY3I 2F GKS 02Re&Qa LXK

physiological measures, and what they can infer of psychophysiology.

To function, the body strives to maintain a state of internal stability known as
homeostais Sherwood 2013¢ KA & Sy adz2NBa (KS o02Ré&Qa A
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remains steady for cells to remain alive, such as maintaining a body
temperature of 3PC (Tortora and Derrickson 2007). The two parts of the
autonomic nervous system, sympathetic and paraggthetic(Sherwood
2013), maintain homeostasis through exerting opposing influences on the
body (se€Table4-1).

Table4-1 Autonomic Nervous System

Sympathetic Parasympathetic

Function Prepares body for strenuous | Maintains bodily resources.
physical act i vl Dominatesin quietrelaxed
flighto emer ge|situations

Heart Increases heart rate and Decreases heart rate and
blood flow blood flow

Skin Increases sweat across Increase sweat in armpits
body, including palms and groin only

Eye Dilates pupils Constricts pupils

Brain Increases alertness None

The autonomic nervous systeaxerts its control on the body in two ways.

The first is rapid, through direct electrical signals sent via the nervous system.
The second is slower, through glands releasing hormones into the blood
stream. The hormones take longer to take effect, but tledfect may last

longer. Thigesearchfocuses on theapid nervous system responses,

although the difference in speed of signal and the duration of effect are
important principles to consider when interpreting physiological data. This
time difference is B0 important to note when detecting a physiological

change in a different part of the body. An example of this is if detecting a
change in blood flow in the head, &6second delay should be expected from

an external stimulugBunceet al., 2006).

4.5 Stress and anticipation

Stress is a commonly used term, referring to a state of mental or emotional

strain or tension. In physiological terms stress is broken down into elements.
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A stressotis anything that throws the body out of homeostatic balance

(Sapatky 1994) e.g. physical danger, toxins, or strong emotional reactions. If

a stressor causes a reaction that is greater than homeostatic mechanisms can
counteract this leads to stress respons@ortora et al). This stress response

may be experienced agrain. The stress response has two parts, firstly the

N} LIAR WFAIKG 2N FftAIKGQ NBaALRyYyaSs LINEBR
the body for physical activity e.g. running from a lion. Then a slower

WNBaAadldl yOS NBIFOGA2Y QI nedNBcRdrQSR o6& (KS
cortisol), supports survival e.g. keep running even when the body starts to tire

or is injured. Once a stressor is removed, signals sent via the vagus nerve
NEBaG2NSE K2YS2adGlaira 2N wiz2ySQ o6{ St { dzNJIi
superblyadapted for dealing with short term physical stressors e.g. running

from the lion (Sapolsky 1994). Our modern lives can expose us to stressors

that are emotional or chronic pressures that make us sick. The implication of

GKAA FT2N dzy Rboesh dz0QRA § 3t FFKIIGA1SQ Aa (K
physiological state may include short peaks of sympathetic respdmséo

strain, but prolonged heightened levels are less sustainable.

Anticipation commonly refers to the expectation or prediction of a future
event. It is a way for the mind and body to prepare for a potential stres§or.
it is detected imphysiological datahis willbe chronologicallybefore the
external eventst relates ta Secondly, there is a possibility that if anticipation
isaccurate, an individual will not experiensgain. This possibility was
identifiedin sports research propogy that if (physical) fatigue is experienced
at an anticipated level then the individual theoretically will not be aware of
the sensation of fatige (Swart et aJ 2012, and Tucker 2009)he example
provided wasof a marathonrunner will not reportfeelingfatiguelater in a
raceif they feel how they anticipated feelingt that pointandfeel able to
completethe race This is despitbeing measurablphysicaly fatigued at that
point in a raceIn contrast, ahort distance runner ia long racevould
experience and report fatiguas the distance exceeds theinticipated

exertionfor a race Thispresents potential paallelsto the anticipation of
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cognitive tasks and MWf signallers A signaller handling many trains may
not report high workload if tat number iswhat they anticipatedThe
individualexperience of a event is linked to the extent to whichratches

the experience as anticipated by the individual.

4.6 Criteria for measures for use in live operations

A set of criteria wereleveloped,nformed bythe domain familiarisation
previously completed by the authos€e Sectiorl.6) and byergonomists and
operational signalling staffiorkingat Network Railnvolved in preparing for

the planned live trial.

(1) Saff canwalk aroundf needed- to talk to colleaguesthe shift
manager andreach thetelephone at theend of their workstation.

(2) Measures must cause minimal or no task interference, to ensure staff
can complete all aspects of their task safety and effectively. This is
imperative in a live operanal environment where staff are
responsible for safety critical tasks and operational performance. This
includes allowingll gaff to wear prescription glasses if required.

(3) Staff control over data collectiofhe devices need to be swift to put
on/remove for the convenience of staff who have a long and busy
shift. Secondly, to assist with staff acceptance, devices would benefit
from allowing individual staff to turn on and off data collection with
no assistance from a researcher. This would apply tettbreaks, and
also any situation that develops at the workstation that the individual
does not want recording. The researcher felt thatreasing advocagy
by providing this level of control over data to staffould be an
important aspect of applyingie measures in the rail industry.

(4) Sensitive to MWL on owiThsrelatesto the data froman individual
measureshowingsensitivty to MWL. This wouldssist irkeeping the

number of devices to a minimurfor practical purposesn the field.
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4.7 Physiologidameasures

Physiological measures detect a physical aspect of bodily function such as
breathing rate or the electrical signals that instruct the heart to beat. When
applied to the study of cognitive activity these are referred to as
psychophysiological meares. It is worth therefore distinguishing between
what measures detect and what can be inferred from this. The assumption is
these measures can infer mental states that are not observable in overt
behaviour or verbal reporfHugdahl 1995. Psychophysiobical studies seek

correlations of behaviour, they do not claim causal lifilkeshrer et al., 2010)

The benefits of applying psychophysiological measures are they are less
intrusive to the task than secondary task measures orreglbrt measures.
Secondly the measures can distinguish between short duration events (phasic
characteristics) as well as tanthanges over time. Thirdly they may detect
relevant data not available through current measurement techniques (e.g. as
the individual is not consciously aware of them, or one that is difficult to

provide a verbal description for).

This field of reseattis evolving quicklgCharles and Nixon, 2018pm

initially studying the ANS and arousal, to the interaction of complex cognitive
and emotional processg$lugdahl1995. Charles and Nixon (201B)ovide a
literature review of current research specififgon mental workload using
physiological measures. The research here considers mental workload, but
also overall effort in terms of what is sustainable for a human to maintain
whilst completing a task. New psychophysiological studies may in turn
endorseor question aspects of existing theories of mental workload and

related concepts.
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In this section physiological measures concentrate on five categories,
reflecting the fiveareasthe autonomic nervous system contrshownin
Table4-1. The resultsare alsosummarised in a conference poster (see
Appendix B. Here, echsectionexplairs what the measure detects, how it is
detected, and what studies have found it can infere ®rder is
approximately chronological, starting with older, develogew ending with
novel methods:

1 Heart

1 Skin

1 Breathing

1 Eye

1 Brain
Following this, lessons learnt regarding practicality and ethics will be

presented.
4.7.1 Heart rate

Heart related psychophysiological measures returned the largest set of results
in the literature. Heart Rate (HR) is the number of heart beats per minutes,
detectable at various positions on the body (e.g. fingers, wrist, torso). HR is
sensitive to changes overall MWL in a nuclear control room study
(Bainbridge, 1983}task demand in a pilot flight stud@ao et al., 2013nd

task duration in a car driving studidankins and Wilson, 1998h a car

driving simulator study, involving 15 participants, HR and Blood Pressure (BP)
indicated short lasting increases in task dem@Rathter et al., 1998A study

of 25 Air Traffic Controllers in the field found that Instantaneous HR (the
interval between beats) correlated with number of aircraft, task load, NASA

TLX, and skin conductan@&verty et al., 2003)
lw Aad a2 aSYyaAadra@dsS G2 LI NILHAOALN yiIQaA

deemed unreliable aa standalone measure of MWL. HR is viewestead as

a useful addition to selfeport measuresHeart Rate Variability, which is

83

LIK



Physiologicaineasuredor mental workload assessment

described next, is deemed in the literature to be a more reliable way to infer
MWL.

4.7.2 Heart Rate Variability

Heart Rate Variability (HRV) relating to the electrical agtofi the heart as

detected by Electrocardiography (ECG). The resulting ECG pattern is described
as the R wave, with a distinctive peak at the start and end of each beat cycle
(seeFigure4-1). Heart Rate Variability (HRV) measures the varying time gap
between these peaks, the-R interval, and is an important

psychophysiological variab{eehrer et al., 2010Medical grade measures

include multiple leads with sensors p&ton the skin in up to 12 positions

around the body. Ithisresearch a recording sufficient for research purposes

can be detected with two sensors in contact with the skin.

.
-~

& ._/_/ Seddiadl AL .-__/

Figured-1 R wave peaks in Electrocardiography data

HRYV correlates with sensory inpRiganello, Garbarino and Sannita, 2012)
HR increases and HRV reduces with increasecety(Riganello et al., 2012)
A study of 7 pilots in a sinator found HRV reduced when task demand was
high Lehrer et al., 20101In a live train with six trains driver participanong
et al. (2014 found HRV decreased before and after a train stop and at
tunnels. They reported this as inferrindesvel of akrtnessand mental
WiSyaarz2yQo |Nikelayd NachréireiN300pioposeFHRY does
not indicate MWL, but instead indicates time pressure and emotional strain
These studiedemonstratethe variedresults found when using physiological
data tomeasures MWLThisis encouraging as it sows potential whilst leaving
a research gap to explotbe reasons for chang&hey could all be

representing an element of truthy detectingtask demand and influenog
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factors including anxiety, alertnesand emotional strainSonget al. provide a
methodological approach that is viable to collect data in live operations
applying a data driven approath identify what points on a journey HRV

changed and the potentiaeasons for this.

Research suggests the frequency of signal may also provide useful
information. High Frequency increased when individuals were relaxed and
decrease during stress or physical exercise, low frequency was low during
high mental tas& (Nagano 200Rand increased with boredom (Schellekens et
al., 2000. Johnseret al.(2003)noted that neither HR or HRV returned to

base line during the recovery period. This delay or lack of return to base line is
a feature of other psychophysiological asures. It is unclear why this is the
case. It could be the genuine time needed for the parasympathetic nervous
system to reduce the heart rate. It could be a gradual drift in measurement.
The literature recommends considering recovery rate as the tinretiarn

from the peak value to 50% of the value of the base{idagdahl1995. To
achieve this baseline values can be recorded prior to a trial starting so that
the relative change in values are assessed rather than the absolute values.
Absolute and relave values have both been used in research, ideally authors

state clearly which they have used.

One ethical consideration is the R spike is the main feature of arrhythmia
detection Kimet al.2022). Devices are not medical grade, researchers are
not medcally trained, and such feature detection is not the focus of cognitive
studies. Even so, practical and ethical considerations need to be addressed.
Secondly wireless ECG devices are not recommended for participants with
pacemakers in case they interfength the pacemaker. To address these
issuesyesearch suggests the frequency of signal may also provide useful
information. High Frequency increased when individuals were relaxed and
decrease during stress or physical exercise, low frequency was low during
high mental tasks (Nagano 20Ghd increased with boredom (Schellekeaats
al.,2000.
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4.7.3 Sking Electrodermal Activity

Electrodermal Activity (EDA), also referred to as Galvanic Skin Response or

Skin Conductance Response (SCR), is a measure of the electrical conductance

of the skin(Venables and Christie, 198@ensors are placed in contact with

the skin, e.g. wrist ortiger, making it easy to apply. Conductance increases

la GKS alAy as¢Slrdao 'y AYRAGARzZ £ Qa ai
sweat. To understand EDA data the underlying nervous control by the

sympathetic nervous system should be taken into actgkimet al.,2015)

EDA is good for inferring streidealey and Picard, 200&i)d arousal. An

aroused state describes being awake, gland attentive. The term arousal is

dzZa SR AYUOSNOKFIy3IStofte gAGK WFEOGADIGAZ2YQ
(Hugdahl 1995), describing a level of cortical, behavigurahutonomic

activity. The common usage of arousal can imply sexual arcusa itrefers

to alertness and autonomic state.

In a car driving study 33 participants completed a driving and bgatkisk in a
simulator.Electrodermal Response (ERItinguish between different tasks
(Healey and Picard, 2003 a second study of 108 car drivers, HR and Skin
Conductance Level (SCL) both increased statistically significantly with changes
in cognitive load(Mehler et al., 2012)The study compared different ages

groups of drivers and found SCL was lower in 40s and 60s age, but the pattern
of incremental increase was consistent across all age groups. This finding
suggests varying cognitive load canitierred from EDA, and that the use of
relative values is beneficial for showing patterns in data. Absolute values may

be of use if comparing between participants.

In train driving studies, EDR distinguished different train driving and braking
tasks, inalding emergency brakingollet et al., 2014)A live trial with train
drivers trial in Korea found EDA reflected arousal status of dr{&asg et al.,

2014) GSR correlated with low adhesion conditions and anticipation of such
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conditions(Crowley and Bée, 2018) Drivers were aware of an area prone to
low adhesion and GSR spiked in advance of the location. This anticipatory
element of EDA offers an interesting additional potential not mentioned with

other measures.

A live trial involving ten rail sigiler EDA was a good discriminator between
high and low selbssessed workload, in two out of three scenarios
(Broekhoven, 2016)t was theorised the lack of EDA in the third case was due
to a lack of an underlying stress response. The duration of r&Bellevels
varied after phone calls were received by the signaller. A short recovery time
was associated with a phone call received with factual information and
minimum service disruption. A longer recovery time was associated with a
phone call where a drer reported they may have hit a person. This call
contained levels of emotionality, and uncertainty including potentially longer
disruption to train services. The situation was resolved when it was confirmed
no person had been hit and services could resuithis study was the only

one identified inthe scoping reviewocusingon railway signallers.

Whilst EDA can be used on its own, some authors recommend combining it
with other measures (e.g. cardiac activity) to enhance reliability of results
(Collet et al., 2014)This is a recommendation made in the literature for many

physiological measures
4.7.4 Facdal Thermography

Facial Thermography is a newer psychophysiological measure that detects
changes in blood flow to the skin derived from temperature detected by a
thermal camera. A laboratory study found that facial thermography and pupil
diameter were goodndicators of workload, corelating strongly with
normalised Instantaneous S&lssessment (ISA) ratinffdarinescy et

al.,2018) A recent flight simulation study suggested it shows promise as a
MWL measure, with the nose area skin temperature correlatigiply with

both subjective workload measures and performaiiCellet et al., 2014)The
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study did note individual differences, as discovered by other
psychophysiological studies in tlsisopingreview. This method is not yet
common in the literature butould prove a useful addition to the choice of
measures in future. Machine learning techniques could improve the data
analysis burden of this measumdachine learning could bi&ught to
recognise facial features, then use this to more rappaiycess thehermal

video data that has previously been a more manual processing step.
4.7.5 Breathing

Breathing rate is a measure of how many breaths are taken in a given period
of time. Changes in breathing rate wheedentarycan infer cognitive and
emotional state{Snget al., 2014; Harmat et aR015; Rendo+Velezet

al. 2016) Breathing rate, and depth, can be detected with a chest strap in
contact with the skin. Wireless options are available allowing free movement.
The prevalence of such devices has greatlyemsed in sport science and
personal fitness tracking (Sandetsal.,2016). The measurement of

breathing is more prominent in physiological studies than in

psychophysiological studies.

In the scopingreviewof psychophysiological studies breathing rate was not
measured in isolation. Studies instead combined breathing rate with other
psychophysiological measures. A study involving 77 participants playing the
electronic game TETRIS found effortless attentiametated with deeper
breathing.However,no association was found with blood flow in the
prefrontal cortex(Marinescu et al., 2016)n an Air Traffic Control (ATC) study
of workload(Harmat et al., 201%)reathing rate, along with other
physiological meases, correlated with changes in workload. Breathing rate

does not necessarily intezorrelate with other physiological measures.
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In terms of practicality, wireless devices reliant on Bluetooth are not
recommended for participants with pacemakers as wiite ECG device. This

can be covered in consent form and participant briefings.
4.7.6 EyeMeasures

Eye Movement Tracking (EMT) is a measure of the location of ga¥e can

be inferredfrom eye measures includirgink rate, fixation time, pupil

dilation and eye lid closure. These can be measured either through devices
worn on the head, or data captured by remote camdraterms of detecting
MWL, in a driving study, blink rate decreased at complicated sections of road
(Brookings et al., 1996BInk rate was sensitive to short term temporal
changes of workload, both in differences in overall task complexity and
changes in peak complexity in a nuclear control room (&&hter et al.,

1998) Blink rate increased in a monotonous car driving coodifBorghini et

al., 2012) In other eye measures, increased MWL correlated with pupil
diameter and fixation time but not saccade distance or speed (saccade being
the rapid movement of the eye between fixation poin(§ao et al., 2013)
Brookhuis and de \aard (2010) suggest Percentage of Eyelid Closure
(PERCLOS) is a useful psychophysiological measure of MWL, hileever
Greef et al., 2009%ound EEG and Electrooculography (EOG), to detect fixation

duration, more accurately.

In terms of detecting drowsgss, a car driving simulator study included
measures of blink rate and eye closiidguyen et al., 2017 he study found
slow eye movements indicated drowsiness and changes in beta band brain
waves, and a sharp increase in ¢x@emoglobin (detected by Ne#&nfrared
Spectroscopy), happened several seconds before eye closure. This study
shows how different physiological measures can detect different changes that

occur in sequence, rather than simultaneously.
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On a practical level eye measurements suit satarl conditions as ambient
light is controlled, as data can be affected by ambient lighting levels
(Matthews et al., 2014; Tang et al., 2018)visual task seems the most
appropriate and, if using a camera, one where the participant can remain in
one posiion. If a headset is required as part of measurement, duration of
study should be considered for the comfort of participants. The difficulty of
data analysis is not clear from the literature, but a level of understanding of

the underlying psychological mkanisms is implied.
4.7.7 Braing Electroencephalography

Electroencephalography (EEG) is a-myasive way of measuring electrical

activity in the brain from signals detected on the scalp by multiple electrodes.
¢tKS&aS St SOGNRBRSa OlfyLlJo®de FIA 1FHSR 2MISH QdzSI
in a head cap. The methods of fitment impact how accurate the data is

compared to collecting unwanted noise in the signal. EEG produces various

brain wave patterns e.g. Delta waves during sleep, alpha waves when awake,

beta waveswhen alert (Kiret al,, 2015 Matthews et al., 2019) EEG data

can infer level of activation of areas of the brain and distinguish different

patterns of brain wave.

In the literature various studies were identified involving detecting workload
and cognitive performance. A study of 92 participants conpiea vigilance
task found EEG distinguish between two MWL levels, and therefore could
monitor vigilancgKamzanova, Kustubayeva and Matthews, 2014)
particularly using alpha waves. Another study of 80 participants found an
increase in EEG correlated witlorking memory, problem solving, reasoning
and integration of information, and correlated with both subjective and
objective performance metric&amzanova et al., 2014Berka et al., 2007)
deem EEG a highly sensitive tool, capable of distinguishingahijlow
workload(Muhl et al., 2014) particularly when combined with eye related

variables to remove eye movement artefa¢@awiah and Dawal, 201&\n
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EEGbased cognitive control behaviogtudywith 37 air traffic controller
indicatedEEG could diseninate skill, rule, knowledge cognitive levels
(Borghini et al., 2007 The findings from these studies are important for two
reasons: 1jhey show the potential for EEG to detect various aspects of
cognitive performance that are relevant to MWL includMivL level,

vigilance and SRE&vel; 2) the need to remove or account for artefacts.

A car driving study found EEG was sensitive to workload chdRagsshussen,

1983) When car driving difficulty increased, EEG detected theta band

increase in the PFC, aatpha band decrease in the parietal area of the brain.
S5dzZNAYy 3 Y2y2G2y2dza LI NGA&A 2F GKS &aavdz I
detected which indicated drowsiness and reduced vigilance. These findings
demonstratethe complexity of EEG findingBhe implicatiorfor thisresearch

is, if EEG is used, it will be important to understand what areas of the brain

are involvedand the differenttypes of brain wave, rather than simply a

measure of amount.

In rail, in a study of 15 drivers, EEG showed a significant difference between

three train driving conditions: daytime, rainy day; and rainy n{@drghini et

al., 2012)lthough differences were not significant across all channels of EEG
sensors. A ragitudy in Korea was conducted in a live operational

environment. The study combined multiple physiological measures. Six

drivers wore an EEG head sensor, breathing belt, and sensors on the fingers

for EDA(Zawiah and Dawal, 2016lhe study considered whethmeasures

could detect, and therefore in future predict, sleepiness frarausal status.

95! 3 99D YR 9/ D ¢gSNB F2dzyR (2 O2NNBf |
In the EEG data, beta waves were higher before and after a train stop and

tunnels, and ngatively correlated with HRV which decreased. The changes

detected were thought to be due to changing levels of alertness and mental
WiSyarzyQed Ly FFRRAGAZY G2 GKS RIFEGF FTAY

of data being collected using physiologicaasures in a liveailway
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operational environment. Whilst the application of these measures is

expanding such trials are still rare in the literature.
4.7.8 Braing Functional Near InfrRed Spectroscopy

Functional Near InfriRed Spectroscopy (fNIRS) is a reddy new measure in

the assessment of MWL, with a 2014 paper celebrating 20 years of progress
(Boasetal.,201® 2 KAfad GKS fSIFad YIFGdz2NBE YSI ao
visualise brain activity (sdegured-2) makes it worthy of inclusion. The fNIRS

headband Figure4-2) is light to wear and fits to the forehead.

Sensors Emitters

Figured-2 fNIRS visualisation of brain activity (right), and headband (left)

fNIRS works by deriving levels of oxygenation and deoxygenation of
haemoglobin in the brain, based on the level of nadrared light absorbed

by the cortical tissue. Emitters send neafrared light signals into the cortex,
and the reflected light notlasorbed by the haemoglobin is detected by
sensors (se€igure4-2). Based on the signal detected, the level of blood
oxygenation and deoxygenation is dexilz Cognitive activity is inferred from
both levels of oxygenation and deoxygenation. The oxygenation is linked to
the expected level of oxygen the brain needs, and deoxygenation indicates

how much oxygen has been used.

fNIRS infers cognitive activity in the area of the brain closest to fitment. When
on the forehead it is closest to the PFeontal Cortext (PFC), the activity of
which is of interest here. The PFC coordinates attention, organises perception
over time, goatlirected behaviour, and deals with novelty and complexity

(Fuster 2001) and working memorySong et al., 2014Humans have higher

92



Physiologicaineasuredor mental workload assessment

cognitive capacities in these areas, helped by having the largest and most
developed PFC in mammdFuster, 2001)Activity in this area of the brain is
of interest in thisresearchas signallers are required to sustain attention, and

make complex decisis situated in distinct but variable time frames.

In the literature, various laboratory studies found fNIRS was sensitive to
MWL.Firstly,fNIRS distinguished three workload levels in araok task

(Herff et al., 2013)but not in all participants. In study of air traffic

controllers, fNIRS increased with task difficulty in amack working memory
and attention tasKBaddeley, 2001)n a military study of 150 participants
completing a threat detection task, fNIRS oxygen saturation was sensitive to
workload when compared with base line oxygenation leyAigaz et al.,

2010) In another military study, fNIRS was sensitive to mental task load and
practice levebf students completing an unmanned air vehicle té&kaz et

al., 2012) This would fit with tle theory that experts with experience of a

task will find it less mentally taxing than someone new to the task.
Oxygenation levels were found to have the strongest correlation with
performance(Matthews et al., 2014)Findings from all of these studies
indicate fNIRS is sensitive to MWL, task difficulty and practice level. Practice
level findings fit with theories of working memory effort reducing as
experience increases. These studies also raise issues to consider when
applying fNIRS including possibleiuidual differences across participants,

and the use of relative values (to baseline) rather than absolute values.

The literature also reports on what fNIRS does not detect. fNIRS failed to
RSGSOG WSTFF2NIESaaQ | ddSydranegamg KA &
TETRISMVaior et al., 2018)In another study, PFC oxygenation was higher

with voice rather than visual data communications. The study concluded

MWL was lower with visual data. In both cases, these finding could simply
indicate PFC did not ha\a significant role to play rather than piding MWL

data. This leads to a broader discussion around whether mental workload

only occurs in the prefrontal cortex.
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In terms of practicality, to date the literature of studies using fNIRS appears to
be foaused on laboratory studies. fNIRS is sensitive to motion artefacts which
need to be removed during analysis. Using fNIRS beyond the laboratory is in

its infancy.

4.8 Practicalities of use: lessons from the literature

There are practical and ethical consideoats when using psychophysiological
measures. Many can be drawn from the research presented above, with
implications forresearchstudy design and measures choice. Here is a
summary of broader practicalities relevant to any studies using measures to
assessighly cognitiveless physically demandingsks.The focus here isn

the practicalities of applying measures in a live rail signalling environment or

signalling simulator.

Firstly, it is common to use psychophysiological measures in combination
(Dirican and Gokturk, 201Dr with other measures such as salsessed
workload or observation. This allows triangulation of findings from difference
sources, where correlations as well as lack of intercorrelation are of equal
interest. Multiple measures cacontrol for confounding variables, such as
physical movement artefacts in the data. Physical movement can also be
addressed in part through study design requiring participants to remain

seated.

Environmental factors such as light and temperature can affegsiological
measures so need to be controlled for, especially light levels when using eye
measures. This is one of the challenges when moving psychophysiological
measures from highly controlled laboratory conditions to a live environment
workplace suclas railway signalling. Another confounding variable is caffeine

consumption, and it has been restricted in sostadies (Nguyen 2013y it is
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a known stimulant. Inhis researcha decision will need to be made on

whether caffeine consumption is restricteén participants or not.

There are medical considerations worthy of note with physiological measures.
ECG devices have the potential to detect arrhythmia whidtilst not the

focus of cognitive studies, raises ethical questions of how to deal with unusual
readings. As the researcher is not medically trained a solution is to clarify will

all participants that studies cannot be regarded as a medical check.

Psychphysiological measures show dynamic changes in data over time,
including duration of effect and proportion of change. This has two practical
implications, firstly using relative values (e.g. fNIRS and EDA) may be more
appropriate than absolute data valueBhis means that it is thehangein

value, the direction of change and the timescale of change that are of most
interest rather than an absolute value. Secondly, a baseline value is needed to
compare to however following spikes in the data values mayretoirn fully

to the baseline. Linked to this second point, what would need further
investigation is whether a gradual tonic shift over time is a measurement
error that should be removed during analysis, or whether tonic changes could
be detecting a relevarunderlying shift in physiological levels. An example is
EDA values will generally shift upwards as the area of skin next the sensor

becomes sweaty due to the clo$iéting sensor.

Caffeine maye a variable that needs to be controlled forfuture
psychophysiological studie®articipantsin studies can be asked to avoid
caffeine(Borghini et al., 2012; Nguyen et al., 20T#)is is worth considering
for the currentresearchwhen determining what restrictions, if any, to put on

participants.

Anotherconsiderationis, of the measures presented so far, EEG appears the

mostcomplex in terms of data analysis and correct interpretation of the data.
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This has implications fahe researcher in terms d@ghe implementation of the

measure.

Finally, the ease afata analysis and the learning curve for researcher varies
between different psychophysiological measures. This is, in part, due to the
extent to which the data collected requires signal amplification or post
collection filtering and the extent to whichlavel of knowledge is needed to
interpret the signal. The data analysis challenge also varies with the extent to
which measures are very new, or more established (with associated software
to assist with analysis). Whilst these considerations are not niotéice

literature, they do have practical implications for any researcher wishing to

apply psychophysiological measures effectively and successfully.

4.9 Selection of measures for use in live operations

The physiological measures identifiedine scopingreviewwere compared

with the criteria foruse in live operationpresented in sectiod.6. As a result

of this comparison of measures, wearable measures were determined to be
preferable.Results are presented ifable4-2. The EDA wrist strap was the
most suitable. Both HeaRate and HRV were found to be suitable in three of
four criteria. The final decision to focus on HRV were for two reasons. Firstly,
that the literature suggested HR itself was not, on its own, sensitive to MWL
but that HRV was. In addition, given tReDresearchrequirement to seek

novel contributions to research, HRV was found to be a comparatively recent
addition to the physiological measures used for workload. No studies were
identified that had previously applied HRV in a signalling setting. The
comhnation of the EDA wrist strap and HRV chest strap were chosen to take

forward to the next study.
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Table4-2 Comparison of physiological measures to suit live signalling operations

Criteria | Staff can Minimal Staff Sensitive to
walk task control MWL on
around if Interference | over data own

Measure needed & can wear | collection
glasses
EDA Good T Good T Good T Yes
(Electrodermal wireless Easy to wearer can
Activity) wear turn off/
Wrist strap remove
HRV (Heart Rate Good T Good T Medium i Yes
Variability) wireless Easy to wearer can
Chest strap wear turn off.
Fitment in
private
Heart Rate Good i Good 1 Good i Medium i
Wrist or chest strap | wireless Easy to wearer can usually used
wear turn off/ with other
remove measures
Breathing Good i Good 1 Medium i Medium i
Chest strap wireless Easy to wearer can usually used
wear turn off/ with other
remove in measures
private
Facial Medium i Medium i Poor - Yes
Thermography must face no glasses researcher
Remote camera camera preferable stops
recording
Eye Movement Medium i Medium i Poor - Yes
Tracking must face no glasses researcher
Remote camera camera preferable stops
recording
Eye Movement Medium - Poor i no Good i Yes
Tracking small batter | glasses wearer can
Glasses pack turn off/
remove
EEG (Electro- Poor i wired | Medium i Medium i Yes
encephalography) | device weight on needs
Head cap head assistance
fNIRS (functional Medium i Medium i Medium i Yes
Near Infrared small batter | weight on needs
Spectroscopy) pack head assistance
Head cap/strap
4.10 Discussion

Thisscopingreviewhas presented what physiological measures exist,

whether they detect MWL, and what else they can detect and iabmut the
effort and experience of completingpbgnitive tasks. This discussion will
consider the implications of these findings for tlesearch, including
practicalities, of applying these measures in a live operational environment or

simulator.
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Physiological measures detect various aspects of the body including electrical
signals, electrical conductance, level of reflected light (e.g. f{NAR&),

movement (e.g. eye measures, breathing). Such measures can be used to
infer cognitive activity, thus gaining the term psychophysiological measures. It
is important to distinguish between what measumstectand what they can

infer.

Thescopingreview found various psychophysiological measures are sensitive
to overall MWL. They can also be sensitive to other factors surrounding
cognitive tasks and individual experience, some of which sit within MWL and
some outsideHR and HRV correlate with overd\WL and task demand, but
also to emotional state which traditionally is outside of MWL. HRYV reduces
with increased task demand and anxiety. Nickall Nachreing2003)

proposes that HRV does not indicate MWL, but instead time pressure and
emotional strainEDA varies with the cognitive load of difficult tasks, strain
(stress) and alertness (arousal). Breathing as a measure on its own does not
detect MWL but can be of use in combination with other measures, and one
addzRe fAY1SR Al ¢ BREya KeasheScaredbi@ct d®dsiness G 0 Sy
and distinguishes complex tasks (blink rate reduces) from monotonous tasks
(blink rate increases). EEG can infer vigilance, sleep/awake state,
performance and alertness from different types of brain wave pattern and
location of brain activityAll these measures are sensitive to something, but it
is questionable whether they are all detecting MWL. The consensus in much
of the literature is to use measures combination. The extent to which
measures inteicorrelate varies. If measures do detect MWL and other factors
it would explain why they can vary independently. Whilst these measures
may not single out MWL, they do offer continuous data in real time pcg

the more dynamic aspects of cognitive tasks. They are therefore chosen for

use in thisresearch

The first implication of these findings for tihesearchis to choose measures

based on what aspects of MWL, or other factors, are the most relevaat. Th
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signalling task requires sustained attention, planning, monitoring (visual and
auditory), alertness, working under time pressure and varying MWL between
low (e.g. infrequent trains, running to timetable) and high (e.g. late running,
perturbations, increaed phone calls). Based on these task requirements,
suitable physiological measures include HRV, EDA, fNIRS, breathing rate (if
combined with other measures), EEG, EMT, Facial Thermography. These
measures have been found to correlate with MWL. They caagldition,

show dynamic patterns and changes over time, both phasic (short duration),
and tonic (longer duration). The proportion of change and speed of change
are useful forms of physiological data. Such data can uncover the
physiological effort being puh to achieve a performance outcome. In future
this could lead to a better understanding of how sustainable such effort is and

indicate whether the task is leading to strain.

EDA appeato detect anticipation of a potential near future event. This
antidpatory element was discovered during teeopingreview and is of
interest to thisresearch It is hypothesised that novices will not show an
anticipatory spike prior to events, but experts wili.contrast,a novice is

more likely to show apike afteran eventthat indicates their level of surprise
or habituation.Spikes will reducefter repeated exposures these, a novelty is
replaced with familiarity. Whilst these are outside traditional MWL, how
predictable or unpredictable events are is relevansignallers. The signalling
task includes dealing with highly predictable timetabled events as well as
unexpected disruption€EDA could, potentially, distinguish betweeifficult
task events that can be anticipated by experts, and events that are
unexpeced. This becomes less about thh@antity of task load and more
about the difference betweeexpectationandreality. If signallers expect
something to occurthey will show a small physiological change and swiftly
return to baseline, reflecting a sustainable physiological state. Unexpected
eventswould showelevatedresponses in physiological détzat take time to

return to baseline.
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In terms of setting, the literature shows psychophysiological measures suit
application in simulator and live environment settings. To date, however,

little has been done in rail. This provides an opportunity appropriateRbR2

to apply these measures mnew setting. To successfully apply these
YSIadaNBa WAYy (GKS gAfRQ K2gSOSNE Al Aa
variablesphysical movement, light levels (affects eye measures), and caffeine
consumption. In a signalling simulator lighting candontrolled, and physical
body movement is mainly arms and head. In a modern Integrated Biectr
Control Centre (IECC) signallers are seated (controlling for physical
movement) in a light and temperatweontrolled room. Signallers however
must be ablego move along a workstation and around the room walk. This
favours wearable measures where physical movement can be recorded by
accelerometers and dealt with in data analysis. With regards to caffeine
consumption, observation of signalledsringthe doman familiarisatiorfor

this researchsuggests some signallers consume caffeine frequently during
shifts. It may not be appropriate to request signallers abstain from caffeine.

Instead consumption will be recorded, including during data collection.

Regading validity, the variation in application of measures, and definitions
used, make it difficult to directly compare or combine findings from different
studies. This leaves a mixed picture of whether spegificsiological data are
sensitive to specific workload factors. Where correlations exist in the research
thisindicatesa relationship exists butoes notproveacausl relationship.
Despite this lack of clarity, physiological data remains of interestito
research ashere is an interest in the full range of MWL, and understanding
what effort underlies sustainable workload that supports successful
operational performanceTo progress the use of physiological data,
accuracy of terminology is needadfuture researctio both labelthe

construct of MWlbeing examine@ndthe specific type of physiological data
beingmeasured This willconfirm what certain physiological datare

diagnostioof, factors such atask demand, time pressursiress,or alertness.
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This in turn can inform further discussion tightening the definition of the

construct ofMWLand the factors that influence it.

Regardingeliability, the evidence base for psychophysiological measures is
currently incompleteNo studiesn this review collected data from the same
participant on occasions separated by days or weeks. Some studies find
inconsistency in results between participaif¢sg. fNIRS). This second finding
could be a genuine difference between participants in thepexience of the
task. This limited reliability data remains a weakness surrounding
psychophysiological measures. To address these limitations iredesarch
firstly a withinsubjects study design will be applied, and secondly multiple
measures will be ggied to allow triangulation of results. Further research,
beyond the scope of thisesearch is needed to prove reliability. Ideally such
studies will provide open access data, and report clear data processing
methodologies, to build an evidence base aedermine the boundaries of

appropriate use of each measure.

In terms of the dynamic changes over tipgychophysiological data show,

the return to baseline can be relatively slow, or a value may fail to return to a
previous baseline. After each shottasic event, the underlying tonic value

can shift. It is unclear in the literature why values fail to return to baseline.
These shifts in tonic values over time may be measurement errors (e.g. EDA
device causes skin under the device to become sweatiggrraltively,

measures are detecting a genuine cumulative effect. In EDA this is dealt with
by treating recovery as a 50% return towards baseline. If this is a genuine shift
Ay olFaStAaySz Ad YlL@& YIS @oAaAraotsS I NBR
whether or not individuals are consciously aware of this reduction. This area

of psychophysiological measures is worthy of investigation and consideration
in future studies. The practical implications for this for tugrentresearch

are that it is important toifstly determine what is an appropriate baseline is

for each measure and collect it. HR or HRV can be compared to a baseline

value taken at the beginning of a sessiaereasfNIRS values need to be
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compared over a shorter time period. Secondly be abldistinguish

between any phasic changes and tonic changes. This can generally be done by
looking at the pattern and speed of change (over seconds or minutes).

Thirdly, then compare relative data rather than use absolute values of data.

This allows for angbis of changes over time, direction of change, and

proportion of change, with speed of return to baseline as an indicator of
WNBEO2PSNEQdD® CAylffer aSSY SOARSyOS 27
AYRAOIGS + aKATFTOAY3 ljdzr yiAGe 2F waLl NB

In terms of feasibility of applying these measures in rail, one key aspect is
whether signallers will accept the use of these measures. One key benefit of
these measures is they are not intrusive to the task as they require no
interruption to the task, aswrrent selfassessment measures require.
Acceptance, however, goes beyond whether a measure interrupts the task.
Potential distraction is another potential concern. A feasibility study will be
conducted prior to trials with signallers to assist in confiirether the

devices may distract from the signalling task or be uncomfortable or
impractical (e.g. due to time required for set up). Anonymity of findings will
be another factor. Finally, how signallers perceive this type of personal data
being used in fture is important to consider. These feasibility concerns will
fed into the ethics application, study design, and recruitment for studies

involving railway signallers.

4.11 Conclusion

To conclude, various psychophysiological measures were identified as linked
to MWL. The use of psychophysiological measures is expanding in the
literature, including in simulator anidze environment settingsThe

application inthe railway industry or in live environments t®, date, small.

The measures offer potential in rail, and whils¢ir novelty in this application
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suitsthe needfor PhDresearchto contribute something novel, novelty in rail

could add to the challenge of gaining acceptance of signallers in studies.

The measuwes offer the potential to infer alertness, time pressure, strain (the
experience of stress), and anticipation. Ideally measures are used in
combination to enable triangulation of results and to assist with controlling
for confounding variables. A weaknesfspsychophysiological measures are
their limited evidence of reliability and validity. Further research, beyond the
scope of thigesearch is needed to build validity and reliability evidence. In
building this evidence, psychophysiological measures ddetlatify what

aspects of the task, or other factors, cause spikes in physiological data to
determine the extent to which these findings endorse existing MWL theories.
This will be the next step in thresearch with a feasibility study to assess the
suitability of these measures for assessing the signalling task. After assessing
0KS aA3ayl t fré&séareiin futureittle méagures riday suit

assessment of other rail tasks.
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Chapter 5: Study 2¢ Usingwearableto infer
workloadduring asimulatedsignalling task

5.1 Chapter overview

This chaptepresents the results frortudy 2a simulation study of twenty
participantswearingphysiological measures to inf&WLduring arail
signalling taskHeart Rate VariabilitfHRV) andElectrodermal ActivityEDA)
data were collected and compared to task demand andregort workload.
The study was conducted to provide an initial test of methods, equipment,
data processin@gnd data visalisationprior to future live trialling of measures
with industry.Results showed what aspects of workload different measures
were sensitive towith storyboardsgraphing dynamic changes over time to
show the complexity of relationships betweétRV, EDAask demand and

subjective workload.

5.2 Introduction

Additional Mental Workload (MWL) measures would benefit railway signalling
control as signalling moves from manual signal boxes to larger centralised
centres. These centres allow signallers at seated workstationd{gaee5-1)

to usenew assistive technologies to control larger areas. At workstations
602YLI NBR (2 | GN}YRAGAZYIE &A3AYyILf 062E0V
rather thanphysical, making workload lessertly observable. ThRail

Accident Investigation Brandtasrecommenckd improving signalle
workloadassessmenfRAIB, 2020)ncluding the impact of new technologies.
Whilst measures are already available that measure task demand and
subjective workload, an opportunity exists to build on these through
physiological approaches. This study considers whether less observable MWL

could be inferred from wearable physiological measures.
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New MWL measures need to suit use in live operatjavhere current
measures such as subjective workload scales can be intrusive and too time
consuming to apply. Traditionally workload assessmenligénoperations

have used observations, subjective measures after a shift, ontegrated
Workload Scal@W39 designed for signallef®ickup et al., 2009 with verbal
ratings given during a tasWearable measuresouldcollect continuous
physiologial data with minimal task interruptio(Charles and Nixon, 2019)
from which MWL ould be inferred

MWL is a construdhat encapsulatesask demanghow individuals
experienceworkloadand performancgSharples, 20195ignaller tasks

include setting routes, operating level crossings, and phone calls with drivers
and staff out on track. Signaller workldvaries from relative inactivity

(PENNA 2018)to overload, particularly during disruptidiikrehl and Balfe,

2014) Figure5-1 showsMansfield,an example/DUworkstaton with

information screen to the lefievel crossingCCT\screens at the toptrack

below, andtracker ball and button controls on the deskfront of the

signaller control panelsfor the levelcrossingsand keyboardSignaller

performance is essential t&taff, passengers, and public safe®yevious

Figure5-1 MansfieldVDU signalling workstatigiEMCC, Derl{ource: Authgr
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observations show thatignallerssplit their work betweemmonitoring (the
screens) planning, interventiorfcontrol inputs) communication and quiet
time (Balfe et al., @08, ThomasFriedrich, 201y Monitoring, either active or

passive, and planning are difficult to observe and measure.

Psyclophysiology which studies the interaction between brain and

physiological functiorassunesphysiological responses mirror cogné or
emotionalresponssto events thusprovidingWl a8 AyR26¢é¢ Ayid2 GK
(Hugdahl1995. Physiological state is controlled by the sympathetic and
parasympathetic parts of the autonomic nervous systehanges in physical

state, in the absence of m@ment implychanges in mental state. Different
physiological measures asensitive to different aspects of MWMétthews

et al, (2014) Charles and Nixon (2019)

In this studyHeart Rate Variability (HRV) and Electrodermal Activity (EDA)

were measured to indicate MWHRY isthe variation in time between

heartbeatsin millisecondsdetected fromtK S K S I NI @vipulsd(e8 O NA O f
Figureb-2), with variation from baseline typically € 40msStandard

Deviation of Normato-Normal beats (SDNNJIRV reflects activity in both the
sympathetic and parasympathetic nervous syst@mrtora and Derrickson,

2007)

Figure5-2 R wave peak in electrical heart datolrce: Authgr

Research suggests low HRV indisatacertainty or anxietyRamirez et al.,
2015) attention (Forte et al., 2019Colzato and Steenbergen, 201&hd time
pressure or emtonal strain(Nickel and Nachreiner, 2003h a study of

pilots HRV was sensitive to task demdbehrer et al., 201Q)and in train
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driversHRWeduced during tunnels and at stofSong et al., 2014jue to

thental tensio

EDA is widely used in psychophysiology reseéelcioppo et al., 2017EEDA
reflects only the sympathetic nervous systéhortora and Derrickson, 20Q7)
Level of arousal (alertness) or strébkealey and Picard, 2008y be

inferred from EDA data that fiects the level of skin sweatir{yenables and
Christie, 198Q)Skin Conductance Level (SCL), the tonic baseline, is typically
between 2¢ 20> {(Dawson et al., 20175CL implies vigilance, attention
(Hugdahl1995), cognitive activityKilpatrick, 1972pr anticipation(Laceyet

al., 1963)

Peak

Latency Amplitude

Stimulus Half

Erlss recovery
time

Figure5-3 EDA SCR response (Boucsein, 2012)

Skin Conductance Responses (SCRs) areapgalkudes of 0.21.0> {above
SCL. SCRs indicate a response to sudden stimuli, particularly unexpected
events(Sokolov, 1963Figure5-3 shows an SCR peak. SCR durations vary
with laboratory studies stimulus to peakurations of2-6 secondgCacioppo

et al., 2017)compared to up to 14 seconds when stimuli were determined
retrospectively from peaks in a continuous task (Bound, 200y§)ical values
of half recovery tine, in laboratory conditionsis 2¢ 10 secondsSCR
amplitudes reduce with repeated exposure, duehtbituation (Hugdahl,
1995 as astimulusbecomes more familiar. A study of signallers in live
operations comparing three incidents found EDA increalsen they received

communication regardingn incident.They experienced more frequent EDA
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SCRs and theEDA SCL was significantly higher dutngperiod of high sel

assessed workload heir subsequent recovery differed depending on the
AYOARSY(1aQ aAIYATAOIYOS IYyR 2LISNI GAZ2YI
The longest wahkigh workloador overforty minutes when they received a

call from a driver reporting they may have hit a person (Broekhoven et al.,
2016).This highlights the potential wide difference in timescales when

discussing workload and EDA in laboratsiydies compared ttive

operaional conditionsln a train driving stug points of anticipation were

identified in the EDA data ahead of an area of low track adhesion, which

increases safe braking distand€owley and Balfe, 2018)

This study is the first to apply both EDA and HRV measures to assess a
simulated rail signalling taskhis study considers how changes in temporal
physiological dataanreflect MWL. The studhad the following research
guestions
1 Do physiologicalata correlate with task demand subjective
workload?
1 Does EDA responses reduce with a second phone call event due to
habituation?
1 What taskeventsare physiological data sensitive to during a
continuous signalling tagk
1 How ould physidogical data be visualisead supportstaff debriefsin

the live operational environment?

5.3 Methods

This study applied a mixed methods approach to address a research gap in
rail, with limited previous research on physiological measures in this domain.
A quantitative approach was taken with the first two research questions to
determine whether resultseplicatedprevious researchwhether

physiological data was sensitive to task demand (Ledtrat.,2010)or self
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assessedMWL, andwhether EDAspikedocaur due to phone call
communicatiors (Broekhover2016 then reduced due to habituation
(Hugdahl,1995. Thelatter two research questions tooknaexploratory
qualitativeapproach toexplore 1) what was occurringhat could explain the
MWL experienced durgna continuous task) how to progress the measures
for use in a live operational environmerithis method was chosen as
previous research suggedtsat a more complex relationship exists between
physiological data and MWL, with physiological daing sensitive to
divergent aspects of MWL (Matthews et al., 2014, Charles and Nixon, 2019).
These include alertness (Healey and Picard, 2005), anxiety (Ramirez et al.,
2015),and emotional strain (Nickel and Nachreiner, 2083eviousstudies of
MWLwith physiological datéghat have useddvanced statistical analysasd
spectral analysis have suitéae laboratorysetting,where conditions are

short and workload levels a@ntrolled. Here instead timelinedata
presentation isused(Gillis, 2016)Thestoryboards and qualitative methods of
labelling used here are a data driven approach to identify key points during
the task and explore the reasons why these changes may have occurred in the
data.An analogy iff studyingfuel economyin cardriving maximum speed

and total journey time does not provide the whole stohystead atimeline
identifieswhen on the journey speedasreducedanda storyboard ofvhy

that may be (e.g. traffic)The findings from this exploratory qualitative
approach could infon future quantitative studies on what the physiological
data are sensitive to, and their validity as measures of MWL, to improve the

diagnosticity of physiological data.

The final research question addresggegressngthe implementation of
these measurefrom the laboratory tathe field, this study explored the use
of storyboards from chronological data visualisedatachanges ira
continuous taskThis study provided the opportunitp developand testa
methodologcallyswift methodto graphthe data. Thisvould be used to
produceatimelineto make the complex data accessible to operational

railway staff Developing this method to be swift would enable physiological
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datato be use in posttask debriefswith staff, to explorewhat physiological
datacantell us about the tasklemand,task events andvorkload The aim
ultimately, is for such a method to be applicabtelive operations with staff

in the railway industry

5.3.1 Participants

Twenty participants took part (11 male, 8 female, 1 preferred not to specify),
aged 22 39 years (M = 30.2, SD = 5.1). All were university students or staff
members, incentivised by a prize draw for a £40 shopping voublwere had
prior experience of sigplling.The rational for choosing thegmrticipants was
they were within the age range of railway safety critical staff, and they were
an easier population to access to provide an initial test of the methods and

equipment prior to future trialling withinndustry with railway staff.
5.3.2 Simulation Protocol

The signalling task used SimSig, an ecologically valid simulation of signalling
screenausedin operational IECC signalling centie8ritain Ths PC

simulation runs in real time, with trains appearing thie screen based on a
real timetable(Figure5-4 and Figure5-5). The simulation uses donationware
and commercial softwareParticipantsach received training in how to
operate the sinfollowed by20 minutes practiceluring which theycontrolled

the simulaton to confirmthey could correcthsignaland routea train.
Participants hen put on the wearable measures (on theon-dominantwrist
and on torso)A 20 second baselin@verty et al., 2003)vas recorded, and an
audio clap used for retrospective data synchronisaiio time across devices.
Task time was 47 min64 min (M = 55, SD = 4)he study was approved by

' YAGSNBAGE 2F b2G0AYy3IKEFYQa ChsOdzA @
shown inAppendix C
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Figure5-4 Simulation, with timetable and workload app

The number of trains was used as a measure of task demand as each train
represented a requiredetof actions. These can be broadly categorised into
planning, intervention (control inputs), monitoring (the screens), and
communication (Balfe et al., 200&hdmaskFriedrich, 2017). During the task
participants must notice each train when it arrives the screen, then

identify its destination from the headcode (train reporting number labgl) b

referring to the simplifier (timetable on the second screseeFigure5-4).

@ Simsig - Royston X
File Show Timetable Train Describer Multiplayer Help

|-:"- 53 15| Remindes Overide| Remindes | lolaicn| T0 Intepose | 3B | & ‘|“
I SRS

ON DUTY

Figure5-5 Royston, SimSig simulation
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They must then set the correct route, the first part only so as not to block the
fFGSN) adlr3sa 2F GKS NBdziS 2F 23KSNJ 4N
progress must be monitored through sections, to notice when the next route

can be set. Routes caonbe set in advance if the track ahead is currently

occupied. They can only be set when the route shows clear. The number of

trains therefore represents all these steps, and associated cognitive workload,

to providea task demand value.

An addition to he design was a phone call. This was includezhfisare a
potential source of task interference. Whilst communication is a known factor
in signaller workload, phone calls are often missing from simuldiased
workload assessments, or modelling, ofrsitler workloadDelamare et al.,
2016; Gillis, 2016)rask interference from phone calls was predicted to be
one of these critical points as they occurred were an event that was

unplanned.

The task was designed to be achievable by individualsmiithmal training
prior to simulator. The total number of trainsaslow, relative to busier areas
of control. An ODEC workload assessm@itkup et al., 2010ates thearea
controlled as lowwvorkload (out of low, medium, highjased orthe number

of station pgatforms, junction, depots, controlled signals, and trains. ahés
provided variation inrouting whilst keepinghumber of junctions and trains
sufficiently lowthat participantscould route all trainsin the taskwithout
extensive trainingThetimetable had gaps to provide time to complete all
tasks including addition tasks such as interposing (changing the train
headcode)Task performance was not assessglis fits with the agreed
railway industry future use case of using these measuresgesssworkload
not staff performanceThe focus of data collection was on detecting
physiological data continuously during a task with varying task demawas
sufficient for this purpose for participants to demonstrate they engaged with

the task.Partidgpants were all deemed to have actively participated in the
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tasks. If they had not, the number of trains would have increased without a

decrease, as trainstoppedat red signals awaiting routes.

Task time varied to ensure each participant experiencetemses and
decreases in task demand, and similar overall total task demiask

demand wa defined ashe number of trains on the screat any one timeA
timetable, on the second screen, provided details of when and where to route
trains, and when tonterpose (changefrain headcod€train reporting

number labe).

To increase the face validity of the task, two phone calls and a freight train
were included as randomly timed novel events. A written script was provided
for the calls. In the first call, from someone working near the track, the
participant listened tot® OF £ f SNNR& NBLR2 NI y2i0SR
they could commence work, and state the time. The second call from the
same individual was confirmed work was complete, with the participant
noting the time work was complete. Verbal instructions wprevided to

route the freight train.Table5-1 presents the planned task times. Actual

times depended on the extent to which participants kept to the timetable and

correctly routed the trains.

Table5-1 Planned variation imumber of trainsandorder of eents

Time (min) Number of trains and order of events

Om 0 trains at session start.

Imi 15m Up to 3 trains, reduces to 11 2. Interpose 1 train headcode
At any time Freight train arrives

15m i 30m Up to 4 - 5 trains, reduces to 2. Interpose 1 train headcode
30m i 50m Up to 4 trains, with 2 phone calls

50m 7 60m Session ended after next reduction in number of trains

5.3.3 Equipment

An Affectiva QTM wrist strafrigure5-6) recorded skin conductance at 8hz

and accelerometer dataA Zephyr BioHarnesEiQure5-7) chest strap

X«
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Figure5-6 Q Sensor for Figure5-7 Zephyr Bioharness for heart data
EDA data

calculated HRV from a rolling 300 heartbeat SDNN (Standard Deviation of

Normatto-Normal beats) in milliseconds, updated once per second.

A subjective workload measures was included to compare data from the
physiologicatievices with an existing MWL workload using in rail to capture
time domain workload ratingsA mobile app, developed by the Mixed Reality
Laboratory, University of Nottingham (on deskrigure5-4 displaying the
Integrated Workload Scale (IWS) designed for signdickupet al., 2005)
(Figure5-8). The scale appeared with an audible alert after 2 minutes,
remained on screen until a rating was entered, then the screen went blank
between ratings. If participants missed ratings, the scale would remain visible
until a rating was given. Missing valugsre omitted from the analysis rather
than being estimatedScreen capture software recorded audio and visuals to
GAYS AadGFYL)I AYVRAGARdzrtaQ Gl &l RSYFYyRZXZ @
the task.

5.34 Data processing How do you feel now?

One participant was excluded due to a
technical problem. HRV represents 18 =l feeta
L NIAOALI Y& Fa 2y
failed to record. Missing values were

excluded from the study. Mean number

of IWS ratings was 21.3 (SD =5.2), with &

total of 405 ratings across 19 participants
FINISHM RATING

EDA data represestl?2 participants as

Figure5-8 IWS scale
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seven noAresponders were excluded with SCRs <0.qRaoBcsein, 2012)

Data across devices was synchronised by timestamps converted in MatLab.

The data driven investigation of HRV identified task times when HRV was in
the lowest or hjjhest quarter for each participant. Within these, each 30 sec
period was coded into two types of behaviour:
1 Correct (action required and completed, or cursor was still when no
action was required)
1 Uncertain (interactions were initially incorrect, missederror €.9.,
wrong route), hesitant, repeated, or cursor moved unnecessarily).
These categories wemdeveloged from observations made by trainers of
signallergduring the domain familiarisation. They described individual
trainees who they deemed ready to be passed out (take their test to qualify)
were observed by trainers to make correct observable actions. Trainees
requiring further training time were observed make uncertain actions.g.,
hesitation.Coding required task knowledga the part of the researchdo
identify which actionwas requiredvhen. Cursor movemernrovided aclear

visual indication from the screen capture.

The data driven investigatiaof EDA sensitivity identified when EDA peaked.
Screen capture and audio data were then reviewed from 30 sec prior to rise
times of EDA SCRs and SThis. applied the principles of a method used by
Bound (2016) to identify events incantinuoustask thatprecedepeaks in

EDA data. This is achieved by a visual inspection of EDAtdatan

inspection of task data in the period preceding the EDA peak. Bound
constrained their inspection to 14 seconds prior to peaks. In this study, this
period was extendeda 30 seconds. This was done to include and incremental
increase of SCL due to a series of small SCRs, that lead to a cumulative
increase in SCL despite individual SCRs being $imalkxploratory data

driven approach was applied toform the inclusion,or not, of this method in

analysis ofuture live operational trials

11t
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Wrist movement was categorised as high, mediomow. Physical

movement is a known confounding variable of physiological datthese
classified as showingghlevels ofmovementswere excludedrom further
analysisMedium and low were analysed further, to seek stimuli (external
task demand or internal response to the task) that could explain EDA peaks

beyond solely physical movement.
5.3.5 Statistical analysis

| 2NNBf I GA2ya oSNB FylfeaSR dzaAy3d tSI N&
SPSS. R¢ value of < 0.05 was regarded as significant. The difference in
observations when HRV was High and Low was analysed using a Paired

Sampleg-Test.

5.4 Results
5.4.1 Storyboards of temporal physiological data

Task demand, task events, EDA, HRV and IWS were grapbed the task in
Storyboards for each participant, similar to the time sequence of physiological
data of train drivergSong et al., 2014frigure5-9 and Figure5-10 show

examples.
5.4.2 Sensitivity of EDA teorkload

A visual inspection of storyboards determined SCRs did not coincide with
phone calls, with no associated habituation beemeCall 1 and Call 2. A data
driven exploration of observable behaviour preceding SCRs instead
determined that SCRs could be explained by moments in workload including:
1. Moments of realisation
2. Uncertainty

3. Time pressure.

11€
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Moments of realisatioroccurred dter an error. Two participants showed an

{/wd hyS aléAyd dahK 2K 2Ké AYYSRAFGST @
(P6, as shown iRigure5-9 at 33 minutes task time). The second, after
NEFfAaAy3d GNIFrAya 6SNB 1G4S alrAR a5Aaal a
R2ZKéd ¢g2 LINIHAOALIYGA aK2gSR {/[a&a 2V
0K2dzZa3KG L 1ySé¢ 6KIG L ¢ eénsfexohtgsand o KAT a
GKS 20KSNE tFGSNIAYy GKS Glralsz a,2dz (A0
peaks occurreafter the error, at the time the individual realised their error,

such as setting a wrong route.

Uncertaintywas observed in participant behiawur around calls, novel events,

errors and unexpected system responses. Calls were associated with two

LI NODAOALI yiaQ {/wa FyR 2yS {/[® hyS LI
G2 KFEG AF L R2y Qi dzyRSNBROGFIYR wiKS OFffS
HY aFAR FTFTGSNI 620K OFftfa a{2NNE L RARY
it was not receiving the call that led to the EDA response, but uncertainty and
confusion over the content. P06, shownRigure5-9, showed a similar

response after Call 1 but did not verbalise, so the reason for their SCL is

unclear. The novel freight train was linked to SCRs in three participants whilst
receiving verbal instruction® route it. P6 showed SCRs after noticing the

freight train, during routing itkigure5-9). Dealing with the freight train was

linked to EDA responses in some papieits. Participants received verbal

instructions to route it and had to wait for permission to route it into the

sidings. Their responses could be due to the novelty of the task, and their

associated uncertainty, as the freight route differed to all otkervices.
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Further examples of uncertainty included participants unaware of thein

errors and confused by unexpected system responses. One participant
showed SCRs and one SCLs whilst under instruction to route timetabled
trains. Both participants made errors they were unaware of. P16 had a SCL
(seeFigure5-10, from 34 minutes task time) when they failed to notice the
freight trainand set a route into an occupied platform. Their SCL continued to
increase through both phone calls and whilst tryingcancel a route. This
included a period of failing to answer the IWS. Two participants showed SCRs
with unexpected system responses such as not understanding why a train had

stopped or a cancelled route taking time to clear.

Time pressuravas observed in one of two ways. Firstly, SCRs whilst waiting

for an external task to complete, such as a route to clear. Secondly, when

participant error resulted in trains running late. In the latter case, time
LINS&adz2NB gl & A YLX Av®dbehadour loilcoidman®such y G a Q
a aLQY @OSNEB | yEA2dza y263 6KIFIGi RAR L R
showed an SCL whilst waiting and trains were la¢eFigure5-10, during

EDA rise time 18 16 minutes task time).
5.4.3 Sensitivityof HRV tavorkload

During periods of low HRV proportionally more Uncertain behaviours were
observed (e.g., errors or hesitancy) with an associated decrease in Correct
behaviours $eeFigure 5-11). APaired Samplet-Test (2tailed) found no
significant difference in Correct behaviours between High and Low HRV (M =
7.22,SE=2.47 df 17f = 0.21).Thissuggests a trend towards uncertainty

when HRV was low.

12C
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HRYV Observations of Behaviours

100%
75%

50%

25%

0%
High Low

@ Correct = Uncertain

Figure5-11 HRV Observations of Behaviours

5.4.4 Correlations between HRV, EDA, IWS and task demand

Statistical analysis compared means across thedaskvalues at each IWS
rating. The following HRV values were compared with IWS Mean across 18
participants: HRV Baseline with IWS Mean; HRV Mean with IWS Mean; and
HR\W BL Mean (HRBaseline removed) with IWS Medfach comprise 366
IWSratings across 1participants. Descriptive statistics for these variables are

presented inTable5-2.

Table5-2 Descriptive statistics fdWSandHRV mean correlations

Variable Mean Standard
(N = 18) Deviation
(N =18)
Task Demand 3.30 1.11
IWS 4.03 1.64
HRV Baseline 74.08 0.67
HRV Mean (20s to IWS) 64.66 18.35
HRYV - BL Mean (20s to IWS) -11.60 17.26

A strong negative correlation was found between HRV Mean and IWS Mean (r
=¢0.721, P 0.001 pcross 18 participast 366 IWS rating&Results of the

correlations are presented ifiable5-3. A relationship exists between

LI NOAOALN yiaQ | @SNI dberafjedbiRe GaONi A S NI G A Y
moderate, significant, correlation was also found between HRV Baseline and

IWS Meani(=¢0.570Pn ®nmMo 0 ® LYRAGARdzZE £ &aQ | wx . I &
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provided a moderate prediction of average IWS during the task. This suggests
High MWL may be inferreflom low HRV. HRV baseline before the task may
also partially predict MWL reported during the task. In comparison, when
baseline values were removed, HBY Mean did not correlate with IWS

Mean ¢ = 0.137P0.587),seeTable5-3. Removing the baseline corrected for
individual differences, leaving workload due to task demand. This finding
indicates average IWS had a stronger relationship with individual HRV than

with task demand (number of trains).

Table5-3 IWSandHRYV mean correlations

(18 participants). Bold **significant at 0.01, *significant at 0.05 (both

tailed).
IWS Mean HRV HRV Mean
Baseline 505 to IWs)
IWS Mean 1
HRYV Baseline =7 0.570* 1
P =0.013
HRV Mean (20s to IWS) =710.721* =0.849* 1
P =0.001 P=<
0.001
HRYV - BL Mean (20s to =0.137 =7 0.755** =i 0.294
IWS) P =0.587 P=< P =0.236
0.001

Two comparisons of HRV and IW&e conducted at the time of each IWS
rating, with HRV averaged in the 20 sec period prior to IWS rating: HRV (20s
to IWS) with IWS; and HR\BL (20s to IWS) (HRV Baseline removed) with
IWS.

A moderate significant negative correlation with HR¥ ¢ 0.391,P< 0.001)
was found with individual IWS ratingseeTable5-4. This fitted with the
correlation found between task HRV Mean and IWS mean. When HRV
Baseline wasemoved, to correct for individual differences, the correlation

with IWS was absent € 0.036P< 0.492).
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Table5-4 HRV, EDA and Task Demand correlations at times of IWS ratings

Bold ** significant at 0.01 level {iled); * significant at 0.05 level {&iled). Sample sizes vary du
to data processing, and number of IWS rating per participant. N = number of ff@oeBVS of 19
participants, HRV of 18 participants and EDA of 12 participants.

Task Demand  IWS Rating HRV HRV-BL EDA
(20s to IWS) (20s to IWS)

Task Demand 1

IWS 0.474** 1
P =<0.001
N =405

HRV T 0.154** T 0.391* 1

(20s to IWS) P =0.003 P =<0.001
N = 366 N = 366

HRV-BL 0.002 .036 0.169** 1

(20s to IWS) P =0.962 P =0.492 P =0.001
N = 366 N = 366 N = 366

EDA 0.112 0.294** T 0.147* T 0.158* 1
P =0.072 P =<0.001 P =0.029 P =0.019
N = 260 N = 260 N =222 N =222

At the time of each IWS rating HRV was a weaker predictor of a specific IWS
rating. Figure5-12illustrates this difference between absolute HRV and

relative HR\¢ BL values.

Task demand and IWS showed a moderate significant correlation across 405
IWS ratings by 19 participants< 0.474P= 0.001), sedable5-4. IWS

ratings changed partly in line with task demand. In comparison task demand
and HRV showed a small significaagative correlation across 366 ratings by
18 participantsi(=¢ 0.154,P= 0.003), sedable5-4. Task demand and HRV

BL did not correlater& 0.002P = 0.962). Once individual differences were
corrected for, HRV did not predict task demand.

Task demand and EDA did not correlate across the 12 participantsrgjeny
EDA response € 0.112P=0.072). Descriptive statistics are presented for
EDA inTable5-5.
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Table5-5 Descriptive statistics fdWWSand EDA mean correlations

Variable Mean Standard
(N=12) Deviation
(N=12)
Task Demand 3.30 111
IWS 3.97 1.64
EDA 0.20 0.12

EDA did not show a relationship with task demand. As task demand increased

HRV decreased, but to a lesser extent thaisik¢reased

IWS and HRV (18P) IWS and HRV-baseline (18P)

30

70

HRV (ms)
8
ape

-0
_
—
-
-

osm

( _J
HRV-- BL (ms)

1 2 3 456 7 8 9 1 2 3 45 6 7 89

IWS IWS

Figure5-12 WS with HRV and HBL

IWS and EDA showed a small significant correlatiero(294P = < 0.001),
seeTableb-4, for the 12 participants who were EDA responders. Whilst EDA
does not correlate with task demand, increases in EDA does patrtially infer

increased MWL in those participants who record an ERBpaese.

In summary, HRV showed a negative correlation with IWS and Task demand.
HRV showed a stronger association with IWS than with task demand. These
HRV correlations came from values that were not baseline corrected. EDA
showed a small significant gefation with IWS (in responders), but phone

calls did not cause SCRs.

5.5 Discussion

Findings show a complex relationship between Task demand, IWS, HRV and

EDA, with responses varying across participants. The temporal data presented
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in storyboards provide detailed visualisation of this complex interaction
across a dynamic taskhey demonstrate the potential to be produced swiftly
in a live environment to form part of a debrief with operational staff. This use
case could prove valuable to prompt discussmth staff as to why MWL or
physiological data changed at certain points in time during the task. This
method would add validity to the qualitative labelling of events in the

continuous data by involving the individuaho performed the task.

A strong negtive correlation was found between HRV Mean and IWS Mean

across the taskshowing convergent validity for mean HRV. This finding

matches previous studies that show HRV decreases as workload increases. At
individual instances of IWS rating, a moderate riegacorrelation was

detected.Whilst HRV may not be a strong at predictor of specific a subjective
workload rating, it could potentially predict the average subjective workload

rating across a task. This finding fits with previous research that subjective

workload ratings are good indicators of how an individual experiences the

workload, rather than refleabgtask demandFindings suggest, if only an

average workload rating was requiréat a whole taskHRV could replace

IWS.HRV values, averaged oveettask, could provideraestimate of the

likely average subjective workload scole addition, an HRV baseline may be

sufficient to provide an indicator of where on a subjective workload scale, for

a similar task, individuals will report workload relatteeeach other. This

g2dzf R FAG 6AGK | wx AYRAOFGAY3 AYRADARC
and where they currently sit in the balance between the sympathetic and
parasympathetic nervous system. A sample of HRV may, in future, provide an
individu# WgSAIKGAYIQ (G2 O2YLX SYSyd &dzweSO

The above correlation between HRV and IWS was removed when HRV data
was corrected relative to baseline. HRBL did not predict IWS ratings.

Whilst it is common with physiological measures to use relatarees, with
baseline removed, this study found HRV absolute values can offer insight into

MWL. In this study the same task demand (timetabled trains) led to different

12t
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individual experiences of workload. Absolute values showed differences

between individuat Q SELISNASYOS 2F 62NJf2FRI 6KA
corrected) provided data on task demand. Both have their place. In terms of

MWL however, the meaning of absolute values in physiological data are not

currently well understood.

Task demand (nundy of trains) and IWS showed a moderate significant
correlation. This suggests subjective workload was more than simply the
number of trains on the screen. At instances of IWS ratings, HRV and IWS
showed a moderatly significant negative correlation thatag stronger than

the HRV and task demand small significant negative correlation. This suggests
HRYV indicates individual effort and time pressure (as reported by IWS), more

than HRV reflects the number of trains on the screen.

In terms of the individuakxperience of workloada trend was found for HRV
being lower when uncertainty was observed. Whilst no significant difference
was found between high and low HRV, uncertainty linked to HRV matches
previous research by Ramazet al.2015. Takenogether these findings show

HRV can imply individual workload experience.

EDA identified moments in workload during the task. EDA did not correlate
with task demand and showed only a small significant correlation with IWS.
Instead, both EDA SRCs andsSfudicated moments of realisation, and

periods of uncertainty, or strain due to time pressure. Moments of realisation
occurred when an individual realised something such as an error. The timing
of this realisation was not when the error was made (wherythad no
awareness of erring). This finding matches the concept in literature of SCRs
occurring due to a sudden unexpected, or novel, event. In this study they

were internal sudden realisations, not external stimuli.

Determining when physiological datk® 4 SR Wa i NBaaQ 2NJ WIS
OKIFIfftSyaAay3aoe LyaluaSrRYE Ay GKAA addzRe !
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of behaviour that could then be linked in time to physiological data. In in the
EDA data, uncertainty was observed with calls, novel eyamtors, and
unexpected system responses. These were based on what participants were
heard to say, or their speed and accuracy of cursor moves and interactions.
The literature terms these responses as level of alertness, stress
anticipation. There itherefore some ambiguity in the terms used by different
studies to describe what may be a similar underlying physiological response.
To develop these measures, clarity is needed when reporting results to

distinguish what the datdetectsand what itinfers (e.g. stress, alertness etc).

In the EDA data, SCRs did not coincide with phone calls or show habituation
between calls. Similarly, the arrival of the freight train did not result in EDA
responses for all participants. Whilst this does not maictvious laboratory
studies of sudden external events, it does match findings in the field of EDA
response varying with the reason for communications (Broekh@tex,

2016): EDA appeared to indicate only individuals for whom the calls caused

confusion.

Whilst a proportion of norresponders is to be expected in a study, this study
had a higher proportion of nenesponders with only 12 of 19 participants
displayed SCRs or SCLs. This could be due to cooler room temperature, or
sensor placement. In additmg this result may be a valid reflection of the
simulator setting, and a task that some participants found easy to complete
without any sudden unexpected events. EDA increases only when the

situation is deemed to need more attentional resource, or effort.

Results suggest aspects of experienced MWL can be inferred from
physiological data. Physiological data was found to have a stronger
relationship with subjective ratings than with task demand (number of trains).
This suggests physiological measures stiérigt 8 dzZA G Y S| & dzNR y 3
experience of workload, and how this varies between participants. In

addition, it could indicate that the increase in number of trains did not
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account for task demand. Time pressure, complexity [dodelty of Everd

(eg.ded Ay3d GAGK (GKS FNBAIKG GNIAYO FNB f )
strengths lie in pinpointing moments pertinent to workload in a continuous

Grale® 1wz OFlYy AYRAOIGS Yy AYRAGARMZ f Q&
task. Contextual information is requate¢o determine what has led to a

physiological response. They both could potentially, in real time, indicate an
AYRAGARdzZE £ Q& OKIy3aAy3a OF LI OAlGe (2 NBaL
values of physiological data may yet to be fully understood, individua

patterns of HRV changes could be of use.
5.5.1 Implications anduture work

Physiological data could be used in a debrief, to address aspects of the task
that result in the largest physiological responses. Identification of precise of
workload, in graphed styboards of the task, could enable the provision of a
retrospective narrative of individual workload. This narrative approach would
provide detail that cannot be captured during the task without interruption.
Such an approach could be used as a trainidga workload assessment

tool.

This study found individuals differ in their physiological data. To develop
physiological measures for MWL assessment it will be important to
understand the impact of individual differences. A repeated measures study,
with data collected from the same individuals, would assist in understanding

K2g adadlofS 6FlyR GKSNBT2NBE LINBRAOUGUIOE SO

To progress the use of physiological measures for MWL assessment it is
recommended further research distjuishes the findings of what data were
detectedfrom what wasinferred This will assist in clarifying what each

measure is best suited to assessing. In this study electrical signals from both

skin and heart activity were detecteBrom these data indivitzk £ & Q S E LIS NA S

of workload were inferred. Whilst research continues to decipher the

12¢€
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interaction between physiological data and MWL, this distinction will assist
clarifyingthe diagnosticity of physiological dafler MWLassessment.

In addition, these masures cannot be applied in isolation. Where inferences
are made, these rely on additional sources of data, such as event logs or

individual accounts, to account for changes in data.

This study focused on what could be detected from continuous temporal
data, with qualitative analysis expliogwhat events in task and physiological
dataco-exist in time olin sequence This is exploratorgpproachwould

benefit in future from the outcome odualitativedebriefs with staff. If clear
seqguences of events are identified these could then inféutare qualitative

researchwith advanced statistics.

Finally, applying wearables in lival operations is an emergent field. If
wearable measures are to use phyemical data in future to assess staff
MWL, it will be important to understanthe perspective anattitudes of staff

to both wearing the devices and the use of their physiological data.

5.6 Limitations

Participants had no prior experience of signalling, practticetime on the
simulator was limite. Whilst all participants successfully routed traiseme
participantsseemed to experiencencertainty orconfuson whenunexpected
system responsegccurredor made errors thatthey wereinitially unaware

of. Thisled to a wider range of experience of the task ttanly the varying
task demand. The resulting varying physiological dadasuggest this
element of identifying moments of uncertainty is worthy of further

investigation in a future study.

The study had 37% nenesponders, with SCRs <0.05uS (Boucsein, 2012). This
is higher than the 10% of previous studies (Braithwaite et al., 2013). This
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could be caused by sensor placement or low room temperature (M = 14.9 0OC,
SD = 2.6). To improve future Edata collection, sensors could be placed in
the volar wrist position or palm, and ambient temperature increased and

controlled.

The coding of Correct asncertainbehaviourrequired an understanding of
the signalling task to determine whether an actisas required at any one
time. Should future studies apply this method, the reliability and validity of
this observational coding would be strengthenedabgecond observesoding

the data to provide interater reliability.

In using HRV data, a longersietine period may be appropriate in future
studies. This would confirm whether the difference between HRV andBIRV

found in this study endured.

5.7 Conclusion

Additional MWL measures would benefit the rail industry to measure MWL
from relative inactivity to overload. This study considered whether
physiological wearables could provide a new measure for signallers. The study
found that different physiological meases were sensitive to different

aspects of MWL.

Both HRV and EDA detected physiological responses that imply, in

O2YO0AY Il UA2Y SAGK 20KSNJ RFGFZ aLISOoda

HRYV could be used in place of IWS, or other subjective workladgjéctive
measures, particularly if average MWL ratings are required. EDA could be
used to identify moments in workload during a continuous task, such as
moments of realisation, or periods of uncertainty, or time pressure. It is
important to be clear whiaquestion needs answering to choose a
physiological measure sensitive to detecting an answer or inferring one. The

moments in workload could inform a debrief, and focus training efforts, on

13C
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aspects of the task individuals showed strong responses to. bilY ¢
provide a real time indicator of workload and provide visibility of staff effort
to managers. It also remains essential to keep distinct what a physiological

measure detects, and what is being inferred from the data about MWL.

How individuals diffem their physiological data could help explain why
individuals differ in their subjective workload for a similar task. This has
implications for MWL theory and subjective workload measures, beyond this

rail specific study.
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Chapter 6: Study 3 Staffattitudes andperspectives
onwearablemeasures

6.1 Chapter overview

This chaptepresents the results frorBtudy 3the perspectivesf staff to the
use of wearable physiological measur€ke interview study explaed

signalling &aff perspectives oithe potential use ofvearable measures in the
workplacein future. The study method combinesemistructured interviews
andsurveys with rating scalesAnalysis considered to what extent personal
attitude to change could predict technology acceptantiee study foud
wearable devices suit use in the live operational environment, with the wrist
strap rated the most suitable due to low disttéon and perceived ease of

use In terms of data use hemes included @rceived usefulnessnonymity,

andtrust.

6.2 Introduction

The railway industry seeks new ways to measure and predict the mental

workload (MWL) of signallefslack 2021, Zeilstr2021)with the RailAccident
LYy@SadAadalraazy . NFyOK ow!L.0 NBO2YYSYyRA
workload(RAIB, 2020)

6.2.1 StaffMental Workload

MWL is a construct that encapsulates task demand, individagferiences

of MWLandtaskperformance(Shaples, 2019)Saff MWLdatacan inform
future design decisionggardingnew assistivand automatedechnologies
This includegisibility of the impact orhuman performance oany technology
introducedintended toincrease operational performance andpeeity. The

aim is to monitor staff MM and response to changso that saff and



Study 3¢ Staffattitudesand perspectivesn wearable masures

operationsremainwithin the boundaries of acceptable performance (see
Rasmussef @ 997)DynamicSafety Model).

6.2.2 Workloadmeasures to suit live operations

Currently inthe railway industry there is no singleidely used workload
assessment method (RS3B5a).Measuement of MWL in live railway
operational environments is a challenge, relying on short periods of an
observer counting action®r selfassessed ratingssingthe Integrated
Workload Scale (IW&yickup et al., 2003, reported verbally to an observer
Measuring in the live environment is preferabées the complex task of the
signaller is difficult to realistically simulate, particularly for riale
commurications(Sharples et al., 2011Figure6-1 shows a modern VDU
workstation that includes automatic route setting, which is just one example
of increasing task automatioin this contex{Sharples et al., 2011yhis adds
to the challenge of determining appropriaMWL. Reduced physical
workload, due to the new technologies, presents two issues for MWL
assessment:

1. The assumptiorby managershat whenstaff look likethey are doing

less worktheir MWLmust belower andtheir cognitive task is egs
2. TKSNBE FNBE TS9SNI 20aSNDI ot S 0OdsSa

In response to these issues simulation study was conducted to determine
how wearable physiologicdiata could supplement existing measures by
providing visibility of workload ireattime to staff and their managersrhis
studyfound that thesemeasures could provide continuous dataao$ignalling

task with minimal distraction.
6.2.3 Importance of staff perspectives

The current study addresses tperspectivef staff to the use of these
potential measures by interviewing staff about both the devices and the use

of their physiological datal'he importance of th@erspectivesf staff to the
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use of measures, and their datagcame apparentluring the thesisAs
wearable measures become more accessible piespectivef staff to their
use emerges asrasearch gaprThisinterview studyprovided a way to

examine what contributed to stafferspectives

-1 Signaller at VDU workstation, December 2018 (Source: Author)

igur

6.2.4 Background

New physiological wearable measures offerogportunity totrack MWLIn

the live operational environment. Physiological state is balanced by the
sympathetic and parasympathetic nervous systemthe human bodyThe
sympathetic nervous system increaseaheaate, alertness and sweating to
prepare for action, whilst the parasympathetic nervous system decreases
heart rate and increases gut secretions to rest the body (Sherwood 2013).
Changes in mental state can be inferred from changing physiological state,
GAUGK YSI &adz2NBa 2FFSNAY3I | 1905 Reseagkch Ay U 2
has shown different physiological measures are sensitive to different aspects
of MWL Matthewset al, (2014) CharlesandNixon (2019). Wearable
physiological measurdsave beerused in sportsand health caresuch as with
athletesfor mental acuity and stress (Seshadri, Li, Voos, Rowbottom, Alfes,
Zormanand Drummond 2019), rugby playerdNest, Williams, Kemp, Cross

and Stokes 2019)emote medical health monitoring (Soon, Svadatsr,
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DowneyandJayne 2020) and personal fitne®¥¢earable devices are
developing rapidlyfor example lhe global fitness tracker market is projected
to grow from £26 billion in 2020 to £83 billiolby 2028(Fortune Business
Insights 2021)Use of physiological measures railway research has shown
potential to assess driver and signaller M\({Bonget al.,2014 Broekhoven

2016,Crowley and Balfe 20} 8ut has to date,beenlimited.

Electrodermal Activit EDA impliesactivation of the sympathetic nervous
systemandHeart Rate Variability (HRM)plies both sympathetic and
parasympathetic nervous system activatigirortora and Derrickson 2007).
Alertness and attention can be inferrdy EDA (Cacioppo 201Boucsein

2012)from a wrist strap (see

Figure6-2 Wrist strap Chest strap and App
). Increased workload can be inferred from low HR&hrer et al., 2010Gyom

a chest strap (see

Figure6-2 Wrist strap Chest strap and App

How do you feel now?

Figure6-2 Wrist strap Chest strap and App

Images: Wist strap(Surce: Autho), Chest strap (Zephyr Bioharness, www.zephyranywhere.co
and App (Pickupt al.,2005)

Previous research in rail four€DA infered train driveralertnesgSonget al.,

2014)andanticipation(CrowleyandBalfe 2018), andistinguishedsignaller§

9 Based on an exchange rate 1 USD = 0.727 GBP, as checked on xe.com 23.10.2021
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varying reactiosto communicationgBroekhover2016). In train drivers HRV
decreased before and after stops, and at tunnels (Song et al., 2014). As a
comparison to wearable measures, IWS sekltassessed workload measure

for signallers (Piakp et al.,200%) (see

Figure6-2 Wrist strap Chest strap and App
). Anappversion of thelWSwasdeveloped by the Mixed Reality Laboratory,
University of Nottinghanfior a simulation study of the signallingsk(see
Figure5-4).

Despite the growth in wearable technologies, little research has been
conducted on the acceptance of wearab(€ibel et al., 2016)The
Technology Acceptance Model (TAM) is a widely appli@dnration systems
theory that explains technology acceptance and predicted ustue
Technology Adoption Cycleassociological modehat explains why
individualsvary in how swiftly they ujake new technologyTAM(Davis 1989
andits exensionTAM2 {enkateshand Davis 2000provide ascaled
guestionnaireto assess currerdttitudes, affording avalid and reliablavayto
predict future use of new technologWhilst the original research focused on
the use of softwareit includes factorappli@ableto wearablesFigure6-3
showsthe factors of TAM2Factoramostapplicableto wearablesas assessed
pre-experienceo predict Intention to Use areéPerceived Easof-Use and
Perceived Usefulnesscluding Experience, Subjective Norm, Image and Job

Relevance
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Experience Voluntariness

Subjective
Norm

> Perceived
v ﬁ Usefulness

Intention N Usage
to Use Behaviour
Job Relevance /

Perceived Ease
of Use

Output Quality

Results

Demonstrability Technology Acceptance Model

Figure6-3 Technology Acceptance Model 2 (TAM&nkatesh and Davis (2000)

Thereare broadercultural reasons for acceptance or resistanéany new
technology captured in part bySubjective Norm in the TAM modéimited
researcharoundresistance to technology has been conducted in the railway
transportation domain (Rose and Bearma013. A study of traindrivers

found negative opinions of new technologyere be based onwhat

individuals had heard frorpeers(Rose and Bearman, 201®particularly

when individuals had not experienced the technology for themselvks.
study also found thiawhilst some staff saw the positives of sharing
information with their manager to improve driving skills through training,
20KSNJ FStd GKA& ¢l a G22 WoA3d ONRUKSND
against them(Rose and Bearman, 2013he latter pointso more systemic

issues of trus{Fox A, 19745taff need assurance as to how technologies will
be usedand trust management thas how the technology is usedhere are

also concerns around the negative personal impact such as reducing the need
forworlf SNR& a1 Affa ¢AlRBazndBedrdy, R0L3).0OF y i

(@]

These broader factors are potential barriers to acceptance that need to be
managed. This includes ensuring staff are invaoltealt the intended use of
the technology is communicated clégrand that concerns are

acknowledgedResistance careflectlegitimate concernsuch asafety
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implications(Naweed and Rose, 2018)entifying which factorapply to the
future use of wearables will assist in progresgimgjr development, whether

these be cultural, personal impact or safety concerns.

In addition to TAM2 that considers the functionality and cultural fit of the

technology to the task, otheheories consider the potential impact of
AYRAGARIZ f4aQ FGdAGdzRSa (2 yQiegdeSOKYy 2f 2
a sociological model, describes the adoption or acceptance of a new product

or innovation and explains the varying speed of uptake aceg®pulation.

The bell curvégFigure6-4) is derivedrrom the Diffusion of Innovations theory
(Rogeramtpc HO @ ! OO2NRAY3I (G2 w23ISNHEe@k §KS2NE:
out newtechnology. Early adopteseek kindred spiritacross industriesThe

early majority are pragmatisigheycommunicaé more within their own
industryandprefer beingable to compare productsihe ate majority are
conservativethey prefer to stick with what they know, only engag with

mature productsLaggards resist new technolodyis predicted that, in the

rail industry, there may be resistance to new technology as staff are familiar

with a slow uptake of new technologyhe Individual Innovative scaleurt et

al., 1977)dentifiesA y R A @posttidet oh thiSell curve

In addition to TAM2, the following other factors shoulddmnsideredwvhen
assessingttitudes andattitudes towearables measures:
1 Comfort(Urquhart and Craigon, 2021; Gribel et al., 2016; Wolf et
al., 2018)

Early Late
maijority maijority

Early
adopters
Innovators . Laggards

Innovation Adoption Lifecycle

Figure6-4 Technology Adoption Lifecycle (Moore 2002)
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1 Distraction(Jacobs et al2019 Gribelet al,, 2016,Parasuraman
and Colby, 2013Jrquhart and Craigon, 2021)

1 Trust (Gribekt al, 2016, Jacobst al.,2019, Parasuramagt al.,
2015),

1 Anonymity (Jacobst al.,2019, andJrquhart and Craigon, 2021

1 Concerns over being tracked (Wet al.,2018)

1 Sharing data with third party access (Gribehl.,2016)

These factors were drawn from the Technology Readiness Index
(Parasuramamnd Colby 2015), the Moral IT deck (Urquhantd Craigon

2021), TAM2 adapted to wearables (Wolf, Menzel, Advisory, and Rennhak
2018, Gribekt al.,2016), Acceptance Factors of Wearable Computing (Gribrel
et al.,2016) and staff attitudes to using wearables (Jacobs, Hettinger, Huang,

Jeffries, Lesch, Simmons, Verama Willetts 2019).

The current study determines whether wearable physiological measures
could provide a timely addition to the toolkit of workload measyt®s
assessing current stafierspectivegowards the use of wearable measures.
Three measures arcompared: a wrist strap to deteBlectrodermal Activity
(EDA)a chest strap to detect Heart Rate Variability (HRWY the IW&s an
app, to replace theprevious method of’erbalseltassessed ratingdhese
three measures were applied in a simulatggnalling task. The inclusion of
both EDA and HRV ensures both sympathetic and parasyetatctivity
are accounted for. To assess railway gpeffspectives oithese new
measures, this study draws on the interdisciplinary theories of the Technology
Aaceptance Model (TAM) and the Technology Adoption Qgabeedict likely
usage of wearable physiologicgakasures to assess staff workload, this study
had the following research questions:

1 Whichmeasuressuitlive operations basedn perceived comfort

leves, perceived distraction from the task, and perceived

relevance of data?
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1 What factors contribute tahe perspective andttitudes of staff to
the potential use of wearables at work?
1 Can individual innovativeness or experience explain differences in

attitude?

6.3 Method
6.3.1 Study design

The study applied a pragmatic approach (Robson and McCartan, 2015) by
aSS1TAy3 aGF1SK2f RSNBEQ LISNRLISOGAGSaA
was in identifying what works for industry, recognising the reality of the ralil
AYRdza 0 NE Qa 2glisSovdpléxiReifhartt arid Raili§, 1994). This
study used semstructured to explore how physiological wearable measures
could be used in the rail industry in future. The use of semictured

interviews allowed the stakeholders to share their experienaad opinions

in their own word (Coveney, 2014). The method included elements of both an
inductive and deductive approach. The sestiuctured interview prompts
supported a topdown deductive approach (Robson and McCartan, 2015)
with stakeholder providingnswers and examples on existing topics. The
bottom-up inductive approach developed initially as the interviews
progressed and additional topics emerged beyond the original prompts
(Braun and Clarke 2012)he coding and analysis stages usedrabination

of both inductive and deductive approach to establish themes that reflected
both the original deductive prompts and emerged during the interview
process and coding. The themes that emerge from the interview data go
beyond what can be observe&laus et al., 1996). The final themes and-sub

themes inclusion reflect those relevant to the rail industry.
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6.3.2 Participants

All eighteen participants recruited in this study were signallers and shift
managers working at East Midlands Control Centre (BM@dCincluded the
local Union representative. Participation was voluntary, and no incentive was
offered. Staffat the entre knew the researcher from the domain
familiarisation activity undertaken durireninternship with Network Rail (see
1.6, and whilst arranginthe live trials that were subsequently cancelled due
to COVIEL9 related restrictions in March 2020.d3e events assisting in
gainingindustry support for the interviews, both for participants and for the
staff required to cover operations to enable the interviews to go ah&ae.
representativerailway Unios were informed of the research ahead of
interviews.Participants were recruitedsing a snowball sampling method,

via a posteandmanages.

The average age of participants was 46.9 years (SD = 12.9). Their average total
signalling experience was 14.2 years (SD = 11.1), and experience of modern
signalling VDU workstations was areeage of 7.1 years (SD = 6.5)igher

Grade signallers were those at Grade 7, 8 &hdt Signaller Manags{who

are qualified to cover workstations when requiretdpwer grade signallers

were thosegraded 4¢ 6. Participantgepresented 22% of the stadt one

centre based in the Midlands. Participant numbers were randomly assigned,

and do not reflect the order the interviews were completed in.

Experience
of Wearables

P1, P4, P7
P15, P17

Low Individual
Innovativeness

PS5, P6

Higher Grade
Signaller

P10, P13,
P14, P18

Figure6-5 Participant experience of wearables, signalling and individual innoveshse

141



Study 3¢ Staffattitudesand perspectivesn wearable masures

The Venn diagram iRigure6-5 shows the distribution of participants based
on whether they had experience of wearables for fitness, their Individual
Innovativeness, and total experience of signalling. This demonstrates the
participants covered a range of experiences from across ra@étbf these
demographics, enabling interviews to represent a rangpestpectives and
attitudes. The eight participants with experience of wearables for fitness
reported using a wrist device, smart watch, or mobile phone app, and one
who previously used chest strap for fithess. Only six participants had
experience of workload assessment techniques, spread across the three
circles of the Venn diagram kigure6-5. Allparticipants who had experience
of reporting their workload using IWS were in the High Signalling Experience

category.
6.3.3 Procedure

The questionnaire andhierview questions(seeAppendix ) were adapted
from TAM and other existing methods and modalsifkateshat al 2000,
Hurtet al.,1977,Jacobset al.,2019,Gribelet al.,2016 Urquhart and Craigon,
2021, Parasuramart al.,2015,andWolf et al.,2018) Unlike the

technologies originally researched using TAM, the physiological measures
investigated here are not designed to improve productivity directly (Jaebbs
al.,2019).

In advance of the interviews, participanteceivel a consent form, a short
Prelinterview Questionnaire to be completed online using Jisc Online Surveys,
andatweLJr 3S LJ YLKt SG WLYUGUNRRdAzOGA2Y G2 2 St
introduction contained pictures of all three devices (see

Figure6-2 Wrist strap Chest strap and App
), with a short description of each, to ensure all participants had the same
briefing about the devices prior to being inteewed (seeAppendix £ The

PreInterview questionnaire collected demographic information, including
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level of experience of signalling, workload assessments, aperence of

wearables (se@dppendix . The Individual Innovativeness questionnaire

(Hurtet al.,1977) was included tdetermined A Y RA @A Rdz £ 8 Q LINBEFSN
technology

Use cases were referred to during interviews to present three alternative

hypothetical future useases that current staff could relate to (s€able6-1).

¢KSaS ¢gSNB dzaSR & LINRYLIia G2 SELX 2NB
answers on purposéhe case studies provided details of potential usesh

asexamples of different levels of dasdaring, and different purposes.

The e Cases wergevelopedby drawing orfindingsfrom the industry

interviews study, the simulation study, tlseopingreview of physiological

data, the literatureon user acceptance of new technologydprivacy,andin

consultation withrailwayindustryexperts They provided a range :of

1 Perceived Usefulneg¥enkatesh and Davis, 200Q)otential uses

based onndustry interviewof when staff are assessedrrently(e.g.

as atrainee,or by managerpand inconsultation with industryThey

include aworkload assessment usandtwo types of changefrom

traineeto beingqualified signaller; and the impact néw technology.

1 Job Relevancg@/enkatesh and Davis, 2000inost relevant aspects of

workload toinfer, based on thescopingreviewof physiological

measuresand simulation studyindings
Table6-1 Use Cases used in interviews

A

Understand
Signaller Workload

B
Learning Aid

C

Assess impact of new
technology or procedure

Perceived Detect peaks & Track progress, self- Assess effectiveness of
Usefulness  troughs in workload learning, assess change

& effort training
Job Anticipation, Alertness, confidence,  Stress, effort, unexpected
Relevance alertness, stress, unexpected event, system responses

time pressure, brief stress, effort

peaks
Anonymity Anonymised Trainee data shared Labelled with initials,
& Trust with trainer & device shared with manager &

supplier investigator

Time Data collected during  Data collected across Data collected across
required 1-2 shifts training period period of change
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1 Anonymityand Trust; level of anonymityJacobs et al., 2019;
Urquhart and Craigon, 202and third party acces&Gribel et al.,
2016)from the scopingeview ofprivacy in personal data use

1 Duration¢ how long would it béeasibleto collect datafor, based on

consultation with industry

The semsstructured interviews were conducted over the telephone and audio
recorded.The interview prompts are prested inAppendix GThe average

length of interview was 60 minutes (SD = 14 minutes), with a total of 18 hours
recorded. Interviews could not take place in perghre to COVIEL9

restrictions stopping visitor access to operational sites. All interviews took

place during work hours, with cover arranged at the workstation to allow staff

to participate ¢ KS & ddzRé& 41 & I LIINRPDSR o6& | YyADBSN

of Engineering Ethics Committee, as showAppendix D

The short Postnterview quesionnaire asked participants to raten a scale
their level of agreement with eleven statements on topics covered in
interview (adapted from Venkatesh at al 2000, Jacetal.,2019, Gribekt

al., 2016, Parasuramagt al.,2015, and Wolét al.,2018).The questionnaires
included scale questions from 1 strongly disagree to 7 strongly dgeee
Appendix Bl This compared responses between the chest, wast app

devices.
6.3.4 Data Analysis

An Automatic Transcription Service was used to initially transcribe interviews.
Familiarisation was achieved during checking and manual correcting of all

interviews by the first author of the study.
Thematic coding wassed in an iterative process to discover the factors

underlying staffperspectives andttitudes (Robson and McCartan 2015,
Braun and Clarke, 201a@nd Sald&a 2016). Half thenterviews were coded
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on paper to produce théramework v1. A coding review exercise was

performed at this stage, in which a second analyst sorted the child codes into
thematic groups, without reference to framework v1. All child codes were

retained, with 38 matching their eleven existing parent coddse results of

this check were examined by the two analysts, which resulted in some parent
O2RSa o0SAy3a YSNHSR YR | ySg)XXEsNByd 02

stage is presented iRigure6-6, showing parent and child codes.

After the check by two analystsl] ahild codes were merged into their parent
codes. The resulting revised framework v2 comprised of 10 codes. Coding was
digitised using NVo 12 (QSR 2019) and all interviews were coded. Two codes
were merged so the final framework (presentedliable6-2) contaired 9

codes across three stages: Justification, Data Collection and Consequence.
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Staff perspectives on wearables

Justification

Data collection

_[

Justified purpose

Tangible benefit
to railway
operations

Mutual benefits

_[

—[ Leads to improvement

Vs

~N

Reasons to use

Most - confidence,
stress, alert, time

pressure
| | Datarelevance | |
to signalling task .
Less - anticipation,
\§ J brief peak, effort,
unexpected
( N\ .
|| Low social Social norm
L accetpability ) Union approval

Comfortable
devices suit live
operations

Comfortable

Low wear time

Data accuracy

Data quality

J

Risk of distraction

N

J

App dishonest ratings

App missing values

Feeling tracked

Device distracting

) J O J J J UJ

Researcher

Importance of
thrusting those

who see their
data

Trainer

Accident investigation

Managers understand
individual differences

s J UJ

Consequences

Suspicion data
privacy will not
be kept

I
I N NN G I Y QG NG NG s A et

Privacy not kept

—J \

Anonymity increases
uptake

N\

Individuals compared
unfairly

Concerns over
data misuse

Not a performance
measure

|

Risk job loss

_[

—[ Criticised for own data

Figure6-6 Coding tree for staff perspectives on wearables

Independent of the coding exercise, the researcher devised a method
categorise the results from the 32 interview questions. The categories

indicatedthe extent to which participants supported the use of measures. A
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traffic light coding was applied to each answer provided. Red indicated that
participant€answers explitdy contained responses that weagainst the use
of the measures. Greendicatedparticipantresponsegxplicitlyendorsed

the use of the measure®Amber indicatedesponses thatwvere mixed, such as
containingcaveats to their useor where they did nowish to comment either
for or against the measure3his analysis was specifically used to determine
whether a pattern existed between experience, or individual innovativeness
and individual perspectives and attitudes to the new measures, and

robustnessn the analysis.

6.4 Resul$

The iterative thematic coding produced 9 codes, across 3 stages, and
represented a range gderspectives andttitudes from endorsement,

uncertainty, to opposition to the use of wearable measures (Eaiele6-2).

Table6-2 Coding framework foperspectives owearables in the workplace

Stages Y
1 2 3

Justification Data Collection Consequences

Importance of

o Tangible benefit Comfortable trusting those
o to railway devices suit live who sge their
> operations operations data

[%] ..

Q

o Data relevance Data quality SL.‘Sp'C'On. data
2 : ; . privacy will not
£  tosignalling task uncertain be ket

Z e kep

e Low social Risk of Concerns over
z’ acceptability distraction data misuse
z

The themes identified in the study are presented in the sunburst chart in
Figure6-7, and described in the following sections, presented with results

combined from interviews and questionnaires.
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Data
misuse

Tangible
benefit

Least
relevant

Data
relevance

Most
relevant

Low
social
acceptability

Risk )
of
distraction

Comfortable
devices

Figure6-7 Sunburst of framework, with distribution of number of items coded.

6.4.1 Stage 1Justification

This first category is comprised of codes on the benefits and relevance of
measures and their social acceptability. All codes relatieaw well wearable

measures currently fit into the railway industry.
Tangible benefit to railayoperatiors

Participants overalheld positive viewshat measuring signaller workload
would beuseful in ongor more, usecasesto: demonstrate to others how
hard they work understand their own data as trainees demonstrate to
others the impact of chang&®uestionnairaesponses matched these
findings with participants ageeing that measuring workload is importaii
the railway industry (Mean = 5.61, $[1.88), on a scale 4trongly disagree
to 7, strongly agree. Wearable measures were seen as having potential,
provided they hadtlear operational benefitfP13, P14, P1%15]that led to
improvement in operation§P7], effectiveness [P3] or safety [P7, P18].
Trusting the use of the dat@overed in a later section of the resyltsould

be improved if the company was cleam whatprecisely they hope to achieve
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with wearables [P4P5].One potential benefit wasnproving the visibility of
effort staff put in, exemplified by the following quotes from interviewees:
G¢KS 220 f221a Slae (2 az2yYSo2Reée aAabdaa
R2AYy3 y20KAy3 06SOI dza S[PBRR dzQNB 2y 1+
GL (KA yUsefulin cerkatn se@s8NIhink people in different areas of rail

operations, we don't see what they do, and what their stress levels are, and
iKSe R2yU4id aSS gKIRB GKS aArayl ff¢

Participantdelt wearables would providebjective da&, with fewer false
readings [P3, P5], and more overall readitiggn the app, whichmaynot be
completedduring an incident when workload was hifffiL6]. Overall
participantswere receptiveto a live trial ofphysiologicameasuresto provide

evidence of the data that wearable measures coofier.

GL GKAY]1l AF 6SUNB t221Ay3a F2NI gl &a (2
thenitsaned NI A [PB NIb ¢

Participants suggested measures could show the variance in workload across
a shift, across days, and workstations, and the varying pressure [P18] that
may not be obvious to others [P9]. Measures may also show when staff are
stressed [Ppor fatigued and require a break [P1]. Participants thought it

would be interesting to see hotrainees react to certain situations [P12,

P17], their stress levels [P7, P8, P12, P18], concentration levels [P8], attention
[P18], alertness [P10, P16], aconfidence[P5, P7, P16], compared to
experienced signallers [P8, P18]. Measures could asdistining and
assessment [P6, P18]. Data could also inform a debrief activity [P15], to
reflect on situations [P15, P16], and for the trainee to become more
conscious of what they are doing [P2], when they may not be thinking about
how they are performingP18]. Potentially both trainer and trainee could
benefit from wearing a device [P16] and comparing outputs. Regarding the

impact of change, participants comment#tht not all changes were better
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[P7, P8, P15]. Data may provide a more accurate pictutieeoinpactof
technologies whether theywork as intendedP16], and to adapt the roll out
[P5]if not. In addition to the use cases, participants commented that the
impact of incidents on staff is not known. Measures may be able to assess the
effect incdents have on staff, particularly incidents such as a fatality when a

train hits someone [P17].
Data relevance to signalling task

In the questionnaire participants agreed that measuring their workload is

relevant to their job (Mean = 5.61, SD = 1.8®)d&termine whether the

OKS&al &adNI LI 2NJ gNR&adG adGNI LI 6SNBE NBt SO
were presented with examples of what could iéerred from physiological

data Stress, confidencand alertness were deemed most relevant to

signallers Anticipation and time pressungere deemed less relevant. Stress

and alertness can be inferred from the wrist strapd ©nfidenceor

uncertainty, from the chest strap.

Participants reported thatteesscanoccur with failuresincidents,or

emergencies [P2, P4, P8, P9, P15, P17, FaB8pxamplepointsfailure [P2],

bridge strile [P3, P5, P9], children on the track[P&jtrains disappearing off

the screersdue to leaf falt[P6, P9]Drivers only calivhenthere is a problem,

sohearing the phone ring can ksresgul [P1, P2, PAntil the problem is

known[P1, P5, P9, P14, P16Gjcidents can then take time to wind down

froma! £t 2F | &dzZRRSYy @&2dzQ@S 320 Iy SYSNI
findingoul 6 KSUGKSNIJ 2NJ y23G | RNAGSNKk | (NI AY
[P1]Not allUnexpected events are stressf@nce the signaller knows what

to do [P9], some events less stresgfil1, P17]such as a tree [P17] or cow

10 Most fatalities are suicides. Anyone affected by suicide can gain support by caftiagitdas, UK,
116 123 oNSPI, USA, 1800 273 8255SRPC, Beijing, China, 0800 8101117; or AASRA, Mumbai,
India 91 22 275 4666%dditional international helpline numbers are available via Therapy Route
(2020)

11 eaf fall, compressed by trains can, in track circuit areas mean the metal wheels lose contact with the
track
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[P13] on the lineBrief peaks iMWL in these circumstances would not affect
signallers for long [P6, P8, P11, P12, P14].

Participantgeported feelingconfident when everything runs smoothly and

on time[P1, P2, P5, P8, P9, P12, P15]. Trainee confidence builds with

experience over timeOnce they successfully deal with something the first

time, they know they could a second time [P4, P6]. As their confidence

increases, their stress decreases [P2, P5, P13], and they deal better with time
pressure [P13] andhenunexpectedeventsoccur P8.4d / 2y FARSY OS o L
AGQa | oA3 GKAY3I Ay GKAA 2200 ! YR 1y26
the knowledgeyou ARE more confident. And that gives you a much better set

2F alAftfta G2 gPM)Confidesce asp ks értingss 2 y ® ¢
Trainees start with a heightened level of alertness, trying not to miss anything

[P7], whereas, gperiencedsignallerscan sit back, observe, whilst being

prepared for problems. For example, a participant with high experience gave

an analogy t@wompare a trainee with a seasoned signaléer: S Ol dz& S @& 2 dzQN
ySg Ay GKS NRf{S @2dz2UNB GKSNB tA1S | YS
82dzQNB | f gl &a GKSY | yiAOA [Gorapargddo] ¢ KI G U a
an elephant or rhinoceros or somethinkgl that that's possibly not as

threatened by predators, something that's more laidb&®ithe alertness

level is there because they ARE looking for the dangers around them, BUT
GKS2QNB y2i dzLJ 2 ye[Pi GtheNphrticipayitRsuggdsd & & O2 d:
that trainees may havéeightened levels of alertness, describthgm as

having'®yes on stal&Qwith alertnessthrough the roof2 [P5], with those

new tothe live workstation in a constantage of fear for the first few days

[P7, P14]These finings suggest confidence builds with experience, and with

this, alertness is reduced from a very high level to a regular level. The trainee
gradually gains sufficient experience and confidence to turn from the

WYSSNJ FGQ G2 GKS WStSLKIYyGiQo®

12 An English phrase meaning their eyes are wide open with surprise.
13 An English phrase meaning to rise to a very high level.
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Time pressureand anticipation were deemed less relevant to signallers.
wSIIFNRAY3I (GAYS LINBaadaNB:z airdaylrftSNa | O
[P12].0One participant said, as an examplel. Ydzad €221 4 GKS
anything else in this plac [P18].Not allparticipantsviewed this as time

pressure [P6P13, as staff manage their own workload [P1, P15]. There may

be, however,multiple people waiting for a line block [P2, P4, P5, P6, P14], or

only seconds to enter a route for a busy junati®9], or minutes to give up a

possession and allow trains to run again [PT2js seems to suggest that

whilst time pressure is a daily external task demand, this does not

automatically lead to a negative experiencepoéssure Ensuring the

timelinessof train services is a signalleesponsibility It could be this does

not automatically translate into time pressure fagsallersas theyhave the

control to delay their tasks, if that is what is required to complete their tasks
safely.Signallers camform staff on site they must waib start workor they

can keep a trailmeldat a red signal.

Anticipation was viewed as bad for a signalfet1, P13] when thevorkload

cannot be anticipateduch aghe phone ringingSignallers plan what they

can e.g. routing trains and regulating the order trains proceed. Their

responses suggest they do not view these as anticipation. Jingyested that
theyinstead indicated anticipatiors ariskif it is based ompoor assumptions

of what normally happen$P13 or dwelling on what mighbappen [P12].

Participants advocated lavel of preparednessistead, to notice issues when

they occur, and deal with them promptlg., 2dz OF'y b9+9w SELISOI
problem. It's just knowing how to deal with that problem atth (G A YS ®¢ @t ™
Preparedness included being aware of weather conditions [P14] and the likely
workload of a workstation [P5, P12]. Noticing issuesluded egulating

(decidng theorder of traing [P2, P5, P8, P1B11,P16, P17&nd noticing on
CCTWthosepedestrians or vehiclethat may not comply withevel crossing

lightsand barrierdP7]
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Low social acceptability

In interviews, despite signallers themselves seeming prepared to use at least

one device, they anticipated a mixed response from cglles. When asked

What is the likely reaction of colleagues to the use of these new mea€res?

only 17% of participants responded that the reaction of colleagues would be

positive. The remainder anticipated some level of resistance to the new
measures, i@f dzZRAYy 3 GKS gNARald AGNI LI OKSad ai
comment sums up the expected range of respongek: G KAy {1 6SU@S 3:
that don't like change in any way, shape or form, they won't like it. You'll get
GK2aS oK2Qff (KAMyal AYh gaesy Sei2Kdk v 3y 2yeSse  (LKQ |
¢KSY L GKAYy]l e2dzff 3ISG GKS YARRES 27
0KSYy L Qf f [PBReBtantdiseemedide @écamcern over what the
information could be used for, and fear, suchfear they might lose their job.

G¢KA& Aa | ol O1KFEYRSR ¢l@& 2F (KS 02 YL
gAft 0S5 [I[Pifl] TRiGE&aNANd &bodiatetl resistance, present a

barrier to the future use of these measures.

In response to the @rcautionary principl¢Urquhart and Craigon, 202% Wdza i
0S50l dzasS ¢S O2dzZ R dzaS (GKSaS YSIadaNBaz a
endorsing the measures, 9 were uncertaandnone were against the

measures. Predicted use and intension to use resulted in the sankéng of

measures. The wrist strap had the highest predicted oseasevenpoint

scale with 7 higlwrist strap Mean = 6.06, SD = 1.00, app (Mean =5.28, SD =

1.56, chest strap (Mean =5.11, SD = 1.68¢Figure6-8).

In the questionnaire signallersn averageslightly disagreed with the

statement YwouldnotNS 02 YYSY R (KS RS@ZAO0Sa G2 Yeé
Mean= 3.33, SD 1.37, Wristddn= 3.00, SD = 1.53, App 3.22, SD 1.40). This
shows that, despite signallers expecting a mixed response to measures, they

would somewhat be prepared to recommend devices.
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Regardingi KS ¢! an O2YLRYySyid v

signallers somewhat disagreed witie
Predict | will use

- - statement in the questionnaireW¢ KS RS @A OS

6 % ? could be a status symbaly Yeé 2NHI yAal
5 X *

(Mean = 2.94, SD = 1.43). Wearables were

Rafing
(1 strongly disagree 7 strongly

not viewed as improving image, with one

signallercommenting that there could bé |
f AGGOt S offomh colefiguds foy” G S NE

1 °
Chest Wrist App

wearing one [P3].

Figure6-8 Questionnaire responses tc
prediction of use of wearables.

Box shows interquartile range, x is th

mean, line the median, whiskeris 1.5 §.4.2 Stage 2Data collection
times interquartile range, and dotwe

outliers.
This second category is comprised of codes

on comfort, data quality and distraction. All

relate to devices and the data collection stage.

Comfortable devices suit live operations

Comfort was associated witthcreasedexperienceandreducedawareness
whilstwearingd L ¢S NJ 2yS o6Fy | LIIX S gk GOKO | ¢
NBFftfé (GKAY] Fo2dzi Al (G2 0SS Kz2ySado LQ
research{P§. Signallers were familiar with wearing something on theiistvr

[P16] like awatch [P7]that they wear all the time [P17], d¥itbit [P1] Once

the watch is on, thegon't really knowA G Q& (3K SANB oc O8Y Sa WL |
LI NDOSt Q o tfonget Bbout iy[RL2]G K S &

GLGYE fTA1S FyedKAYy3d (KFIGUE ySgaof | 2dzU D€
0KS VY[RISYY ¢

Signallers commentethe chest strapvas abit strange [P3, P5yould

NB |j dmioMJinesding about putting it @fP3],and may be airritant [P§

or unconfortable [P12] but it was difficult to predict comfort. All except one
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signalle had no experience of cheststraisL. R2y did (1y263% of I dz3
20Q0A2dzat e gAGK2dzi GNBAY3I GAGRRdz GNEAY
The signaller who was familiar with the chest strap was less awaretot.ittl & S

used them (chest strap) before for like heart rates you know and fitness type
aGdzZF¥F>X YR 2y 0SS @2dz 3SG IPAYWAIKt €2dz {AY
signallers maynitially be conscious that they were wearing thetfms would

be likely to reducencethey wereused to then [P13]

Devices would require a lot of mental Devices difficult to use
effort

7 I

6

5

4

agree)

Rating

(1 strongly disagree, 7 strongly

3 X

Rating
(1 strongly disagree, 7 strongly
agree)
w &
X
-

2 2 X

1
Chest Wrist App Chest Wrist App

1

Figure6-9 Questionnaire responses to dedbeingdifficult to useor require mental effort

Box shows interquartile range, x is the mean, line the medihisker is 1.5 times interquartile
range, and dots are outliers.

Figure6-9 illustrates the results for the question$Vearing devices wouldn't
require a lot of my mental effol Yy Rwolid find the devices difficult to

useQ ® gaektiBnnaire datandicated a trad to the wrist or chest strap

requiring less mental effort (Wrist Mean = 2.67, SD = 1.61, Chest Mean = 3.11,
SD = 1.88) than the app (Mean = 4.33, SD = 1.75). This is consistent with the
app requiring signallers to enter ratings compared to wearablesrd#cg

data passively. All devices, on average, were rated as not difficult to use, with
the wrist strap being the lowest difficulty (Mean = 1.94, SD = 1.35). The three
signallers with rating scale experience rated the app as difficult to use (ratings
of 6,4 and 6). The wrist strap overall reportedly suits use in the live
environment. The chest strap may suit use after a period of familiarisation.

The app was rated the least suitapées it requires the most mental effort.
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Data quality uncertain

Thedata quality code includes concerns by participants that firstly app idata

reduced by staff missed ratings [P1, P2, P3, P10, P11, P12, P15], particularly

when busy and potentially for a while after an incident [P$6L. ¥ & 2 dz | NB
going to pursue the apgou probably are going to have to accept that some

2T GUKS RIFGF Aa 32[RM[ESedoadiytatRiatd) fiduh theS & LI2 NI
app may be skewed [P1&lepending how honest people are [P12]. People

62y Qi NBLERNI 6KSYy (KSerepo[B5 RLR R12,0dzae =
P15, P1§p or overreport pretending they are busydPP11, P16 enter a

value without much thought [P6], or different individuals will report different

values for the same situation [P11j. the eyes of the signalleedl these

points make theapp data less reliable in the eyes of signallers. Finally,

participants queried how accurate physiological data would be for workload

For examplehow to differentiate individuals who appear stressed, and

otherswho do not[P11] or when seHassessed workload does not match

physiological dat@P16] Participants understood that stress increases heart

rate but queried whether it was clear what wasagd or bad levels in terms of
workload[P5]

Risk ofdistraction

Participants thoughthe app the most distracting and the wrist strap the least
distracting.d don't think the wrist one would be an issue af §#4].
G{2YSGAYSa (KSNZBirhatthée sambtithe, bild gOABGEI0 NA Y
RSOARS 4KAOK 2yS @&2dz ¢glyd G2 |yasSN® b
[P9]
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Participants thought the app would distract staff from thgb [P7, P8, P13,

P14, in particular the sound [P4, P9] which may even distract stadhather

workstation [P1, P5]. Mobile phones are not allowed on the floor due to the

risk of distraction [P7, P13]. The app would be especially unsuitable for

trainees [P4, P10, P11, P13, P18] who may be at risk of overload [P14] or

may interact with the app and miss something[RBhy | f A @S g2 NJ a i
we've got safety critical situation, we're asking them to possibly, just by doing

this (answer the app) to distract them fromwh& & & U NS | f [RB] R& R2 A
In interviews participants reported the chest strayay be more intrusive

than the wrist strap [P2, P8] and they would be more conscious of wearing it
[P2, P18]. Two participants added they may also be distracted wondering
what the data was showing [P2], particularly if there was an incident [P7].
Despite this, on average, participants were not concerned about being
GNJF O1 SR 46A0GK f 26 NdouldhyuIedhe deidéd (1 K S
because | would be concerned about beirgked2 Y O fe&h& £.06,05D =
1.11); wrist (Mean= 2.06, SD = 1.11); and appgdh= 2.00, SD = 0.97).

QX
[@=N
c

Thequestionnaireconfirmed themost distracting was the app (Mean = 4.72,

Devices would be distracting SD 1.56), then the chest strap
T ( (Mean = 2.94, SD = 1.73), and the
‘f% e leastdistractingdevice was the
g’ 5 [ ~ wrist strap (Mean = 2.50, SD =
g’é . 1.38) (sedrigure6-10). In the
2 guestionnaire, those who agreed
? 3 - X or strongly agreedhat the app
= ? would bedistracting [P5, P9, P13,
e W . P18] hal no prior experience of
Figure6-10 Questionnaire responses ti@vices wearables. One had previous

would be distracting
experience of the IWS.
Box showsdnterquartile range, x is the mean, line
the median, whisker is 1.5 times interquartile ranc
and dots are outliers
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6.4.3 Stage 3Consequences

This third category of comprised of trust, data privacy and data misuse codes.

All relate to what happens with the data tadtted from devices.
Importance of trusting those who see their data

Level of trust in sharing named data varied depending on who sees the data.
Participantavere more inclined to trust thosexternal to the organisation:
researchers who process the datafbre anonymisationand device suppliers

who need acces#$articipantsvere more cautious about sharing named data

within their organisation. Over half thearticipantsagreed trainers could see
GNFAySSaQ RIGlI® hyfeée wmm: PsharifgBaned? y a S a
data with managers. One reason given was managers may misinterpret data

due to lack of understandin@gPl, P5].a LT GKS@& o60YFylF3aSNERUV O
understand what's going on, then I'd rather you ((a researcher)) come and tell

Y S 1]

Shaing datawith accident investigators met with mixed attitudes. Some
participantsqueried how data would beased [P13] and its relevance [P5],
whilstothers accepedit [P6, P12, P15, P18fi:l 2y Saidf & NBFffte A&
LI2f A0 X Ay NB B aNdrt béirgy shar&dSwitH investigatdjsdzS & G A
think another reason | don't think it (would) be that much of an issue, | don't
GKAY] @&2dz aK2dzf R 0SS ¢2NJ] Ay 3 [F6FTwé 2 dzU NB
dichotomies were identified regardingarticipantspreference for

anonymising data. Firstljor those wishing to see their own data, it must be
identifiableso could not be fully anonymise8econdlywhileincreasing

anonymity may increase acceptance, anonymisation is a challenge, such as for
trainees when there are only a few at otime [P7] as date and timgand

workstation data could be used to identify an individual.
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Suspicion data privacy will nme kept

Participants were asked whether they had any concerns about data use.

Seven raised concerns arouddta privacyOne aspect of this wasord

spreading [P1, P6]edpite steps to anonymise data , 2dz R2y Ui o y i
into work and then everyone8aA y 3 Wh KK gSW@S &aSSy @& 2 dzN
& Sa i SRA It d@ckbe particularipard on trainees if they were talked

about. Yet it is a challenge to anonymise the data, as rosters show who is on

shift [P2] and, if only a small number of participants weeasures it would

be obvious who they are [P14]. Both these confirm anonymisation would be

difficult in practice.
Concern over data misuse

Fourteen participants raised concerns that data may be misused by managers.

Their ultimate concern was the risk losing theifjob [P5,P11, 17]d¢ h K (G K S
O2YLI ye gAfft 3ISG NAR 2F YS GKSYy AF G4KS
Ot MMBd ¢KS& RARYQU GKAyYy{(l O2ftfSI3dzSa o2
Participants were concerned managers would criticise stadtiatheir

physiological data [P2, P9, Pd$ has happened with delay attribution [Pat

wrong routes [P1]. Participants did not want the data used for disciplinary

matters [P16], to assess job performance [P11], or as a negative indicator of

their capaity [P18]. Another concern was staff mayurdairly compared to

each othefP5, P9, P11, P13, P14]. Staff heart rates differing [P5], or differing

levels of stress [P5, Pll3vere not seen aselevantif the performance

outcome was successflR®5]. ltwas deemed unfair to compare trainees in

training, between someone working on their own, with someone who has a

trainer with them[P13] If, instead, the data was not used to incriminate staff

in any way, and kept only for research, then staff should rmateha problem
[P17].aLQY Iff F2NJAG FYyR LUY ljdzAdS KI LLR
FNB ! {95 o6& (KS O02YLIye Ay (fRH.02NNBOIH
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6.4.4 Individual Innovativeness and experience impact

In addition to the codes in the Frawork,the demographics of level of

individual innovativeness&nd signalling experienceere analysed to

determine if they predicted variation in attitudes. This found attitudes did not
predict proportion of interview responses endorsing new measuresults

showed a slight trend to low signaller experience being more positive about
measures (Mean = 69.0%, SD = 7.9) compared to a high signalling experience
(Mean = 57.6% (SD = 21.7). A pattern that did emergehesignalling
experience and individuahnovativeness were linked with experience of
wearables for fitness. All low signalling experience, high innovativeness (n = 5)
hadexperience of wearablesompared to all low signalling experience, low
innovativeness (n = 2)vhohad no experience of weables. High signalling

experience had varying experience, (3 had experience, 8 had none).

6.5 Discussion

Topredict the likely usage afearable physiologicaheasures to assess staff
workload,this studyassessed: which measures most suit live operations
basedon perceivedcomfort levels, perceived distraction from the task, and
perceivedrelevance of datavhich factors contribute to stafferspectives
onthe potential use of wearables at work&nd canindividual
innovativeness or experience explain differenceparspectives and

attitudes?
6.5.1 Suitability for live operations

The device most suitable for live operations was the wrist strap, kémg
most comfortable, least distracting devidbat staffwould be unaware of
wearing. Participants preference for the wrist strap could be explained by
familiarity with wrist watches, compared to the novelty of wearing a chest
strap. The app raised the greatest concerns over distraction, particularly for

trainees. These findings support the previous theories and models that
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suggestomfort (Urquhart and Craigon, 202Wolfet al.,2018) and

distraction (Jacobet al.,2019, Gribekt al.,2016, Parasuramaet al.,2015
andUrquhart and Craigon, 202&re valid &ctors in staff attitudes to

wearables at work. Regarding the most relevant data, stress, confidence, and
alertness were deemed most relevant to signallers. Anticipation and time
pressure were deemed the least relevant. Whilst stress and alertness can be
inferred from wrist strap datdHealey and Picard 200&pnfidence, or

uncertainty as a lack of confidence, is mézl from the chest strap data

(Ranirez et al). If confidence is to be trackedchest stragouldbe

consideredafter a familiarisation peod.
6.5.2 Factors contributing tetaff perspectivesn wearables

A keyfactor that emergedthat contributed to staffperspectives andttitudes
toward the use of wearables waghether theytrusted the staff who would

see the data, and what the negative consequences could be of sharing data,
particularly ifnamed datas shared Trust as a keyart of gainingstaff
agreement matches theories and models in the literatuk@r{belet al.,2016,
Jacobset al.,2019, Parasuramaet al.,2015. No devices would be worn by
staff if they were concerned managers would use the data to crittbism,

blame them, or assess their job performance. The ultimate concern was
misuseof data by managers leading $taff losngtheir job. The alternative to
this was that a clear operational benefit of the data, leading to improvement
in operations or safety, would encourage staff to trust the use of their data.
Regardingvhom specifically they would trust, participarfiesponses suggest
they would trust researcheroutside the organisatioto interpret the results

and pool data across participants to protect individual identitidse

distinction between trusting thoseutside the organisation, compared to
managers, mgreflect the relative control over consequences that these
parties have. Managers have the most influence on supporting or disciplining
staff. External third parties, with less direct control, may be seen as less of a

threat. This concern is removed if @ais fully anonymisedmatching existing
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theories Jacobst al.,2019,Urquhart and Craigon, 202X0nedichotomy
here is, within a signalling centre, anonwation would be difficult to
achieve as workstation and date would be sufficient informatiom &aff to
know, from the roster who was on shiftAnotherdichotomyis individual staff

could not see their own data if it was fully anonymised.

Three factors identified in theories that did not appear to contribute to staff
perspectives anattitudes of wearables were devices being seen as a status
symbol ¥enkatestet al.,2000, concern over being tracked (Welf al.,

2018) or sharing data wit third parties Gribelet al.,2016). Participants did

not view the measures as a status symbol, possibly as they do not directly
support performance outcomeand are not viewed as a privilege. The data
from the wearables was viewed instead as a potdritieeat due to the risk of
misuse. This did not show as a concern about being tracked. This may be due
to staff in railbeing used tdigh levels of existingionitoring 6uch agphone

callscontent, workstation inputs logged)
6.5.3 Individual Innovativenessid signalling experience

Individual innovativenessr dgnalling experiencdid not explain differences

in perspectives oattitudes. Those familiar with wearables did not
automatically endorse the use of wearable measures. Familiarity with wrist
watcheshowever, may explain a preference for a wrist strap over a chest
strap. In addition, all those with high innovativeness, low signalling
experience, had experience of wrist wearables and mobile apps for fithess
compared to only 3 out of eleven participamsth high signalling experience.
These findings, taken together, suggest the proportion of individuals with
experience of wearables will increase as more staff join. This is predicted to
be higher if those individuals have high innovativeness. If staffiyith
experience of a chest strap, they may be more likely to wear a chest strap at

work without the device being a distraction. So experience may influence
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attitudes Gribelet al.,2016, Jacobst al.,2019,Venkateslet al.,2000, but
in this study itdid not predict attitudes.

6.5.4 Implications of findings for understanding signalling workload

This study has implications for understanding the individual experience of

a2[ o0& aAdyl ff SNeperiea dMaikioaonotthg RA A R dzh f
number of trans on a workstationThe number of trains timetabledhried

across workstationsStaff seem to prepare themselvgwrior to a shiftfor

level of task demand.his would fit with the malleabl&WLtheory of Young

and Stanton (2002). Instead, changestiess and alertness, were due to

either unexpectedor novel external events such as incident and associated
individual internal factors such as level of personal experience and

confidence. Novelty and uncertainty seem inextricably linked, with

confidencefrom experience a counterbalance to this.

Traineesstart stressed and with high alertness. Over weeks and months this

subsides as their experience and confidence build, as they successfully

respond to a range of unexpected eveni$is includesignalles building

experience ofmaking others wait (e.g. trains or staff),orderto manage

their own workload andatontrol time pressurePhysiological data could

provide an indicator of the resulting changes in the underlying staid the

balance between sypathetic and parasympathetic nervous system. The

dichotomy here ighat participants acknowledge trainees may have

heightened alertness, compared to experienced signallers, but felt comparing

results would be unfair, and N> A ySSa Q RI {lsenQiedzft R Tl f aSH
workload imposed by the tasRarticipants felt comparisons should only be

on operational performance outcomes, not individual experiences of MWL.

¢CKAa OldziAz2zy YI@& 06S fAY{1SR G2 LI} NIAOAL
misinterpretation, of physilogical data. These concerns would need to be

addressed before physiological measures are applednderstand this

variation in individual experience of MWL.
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6.5.5 Generalisabilityn railand other indstries

How generalisabléhese resultsare to other staff roleand tasksn rail, and
other industrieswill vary. This study suggests the greatest changes in
experienced MWL for signallers comes not from the number of trains but
from how novel events are to them and the associated addititasks
required includingphone callsincreasedegulating and managing
disruptions. In other countries, these findings cobllgeneralisable to
controllers who play a similar strategiale recoveingfrom disruption
(Dorrian et al., 20115imilarly the results are generalizable to other control
roles in safety critical industrie¥he results may be less applicable to the
more tactical role of signallera parts ofthe world where their role is more
implementing a planWhere the strongest generalisaiby exists is where
there are conceptual similarities in role to the signallers here, rather than the

association being purely by domain.

The extent to which the results map to train drivéssunclear. Anticipation
was not identified as relevant to sigllers. This contrasts with previous
research of train drivers which did identify anticipation as rele@mbwley
and Balfe, 2018)Where the physiological data may generalisabldo
drivers isaroundinferring stress and alertnessom EDA and confidence
from HRYV datgby an absence of uncertaintyljo select the most applicable
wearables for each rolm rail, and each industry, wouldeed to determine
which physiological responses were most relevant to understaad/iWL of

that specificstaff role

Each role, or each industry may prove to be at a different stage of securing

appropriate Justification, Data Collection and Consequences.
6.6 Limitations

All participants scored above average on the Individual Innovativeness scale.

Theresults of the study may be biased towards a more posjimespectives
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andattitudes on the use of new measures. Voluntary participation may have
led individuals with lower innovativeness to not participate in a study about
new technology for future us&lternatively, this finding could indicate
signallers working with the most modern signalling control systems, the VDU

workstations, are naturally biased towards high innovativeness.

6.7 Conclusion

This study considered thgerspectives andttitudes of staf to the potential

use of wearable physiological measures to detect signaller M study
suggests wearable devices suit use in the live operational environment, with
the wrist strap rated the most suitable due to low distraction. Physiological
data fram the wrist strap could provideisibility of individual MWL of staff, in
particular their stress and alertness, both relevant to signalling. Such data
could build our understanding of individual workload, across a range from
underload to overload, and fra novelty to familiarity. lts essential however
that staff trust those who will see their data, particularly if they share named
data. This trust would need to be in plaoefore staff accept wearable
measures. One way this trust can be built is throalgar operational

benefits that lead to improvement in operation&.certain level of resistance
to measures is to be expected due to this low current experience and the
novelty of the devices. If the chest strap was needed, a period of
familiarisation wold be required Whilstthis study focuses

on railwaysignallers, the findings haweplications for other roles where
human performance is kep the control and monitoring complex safety

systems.
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Chapter 7: Discussion ananplications

7.1 Chapter overview

This chapter presents answers to the research questmanovel

contributions of this researchrhe discussion draws together findings from

the industry interviews, simulation study, and perspectives and attitude
studies. The discussion includes how physiological measures can contribute to
MWL assessment, staff perspectives and attitudes on thesr theoretical

implications, and implications for industry.

7.2 Introduction

Thisresearchconsidered how temporal physiological data from wearable
measures could monitor mental workload. The industry interviews identified
MWL, including underload, as ardumstry risk with increasing automation
technology. The research aim was to progress the measures for use in live
operations, in reatime, to assess staff mental workload with minimal task
interference. An overarching ethos of thissearchis to considepositive
KdzYl'y LISNF2NXIFyOS FyR SELX 2NB WKl i R2
focusing only on when errors are made. Teeearchaimed to detect not

only MWL underload or overload but also when MWL is between these, so is
more sustainable and supportscessful operational performance. The
researchscope considered how personal data could be used in rail to
measure human cognitive performance to, in future, provide feedback
through visibility to staff and their managers. This would inform decisions on
how best to manage staff workload to support successful operational

performance.

The temporal data from physiological measures highlights dynamic changes

and provides a chronology of everitsprovide a timeline o& continuous
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task. This data can be useal\tisualise patterns that could indicate when staff
are at risk ofmoving from successful performance into the higher risk areas of
either underload or overloadl'he findings suggest that thisk of overload is
higher when there is event novelty. Thedalission centres around answering
the three research questions:
1. How cantemporal physiological data from wearable measures
contribute to MWL assessment in rail industry live operations?
2. What are the theoretical implications of individual physiological data
to changes in MWL inwaorkplacesetting?
3. What are staff perspectives on wearables and use of their personal
physiological data?
Whilst the results focus on railway signallers, the implications of the findings
have implications for other railway staind staff in other industries in

control roles with increasing automation.

7.3 Howcan temporal physiological data from wearable measures

contribute to MWL assessmentrail industry live operations?

The answer to this first research question combines evidence from all three
studies, bothscopingreviews, and builds on existing research. The section
focuses on how physiological data can contribute and its suitability as a MWL
measurelt includes two wvel contributions from the temporal EDA and HRV
data EDA can detect moments in worklgahd average HRV has a strong

negative correlation with average subjective workload ratings.
7.3.1 Moments in workload from Electrodermal Activity

EDA is a measure of tle¢ectrical conductance of the skin (Venables and
Christie, 1980). Thigsearchprogresses the previously very limited
application of EDA to the railway signalling task. fdsearchfound EDA data
can contribute to measuring MWL in two ways. Firstly, a¢@ntribution of

95! A& GKIG {/w &aLA1Sa 6uringaoRiBusus A T &
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task and secondly alertness artdesscan be inferred from changes EDA

over time. EDA SCRs can indicate responses to sudden, unexpected events
(Sokolov, 1963)The simulation study highlighted the importance of discrete
LISNA2RAaZ 2N WwY2YSyGaQ Ay ¢62NJf2FRo { dz0
AYyGSNBad Ay GKS O2yidAydzzdza RIGF G2 06Si

experience of workload.

Whilst EDA was hypothesisaalincrease with phone calls (as found

previously by Broekhoven 2016 in live signalling operations), this was not the
case. The phone calls may not have been sufficiently novel or demanding to
produce the stress response Broekhoven 2016) including pzatits

knowing the simulator was not real (as noted in the perspectives and attitude
study). In the simulation study, EDA SCRs identified points in time where
participants appeared to experience a moment of realisation such as realising
'y SNNRBNWPSYKSaAaBT WNRBIYf AaliAz2yQ 200dz2NNBR
a delay after the external event. Tracking this time difference between
external event and internal response could be a useful application of EDA. An
example use would be to determine how long after external event it takes

an individual, such as a trainee, to notice an action is required, as implied by

an increase in EDA.

Thisresearchsuggests EDA indicates individual experience of workload. In the
simulation study, EDA SCL identified times during the task where participants
appeared to experience uncertainty, or time pressure. This would fit with
previous research that has found thdtess (Healey and Picard 2005) and
alertness (Songt al.,2014) can be inferred from EDA. Tresearchfound no

link between task demand and EDA, in contrast to previous research that
suggested EDA reflects differences in task (Healey and Picard 2005), o
changes in cognitive load (Mehler et al., 2012). In other words, it is not the
number of trains alone that produce an EDA response, but instead an
AYRADGARdZ f Qa4 SELISNASYyOS 2F GKIFG dlal R

stress. Both stress and alerts®were identified by participants as relevant to
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the signalling task. In this way EDA could provide visibility of individual
experienced MWL that is not directly observable. This suggests EDA could
contribute to a better understanding of the MWL experieddy signallers to

show both brief moments and underlying level of alertness or stress.

7.3.2 Heart Rate Variability links with mental workload and

confidence

The simulation study found that average HRV showed a strong negative

correlation with average IWS (6@ssessed workload), demonstrating that a

high HRV was associated with low gelborted workload. This was a key

contribution of the simulation study as limited research to date has applied

HRYV data to railway research. The correlation between HRW¥8dndas no
f2y3SN) SOGARSYlG o6KSy @FtdzSa 2F | wx gSNB
This was an interesting finding as it suggested HRV was more indicative of
RATFSNByOSa 06SiG6SSy AYyRADGARdZ faQ SELISN
different levels otask demand. This is a novel finding, and one that differs

from previous HRV research that found it was sensitive to task demand in

pilots (Lehrer et al., 2010). If only average workload ratings were required,

HRV could potentially replace IWS (sedesed workload) ratings or be

GF1Sy o0ST2NB | GFal G2 S-adssdssédwvip&loady Ay R

rating during a task.

HRV has also been found to correlate with emotional state, such as anxiety
(Ramirez et al., 2015) whidhtraditionally considered to be a separate

concept to MWL. A live trial with train drivers found HRV decreased before

FYR FFGSNIF GNFXYAY adG2L) FyR Fd ddzyy St a
(Song et al., 2014Nickel and Nachrein2003) proposes thatlRV does not

indicate MWL, but instead time pressure and emotional strain. HRV may

imply uncertainty (Ramirez et al., 2015) with the simulation finding this as a

trend rather than a significant difference between correct and uncertain

observed behaviourdarticipants in the perspectives and attitudes study
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indicated that detecting levels of confidence or uncertainty would be relevant
to signalling, and time pressure was deemed less relevant. The findings of the
simulation study, taken with the previous e=rch suggest that low HRV

shows promise as an indicator of individual high MWL. Ambiguity remains,
however, around precisely what can be inferred from HRV data such as

confidence, time pressure, emotional strain, or anxiety.
7.3.3 Timeline and storyboards ofpgerienced MWL

Temporal data shows how physiological data changes over time relative to
task events with the sequence of which changed first, plus rate of change and
speed of recovery to baseline. The storyboard approach provided a way to
visualise these @nges based on the chronological data. The frequency
breakdown used by previous research suits comparing discrete workload
conditions in laboratory studies. The storyboard suit continuous data and are
akin to the time sequences of train driver physiologatata created during a

live trial (Song et al., 2014).

The scoping review noted physiological measures were sensitive to different
aspects of MWL (Matthews et al., (2014), Charles and Nixon (2019). Th
researchused the storyboards to support a moretdiéed qualitative

exploration of what specific aspects of MWL or task could explain why
physiological data change. This includes preserving the interaction of the
different timescales of changes including brief moments such as EDA SCRs
that peak in seconsl compared to recovery to baseline that can take tens of
minutes. Infuture, debriefs with staffin industry could useisualisations of
temporal physiologicalata todiscuss which changes in data values are
associated with certain task events or MWLsdfjuences are identified, they
could ultimately lead to predicting MWL experienced and its likely impact on

performance (positive or negative).
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7.3.4 Cumulative impact of workload

A speculation regarding the physiological data that arose duringebearch
waswhether it could show a cumulative impact of workload. It is an idea that
is based on the data in the simulation study that showed a large increase in
Skin Conductance Level (SCL), particularly in participants P16, P17, and P20
(see Appendix C). Thesergases were not directly reflected in increases in
subjective workload. It is postulated here that if one peak in EDA does not
return to baseline before the next peak occurs (i.e., there is overlap in
different instances of SNS activity), there will baumalative increase in SNS
activity over time. In the literature on EDA, speed of increase is swifter than
speed of recovery. In laboratory studies, recovery time is indicated by a
recovery of EDA back to 50% of the peak value, relative to baseline.
Theoreically therefore, in a continuous task, a series of separate events could
lead to a cumulative, incremental, increase in sympathetic tonic baseline
visualisation of thiproposedcumulative increase is presentauFigure7-1.

The return to original baseline will be extended over time or falil to return to

baseline during a continuous task.

Cumulative increase in sympathetic baseline

Cumulative
increase in
baseline

Sympathetic Activity

Figure7-1 Cumulative increasiea sympathetidaseline following multiple events
It isfurther proposed that if the individual notices the relative decrease in

workload after one event, they may be unaware of any underlying overlaps

and resultant increases in SNS activity. They may report a decrease in
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subjective workload back to the sameake point as before the increase, but

their physiological state, in SNS activity, would be higher than before the

increase. This fits conceptually with the theory around awareness of physical

fatigue (St Clair Gibson 2018). Physical fatigue that iseg@ifted reflects the

AL 6SG6SSy Iy AYRAQGARIZ faQ FOddadt SEL
AYRAGARIZL £ aQ YyGAOALI GSR fS@St 2F Tl (A
not noticed if it is at expected levels. If this were to be found to be the case

for cognitive effort, it would be interesting to explore when conscious

subjective MWL matches underlying physiological state, and when the

underlying physiological state shows an increase that the individual is

unaware of.

Physiological data shows potigi to, in future, detect and make visible when

an individual is unknowingly moving towards an overloaded state. This type of

data could provide visibility to managers, particularly those not in the room,

of the effort or stress of staff. The managers lkebbenefit from

dzy RSNEGF YRAY3I GKS OdzydzZ I 6A@S G201t KAR
of a shift, and compare that to the task demands, and operational

performance.
7.3.5 Absolute versus relative values

The simulation study found both HRV absolutarealand relative values

offered different insight into MWL. It is common with physiological measures

Ay NBaSINOK (2 dzaS GKS NBflGABS @t dzS
baseline) to reflect differences due to changes in task demand aftervemgo
individual differences. In the simulation study these relative values did not
correlate with IWS (sefissessed workload). So relative HRV was not sensitive

to task demand, which is contrary to previous research that did find HRV

decreased when MWL eneasedLehrer et al., 2010)
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Instead in the simulation study, the absolute value of average HRV showed a

strong negative correlation with average IWS. This was one of the key

contributions of the simulation study¥ A Y RA @A Rdz dcdRthée GSNI IS
taskwas low their individual average IWS was high. This suggests that the

| wt LIK&@&aA2ft23A0Ff RIFIGF A& aSyaArdArAgsS (2
workload rather than to changes in task demand. This would fit with
AYVRAGARdZ f Q& LIEnadoAdagp8d®s off MBML Propbsgdin A Y

t AO1 dzLJQa a2 [ TaudWikae®N) ot A O dzLJ

This thesis proposes that both absolute and relative values of physiological
data are useful when understanding MWL. They answer different questions.
Ly RA @A Rrzhce & KIWISiEsha@n in absolute values, whilst any
changes in relative values indicate commonalities of response to MWL across
participants (e.g. task demand). It should be noted that, in terms of MWL, the
meaning of absolute values in physiologicaledate not currently well
understood. Further research would be required to determine the ranges of
absolute values to be expected during different tasks, and whether boundary

values can be identified.

7.4 What are the theoretical implications iofividual

physiological data to changes in MWL in a workplace setting?

Drawing on findings from all three studies, and the literature reviewed, this
researchpresentsa preliminary conceptual modeisits theoretical

contribution. It proposeshe measurenent and monitoring of individual MWL
through combininglevel of novelty task eventsith changing physiological
state. Themodelcomprises two scales that cover the concept of Novelty of
Events and Autonomic Statidividuals are anticipated to move todhright
over time as their breadth of experience increases. Individuals will remain in

the upper half if they are rested and remain calm.
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7.4.1 Novelty of evert

The concept of Novelty of Evesis a contribution this thesis makes to the

theory and understandingf signaller MWL. MWL is a construct comprised of
external task demands, internal individual experience of workload, and
resulting task performance (Sharples 2019). Here Novelty of Events includes a
sudden, or unexpected event. It also includes any new @favorking such as

due to the introduction of a new technology or a change in procedures. The
novelty shows in physiological data if it causes surprise, a change in alertness
level, or a stress response. The importance of the concedbwélty of

Bventsto the MWL of signallers, became increasingly apparent through the

course of thigesearch

The initial industry interview study found within its results that drivers in their
first year account for 25% of incidents (s2d.2Incidents section) and the
transition to novel technologies can be difficult for experienced staff (see
3.4.3The simulation study confirmed that wel events may be inferred from
EDA increases. The study went on to propose that uncertainty can be linked
to novel events. Finally, the perspectives and attitudes study confirmed
unexpected events happen frequently in signalling, so are a relevant element
of the task to detect. The perspectives and attitudes study also concluded
that novelty of events and uncertainty are inextricably linked, with confidence
from experience a counterbalance to thss novelty and unfamiliarity can
introduce the risk of misikes, the implications of novelty are worth further

consideration.

Trainees and experienced signallers learn to deal with novelty in events

through building experience over time, which in turn builds their confidence.

This is drawn on concepts within sting literature such as expertise

(FarringtonDarby and Wilson, 2006; Hoffman, 2014; Shanteau, 1992) and the
skillrule-knowledge framework (Rasmussen, 1983). The perspectives and
FGdAGdzZRSa adGdzRe y20SR aArAaylrftt SNEQ O2y ¥
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dealt with certain situations on more than one occasion. Signallers, however,
do not build up an even spread of experiences. Exposure to novel events can
instead be individual, developing from the experiences an individual is

exposed to (Bullough and Baugan, 1995).

LYRAGARdzZ f &AA3ylFftftSNEQ 2LILIR2NIdzyAde G2
types of situations varies. Level crossings, for example, vary by the geography

of workstations, being less common in urban rather than rural areas. In

addition, signallers may go months without dealing with a particular type of
situation if it occurs when they were not on shift. This means individual

signallers will have gaps in their expertigelive operationshoveltyrisk
mitigationscould includestaff recavingassistance from colleagues and shift
managers. Also tailored training could address gaps in experience such as
simulator training or simple walthrough scenarios, to reduce the likelihood

of a events being completely novel when it occurs duringah shift.

¢ KS dza S 2Nbvelty BfEvenisSrald¥on e literature and studies

linking the novelty of a given event and the resultant change in MWL for the
individual.The concepts of sudden unexpected events and uncertainty were
mentionedin the literature on physiological measures, but not specifically

Wh2 St 8O MR R KBOIRABGAYOGA2Y 0S06SSy dzy SE
uncertainty relates to level of experience. In the simulation study this was

seen in the data that neither the unknown timing eféphone callsor

arrival of the freight train produce an increased in EDA in all participants.

Some participants instead showed increases in EDA, and a decrease in HRV,

when they appearedncertain.

A comparison can be made to the Skills Rules Knowl&xigels of

performance (Rasmussen and Jensen, 1974). Unexpected events, whilst
unscheduled, may have been experienced before, allowing performance to
occur at the rulebased level. A novel situation, with no pegisting

experience, requires a move to th@owledgebased level of performance.
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The level of uncertainty experienced, at the rule or knowledge level,
represents an awareness of the discrepancy between what the situation
requires for successful performance and the likelihood of success based on

individual experience.
7.4.2 Familiarity of everst

Familiarity of Everstis at the opposite end of the scale to Novelty of Egent
As familiarity grows over repeated exposures, the size of EDA response
reduces. In psychophysiology this is referred to as habituationsdbging
review of physiological measures found this is something that could be
indicated by physiological data. g first few times anovel events
experienced, it would show as a spike in EBDR As familiarity grows with
that specific event, the spike would decrease in amplitude until the specific
event was no longer novel and therefore occur in an absence &leh SCR
spike (Hugdahtl995. This fits with the literature on experts who have
confidence (Shanteal992 and can complete tasks with economy of effort
(Hoffmanet al.,1995). This aspect of EDA could be used to plot the progress
of trainees as they devep from novices to experts. As individuals gain

expertise, they are more confident (Shantek02).

In the perspectives and attitudes study Signalling staff agreed with this, and
that it was likely that a drop in stress would be seen in trainees asgaeed
experience. It should be noted however, that in the perspectives and
attitudes study participants felt it would be unfair to monitor trainees or

newly qualified signallers. This reflected a wish to avoid putting undue
additional pressure on trainee Another aspect of EDA to note is that, in
laboratory studies, not all participants show EDA responses to the same
stimuli (Boucsein, 2012, Braithwaite et al., 2013). As EDA can imply stress, it
could be that norresponders are correctly showing an abserof stress
response. To understand the EDA response, it would be important to collect

data from both responders and nenesponders for the same event.
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7.4.3 BalancedAutonomic state

The Autonomic Nervous System (ANS) is comprised of two parts: the
SympathetidNervous System (SNS); and Parasympathetic Nervous System

(PNS) (Sherwood, 2013). Activation of the SNS increases sweating, Heart Rate,

with an associated reduction in HRV, and inhibits digeskailie4-1

Autonomic Nervous Systam® L G LINBLI NBS&a GKS o062R&é& F2N
emergencies. The PNS dominates in relaxed situations, stimulating digestion,

and reducing the Heart Rate, with an associated iasesin HRV.

¢KS GSN)XY W. IfFyOSR !dzi2zay2YAO {GF4GSQ Aa
underlying physiological state that can support successful performance. This
includes sustainable effort, concentration or vigilance, and alertness. Such a

state is abieved with some sympathetic activity to raise alertness, but with

variability to include periods of increased parasympathetic activity that allows

the mind and body to rest, and for digestion during breaks. It is important to
understand this is not abowtchieving and remaining at a specific point on a

scale, but instead a variance that accommodates the needs of the human

02Re® ¢CKS . IfFyOSR !dzi2y2YAO {dGFGS Ay
physiological values increase, a swift return towards basdbfiows. In

terms of EDA, a Balanced Autonomic State can include EDA rises. The issue is
having sufficient recovery time for EDA values to return towards baseline. If
additional EDA rises follow in quick succession, the return to baseline will be

delayed The scale of EDA response varies both in individuals, as found in the
simulation study, and across different work situations as found by

Broekhoven (2016) with variance depending on the content and implications

of different communications to signallers.
7.4.4 SkewedAutonomic state

I 41S6SR ldzizay2YAO adrk-iS NBFSNB (G2 | a
sympathetic activity, or high parasympathetic activity. High sympathetic

activity is associated with overload and stress (Sapolsky 1994), including due
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to novelty of events. Higparasympathetic activity is associated with rest and
lethargy, or reduced alertness due to underload. Either state will make
successful performance more difficult to achieve. Such states could explain
why individuals can become hyper fixated, with narealsthinking in either
during overload or underload. Physiological measures could provide a live
read out of where on the sympatheticparasympathetic balance individuals
are. HRV would detect varying activity in the sympathetic and
parasympathetic nervousystem, EDA would detect only the sympathetic
nervous system (Tortora and Derrickson, 2007). Measures would not aim to
detect a specific value, instead variability centred around the personal
baseline of an individual. If measures detect that an indiiickienoving away
from their baseline then interventions could be implemented, such as
allocating extra staff resource to help an individual or allowing the individual

to take a break.
7.4.5 Novelty of Everstand Autonomic Statsodel

The Novelty of Events anditsnomic Stat NEASInodelis a preliminary
conceptualmodel(seeFigure7-2), drawing on findings from all three studies

and the literature reviewedh theresearch It proposes looking at MWL in a

different way, from the perspective of changing physiological state and its
relationship with human performance. It comprises two scales that cover the
concept of Novelty of Events and Autonomic State. Jf&@A RSNE 'y AYRA
level of expertise, likely speed of response and recovery of physiological state,

the predicted level of EDA and HRV, and the effort required to maintain

successful performance. Individuals will m@atengboth scalesduring a shift

and over months as their experience and confidence increase. To illustrate

the model, eachj dzZ RNJ yi A& LINBaSyiSR gA0K AYyRA
expertise and state, an operational scenario with likely performance,

physiological response, potentialitman error, and resulting operational and

individual impacts.
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Quadrant k Familiar EvestBalanced State

Thefirst quadrant combines Familiar Events with Balanced Autonomic State.
It represents an individual who is highly experienced, with a wide range of
operational experience, who is most likely to result in successful
performance. This fits with research showing experts demonstrate a rich
repertoire of strategies (Cellier et al997). Experts are calm, confident in
their decision making (Shanteau, 1992), and can make key operational or
safety decisions. They have sufficient sleep and breaks to be alert, such as

mid-way through a set of day shifts.

Balanced Autonomic State

A

[l I
Calm alert novice Calm confident expert
Confidence varies by event Rapid response, resolution and
Notices issues rapidly, requires recovery
assistance ortime to resolve Low effort
Effort to achieve performance High HRV
Medium HRV Minimal or no EDA peaks with
EDA peaks with recovery swift recovery

>

Novelty of Event Familiarity of Event

1 v
Highly alert novice Fatigued expert
Lacks confidence Risk of over confidence
Slowest response Slowerresponse, low alertness
High effort Effort to maintain performance
LowHRV Low HRV
EDA peaks without recovery If EDA peaks, slow recovery
Risk of overload Risk of underload

\

Skewed Autonomic State

Figure7-2 Novelty of Evets and Autonomic StatNEAS)nodelquadrants

An example of an operational scenario in the top right Fantdisnt
BalancedsStatequadrantwould be signalling trains during normal operations
to meet the timdable. Normal operations include routine tasks such as:

LI FyyAy3d: aSGOGAYy3 NRAzISAT Y2yAG2NRARYy3
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level crossings (Balfe et al., 2008). It could also involve regulating trains by
deciding which proceeds through a junctiorsfi Verbal communications are
minimal as operations are running normally, with signal aspect providing

drivers their indication to stop or proceed.

This combination of high experience, balanced state, and a familiar task

enable signallers to notice isssipromptly and respond effectively to resolve

them. It is the ideal combination for sustainable human performance,

resulting in successful operational performance. Individuals will be able to

achieve this without excessive effort as they have dealt withtftpe of event

before. They will not be overloaded, underloaded, or under time pressure.

2 KAfald GKS& NBYFAY OFfY YR 62N} Fa |
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In keepingwith previous research on expertise, it is proposed individuals in
this quadrantcomplete will their tasks with economy of effort (Hoffman et

al., 1995), will be faster at problem solving (Chi et al., 1988) and adaptable.
Individuals in thigjuadrantcanadjust decisions continuously (Shanteau,

1992) to deal with disruptions swiftly and effectively to support the timetable.
This includes the ability to deal effectively with rare or tough cases (Hoffman
S It dX MphppO P ! Y AY RAs@te R geedictedio hdeg R S NI &
an average EDA SCL and exclude EDA peaks, as they have habituated to the
events (Hugdahll 995, are not stressed, and their alertness is not excessively
high. If something does occur that results in a peak in EDA, it wowddsbeall

and short duration SCR. Their HRV is anticipated to be high; reflecting

confidence and the absence of uncertainty.

Errors of any kind are predicted to be at the lowest likelihood ahall
quadrans. In this scenario there are no operationalindividual impacts.
Normal train running would continu&uccessful grformance could be

sustained throughout a full shift.
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Quadrant| ¢ Novel EvergBalanced State

The top left quadrant combines Novelty of Events with Balanced Autonomic
State. It represents an individual who is a qualified signaller with a limited
range of operational experience. They are calm but lack confidence in
scenarios they have personally me\dealt with before. They are rested and
alert from sufficient sleep, rest breaks, and shift pattern, such as halfway

through a set of day shifts.

An example of an operational scenario that would figuradrantll would be
receiving a report of a cownathe line (as reported by signallers in the
Perspectives and Attitudes study (see section Data relevance to signalling
task). If this specific event is unfamiliar to a signaller, they can successfully
apply the rules and procedures from their experiené¢®tier obstruction of

the line incidents. The task involves stopping trains, arranging for staff to visit
the site to locate the cow and block the point they gained access to the track,
and then inform the driver to proceed at caution to confirm the tratiead is
clear. Communication includes signalling and verbal communications to

coordinate with staff to visit the site.

This combination of limited experience, balanced state, and novel task will
enable an individual to be alert and notice issuBEsey may, however,

respond slowly due to inexperience. It is a mixed combination for human
performance that can be sustained, and result in successful task performance,
but requires additional time or resources (such as support from colleagues). A
decisionmade too rapidly increases the likelihood of error. Individuals will be
able to achieve performance with moderate effort as they have not dealt with
the event, or something similar, before. Whilst they can remain calm, they

will require additional time oassistance to remain on top of the task and not

become overloaded. The individual may seem alert but uncertain or hesitant.
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Their underlying physiological state is predicted to have an avefage SCL
but include EDA SCR peaks in the situations mostliotbem (Sokolov,
1963). These peaks may occur up to 14 seconds after the event they are
associated with (Bound, 2016). HRV is predicted to be medium, as they are

neither strongly confident nor uncertain.

Rulebased errors are likely, meaning the indival applies the wrong rule or

set of procedures. Knowledg®ased errors could occur in another scenario in

this quadrantif the event does not clearly fit an existing rule or procedure.

Individuals in thigjuadrantwill benefit from support from colleages who

have relevanexperienced dzOK | & (GKS 20l A2y Qa | O0S
the immediate area. In this scenario, there are operatiomgacts but

minimal impacts on the individuaThere may be resulting delays to the route

that need to be managedrhey are likely to swiftly return to their normal

state once the situation is resolved. In addition, the signaller gains valuable

experience and confidence.
Quadrantll ¢ Novel Events Skewed State

The bottom left quadrant combines Novelty of Events v@kkewed

Autonomic State. It represents an individual early in their career, with a
limited operational experience. They lack confidence in situations they have
not personally dealt with before. They experience strain from dealing with an
event that is critcal but novel to them, particularly if they are fatigued. This
matches previous research that novices are less skilled than experts
(Anderson, 2000). They are predicted to require more effort to complete

tasks compared to the economy of effort of expgttioffman et al,. 1995).

An example of an operational scenario that would fit in uadrantlll would
be an emergency call from a driver to say they may have hit something, as
reported by signallers in the Perspectives and Attitudes study (see section

Daa relevance to signalling task), and in a study in live signalling operations
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(Broekhoven et al., 2016). This type of event is sudden and unexpected. To
deal with it, the signaller must speak to the driver to both reassure them and
to gain a report of theevent. In addition to speaking to the driver, they must
signal other trains to avoid the stopped train and limit the disruption. The
need for verbal communication is considerable, not only to the driver but
with colleaguesto coordinate with multiple agecies. Signallers in the
attitudes study added that drivers only call when there is a problem, so just
hearing the phone ring can be stressful, particularly until the nature of the

incident is understood.

This combination of limited experience, skewedtstand novel task limits an
AYRADGARIzZ £ Qa FoAfAdGe (G2 y20A0S AaadsSao
unnoticed, and the time needed to resolve them. It is the most challenging
combination for human performance, resulting in reduced sustainable

durationand risks of poor performance outcomes. Individuals will need to

employ excessive effort to compensate for inexperience and lack of

confidence. They are likely to seem uncertain. They are at risk of overload and

strain.

Their underlying physiological $¢ais predicted to includérequentEDA SCR
peaks with elevatedEDA SCL. This matches the findings of a study in live
operations, where a signalleexperienced more frequent EDA SCRs and their
EDASCL wasignificantlyhigher duringperiods ofhigh selfassessed workload
(Broekhoven et al., 2016). Thaighworkloadtook over forty minuteso

lower when they received a call from a driver reporting they may have hit a
person (Broekhoven et al., 2016). HRVcomparisonis anticipatel to be low

due to their uncertainty and lack of confidence.

Thisquadrantcomes with the greatest risk of all types of error. Individuals in
this quadrantwill benefit from both support from colleagues and regular
breaks. It would take time for the indiA Rdzl £ &A 3yt SNRa adl (

baseline. Both could extend past the end of the shift.
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QuadrantlV ¢ Familiar Events Skewed $tat

The bottom right quadrant combines Familiarity of Events with Skewed
Autonomic State. It represents an individual wadighly experienced, with a
wide range of operational experience. They are confident but are likely to
experience vigilance decrement from cumulative fatigue, such as at the end

of a series of night shifts.

An example of an operational scenario that wabfit in the bottom right
guadrantlVwould be dealing with a disrupted timetable, which occurs
frequently enough to be familiar to the individual signaller. To recover from
the disruption, tasks include regulating trains, by determining which proceed
first through a junction, weighing the level of delay of each train. The need for
verbal communication is low, as signal aspect provides drivers the indication

they need.

This combination of high experience, skewed state, and familiar task will
mean individials may be less alert and slower to notice issues or respond to
resolve them. Itis a mixed combination for human performance that can
result in successful task performance but will require rest and sleep as it
cannot be sustained. Individuals can ackisuccessful performance with
additional effort to boost alertness and remain on top of the task. There is a
risk of overconfidence here, if an individual fails to realise they are fatigued.
Individuals are bad at judging their own fatigued state (Mardiled 2012). If

the event is very familiar, then underload is a risk. The individual may seem

subdued and unable to maintain their attention.
Their underlying physiological state will have low EDA SCL. Any EDA SCR peaks

are predicted to take longer to rewer to baseline. HRV is anticipated to be

low, with increased uncertainty and effort.
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Skiltbased errors of slips and lapses are likely indhsdrant An example,
during the scenario presented above, would be the signaller mistakes two
train head coeés (the train reporting numbers), wrongly routing the first train
onto a route intended for the second train. This type of error is likely to lead
to further operational impact if the driver takes the route, they will miss a
scheduled stop, disrupting passgers. If the driver notices the wrong route
they will stop and call the signaller causing a slight delay. If the signaller
notices their error, they may choose to change the signal to red, however this
risks the driver applying the emergency break wtaohld injure passengers.

If a signaller did wrongly route a train, it is proposed the individual would
experience a physiological response when they realise their error. In this
scenario there are individual impacts with potential operational impacts.
Individuals would benefit from a break or ideally sleep, to improve their
performance. Their vigilance decrement could lead to an error that impacts

operational performance.
7.4.6 Comparisorof NEASnodelwith existing MWL models

TheNovelty of Everg Autonomic Stat€d NEASodel matcleselements of

existing models of MWL to varying extents. Comparisons are made here with

RS2 I NRQa ¢2NJf2FR YR LISNF2NXIyOS Y2R
[t @SyReQa Tl OG2N&R O2yiNROdziW2gom), 12 YSY
YR 9RgFNRQA LINBOA LA @S, 208). LISNF 2 NXY I yOS

In their model of workload and performance, deWaard proposed how these
have an inverted U relationship with each other as demand increases (see
Figure2-9).1 SNBX A G A& LINRLRAaAaSR (GKIFIG RS2 FNRQ

the NEAS model anticlockwise as showRigure7-3.
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Balanced Autonomic State
A

A3 A2
Task-related effort | Optimal Performance

B performance Al State-related effort
<Novelty of Event Familiarity of Ever:
1] \Y,
C D
Low performance Low performance
v

Skewed Autonomic State

Figure7-3a I LILJAY 3 RS2 | | NR QZonta thdNEASInAdR| 2

5S2 | | wde-feBteddeffort fegionAl) sits on the boundary between
guadransIVandl. Here an increase state-related effort is needed to
sustain performance. Optimal performance (region A2) maps qutarant |
Familiar EvergBalanced State. Tasklated effort (A3) maps onto the
quadant IINovel Event8alanced State. In this area, performance is
sustained, with effort but without overload. Regionvhentaskrelated

effort can no longer sustain performance, maps onto the boundary between
guadrans|l and Il Region C, where perfarance is low, maps ontguadrant
Il Novel EventSkewed Statd-inally, rgion D maps onto quadrant IV
Familiar Events Skewed Stalie this case, th&élEAS moddbhkes existing
theory and builds on it to propose what measurable physiological changes
couldbe detected as an individual transitions between theadrants and
throughtheNE3A 2y a4 2F RS2 NRQa Y2RSt o

9RGIF NRAQ WLINBOALIAOS 2F LISNF2NXIYyOSQ 069
position ontheNEAS moddl & RS2 | I NRQa wS3IA2y . T 2y
between top left and bottom left Novel EventtBalanced State and Skewed

State (sedFigure7-30 ® LYy 9 Rg | NERyW@eR-10), Ke®f@mEBce Gad S S
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be proteded by compensatory strategies (which would map onto the Novel

Events Balanced Statquadran). After these compensatory strategies fail,

performance degradation is rapid, resulting in a state thatditadrant Il

Novel Everg Skewed State. After the rapdegradation in performance,

9RgIF NRQa RSaONARO6Sa GKS AYRAGARZ f Fa K
2y 02ttt SI3dzSaQ &dzZLlL2 NI @

A key difference between what is proposed by tHEAS modelompared to
020K RS2 NRQa | yR 6nBegtlofMiguatity of Hefhandh Sa A
is absent. Instead, thenodelsuggests a quality in the concept of novelty.

Whilst quantity of task demand is a core concept in MWL, inrdgearch
physiological measures show mixed results when used to detect task demand.
Previous research comparing physiological measures for detecting MWL have
found mixed results (Charles and Nixon, 2019; Matthews et al., 2014). Specific
to HRV and EDA considered in tl@search HRV decreases with increased

task demand (Lehrer et.aP010)and EDA with cognitive load (Mehler et al.,
2012). Equally, research found EDA changed with task difficulty (Healey and
Picard, 2005) and arousal (Sateal.,2014). In the simulation studyithin
thisthesis HRV and EDA did not correlate with TasknBnd, but average

HRYV did correlate with average sasessed workload ratings. It is proposed

by the thesis, therefore, that novelty of events has as great an impact on an

AYRAGARdZ £ aQ OFLI OAGE G2 RSIE 6AGK g2N

A sibset of factors that contribute to mental workload in a complex setting
(Xie and Salvendy, 2000) map onto tEAS modeFatigue (Klein and

Malzahn, 1991), task duration (Dember et al., 1993), and stress (Hart and
Staveland, 1988) will move an individual down in thedel Knowledge will

move them right, and task uncertainty (Knight and Salvendy, 1981; Lehto and
Buck, 1988will move them left. It is proposed here that task importance
(Sawin and Scerbo, 1993) may move them down imtbdel, especially if it
leads to strain. The concepts of attitude, motivation (Reid and Nygren, 1988)

and task complexity (Hart and Stavelad®88) do not directly map onto the
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model Whilstthese areaccepted afactors that can influence workload and
performance, they are not factors which physiological measures are likely to

delineate.

Taken together, the above comparisons highlight the challenges of
determining the diagnosticity of physiological measures for MWL, when the
construct of MWL is not well defined. The models that map more closely with
the NEAS modadre those that distingutsthe individual factors such as

fatigue (Klein and Malzahn 1991), and performance outcome, rather than
those focused on external task factors such as task complexity (Hart and
Staveland 1988). This presents an opportunity t@valuate what we mean

by MWL.

7.5 Progressing the terminology around MWL

Thisresearchfound that individual experience of workload can be inferred
from physiological data. Alertness, stress, and uncertainty were deemed the
aspects of workload most relevant to signaller workload. lases in these

three aspects of workload can be inferred from increases in EDA and
decreases in HRV. It could be concluded from this that EDA and HRYV can be
used to measure MWL. This, however, depends on the definition of MWL.
Suitability of workload measas criteria includes sensitivity to changes in task
demand and validity to detect only cognitive aspects of MWL (Eggermieier

al., 1991, Sharpleand Megaw2015). Based on these criteria EDA and HRV do
not measure MWL. What thigsearchproposes insteadsithat physiological

data can assist in determining why individuals respond to the same task
demand in different ways. In this respect it could be argued that physiological
data could assist in distinguishing reasons for change that are indiwidual

nature. In this way EDA and HRV could provide diagnosticity.
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Accurate use of terminology will be important to remain clear on what is
detected by physiological measures (e.g. HRV is the time gap in electrical
signal to the heart) and what can be inferred (ehggh experienced workload
when HRYV is low). Thissearchproposes this clarity will assist in
incorporating these new measures and their data into our existing
understanding of MWL. The temporal data from measures can provide
information on the sequereof events in task, and any time gap between
external events and internal reaction. In combining our existing
understanding of what external task demands affect MWL, physiological data
can assist in building our understanding of the internal demands and
reactions to the task including effort, strain, and uncertainty. This goes
beyond assessing workload as a quantity of task demand and includes the

combination of factors thasupport successful performance.

7.6 Whatare daff perspectives on wearablesdiase of their

personal physiological data?

Staffattitudes and opinions othe use of wearable measures are an
important factor to their success. The devices were not viewed as a status
symbol, unlike new technology in the TAM2 model (Venkagdsii.,2000).
This could be due tavearablesnot directly supporing performance

outcomes andhot beingviewed as a prilege.As wearing measures are novel
to all staff for use at work, a certain level of hesitance or resistance was
expected. Overall response by participants in pleespectives anattitudes
study was that they would be prepared to trial the measures. Tere

unsure what the reaction of colleagues would be.

During the simulation angerspectives andttitudes studies, a distinction
developed betweenhe suitability ofwearable devices for the live

environment and the use of data from wearables.
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7.6.1 Devicesuitability for use in live operations

The perspectiveand attitudes study indicated that wearable devices would
potentially be appropriate for use ithe live operational environmenilhe

wrist strap received acceptable comfort ratings, with minimatreigion. It

was predicted that the acceptable wearable time could be up to a full shift (8
12 hours). Some participants commented that the wrist strap would be like
wearing a watch, so they would be unaware of wearing it. In comparison,
participants wereuncertain about wearing the chest strap at work, with a
wider range of opinions being offered about the chest strap. No participants
currently used a chest strap as a fitness tracker. It could be this preference for
the wrist strap, in part, reflects theetative difference in familiarity and

positive experiences of a wristwatch compared to the novelty of wearing a
chest strap. This fits with the TAM2 model of past direct experience of
technology influencing attitudes (Jacobs et al., 2019; Venkatesh arid, Dav
2000).

Comfort ratings were not collected during the two field studies that applied
wearable measures in live railway operations (Song et al., 2014; Broekhoven
et al., 2016). Based on their data collection, drivers wore a chest and a finger
EDA sengdfor up to 3 hourgSong et al., 2014nd signallers wore a wrist

strap for an average of 3.4 hours (Broekhoven, 2016). Taken together the
implications of these findings are that a future live trial of wearables could go
ahead, with the wrist strap beintipe preferred device and the chest strap
optional if a period of familiarisation is provided for participants to get used

to wearing it.
7.6.2 Suitability of personal physiological data use

The perspectives and attitudes study found the concerns of staff fesse
about the use of devices to collect the data and more around the
consequence of use of their datéhe study determined that trust was a key

factor. It was essential staff had trust in those who would see their data,
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particularly any named data. Whilihey accepted researchers and third
party providers would need to see the data, their concern was mainly
whether their managers would see data that could be linked to them. They
were concerned that physiological data may be misused to assess their
compekency. Their ultimate concern was that they may lose their job.
Concern was highest when those who saw their data had the most direct
control over their employment, and the percetvesk that managers may use
the data against the staff. Where data from thvearables could be used to

support staff, perspectives and attitudes to their use were improved.

Theabove reflectorganisational cultural barrieraround the implementation
of wearable physiological measures in the railway induSoch barriers are
not restricted to physiological measuresm8ar concerns and cautiousness
are eviden aroundfatigue managementas reported in Chapter. Examples
include saff fearing reporting fatigueand there being contradiction between
shift patterns designed to reduce fatigue reskd managenent agreanent to
shift swapping. In thisrganisational culturatontext,it is understandable
that staff would wishto have clear justification prior to the use of personal

physiological data and agreement as to how their data would be used.

Anonymity or aggregation of results may, in theory, increase acceptance. A
live trial to collect anonymized physiological data cquidceed to prove

what it can show. In a signalling centre anonymisation is difficult however, as
individuals can be identified from the roster by date, time, and workstation.
Instead, thigesearchrecommends improving perceived usefulness of the
measuredo improve attitudes. To achieve this, the industry would need to

be clear what operational benefit or improvement would come from
physiological data. An example would be informing shift break patterns based
on alertness levels, or tailoring training seeios from physiological

responses. This would alleviate a dichotomy from the findings that absolute
individual physiological data is a useful contributor to understanding

individual workload but difficult to anonymise. Relative data, with baseline
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removed would be easier to anonymise but may not show individual
experience of workload. A tangible benefit to railway operations wbeldo
encourage staff to accept wearable meassirecluding use of absolute,

identifiable data, rather than only anonymizedtd.

7.7 Limitations

Regarding participants, railway signallers became the focus. The potential
exists for the results here to have implications for other staff roles in rail (e.g.
drivers) and for control staff in other transport industries. To compare
perspectives across fi#frent transport industries, aroader rangeof
stakeholders could be recruited. This could be an interesting study,
particularly to understand the relative difference in underlying organisational

cultural maturity regarding potential acceptance of physgital measures.

The simulation study found individuals differ in their physiological data. To

develop physiological measures for MWL assessment it will be important to
understand the impact of these individual differences. A repeated measures

study, withdata collected from the same individuals, would assist in

dzy RSNRUGI YRAY3 K2g aGrFofS 6FryR GKSNBF2N

are over time and the reliability of the measures.

The simulation study had a higher proportion of EDA-responders tlan
previous studies (Braithwaite et al., 2013). This could be caused by sensor
placement, low room temperature, or it could be correctly showing an
absence of stress response to the tagke latterreasoncould beanindicator

of positivestaff state. To understand the EDA response, it would be important
for future studies to collect data from both responders and siesponders

for the same eventrather than remove nomesponders.Linked with the

above recommendation to repeat measures, it wbhe determined whether

certain individuals are more likely to be consistent mesponders.
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7.8 Implications for industry

There are a range of implications for the railway industry relating to the use

of wearables, what benefit the physiological data cguidvide industry, and

how to progress these. Overall physiological wearable devices could suit use

in live operational environment, particularly the wrist strap. Physiological

RFGlI ¢l & F2dzyR G2 NBFESO0 AYRAGARIZ faQ
demand as found by some previous research. Temporal physiological data

could make individual effort more visible and provide useful feedback on staff
individual MWLThiswould be a form of mutual monitoring, currently
achievednformally in operations througteams observing one another and

stepping in if required sucais answeing a phone when a colleague is busy.

Physiological data could not answer the question of how many trains are too
many for one signaller to handle. Physiological data could answer which
situations do signallers find the most challenging. EDA, collected using the
wrist strap, could identify moments of increased worklahdinga

continuous task in live operations, including moments of uncertainty, time
pressure, or realisation such as amor. This includes moments they were
conscious of, and those they may not have been consciously aware of. HRV,
collected from a chest strap, could indicate average individual workload. If
only average workload rating were required, average HRV couldaegkeHi
assessed workload measures. The acceptance of a chest strap was lower than
a wrist strap, so would require a period of familiarisation. The benefits of
physiological measures would be to highlight individual experience of
workload, and their unseeeffort, level of alertness or strain required to
complete a taskThis also presents the future potential to monifatigue, to

fit with existing programshat manage shift work and the risk of fatigue.

Physiological data could produce storyboards obatinuous task, with other
data sources to indicate task demand, phone calls, other events in the task,

shift pattern and operational performance status. These could facilitate
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debriefs with staff to understand periods of both sustainable effort with
successful performance and any challenges. The data would need to remain
anonymous whilst progressing these measures from the laboratory to the live
environment. Further research is required to confirm which specific data from
EDA and HRV is most relevanthe signalling task. This could then inform
industry agreement between staff and managers on who can see the data and
how it would be used. Ideally such data could inform tailored training sessions
(using walkthroughs or simulator) to fill individual gapsvork experience

and build confidence in situations that would be challenging. The aim would
be, ultimately, to make the workload experience and effort of staff visible to

managers and trainers.

The use of physiological measures is not appropriat@erailway industry

yet. Prior to implementing live use of physiological measures, it is essential for
staff to accept their use as the measures rely on staff personal data. To do
this involves a tangible benefit to railway operations and demonstrate how

the data could be used to support rather than blame individuals for their
performance. A way to progress this would be to developNiEASnodel

with staff and managers to determine how best the workload of staff can be

managed to support successful opeaatal performance.

The benefit of applying thBIEAS modetould be to understand where an

individual sits to identify how best to support them and maximise the time

spent in the top right FB region (through support and rest). Staff and

managers would berfé from understanding the distinction between how

rest breaks could be used to recover from a Skewed Autonomic State. To

mitigate the risk of uncertainty and novelty of events involves providing staff

support from experience staff or providing additiotiahe for novel

aAldzZ GA2yaY 0dAfR AYRAGARIZ f 4aQ SELISNRS
experience. This works for stage of career from staff new to signalling to

those transitioning to using more modern signalling equipment. The aim is to

194



Discussion ananplications

build famliarity and confidence in individuals to successfully deal with a wide

range of situations or events.

There are broader implications for industry of the findings of this research.
Firstly, novelty of eversthas been identified as a source of increased

workload and effort. Building experience and confidence in staff can mitigate
the risks associated with this novelty, as stated above. In addition, industry
could predict when changes in technology or procedure introduce an element
of Novelty of Everst This should be expected to have a negative impact on

performance, for a period, until whatever has changed becomes familiar.

Secondlymanagers of staff would benefit from understanding what tailored
support they can provide stafb build their experiace and confidencePart

of this is to understand the position of an individual within tREAS modes$
not a fixed point. It will move gradually to the right over time, as experience
and confidence grow, whilst introducing noveltyllwmove them left. Dung

any 24hour cycleeveryone will go through periods where they drop lower,
that can be managed by shift patterns and break patterns.ahentageof

this approach is to demonstrate the benefit of understanding physiological
state of individuals and va that understanding cahelp staff to sustain their

efforts and in turn support successful operational performance outcomes.
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Chapter 8: Gonclusiors and future work

8.1 Chapter overview

This chaptecompletes the thesiby presentinghe conclusionf the
research Thisincludesthe contributions of how physiological measuresn
contribute to MWLassessment, stafferspectives andttitudeson their use,
and theoretical implicationsThe chaptefinishes withrecommendations
further research andmplications for future worlapplicationin the rail

industry.

8.2 Conclusions

Thisresearchcontributes to our understanding of human performance in the
rail industry by determining the potentiabntribution of temporal
physiological data from wearable measur&be researcladdresseshree
researchquestions:
1. How can temporal physiological data from wearable measures
contribute to MWL assessment in rail industry live operations?
2. What are the theoretical imptations of individual physiological data
to changes in MWL in a workplace setting?
3. What are staff perspectives on wearables and use of their personal

physiological data?

The specific contributions of the research are how temporal physiological EDA
and HRV data could contribute to MWL assessment of railway signallers,
whether wearable measures suit use in live operations, and what staff
perspectives are on the use of th@ersonal data. From these thesearch

also proposes theoretical contributions around MWL and the implications of

these for the rail industry.
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The rail industry is challenged by staff overload and underload as they
negatively affect human cognitive perfoance. This is particularly the case
during disruption and is despite increasing automation. To address these
a2 NBflIGSR OKIFffSyaSas (KS t K5 O2yaiR
rather than focusing only on errors. This includes what range of MWL

suppotts successful operational performance, and what MWL is sustainable

by staff. As theesearchprogressed it focused on signalling staff, although the
results have implications for other control staff both within the rail industry

and in other industries ragjring staff to complete safety critical tasks.
Physiological wearables were identified as a potential measure of MWL that
suit use in live operations. Using wearables to measure MWL is relatively new,
particularly in an industrial field setting. To datetb EDA and HRV have

mainly been constrained to laboratory and simulator settingsaddress the

first research questiorthe PhD investigated wh&DA and HRV data could

contribute to MWL assessment

¢CKS FTANRG NBaSI NOK [ dzS sidldgeaydata from WK2 g O
wearable measures contribute to MWL assessment in rail industry live

2 LIS NJ (Inagsyier Ktlils, regardingtemporal physiological datahe

research found that both EDA and HRV data could contribyt@dicating

individual experiace of workloadEDA measures skin conductance. The novel
contribution regarding temporal EDA data was that EDA SCR spikes can
ARSYGATE AYLERNIIFIYd WwY2YSyida Ay g2NJf 2!
be sudden unexpected events or a moment of realisgt@runcertainty,

when an individual realises there is a problem. Such data could provide

information for a debrief to staff and tailor training to address events

individuals find challenging. In addition, EDA SCL, the underlying baseline

value of EDA, cddi imply leves$ of uncertainty or alertness. Thresearch

indicated that changes in stress and alertness, were due to either unexpected,

or novel external events such as incidents. In future, EDA could monitor

alertness, with a decreased SCL indicatingiced alertness. Equally, if EDA
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SCL remained steady, an absence of SCRs could be a positive indication that

an individual is confident and not under strain.

HRV shows promise as an indicator of individual MWL. The novel contribution
of HRV was that avege HRV values across a task had a strong negative
correlation with average subjective workload ratings. This means that
individuals with higher average subjective workload have lower HRV. Previous
research suggests confidence, time pressure, emotionainstos anxiety can

be inferred from HRV. Further research is required to confirm precisely what
aspect of MWL HRYV is sensitive to. An interesting and novel find of the
researchwas that HRV was more indicative of differences between

AYRA DA Rz fsafhe tAdk thi$ MveS fe@Ben different levels of

task demand. The correlation between HRV and IWS was no longer evident
GAUK NBfIGAGS @FfdzSa 2F | wx3 gAGK LI NI
only average MWL was required, HRV could potentraiplacel WS as aelf

report workload measureThis would provide an indication of how individuals
varied in how much confidence versus strain they experienced during the

task.

Thisresearchfound physiological data did not indicate the number of tgin

'y AYRAQGARdzZ f gl a RSFHEAYy3a gAGK o0dzi Aya
task demand due to associated alertness and stress. In this way physiological

data could visualise the individual experienced MWL that is not directly

observable. In future ptsrological data could be used to provide storyboards

for use in debriefs with staff. Visualisation of the temporal data could provide

a basis for discussion to understand what task or individual factors influenced
AYRAGDGARdzZ f 4Q 62 NJ fedluRidrstahdpSriods SIYET A (1 ¢ 2 d:
sustainable effort with successful performance, and events or periods of

uncertainty that were challenging. In turn, this could inform tailored training

for staff to practice events individuals found challenging, to buigrth

confidence. If data were collected ret@ine, it could provide visibility to

managers, particularly those not in the room, of the effort or stress of staff.
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of work on their st#. Ultimately, if sequences were identified, this could lead
to predicting when staff MWL levels are at risks of moving from successful

performance into the higher risk areas of underload or overload.

In answer tathe first research questigrregardinguse of wearables in live
operations the researchdeterminedwearabledevices could suit use in live
operations. Staff supported the idea of using wearables to improve the
measurement of MWL in live operations. In particular, the wrist strap was
identified as suiting live operations as it was viewed as more comfortable and
distraction due to the device would be minimal. In addition, staff reported
that inferring alertness from the EDA data collected from the wrist strap
would be relevant to signallers. Tlhest strap was unfamiliar to staff,
compared to wearing something on the wrist. This suggests a period of
familiarity would be essential if a chest strap was required. HRV data from the
chest strap could indicate how confident or strained an individyalrifiow

they perceive their MWL. Over time, if chest strap wearables become more
prevalent for personal use, familiarity can inform staff acceptance of use in a
work setting. It is important the industry acknowledge that, as with the
technologies being iplemented for direct task support, the acceptance of

new technologies takes time.

¢tKS aS02y R NBIBa Sunhaiadetheljhdpbesical pliations i~ ¥
individual physiological data to changes in MWL in a workplace sitihg L Yy

answer to thisthe theoretical contribution of theesearchs the preliminary
conceptualisation NEAS Model. This provides a way of understanding how

Novelty of Events and Autonomic State combine to impact individual MWL

and performance outcomes in a quadrant. It suggests ya efainderstanding

K2g AYRAQGARdAzZ f Qad LIKeaAz2ft23A0Ft adalasS O
likely performance. The model considers across two axes of physiological

state and level of confidence relating to how novel an event is that needs

staff inpu. Physiological data provides a potential way to identify where in

19¢



Conclusiors and future work

the NEAS model an individual is, and what would support an improvement in
performance. This contribution progresses the theoretical understanding held
around individual experience of woddd and how it has an important

contribution to make in the measurement and prediction of MWL.

The physiological data in thissearch and the NEAS model, suggest a new
way to consider MWL of staff in live operations. Compared to previous MWL
theories, the concept of a quantity of demand is absent. Instead, the model
suggests a quality in the concept of novelty. Traditionally the concept of MWL
does not include emotional state. It focuses instead on quantity of task
demand and of cognitive infmation processing. Whether EDA and HRV are
measures of MWL depends on definition of MWL. Suitability criteria suggest
measures are sensitive to task demand and not emotions. Signallers indicated
however that detecting levels of confidence or uncertaintyuld be relevant

to signalling. Thisesearchproposes instead that physiological data can assist
in determining why individuals respond to the same task demand in different
ways. In this respect it could be argued that physiological data could assist in
distinguishing individual reasons for change in the data. In this way EDA and

HRYV could provide diagnosticity of MWL.

¢KS GKANR NB&aSFNOK ljdSadAz2y gl a WogKIQ
and use of their personal physiological data? In answer tottesresearch
identified that concerns around the use of wearable measures related more

to the potential consequences of use of personal physiological data. Trust was
a key factor. Staff were hesitant as they thought their data may be used to
assess theicompetence. Their ultimate concern was that they may lose their
job. One way of addressing this would be to anonymise the data, however

this would lose much of the potential value of the data in understanding
individual factors. The PhD recommends the sty instead aims to use the
physiological measures only when the staff are prepared for named data to

be shared. This is to ensure both the individual staff member, and those with

responsibility to support them, can benefit from the data. In the meantime,
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industry can benefit from lessons learnt from the theoretical implications

identified by theresearchfindings.

8.3 Future work

The use of physiological data shows potential to provide valuable insight and
GraAOAfTAGE 2F AYRA DA Rdesehréhvoulti BalgS NA Sy O S
progress the use of physiological measures. Research should continue to

explore what specific aspects of MWL can be inferred from specific

physiological data. This would clarify what individual MWL factors the

physiological data areessitive to such as time pressure, stress, alertness.
Thisresearchindicates physiological data are more sensitive to individual

factors, so it is recommended that they are not used in studies that only track

guantitative Task Demand.

It would be interesting in future to confirm whether individual MWL is
OdzydzZf  GABS YR AY 6KIFG OANDdzvaidl yoOSa
matches their physiological data. Tresearchfound that average HRV
negatively correlated with average selésessed workloadré&vious research,
however, suggests that individuals may be more aware when there is a
discrepancy to their anticipated levels. Combining these two, it would be
interesting to investigate when an individual does not report high workload as
it matches theiranticipated MWL level. Physiological data could provide
visibility of their underlying state. Equally, if MWL is cumulative, individuals
may be unaware their underlying state has incrementally changed over time.
Again, physiological data could indicateemhdata returns to baseline
(indicating it is physiologically more sustainable), and when it does not return

to baseline and individuals may be unaware.

Thisresearchrecommends both absolute and relative values of physiological

data are considered in fure studies. Both can be useful to understanding
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MWL. They answer different questions. Relative values, adjusted by baseline,
provide information on task differences in MWL as it removes individual
differences. Absolute values retain the individual diéieces in experience,
which are deemed a strength of the measures rather than something that
should be removed. Future studies applying a repeated measures approach
would also be desirable, to determine the reliability of measures both within

and across indiduals.

The outcome of the research for industry is that wearable physiological
measures could benefit the rail industry in future but should not be used yet.
Cultural barriers within industry would need to be addressed prior to use.
Regarding the culiral barriers to acceptance, resistance to the measures
mainly relate to concerns around the consequence of use of personal
physiological dataTheultimate concerrof staffwas that they may lose their
job. Trust was identified as a key factor, with stagsitant to provide data

that managers may be used to assess their competency. Instead of
introducing new physiological measures, tresearchrecommends applying
strategies to support staff remamert and confident This could include
effective use obreaks and building confidence through experience. The NEAS
preliminary conceptualisation could assist staff and managemderstand
how individuals, over time, are affected by novelty and would benefit from
different support. Retaining staff with exgence and building staff

confidence can mitigate the risks associated with novelty of events. Breaks
can mitigate the risks of fatigue and reduced alertness. These strategies
would not require staff to wear physiologiaaleasures Instead, if effective,
they would provide a justification for why monitoring individual state could

be mutually beneficial to staff and managers in future.

If a justifiable purpose is determined, with clear operational benefit, then a
trial of wearables could be run in live gp#ions, initially using only the wrist
strap and EDA datdhe chest strap was less familiar to staff and viewed as

less comfortable. A trial would provide staff the opportunity to experience
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wearing a device and to validate the data. A debrief with stétfr the trial

could identify what aspects of the task, experience, and effort the data shows
to evaluate the utility of the process. Additional data about task demand
including phone calls, level crossings, and control inputs would be required to
compae physiological responses. The initial trial would need to ensure staff
data was anonymised. The trial could demonstrate to staff the benefits of
sharing grapitaldata, such as to show the physiological effort required to
sustain successful performance. This data, if shared, could inform tailored
training. The physiological data shows the potential to, in future, detect that
an individual is moving away from théiaseline so timely interventions could

be implemented.

Appropriate choice of physiological measures depends on what question

needs answering. The strength of physiological measures is to infer individual
experienced workload, rather than task demandiIK S |j dzSa A2y Aa W
jdz yGAGe 2F GFal RSYFYR OFly aidlr¥F KIYyR
LIK@&aA2f 23aA0Ft YSIFada2NBad LT GKS jdzSadaz
g2N]Jf2FR OKIy3aSa 20SNJ GAYSKQ GKSy GSYL
wearables could prode an answer. The latter would be choosing

physiological measures for their strength of detecting individual experience of
workload. The data could show the effort that may not be directly observable

and do so with minimal task interference.

Whilst the results focus on railway signallers, these findings have implications
for other railway staff, and staff in other industries in control roles with
increasing automation. Thiesearchopens the opportunity for similar

research to be applied in live operat®m other industries were managing
individual workload and strain is a protective factor for overall sustainable

safe operations.

Theresearchconcludes that temporal physiological data shows great

potential to contribute to the MWL assessment of sigeia. HRV can indicate
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selfassessed workload, as it shows a strong negative correlation with self
assessed workload. EDA could identify moments of realisation during a
continuous task to support debriefs with staff and inform training needs.
Uncertainly @ confidence could potentially be indicated by both HRV and
EDA. Further research is required to clarify what specific aspects of MWL
different physiological data are sensitive to. Collecting physiological data from
staff should, however, not happen yet.nilst wearable measures could suit

use in live operations, staff concerns around how data will be used need to be
address first. In future temporal data could indicate when staff are at risk of
moving from good performance, into the higher risk areas thfeziunderload

or overload. In the meantime, the theoretical contributions of the thesis can
benefit industry practice. Increased awareness of the impact of physiological
state and novelty of events can inform effective MWL management. This in
turn can suport sustainable staff effort to achieve successful human

performance in live operations.
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Appendix B. Physiological measurement poster

This poster was displayed at the HFRail Conference, London, Novaéier

I"\ 'alalbiala
1IN 1V
CENTRE FOR DOCTORAL TRAINING

Physiological Measurement of
Human Performance: more than meets the eye

Abigail Fowler, PhD Candidate, University of Nottingham, abigail.fowler@nottingham.ac.uk
Supervisors Dr David Golightly, Dr Max Wilson, Prof Sarah Sharples

AIM CHALLENGE

Determine if physiological data can improve our Meeting increasing demand T T.i"i' »T ’i' T T T
understanding of human mental performance in rail to Passenger journeys are T.i"ﬁ““'
support increased capacity and keep passengers safe up 80% since 2000 [ORR 2017]

METHOD
[A literature review was conducted of physiological measures including studies in transport, military, and nuclear sectors ]

Brain fNIRS - Functional
@ Near-Infrared Spectroscopy

How fNIRS worksé Sensors on
How EEG worksé Sensors on the the forehead infer blood oxygen in
scalp detect brain electrical activity

FINDINGS
EDA - Electrodermal Activity

Brain EEG - Electro-
encephalography

How EDA worksé
Sensors on the skin
measure conductance

the Prefrontal Cortex EDA distinguished

task demand across  wrist sensor
different train driving tasks in a
simulator [Collet et al 2014]

fNIRS: oxygenation (red) deoxygenation (blue)
across three trials with varying task demand

Heart ECG -
Electrocardiography
HRV - Heart Rate Variability

fNIRS varied with workload
[Matthews et al 2014] and
usability of different computer
screen layouts [Lukanov et al
2016]

BR - Blink Rate @
How BR worksé Sensors on the
skin near the eye, or by remote

camera, detect the frequency of
blinks

Brain waves

During a train driving task, EEG
differed in day, night and rainy
conditions, and during periods of
reduced alertness [Zawiah et al
2016]

Brain activity increased (beta
waves) at tunnels, and before and
after stops, during a live trial [Song
et al 2014]

Drowsiness was inferred from

How ECG worksé sensors on the
skin detect electrical heart activity

HRV is the varying gap between R
wave peaks

Heart R wave peaks

HRYV decreased at train tunnels

EEG (bursts of alpha waves)
during a monotonous car driving
task in a simulator study [Borghini

Short term changes in workload
were inferred from BR in a nuclear

and before/ after stops [Song et al
2014] and with increased task
demand [Lehrer et al 2010]

industry study [Gao et al 2013]
etal 2012]

CONCLUSIONS

Physiological measures can improve our understanding of human performance by providing: continuous, objective data;
rich data if measures are combined; a range of measures to match the task; suitability for use in simulators and beyond.

This literature review forms part of a PhD on The Impact of New Data and Technology on Human Performance in Rail. The
PhD is funded by the rail industry. Poster references are available on request.

B University of
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References from poster: (Borghini et al., 2012; Collet et al., 2014; Gao et al.,
2013; Lehrer et al., 2010; Matthews et al., 2014; Y. Song €044, Zawiah
and Dawal, 2016)
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The decision is: Approval Awarded - no changes required.

Best of luck with your study.

Best wishes,

Research Administrator

Faculty of Engineerng

Univarsity of Nottingham

APM Hub, 803, L4, Coates Building
Univarsity Park

Naottingham, NG7 2RD

Research Groups: QAP, Environmental Fluids, GGIEMR and Resilience Engineering
Ressarch Priority Area: Healthcare Technologies

Emiy Jde@nottingham ac.uk
0115 74 84495
Hours of work: Monday-Wednesday & Fridgay 8

oA Please consider the environment before printing o

m lo 12:00am. Thursday 8:00am 1o 12:30pm

nis ema

~ARNRSE &

Univessity of Wy - . -
' Nottingham - R

e '\We are gold

Awarded a TEF
Gold rating for our
outstanding teaching
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Non-Technical Skills

These are the Nofiechnical Skills used in the natlustry in the UKRSSB
2012 RSSB 2016

Table 1 - GB Rail Mon-Technical Skills

NTS categories Skill

1.1 Attention to detail
1.2 Overall awareness

1l Stianc 1.3 Maintain concentration

awareness o _
1.4 Retain information

1.5 Anticipation of risk

2.1 Systematic and thorough approach
2. Conscientiousness 2.2 Checking
2.3 Positive attitude towards rules and procedures

3.1 Listening

3.2 Clarity

3.3 Assertiveness

3.4 Sharing information

3. Communication

4.1 Effective decisions

4, Decision making and 4.2 Timely decisions

action
4.3 Diagnosing and solving problems

5.1 Considering others’ needs

5. Co-operation and 5.2 Supporting others

working with others 5.3 Treating others with respect

5.4 Dealing with conflict or aggressive behaviour

6.1 Multi-tasking and selective attention
6.2 Prioritising
6.3 Calm under pressure

6. Workload
management

7.1 Motivation

7.2 Confidence and initiative
7. Self-management o ]
7.3 Maintain and develop skills and knowledge

7.4 Prepared and organised

References

RSSB (2012) Ndrechnical Skills

http://www.rssb.co.uk/Library/improvinegindustry-performance/2012eaflet-
non-technicatskills.pdffAccessed 8/09/2022]

RSSB (2016) A Good Practice Guide to IntegratingrBcmnical Skills into
Rail Safety Critical Rolégips://www.rssb.co.uk/Library/improving
industry-performance/201607-non-technicaiskillsintegration-good
practicequide.pdf{[Accessed 17.09.18]

22€


http://www.rssb.co.uk/Library/improving-industry-performance/2012-leaflet-non-technical-skills.pdf
http://www.rssb.co.uk/Library/improving-industry-performance/2012-leaflet-non-technical-skills.pdf
https://www.rssb.co.uk/Library/improving-industry-performance/2016-07-non-technical-skills-integration-good-practice-guide.pdf
https://www.rssb.co.uk/Library/improving-industry-performance/2016-07-non-technical-skills-integration-good-practice-guide.pdf
https://www.rssb.co.uk/Library/improving-industry-performance/2016-07-non-technical-skills-integration-good-practice-guide.pdf

Appendix C Simulation stu@yhics, NT@ndstoryboards

Storyboards

Storyboards were created in the simulation study from eaxividual

LI NIAOALI yiaQ GSYLRNIt GlFal RSYFYyRZ
nineteen participants are presented here (P7 was excluded due to a technical
problem). Where HRV data, or IWS data points are missing there are not

estimated, they are omittedrom the graphs.

The top graph plotsTaskDemand(Total trains including Freightwith the
freight train indicated in a darker gref£DA |(x100); and wrist accelerometer

data.

The lottom graphplots: IWS rating; and HRYN§).

Task Eventare marked vertically
| = Interpose headcodghe train reporting number)
C = call start and end

F = Notices freight
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