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Abstract

Clinicians work in complex, dynamic work environments where synchronous com-

munication and the management of competing time-constrained demands in a team

environment are fundamental to safe healthcare delivery. Previous empirical re-

search on clinical workflow has investigated the characteristics of clinical tasks and

the context in which they occur as potential contributors to the risk of error. Strate-

gies adopted by clinicians, such as the use of interrupting and multitasking, have

been a particular focus of such study given their prevalence in clinical work and

widespread perception of their negative impact on efficiency and safety. However,

our understanding of the role and effects of these behaviours in complex healthcare

settings is far from complete. A major impediment to progressing knowledge has

been a lack of quantitative observational methodology, namely the design of studies

using direct observations that adequately encompass the complexity of clinical work,

and the use of appropriate data analytic techniques. This thesis aimed to advance

direct observational methods and related statistical analysis techniques relevant to

work processes in non-experimental settings, and to apply those methods to the

study of everyday clinical practices.

Drawing upon an extensive examination of cross-disciplinary research, a clinically-

relevant conceptualisation of the work process was proposed that unifies several con-

cepts previously used to study interruptions and multitasking in healthcare. Second,

this framework was applied to analyse existing datasets comprising over one thou-

sand hours of observations of clinicians, yielding fresh insights about their work

practices. Third, an observational study of doctors was designed around the con-

ceptualisation and conducted in the emergency department of a tertiary hospital.

This extended previous approaches to provide a more comprehensive analysis of

strategies used by clinicians in response to a range of disruptive events. Fourth,

an overarching theme of this thesis is to identify ways in which existing statistical

methodology can be both better applied and extended to expand the scope of re-

search questions that can be tackled on work processes in healthcare. The analyses
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above implemented statistical modelling techniques in a way not previously used

to study clinical work. Furthermore, a new technique was developed to assess the

impact of disruptive events on task completion time, and was then applied to data

from observations of doctors in a range of hospital settings.

Through the application of improved observational and statistical methods this

thesis has progressed debates about the conceptualisation of clinical workflow, iden-

tified factors that influence clinicians’ strategies to manage disruptive events in a

range of healthcare settings, and better quantified the impact of interruptions on

task completion time. This has provided a more sophisticated understanding of the

relationships between work behaviours, work efficiency and error production. More-

over, the methodological progress enables future creation of knowledge necessary for

safety improvement.
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Chapter 1

Introduction

1.1 Background

1.1.1 The origins of the study of interruptions and multitask-

ing in healthcare

Patient harm due to human error is a significant and ongoing issue in healthcare.

Studies documenting the impact of error in hospitals date back over 50 years (Barr,

1955; Schimmel, 1964), but from the early 1990s large scale studies began to emerge

providing startling evidence of the extent of iatrogenic harm in hospitals. One of

the first such studies found that 3.7% of hospitalisations in New York State, USA,

resulted in an adverse event, that is, an injury caused by medical management (Bren-

nan et al., 1991). Of these, 27.6% were attributable to negligence, corresponding to

1.0% of all hospitalizations. A few years later a major population-based study of

Australian hospitals found that 16.6% of admissions involved an adverse event with

a projected annual impact of 12 000 to 23 000 deaths and a cost of 3.3 million bed

days (Wilson et al., 1995). Fifty-one percent of these events were considered highly

preventable, that is to say error-related, representing more than eight percent of all

admissions and 1.7 million annual bed days. By way of comparison, in the year

after Wilson et al.’s study there were 1 956 motor vehicle traffic accident deaths and

12 137 stroke deaths (ABS, 1993).

Since those studies there has been a considerable and growing research focus on

understanding the complexities of the socio-technical systems in which healthcare

is delivered and the factors that contribute to error-related harm in those settings.

This focus has been bolstered more recently by the World Health Organization’s

development of global priorities for patient safety research (WHO, 2009; Bates et

1



2 Chapter 1

al., 2009). Much of patient safety research is about reducing negatives: minimising

errors, mitigating their impacts and building defences into healthcare systems (Rea-

son, 2000), a paradigm now referred to as Safety I (Hollnagel et al. 2015). In this

vein, a seminal model of error often used in healthcare research is Reason’s Swiss

cheese model of system accidents (2000). This is based on the concept of a system

as being composed of layers, or slices (e.g. system design, clinician training, work

processes, organisational culture), each of which offers some defence against errors.

In any one layer an error may occur, a hole in a slice so to speak, but harm only

occurs when holes in multiple slices align.

A fundamental layer of the healthcare system is the clinical work process, and

disruptions to this process have been identified as a potential element in error pro-

duction in healthcare. In the course of treating patients, clinicians perform sequences

of tasks and activities to juggle multiple competing demands (Patterson, Ebright

et al., 2011). This can often involve interleaving tasks related to different patients

(Ebright et al., 2003; Lange et al., 2016), performing multiple tasks at once and

frequently having to respond to interruptions (Chisholm et al., 2000; Westbrook et

al., 2008; Westbrook et al., 2011). The first of these work patterns corresponds

to interleaved multitasking, sometimes called task-switching in the psychology lit-

erature, while the second is termed concurrent multitasking (Douglas et al., 2017).

The third work pattern is generally referred to as interruption, although other terms

such as break in task (Chisholm et al., 2000) have been used. Interruption can be

considered a special case of task-switching where the switch from one task to another

is prompted by some external event. These aspects of clinical practice represent the

way clinicians manage work through the prioritisation, timing and sequencing of

tasks. Many studies have focused on isolated aspects of the process - interruptions

or multitasking alone - however, the work in this thesis is based on a more complete

view of clinical work as a continuous process evolving through time, within which

events such as interruption and multitasking occur.

Interruptions and both interleaved and concurrent multitasking have been stud-

ied extensively in many domains: cognitive psychology, human-computer interac-

tion, aviation, organisational psychology, industrial engineering, and human factors

and ergonomics. An online repository for research on interruptions lists over 800

publications (interruptions.net/literature.htm). In particular, research from avia-

tion and the experimental fields of psychology and human-computer interaction

(HCI) tells us that these aspects of a work process carry with them the risk of error,

that is, they can potentially create holes in a system’s cheese slices. It was largely
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studies from these domains that influenced the push to examine such phenomena in

healthcare.

From experimental studies there is extensive evidence that both interruptions

and multitasking have negative effects on task performance. To outline some key

findings, interruptions have been associated with reduced performance on complex

tasks (Speier et al., 1999; Bailey and Konstan, 2006), increased sequence errors in

tasks involving a series of steps (Altmann et al., 2014), increased risk of forgetting

intentions (Einstein et al., 2003), increased task completion time (Bailey et al., 2000;

2001; Cutrell et al., 2000; 2001), and increased annoyance and anxiety (Bailey and

Konstan, 2006). Concurrent multitasking has been linked with decreased accuracy

and increased reaction time (Rohrer and Pashler, 2003; Nijboer et al. 2013), while

interleaved multitasking has also been associated with decreased accuracy (Adler

and Benbunan-Fich, 2012) as well as increased task completion time (Rogers and

Monsell, 1995; Rubenstein et al., 2001).

Aviation is an industry that has focused on developing safe systems over many

decades and the modern commercial aviation accident rate is testament to the ef-

fectiveness of this strategy (Kohn et al., 2000). Several studies identified both in-

terruptions and multitasking in cockpits as factors contributing to error (Dismukes

et al., 1998; Latorella, 1999; Loukopoupos et al., 2000). Hence, a key part of the

safety improvement process was to regulate cockpit practice through standardised

procedures and checklists with the intention of eliminating the potentially negative

influence of unplanned interruptions and multitasking (Loukopoulos et al., 2009).

The emergence of interruption studies from aviation and experimental psychology

in the 1990s, coincided with the landmark US Institute of Medicine report, To Err

is Human, in 2000 (Kohn et al., 2000). This report extrapolated evidence about

interruptions into the healthcare domain by explicitly identifying them as a likely

component of medical error. The assumption of negative effects associated with

interruptive aspects of the clinical work process has shaped much of the subsequent

research in healthcare (Hopkinson and Mowinski Jennings, 2013), spurred on by

further evidence from experimental science as well as other work domains (Altmann

and Trafton, 2004; Czerwinski et al., 2004). Embedded in this assumption is often a

sense that interruptions and multitasking may contribute to error risk by increasing

cognitive load (Baethge and Rigotti, 2013, p.44). A systematic review of studies of

interruptions in healthcare found that 21 of 35 studies assumed a disruptive effect

(Grundgeiger and Sanderson, 2009). Despite this there is currently no evidential

consensus regarding the negative effects of the disruptive aspects of clinical work.
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What is becoming clear is the challenge of studying these aspects of healthcare

within a multi-layered socio-technical system (Carayon et al., 2014; Werner and

Holden, 2015). This highlights the strong need to develop the research approaches

applied to the study of clinical work, both conceptually and methodologically, to

adequately engage with the complexity inherent in healthcare settings.

1.1.2 Studies of interruption and multitasking in healthcare

The majority of studies of clinical work are from developed countries - USA, UK,

Australia and Europe - and largely focus on hospital settings. Many of the early

healthcare studies provided descriptive accounts of the interruptive aspects of clin-

ical work, often with a focus on interruptive communication (Coiera, 1996; Coiera

and Tombs, 1998; Coiera et al., 2002; Chisholm et al., 2000; Chisholm et al., 2001).

This type of study has persisted to the present with typical summary measures

including proportions of time on particular tasks, proportions of time spent multi-

tasking and, especially, rates and types of interruptions (Alvarez and Coiera, 2005;

France et al., 2005; Friedman et al., 2005; Laxisman et al., 2007; Woloshynowych

et al., 2007; Brixey et al., 2008; Westbrook et al., 2008; 2009; 2010a; 2011; Weigl,

2011, Arabadzhyiska et al, 2014; Richardson et al., 2016; Lange et al., 2016). These

studies have offered a picture of the general characteristics of clinical work and their

variation between sites and healthcare settings, but have not provided evidence of

the function of interruption and multitasking in clinical work.

A number of studies have examined associations between aspects of clinical work

- predominantly interruptions - and outcomes. These outcomes include clinician-

level effects such as self-reported workload and strain, task-level effects such as

failure to resume an interrupted task and the time cost of resuming such tasks,

and clinical outcomes such as dispensing errors or medication administration errors.

These studies form the basis for our understanding of the impacts of interruption

and multitasking in healthcare, however, the complexity of those settings is not

necessarily reflected in their design or analysis.

The simplest of the analyses documented particular instances where an interrup-

tion was followed by poor recall of information associated with the suspended task

or non-resumption of that task (Collins et al., 2007). Similarly Drews (2007) ob-

served whether or not interruptions preceded error in an intensive care unit (ICU),

and also recorded relative frequencies of action following an interruption, includ-

ing immediate resumption of a task following the interruption, delayed resumption,

non-resumption, and omission of steps in a sequence upon resumption. Several stud-
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ies classified interruption as having either a positive, negative or neutral outcome

according to study-specific definitions of those judgments (Campbell et al., 2012;

McGillis Hall et al., 2008; 2010). While all of these studies attempt to link interrup-

tions with some outcome measure, none performed any formal statistical analyses

to assess the strength or magnitude of the associations.

Some authors have attempted to assess ecological associations between either

interruptions or multitasking and various outcome measures. An ecological anal-

ysis relates variables that have been aggregated. In the studies discussed in this

paragraph the aggregation is usually over some unit of time such as half hour in-

tervals, work shifts or observation sessions. Some studies have assessed bivariate

relationships via correlation analysis. These found that more frequent communi-

cation distractions were associated with less frequent completion of intraoperative

patient checks when those measures were aggregated by operation period (Sevdalis

et al., 2014), and that multitasking was associated with self-reported strain when ag-

gregated by observed shifts (Weigl et al., 2013). More frequently ecological analyses

have taken various multivariate approaches. Weigl et al. (2014) used partial corre-

lation analysis to identify that case-irrelevant communications in operating rooms

may be beneficial for reducing mental fatigue and stress in routine cases, but may

contribute to surgeons’ mental focus deteriorating. Weigmann et al. (2007) also

used multivariate regression with five covariates related to what they defined as

‘flow disruptions’, finding that teamwork related disruptions were associated with

increased surgical error when aggregated per operation. Weigl et al.’s (2012) mul-

tivariate analysis found that the interruption rate per shift was associated with

doctors’ self-rated workload after adjusting for time of day and doctor position.

Baethge and Rigotti (2013) applied hierarchical linear regression to data on nurses’

work aggregated by day, and found that interruptions were negatively associated

with satisfaction with one’s own performance, forgetting intentions and irritation.

A study of an ambulatory care pharmacy used multivariate regression to investigate

an association between interruption rates and dispensing error rates adjusted for

measures of individual workload and distractibility (Flynn et al., 2005). The associ-

ation was only significant for data aggregated into half hour intervals, but not when

aggregated by prescription sets. This highlights an issue with analysing aggregated

data: significance is affected by the granularity of aggregation units. Furthermore,

associations at an aggregated level do not allow inference about effects of individual

interruptions.

A few studies have conducted analyses at a more granular level, that is to say,
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on data that has not been aggregated. Grundgeiger et al. (2010) used linear re-

gression to model the time to resume a task following an interruption (resumption

lag) among nurses in the ICU of an Australian hospital. The duration of the inter-

ruption and whether the interruption required changing location were significantly

associated with resumption lag. Westbrook at al. (2010b) examined the associa-

tion between interruptions and medication administration errors in general wards

of two Australian hospitals. Multivariate Poisson regression was applied to data at

the level of individual medication administrations with covariates related to inter-

ruptions, characteristics of nurses and patients, plus a variable to differentiate the

two hospitals. Interruptions were significantly associated with errors, although no

adjustment was made for the fact that both of these variables tend to be propor-

tional to time. That is to say, the counts of both interruptions and errors would,

on average, increase with observation time even if there was no association. This

makes it difficult to determine whether the reported association is just a corollary of

this temporal correlation or whether there is a real effect of interruptions on errors.

Despite the many factors that influence an individual’s work practice (Carayon

et al., 2014) only some of these studies apply multivariate analyses, usually with

only a small number of covariates. Of those studies, various forms of linear regres-

sion dominate including several analyses that treated rates as continuous (Flynn et

al., 2005; Weigl et al., 2012) where other forms of generalised linear models, namely

Poisson or Negative binomial, would have been more appropriate. Few studies have

attempted to address forms of dependence between observations, such as correlation

within participants (Grundgeiger et al., 2010; Baethge and Rigotti, 2013), and none

attempted to allow for temporal correlation between outcome values, i.e. autocor-

relation.

1.1.3 Methodological limitations of healthcare studies

After some two decades of research, the quantitative evidence of the role of the

interruptive aspects of clinical work in patient safety is mixed and our understanding

is far from complete. There are several factors that have limited progress in this field:

1) a restricted research focus driven by the pervasive assumption about the negative

effects of interruptive aspects of clinical work, 2) variable use of terminology and

imprecise definition and operationalisation of concepts, 3) limited engagement with

the complexity of healthcare contexts including minimal utilisation of the many

available and applicable statistical techniques, and 4) very little development of

quantitative methodology to solve questions specific to the field.
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1.1.3.1 Negative assumptions about interruption and multitasking

Despite the common assumption about negative effects of interruption and mul-

titasking in healthcare, there is a considerable amount of evidence that suggests

otherwise. In the experimental domain, being interrupted has been shown to in-

crease mental arousal, decrease boredom (Speier, 1999) and to shorten task com-

pletion time with no loss of quality (Zijlstra, 1999; Mark et al., 2008). Another

study showed a non-linear relationship between productivity and the frequency of

task switching, with moderate levels of switching being better for productivity than

low or high levels (Adler and Benbunan-Fich, 2012). Similarly in the healthcare

domain these aspects of work can have a neutral or positive effect as shown in some

of the studies in section 1.1.2 above, and also discussed in several review papers

(Grundgeiger and Sanderson, 2009; Rivera-Rodriguez and Karsch, 2010). Garrett

and Caldwell (2006) note that an interruption’s status as positive or negative relates

to the relative priority of the primary and incoming tasks. For example, a nurse

interrupting a doctor to clarify the details of a prescription would be seen as positive

if the doctor was writing patient notes, since the avoidance of a medication adminis-

tration error takes priority. In contrast the same interruption while a doctor was in

the midst of patient resuscitation would be seen as negative. Anthony et al. (2010)

discuss the role of interruptive communication in timely information transfer, which

frames this aspect of work as integral to quality care.

The design of studies around negative effects also ignores the fact that much

of the negative evidence from outside the healthcare domain involved participants

performing unfamiliar experimental tasks, in contrast to healthcare settings where

clinicians have at least months if not years of experience during which they may

hone strategies and to some degree a sense of familiarity with the typical interruptive

aspects of their work. Hence, the negative assumption that has driven much of the

research on clinical work may be both simplistic and narrow and may have strongly

influenced study design, as well as which variables are selected and the way they are

measured (Hopkinson and Mowinski Jennings, 2013). Thus there is scope for a more

holistic approach to understanding the function of factors such as interruption and

multitasking in patient safety without predetermined judgements as to their effects.

This suggests a need for exploratory or hypothesis generating research that can

subsequently inform more targeted testing of specific hypotheses. It also prompts

rethinking of study design, both in terms of conceptualisation of clinical work and

the selection of factors to be observed and analysed.
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1.1.3.2 Conceptualising the clinical work process

The quantitative study of clinical work relies on the way aspects of the work process

are defined and the ways in which those definitions are operationalised during data

collection. In the healthcare literature, multiple concepts have been defined under

the same term and multiple terms have been applied to the same concept. This

has resulted in pervasive inconsistency and imprecision in both terminology and

definitions (Brixey et al., 2007; Biron et al., 2009; Sasangohar et al., 2012). This

not only limits the generalisability of study results, but makes comparison between

them difficult (Grundgeiger and Sanderson, 2009). Several authors have proposed

standardisation of definitions (McFarlane, 1997; Brixey et al., 2007; Coiera, 2012)

although there is still no consensus. This is potentially due to the operationalisation

of definitions necessarily being specific to each new setting in which they are applied.

In controlled experiments, studies can be designed so that participant behaviour

fits clear definitions of interruptions and multitasking. Conversely, in uncontrolled

healthcare settings definitions must be created to fit participant behaviour. Clini-

cians manage multiple demands in many creative ways such that behaviours that

might be considered interruption or multitasking according to experimental defi-

nitions, can occur in unlikely sequences or may be mixed together in ambiguous

ways. This means that definitions used in experimental studies can be overly simple

for studying work in healthcare settings. Hence there is a need for context specific

definitions of the clinical work process that encompass the many scenarios that can

occur. There is also a need for precise operationalisation of definitions so that ob-

servers can classify the myriad of work actions in a consistent way; something that

is rarely transparently reported in healthcare studies.

1.1.3.3 The complexity of work in healthcare contexts

Much of the foundational evidence on interruption and multitasking has been gen-

erated from the isolated environments of the aeroplane cockpit and psychology com-

puter lab. These settings are vastly simpler than the context in which healthcare

takes place, particularly when compared to critical care settings such as the emer-

gency department (ED) where workload and casemix are highly variable (Levin,

2006). Several authors have noted the need to move beyond descriptive accounts

of clinical work (Grundgeiger and Sanderson, 2009; Coiera, 2012; Hopkinson and

Mowinkski-Jennings, 2013), but it is only in recent years that researchers are start-

ing to recognise the extent of the complexity of healthcare work systems (Carayon

et al., 2014; Werner and Holden, 2015). Rittel and Webber’s concept of a ‘wicked
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problem’ (1973) has been used to describe the study of healthcare in that it presents

problems that are “dynamic with multiple sets of complex, interacting issues that

evolve in an emergent social context” (Westbrook et al., 2007, p.747). While we

must acknowledge the limits of quantitatively studying complex socially contingent

settings, there is, however, considerable scope for quantitative design and analysis

to complement studies from other research paradigms. There are now well honed

direct observational techniques for capturing the individual tasks and interactions

involved in clinical work (Westbrook et al., 2009; Lopetegui et al., 2014) and much

of the work in this thesis will focus on data collected in this way.

A human factors model of patient safety specifies aspects of the health system at

the levels of the person, tasks, physical environment and the organisation (Carayon

et al., 2014). In line with this it is possible to record characteristics of clinicians, the

work environment, the team, as well as time dependent factors such as workload,

fatigue and stress. This can be combined with information on the tasks and inter-

actions that make up the work process to build a more comprehensive account of

the many factors influencing clinical work at multiple levels. To make sense of such

data, there are many existing multivariate modelling techniques that can support

the disentangling of interrelationships at different levels, and these methods have

been barely explored in the study of clinical work to date.

1.1.3.4 Development of statistical methodology

The unique complexity of quantitatively studying clinical work prompts many op-

portunities for developing bespoke statistical methodology. To date only one paper

has proposed a new method to solve a problem specific to the field: Brown and Dun-

smuir (2010) devised a technique to assess whether interruptions had an impact on

the time taken to complete a task, something that could not previously be assessed

with data from direct observations of clinical work. The key problem addressed in

that work was the fact that the number of interruptions during a task is proportional

to task length. That is, even if interruptions have no effect on task completion time,

there will still be a correlation between these two measures. This is referred to as

length bias and is pervasive in the study of clinical work. Rarely has this effect been

recognised or acknowledged, leading to results about interruptions being reported

as true effects when they are potentially just reflections of length bias (Trbovich et

al., 2010; Weigmann et al., 2007; Westbrook et al. 2010b). Hence there is a need for

statistical techniques aimed at this issue to enable researchers to separate genuine

effects from artefacts of length bias.
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1.2 Thesis Aims

The overarching aim of this work was to promote improved understanding of the

patient safety implications of the clinical work process through advancing and ap-

plying quantitative observational methodology. To achieve this aim my research

focused on four objectives:

1. To critically review the methodology used to date in quantitative observational

studies of healthcare and identify ways in which the design, data collection and

analysis can be improved from current practice.

2. To develop a context-appropriate conceptualisation of the clinical work pro-

cess.

3. To advance statistical approaches for the analysis of complex observational

data through innovative application of existing methods and development of new

techniques.

4. To generate new evidence regarding everyday clinical work practices through

the application of these conceptual and statistical developments in real world hos-

pital settings.

1.3 Thesis structure

The core of this thesis comprises five publications. Two of these are peer-reviewed

journal articles, two currently under review with scientific journals and one is a peer-

reviewed conference paper. Following on from points foreshadowed in this chapter,

the article in chapter 2 expands the discussion of the methodological limitations fac-

ing the field of observational studies of clinical work. This publication delineates the

research space within which the four subsequent papers tackle those methodological

issues.

As outlined above, terminology and conceptualisation of clinical work are major

limitations for the field. Chapter 3 gives a brief discussion of the schema of concepts

and terms that are subsequently applied in chapters 4 to 7. In any one of these papers

there is only scope to describe those aspects relevant to the individual analysis. Thus

chapter 3 is included to provide a complete account of the conceptual framework.

Chapters 4 and 5 are empirical studies, the first of which uses an exploratory sta-

tistical modelling approach on pre-existing data from three previous studies. Chap-

ter 5 represents a prospective application of the concepts outlined in chapter 3 in

that the study was designed around them. Details of the study protocol are provided

in the appendix. Chapter 6 describes the development of a new statistical technique
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to assess the impact of interruptive events on the time to complete clinical tasks.

This is followed in chapter 7 by an application of this method to observational data

on doctors in several hospital settings. The eighth and final chapter then provides

an overarching discussion of the contribution of the thesis and the implications for

both clinical practice and further research.
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Chapter 2

Methodological challenges for in

situ observational studies

2.1 Chapter background

The article in this chapter reviews and discusses the methodological aspects of quan-

titative observational studies of work processes, with a particular focus on clinical

work. There has been a number of relatively recent reviews of largely quantitative

studies on interruptions in healthcare (Grundgeiger and Sanderson, 2009; Li et al.,

2012; Rivera-Rodriguez and Karsh, 2010; Biron, 2009; Hopkinson and Mowinski

Jennings, 2013). However, there has been limited discussion of observational and

statistical methods, despite the fundamental importance of appropriate methodol-

ogy for studies in such complex settings. This paper identifies key areas in need

of methodological improvement, makes explicit aspects of the complexity of clinical

settings, and proposes ways forward in terms of methodology to accommodate that

complexity. In addition to providing a roadmap for this thesis, the intention of the

paper was also to outline future methodologically directions for the general field of

quantitative observational studies of clinical work.

The article was selecteded for publication in a special issue of the International

Journal of Human Computer Studies on interruption and multitasking. It directly

addresses objective 1 of the thesis, but also lays the foundation for the other ob-

jectives. A fuller discussion of the points outlined in the introductory chapter is

given in a way that makes the concepts applicable to work processes in general, not

just healthcare. Also this paper puts forward the case for the use of a particular

type of observational study, the workflow time study, as a vehicle for advancing our

19
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understanding of clinical work and as an approach that can support many of the

proposed methodological advances. The data analysed in subsequent chapters was

collected via this observational approach.

In parallel to writing this paper, the STRATOS initiative (STRengthening An-

alytical Thinking for Observational Studies) was being developed. This initiative

aimed to highlight the need for greater statistical rigour in observational studies gen-

erally, and aimed to produce guidance documents for best practice in the statistical

method of observational studies (Sauerbrei et al., 2014). The thrust of the paper

in this chapter has parallels with the STRATOS view, but with a specific focus on

the direct observational study of clinical work. Many of the points raised below,

and developed independently, align with the key STRATOS focus areas including

multivariate modelling approaches, measurement error and misclassification, study

design, and causal inference. The scope for methodological development in the study

of clinical work is formidable, and subsequent chapters in this thesis aim to address

the most pertinent of these.
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Abstract

Much of the large and growing body of literature on interruption and multitasking

is motivated, in part, by a desire to reduce their negative effects in occupational

settings, particularly those that are safety critical. Much of the existing knowledge

has come from experimental studies, however, these do not necessarily generalize to

non-experimental contexts. By virtue of being in situ, the results of observational

studies are more generalizable, but internal validity remains an issue. Since many of

the quantitative observational studies of interruption or multitasking to date have

been largely descriptive, their full potential to contribute knowledge that informs

practical improvements has been underutilized. We discuss ways to address threats

to internal validity in quantitative observational studies through appropriate analysis

with particular reference to workflow time studies, a form of direct observation. We

also discuss the potential for more sophisticated analysis methods to both address

some of the threats to internal validity and to provide more nuanced insights into

the role and impacts of interruption and multitasking. In this way observational

studies can contribute unique evidence to facilitate practical improvements to work

practices and systems.
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1. Introduction

A key motivation to understand interruptions and multitasking is to improve the

accuracy and efficiency of work in occupational contexts. This is particularly true in

safety critical settings such as air traffic control, aviation, healthcare, industrial pro-

cess monitoring, and driving where error and inefficiency can have injurious or costly

repercussions. In-depth knowledge of the role and impacts of interruptions and mul-

titasking can inform improvements to workplace safety, practices and systems. Due

to the complexity and heterogeneity of workflow and individuals in such settings,

studying aspects of human work processes, such as interruptions or multitasking,

presents many challenges for quantitative study design and analysis.

Several approaches can be employed to study work processes including controlled

experiments, computer simulation studies, and observational studies. Both exper-

iments and simulations can be designed to control known and unknown sources of

bias and thus achieve a high level of internal validity. However, the generalizability of

results is limited by their similarity to non-experimental occupational settings, that

is, they can lack sufficient external validity (Shadish et al., 2002). Some experimen-

tal studies have attempted to replicate interruptions or multitasking in contexts of

interest, such as an office environment (Mark et al., 2008), cockpit (Latorella, 1999),

motor vehicle (Watson and Strayer, 2010) or operating room (Liu et al., 2009); how-

ever, this becomes increasingly difficult for more complex and unpredictable settings

such as hospital emergency departments (ED). Computer simulation studies provide

a means to model interruptions or multitasking in more complex scenarios in a con-

trolled way [see for example: (Lebiere et al., 2001; Sierhuis et al., 2007)], but this

approach is limited by the accuracy of the necessary assumptions and, as with ex-

periments, it can also be difficult to capture all the complexities of an uncontrolled

setting. To date simulation studies of work in complex settings like EDs have focused

on aspects such as patient flow and staffing, but not on interruptions or multitask-

ing - an exception being a study (Gunal and Pidd, 2006) that simulated the effect

of multitasking, in the sense of concurrent patient management, on departmental

performance.

There are many types of observational studies that can be applied to investigate

interruption and multitasking. Qualitative observational studies can provide in-

sights about relationships, social dynamics and individual motivations and thought

processes in a way that quantitative studies cannot, and this can be valuable when
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studying complex socio-technical settings. Nugus and Braithwaite (2010) used an

ethnographic approach in an ED to understand the seemingly opposing factors of

quality and organizational efficiency: a question which encompasses issues around

multitasking and interruptions. Colligan and Bass (2012) used a combination of

semi-structured interviews and direct observation to examine strategies that nurses

used to handle interruptions.

While all types of study can contribute important knowledge about interruption

and multitasking, in this article we focus on quantitative observational studies for

several reasons. They can be conducted in the setting of interest, hence making

their results generalizable to at least that context or others that are similar (Black,

1996). For example, a study of medication administration errors found that the

risk and severity of error increased with the number of times the administration

was interrupted (Westbrook et al., 2010b). Observing interruptions of nurses in situ

provides a more accurate assessment of their potential impact on nurses’ work than

results from experiments or simulations. There may also be ethical constraints on

conducting experiments or interventions in safety critical settings where the effect

of unintended negative consequences could be serious. The same restriction is less

of an issue for observational studies where the data collection process aims to have

minimal impact on the context under study. However, a major drawback to the

quantitative observational approach is that it can be difficult to establish internal

validity and to date this has proven restrictive to the rate of knowledge generation

about interruption and multitasking, particularly in healthcare.

The majority of quantitative observational studies of interruptions or multi-

tasking are situated in medical contexts and, as noted previously (Coiera, 2012;

Grundgeiger and Sanderson, 2009), most of these have essentially taken a count-

ing approach by simply summarising counts, rates and proportions. A select few

healthcare studies have taken a more advanced approach. The previously mentioned

medication administration study used a multivariate analysis to find an association

between interruption and error (Westbrook et al., 2010b), while another study of

intensive care unit staff used eye tracker technology and a multilevel multivariate

model to analyze resumption lag following an interruption (Grundgeiger et al., 2010).

While the quantitative observational approach is well suited to healthcare, it is

also applicable in other domains. Several studies of information workers have used

this approach to examine concurrent task management (Czerwinski et al., 2004;

Gonzalez and Mark, 2004), and Loukopoulos (2001) conducted a study of inter-

ruption and task interleaving among pilots by observing their activities from the
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cockpit jumpseat. In an observational study of drivers, Strayer and Drews (2006)

assessed the association between concurrent hand held cell phone use while driving

and failure to stop at an intersection.

The need to advance the research agenda for interruptions and multitasking in

healthcare has been recently noted (Westbrook, 2014), and there is clearly consid-

erable scope for more rigorous observational studies to contribute practically useful

knowledge to occupational domains, whether healthcare or otherwise. In this paper

we aim to expound the ways in which the design, data collection and analysis of

quantitative observational studies of interruption and multitasking can be improved

from current practice. In particular, we discuss fundamental issues with the internal

and external validity of observational research in reference to interruption and multi-

tasking, and the ways in which these issues can be mitigated through the application

of existing statistical techniques. We also point out areas in which new statistical

developments are needed and outline ways forward for each. Where possible, we

illustrate these points via a hypothetical case study.

2. Workflow time studies

There are many approaches that can be employed to record an individual’s work

process, as discussed at length by Lopetegui et al. (2014). The workflow time study

approach (Lopetegui et al., 2014) is a type of time and motion study that offers many

advantages over other non-experimental methods applicable to work processes. It

involves an external observer shadowing a participant and recording time-stamped

information about their tasks and interactions to create a continuous record of the

work process. It has its roots in Mintzberg’s structured observation method (1970)

and is also similar to systematic direct observation used in timed-event sequential

analysis in psychology (Bakeman and Gottman, 1997; Chorney et al., 2010) in that

it involves recording behaviour in an uncontrolled setting according to predefined

operational definitions. The additional emphasis in workflow time studies is on

capturing a continuous record of behaviour. It is distinct from an ethnographic

approach where observed interaction or behaviour is categorised during the analysis

phase (Atkinson and Hammersley, 1994). Workflow time studies have been applied

to interruption and multitasking in the domains of healthcare (Weigl et al., 2011;

Westbrook et al., 2010a), aviation (Loukopoulos et al., 2001) and human-computer

interaction (Gonzalez and Mark, 2004; Mark et al., 2012; Su and Mark, 2008).

The continuous recording of data increases the potential to capture work com-

plexity compared to work sampling or self-report approaches such as diary studies
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(Mintzberg, 1970). It is also less prone to bias than work sampling (Finkler et

al., 1993) or self-report. While audio or video recording can provide an accurate

continuous record of a work process, these can easily capture non-participants and

the need to seek consent from all those recorded can be prohibitive. In addition,

workflow time studies open up the analysis possibilities to a wide range of existing

techniques, each of which has the potential to provide innovative insights. Hence we

focus on this observational approach and the ways in which it can minimise threats

to internal validity and can broaden the scope for statistical analyses applicable to

observational data on interruptions and multitasking.

3. Internal validity

One of the main challenges in quantitative observational studies is to generate in-

ternally valid results, that is, results that are not biased. This is particularly so in

complex settings where there is a network of intertwined factors at play and sepa-

rating out the influences of particular factors requires addressing the many threats

to internal validity. In this section we outline some of those threats and how they

can be mitigated with reference to workflow time studies.

3.1 Defining interruptions and multitasking

There is much heterogeneity in the definitions of interruptions and multitasking.

Many studies provide no explicit definition, while others attempt to bring some pre-

cision to particular terms, such as Trafton et al.’s (2003) often cited ‘anatomy of an

interruption’ (Figure 1). The study of interruption and multitasking is now beset

with inconsistency, with some terms having been defined to have several different

meanings, and some concepts described by several different terms. For example,

with reference to Trafton et al.’s model, an interruption has been defined as the

alert for the secondary task (Chisholm et al., 2001; Czerwinski et al., 2004; Mache

et al., 2012), the secondary task itself (Li et al., 2012), or the whole sequence de-

picted in Figure 1 (Boehm-Davis and Remington, 2009; Weigl et al., 2011). Mul-

titasking has also been defined in several different ways. The notions of concur-

rent multitasking (also called dual task performance), interleaved multitasking (also

called task-switching) and sequential multitasking (Adler and Benbunan-Fich, 2012;

Loukopoulos et al., 2009) have been combined under a unifying theory in which these

concepts represent different places on a continuum depending on the rate of switch-

ing between tasks (Salvucci et al., 2009). Yet to complicate things, task-switching

that is externally triggered is sometimes called multitasking in the experimental lit-
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erature [e.g. (Katidioti and Taatgen, 2014)] while generally called interruption in

the healthcare literature. While several papers have discussed the panoply of terms

and definitions (Brixey et al., 2007; McFarlane, 1997; Sasangohar et al., 2012), there

is often an assumption that a single definition is both possible and desirable [see for

example (McFarlane, 1997)].

As a way through the semantic imbroglio there are several considerations for

future observational studies. First, definitions should be developed specific to the

context and the research hypotheses. In complex non-experimental settings people

juggle competing demands in a wide range of creative ways such that behaviours

that might be considered ‘interruption’, ‘task-switching’ or ‘multitasking’ according

to previous definitions, can occur in unlikely sequences or may be mixed together

in ambiguous ways. While there are many proponents of a universal definition of

interruption (Brixey et al., 2007; Grundgeiger and Sanderson, 2009; Sasangohar et

al., 2012) or multitasking (Salvucci et al., 2009), if such definitions were possible,

every time the definition was applied in a new context it would necessarily have to

be reinterpreted and re-operationalized, hence defeating the purpose of a universal

definition. Secondly, definitions should be as precise as possible to minimize mea-

surement error or observer bias. In a fast moving fluid environment it is essential

to have operational definitions that distinguish what is and isn’t considered an in-

terruption or a multitask as clearly as possible. This is necessary so that observers

can translate observed behaviour into a record of the work process in a repeatable

way (Hintze et al., 2002). This also supports transparency and comparability when

publishing results. Developing and operationalizing definitions can be an iterative

process by which definitions are tested (through piloting), adjusted and retested un-

til they can be applied in a way that minimizes bias and error. A final and optional

consideration is that definitions can be chosen according to an underlying construct

of interest (Grundgeiger and Sanderson, 2009). We now introduce a hypothetical

case study to illustrate these points, and this will be used throughout the paper to

elucidate subsequent points. For the purpose of illustration, the study is somewhat

simplified. A study aims to determine factors associated with non-resumption of

interrupted tasks among doctors in an emergency department (ED). Using a similar

idea to multiple resource theory (Wickens, 2002) the investigators hypothesize that

non-resumption is a failure of prospective memory and occurs when the context is

demanding enough that insufficient cognitive resources remain to recall the intention

to resume a task. ED doctors often work in open departments as part of a team

and there are many events that could potentially be included in the definition of
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an interruption. For a task to be at risk of not being resumed, it first has to be

suspended prior to completion. This task-switching may be externally or internally

triggered, but the researchers decide that knowing about external triggers is more

informative for improving practice. Hence the study team decides to define an in-

terruption as a switch from one task to another prior to completion of the original

task, and where the switch is triggered by an external event. An external event is

defined to include anything specifically directed towards the doctor including phone

calls, questions, computer alerts and pager calls, but excluding equipment alarms,

nearby conversations, other people’s phones ringing and so on.

Having developed study-specific definitions and operationalised them, the next

consideration is to assess the extent to which definitions are reliably applied.
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Figure 1. Trafton et al.’s anatomy of an interruption.

3.2 Intra- and inter-rater reliability

When data collection relies on an observer interpreting what they see and hear,

there is potential for variation in how the definitions are applied from one obser-

vation period to the next for the same observer (intra-rater reliability), and from

one observer to the next (inter -rater or inter -observer reliability). In addition to

the definitional precision discussed above, reliability is usually optimized through

observer training and a quantitative measure of agreement. For inter-rater reliabil-

ity this simply means having two (or more) observers record data while observing

the same scenarios. Intra-rater reliability is less easy to test as it ideally involves an

observer of the same scenarios at different points in time.



Studying interruptions and multitasking in situ 29

Establishing a sufficient level of reliability requires a means to quantify it. The

original inter-rater methods that arose from the field of psychology assess agreement

between two raters classifying the same entity into a set number of categories [e.g.

(Cohen, 1960)]. Although some of the univariate measures, such as Cohen’s kappa,

are often applied in observational studies of work processes (Lopetegui et al., 2013),

these methods have two main limitations. The first is that they do not take into

account the temporal ordering of tasks: the time stamp of each task and its place

in the sequence of tasks are important considerations for reliability. Secondly they

cannot assess agreement simultaneously between multiple variables. For example, a

task may have several characteristics such as start time, duration, type (e.g. docu-

mentation) and interruption status and ideal agreement requires all characteristics

to match. Determining whether data from two observers agrees on all of these at-

tributes together is beyond the scope of existing methods. High kappa values do not

necessarily mean there is good intra- or inter-rater reliability for all aspects of the

collected data. The TimeCaT software includes a multidimensional measure of both

inter- and intra-rater reliability by separately comparing total task time, total task

count, click accuracy and sequence similarity (TimeCaT 3.9, 2013). Many methods

exist for determining similarity between two strings of data or, equivalently, two

multivariate records, including probabilistic record linkage (Herzog et al., 2007).

Such methods have the potential to be adapted to quantify agreement in a way that

takes into account the number of variables being simultaneously compared - perfect

agreement becomes increasingly difficult when more variables have to match. In

a similar way to Cohen’s kappa, these approaches can also indicate the extent to

which the level of agreement exceeds that expected due to chance alone. For exam-

ple, probabilistic linkage could be used to identify the best matching unique record

pairs and the sum of total match weights for all the ‘best’ pair matches aggregated

into an overall score. To compare the likelihood of that score occurring by chance,

a p-value for this total could then be obtained via a Monte Carlo permutation ap-

proach, that is, by recalculating the score for random shuffles of the data to generate

a sampling distribution to which the original score can be compared.

These techniques can facilitate minimization of bias or error during direct obser-

vations which can then enable more accurate analysis results.

3.3 The importance of capturing covariates in uncontrolled settings

In an uncontrolled setting there may be many factors that simultaneously yet dif-

ferentially influence a particular outcome of interest. In an experiment these factors
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are controlled to isolate a particular effect. Otherwise, where these factors are quan-

tifiable, they can be analyzed concurrently to separate out the effects of each. There

are many well established techniques for doing this, multivariate regression being

one of the most well known. In this context these concurrent factors are often re-

ferred to as covariates. The workflow time study approach enables the simultaneous

collection of data on many covariates. In this section we consider the importance of

covariates in terms of two broad analysis approaches.

The first is the hypothesis driven approach which aims to test the effect of one or

more predetermined factors on an outcome. In our case study example, as described

in section 3.1, this might be the effect of an interrupting task involving patient

resuscitation (a binary variable) on the risk of non-resumption of the original task

(also binary). This is simplified to illustrate that a demanding interrupting task may

be hypothesised to be more likely to cause non-resumption of the original task. Due

to the non-randomized nature of the data, the relationship between these variables

may be confounded by other factors such as the experience level of the doctor. A

confounder is a variable that is separately related to exposure and outcome, and

failure to account for it can result in bias in the effect of interest (Greenland et

al., 2008). Of the many ways to deal with confounding, the most applicable to

quantitative observational data is multivariate modelling where the effect of interest

and all potential confounders are included as covariates. Methods for selecting

covariates for regression adjustment are well covered elsewhere (Greenland, 1989;

Schisterman et al., 2009). It is possible to try to collect information on as many

confounders as possible, then apply variable selection techniques to find the most

relevant factors. Alternatively, confounders may be hypothesised a priori and only

information on those predetermined factors collected and adjusted for. Weigl et

al. (2012) provide an example of this kind of analysis where they examined the

association between interruptions and perceived workload among hospital doctors,

while adjusting for time of day and doctor seniority as confounders.

Alternatively, an exploratory approach aims to identify factors associated with

the outcome of interest as opposed to testing a particular hypothesis. The signifi-

cant variables are distilled down from the set of all available variables via a model

building process that aims to find the model that best explains the data [see for

example, Hosmer and Lemeshow’s purposeful selection of covariates, a model build-

ing process that aims to improve on automated stepwise methods (Hosmer and

Lemeshow, 1999), section 5.2]. This type of analysis is relevant to complex socio-

technical settings where there are many potential factors and little may be known
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about their interrelationships. In the case study this would apply to the question:

what factors are associated with non-resumption of an interrupted task? In addition

to the variables mentioned for the hypothesis driven approach, the researchers also

consider characteristics of the interrupting task (type, interrupting person, duration,

arrival time during primary task). Other covariates may further be constructed from

the data such as the interruption rate in a time window preceding the interrupted

task, or the number of non-resumed tasks accumulated to a given point in time.

Grundgeiger et al. (2010) and Walter et al. (2014) each present examples of a

model building approach.

3.4 Maximizing internal validity through analysis

Regression modelling, as mentioned in section 3.3, is a flexible way of analysing

interruptions or multitasking situated in work processes. The possibilities are man-

ifold, but there are certain aspects of regression that are important for minimising

bias and have received limited attention in observational studies of interruption and

multitasking to date. The importance of covariates adjustment has already been

discussed, so we now also consider autocorrelation, clustering and unmeasured con-

founding. In data where the outcome is temporally ordered there is often correlation

between the value of an outcome variable at a given time and previous values of that

variable, known as autocorrelation. This is commonly dealt with by including au-

toregressive error terms or by including lagged values of the outcome as covariates

in the regression model. Failure to account for autocorrelation can have serious

impacts on accuracy and precision (Pollitt et al., 2012). As a simple example, in a

study of factors associated with a clinician’s choice to switch tasks or concurrently

multitask when triggered by an external event, Walter et al. (2014) included the

choice at the previous trigger as a potential covariate.

Another form of correlation is due to clustering. This occurs when outcome

values show correlation within certain subgroups or clusters and represents another

potential source of bias if ignored, particularly for standard error estimation (Diggle

et al., 2002). There are a number of ways to account for this in a regression context

with generalized estimating equations and random effect models being two common

approaches. In general, a particular work unit or group will have its own practices

and team culture, and individuals within each setting will have their own ways of

working. Hence individuals and groups are two potential levels of clustering that

may need to be addressed in a task-level analysis, although the levels of clustering

will be specific to the study design and setting. Grundgeiger et al. (2010) and
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Walter et al. (2014) present examples where random intercepts models were used

to address clustering within individuals.

Multivariate modelling is an effective way to adjust for the effects of known

confounders that involves optimising precision and confounder-related bias while

avoiding over adjustment and unnecessary adjustment. Techniques also exist for

taking into account the effect of unmeasured confounders (Hougaard, 1995; Lin

et al., 1998). While less commonly performed, these methods provide a way to

increase evidence for (or against) a causal relationship. If an estimated effect is

relatively resilient to a range of assumptions about unmeasured confounding then

this strengthens the evidence of a real relationship not due to other factors (Lin et

al., 1998).

4. External validity

External validity is the extent to which study results are relevant to settings other

than the original study setting. This is important in that the point of most studies

is to generate knowledge that is generalizable. We outline two considerations in this

vein: the influence of external observers on the participants and ensuring there is

sufficient statistical power to detect genuine effects of interest.

4.1 Reactivity

The presence of an observer has the potential to influence the way an observed person

behaves. For instance, being observed may promote productivity or better adher-

ence to official procedures. This is often referred to as the Hawthorne effect and the

presence of such an effect can introduce bias. The existence of this phenomenon in

the original study of the Hawthorne Works in Chicago has been subsequently ques-

tioned or contradicted, the main issue being the lack of adjustment for other factors

influencing workers’ productivity. Jones (1992) performed a multivariate reanalysis

of the original data from the relay assembly test room and reported no evidence of

a Hawthorne effect after adjusting for other possible confounding factors. A reanal-

ysis of the illumination experiments found no evidence of an immediate response to

changes in light conditions (Levitt and List, 2011). However, there is still potential

for observers to have an influence in other settings. While the observer ideally aims

to watch a participant from a fly-on-the-wall perspective, it is unavoidable that they

themselves become a part of the setting. Simple tactics to mitigate the potential

for observer influence are to avoid interaction between observer and subject and

for the observer to remain far enough away so as not to encroach on the subjects’
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performance of their work (Weigl et al., 2011). Also, assurance that performance

is not being assessed and that any errors will be recorded in a non-identifiable way

will help to minimise any sense of being under scrutiny. A period of acclimatisation,

prior to beginning observations proper, can allow subjects to become somewhat com-

fortable with being directly observed. Conducting observation sessions throughout

an extended period, several months say, may also reduce to possibility of sustained

behaviour changes (Westbrook and Ampt, 2009).

4.2 Sufficient power

A precursor to having generalizable results is to have sufficient power to detect real

effects or estimate the prevalence of events - such as interruptions - with sufficient

precision. This is traditionally achieved through sample size calculation prior to

commencement of observations. Most standard sample size formulae originate from

the domain of experiments. Less straight forward methods exist that are applicable

to non-experimental studies; however, in general the more factors being collected

and analysed, the more challenging the sample size estimation becomes. This can

be compounded in the absence of any prior knowledge or evidence to form the basis

of the calculation assumptions.

In observational studies of work processes, sample size calculation is rarely men-

tioned, yet for the resource intensive workflow time study method this could be

worthwhile. Applying a more-is-better approach may not necessarily result in in-

creased power since an expanded sample may capture a more diverse group of sub-

jects, or if the observations are carried out over an extended period of time temporal

variation may be introduced. Capturing and accounting for these additional sources

of variability can increase generalizability, but can also considerably augment the

sample size required to maintain a given level of precision due to the inverse rela-

tionship between the number of parameters estimated by a regression model and the

precision of the estimates. Also the context specific nature of observational studies

means that there is a limit to how widely their results can be generalized.

Sample size determination methods exist for multivariate models, multi-level

models and time series; however, for some types of analyses no directly applicable

methods have been developed. In place of developing new methods it is possible

to adapt existing methods by making some simplifying assumptions, or to apply

several methods and use the most conservative estimate. Even if it is not possible

to generate a precise sample size estimate it can still be worthwhile ensuring there

is sufficient power to assess the main hypotheses of interest. Previous studies can
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be informative in determining sample size, but in the absence of prior relevant

information another possibility is to carry out a period of observations or collect

some pilot data, perform interim analyses and then use those results to update the

sample size calculation based on the pilot effect sizes.

We illustrate how a researcher might go about determining sample size for a

workflow time study by revisiting the case study. The researchers are interested in

the relationship between a task not being resumed and the interruption of the task

being caused by a resuscitation call, both binary variables. The analysis plan is to

use logistic regression on all interrupted tasks with non-resumption as the outcome

and resuscitation status of the interruption as the main covariate of interest. It is

expected that the type of task and the time since task beginning to interruption

will have confounding effects and will be included as additional covariates. From

previous data the non-resumption rate has been estimated at 5% of interrupted

tasks, interruptions affect 20% of tasks, and doctors complete 12 tasks per hour on

average. The researcher starts with a simple approach that ignores the confounders

and generates a sample size estimate of 1 647 tasks, which can be translated to about

168 hours. There is no prior information on the distribution of possible covariates

or on the direction or size of their effects, so the researchers recalculate including

the two confounders, but with a range of plausible distributions and effect sizes for

each. This gives estimates from 103 to 225 hours. At most the study has resources

for 200 hours of observation so it is decided to refine the multivariate calculation

after obtaining estimates of confounder covariate effects from the initial 20 hours of

observation. The refined calculation gives an estimate of 145 hours. Since this is

lower than the initial estimate of 168, the researchers decide to take a conservative

approach to ensure sufficient power, but to conserve at least some resources by

collecting 170 hours of observations.

5. Scope for analytic innovation in quantitative observational

studies

Workflow time studies enable a wide range of analysis methods relevant to observa-

tional studies of interruption and multitasking but such methods have been under

used or not used thus far. We describe the application of a selection of these tech-

niques in this section. These are well described elsewhere and we only provide a

brief outline of each.
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5.1 Linking interruption and multitasking to outcomes: Association and

causation

The aim of much of the research on work processes is to examine associations between

phenomena such as interruptions or multitasking and particular outcomes such as

error or inefficiency. Due to the dynamic and complex nature of the settings in which

interruptions and multitasking are endemic, establishing a link between a particular

interruption, say, and a particular error is analytically challenging. While ideally we

would like to know the precise cognitive steps that led to each error, i.e. the causal

explanation, for the most part a quantitative observational approach identifies only

observable factors that are potentially causative of errors, i.e. the causal description

(Shadish et al., 2002).

There is much literature on what constitutes evidence for causality, including

a number of suggested minimum conditions [e.g. Hill (1965)]. Three widely used

conditions originating with John Stuart Mill (Cook and Campbell, 1979) are that the

cause should precede the effect, the purported cause and effect are related, and other

possible explanations for the relationship can be eliminated. Although causality

cannot be established with any certainty, and there is no neat road map for doing so,

observational studies that attempt to establish these three conditions may identify

at least some of the component causes of error (Rothman et al., 2008). The point

of statistical regression models is to quantify associations, hence effects identified

through modelling satisfy the second condition, while adjustment for confounders

helps to rule out other explanations for an observed association (third condition).

Addressing the first condition requires incorporation of some measure of temporal

ordering into the analysis.

A relatively simple approach to linking interruption and error, used in several

studies to date, is to examine the association between rates aggregated over some

time period. For example, Flynn et al. (1999) found an association between the rate

of interruptions per half hour and the rate of medication dispensing errors aggre-

gated over the same unit of time. This could similarly be applied to some aggregated

measure of multitasking. While appealingly simple, we do not know whether the

interruptions had anything to do with the errors, only that their occurrence rates

were somewhat correlated. Many tasks may have been carried out during each half

hour period, yet we have no sense that interruptions were temporally close to and

preceding errors or whether there was another factor driving both. For example

increased workload may amplify the frequency of interruptions and perceived exces-

sive workload may increase the propensity for error. In terms of system design there
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is not enough information to indicate how to make changes to reduce errors.

Westbrook et al. (2010b) used a more targeted approach where the association

between interruptions and errors was examined only during one particular type of

task: medication administration. This is similar to a single duration measurement

approach (Lopetegui et al., 2014). While this more clearly establishes the temporal

proximity (although not ordering) of interruptions and errors, it ignores much of the

work process that could also have contributed to the occurrence of both.

With the benefit of having a continuous record of the work process it is possi-

ble to explicitly examine temporal ordering of interruption (or multitasking) and

error. This may be done by including covariates that capture information about

interruptions or multitasking that precede each error. An example of this might

be the interruption rate in a local time window preceding each error, or the time

since last interruption. Alternatively, past or future values of a covariate may be

included to examine associations at different lead or lag intervals. The effect of an

interruption on reaction time has been shown to persist for a period after the inter-

ruption (Altmann and Trafton, 2007) and this is an obvious scenario in which lagged

relationships could be modelled. Schildcrout and Heagarty (2005) discuss this for

binary outcomes, and there is much literature on the related approach of distributed

lag modelling (Almon, 1965). Since these models can also establish strength of as-

sociation and adjust for other possible explanatory variables, they are a means by

which a causal description can be established.

5.2 Bridging the gap between experimental psychology and observational

studies

Observational studies in uncontrolled settings cannot isolate cognitive phenomena

related to interruption or multitasking in the same way a controlled experiment can.

One of the few studies to attempt to do so used eye tracking technology to directly

measure resumption lag following interruptions (Grundgeiger et al., 2010), some-

thing only previously measured in experiments. However, in this section we broadly

outline a set of modelling techniques by which inference about underlying psycho-

logical constructs (latent variables) may be drawn from directly observed behaviour.

To illustrate via the case study, abandoning an interrupted task may be a failure

of prospective memory and the researchers hypothesize that this is due to excess

cognitive resources being consumed by the interrupting task. Hence whether the

interrupted task is abandoned is considered a binary realization of the unobserved,

or latent, level of available cognitive resources at that time. Similarly, a partici-
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pant’s choice between interruption and multitasking when triggered is hypothesized

to represent the same construct, with a choice of interruption indicating less avail-

able resources than if multitasking was chosen. Other observable aspects of the work

process can also be defined as realisations of the same construct to create a range of

observed measures of that construct. The investigators are interested in how work-

load relates to the level of cognitive resources and so collect several workload mea-

sures: individual heart rate variability, department level patient load, and number

of patients concurrently managed by each participant. Within the broad framework

of structural equation modelling it is possible to assess the relationship between

available cognitive resources and workload by modelling the observed realisations of

these latent factors. As a further example of how observed behaviour can be used

to make inference about latent constructs, a study of primary school children used

observations of 20 different behaviours related to memory deficits and 12 validated

tests of working memory to draw conclusions about the relationship between two

underlying constructs: cognitive working memory and behavioural working memory

(Alloway et al., 2009). The estimated correlation between the two factors was re-

ported as 0.52. This broad approach applied to observational data of work processes

may form an important means by which to study relationships among psychological

phenomena related to interruption and multitasking in non-experimental settings.

5.3 Other analysis possibilities

The continuous record of a work process can be conceptualized as a series of states.

For example, conversing may be considered one particular state, documenting could

be another. Figure 2 provides an example illustration of how a sequence of tasks

may be conceptualised as a sequence of states. This opens the way for the use of

Markov models. A relatively simple possibility is then to model the probability of

transitioning to various states given the current state and, optionally, given a certain

number of previous states. Definitions of states can then be defined to be relevant to

interruption and multitasking. For example, the probabilities of transitioning from

conversing to some other task could be compared where the conversation is inter-

rupted versus when it is not, thus capturing the effect of interruptions on workflow.

There are many Markov models that may be relevant to particular hypotheses, and

many relevant applications may be found in the related field of sequential behaviour

analysis (Bakeman and Gottman, 1997). In one of the few examples applied to

interruption and multitasking, Su and Mark (2008) use Markov transition probabil-

ities to examine task switching (i.e. interleaved multitasking) in sequences of tasks
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grouped into communication chains.

 Sequence of tasks 
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Note: The sequence of tasks shows seven tasks categorised according to three task types: A, 
B and C. Two of the tasks (4 and 7) are interrupting tasks. The sequence of states uses 
combinations of task type and interrupting or multitasking status to define distinct states. A 
type A task that interrupts (Ai) is distinguished from a type A task that is not interrupting. A 
multitask between a type A and type B task is distinguished from a type A task alone or a 
type B task alone. 
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Figure 2. A sequence of three different task types (A, B or C) involving interruption

and multitasking with an example of how the process can be conceptualised as a

sequence of states.

A final analysis consideration related to the impact of particular events on task

length is the phenomenon of length bias. If events such as interruptions occur at

random points in time, the likelihood of a task being interrupted is proportional to

its duration. Thus it is not valid to compare lengths of interrupted and uninterrupted

tasks to assess whether interruptions have an effect on task length. Instead, it is

necessary to estimate the length bias adjusted expected task length for a given

number of interruptions, assuming there is no interruption effect, and compare this

to the observed lengths. A significant difference between observed and expected

values provides evidence for an interruption effect. One type of interruption effect is



Studying interruptions and multitasking in situ 39

to lengthen the time taken to complete a task through resumption lag. This has been

studied through direct timing of resumption lag in experimental studies (Altmann

and Trafton, 2004) and has been assessed in an occupational setting (Grundgeiger

et al., 2010); however, analytic methods to assess an interruption effect can also

incorporate other types of effects such as task shortening. A method to do this

was proposed by Brown and Dunsmuir (2010) as part of Westbrook et al.’s (2010a)

study of emergency department doctors, although there is considerable scope for

extension.

6. Discussion

We have outlined the considerable scope for quantitative observational studies to

contribute important evidence about interruption and multitasking specific to oc-

cupational settings through the use of workflow time studies and increased analytic

rigour and innovation. Arguably, the main motivation for studying interruption

and multitasking in such settings is to improve performance by reducing error and

inefficiency. The role of quantitative observational studies is manifold in this re-

spect. They can be used to gain an understanding of the way interruption and

multitasking function in a particular setting and to then inform the nature of im-

provements to practice. Many of the observational healthcare studies of interruption

and multitasking fall into this category and such studies are necessary when little

is known about a complex setting. This is analogous to the exploratory approach

described in section 3.3. Observational studies can also be used to test particular

hypotheses generated by previous research and related to a proposed set of changes.

Further, observational studies can be applied to assess implemented changes or in-

terventions in situ, that is, quasi-experimental observational studies [e.g. (Weigl

et al., 2014)]. The latter two applications are more akin to the hypothesis driven

approach previously described. While the risk of unintended negative effects of a

poorly informed wide-spread intervention is potentially disastrous in safety critical

settings, elsewhere it may be more possible to intervene in work practice at a small

scale and see what happens. For example Mark et al. (2012) cut off email to a

group of scientific researchers and assessed the impact on their use of interleaved

multitasking. Regardless of the way observational studies are applied, the points

outlined in this paper apply equally.

Where experiments can isolate specific aspects of interruption and multitasking,

observational studies situated in occupational contexts can take a broader perspec-

tive. Interruptions may be a contributing factor to some negative outcomes, yet
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in terms of system design it may be more useful to identify what drives interrup-

tions in the first place. If interruptions are symptomatic of high workload then a

focus on managing workload may be more beneficial than focusing on interruptions

alone. Improvement to a complex system may also require broadening from ob-

servations of individuals to observing the whole system, as discussed by Harr and

Kaptelinin (2007). An environment characterized by interruptive communication

may seem suboptimal for the individual, but could be the most efficient means of

timely information transfer to ensure successful operation of the team. Conversely,

reducing the level of interruptions at an individual level may not result in system

wide improvement.

We have outlined many analysis techniques including models that provide insight

about unobserved variables and causal relationships. However, there is a limit to

what can be learned from quantitative studies of the type we have discussed. Ob-

servers can only capture a certain amount of quantitative information; hence there

is a role for qualitative studies in capturing more nuanced details of interactions,

as exemplified in the qualitative studies described in the introduction (Colligan and

Bass, 2012; Nugus and Braithwaite, 2010). A further limitation of workflow time

studies is that they can be resource intensive, with previous such studies often requir-

ing several hundred hours of observation to capture sufficient errors and covariate

information (Westbrook et al., 2010a; Westbrook et al., 2010b). This needs to be

weighed against the proposed benefit of well-informed changes and the cost of poorly

informed changes.

The real strength of well conducted observational research is that it can be

situated in working contexts. This has the potential to provide knowledge of genuine

use for improving practice, particularly in settings where the negative effects of

interruption and multitasking could be costly. The many possibilities outlined in

this paper underscore the untapped potential of this type of research in the study

of interruption and multitasking as well as work processes in general.
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Chapter 3

Defining clinical work

3.1 Chapter background

The quantitative analysis of observations of a continuous human process, such as

clinical work, requires a conceptual framework by which observed action can be

translated into quantitative data. Imposing some kind of conceptual structure will

always be a simplification of what is actually observed, but the simplifying model

can be devised in a way to enable analyses that generate insights of practical use.

As discussed in the previous chapter, the main issues with the terminology and

definitions used by many authors in the field are a lack of precision in definitions, a

lack of consistency in the way certain terms are used between different studies, and

an overly narrow focus on only defining isolated aspects of the work process such as

’interruptions’.

This chapter is included to make clear the system of concepts, terms and def-

initions used in this thesis to address the issues listed above. This system is used

in each of the papers in subsequent chapters, but a full description is included in

this chapter as there was insufficient scope in any single paper to describe the whole

schema. These terms and their definitions do not purport to be universal, but rather

were developed to facilitate the analysis of observed clinical practice in a way that is

relevant to the clinical context, that can be consistently operationalised and that al-

lows alignment with existing definitions as much as possible. This chapter addresses

the second thesis objective.

47
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3.2 States and transitions

In chapter 2 (section 5.3) an outline was given on how the work process of an

individual clinician can be conceptualised as a sequence of states. This idea forms the

basis of the concept of clinical work used in this thesis and from which definitions are

derived and subsequently applied. It also allows existing definitions to be described

via a set of common terms. A figure similar to Figure 2 in the previous chapter is also

included here (see Figure 1 below), although it has been modified to illustrate the

conceptual schema described below. While not all possible transitions are studied

in this thesis, we define all those that plausibly occur in clinical work for both

completeness and also to support future study.

The concept of states underpins a range of statistical techniques, Markov models

being one of the better known examples. Essentially a process that evolves over

time can be assigned to a particular category at certain period of that process. As a

simple example, at any one time a person’s health status can be considered healthy,

diseased or dead. This basic idea is applied to the clinical work process such that

a clinician’s activity at a given time can be assigned to a category from a set of

possible categories. The clinician may remain in that state for a certain period of

time, then when the nature of activity changes the current state is deemed to end

and a new one begun. This is diagrammatically represented in the ‘sequence of

states’ section of the figure below.

In many observational studies of clinical work, clinicians’ tasks are categorised

by the type of clinical activity, for example, direct care, documentation, professional

communication, and so on. This is represented in the figure by generic categories

A, B and C. States can also be defined by other aspects of work such as whether

there is any concurrent multitasking. For task 5 in the example shown in the figure,

the addition of task 6 in parallel results in a change of state at transition T8 and

the new state is defined by both task category and multitasking status. In the

similar figure in the previous chapter, a task from category A immediately following

an interruption (labelled A∗) was considered a different state than other category A

tasks. This illustrates that the specific definitions of states depend on the study, but

in general in this way the continuous timeline of a single clinician’s work is divided

up into adjoining non-overlapping intervals, each assigned to a particular state and

having start and end points in time.

Transitions describe the reasons for changing from one state to the next, and

this section provides a glossary of transitions covering the majority of those that

occur when observing the work process of an individual clinician. A key concept for
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describing transitions is the prompt. In general terms this is considered any occur-

rence that has the potential to initiate a change in state prior to task completion. It

has precedent in Trafton et al.’s (2003) ‘alert for the secondary task’ (see Figure 1 in

the previous chapter), however, it is tailored to be more applicable to work process

observed in non-experimental settings. Prompts can be externally generated where

some event not initiated by the clinician urges some kind of response, such as being

asked a question or receiving a phone call. Alternatively, prompts can be internally

generated where a potential motivator to change the course of the work process

comes from within the clinician, such as remembering an urgent pending task or if

there is a change in the clinician’s prioritised mental list of tasks. Three types of

transition are defined as follows:

1. Sequential task completion is used to refer to the change between tasks when

they are performed one at a time, such that a new task is started only when the pre-

ceding one is complete. This is what Bluedorn et al. (1992) describe as monchronic-

ity. It also represents one extreme of the multitasking continuum as proposed by

Salvucci et al. (2009). At this end of the continuum there is no switching, while

at the other end switching at the cognitive level occurs at the scale of fractions of

a second giving the appearance of parallel task performance. In the figure below,

transitions T1 and T2 are examples of sequential task completion.

2. The term task-switching describes suspending a task prior to its completion

then switching to some other task or sequence of tasks. Switching prior to task

completion is the feature that distinguishes this type of transition from sequential

task completion. We consider two reasons for a clinician to task-switch. The first is

due to an external prompt and is referred to as an externally prompted task-switch.

This is shown in the figure at transition T3 where an external prompt arrives during

task 3 (the primary task) and in response the clinician suspends task 3 and switches

to task 4 (the secondary task). Many definitions of interruptions in the healthcare

literature are based around this idea. Some authors use the term interruption to

describe the prompt (Chisholm et al., 2001; Czerwinski et al., 2004; Mache et al.,

2012), some apply it to the task following the prompt (Li et al., 2012), while others

use it to describe the sequence: primary task, prompt, task-switch, completion of

secondary task, resumption of primary task (Boehm-Davis and Remington, 2009;

Weigl et al., 2011). This sequence derives from Trafton et al.’s (2003) definition (see

figure 1 in chapter 2), but it is important to note that prompts may be followed

by transitions other than task-switching (see for example transition T8), and tasks

suspended by task-switching are not always resumed immediately upon completion
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of the secondary task.

In contrast, we distinguish internally prompted task-switching. This term de-

scribes a single transition of a particular type, however, in the psychological liter-

ature, a sequence of internally prompted task-switches between two or more tasks

being managed concurrently but not necessarily overlapping is sometimes called in-

terleaved multitasking (Adler and Benbunan-Fich, 2012) or sequential multitasking

(Savucci et al., 2009). In the figure, transitions T4, T5 and T7 represent internally

prompted task-switches since tasks in progress at the time of each switch are incom-

plete, yet there is no external prompt.

Transitions T6 and T12 represent a particular type of task-switch and, consistent

with Trafton et al.’s (2003) terminology, this is referred to as resumption. Specifi-

cally, this is defined as resuming a suspended task after completion of some inter-

vening sequence of action that followed the initial task-switch.

3. The final class of transitions is based around concurrent multitasking, that

is, the performance of two of more tasks simultaneously. This corresponds to one

extreme of the multitasking continuum where mental switching between tasks is so

frequent as to give the outward impression of dual task performance (Salvucci et

al., 2009). Two transitions related to multitasking are defined: 1) increasing the

number of tasks occurring in parallel, called a multitasking increase (transitions T8

and T10), and 2) decreasing the number of such tasks (T9 and T11), a multitasking

decrease. In practice clinicians largely transition between working on either one or

two tasks, however, this definition allows for transitions involving more than two

tasks, which can occur on occasion depending on how task categories are defined.

Both types of transition can be externally or internally prompted.

3.3 Definitions used in this thesis: The prompt-

response process

Much of the interruptions research in healthcare has essentially focused on exter-

nal prompts and externally prompted task-switching in clinical practice. In this

thesis external prompts are also examined, however, two key extensions to their

conceptualisation as part of clinical work are applied. First, it is important to note

that task-switching is not the only transition possible following an external prompt.

For example, the second prompt in the figure above is followed by a multitasking

increase. Several authors have discussed a number of strategies that can be used

by clinicians in response to external prompts (Colligan and Bass, 2012; Collins et
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Figure 1. Illustration of the work process as a sequence of states and transitions.

al., 2007; Grundgeiger et al., 2010; Liu et al., 2009). Obviously task-switching is

frequent in clinical work and has received much research attention, but a multitask-

ing increase can also be initiated by such prompts. In the analyses in chapters 4

and 5 this is referred to as a multitasking strategy as the concepts of multitasking

increase and decrease are superfluous to the scope of each individual article. Other

strategies include acknowledgement, where certain prompts only require a simple

nod or a one-word answer, deferral where requested action is deferred until a later

time, and deflection which involves blocking, repelling or ignoring the prompt. In

terms of transitions, these latter three strategies may involve switching or multitask-

ing briefly to complete the acknowledgement, deferral or deflection, but it is more

clinically relevant to distinguish them beyond states and transitions.

The second conceptual extension is to clearly distinguish the external prompt

from the clinician’s response to it. The conflation of these two ideas under the

term ’interruption’ in many studies is one of the main reasons for the ambiguity of

that term. External prompts describe the actions of other actors (e.g. people, but

also phones, alerts, etc.) directed towards the clinician. In contrast, the strategies
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described above represent the actions of the clinician. Thus the prompt-response

process defines the interaction between clinicians and other actors. Treating prompts

and clinicians’ responses as separate but parallel streams of action is also fundamen-

tal to the statistical developments in chapter 6.

The analysis in the following chapter is the first application of the concept of

the prompt response process. As this was early in the conceptual development,

the term trigger was used to distinguish a subset of prompts that resulted in a

change in the clinician’s workflow, as opposed to prompts that we ignored. This

was developed specifically for the data since there was no information on prompts,

nor was it possible to separate internally and externally prompted multitasking.
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Chapter 4

The prompt-response process: a

retrospective analysis

4.1 Chapter background

This paper represents the first application of the concept of the prompt-response pro-

cess described in chapter 3 and was published in BMJ Quality and Safety. Existing

datasets from three previous studies were used and their consistent observational

methodology allowed comparison of effects, something rarely possible due to the

general heterogeneity in definitions and methods in this field. Among authors who

had previously discussed the concept of response strategies, none had quantitatively

observed this in practice. Hence this article is an important first stage in applying

an innovative and context-appropriate concept of the clinical work process. The

paper was also fundamental in informing the design of the subsequent study of ED

doctors in chapter 5.

Due to the lack of prior evidence on the prompt-response process, the analy-

sis took an exploratory, rather than hypothesis testing, approach. Model building

was used to select covariates significantly associated with clinicians’ choice of task-

switching versus multitasking, as opposed to including predetermined covariates in

the models to test particular hypotheses. Variables were considered at several levels

of the work system. Most of these were task-related variables such as type and

duration of tasks, but others related to clinician characteristics, temporal factors

and departmental workload. The supplementary (web only) table is included in this

chapter following the main article.

To minimise the potential for bias due to the observational nature of the data,

that is, to maximise internal validity, variation between (and correlation within) in-
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dividuals was incorporated into the models through a random intercepts approach.

The modelling also attempted to assess the influence of previous responses, i.e. au-

tocorrelation, by including lag terms of the outcome variable as covariates. However,

each lag term reduced the useable data in the model since the first row in each ses-

sion (out of more than 900 sessions) had no prior value, resulting in a missing lag

value. These aspects of the modelling approach align with points made in the paper

in chapter 2 (section 3.4). As outlined in the introduction, these existing techniques

are barely used in the study of clinical work and this analysis represents the novel

application of those methods in this field.

This paper addresses the third thesis objective by implementing modelling tech-

niques in a way not previously done in the study of clinical work. It also addresses

the fourth objective by applying the prompt-response concept to existing data by

providing new insights into factors at multiple levels of the work system that influ-

ence the interruptive aspects of clinical practice.

4.2 Managing competing demands through task-

switching and multitasking: a multi-setting

observational study of 200 clinicians over 1000

hours

The published PDF is included here under BMJ group’s author permissions policy.

The original article can be found at the publisher’s website:

http://qualitysafety.bmj.com/content/23/3/231
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ABSTRACT
Objective To provide a detailed characterisation
of clinicians’ work management strategies.
Design 1002.3 h of observational data were
derived from three previous studies conducted in
a teaching hospital in Sydney, Australia, among
emergency department (ED) doctors (n=40),
ward doctors (n=57) and ward nurses (n=104).
The rates of task-switching (pausing a task to
handle an incoming task) and multitasking
(adding a task in parallel to an existing task)
were compared in each group. Random
intercepts logistic regression was used to
determine factors significantly associated with
clinicians’ use of task-switching over multitasking
and to quantify variation between individual
clinicians.
Results Task-switching rates were higher among
ED doctors (6.0 per hour) than ward staff
(2.2 and 1.8 per hour for doctors and nurses,
respectively) and vice versa for multitasking rates
(9.2 vs 17.3 and 14.1 per hour). Clinicians’
strategy use was significantly related to the
nature and complexity of work and to the person
they were working with. In some settings, time
of day, day of the week or previous chosen
strategy affected a clinician’s strategy.
Independent of these factors, there was
significant variation between individual clinicians
in their use of strategies in a given situation
(ED doctors p=0.04, ward staff p=0.03).
Conclusions Despite differences in factors
associated with work management strategy use
among ED doctors, ward doctors and ward
nurses, clinicians in all settings appeared to
prioritise certain types of tasks over others.
Documentation was generally given low priority
in all groups, while the arrival of direct care tasks
tended to be treated with high priority. These
findings suggest that considerations of safety

may be implicit in task-switching and
multitasking decisions. Although these strategies
have been cast in a negative light, future
research should consider their role in optimising
competing quality and efficiency demands.

INTRODUCTION
The hospital work environment is complex
with many competing demands on
doctors’ and nurses’ time and cognitive
capacity. Clinicians use various strategies to
handle workload demands,1 two of which
we examine in detail: task-switching and
multitasking. Both may be used in response
to a stimulus, for example, being asked a
question. A clinician can respond by
pausing the current task to answer the
question or continuing the task while con-
currently answering the question, that is,
he or she can multitask.
Task-switching is a strategy to deal with

what is variously defined as an interrup-
tion. Interruptions are known to be an
implicit part of clinical work.2–7 Evidence
of their cognitive burden has been docu-
mented in experimental psychology8–10

and aviation,11 where associations between
interruptions and increased error,9

stress9 11 and task completion time8–10

have been reported. Such outcomes in the
clinical setting could have severe repercus-
sions, and among studies examining inter-
ruptions to clinical work there are several
reporting negative effects.12–14

Despite this evidence, the relationship
between interruption and error in hospitals
appears complex. Not all studies of this
relationship found an association,15 and
several review papers discuss the overly
simple assumption of a straightforward
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cause and effect pathway.16 17 Interruptions can have a
positive effect on patient safety and on efficiency.16–18

Also, some studies suggest that clinicians use strategies
like task-switching to deal with competing workload
demands.1 19 Indeed, there are many factors in the clin-
ical environment that cause a broad spectrum of work-
flow discontinuities, from a simple question to a
medical emergency, and the way in which clinicians
manage these is not well understood. While multitask-
ing has also been implicated as a source of cognitive
load and a cause of error in other professions,20 21 it
too is central to clinical workload management, yet few
studies have examined the role and impact of this strat-
egy in detail4 22 whether negative23 or otherwise.
Thus, it is important to understand the role of

task-switching and multitasking in workload manage-
ment and what drives these work patterns. We aimed
to provide a detailed characterisation of clinicians’
work practices by addressing three main objectives:
(1) to describe rates of task-switching and multitask-
ing, (2) to identify factors that are associated with
clinicians using one strategy over the other and (3) to
examine to what extent strategy is determined by
external as opposed to individual factors.

METHODS
Data sources
Data were derived from three studies conducted in a
400 bed metropolitan public teaching hospital in
Sydney, Australia. The first dataset relates to observa-
tions of clinicians’ work within the emergency depart-
ment (ED) which had an average of 75 presentations
per day. Participants comprised seven interns, 22 resi-
dents, six registrars and five physicians.24 The other
two datasets relate to doctors6 and nurses25 on four
general medical and surgical wards (table 1). Of the
ward doctors, 19 were interns, 20 residents and 18
registrars. Nurses comprised 19 registered nurse (RN)
new graduates, 21 enrolled nurses, 13 year 2–4 RNs,
28 level 5+ RNs and 23 clinical nurse consultants
and specialists. Both ward-based studies combine data
from two periods of observation. Observation sessions
occurred on weekdays between 07:00 and 19:00 h.

Data collection
Observations were carried out using the Work
Observation Method By Activity Timing

(WOMBAT).26–28 This is a modified time and motion
approach that collects information about work tasks,
including task-switching and multitasking. The
method involves observers shadowing participants
while they are carrying out their normal work activ-
ities for 1–2 h at a time and recording every task per-
formed in that time via a handheld computer.
Information about multiple dimensions of work tasks
is collected including, what task, with whom and
using what information tools (eg, use of a phone,
computer). All tasks are automatically time-stamped
on data entry. If two or more tasks are observed to
occur simultaneously they are recorded as multitask-
ing, while if a task causes the premature cessation of
another, this is recorded as task-switching. Figure 1
shows an exemplar screenshot of the WOMBAT data
collection tool. Human research ethics approval was
obtained from the study hospital and the University of
New South Wales for all studies.

Operational definition of terms
The array of scenarios that sufficiently burden a clini-
cian’s cognition as to cause a change in work have
been conceptualised in a number of ways.29 30 Given
that the term interruption has been muddied by
inconsistent use in the literature,31 we define an
internally consistent set of terms which, as far as pos-
sible, are taken from the literature, but without use of
the term interruption. A primary task1 17 32–34 may
be subject to some form of trigger that elicits a change
in the work process; for example, while documenting,
a phone rings. A clinician may respond to the trigger
by replacing the primary task with a new, or second-
ary,1 17 34 task (task-switching35); in our example,
pausing documentation to answer the phone.
Alternatively, a clinician may add a secondary task to
the primary task (multitasking); for example, continu-
ing to document while answering the phone. If the
clinician ignores an attention-demanding prompt then
the prompt is not considered a trigger as it does not
result in workflow change. If action in response to a
trigger is deferred via some short communication, this
is still considered task-switching in itself. A trigger
may be an externally or internally generated stimulus,
but only internal triggers that result in multitasking
have been recorded; for example, initiating a conver-
sation while documenting. While in theory it may be

Table 1 Summary of data sources

Setting Round Date
Hours
observed

Number of
clinicians

Number of
tasks

Number of
wards

Number of
observers

ED – July 2006–January 2007 210.8 40 8370 1 1

Ward doctors 1 July 2006–December 2006 150.9 19 9150 4 5
2 March 2009–July 2009 205.4 38 8633 4 5

Ward nurses 1 July 2005–March 2006 251.1 52 14 318 4 8
2 August 2008–December 2008 184.1 52 14 491 4 8

ED, emergency department.
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possible to determine if a task-switch is due to an
internal trigger, this is not captured in our data.

Statistical methods
Comparison of task-switching and multitasking rates
In order to address the first aim, rates of
task-switching and multitasking per hour were com-
pared. Rates with 95% CIs were calculated by

primary task type using separate Poisson regression
models for each group.36 These modelled the rate of
triggering events per unit time with trigger type
(task-switch or multitask), task type and the inter-
action between the two as the covariates, and with
time on task as the offset. If during a direct care task,
for example, a clinician switched to a medication task,
then the time spent on the direct care task was

Figure 1 Work Observation Method By Activity Timing (WOMBAT) data collection tool.

Original research
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considered the exposure time for that trigger event
and so contributed to the denominator of the direct
care task-switching rate. Similarly, if an instance of
multitasking was initiated during a direct care task,
the duration of direct care contributed to the denom-
inator of the direct care multitasking rate. Contrast
statements were used to test the difference between
task-switching rates and multitasking rates for each
task type. The reporting of rates of task-switching and
multitasking per unit time is common in the literature,
but may not account for variation in the pace of
work. Rates per task may be a reasonable alternative;
however, defining the denominator for multitasking
rates is non-trivial and rates of this form have not
been included in this analysis.

Factors associated with clinicians’ use of strategy
In line with the second aim, we used logistic regres-
sion to determine factors associated with clinicians’
employment of task-switching (coded as 1) over mul-
titasking (coded as 0) when triggered. The analysis
used all instances of task-switching or multitasking,
and included information on both the primary and
secondary tasks associated with each trigger event.
Random intercepts logistic regression was chosen to
allow for correlation between outcomes within clini-
cians and wards, and to estimate clinician-specific
rather than population-averaged effects. Potential cov-
ariates were: type and duration of primary task, tool
involved in primary task (eg, computer), the type and
duration of secondary task, tool and person involved
in secondary task (eg, patient). Temporal factors
included time of day, weekday and previous strategy
used. Clinician seniority, years of experience and age
were also potential predictors. The ED model consid-
ered the number of daily patient presentations as a
proxy for clinical workload. A previous study of the
ED data identified a temporal observer effect asso-
ciated with the sole observer.37 The two ward-based
studies each had several observers. Hence, an observer
effect was considered as a potential covariate in each
model.
A model for each group was built by purposeful

selection38 with a significance level to retain covari-
ates of 0.05. All models allowed for correlation within
clinicians and the models for ward doctors and nurses
also allowed for correlation within wards. Certain
tasks may not be able to occur concurrently; however,
the aggregation of tasks into task types (eg, direct
care) means that all multitasking combinations
between task types are able to occur. The definitions
of each task type are given in online supplementary
etable 1. These work task categories were developed
through extensive piloting and consultation with clini-
cians26 39 and have been shown to be valid in other
settings.28 Due to the challenge of interpreting inter-
action terms in a clinically useful way in this context,
only first order terms were considered in the models.

Strategy determined by individual or external factors
The random intercepts models allow for variation
between individuals due to unmeasured factors by
allowing a different intercept value for each subject
and we used this to assess the third aim of the study.
The extent of this inter-clinician variation in strategy
use is indicated by the variance between individual
intercepts, after taking into account other factors in
the model. This was done via a Wald test on the esti-
mated intercept variance and its standard error.
Significant intercept variance is evidence that there
were other factors specific to individuals that influ-
enced the use of strategy.

RESULTS
Among 8370 tasks observed in the ED, there were
1269 task-switches and 1942 instances of multitask-
ing. For ward doctors, there were 795 task switches
among 17 783 tasks in total, along with 6168 multi-
tasking instances, and for ward nurses there were
28 809 tasks in total during which there were 800
task-switches and 4482 instances of multitasking
(table 2).

Comparison of task-switching and multitasking rates
Overall, task-switching rates per hour were higher in
the ED (6.0, 95% CI 5.7 to 6.4) than for doctors and
nurses on wards (2.2, 95% CI 2.1 to 2.4 and 1.8, 95%
CI 1.7 to 2.0). In contrast, multitasking rates per hour
were lower in the ED (9.2, 95% CI 8.8 to 9.6 vs 17.3,
95% CI 16.9 to 17.8 and 14.1, 95% CI 13.8 to 14.5)
(table 2). Rates for each task type also differed signifi-
cantly for task-switching and multitasking rates within
each group with the exception of ED rates of adminis-
trative tasks, answering a pager and supervision.

Factors associated with clinicians’ use of strategy
The logistic regression models used to address the
second aim identified several variables common to all
work groups that were significantly associated with
use of task-switching over a multitasking strategy.
These were: the type of both primary and secondary
tasks, the duration of the secondary task and whether
a patient or a phone was involved in the secondary
task (table 3). An observer effect of some kind was
present in all models. In the ED model, the three time
periods for the sole observer were significantly differ-
ent, while in the other two models there were signifi-
cant differences between observers. ORs refer to
estimated fixed effects. Higher odds of task-switching
(OR>1) is equivalent to lower odds of multitasking
and vice versa.

Primary tasks
Clinicians in all work groups were most likely to
switch tasks when triggered if the primary task
involved documentation (table 3). Nurses were more
likely to stop what they were doing during social
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activities compared with other tasks, but the opposite
was true for both ED and ward doctors. The duration
of primary task was only significant in the ward
doctors’ model where the odds of task-switching
when triggered increased the longer a clinician spent
on the primary task (OR 1.25, 95% CI 1.16 to 1.34)
after adjusting for the effect of task type. ED clinicians
were more likely to multitask if triggered while on the
phone (OR 0.55, 95% CI 0.32 to 0.97).

Secondary tasks
Doctors in the ED and on wards most frequently sus-
pended their primary task to perform direct care or
answer a page when triggered, and nurses were most
likely to switch tasks to perform direct care or for
professional communication. For all groups, docu-
mentation and medication secondary tasks were more
likely to be multitasked than most other task types.
Longer duration of secondary tasks was significantly
associated with increased likelihood of task-switching,
and this effect was greater among nurses than both
doctor groups (nurses OR 1.66, 95% CI 1.52 to 1.81;
ED doctors OR 1.20, 95% CI 1.10 to 1.30; ward
doctors OR 1.20, 95% CI 1.11 to 1.30).

People involved in the secondary task, in addition
to the observed clinician, had a significant effect on a
clinician’s strategy. Clinicians in all groups were less
likely to task-switch when triggered if a patient was
involved in the secondary task (ORs between 0.21
and 0.47). ED doctors were more likely to switch
tasks when triggered if a nurse or doctor was involved
in the secondary task (OR 1.37, 95% CI 1.04 to
1.81; OR 1.54, 95% CI 1.19 to 1.99). Among ward
doctors, a secondary task involving another doctor
meant a reduced likelihood of stopping their primary
task (OR 0.58, 95% CI 0.46 to 0.71). Similarly
among nurses, secondary tasks with another nurse
were associated with reduced odds of task-switching
(OR 0.54, 95% CI 0.44 to 0.66).

Temporal factors
Among ED clinicians and ward nurses, strategy type
was strongly associated with the strategy used for the
previous trigger. Specifically, a clinician was more
likely to switch tasks if the previous strategy was also
a task-switch (ED OR 1.92, 95% CI 1.60 to 2.31;
nurses OR 1.81, 95% CI 1.47 to 2.22). Time of day
was a significant factor for ward doctors where the

Table 2 Rates of task-switching and multitasking per hour by work group and primary task type

Work group Task type
All tasks

Task-switches Multitasks

N N Rate 95% CI N Rate 95% CI

ED doctors Direct care 992 204 3.4* 3.0 to 3.9 419 7.0 6.3 to 7.7
Administrative 102 20 4.2 2.3 to 7.6 11 2.3 1.2 to 4.6
Answering pager 20 2 8.2 1.8 to 38.0 3 12.3 3.6 to 42.2
Combined medication tasks 447 56 5.3* 3.5 to 8.2 81 7.7 5.5 to 10.8
Documentation 651 409 12.1* 8.9 to 16.5 314 9.3 7.3 to 11.9
In transit 549 41 6.2* 3.8 to 9.9 64 9.6 6.7 to 13.7
Indirect care 1928 397 7.2* 5.3 to 9.8 673 12.2 9.8 to 15.1
Professional communication 3100 122 2.4* 1.7 to 3.4 335 6.6 5.2 to 8.4
Social activities 528 10 0.8 0.4 to 1.8 31 2.6 1.6 to 4.1
Supervisor/education 53 8 2.3* 1.0 to 5.3 11 3.1 1.6 to 6.2
All tasks 8370 1269 6.0* 5.7 to 6.4 1942 9.2 8.8 to 9.6

Ward doctors Direct care 1459 82 1.2* 1.0 to 1.5 1035 14.9 14.0 to 15.8
Administrative tasks 70 1 0.3* <0.1 to 2.2 14 3.5 1.9 to 6.3
Answering pager 256 8 2.4* 0.9 to 6.1 75 22.3 16.6 to 30.0
Combined medication tasks 1996 46 1.7* 1.0 to 3.0 369 13.7 11.5 to 16.4
Documentation 1746 164 3.0* 1.9 to 4.9 659 12.2 10.4 to 14.3
In transit 2579 90 3.1* 1.9 to 5.2 460 15.9 13.4 to 18.9
Indirect care 3356 247 3.1* 1.9 to 4.9 1709 21.1 18.4 to 24.2
Professional communication 5747 114 0.9* 0.5 to 1.5 1616 12.8 11.1 to 14.7
Social activities 416 12 0.3* 0.1 to 0.6 70 1.6 1.2 to 2.2
Supervisor/education 158 31 1.1* 0.6 to 2.0 161 5.6 4.5 to 7.0
All tasks 17 783 795 2.2* 2.1 to 2.4 6168 17.3 16.9 to 17.8

Ward nurses Direct care 4503 103 1.0* 0.8 to 1.2 801 7.4 6.9 to 8.0
Ward related activities 412 18 1.3* 0.6 to 2.6 105 7.5 5.7 to 9.9
Combined medication tasks 6462 244 3.1* 2.0 to 4.7 1097 13.9 11.8 to 16.3
Documentation 1174 150 4.9* 3.1 to 7.6 356 11.6 9.5 to 14.0
In transit 4006 54 1.8* 1.1 to 3.1 304 10.4 8.5 to 12.7
Indirect care 4404 152 2.6* 1.6 to 4.0 826 14.0 11.8 to 16.5
Professional communication 6796 55 0.6* 0.4 to 1.0 615 6.7 5.6 to 8.0
Social 360 6 0.1* 0.0 to 0.3 16 0.3 0.2 to 0.5
Supervision 485 16 1.1* 0.5 to 2.2 349 23.1 19.0 to 28.1
Other 207 2 0.6* 0.1 to 3.0 19 5.7 3.4 to 9.6
All tasks 28 809 800 1.8* 1.7 to 2.0 4482 14.1 13.8 to 14.5

*Significantly different to multitasking rates for the same task type at the 0.05 level.
ED, emergency department.
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likelihood of task-switching was much lower at the
end of the day (after 17:00) compared with all other
times. Strategy use also varied by day of the week for
nurses with task-switching more likely on Monday or
Friday and less likely on Tuesday or Thursday.
Seniority, age and clinician experience were not sig-
nificant in any model.

Strategy determined by individual or external factors
For individual clinicians, the crude proportion of sec-
ondary tasks that were switched to ranged from less
than 5% to over 80%. In each of the three models,
after accounting for much of this variation through
the model covariates, there was still significant vari-
ation between individuals according to the intercept
variance assessed in relation to the third study aim
(Wald test of intercept variance: p=0.04 for ED
doctors and p=0.03 for ward staff ). Inter-ward
variation was zero for doctors and insignificant for
nurses (p=0.58), indicating no evidence of difference
in strategy use between wards within individual
studies.

DISCUSSION
This study of over 1000 observation hours demon-
strates that many factors affect clinicians’ workload
management strategies. ED doctors switched tasks fre-
quently in contrast to a predominance of multitasking
among doctors and nurses on wards. This high
task-switching rate among ED doctors is consistent
with other studies.4 6 40 41 Increased task-switching
frequency has been associated with work intensity42 43

and with error in the clinical setting.12 14 This sug-
gests the elevated task-switching rate in EDs may be
due to periods of higher work intensity which may
increase error risk; although, the relationship among
task-switching, work intensity and error risk is cur-
rently not well understood. In contrast, the rates of
multitasking on wards were almost twice that of ED
clinicians, suggesting that multitasking may be more
easily carried out in settings of lower work intensity.
This is consistent with the higher level of critical care
provided in the ED compared with general wards.
The inclusion of internally triggered multitasking may
have increased multitasking rates and may partly
explain why these rates are higher than overall
task-switching rates in each work group.
The type of both primary and secondary task was a

key factor in strategy use. In particular, documenta-
tion tended to be suspended in preference to most
secondary tasks, but if documentation was the second-
ary task this was more likely to be performed in paral-
lel with the primary task. Two studies of nurses’ work
report that the priority of secondary tasks relative to
primary tasks is a determinant of the strategy used,
with relatively higher priority secondary tasks necessi-
tating task-switching.1 19 An ED-based study also
found that high priority triggers, such as calls to the

patient resuscitation room, were more likely to cause
task-switching than other less urgent triggers.44 In
light of this, documentation may be largely treated as
lower priority compared with other task types. Under
this line of reasoning, the fact that the primary task
was more likely to be paused if the secondary task
was direct care suggests direct care was generally
treated as higher priority. These effects were seen in
all work groups, and this may imply a degree of prior-
itising certain tasks over others.
The strong association between strategy use and

task type may also be due to specific task combina-
tions being naturally more suited to task-switching or
multitasking strategies.22 For example, while talking
to a colleague, it is easier to simultaneously perform a
routine manual task, but answering the phone would
require task-switching. Further, particular tasks may
not be able to occur concurrently (such as suturing
two patients at once) and it is not known how the fre-
quency of such mutually exclusive pairings may differ-
entially affect the strategies that clinicians use.
The complexity, frequency and dissimilarity of sec-

ondary tasks can affect performance10 45 and likely
influence which strategy a clinician employs. Although
secondary task duration is unknown at the time a
trigger occurs, it was used as a proxy for cognitive
demand assuming that on average longer tasks are
more demanding. According to multiple resource
theory, secondary tasks consuming only some cogni-
tive processing resources can be multitasked, while
those consuming all resources must be switched
to.17 46 Assuming then that secondary tasks causing
task-switching are on average more demanding, then
the observation that these tasks also tend to be longer
suggests secondary task duration may indeed be a rea-
sonable proxy for cognitive demand. However,
without a direct measure of cognitive demand it is not
possible to determine this with certainty. Although the
number of daily presentations was not a significant
factor in the ED, this measure may be too coarse to
capture fluctuations in cognitive demand from one
task to the next. The duration and complexity of sec-
ondary tasks have been associated with increased
resumption lag, that is, time to reorientate when
switching back to the primary task.15 47 Also, the
longer the primary task is suspended the more likely
that it will not be resumed at the correct place in the
sequence or that it will not be resumed at all.16

In the ED, doctors were less likely to pause a task
for a patient than for another doctor or nurse. This
may reflect the higher priority assigned to interactions
with colleagues, or that such interactions are more
cognitively demanding in the critical care setting.
A similar response to patients was observed in wards,
but there was also a lower likelihood of stopping
work when triggered by a fellow clinician. This may
indicate a different mode of inter-clinician interaction
in non-critical care settings.
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The results identified several temporal factors
related to management of triggers that have not previ-
ously been reported. ED clinicians’ and ward nurses’
strategies were strongly associated with the strategy
used for the previous trigger. This suggests the previ-
ous strategy may somehow influence the current one
or that triggers of a similar cognitive demand arrive in
clusters. Prompted by the significant change in strat-
egy use with time of day among ward doctors, subse-
quent analysis identified that nurses’ task-switching
rates increased throughout the day, while ward
doctors experienced a morning peak in multitasking
rates, but a more constant rate of task-switching.
Task-switching peaked in the ED in the late morning
declining thereafter, while multitasking rates were
steady. The significance of both previous strategy and
time of day implies that sequencing and cumulative
effects represent important factors in cognitive load
and point the way for future investigation.
The significant intercept variance from the random

intercept models suggests that there was individual
variation in strategy use independent of external
factors such as work tasks, people, tools and the hos-
pital setting. This variation in individuals’ strategy use
was also not associated with age, experience or senior-
ity, and is consistent with findings that cognitive char-
acteristics and personality affect individual prospective
memory strategies.48 Addressing the third study aim,
it appears that there are both external factors and
factors related to the individual that determine the use
of strategies. However, the observed inter-clinician
variation cannot necessarily be attributed to differ-
ences in cognitive characteristics and may also be due
to differing case mix or variation in specific tasks per-
formed that are not captured by the relatively broad
task categories. A study of paediatric nurses found
that past experience with errors and the establishment
of rigid routines are important clinician-specific
factors that affect the way individuals manage trig-
gers1 and such factors may also have influenced inter-
clinician differences in this study.
Under the framework that triggers are a potential

cause of error, a number of frequency reduction and
impact minimisation strategies have been suggested.
These include system focused changes like ensuring
information or resources are available when and where
required,2 16 and measures to prevent or minimise trig-
gering during tasks of high working memory.17 For the
latter strategy, tasks with a high propensity to receive
triggers and with high risk of patient harm are obvious
targets;31 for example, the implementation of ‘inter-
ruption free zones’ for preparing medications.49

Clinician-specific strategies that promote resilience to
disruption have been proposed, including the use of
resumption cues to ensure correct resumption of a task
sequence, training staff to time triggers for task bound-
aries,9 50 and training clinicians for dealing with trig-
gers to engender a sense of control and reduce stress.17

However, the use or effectiveness of such strategies is
largely underexplored.51

Major strengths of this study include the large
sample size and inclusion of data from different clin-
ician groups. The fact that data were collected using
the same methodology lends validity to inter-group
comparisons. The significant observer effect was a
limitation that was not anticipated given the high
inter-rater reliability scores in each of the original
studies based on univariate assessments. This indicates
that a multivariate assessment of inter-rater reliability
may be necessary to minimise any observer effects in
future studies. In this study, the observer effects were
mitigated by adjusting for these in the models. All
observations were conducted in the same hospital, so
the results may not necessarily reflect practices in all
hospitals. The inclusion of internally generated trig-
gers for multitasking but not task-switching was also a
limitation. This is discussed above in relation to com-
paring task-switching and multitasking rates, while for
the logistic models some unmeasured bias may exist if
the proportion of multitasks that are internally trig-
gered is dependent on other factors. The data do not
capture all the complexity of the human interactions
under study, but these unmeasured factors were
largely accounted for by the random intercepts model-
ling approach.

CONCLUSIONS
We have conducted a large sample, multi-setting,
observational study of the way clinicians manage their
work. The use of task-switching and multitasking in
response to triggers was associated with many factors
related to the work tasks, the people and tools
involved in those tasks, as well as factors related to
individual clinicians. Despite clear differences in strat-
egy use among ED doctors, ward doctors and ward
nurses, clinicians in all settings appeared to prioritise
certain types of tasks over others. The low priority
given to documentation was consistent in all groups,
as was the high priority given to direct care secondary
tasks. These findings suggest that considerations of
safety and workload may be implicit in task-switching
and multitasking decisions. Although these strategies
have been cast in a negative light, future research
should explore their role in optimising competing
quality and efficiency demands.
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eTable 1. Definitions of task types for doctors and nurses. 
 
Task type Doctors Nurses 

Direct care All tasks directly involved with patient 
care, includes direct communication 
with patient and/or family Indirect care 

Tasks directly involved with patient care, 
e.g. direct communication with patient 
&/or family, bathing, applying dressings, 
nursing procedures etc. 

Indirect care All tasks indirectly related to patient 
care, including searching for scans or x-
rays 

All tasks indirectly related to patient care, 
eg reviewing results, planning care, 
washing hands, reviewing 
documentation, returning equipment 

Medication tasks All tasks associated with medication, 
includes prescribing, finding medication 
order, preparation, administration, 
documentation, discussion and 
clarification 

All tasks associated with medication, 
includes preparation, administration, 
documentation, discussion & clarification 

Documentation Any recording of patient information on 
paper or computer including discharge 
summaries, but excluding medication 
related documentation 

Documentation (paper and electronic), 
excludes medication documentation 

Professional 
communication 

All non-medication-related 
communication with another health 
professional, includes meetings, 
requests for medical consults and 
discussion around planning care 

All non-medication related 
communication with another health 
professional includes ward & patient 
handover. Excludes medication related 
discussion 

Administrative tasks Any administrative activity that is not 
related to direct or indirect individual 
patient care, for example employment 
issues, bed allocations 

N/A 

In transit Time between tasks and between 
patients 

Time between tasks and between 
patients. Excludes movement between 
patients in a shared room and movement 
within a single room 

Social All non-work activity or communication, 
as well as tea and meal breaks 

All non work communication, e.g. 
meal/tea breaks, personal calls 

Supervision/education Supervising others, including 
supervising students as well as 
attending education sessions 

Supervising others, including students 

Pager Whenever the pager alerts, this is 
recorded as an interruption; only 
includes time taken to look at and turn 
off pager 

N/A 

Ward related activities N/A Ward activities, includes coordinating 
beds & staffing 

Other N/A Any other task not included above 
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Chapter 5

The prompt-response process: a

prospective study

5.1 Chapter background

The article in this chapter, published in Applied Ergonomics, builds on the study in

the previous chapter by examining the relationship between prompts and clinicians’

responses to those prompts using data from a study specifically designed around the

concept of the prompt-response process. While the former study was an important

first stage in applying this concept, the studies from which that data were derived did

not record all potential strategies and did not separate prompts and responses. This

motivated the design of a study based on the new work process conceptualisation

using observational techniques consistent with the previous studies. As part of

this, the variables, their categories and their operational definitions were tailored to

capture a more complete record of the prompt-response interaction as well as key

system factors: task-level aspects of the clinical work process, clinician attributes

including psychometric measures, location within the department and measures of

workload. As a result, this study generated a detailed picture of the ways in which

the type and frequency of prompts varies with context. The study presents new

evidence about a range of scenarios that represent significant differences in strategy

use by clinicians dealing with prompts.

In addition to task observations recorded via the WOMBAT system, data on pre-

scribing errors were collected by manual record review, time-specific departmental

workload was derived from the patient tracking database, and individual workload

was determined through the heart rate variability of observed participants. These

multiple sources of data were collected to support a broader program of work. This

69
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paper uses a subset of those sources and is the first publication derived from them.

The study was carried out in the emergency department of a large tertiary hospital

and details of the design are included in the study protocol in appendix A.2.

The original aim for the analysis was to use a similar modelling approach as

in the previous chapter, that is, a random intercepts model including autoregres-

sive terms, but to extend the logistic form to a multinomial form to accommodate

having five rather than two response categories (task-switching, multitasking, ac-

knowledgement, deferral and deflection). Since this was the first study to apply

the prompt-response concept in the design of a quantitative study, there was little

prior information about relative frequencies of strategies and prompt types for the

purpose of sample size calculation. This resulted in fewer than anticipated numbers

in certain categories which limited the analytic possibilities relative to the original

analysis plan. The complexity of a multilevel multinomial model with lag terms

and the small counts in certain categories meant that there were issues with conver-

gence, making the planned approach unfeasible. Hence, a similarly exploratory but

more easily interpreted nonparametric model was used in the paper. The analysis

represents a unique application of nonparametric regression to the study of clinical

work and the model identified a range of scenarios in which the pattern of strategy

use was significantly different.

The article addresses objective two of the thesis by applying the concept of

the prompt-response process to a working context. It addresses objective three

by employing an analytic technique not previously used in the study of clinical

work, and in so doing it addresses aim four by generating new insights about the

way doctors respond to various types of prompts and the way their responses vary

depending on multiple factors.

5.2 Emergency doctors’ strategies to manage com-

peting workload demands in an interruptive

environment: an observational workflow time

study

The article content included in this chapter is permitted under Journal Author

Rights within Elsevier’s copyright agreement. The original article can be found at

the publisher’s website:

http://www.sciencedirect.com/science/article/pii/S000368701630151X
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Abstract

An observational workflow time study was conducted involving doctors in the emer-

gency department (ED) of a large Australian hospital. During 121.7 hours across 58

sessions, we observed interruptive events, conceptualised as prompts, and doctors’

strategies to handle those prompts (task-switching, multitasking, acknowledgement,

deferral and deflection) to assess the role of multiple work system factors influencing

doctors’ work in the ED. Prompt rates varied vastly between work scenarios, being

highest during non-verbal solo tasks. The propensity to use certain strategies also

differed with task type, prompt type and location within the department, although

task-switching was by far the most frequent. Communicative prompts were impor-

tant in patient treatment and workload management. Clinicians appear to adjust

their communication strategies in response to contextual factors in order to deliver

patient care. Risk due to the interruptive nature of ED communication is poten-

tially outweighed by the positive effects of timely information transfer and advice

provision.
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1. Introduction

Hospital emergency departments (EDs) are known to be disruptive environments

where doctors juggle many competing demands, workload is highly variable (Levin,

2006) and interruptive communication is commonplace (Coiera and Tombs, 1998).

Such characteristics in a safety critical setting provide clear motivation to understand

the complexities of clinical work and their implications for both patient safety and

work efficiency. There has been considerable attention on the potential for error in

healthcare settings, including EDs, due to interruptions and multitasking. However,

the role of these aspects of clinical work in augmenting or mitigating error risk is

still not well understood.

Of the extensive literature on interruption and multitasking in clinical work,

two features stand out. First, many studies report highly aggregated and generally

descriptive results. Many work system factors influence clinicians’ work at multiple

levels (Carayon et al., 2014; Werner and Holden, 2015) and assessing particular inter-

relationships while accounting for the many other potentially confounding factors is

demanding for both study design and analysis (Walter et al., 2015). Studies to date

have provided a solid foundation for understanding clinical work, but much of the

complexity of healthcare settings is not captured. Deeper understanding requires

more direct engagement with that complexity through refined conceptualisation of

the work process and by designing studies that capture and examine the many

factors affecting clinicians’ work.

Second, most studies are motivated by the potentially negative effects of phe-

nomena such as interruptions and multitasking. There is certainly evidence from ex-

perimental settings demonstrating negative outcomes (Altmann and Trafton, 2004;

Bailey and Konstan, 2006; Speier et al., 1999), and there is also precedent in the

aviation industry where fundamental changes in practice were implemented to min-

imise error related to interruption and multitasking (Latorella, 1999; Loukopoulos

et al., 2009). However, healthcare settings are vastly different from cockpits or con-

trolled computer-based experiments. Applying assumptions about negative effects

may limit understanding by blinkering the research focus. Arguably it is first neces-

sary to gain a sufficiently granular understanding of the functioning of clinical work

to determine aspects that are effective and resilient and those that represent real

but ameliorable error risk.

A common conceptualisation of an interruption assumes someone working on

a primary task switches to a secondary task when prompted by some external

event, before then resuming the primary task (Trafton et al., 2003). This underlies
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many definitions applied in healthcare studies, but is overly simple for such contexts

(Werner and Holden, 2015; Walter et al., 2015). Interruption is often framed as a sin-

gle entity, but rather it is an interaction between multiple actors where one prompts

a response from the other. The prompt can take many forms (a question, a phone

call, etc.), and the recipient has a range of possible strategies for responding to these

external events. Such strategies include task-switching (analogous to Trafton et al.’s

interruption concept above), multitasking (continuing the primary task while taking

on a secondary task), deferral (delaying the secondary task), deflection (blocking the

secondary task) and acknowledging (Colligan and Bass, 2012; Collins et al., 2007;

Grundgeiger et al., 2010; Liu et al., 2009). Each response strategy can potentially

introduce particular risks and benefits. For example, a task-switching strategy in-

troduces the risk of forgetting to resume the suspended task, but may achieve the

timely resolution of an urgent secondary task. The interaction between sources of

prompts and clinicians’ responses to them is the first step in the chain of events

initiated by each prompt. Examining how clinicians apply different strategies in

response to a broad spectrum of prompts is therefore a natural starting point for

building understanding of the full impacts of such events.

Of the studies that applied some version of the concept of multiple response

strategies, none have quantitatively examined ED doctors’ work in detail. In this

study we aimed to provide a detailed quantitative characterisation of the prompt-

response process, including a multivariate analysis of the role of multiple contextual

work system factors that influence doctors’ work in the ED.

2. Methods

2.1 Setting and participants

This study was conducted in the acute section of an ED in a 440-bed metropolitan

tertiary teaching hospital in Sydney, Australia, between July and October 2014.

The ED operates 24 hours, receiving 140 presentations per day on average. The de-

partment comprises three sections: one for less serious (largely ambulatory, primary

care) cases, a sub-acute section for stays of up to 24 hours for patient monitoring,

and an acute section that deals with both acute and urgent cases. The 15 beds in the

acute section, three of which are resuscitation beds, are situated around the periph-

ery of the space and a central raised section is a staff-only area that forms the base

of operations for doctors. ED doctors working as resident medical officers (RMO),

senior resident medical officers (SRMO), registrars or consultants in the acute sec-
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tion at the time of the study were eligible to participate. RMOs have completed

their medical degree and internship and have one to two years’ clinical experience,

and SRMOs have two to three years’ experience. Registrars have at least three

years’ experience and are engaged in specialist emergency medicine training, while

consultants have completed their specialist training. We refer to these classifications

collectively as seniority. Interns were excluded from the study.

Potential participants were approached directly by researchers, provided with

information about the study and invited to participate. Those that agreed to par-

ticipate provided written informed consent. Of the 41 doctors approached, 36 (88%)

agreed to participate. The study focused on clinical work during the day shift (0800

to 1800). The shift commences with a handover round from the nightshift team. At

1400 the evening shift staff arrive and the handover round between day and evening

shift doctors occurs at around 1700.

2.2 Observational methods

We used a type of time and motion study known as a workflow time study (Lopetegui

et al., 2014; Walter et al., 2015), where participants were shadowed by an observer

continuously during each observation session ranging from 30 minutes to three hours

in duration. During sessions the observer recorded time stamped information about

each of the participant’s tasks via a hand held tablet with the Work Observation

Method by Activity Timing (WOMBAT) software (Westbrook et al., 2009). Obser-

vation sessions were distributed between 0800 and 1800 to capture the full spectrum

of work done by doctors on day shift. As far as possible session times and partici-

pants were chosen to achieve approximately equal amounts of observed time between

doctor seniority and across the time of day. Observations were carried out by two ob-

servers (the first and second authors) and several sessions of piloting were conducted

before study commencement to ensure adequate inter-rater reliability (IRR). There

were no significant differences between observers when comparing the proportions

of tasks and proportions of time within categories for the main analysis variables.

Additional assessments were conducted periodically during the study to ensure there

was no significant observer effect.

In addition to direct observations, we also calculated a measure of workload using

data from the patient load monitoring system combined with the observed number

of doctors for each observation session. The metric is a modified version of Bernstein

et al.’s EDWIN score (2003). This is calculated as
∑

niti/N where ni is the number

of patients in triage category i, ti is the triage score (1=lowest, 5=highest) for that
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category, and N is the number of doctors working in the acute section. This was

calculated specific to the time of each prompt and only for the acute section of the

ED.

2.3 Definitions

In addition to time stamps, several variables were recorded for each observed task.

Based on previous work (Westbrook et al., 2008; Westbrook et al., 2010), a classifi-

cation of task types was developed in consultation with senior ED staff (Table 1) to

capture doctors’ activities in a clinically relevant way. The location of the doctor at

the start of each new task was also recorded, as was the role of others involved in

the task (e.g. other doctor, nurse, relative, etc.) and any tools used to perform the

task (phone, computer, paper). The ‘other’ categories in Table 1 are a combination

of several subcategories that were later collapsed due to small numbers in each of

the subcategories.

In the broadest sense we conceptualised a prompt as an event (not necessarily

anticipated by the recipient) that had the potential to elicit a response in the form

of a change in workflow (Walter et al., 2014). This is comparable to what Trafton

et al. (2003) describe as the alert for a secondary task, however, the term prompt is

more adapted to non-experimental settings. Prompts can be internally or externally

generated, but internal prompts are not observable. For the purpose of this study a

prompt refers to an observable event relevant to the participant that urges some kind

of response. There can be uncertainty about what observable events are considered

prompts, so the prompt categories, along with operational definitions, were devel-

oped after piloting (Table 1). In a previous study, a trigger was defined as a subset

of prompts that result in a change in workflow, assuming some prompts do not elicit

a change, i.e. are ignored (Walter et al., 2014). We use the broader term prompt

in preference to trigger as we aimed to capture instances of ignoring a prompt.

Prompts were recorded as separate, albeit brief, tasks so that the characteristics of

each prompt could be recorded (type, person, etc.) as distinct from characteristics

of the preceding task or the subsequent response. Categories of prompt type and

prompting person were combined both to create clinically meaningful categories and

to ensure sufficient cell counts for analysis.

We also conceptualised a set of response strategies that clinicians use to deal with

a prompt. Drawing on previous studies (Colligan and Bass, 2012; Collins et al., 2007;

Grundgeiger et al., 2010; Liu et al., 2009), we defined five strategies that may be

used in ED work and that were considered observable (Table 1). The first strategy is
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task-switching where, having received a prompt, the primary task is suspended and

the task related to the prompt (secondary task) is addressed. This is comparable

to what many studies of clinical work have defined as an interruption, although

we prefer the term task-switch to avoid the definitional heterogeneity associated

with interruption. Task-switching is also a term used in cognitive psychology to

describe switching between two tasks occurring in parallel (Monsell, 2003). Our use

is consistent with that definition, albeit a subset where the switching is externally

prompted. Another strategy is multitasking, defined as continuing the primary task

while concurrently taking on one or more other tasks related to the prompt. This is

analogous to prompted dual task performance in the parlance of cognitive psychology

(Pashler, 2000). Other strategies were acknowledgement, where certain prompts

only required a simple nod or a one-word answer, deferral where requested action

was deferred until a later time, and deflection which involved blocking, repelling or

ignoring the prompt. Due to very low frequencies of deferral and deflection, these

were subsequently combined into one category for the analysis. Both task-switching

and multitasking were identified during the analysis phase. If the task after the

prompt was different to the task preceding the prompt, this indicated task-switching.

If the tasks before and after were the same but there was an additional task after

the prompt, then this was coded as prompted multitasking. Deferral, deflection and

acknowledgement could all be recorded as characteristics of the prompt.

2.4 Statistical methods

The final data consisted of one record for each prompt and included task-level,

clinician-level and department-level information specific to each prompt. The task-

level variables related to the prompted tasks (type of task in progress when the

prompt arrived and whether this involved a computer or phone), the type of prompt,

the strategy used in response to the prompt (task-switch, multitask, etc.), the lo-

cation of the participant at the time of the prompt, and the time of day. The

clinician-level variables comprised seniority, age and gender of the participants, and

the department-level variable was the time-specific workload.

Prompt rates per hour were calculated by task type and according to where

tasks were underway. For example, the prompt rate for ‘direct care at the bedside’

was calculated as the number of prompts arriving during direct care tasks occurring

at the bedside, divided by the sum of the duration of all such tasks. Testing of

differences between rates was done with univariate Poisson regression using PROC

GENMOD in SAS 9.4.
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A form of non-parametric regression - conditional inference trees - was used to

identify scenarios where strategies were used in differing proportions (Hothorn et al.,

2006). Briefly, this approach first partitions the data into two subsets with the split

defined by a covariate value. The proportions of each strategy are compared between

the two data subsets. This is repeated for all covariate values to find the most

significant partition, as determined by a permutation test. The process continues

within each partition to define further partitions until no more significant partitions

can be found. Unlike other recursive binary partitioning methods, the conditional

inference approach is not biased by the number of categories in each covariate and

also avoids overfitting. This was implemented with the ctree function in the party

package using R (Hothorn et al., 2006; R Core Team, 2014). The model was used

to identify different patterns of response strategies according to task type, prompt

type (including phone calls), response, location, time of day, whether the doctor

was on the phone when prompted, clinician seniority, age and gender, and the time-

specific departmental workload. Consultants carried a cordless phone specifically

for communication with other hospital departments. All doctors could receive calls

from fixed line phones that were located in the central area. All doctors also carried

personal mobile phones but rarely took calls on them.

3. Results

3.1 Prompts

There were 36 participants in total comprising 10 consultants, 11 registrars, 9 SR-

MOs and 6 RMOs. We observed 965 prompts in 121.7 hours of observation. The

majority of these prompts involved communication from either a doctor or nurse

(31% and 36%, respectively) (Table 2). Sixty-one percent of prompts occurred in

the central area of the acute section where much of the inter-clinician communica-

tion took place. Doctors were often prompted when performing documentation and

computer-based indirect care tasks in the central area, representing 22% and 27%

of all observed prompts. Many prompts also occurred when doctors were in transit

(17%) between different areas within the ED.

There was an increase in the rate of prompts with doctors’ seniority. Consultants

received 10.6 prompts per hour on average, registrars 8.2, and just over 6 for SRMOs

and RMOs (Table 2), and these differences were significant (type 3 test p<0.001).

Prompt rates were significantly higher in the central area with 10.1 per hour, com-

pared to 3.1 at the bedside (rate ratio [RR] 2.7, 95% CI 2.2, 3.4, p<0.001) and 7.0 in
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other areas of the ED (RR 1.5, 95% CI 1.3, 1.7, p<0.001). The highest prompt rate,

when stratified by task type and location, occurred when doctors were in transit:

20.7 prompts per hour. This was strongly augmented by seniority, with consultants

receiving 37.6 prompts per hour of time in transit compared to 22.8 for registrars

and around 10 for residents (Table 2), and these differences were significant (type 3

test p<0.001). Rates of prompts during documentation and indirect care were the

next highest, and the majority of these occurred in the central area (91% and 80%,

respectively) where these tasks were largely computer-based.

3.2 Response strategies

The most frequent strategy used in response to prompts was task-switching, deployed

for 68% of prompts (Table 3). Acknowledgement was the next most common (21%)

and multitasking and deferral/deflection were relatively infrequent (8% and 3%,

respectively). Of the variables considered in the classification model of response

strategies, only primary task type, prompt type, location and whether or not the

primary task involved a phone were significant in the recursive binary partitioning

of strategies (Figure 1). Clinician level variables, time of day and departmental

workload were not significant in the model. Whether the primary task involved a

computer was also not significant, although since many documentation and indirect

care tasks involved a computer there may have been some collinearity with task

type.

Phones played a key role in strategy choice with doctors almost exclusively using

task-switching (89% of strategies, see node 2 in Figure 1) when prompted by a phone

call. If a doctor was on the phone when a prompt arrived they only opted for task-

switching 46% of the time and were more likely to defer or deflect the prompt than

in any other scenario (23%) (node 4). The remaining nodes related to prompts

that did not involve a phone. Node 7 represents prompts occurring largely during

direct and indirect care tasks outside the central area, and showed the highest use of

multitasking compared to any other node (22%). Most of this multitasking occurred

during indirect care either in the corridors or at the bedside. The scenario in node 7

also shows a relatively high proportion of acknowledgement (32%) and sixty percent

of these instances were in response to communication from nurses. Nodes 8 and 10

represent over sixty percent of all prompts and show a similar profile of strategies,

partly due to both being made up of prompts to computer-based tasks in the central

area: indirect care for node 8 and documentation for node 10. Both show less

than five percent deferral or deflection and around 20% acknowledgement. Node 11
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has the highest proportion of acknowledgement (34%), and represents a mixture of

professional communication prompts from staff other than doctors or nurses (e.g.

administrative staff, allied health) and social prompts mainly from clinical staff.

4. Discussion

Our results provide the first detailed quantitative analysis of the ways doctors use

strategies to respond to interruptive prompts and the extent to which their propen-

sity for particular strategies changes with context. We have also provided a compre-

hensive account of the huge variation in the rate of prompts associated with several

interacting contextual factors such as task type, seniority and location within the

ED. This study also represents a unique application of a novel nonparametric mod-

elling technique to generate new insights about clinical work.

A key finding was the extent to which we observed that the prompt-response

process among clinicians was central to the way care was delivered to patients,

as demonstrated by the predominance of prompts involving professional commu-

nication, largely in the central area of the ED. Residents and registrars managed

multiple patients and prompted consultants regularly to seek advice. Similarly, the

nurse manager frequently prompted consultants to discuss bed allocations in order

to manage patient load within the ED. This practice meant junior doctors received

regular advice and supervision, nurse managers were able to manage patient load,

and consultants were able to keep abreast of all patients in the acute section. A

corollary of this was frequent prompting of senior doctors, and the observed increase

in prompt rate with increasing seniority reflects this advice-seeking system. Hence,

consultants were observed to not only expect prompts but to actively encourage

them, and the central area provided a hub for this communication to occur. This

contrasts with the previous focus on the negative aspects of this communication

practice (Coiera and Tombs, 1998; Chisholm et al., 2000; Woloshynowych et al.,

2007). Consistent with the very high frequency of task-switching used in response

to such prompts, consultants were observed to generally give their full attention and

priority to these clinical discussions, and it was common to see other junior doctors

or nurses waiting until discussions were over before prompting.

Prompts tended to arrive much more frequently when doctors were alone and

engaged in non-verbal tasks such as indirect care, documentation or being in transit.

Although there was some variation in prompt rates depending on location, prompt

rates during these tasks were generally higher for all locations compared to other

task types. Doctors engaged in solo non-communicative activities may be perceived
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as more ‘interruptible’, but such prompts may not necessarily have any less cogni-

tive impact. Task-switching introduces risk of non-resumption or resuming at the

wrong place in a task sequence (Grundgeiger and Sanderson, 2009). This could be

particularly problematic during non-verbal tasks, for example if key information is

omitted when documenting in patient notes, or if a doctor forgets to pass on vital

information because they were prompted while in transit.

Although task-switching was the dominant strategy, there was an elevated fre-

quency of multitasking during direct and indirect care outside the central area. Many

of the prompted tasks were manual such as hand washing, gathering equipment,

taking blood samples and sending samples for testing, and many of the prompts in-

volved communication. To some extent this increased multitasking propensity can

be explained by the fact that tasks of differing modalities, in this case manual and

verbal, can more easily be performed in parallel than tasks of the same modality,

e.g. verbal and verbal (Wickens, 2008). However, the cognitive load of multitasking

may pose a risk for safety critical tasks such as preparing blood samples to send

for testing. Although it has been suggested that workload may play a role in clin-

icians’ propensity to multitask (Weigl et al., 2013), we found no evidence of that

time-specific departmental workload was associated with strategy choice.

Much of the previous literature on interruptions in clinical work has involved rel-

atively descriptive counting studies reporting interruptions rates (generally higher

in EDs) and proportions of time spent on particular tasks (Coiera, 2012). To some

extent these have formed the basis of blanket interventions aimed at reducing all

interruptions (Raban and Westbrook, 2013). However, such approaches fail to ap-

preciate the complexity of clinical work and the way in which prompts are integral

to the provision of information required to deliver care. In seeking to go beyond

aggregated descriptive analyses and by focusing on the ways in which competing

tasks are managed in the ED, this study clearly suggests that generic interventions

to reduce interruptions are unlikely to be successful or useful in the ED setting, and

may even be detrimental to the provision of quality and timely care. Preventing

interruptive events for particular individuals may result in issues for those work-

ing around them such as delayed information exchange or increased workload. The

study of clinical work still has a long way to go to understand the complex interplay

of interdependent factors that contribute to risks to safety in clinical practice.

One of the fundamental questions in the field is the extent to which prompts and

response strategies translate into errors or reduced efficiency (Coiera, 2012). This

is a challenging research question to study in health care, and very few of the vast
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number of studies in the field have attempted it, almost none in the ED context.

Our results provide a springboard for further research by elucidating the first part

of the causal pathway between prompts and errors, that is, the prompt-response in-

teraction. The recording of information about prompts and responses separately, as

well as capturing multiple dimensions associated with each factor, has identified fac-

tors that influence the rate at which doctors are prompted, their responses to those

prompts and how these behaviours are integrated into everyday clinical practice of

the ED. Examination of when and the types of tasks that clinicians multi-task has

provided further nuanced information about how clinicians juggle competing prior-

ities. Thus these factors can be taken into account in the design of future studies

that aim to assess the impact of the nature of prompts and how they are handled

on specific outcome and efficiency indicators. We have presented one approach for

how this might be achieved (Raban et al., 2015).

Further areas of investigation could consider extending the amount of observa-

tion time per participant to enable a more fine-grained analysis of both individual

differences and temporal factors. Investigation of the influence of physical layout of

an ED on communication strategies would also be valuable, given that layout is a

key component in the work system (Carayon et al., 2014), but there is little research

investigating the link between layout and the disruptive nature of ED work. It is

interesting to note that current Australian guidelines on ED design make no men-

tion of this aspect of work (Australasian College for Emergency Medicine, 2014).

Finally, simultaneous observation of an entire clinical team would allow tracking of

information flow and assessment of resilience to prompt-related error at the team

level.

4.1 Limitations

An ever present limitation of workflow time studies is the potential for observer

presence to influence participant behaviour, often called the Hawthorne effect. Two

recent studies examined this effect in clinical settings. One observed a significant

effect of observer presence on hand washing compliance (Hagel et al., 2015), and the

other reported an increase in radiologists’ productivity when monitored (Kidwai and

Abujudeh, 2015). Both studies involved overt performance scrutiny. In contrast,

participants in this study were informed of the study aims which were arguably

sufficiently ambiguous such that there was no ‘right’ way to behave. We also made

it clear that performance was not being assessed and that all data would remain

anonymous. During observation sessions we maintained some distance from the
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participant (approximately 2-4m), particularly during clinical procedures. Although

we have no direct measure of observer influence, we made every effort to minimise

it and saw no evidence that it occurred.

5. Conclusions

The complexity of clinical work in EDs is affirmed by the many factors we identified

that influence the way doctors are prompted and how they respond. There is abun-

dant experimental evidence of the potentially negative effects of frequent prompting

and the need to constantly switch tasks or perform multiple things simultaneously.

There are certainly scenarios more at risk of prompt-related errors than others and

these are worthy of closer examination to determine targeted improvements to pro-

cedures or physical layout where appropriate. However, there is clearly also an

important role for interruptive interaction in the ED, particularly for advice seeking

and information transfer.

Our results indicate ways in which clinicians adjust their communication strate-

gies in response to contextual factors in order to deliver patient care. The prompt-

response process between consultants and junior doctors demonstrates an inbuilt

safety net that appears to flex in response to clinical demands. Such understanding

of the application of different strategies cannot be gained from experimental studies.

Communication between clinicians is essential for quality patient care, and although

there may be some risk (as yet under-explored) due to its interruptive nature, this

is potentially outweighed by the positive effects of timely information transfer and

advice provision. What appears a busy and disruptive environment may in fact be

the workings of a resilient and adaptable system.
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Figure 1. Proportions of response strategies used by ED doctors for

subgroups identified by a conditional inference tree model.
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Chapter 6

The Poisson mixture model:

theoretical details

6.1 Chapter background

The article in this chapter proposes new statistical methodology to address a fun-

damental question in the study of clinical work: how to assess the effect of task-

switching, particularly externally prompted task-switching, on the time to complete

tasks? A particular type of time cost (resumption lag) has been well documented in

experimental studies, where the start and end of computer-based tasks are clearly de-

fined and can be automatically recorded with software. In non-experimental settings

such as hospitals, measuring these effects is very challenging. Since little is known

about the efficiency implications of interruptive events, including task-switching, in

healthcare contexts, there has been a clear need for methodology that assess the

effect of task-switching on task completion time in these uncontrolled settings.

The proposed technique extends the only existing method in such a way as to

make it more applicable to the heterogeneous data from observations of clinicians at

work. It was developed over the majority of the candidacy period in collaboration

with the authors of the original method. The challenge in developing methods of

this type is shown by the fact that several promising early approaches that we tried

proved inadequate and the final method went through many iterations before we

had something that was theoretically sound, feasible to implement and improved on

the previous technique. The new method has the potential to be applied to other

events that occur frequently during clinicians’ work, such as multitasking. In so

doing it opens up a new way to understand the influence of interruptive events on

clinical work.
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This paper addresses the third objective of the thesis by developing new sta-

tistical methodology to address an important question specific to the observational

study of clinical work. It also addresses the fourth objective by applying the method

to data from observations of ED doctors.

6.2 Assessing the impact of task-switching on com-

pletion of clinical tasks in the presence of length

bias

The manuscript has been submitted to The Journal of the Royal Statistical Society:

Series C (Applied Statistics).

Author contributions
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Assessing the impact of task-switching on
completion of clinical tasks in the presence of
length bias

Scott R. Waltera∗ , William T.M. Dunsmuirb, B. M. Brownb

Clinical work is characterised by frequent interjection of events causing clinicians to switch from a primary 
task to deal with an incoming secondary task, before then returning to complete the primary task. Such task-
switching is associated with several negative effects, including modification of the primary task completion time. An 
increase in task length due to task-switching implies reduced efficiency, while decreased length suggests hastening 
to compensate for the increased workload brought by the unexpected secondary tasks, which is a potential safety 
issue. Tasks that are naturally longer are more likely to have one or more task-switching events: a form of length 
bias. To assess the effect of task-switching on task completion time it is necessary to estimate task lengths had 
they not experienced any task-switching, while also accounting for length bias. We review an existing basic semi-
parametric homogeneous method and propose modifications incorporating heterogeneity. Each method necessarily 
uses lengths for tasks unaffected by task-switching to generate estimates. Their performances are compared via a 
simulation study and the methods are also applied to observational data from a hospital emergency department, 
where the modified method produces a different test outcome to that of the basic method, indicating the importance 
of modelling heterogeneity.
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1. Introduction

Clinical work in the hospital environment involves managing the competing demands of safety, efficiency and quality of
care. A characteristic of this work is the frequent interjection of unplanned requests for advice or action, phone calls,
pager calls, equipment alarms, etc. - often termed interruptions - that prompt a clinician to change their workflow. If
the clinician accepts one of these prompts then the unfinished primary task may be suspended in order to switch to the
prompting secondary task. The primary task is then resumed at some time after the secondary task has been completed. For
example, while prescribing a drug, a doctor is asked advice about a patient by an intern. The doctor pauses the unfinished
prescription and discusses the intern’s patient for a few minutes before resuming the prescription task. This kind of task-
switching has been associated with a range of negative effects in experimental studies, including increased risk of error
[1] and modified task completion time [1, 2, 3]. Several computer-based experimental studies have assessed resumption
lag, that is, the time lag between completion of a secondary task and resumption of the primary task [1, 2, 4]. This article
is concerned with assessing the impact of task-switching on primary task length in non-experimental settings. If a task
is completed in fragments due to task-switching, the time to complete the primary task may increase, implying a loss of
efficiency. Conversely, if primary task length is shortened this may indicate rushing to accommodate the increased demand
brought by unplanned secondary tasks, with implications for safety.
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In assessing the impact of task-switching on primary task lengths, it is not enough to compare lengths of tasks
fragmented by task-switching with those for tasks that are not. Prompts resulting in task-switching are more likely to
arrive during naturally longer tasks, a manifestation of length bias. This phenomenon has been well documented in the
context of drawing samples in which physical length or temporal duration is proportional to the probability of being
selected. Cox [5] described this effect in sampling textile fibres to estimate the overall fibre length distribution. Since
longer fibres are more likely to be included in a cross sectional sample, the sampled fibre lengths are biased upwards
relative to all fibre lengths. If the density of the population of all fibres is f with mean µ then the density of observed
fibres, g, is the length biased distribution of f and is given by g(x) = xf(x)/µ. Another well cited example is that of
Feller’s waiting time paradox [6] where a person intending to catch a bus is more likely to arrive at the bus stop during a
longer inter-bus period. Length bias, also referred to as the inspection paradox, has been studied in various other contexts
including left truncation when recruiting prevalent subjects for survival analysis [7], genome-wide linkage studies [8],
chronic disease screening [9] and estimation of wildlife population density [10].

There is a profusion of studies of prompted task-switching in clinical work, most of which are motivated by the
potentially detrimental impact of task-switching on quality of care and patient safety. Of all these studies, the issue of
task-switching modifying task completion times is only addressed in one (see [11] and also [12] for the corresponding
technical note). We refer to that analysis as the basic Poisson method, and we extend this work herein. In the context of
sampling, as in the textile example above, an interval can only be selected once, while in clinical work task-switching
may occur multiple times during a given primary task. We need to describe the distribution of the length of tasks had
they not experienced task-switching, in a way that takes length bias into account. In other words, for a given number of
task-switches we need a counterfactual estimate of mean task length assuming no effect. A subsequent comparison with
observed task lengths subject to task-switching provides a statistical test of the impact of task-switching on task length. In
section 2 we give a more formal definition of the problem, and then in section 3 describe the basic method of [12], which
assumes a uniform random onset rate for task-switching. An alternative approach is proposed in section 4 and the two
methods are assessed via a simulation study in section 5. An example application is shown in section 6 using data from
observations of doctors in an emergency department (ED). Discussion of these methods and their potential for application
to real data is provided in section 7.

2. General estimation of the impact of task-switching on task length

Let a task-switch denote the point at which a primary task is suspended, in response to some external prompt, to allow
completion of a secondary task. Resumption is the time at which the primary task is then resumed after completion of
the secondary task. We treat the work process as a sequence of time intervals spent on primary tasks, with the possible
presence of isolated task-switch points within each primary task interval. Let the ith task length denote either the ith such
time interval, or its length Ti. Let the number of task-switches within a task length be the random variable K, and let fk
denote the density function (pdf) of any Ti, conditional upon K = k. Because of the length bias effect, the {fk} become
stochastically larger as k increases, and our aim is to ascertain whether interruptions make this increase greater, or less
than what is expected under length-biasing.

Consider prompted task-switches to be generated by a point process independent of the sequence {Ti}. Let f be the pdf
of task lengths under the null hypothesis,H0, that task-switches have no effect on total task lengths. Denote the probability
that K = k for a given task length T = t, under H0, by P (k | t). Then the joint continuous-discrete pdf of T and K is
given by f(t, k) = P (k | t)f(t), and under H0,

fk(t) =
f(t, k)

P (k)
=

P (k | t)f(t)∫∞
0
P (k | s)f(s)ds

(1)

Let f∗k denote the pdf of T , given K = k, when H0 is not true. Then f0 and f∗0 will remain equivalent as neither is affected
by task-switching, whether or not H0 is true. But if H0 is not true then for values k ≥ 1 we expect that f∗k is either
stochastically larger or stochastically smaller than fk.

A suitable test statistic for these possible effects, approximately standard normal under H0, is

Zk =
µ̂k − µ̃k√
σ̃2
k/nk

,

where µ̂k is the sample average of the nk values of T when K = k, and where µ̃k and
√
σ̃2
k/nk are its expected value

and standard error, respectively, under H0. In the following sections we show these last two values are expressible in
terms of corresponding values for k = 0, and can be considered to be known exactly in the example to be discussed in
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section 6, because of the very large amount of data for k = 0. Thus Zk can be calculated, and under H0 comes from an
approximately N(0, 1) distribution for moderate or large nk.

3. Previous Methodology - The basic Poisson Method

In considering particular methods that follow the general outline above, we first revisit the approach of [12] which we refer
to as the basic Poisson method due to its reliance on the assumption that task-switches occur according to a homogeneous
Poisson process with constant rate λ per unit of time. The joint distribution of (T,K) under H0 is then

f(t, k) = P (k | t)f(t)

= e−λt(λt)kf(t)/k!

since the distribution of the number of events in a time interval of length t for a Poisson process with rate λ is Poisson
with parameter λt.

The density for the time on task given k task-switches is then

fk(t) =
tke−λtf(t)∫∞

0
ske−λsf(s)ds

∝ tke−λtf(t) (2)

as a function of t, showing how these densities adjust the null hypothesis task-time density f for the impacts of length
biased sampling. Using the notation µk(r) to denote E(T r|K = k), we have

µk(r) =

∫∞
0
tk+rf0(t)dt∫∞

0
skf0(s)ds

=
µ0(k + r)

µ0(k)
(3)

This is the ratio of the (k + r)th to the kth raw moment of T when k = 0, and can be approximated by the ratio of the
corresponding sample moments for tasks with no task-switching. In the example discussed in section 6 there is a very
large amount of data for k = 0, so that all moments µ0(r) may be considered to be known exactly.

For investigating the effect of task-switching upon task lengths, a convenient test statistic could be any sample moment
of T values when K = k, for some k ≥ 1, because its null mean and variance can be calculated from moments when
k = 0, as just outlined. For example, consider µ̂k, the sample average of T values when K = k, for k ≥ 1. It has null mean
µk(1) = µ0(k + 1)/µ0(k), and null variance n−1k σ2

k where there are nk observations with K = k, and

σ2
k = µk(2)− µk(1)2 =

µ0(k + 2)

µ0(k)
−
{
µ0(k + 1)

µ0(k)

}2

Note that the value of the Poisson task-switching rate λ does not need to be known.
This method was applied in [12] to observations of doctors in the ED of a large teaching hospital in Sydney, Australia.

Expected mean task lengths based on the Poisson assumption were compared with observed mean task lengths for
k = 1, 2, 3+ and, somewhat counterintuitively, the results suggested that tasks were shortened when affected by task-
switching. In that data there was also considerable heterogeneity in the task-switching rate conditional on several variables
such as type of task, doctor role and also time of day. The analysis was stratified into three time periods, each of which
appeared to have a different rate, and the shortening effect was still observed within each stratum. However, heterogeneity
in the rate persisted due to the other non-temporal factors, including task type, indicating that the assumption of a
homogeneous Poisson rate was not satisfied, other than within each of the 131 observation sessions. Insufficient sample
size within individual sessions limited the possibility of applying the method at session level. Thus, motivated by the need
for a more flexible method involving variable Poisson rates, we now examine an alternative and extension to the original
basic Poisson method.

4. Alternative approach - The Poisson mixture model

The homogeneous rate assumption of the basic Poisson method is often not met by data from real settings. For the ED data,
the variation in the Poisson task-switching rate is related to many contextual factors. There was also variation between
observation sessions and it was previously shown that the homogeneous Poisson assumption was reasonable when applied
within individual sessions, but not when applied to the aggregated data. The heterogeneity of the rate observed in this data
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instead suggests Poisson mixtures caused by variable rates. While there are several ways to specify the process governing
the rate, we consider the case where the rate parameter is like a random variable from a gamma Γ(α, β) distribution. In
addition to being flexible enough to model many forms of mixing, the gamma distribution is conjugate to the Poisson,
allowing algebraic simplifications.

The distribution of Poisson rates mixed according to a gamma distribution gives the following

P (k | t) =

∫ ∞

0

1

k!
(λt)ke−λt

1

βαΓ(α)
λα−1e−λ/βdλ =

Γ(α+ k)

Γ(α)k!
βktk(1 + βt)−α−k

In this formulation the mixing applies at task level, that is, the ith task with length Ti is assumed to have a distinct rate
parameter, λi ∼ Γ(α, β). This is the rate per unit time and so the number of task-switches for a given task length is then
Pois(λiti), where the overall mean rate is given by λ = αβ. This is equivalent to assuming a negative binomial distribution
for the number of task-switches per task, with rate λ and dispersion parameter α. Allowing for variation in rate at task-
level is likely to be sufficient to capture variation due to the factors observed in the ED study: task type, doctor role and
temporal variations. It also provides more flexible assumptions about the task-switching process relative to the Poisson
model.

Adapting the derivation of fk for the basic Poisson model in section 3 to the case of gamma mixing of the rate λ, we
obtain

fk(t) =
tk(1 + βt)−α−kf(t)∫∞

0
sk(1 + βs)−α−kf(s)ds

We can alternatively write this as

fk(t) =
tk(1 + βt)−kf0(t)∫∞

0
sk(1 + βs)−kf0(s)ds

from which a general identity follows

Ek{A(T )}E0

{
T k

(1 + βT )k

}
= E0

{
T kA(T )

(1 + βT )k

}
(4)

where A denotes any function of task lengths T . Thus Ek quantities are expressed in terms of E0 quantities. Because of
the large amount of data for k = 0, E0 quantities are assumed to be known exactly. Then, making suitable choices of the
function A enables the null mean and variance to be calculated for test statistics which are empirical averages of functions
of T . A simple choice of A, analogous to the basic Poisson model, is A(T ) = T . Unlike other choices of A, this provides
an estimate of expected task length in addition to a test statistic. A(T ) = T 2 can be used to generate a variance estimate.
Note that for a given λ, β → 0 as α→∞ and this method becomes equivalent to the basic Poisson model.

While the basic Poisson model does not require knowledge of the task-switching rate, the mixture approach must
explicitly estimate parameters of the task-switching process. The parameter β may be estimated as β = λ/α by fitting a
negative binomial model to the full collection of tasks to obtain estimates of the overall rate λ and dispersion α. Counts
of task-switches per task are modelled with task length as the offset and by fitting an intercept only. Since this procedure
uses all tasks, β is considered to be known exactly.

5. Simulation study

We simulated four scenarios that either aligned with or challenged the assumptions of each method. Since neither approach
makes assumptions about the distribution of task lengths, tasks in the synthetic data were arbitrarily drawn from an
exponential distribution with mean parameter 100. This approximately corresponds to the mean task length, in seconds,
of tasks in the example data in section 6. To further approximate the example dataset, we simulated a sample of 10,000
tasks. Task-switches were chosen to occur more frequently in the simulation than in the example to generate sufficient
numbers of tasks with three or more task-switches. For the Poisson mixture method we only considered the case where
A(T ) = T . The focus of the simulation study was to assess test validity rather than power, so H0 was simulated as true.

In all four simulated scenarios, the number of task-switches was treated as originating from a Poisson mixture
distribution with the form of the mixing varying between scenarios. For each task, λi is drawn from the mixing distribution.
Then the number of task-switches is drawn from Pois(λiti). In the first scenario the mixing distribution is a degenerate
distribution with parameter λ having a single value, 1/120. This is equivalent to assuming task-switching follows a
homogeneous Poisson process. In the second scenario, the mixing distribution is Γ(α, β) consistent with the assumptions
of the Poisson mixture model, where α = 2 and β = 1/240. Since for very large α task-switching is approximately
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homogeneous Poisson, the value of 2 was chosen to be clearly more overdispersed. The third scenario presents a form of
mixing simpler than the gamma distribution but more involved than the homogeneous Poisson case. For each task λi can
be either 1/60 or 1/240 with equal probability. The fourth scenario simulates mixing according to a lognormal distribution,
as this generates data more dispersed than the either model can accomodate. One thousand replicates were run for each
scenario.

Table 1 shows the results of the simulation study. The numbers of simulated tasks without any task-switching, i.e. where
k = 0, have been included as these indicate the effective sample size of the methods, since both derive E0 estimates from
these tasks. The first scenario with homogeneous Poisson task-switching showed close agreement between simulated
mean task lengths and those predicted by each method. For all values of K the null hypothesis is not falsely rejected,
although there is some evidence of underestimation that increases with K. In all other scenarios the basic Poisson method
shows clear and consistent overestimation, indicating a lack of resilience to any form of mixing. This suggests that tasks
with no task-switching, upon which basic Poisson estimates are based, have a heavier tailed distribution when the rate is
heterogeneous rather than homogeneous. The moments µ(k + r) are increasingly inflated as k increases due to the excess
of larger values of t, which causes over estimation in the ratios of moments.

The Poisson mixture approach copes well with gamma mixing, as expected, with Z-scores very close to zero for
all values of K. It is also more resilient to the simpler form of mixing in scenario 3 compared to the Poisson model,
although it consistently overestimates and falsely rejects the null for K = 3. When task-switches arrive according to a
lognormal mixture of Poisson processes (scenario 4) the Poisson mixture significantly underestimates the simulated mean
task lengths.

6. Example study: task-switching in an emergency department

The study for which the Poisson method was originally developed examined the impact of task-switching (termed
interruption) on task length in the ED of an Australian hospital [11]. The corresponding technical note discussed
the heterogeneity of the task-switching rate between observation sessions. The Poisson assumption was approximately
satisfied within each session but there was insufficient data to apply the method to individual sessions.

Table 2 shows the observed mean tasks times along with times predicted by each method. In addition to overall results,
the table also shows results stratified by the three time periods identified in the original study as having distinct task-
switching rates [12]. The observed mean task lengths are significantly lower than those preditced by the Poisson method
at the 0.05 level. The propensity of the basic Poisson model to overestimate predicted values in the presence of mixing, as
seen in the simulation study, is consistent with the high predicted values in the example data. In contrast, among results
from the Poisson mixture model only one suggested a significant difference. Otherwise, the remaining non-significant
effects went in both directions. Where the Poisson model provided strong evidence that tasks were shortened in the
presence of tasks-switching, the mixture model does not provide clear evidence of an effect.

7. Discussion

In this study we have extended the methodology on dealing with length bias when assessing the impact of task-switching
on task length in clinical work. The main existing method (basic Poisson) has been examined more extensively and the
proposed new method (Poisson mixture) offers an alternative that may be more broadly applicable. Both methods are
equivalent under the assumption that task-switches arrive according to a Poisson process, but the Poisson mixture model
allows more flexibility in the task-switching arrival process providing a clear advantage over the original approach.

Of the experimental studies that estimated resumption lag [1, 2, 4], values ranged from about one to three seconds. An
observational study of nurses that used eye-tracking technology recorded resummption lags between 0.1 and 6.7 seconds
[15]. If changes in task length of this magnitude occur in clinical work as a result of task-switching then the methods
considered herein will be limited in their ability to detect such changes unless the sample size is very large. These studies
focused on the cognitive component of resumption lag, that is, the time to taken to collect ones thought in preparation to
resume a task. It is possible, however, that in clinical settings the delay in switching back to the original tasks could take
longer than a few seconds due to practical considerations. For example, where resumption of the original task requires
changing location, logging back into a computer system or locating misplaced equipment. The reinforced significant
findings in the example indicate a considerable shortening of tasks after task-switching which may suggest rushing to
complete tasks under the time pressure created by intrusion of unplanned prompts [11].

Often in clinical work that involves frequent task-switching, there are many different types of tasks being performed at
different times and as many types of prompts that trigger task-switching. Hence a natural focus for further methods is to
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be able to more felxibly acccomodate different forms. The Poisson mixture extension allows the Poisson rate parameter
to vary according to a parametric distribution. Distributions other than Poisson-gamma may be specified, for example the
Poisson-lognormal distribution has been discussed elsewhere [13]. The rate parameter can also be a deterministic function
of time as per a non-homogeneous Poisson process.

P (k | t) =
m(t)k

k!
e−m(t)

where m(t) =
∫ t
0
λ(u)dλ. The interarrival time distribution for this case is discussed by Yakovlev et al. [19] The rate

parameter can also be allowed to vary randomly with time, as is the case for a Cox process. An approach more relvant to
observations of clinical work is to model the mixing as a function of covariates that are known to affect the task-switching
rate either with a log-linear model, or possibly with generalized linear autoregressive moving average model to incorporate
dependence on past events (William, what’s the best ref for this?). While the explicit modelling of the task-switching rate
is appealing, this approach does not have the algebraic simplifications of the Poisson mixture model.

The impact of task-switching on task completion time in clinical work has implications for efficiency and safety, yet
only one study attempted to assess this effect. The comparison of the existing method with several new approaches has
provided key insights into the complexity of quantifying the task-switching effect while accounting for length bias. The
reliance of each method on particular parametric assumptions means that their application is limited to data that satisfies
the corresponding assumptions. For the most part these assumptions relate to the task-switching process. A fully non-
parametric solution would be more widely applicable to real data, however, the flexible accomodation of mixing in the
distribution of task-switching arrivals is a practical semi-parametric alternative.
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Table 1. Simulated tasks lengths compared to expected lengths generated by the basic Poisson model and Poisson mixture
model.

Distribution
of no. of
task-switches
P (K | T )

No. of
task-
switches
(K)

No. of
tasks

Simulated
mean task
length

Basic Poisson model Poisson mixture model

Expected
task
length

SE Z-score Expected
task
length

SE Z-score

1. Exponential 0 5452 54.5 - - - - - -
1 2482 109.0 109.0 1.5 0.02 108.8 1.5 0.1
2 1127 163.8 163.4 2.8 0.1 162.9 2.8 0.3
3 513 218.1 217.4 4.7 0.2 216.3 4.7 0.4
4 232 272.8 269.7 7.4 0.4 268.1 7.4 0.6
5 106 327.5 317.9 11.0 0.9 315.8 11.0 1.1

2. Poisson-
gamma

0 5944 63.8 - - - - - -

1 2146 113.8 135.5 2.2 -9.8 113.8 1.9 0.04
2 925 156.0 213.4 4.3 -13.2 156.0 3.3 0.01
3 444 193.4 295.3 7.3 -13.9 193.1 5.3 0.1
4 229 226.5 377.2 11.0 -13.7 226.7 7.9 -0.02
5 125 257.1 451.6 14.7 -13.2 257.5 11.2 -0.03

3. Mixture of
Pois(1/60) and
Pois(1/240)

0 5403 59.1 - - - - - -

1 2210 106.1 126.7 2.0 -10.1 106.7 1.8 -0.3
2 1039 141.8 198.9 3.7 -15.3 146.9 2.9 -1.7
3 547 171.6 272.2 5.9 -17.0 182.1 4.4 -2.4
4 312 201.5 343.1 8.3 -17.1 213.5 6.2 -1.9
5 187 233.3 406.6 10.6 -16.4 242.0 8.4 -1.0

4. Poisson-
lognormal

0 4346 53.2 - - - - - -

1 2034 90.4 120.3 2.1 -14.2 79.7 1.5 6.9
2 1116 117.8 195.8 3.7 -20.9 99.4 2.3 8.1
3 677 139.0 275.7 5.6 -24.5 115.6 3.1 7.5
4 442 156.0 353.6 7.3 -27.2 129.8 4.0 6.5
5 304 170.3 420.6 8.4 -29.9 142.6 5.0 5.5

Note: Task-switch countl distributions are simulated as: 1. Poisson with rate 1/120; 2. Poisson-gamma with shape α = 2
and scale ]beta = 1/240; 3. equal mixture of two Poisson with means 1/60 and 1/240; 4. Poisson-lognormal. Task lengths
are simulated as exponential with mean 100 in all cases. Standard errors (SE) are generated from model formulae, not
standard deviation of simulated sample.

8 www.sim.org Copyright c© 0000 John Wiley & Sons, Ltd. Statist. Med. 0000, 00 1–??
Prepared using simauth.cls
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Table 2. Application of basic Poisson and Poisson mixture models using data from observations of emergency department
doctors.

Observation
sessions

No. of
task-
switches

No. of
tasks

Observed
mean task
length

Basic Poisson model Poisson mixture model

Expected
task
length

SE Z-score Expected
task
length

SE Z-score

1 to 15 1 145 120.6 269.7 30.1 -5.0 133.6 16.6 -0.8
2 30 148.2 756.7 95.5 -6.4 242.2 51.6 -1.8
3 24 298.6 1118 92.9 -8.8 354.4 69.6 -0.8
4 or more 18 467.8 1303.4 84.8 -9.9 457.6 89.1 0.1

16 to 66 1 263 200.4 299.6 20.5 -4.8 193.8 13.9 0.5
2 92 326.5 670.1 49.4 -7.0 311.8 29.9 0.5
3 33 407.5 1005.5 81.8 -7.3 418.9 57.2 -0.2
4 or more 26 497.8 1225.3 78.1 -9.3 513.0 70.1 -0.2

67 to131 1 204 197.3 352.7 29.4 -5.3 239.8 20.2 -2.1
2 33 434.5 853.7 117.1 -3.6 417.9 67.9 0.2
3 7 376.1 1384.0 297.1 -3.4 587.7 171.8 -1.2
4 or more 6 616.7 1830.5 320.8 -3.8 735.9 202.8 -0.6

All 1 612 180.5 325.3 15.6 -9.3 191.3 9.6 -1.1
2 155 315.0 782.3 48.7 -9.6 308.4 24.7 0.3
3 64 363.3 1251.7 88.4 -10.0 417.7 44.6 -1.2
4 or more 50 501.2 1651.7 104.9 -11.0 515.3 55.4 -0.3

Note: Observed values in rows corresponding to 4 task-switches are an aggregation of tasks with 4 or more task-switches.

Statist. Med. 0000, 00 1–?? Copyright c© 0000 John Wiley & Sons, Ltd. www.sim.org 9
Prepared using simauth.cls
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Chapter 7

The Poisson mixture model:

Application to observations of

doctors in multiple hospital

settings

7.1 Chapter background

The article in this chapter represents the first full scale application of the Pois-

son mixture model. It applies the model, as detailed in chapter 6, to several

datasets from previous studies of doctors’ work to determine the impact of ex-

ternally prompted task-switching on task completion time. Since the method and

its precursor had previously only been applied to one dataset, there was enormous

scope to implement it more widely to build understanding of the time modifying

effects of interruptive events in clinical work. To that end this study provides new

results about the impacts of task-switching in multiple hospital settings. The results

address an important question in the study of clinical work, namely the impact of

task-switching on task completion time, and also illuminate several ways forward

for this direction of inquiry.

This study addresses the fourth objective of the thesis by applying statistical

developments to generate new evidence on clinical work in hospitals.
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7.2 Assessing the effect of interruptive events on

task completion time: a multi-site study

This paper was written for the International Conference on Healthcare Systems

Ergonomics and Patient Safety (HEPS 2016) following acceptance of a peer-reviewed

extended abstract. It has been published in the conference proceedings following

the conference itself which took place October 5-7 2016.
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Abstract: 

Context: The impact of disruptive events on task completion times in clinical work has implications 

for both safety and efficiency. However, this has received minimal attention to date due to the 

methodological challenges of evaluating this association in uncontrolled observational settings.  

Objectives: The aims of this study were use a newly developed statistical technique, the Poisson 

mixture model, to assess the impact of interruptions on task completion time, and to determine the 

extent to which the association differs between settings. 

Methodology: Interruptions are conceptualised as prompted task-switches, that is, switching from 

one task to another in response to some external prompt resulting in the original task being completed 

in several fragments. The Poisson mixture model was applied to 600 hours of observational data from 

several hospital settings: emergency departments (ED), intensive care units (ICU) and general wards. 

The model was used to generate expected mean task lengths assuming no task-switching effect, which 

were then compared to observed means via a hypothesis test. 

Main results: In the ICUs, general wards and one of the two EDs, there was strong evidence that 

tasks were shorter when completed in fragments due to task-switching. For tasks with one instance 

of task-switching, decreases were highly significant (p<0.001) and ranged from 46 to 152 seconds, 

or 27% to 42%. For the other of the two EDs there was no evidence of a task-switching effect. Across 

all settings there was no evidence that tasks increased in length due to task-switching. 

Conclusion: This study addresses a persistent gap in knowledge about the impact of interruptive 

events on clinical work. The shortening of tasks fragmented by task-switching is a significant 

finding, and provides impetus and direction for further inquiry including the differential impacts of 

task-switching and the examination of other types of disruptive events. 

 

Keywords: task-switching, interruption, clinical work 

 

1. Introduction 

Interruptions have been an ongoing area of research in healthcare, with many studies focusing 

on their potential to cause error or contribute to inefficiency in clinical practice. However, 

quantitatively linking interruptions with safety and efficiency outcomes is challenging in the complex 

non-experimental settings in which clinical work occurs (Walter, Dunsmuir & Westbrook, 2015). 

Studies to date have reported associations between interruptions and a range of outcomes, including 

clinician-level effects such as self-reported workload (Weigl, Müller, Vincent, et al., 2012), task-level 

effects such as failure to resume an interrupted task (Drews, 2007) and the time cost of resuming such 

tasks (Grundgeiger, Sanderson, MacDougall, et al., 2010), and clinical outcomes such as dispensing 

errors (Flynn, Barker, Gibson, et al., 1999) or medication administration errors (Westbrook, Woods, 

Rob, et al., 2010).  

One particular outcome that has received relatively little attention is the impact of 

interruptions on the time taken to complete tasks. Resumption lag – the time taken to reorient back to 

a task after having been prompted to switch to another task – has been measured in computer-based 

experiments (Altmann & Trafton, 2004; Monk 2004) and also in an ICU through use of eye tracking 
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software (Grundgeiger, Sanderson, MacDougall, et al., 2010). In applied settings, including 

healthcare, there is potential for interruptions to reduce task completion time, and also to increase it 

through mechanisms other than resumption lag. This suggests that the effects of interruptions in 

uncontrolled settings cannot just be assessed by measuring lag times associated with switching from 

one task to another. 

 Identifying changes in task lengths due to interruptive events from direct observation of 

clinicians is analytically challenging. Longer tasks will naturally have more interruptions even if there 

is no interruption effect on task length. This form of length bias means that comparing tasks with and 

without task-switching is not appropriate and could generate a false positive result. For tasks 

fragmented by one or more interruptions we wish to estimate their average length had they not 

experienced any interruptions, and these expected values need to be specific to the number of 

interruptions to account for the length biasing effect. Westbrook, Coiera, Dunsmuir, et al. (2010) 

were the first to tackle this question by developing and applying a statistical method to predict 

counterfactual task lengths assuming no interruption effect and a constant probability of interruption 

occurrence over time (see corresponding technical note: Brown & Dunsmuir, 2010). These predicted 

task lengths can be compared to observed mean task lengths via a hypothesis test to assess the 

interruption effect. We have developed a new method, the Poisson mixture model, that extends the 

original approach by allowing more flexible assumptions that better align with the heterogeneous data 

from direct observation of clinical work (Walter, Brown & Dunsmuir, 2016). 

Due to the inconsistent and unclear use of the term ‘interruption’ in both experimental and 

healthcare literature we use alternative terms to describe the disruptive aspects of clinical work. A 

prompt is an event that has the potential to elicit a change in workflow. In observational studies these 

are necessarily restricted to observable external events such as phone calls, questions from other staff, 

and so on. Clinicians switch between tasks prior to task completion for many reasons, one of which 

is to respond to external prompts. Thus the act of suspending a primary task, having received an 

external prompt, then addressing the task related to the prompt (secondary task) is considered 

externally prompted task-switching, however, for brevity we use the shorter form task-switching in 

this paper. The purpose of this study was to assess the impact of these events on task completion time. 

 

2. State of the art 

The original method of Brown and Dunsmuir, the basic Poisson model, has only been applied in the 

study for which it was developed. Despite the pervasiveness of various manifestations of length bias 

in observational data on clinicians’ work, the issue is almost never discussed in the healthcare 

literature and at times has resulted in studies claiming effects that are potentially just a symptom of 

this bias (Trbovich, Griffin, White, et al., 2010; Wiegmann, ElBardissi, Dearani, et al., 2007). The 

key assumption of the original method, that prompted task-switches occur according to a 

homogeneous Poisson process, is not often satisfied when applied to the typically heterogeneous task-

switching rate observed in clinical work. The Poisson mixture model has been developed to 

specifically capture that heterogeneity in a more appropriate way. It is currently the best available 

method to assess fundamental questions about the relationship between task-switching and efficiency, 

and this study represents its first full scale application to observations from healthcare settings. 

 

3. Objectives and Methods 

The aims of this study were to apply the Poisson mixture model to more than 600 hours of 

observational data on doctors in several hospital settings to assess the impact of task-switching on 

task completion time, and to determine to extent to which that impact differs between settings. The 

model was applied to data from four studies. Of these, two were conducted in emergency departments 

(ED), and the first ED study involved 210 hours of observations on 40 doctors (Westbrook, Coiera, 

Dunsmuir, et al., 2010), while the second followed 36 doctors for 122 hours (Walter, Raban, Douglas, 

et al., 2016) (ED 1 and ED 2, respectively, in Table 1). Another was conducted in intensive care units 

(ICU) at two hospitals with 161 hours of observations on 26 doctors (Li, Haines, Hordern, et al., 
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2015). The fourth study involved 19 doctors observed over 151 hours on four general wards in one 

hospital (Westbrook, Ampt, Kearney, et al., 2008). 

Each study used the same observational methodology, namely a workflow time study 

approach (Lopetegui, Yen, Lai, et al., 2014) implemented with the Work Observation Method By 

Activity Timing (WOMBAT) software on a handheld tablet (Westbrook & Ampt, 2009). Doctors 

were observed directly and time-stamped information about their activities was recorded according 

to predefined task categories. 
 

Table 1. Summary of data sources. 

Study Departments Hospitals Participants Hours 

observed 

Task-switching 

rate (per hour) 

ED 1 1 1 40 210 6.0 

ED 2 1 1 36 122 5.4 

ICU 2 2 26 161 3.5 

Wards 4 1 19 151 2.9 

 

The rate of prompted task-switching is known to vary considerably with factors such as task-

type or between individual doctors (Walter, Li, Dunsmuir, et al., 2014). In the Poisson mixture model 

each task is assumed to have a different task-switching rate per unit time, and those task-specific rates 

are assumed to follow a gamma distribution to capture the heterogeneity of the task-switching rate. 

Hence the task-switching process is conceptualised as a mixture of rates at task level, rather than a 

homogeneous rate as per the original approach of Brown & Dunsmuir (2010). The statistical details 

of the model are described by Walter, Brown & Dunsmuir (2016), but we give a brief outline here. 

The Poisson mixture model estimates the expected mean task lengths, 𝜇𝑘, for a given number 

of task-switches, 𝑘 , under the assumption that task-switching has no effect on task length. The 

estimator of the mean for each value of 𝑘 is based on a ratio of sample moments, and the expected 

variance of task lengths, �̃�𝑘
2, is calculated in a similar way, 

 

𝜇𝑘 =
∑ 𝑡0𝑖

𝑘+1(1+𝛽𝑡0𝑖)−𝑘𝑛0
𝑖=1

∑ 𝑡0𝑖
𝑘 (1+𝛽𝑡0𝑖)−𝑘𝑛0

𝑖=1

 ;  �̃�𝑘
2 =

∑ 𝑡0𝑖
𝑘+2(1+𝛽𝑡0𝑖)−𝑘𝑛0

𝑖=1

∑ 𝑡0𝑖
𝑘 (1+𝛽𝑡0𝑖)−𝑘𝑛0

𝑖=1

− 𝜇𝑘
2. 

 

From this it can be seen that estimates of the expected lengths of tasks with one or more task-switches 

are derived from lengths of tasks unaffected by tasks switching, represented by 𝑡0𝑖, of which there 

are 𝑛0  such tasks. In addition to being impervious to any task-switching effect, these tasks 

conveniently also tend to be the most numerous. To obtain a value for the 𝛽 term, an intercept only 

negative binomial model is fitted to the task level data and the estimated overall rate �̂� and dispersion 

�̂� are used to estimate 𝛽 using �̂� = �̂�/�̂�. These expected mean and variance estimates then enable 

comparison of observed mean task lengths, �̂�𝑘, and expected mean task lengths via a standard Z test 

(assuming asymptotic normality for sufficiently large samples): 

𝑍 =
�̂�𝑘 − 𝜇𝑘

√�̃�𝑘
2/𝑛𝑘

 

 

where the denominator is the standard error (SE) of expected task lengths. When calculating observed 

task means, the length of each task completed in fragments is considered to be the sum of those time 

fragments. A significant p-value provides evidence that task-switching has an effect on the time taken 

to complete tasks.  

Since the four datasets also contained information on multitasking, adjustment was made to 

avoid multiple counting of time due to overlapping tasks and to avoid multiple counting of task-

switches where they occurred during two or more tasks progressing simultaneously. Although some 

individual tasks had more than 10 instances of task-switching these were very rare and analyses were 

restricted to tasks with up to three task-switches.  

 

 

4. Results 
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There was no evidence of a task-switching effect for the first ED study. Specifically, there was no 

difference in observed and expected task lengths for tasks with one switch, while for tasks with two 

or three switches differences went in opposite directions and neither was significant (Table 2). In 

contrast, observed task lengths in the second ED study were significantly shorter than expected for 

tasks with either one or two task-switches. In the ICU data, observed tasks were shorter than expected 

for all numbers of task-switches considered, but this was only significant where there was one task-

switch despite large absolute and relative differences for two or three switches. Similarly for doctors 

on general wards, observed task lengths were shorter than expected but this was only significant for 

tasks with one task-switch. 

 
Table 2. Application of the Poisson-mixture model to assess the effect of task-switching on task completion time. 

Data 

source 

Number of 

task-switches 

Number 

of tasks 

Mean task length Comparison 

Observed Expected (SE) % Difference Z score P-value 

ED 1 1 519 193.7 193.7  (10.6)  0.0 -0.003 0.997 

 2 153 315.8 308.8  (25.2)  2.2  0.3 0.78 

 3 62 369.3 418.4  (45.9) -11.7 -1.1 0.29 

ED 2 1 521 116.9 162.9  (10.9) -28.2 -4.2 <0.001 

 2 72 198.2 321.8  (41.7) -38.4 -3.0 0.003 

 3 18 424.4 465.2  (98.9) -8.8 -0.4 0.68 

ICU 1 375 133.3 181.6  (16.7) -26.6 -2.9 0.004 

 2 26 233.5 408.0  (107.6) -42.8 -1.6 0.11 

 3 10 337.0 672.3  (230.6) -49.9 -1.5 0.15 

Wards 1 274 208.6 360.5  (42.2) -42.1 -3.6 <0.001 

 2 21 448.0 805.3  (226.6) -44.3 -1.6 0.11 

   

5. Discussion 

This study represents the first application of a unique statistical method that assesses a fundamental 

question in the observational study of clinical work. These results indicate a shortening of tasks in 

the presence of task-switching in three out of the four settings, while there was no significant evidence 

that tasks increased in length due to task-switching in any setting. The statistically significant 

decreases ranged in magnitude from 46 seconds to two and a half minutes and relative decreases from 

26.6% to 42.1%. These effects represent considerable changes within a clinical work environment.  

The results suggest no immediate loss of efficiency due to task-switching. Rather the findings 

suggest the opposite, since time costs related to task-switching appear overshadowed by some other 

mechanism that decreases task length. The authors of the first ED study suggested that a shortening 

effect may indicate that doctors compensate for a perceived loss of time due to task-switching 

(Westbrook, Coiera, Dunsmuir, et al., 2010) and this has also been indicated in experimental studies. 

Monk (2004) found that resumption times were faster on average with increasing numbers of 

interruptions, and frequent interruptions did not result in increased task length. Also, several studies 

found a decrease in the lengths of interrupted tasks with no loss of quality (Mark, Gudith & Kocke, 

2008; Zijlstra, Roe, Leonova, et al., 2010), while others found a similar decrease only for simple tasks 

but not for complex tasks (Burmistrov & Leonova, 2003; Speier, Valacich & Vessey, 1999).  

Rushing or corner cutting to compensate for having to switch tasks to deal with prompts would 

clearly be a safety issue as it could increase the risk of various forms of error. However, the 

experimental evidence discussed above suggests that task shortening occurs in scenarios of relatively 

low cognitive load without loss of quality, while task lengths do not shorten under high cognitive 

demand. In other words, there is more flexibility to vary the pace of work when there is spare 

cognitive capacity. A similar phenomenon has been observed in other occupational settings where 

the work rate varied in response to time constraints (Latham & Locke, 1975).  

The results of this study may therefore represent doctors adjusting to evolving workload 

demands, in the form of prompts, under largely manageable cognitive load conditions. Healthcare 

professionals are known to use strategies to manage work demands through interleaving, prioritising 

and sequencing of tasks (Grundgeiger & Sanderson, 2009). They are likely habituated to the typical 
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prompt types and have honed strategies over time to deal with them, thus mitigating their cognitive 

impact. The lack of evidence of a task-switching effect for the first ED study may be related to 

workload. Although workload measures were not available across settings for comparison, the first 

ED study had the highest interruption rate, a measure associated with workload (Weigl, Müller, 

Vincent, et al., 2012).  

The experiments cited above reported an increased emotional cost, despite participants 

maintaining their quality while working quicker. This included increases in perceived effort (Zijlstra, 

Roe, Leonova, et al., 2010), stress, frustration and time pressure (Mark, Gudith & Klocke, 2008). So 

although the observed task shortening may indicate resilient and flexible clinical practice, task-

switching could still contribute indirectly to error risk through its influence on affective state. 

 When interpreting these results it is important to consider the way in which task intervals are 

delineated during the observation process (Walter, Dunsmuir & Westbrook, 2015). There may be 

differences in the way observers and doctors perceive the start, end and switch points of tasks. 

Therefore the mechanics of data collection may influence estimated task-switching effects and this 

needs to be taken into consideration in the design of future studies. 

The combination of the Poisson mixture model and Z test, has some strengths and limitations. 

The power to detect task-switching effects is limited by the sample, 𝑛𝑘, of tasks for each number of 

task-switches. As seen in Table 2, tasks with one switch are the most numerous and this rapidly 

decreases for tasks with two or three switches. A small number of tasks results in a smaller Z score, 

and hence reduced significance of the comparison test, despite the absolute difference often being 

considerable. On the plus side, the method has the potential to be applied to events other than 

externally prompted task-switching. It could easily be applied to other forms of task-switching since 

clinicians frequently switch between tasks of their own volition, that is, internally prompt task-

switching. Also it could be applied to events that don’t necessarily cause a task to be completed in 

fragments, for example, it could assess the effect of multitasking on task completion time.  

Another important result of this study is that it highlights several directions for further 

research. Given the potential for task-switching to have variable effects on different task types or on 

different individuals, analyses stratified by such factors would provide more nuanced detail about the 

impact of task-switching. The experimental evidence indicating that cognitive load can modify the 

effect of task-switching on task length suggests a need for explicit workload assessment to determine 

the influence of high and low workload on task-switching effects. 

 

6. Conclusion & perspectives 

This study addresses a persistent gap in knowledge about the impact of interruptive events on 

clinical work. While the results give a strong and consistent indication of the effects of prompted 

task-switching on task length, they do not give a comprehensive picture of their safety and 

efficiency implications. It may be that we have evidence of resilient practice where clinicians adapt 

to constantly evolving demands, rather than cutting corners or rushing. That tasks appear to get 

shorter when they are fragmented by task-switching across multiple settings is a significant result, 

but this opens up many questions, providing impetus and direction for further inquiry. In particular, 

how task-switching has differential impacts across task types, individuals and workload intensities, 

and the role of the observation process in influencing estimated results.  
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Chapter 8

Discussion

8.1 Summary

The work of clinicians in hospitals is driven by forces at many levels. It is often

fragmented, can evolve in unpredictable ways, and is performed within time and re-

source constraints. At face value this throws up questions about the quality of care

when doctors and nurses are working under cognitively taxing, safety critical condi-

tions. The disruptive and fragmented nature of clinical practice intuitively suggests

a need to focus on the potential for negative outcomes. However, the complexity of

such work, as yet not fully fathomed, demands an appropriately nuanced approach

to its study, in terms of how we conceptualise that work and how we observe it and

analyse it. This thesis set out to promote improved understanding of the patient

safety implications of the clinical work process. Through augmenting the concep-

tual nuance underpinning the quantitative study of clinical work, and enhancing

the appropriateness and sophistication of observational and statistical approaches,

this research has generated results with greater granularity and clinical-relevance,

and has examined important aspects of clinical work not previously quantified. In

addition to the contribution of these original findings, this work also provides a foun-

dation for increased rigour in the quantitative observational study of clinical work.

In this chapter the key contributions of this research are discussed in reference to

the thesis objectives followed by some final concluding comments.

8.2 Original contributions

The critical review in chapter 2 of observational and statistical methods used in

the study of clinical work was a natural start point for the thesis and addressed
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the first thesis objective. Moreover, it was an important discourse to contribute

to the literature. Several authors have provided editorial discussion of some of the

methodological challenges facing the study of clinical work, including issues relevant

to the predominant quantitative observational approaches (Coiera, 2012; Westbrook,

2014; Grundgeiger et al., 2016). However, there is little detailed theoretical or prac-

tical discussion of these challenges. The known issues with observational studies

in general (Sauerbrei et al., 2014) are all the more relevant in this field given the

complexity of clinicians’ work in hospital settings. The article in chapter 2 partic-

ularly highlights the many statistical issues that have a significant bearing on the

validity of study results, but are often not addressed. It also offers some of the

first detailed practical discussion of ways to address these issues in order to bring

more rigour to the way such studies are designed, carried out and analysed. The

paper has influenced further discussion of methodological issues by other authors

(Grundgeiger et al., 2016), and also forms a basis for ongoing work by the candidate

and collaborators in developing theory and practical techniques to address issues

outlined in, but not covered by, this thesis.

Discussion of the way aspects of clinical work are defined has been ongoing

for two decades. Proposed ways to overcome issues of inconsistency and impreci-

sion in definitions has tended to focus on moving towards consensus on universal

definitions, particularly a universal definition of an interruption (McFarlane, 1997;

Brixey et al., 2007; Sasangohar et al., 2012). In addressing the second thesis ob-

jective, a fundamental contribution of this work was the proposal of an alternative

idea: that universal definitions are neither possible nor of practical use, but should

be context-specific and as precise as possible. Based on this idea, the development

and application of a context appropriate system of terms and definitions in this

thesis represents a significant advance on previous conceptualisations of the clinical

work process. The construction of clinical work as a series of states and transitions

between those states forms building blocks from which clinically relevant definitions

could be developed, such as the prompt-response process applied in chapters 4 and

5. It allows many existing definitions from both experimental studies and health-

care contexts to be mapped onto specific sequences of states and transitions. It also

supports a whole suite of analytic techniques applicable to series of states that have

not been applied to clinical work, including Markov models, Bayesian networks and

queueing theory.

In many fields of inquiry involving complex human systems, proportionally com-

plex quantitative techniques are used. For example, the proliferation of machine
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learning techniques being applied to medical diagnosis or online consumer behaviour.

In contrast, the methods used in the quantitative study of clinical work have largely

been at the simple end of the analysis spectrum relative to the complexity of the set-

ting. In line with the third objective, this thesis has proposed new ways of analysing

data from observations of clinical work and has implemented existing techniques in

novel ways in order to progress the analytic standards and possibilities in the field.

Fundamental ideas about validity were reinterpreted in the context of studying clin-

ical work through workflow time studies, including the need to capture and account

for the array of potential confounders at multiple levels of the work system, and

to address multiple forms of correlation within outcome measures. The thesis also

contains one of the first, if not the first, applications of nonparametric regression

to the analysis of clinical work. This highlights the facility of such techniques for

exploratory analysis in generating a more granular understanding of clinical work

from which targeted hypotheses can be derived.

The developments in the statistical analysis of workflow time study data com-

bined with the new conceptualisation of clinicians’ work has generated important

new evidence about everyday clinical work practices in line with the fourth thesis

objective. In particular, results from the applied studies in chapters 4, 5 and 7

are unique in terms of the number of factors examined at multiple system levels,

the comparison of effects between hospital settings, and the fact that they address

important, but barely explored, research questions. The papers in chapters 4 and 5

both identified a diverse set of factors that had a significant influence on clinicians’

strategies to handle external prompts. These included aspects of individual tasks,

characteristics of observed clinicians and those they interact with, temporal factors,

preceding strategy choices, and the clinician’s physical location within the work en-

vironment. Such quantitative identification of factors at multiple levels had not pre-

viously been done. The latter study also provided the first detailed characterisation

of a broad range of clinicians’ strategies - task-switching, multitasking, acknowledge-

ment, etc. - as made possible by the development of the prompt-response concept.

Also in that study, prompts were observed to be a central conduit for advice pro-

vision and information transfer. The study in chapter 7 is one of the very few to

assess the effect of task-switching on task completion time and is the first to do so

across multiple hospital settings. The observed reduction in average task length in

the presence of task-switching was interpreted in light of experimental evidence as

indicating that clinicians adjust their rate of work in response to evolving workload

demands.
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Two main themes have emerged from the findings of the three applied studies.

First, the results underscore the point made in the introductory chapter: that clinical

work in hospitals occurs in complex settings, where there are many interrelated

factors influencing clinicians’ work at multiple levels. Secondly, there is emerging

evidence against the predominant perception that the disruptive aspects of clinical

work are negative. Rather, to some extent they may perform important functions

in the delivery of quality care under time and resource constraints, and clinicians

may be resilient to their potential to contribute to error or inefficiency.

8.3 Conclusions

The study of clinical work processes is a unique area of research that lies at the

intersection of many disciplines. Advancing our understanding of the patient safety

implications of the disruptive aspects of these processes requires generating evidence

via multiple methods of inquiry, both qualitative and quantitative. The quantitative

observational approach, particularly the workflow time study, has vast potential to

contribute important knowledge, but has been underexplored due to the method-

ological challenges of studying complex uncontrolled settings. This thesis has made

significant progress in addressing those challenges. Through the application of im-

proved observational and statistical methods it has progressed debates about the

conceptualisation of clinical workflow, identified factors that influence clinicians’

strategies to manage disruptive events in a range of healthcare settings, and better

quantified the impact of interruptions on task completion time. This has provided

a more sophisticated understanding of the relationships between work behaviours,

work efficiency and error production. Moreover, the methodological progress enables

future creation of knowledge necessary for safety improvement.
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Appendix A

Study documents

A.1 Ethics approval letters

The data used in the analysis in chapter 5 comes from a broader study of emergency

department doctors conducted in a large tertiary hospital in Sydney, Australia.

Ethics approval for the study was first sought from the relevant human research

ethics committee overseeing the hospitals in the area, and final approval was granted

in May 2014. Approval was then sought from the research governance office of

the hospital itself which was subsequently granted in June 2014, after which time

observations were able to commence. Copies of both approval letters are included

in this section.
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Mt Health
South Eastern Sydney
Local Health District

RESEARCH SUPPORT OFFICE

25 June 2014

Mr Scott Walter
Australian lnstitute of Health lnnovation
Level 1 AGSM Building
University of NSW, NSW 2052

Room G71, East Wing
Edmund Blacket Bldg

Prince of Wales Hospital
Cnr High & Avoca Streets

RANDWICK NSW 2031
Tel: (02) 9382 3587

Fax: (02) 93822813

Dear Mr Walter

RE: SSA Ref: 14tGt129
HREC / AURED Ref: l31310 HREC/13/POWH/674
Project Title:
Settings.

Clinicians' Strategies to Manage Work in Emergency Gare

I refer to your Site Specific Assessment application for the above titled project. I am pleased
to advise that on 23 June 2014, the Director of Operations granted authorisation for the above
project to commence at the Prince of Wales Hospital.

The following conditions apply to this research project. These are additional to any conditions
imposed by the Human Research Ethics Committee that granted ethical approval:

1. Proposed amendments to the research protocol or conduct of the research which may
affect the ethical acceptability of the project, and are submitted to the lead HREC for
review, are copied to the Research Governance Officer.

2. Proposed amendments to the research protocol or conduct of the research which may
affect the ongoing site acceptability of the project are to be submitted to the Research
Governance Officer.

lf you have any queries relating to the above please contact the Research Support Office on
9382 3587.

Yours sincerely

Dr Tali Leizer
Research Governance Officer

Prince of Wales Hospital
Community Health Services

Barker Street
Randwick NSW 2031

NSW
GOVERNMENT

SSA 14-129 - Mr Scott Walter - Approval Ltr 25-6-2014.doc
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A.2 Study protocol

As part of the ethics approval process, it was necessary to prepare a detailed study

protocol describing objectives, all aspects of the design, the proposed statistical

analysis as well as safety considerations including confidentiality. The document

included in this section of the appendix is the final approved protocol.
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Summary 
 

Title Clinicians’ strategies to manage work in emergency care settings 

Protocol version Version 3 – 11th April 2014 

Primary objectives 1. To determine how the type of prompt affects which work 
management strategy a clinician uses in response. 
 

2. To assess the relationship between workload and the use of 
work management strategies.  
 

3. To examine the aspects of work that may contribute to the 
occurrence of memory lapses. 
 
4. To compare the rate of prescribing errors in the presence vs. 
absence of external prompts. 
 
5. To assess the influence of Working Memory Capacity and 
polychronicity on the selection of work management strategies. 
 
6. To determine the effect of workload in modifying the relationship 
between Working Memory Capacity and work management 
strategies  

Secondary objective 1. To use the collected data to develop new quantitative 
approaches for analysing observational time and motion data. 

Study design Single site observational time and motion study of emergency 
department doctors 

Duration of the study Data collection:             May-Oct 2014 
Analysis and write up:   Oct 2014 – Dec 2015 
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1. Background 
 
    1.1 General background 
 
Hospital work involves many competing demands that clinicians need to manage, including 
safety, efficiency and quality of care. This is even more apparent in critical care settings such 
as the emergency department. This balancing act requires constant decisions about how 
best to manage work, a part of which involves dealing with interruptions and performing 
tasks concurrently, or multitasking. 
 
Research from the field of experimental psychology has shown that interruptions can have 
negative effects, including increased error, stress, and task completion time (1-3). However, 
despite the many studies on doctors’ and nurses’ work, our understanding of interruptions 
and multitasking in clinical work is far from complete (4). Studying these aspects of work is 
almost prohibitively complex and the majority of studies to date have been largely descriptive 
or have examined relatively simple associations. 
 
Some recent studies have begun to offer an expanded view of interruptions and multitasking 
that focuses on particular actions taken by clinicians in response to prompts in the 
environment, for example questions from other staff, phone calls, pager calls, etc. Based on 
possible response strategies proposed by others (5-8), we define four observable work 
strategies which clinicians use in response to prompts, namely task-switching, multitasking, 
task deferral and deflection. Under this framework, an interruption as an externally driven 
event is reconceptualised as task-switching, a strategy determined by the clinician in 
response to a prompt. In this case the prompt triggers the clinician to switch from one task to 
another. Multitasking, that is, concurrent task performance, may be triggered by a prompt or 
may be initiated by the clinician. This is a lesser studied phenomenon in clinical settings and 
those studies that exist are mostly descriptive. Deferral is the postponing of action while 
deflection is the repulsion of a task, both of which are typically achieved by a short 
communication: “I’ll do it later” or “ask doctor X to do it”. Neither of these strategies have 
been studied in detail. Understanding the full spectrum of strategies that clinicians use to 
juggle competing demands is important for the development of improvements to clinical work 
management practices, including error mitigation. 
 
    1.2 Rationale for performing the study 
 
This study builds on previous work by the principal and co-investigators (9-12) to examine all 
observable work management strategies, not just task-switching and multitasking, in order to 
gain a more comprehensive understanding of the flow of work, the ways in which clinicians 
manage it, and the potential for adverse outcomes to occur as a result. The observational 
time-and-motion approach used in these previous studies will be applied to the proposed 
study to collect new data and answer distinct research questions.  
 
A recent study by the investigators used the idea that upon being prompted, clinicians have 
a range of response options (9). Using the same idea, but also capturing all observable 
strategies as well as more detail on prompts, we can gain a more complete picture of the 
determinants of what strategy a clinician uses in a given situation. If particular strategies are 
associated with potential for error then identifying factors that initiate those strategies can 
inform the design of safer work practices. 
 
Error mitigation is often the motivating focus in studies of clinicians’ work strategies. Several 
studies have noted ecological associations between task-switching rates and error rates, but 
determining association between particular tasks (or sequences of events) and particular 
errors is much more complicated, only one study has attempted to do so in a clinical setting 
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(11). A form of memory lapse that is observable within the proposed approach of this study 
is failure to follow up on deferred action. A clinician may deal with a prompt by deferring 
some kind of action until a later time, however, due to events in the intervening period the 
clinician may forget to follow up on the promised action. A diary study of German nurses 
reported an association between interruptions and forgetting of intentions (13), however, this 
association has not been examined among doctors nor in critical care settings. We also 
intend to examine failures to resume suspended tasks as another form of memory lapse.  
 
Prescribing errors are another observable outcome and are a relatively frequent occurrence 
in hospitals, including the ED.(14-18) Such errors have the potential to negatively impact 
patient safety (17, 19-21). The investigators have previously documented prescribing errors 
on wards across a number of hospitals in Sydney (17, 22). Since the risk of prescribing error 
may be increased by the occurrence of prompts during a prescribing task(15, 16, 23), this 
study will build on previous work to examine this relationship. Several ED performance 
indicators measure the provision of timely treatment to patients. Time to analgesia is one 
such indicator, and may be negatively impacted by the frequency and nature of external 
prompts. This relationship will be examined alongside the assessment of prescribing errors.   
 
In previous work, a high level of variation between the way individuals handle prompts has 
been observed (9), and some of this variation is likely due to individual differences. Working 
memory is broadly defined as a general-purpose system responsible for actively maintaining 
task-relevant information in the face of external distractions (24-26). Individuals high in 
working memory capacity (WMC) are not only better able to maintain information in the focus 
of attention, but they can also more efficiently retrieve information that has been momentarily 
displaced due to disruption (27-29). WMC has been implicated in task performance after an 
interruption (30), and the efficiency with which individuals multi-task (31). This suggests that 
WMC might influence the work strategies employed by ED doctors.  
 
A number of studies have examined the role of workload in work management strategies. A 
study of medical and surgical doctors found that self-reported workload was significantly 
associated with the interruption rate (32). Another study from a Canadian hospital also found 
a strong association between interruption rates and department level workload measured as 
the average time from patient registration to doctor assessment (33). Both reported 
associations at an aggregated level, but were not able to provide insight into the possible 
direction of association or the mechanisms by which workload affects the prompt-response 
process or vice versa. There is also evidence to suggest that people opt for less cognitively 
demanding strategies when under load (34, 35). Thus it is not clear whether workload is 
associated with the overall number of prompts, whether it modifies the way clinicians use 
strategies, or some combination of both. Since both workload (36) and task-switching (11) 
have been associated with error, examining the relationship between these factors is a 
necessary part of understanding causes of error and will allow changes to clinical work to 
appropriately targeted. 
 
 

2. Study objectives 

 
    2.1 Primary Objectives 
 
1. To determine how the type of prompt affects which work management strategy a clinician 
uses in response. 
 

2. To assess the relationship between workload and the use of work management 
strategies.  
 

3. To examine the aspects of work that may contribute to the occurrence of memory lapses. 

128 Appendix



 

Clinicians’ Strategies to Manage Work in Emergency Care Settings, HREC ref. 13/310, Study Protocol v3.1 – 9 May 2014 6 
 

 
4. To compare the rate of prescribing errors and time to analgesia in the presence vs. 
absence of external prompts. 
 
5. To observe the influence of Working Memory Capacity and polychronicity on the selection 
of work management strategies. 
 
6. To determine the effect of workload in modifying the relationship between Working 
Memory Capacity and work management strategies  

 
    2.2 Secondary Objectives 
 
There is much scope for more sophisticated quantitative analysis techniques in this field and 
developing such techniques is an important way to further our understanding of the complex 
systems under study. Hence a secondary aim of the study is: 
 

1. To use the collected data to develop new quantitative approaches for analysing 
observational time-and-motion data. 
 
 

3. Study Design 
 
    3.1 Design 
 
This is an observational time-and-motion study in which features of the work of ED doctors 
will be recorded by observers using the Work Observation Method by Activity Timing 
(WOMBAT) system. This approach has been used in a number of studies to date to examine 
various aspects of clinical work practices (10-12, 37). The WOMBAT system allows the user 
to define a customised set of dimensions (e.g. task type) and categories within each 
dimension (e.g. direct care, documentation, etc.). The dimensions and categories designed 
specifically for this study are detailed in section 3.4 below. Observers will shadow doctors 
and record time stamped information about tasks, prompts and response strategies.  
 
Observations will be carried out on doctors working in the acute section of the ED during day 
shifts. The focus on the acute setting rather than fast-track is more likely to capture 
variations in work intensity.  Observation sessions will cover the last two hours of a shift, 
including the completion of the shift, to enable the identification of non-resumed tasks or any 
action that is deferred but not followed up by shift’s end. 
 
Where prescribing is observed, those medication charts will be reviewed at a later time for 
any prescribing errors and analgesic prescriptions. Short, one-off, computer-based tests of 
working memory capacity and polychronicity (the propensity to multitask) will be 
administered at a time convenient to the participant. 
 
    3.2 Setting and Participants 
 
This study is intended to be conducted in the Prince of Wales Hospital ED. Observations will 
be carried out on ED doctors who have agreed to participate. The only inclusion criteria are 
for participants to be working as residents, registrars or consultants/staff specialists in the 
ED at the time the study is carried out, are willing to give written informed consent and are 
willing to participate in and comply with the study. Interns will be excluded from the study. 
 
 
    3.3 Duration 
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Data collection is proposed to take place between May and October 2014. Analysis and 
preparation of manuscripts for peer-reviewed journals is then intended to commence by 
October 2014 and to be completed by December 2015. 
 
    3.4 Data collection 
 
          3.4.1 Observation with WOMBAT system 
 
The WOMBAT system allows data collection fields to be tailored to the particular study prior 
to commencing observations. Essentially any number of categorical variables, or 
dimensions, can be predefined, each comprising any number of categories. The dimensions 
and categories in Table 1 build upon those used in previous studies, while being customised 
to the aims of this study. They have been chosen to be clinically relevant as well as being 
easily identified (i.e. with minimal ambiguity) by observers when observing doctors’ work. 
The frequency with which tasks of a particular type were observed to occur in a previous ED-
based study has informed the grouping of categories and sub-categories in this study so that 
the more frequent task types require the least number of screen ‘clicks’ to record. 
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Table 1. Dimensions, categories and sub-categories to be used for data collection in 
the WOMBAT system. 
 

Dimension Category Sub-category 

Task type* Direct care  
 Indirect care  
 Documentation  
 Clinical communication  
 Management communication  
 Social communication  
 Prompt – advice  
 Prompt – action  
 Prompt – other communication  
 Prompt - other Phone 
  Equipment alarm 
  MET call 
 Prescribing  
 Other Other communication 
  Supervision 

On break 

With Whom* Consultant 
Registrar 
Resident/Intern 

 

 Nurse  
 Patient  
 Relative 

Ambo 
 

 Other Pharmacy 
Allied Health 
Admin 
Security/Police 
Other 

 No one  

With what Mobile 
Landline 
Computer 
Paper 

 

Med chart sections Once only 
 
 
 
 
PRN 
 
 
 
 
 
 
Regular 1 
 
 

Line 1 
Line 2 
Line 3 
Line 4 
Line 5 
Line 1 
Line 2 
Line 3 
Line 4 
Line 5 
Line 6 
Line 7 
Line 1 
Line 2 
Line 3 

Study protocol 131



 

Clinicians’ Strategies to Manage Work in Emergency Care Settings, HREC ref. 13/310, Study Protocol v3.1 – 9 May 2014 9 
 

Regular 2 
 
 
 
 
 
Other 
 
 
Fluid form 
Insulin chart 
Heparin infusion chart 
PCA form 

Line 1 
Line 2 
Line 3 
Line 4 
Line 5 
Line 6 
Variable dose 
VTE 
Warfarin 
 

Action Deferral  
 Deflection  
* Compulsory dimensions  

 
Rather than include an explicit dimension that records the strategy used in response to a 
prompt, the design is such that strategies can be determined from the data during the 
analysis phase. A prompt will be recorded as a task with a particular duration (prompt type 
shown in table 1). The response strategy will be indicated by what precedes and follows the 
prompting task as follows: 

- Deferral – the task following the prompt is the same as the task preceding the prompt 
and the prompt will be recorded as deferred (see section 3.4.2). 

- Deflection – the task following the prompt is the same as the task preceding the 
prompt and the prompt will be recorded as deflected. 

- Multitasking – more tasks occur in parallel after the prompt than before. 
- Task-switching – the task following the prompt is different to the one preceding it. 

 
          3.4.2 Work related error 
 
One observable way in which prompts may contribute to error is by causing memory lapses. 
For example, suspending a task in order to attend to something else increases the chance 
that that task is resumed at the wrong place in a sequence of steps or that it is not resumed 
at all (38). Along similar lines we plan to record instances in which action is deferred and 
whether the promised action is then followed up or not. Follow up may include handing the 
task over to someone else subsequent to the deferral. It is possible to record the deferral in 
the WOMBAT system, however, it is not practical to also record the follow-up status in a way 
that connects it to the original deferral. These will be therefore concurrently recorded by 
hand with sufficient detail so that completion of the promised action at some later time can 
be identified. Conducting observation sessions so that they encompass the end of the 
doctor’s shift means that any deferred action that has not been followed up can be 
determined with certainty. Since some deferred tasks may have been followed-up in a way 
that was not apparent to the observer, post-shift questioning of the observed doctor will 
ascertain whether outstanding tasks were actually followed up (see question 5 in Appendix 
1). This will also remind the doctor to any forgotten tasks that need to be followed up. 
 
Another type of memory lapse that is easily ascertained from the data is non-resumption of a 
task that is suspended when a clinician switches to another task. Such tasks are recorded by 
the software as still pending by the end of the observation session. Conducting each 
observation session until the end of the shift is also necessary for this kind of error to ensure 
that any tasks recorded as suspended could not have been resumed after the cessation of 
observation. 
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          3.4.3 Prescribing error and time to analgesia 
  
Observable outcomes related to clinical practice are the occurrence of error in the 
prescribing of medications and time to analgesia. There is potential for prompts during 
prescribing to increase the risk of error and for increased prompts frequency during work in 
general to slow down the prescribing of a patient’s pain management. When prescribing is 
observed, this will be recorded in the WOMBAT system as a prescribing task (see Table 1). 
At the same time, details of which sections of the national inpatient medication chart were 
completed during that task will also be recorded with WOMBAT. Whether an “Adult fluid 
form”, “Patient controlled analgesia form”, “Heparin infusion chart” or “Subcutaneous insulin 
chart” was filled in will also be recorded with WOMBAT. The patient MRN on the chart will be 
noted by hand on a separate sheet. The MRNs for subsequent prescribing tasks will be 
noted in consecutive order on the sheet during an observation session.    
 
At the end of each observation session, data will be uploaded from the WOMBAT system 
and an identifier for each prescribing task will be assigned. This identifier will also be 
recorded on the sheet containing the MRNs. The prescribing tasks in the WOMBAT data can 
be matched to the MRNs by the fact that both appear in time order within the observation 
session. The sections of the medication charts where prescribing was observed will be 
reviewed for errors and analgesic prescriptions  at regular intervals.  
 
The review of medication charts will be carried out by a hospital ED pharmacist. The hospital 
pharmacist will be provided with a list of MRNs and medication orders to review at regular 
intervals. The medication charts will be requested from medical records. The hospital 
pharmacist will also refer to the relevant patient clinical notes in the electronic ED patient 
records. Hospital pharmacists regularly access patient clinical notes in the course of their 
work to assess medication appropriateness. For example, the pharmacist needs to check a 
patient’s renal function in order to check that a medication dose is therapeutic and not toxic.   
 
Errors will be categorised according to the error classifications shown in Appendix 2, which 
has been used by the investigators in an earlier published multi-centre prescribing error 
study in Sydney (17). The patient’s year of birth will be noted from the records so that patient 
age can be adjusted for in the analysis since older patients have more complicated 
medication regimens and may be more at risk of clinical prescribing errors. Additionally, the 
time of presentation to the ED and the time at which analgesics were administered will be 
noted so that the time to analgesia variable can be calculated.  Details of the reviews will 
initially be recorded on paper format and subsequently transferred and stored in an 
electronic file using only the study-specific identifier, not the MRN. This information will then 
be matched (via the study-specific identifier) with the prescribing tasks in the WOMBAT data 
in preparation for analysis. The sheets on which the MRNs were written will be stored in a 
locked cabinet at UNSW inside a security monitored building. This paper-based information 
will be destroyed after the study completion. No patient identifiers other than the MRN and 
year of birth will be recorded and no MRNs will be stored in electronic form at any time. 
 
          3.4.4 Workload 
 
Workload has been shown to affect clinicians’ work including the use of work management 
strategies. Workload has been associated with the rate of task-switching in two different 
studies, one of which was conducted in an ED (32, 33). Also it has been suggested that 
task-switching is favoured over multitasking in situations of high workload (34) and that high 
workload can increase the risk of error (36). Hence it is important to adjust for the effects of 
workload in the assessment of the primary study objectives.  
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The previous study of work in the ED used the number of daily presentations as a measure 
of work load (10). However, this did not appear to be associated with any aspects of the 
work process. Measures of work intensity at a higher temporal resolution may be required. 
The first proposed measure in this study is the time-specific number of patients in the ED 
system stratified by triage category. This is a measure of departmental load and improves on 
the number of daily presentations in that it takes into account temporal variation and includes 
a measure of case severity. This will be obtained by extracting data from the ED’s patient 
administration system after the completion of the observation phase. The data will be 
patient-level (i.e. one record per patient visit), but only information about time and date of 
arrival, time of discharge/admission, and triage category will be required. MRN is not 
necessary for this data and will be replaced by an alternative identifier that, once assigned, 
cannot be used to reconstruct the MRN. Hence the researchers will have no access to the 
MRNs on this data at any point. Any reporting on this data will only be in via summary 
statistics and aggregated counts. Data relating to each session will be extracted and merged 
with the WOMBAT data at the commencement of the analysis so that the time specific 
workload measures can be synchronised with the dates and times of data collection 
sessions. 
 
An even higher resolution measure of workload is the observed clinician’s time-specific heart 
rate variability (HRV). This has been shown to be an indicator of workload in comparable 
settings (39-42). Participating doctors will be required to wear a wrist watch style heart rate 
monitor and a sensor mounted on a chest strap (Polar RS800CX) for the time that they are 
under observation. This will record a time stamp for each heart beat from which an estimate 
of HRV at any given time can subsequently be calculated. Other measures have been used 
for the same purpose, however, HRV is less affected by general exertion than heart rate and 
is easier to measure continuously than both galvanic skin response and blood pressure.  
 
          3.4.5 Working memory capacity and polychronicity 
 
Both working memory capacity (WMC) and polychronicity are potential individual-level 
factors that may influence the way an individual manages external prompts. WMC will be 
assessing using the procedure recommended by Unsworth, Heitz, Schrock and Engle (43). 
The battery consists of one computer-administered task taking approximately twenty 
minutes. The test is called the Automated Operation Span Task, and is administered using 
the Inquisit Lab Software (44). On each trial, participants see an alternating sequence of 
arithmetic equations (e.g., 3 + 2 = 5) and to-be-remembered consonants. The participants 
have to judge the correctness of the equation and encode the following consonant for 
subsequent recall. The trials consist of three sets of each list size, with the list sizes ranging 
from 3 to 7. This makes for a total of 75 letters and 75 sums. Recall on each trial consists of 
clicking the box next to the appropriate letters in the correct orders. Recall is untimed. This 
version of the Operation Span test correlates well with other measures of WMC, and has 
both good internal consistency (α = .78) and test-retest reliability (.83) (43). Since WMC 
changes with age it will be necessary to record the age of each participant in years. 
 
Polychronicity is defined as the extent to which people prefer to be engaged in two or more 
tasks at a time and believe that their preference is the best way to complete tasks (45). This 
preference has been related to dimensions of personality (46), performance under pressure, 
changing deadlines (47), and a sense of time urgency (48). Specifically, individuals who are 
polychrons are likely to demonstrate higher levels of multi-tasking behaviours than 
monochrons. 
 
Polychronicity will be assessed using an adapted version of the Inventory of Polychronic 
Values (IPV) [Appendix 4] (45). Participants respond to ten items rated on a seven-point 
Likert scale ranging from ‘Strongly Agree’ (7) to ‘Strongly Disagree’ (1). Five of the ten items 
are reverse-scored to account for acquiescence bias. An example item from the scale is “I 
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like to juggle several activities at the same time”. The median internal reliability for the scale 
across nine samples was 0.84, with the test-retest reliability estimates ranging between 0.78 
and 0.95. 
 
          3.4.6 Other performance related factors 
 
Fatigue is associated with performance (49) and is potentially associated with a clinician’s 
choice of strategy for a given prompt. Hence it is considered an important factor to adjust for 
in the analysis phase. As all observation sessions will cover the last two hours of the day 
shift, there will be no variation in fatigue levels due to time of shift. However, there may be 
variation between doctors and between observation sessions for the same doctor. An 
assessment of fatigue corresponding to each observation session will be collected via a 
series of questions asked at the end of each observed shift (see Appendix 1). While 
considerable research has gone into the measurement of fatigue in motor vehicle drivers, 
there is no clear consensus about the best continuous measures of fatigue and those in use 
could not be implemented in the ED setting without impairing doctors’ ability to work. 
 
 

4. Study outline 
 
    4.1 Investigation plan 
 
1. Obtain ethics approval from both PoW and UNSW HRECs 
 
2. Conduct information sessions for potential participants 
 
3. Obtain consent and enrol those doctors who agree to participate 
 
4. Practice use of the WOMBAT tool with the dimensions and categories listed above to 
ensure accuracy and internal consistency for the actual data collection. In this phase the 
physiological monitoring device will also be tested in conjunction with WOMBAT 
observations to ensure accurate time synchronisation of the two data recording processes.  
 
5. Carry out observation sessions on participating doctors and perform one-off working 
memory capacity and polychronicity tests. Periodically review medication charts during this 
period. 
 
6. Data cleaning, analysis and preparation of publications 
 
    4.2 Study procedure risks 
 
It is possible that being observed may cause some doctors to feel uncomfortable. This will 
be addressed by providing comprehensive information about the study prior to obtaining 
consent and by making it clear that participants may withdraw at any time, and having 
withdrawn may request their data to also be withdrawn. Another possible risk is that 
individuals may be identified with particular memory lapses. This will be mitigated by only 
recording participants in the data via their study ID number. Also both the data and any 
documentation linking ID numbers with other personal information will be kept on password 
protected servers at UNSW. Any publications will only report data aggregated in such a way 
that re-identification of an individual is not possible. 
 
Wearing a heart rate monitor may be unfamiliar or distracting for some participants. If that is 
the case they may withdraw from this component of the study at any time while still 
participating in observation sessions. 
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This study will review medication charts in order to identify prescribing errors. Thus, a 
situation may occur where a prescribing error is identified which has the potential to cause 
patient harm. This may be immediately after prescribing or at a later stage when the 
assessment is carried out. If this happens, the pharmacist will follow the “serious error 
protocol” which is in line with the approach used by hospital pharmacists during their normal 
work day (Appendix 3).  
 
In order to examine patient medication charts and clinical notes for identification of 
prescribing errors at a time subsequent to the prescribing event, patient MRNs and observed 
chart sections that were completed will be recorded during observations. Aside from MRNs, 
only the year of birth will be recorded. The MRNs will not be kept in electronic form, will not 
appear on the main dataset and will not be reported in any of the research outputs. Paper 
copes of the MRNs will be kept in a locked cabinet inside a secure building at UNSW and 
will be destroyed after study completion 
 
There is also a risk that the prescribing errors identified may be linked to specific doctors. In 
order to reduce this risk, doctors will be assigned a unique identifier during the data 
collection process. Thus, the final datasets will not contain doctors’ names, and the list 
linking names with identifiers will be stored separately from the main data. Doctors will not 
be able to be linked to any errors in any published outputs. 
 
It is also possible that doctors may feel uncomfortable being observed. This will be 
minimized through regular visits to the ED so that the participating doctors are familiar with 
the researchers and study process. Previous experience in similar studies has shown that 
doctors are comfortable being observed. 
 
Working Memory Capacity tests are sometimes experienced as difficult by research 
participants. Items in the test are timed and as such participants only have a limited window 
of opportunity to provide answers. To mitigate unfamiliarity with WMC tests, participants who 
agree to complete the test will be provided with two-three practice items before they 
commence the task. Participants will also be informed that WMC tests are meant to be 
difficult to complete all items correctly in the time allotted, and that they should not be 
concerned if they did not complete all items on the test. This will be included on the 
information statement and reiterated to the participant before they commence the test. 
 
From previous experience, we know that participants often enjoy the opportunity to complete 
intelligence tests of this nature, and also enjoy receiving feedback from these tests. If 
participants request, an individualised report of their WMC test result can be provided to 
them. They may also request a summary of their heart rate monitoring data and work 
observation data (see Participant Feedback Form – version 1). Feed on test results of heart 
rate monitoring will not be provided to anyone other than the individual to whom it relates, 
and even then only on request. 
 
    4.3 Recruitment 
 
In consultation with a senior ED physician at Prince of Wales, information sessions will be 
organised where the details of the study will be described to potential participants and copies 
of the Information for Participants sheet and Consent form will be provided. Doctors not able 
to attend information sessions will be approached individually. 
 
    4.4 Informed consent process 
 
Participants will be given information about the study prior to agreeing to participate (see 
Information for Participants sheet), will give written consent if they agree to participate, and 
will have the option to withdraw at any time without justification (see Consent Form). No 
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coercion, rewards or incentives will be involved in an individual’s decision to participate in 
the study. 
 
    4.5 Enrolment procedure 
 
The participant will be enrolled into the study after the informed consent process has been 
completed and the participant has met the inclusion criteria. The participant will receive a 
study enrolment number and this will be used to identify doctors during data collection. 
 
    4.6 Patient consent 
 
Although patients are not the focus of this study, observed doctors will be instructed to briefly 
introduce observers when possible, to make it clear that observations are focused on the 
doctor and to ask the patient if they consent to the observations continuing during their 
treatment. The recording of MRNs will only occur for the purpose of reviewing medication 
charts. MRNs will not be recorded in the final electronic datasets and paper forms containing 
MRNs will be destroyed at the end of the study.  
 
 

5. Safety 
 
    5.1 Adverse event reporting 
 
An adverse event is defined as any untoward or unfavourable occurrence to a participant 
related to the study. The risk of such an event as a direct cause of this study is highly 
unlikely and no such event has occurred during the many similarly designed studies carried 
out by our research centre. Should any adverse events occur, the researcher will report the 
event to the HREC as required by the National Statement on Ethical Conduct in Research 
Involving Humans. 
 
    5.2 Confidentiality 
 
Data will be recorded in a de-identified way. Any information that can be linked to an 
individual either directly or through re-identification, will be kept on password protected 
secure servers and will only be available to approved study investigators. Results from this 
study are intended to be published in a series of peer-reviewed scientific articles. These 
publications will not identify the site nor individual participants and will only report data on 
work practices in an aggregated form. Information that links participant ID with personal 
identifiers will be permanently deleted as soon as the data collection phase is complete. 
 
    5.3 Conduct during observations 
 
Some patient treatment in the ED takes place behind curtains or in consulting rooms. In the 
instance that a doctor feels the observer’s presence to be inappropriate, they may ask the 
observer to remain outside the curtains or consulting room. If possible, observers will 
continue recording outside the curtain or room based on auditory cues, otherwise they will 
record the period as “direct care”. However, if a patient asks that their treating doctor not be 
observed or the doctor asks that no information be recorded while treating a particular 
patient, then all observations will be suspended until the doctor moves to a task unrelated to 
that patient. If any doctors, observed or otherwise, are performing resuscitation, observers 
will stay sufficiently far from the resuscitation area so as not to impede the resuscitation in 
any way. As a general rule, observers will minimise their impact on both staff and patients as 
much as possible at all times. 
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6. Statistical Considerations 
 
    6.1 Sample size considerations 
 
Due to the observational nature of this study and the complexity of the socio-technical 
context of the ED, traditional sample size calculations to determine a required amount of 
observation time are too simplistic for primary objectives 1 and 2. Various approaches have 
been suggested to calculate sample sizes for multivariate analyses [see for example (50)], 
however, their complexity and reliance on many assumptions makes them difficult to apply 
meaningfully in non-experimental settings. Previous studies carried out using the WOMBAT 
system in settings similar to this study have produced detailed and clinically relevant results 
that have been published in peer-reviewed journals based on between 100 and 500 hours of 
observation time (10-12, 37, 51). The volume of observation time in other clinical 
observational studies ranges from around 30 hours up to several hundred. Hence to meet 
the study objectives within time and resource constraints we propose to carry out 100 hours 
of observations over approximately 50 sessions. Based on the frequency of task-switching 
and multitasking reported in previous studies, coupled with our intention to record two 
additional strategies (deferral and deflection), it is expected that the proposed 100 hours of 
observations will yield sufficiently many instances of strategy use to allow us to 
comprehensively address objectives 1 and 2. The sessions will be randomly distributed 
across the participating doctors. 
 
In terms of assessing the effect of prompts on prescribing error risk, 100 hours of 
observation would enable detection of an error proportion of 0.22 in the presence of prompts 
compared to 0.1 without prompts. This is based on a test for a difference between two 
independent proportions assuming 80% power, 5% significance, equally sized groups and 
three prescriptions per hour (as observed in piloting). A baseline error rate of 0.1 is 
conservative in comparison to reported values in the literature and as this value approaches 
0.5, smaller effects will be able to be detected with the same sample size. Hence 100 hours 
of observation will be considered a lower bound. 
 
For objective 3, memory lapses are expected to be relatively infrequent. In data from a 
previous ED-based study there was roughly one non-resumed task every 1 hour and 40 
minutes (10). Another study of interruptions during CPOE system use observed an 
uncompleted task or memory lapse every 45 minutes on average (52). Due to the 
anticipated small sample of deferred actions that aren’t followed up, the analysis related to 
objective 3 will be largely descriptive. 
 
    6.2 Statistical analysis plan 
 
1. In order to assess the effect of prompts on the use of work management strategies, 
multinomial logistic regression will be applied as a task-level analysis. The outcome will be 
the strategy (task-switch, multitask, defer or deflect) and the covariates will comprise the 
prompt type, and primary and secondary task types associated with each recorded strategy. 
The regression model will also adjust for the effect of workload, working memory capacity 
and fatigue. A random intercepts approach will be used to account for correlation within 
tasks performed by the same individual clinician. 
 
2. The role of workload in the prompt-response process will be analysed by examining 
associations in two directions. First we will examine whether HRV during a short window 
immediately preceding a prompt is associated with the strategy use, after adjusting for 
prompt type. This is to assess whether workload influences the way clinicians handle 
prompts. We will then look at whether workload, as measured by HRV, in a short window 
immediately following a prompt is associated with prompt type to determine whether prompts 
contribute to a clinician’s workload.  
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3. While a multivariate analysis of factors associated with memory lapses would be 
preferable, the proposed descriptive analysis (due to small sample size) will still provide 
valuable insights into the mechanisms by which particular aspects of work may cause 
memory lapses. The type of task that is not resumed or followed up, the departmental and 
individual workload at the time of lapse and during the rest of the shift will be summarised by 
counts and proportions. 
 
4. To determine the impact of prompts on prescribing error, logistic regression will be applied 
to all prescribing tasks. The error status of each task will be treated as the binary outcome of 
the model and the number of prompts will be the main covariate of interest. This relationship 
will be adjusted for confounding factors including prompt type, workload, prompt intensity 
during a time window preceding the prescribing task, and working memory capacity of the 
prescribing doctor. 
 
5. To assess the effect of WMC and polychronicity on the propensity to choose particular 
strategies, measures of both factors will be included in the model described at point 1 above.  
 
6. To see how workload can modify the relationship between WMC and work management 
strategies, the model described in point 1 will be re-run, but with stratification by quintiles of 
workload. This will be done separately for individual level workload (as measured by HRV) 
and for departmental workload. 
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Appendix 1: Post-observation questions 
 
1. a) In the last 24 hours how many hours of sleep have you had  
    b) Would you consider this amount of sleep to be above average, below average or about 
average for you on a workday? 
 
2. In the past week how many shifts have you worked? 
 
3. How many of those were night shifts? 
 
4. When was the most recent night shift that you worked? 
 
5. Tasks A, B, C, etc., were not observed to be followed up after having being deferred. Can 
you comment on the outcome of each? 
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Appendix 2: Classification of prescribing errors (17) 
CLINICAL ERRORS 

Error category Definition Examples 

Wrong drug 

Occurs when an inappropriate medication or IV 
fluid is prescribed 
e.g. the drug prescribed is not indicated for the 
patient’s condition; the drug or IV fluid is 
contraindicated for a coexisting condition; or an 
IV drug is prescribed with an incompatible 
diluent 
 
Note: Excludes generic substitution 

e.g. hydrocortisone 25mg oral 
mane was prescribed instead 
of cortisone;  
 
chamomile lotion was ordered 
instead of calamine lotion 

Wrong dose / 
volume 

Occurs when the prescribed medication dose or 
IV fluid volume is higher or lower than that 
recommended for the condition, taking into 
account the patient’s age, weight, renal and liver 
function 
 
May also occur when a dose is not altered in 
response to abnormal drug serum levels or 
laboratory tests 
 
Note: A dose may differ from normal 
recommended reference ranges and not be 
classed as an error where it is accepted practice 
to do so, i.e. the dose may have been queried 
by a pharmacist, but the specialist physician 
insisted on the prescribed dose, e.g. high dose 
flucloxacillin despite severe renal impairment in 
patients with severe infection when 
recommended by the infectious diseases team; 
low doses of tricyclic antidepressants initiated 
by the pain team. 

 

Wrong rate / 
frequency 

Occurs when the prescribed frequency of 
administration of a drug or an IV rate falls 
outside the recommended range 

 

Wrong route 
Occurs when a medication is prescribed via an 
incorrect route of administration  

e.g. IV medication was 
prescribed orally; 
 left eye was written instead of 
right eye 

Wrong formulation 
Occurs when the wrong dosage form of a 
medication is ordered  

e.g. an immediate release 
tablet was prescribed when an 
extended release form was 
required 

Wrong timing 
Occurs when a drug is prescribed at the wrong 
time of day  

e.g. simvastatin prescribed in 
the morning instead of the 
evening (it is more efficacious 
when taken at night) 

Wrong strength 

Occurs when the prescribed drug strength is 
incorrect; the concentration of an IV infusion is 
prescribed incorrectly; or a dose is prescribed 
that does not exist or would not be able to be 
obtained easily from the current dose forms  

e.g. mg was prescribed instead 
of micrograms (or vice versa) 
e.g. alendronate 75mg tab oral, 
take one tab once weekly 
(weekly dose only available as 
70mg tablets) 

Wrong patient 

Occurs when a medication is prescribed for the 
wrong patient  
 e.g. the prescriber writes a drug order intended 
for patient A on the medication chart belonging 
to patient B 

 

Not prescribed Occurs when a medication clinically indicated  
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for the patient is not prescribed; or the drug is 
not reordered when the patient’s medications 
are recharted  

Not indicated 

Occurs when a drug which is not indicated is 
prescribed for the patient;  a drug is continued 
following a clinically significant adverse drug 
reaction;  a drug which is no longer indicated  is 
reordered; or a drug which should have been 
discontinued has not been ceased   
May also occur when a prescriber fails to 
cease/withhold a drug in response to abnormal 
drug serum levels or laboratory tests 

e.g. fluticasone/ salmeterol 
inhaler prescribed for a patient 
without chronic obstructive 
airways disease 
 
e.g. an antibiotic which was not  
discontinued after completion 
of the course 

Duplicated drug 
therapy 

Occurs when two orders have been prescribed 
for one medication and both orders are active; 
there are two active orders for the same 
medication on two different charts; or the same 
drug is prescribed twice, as a single agent and 
as a combination product  
May also occur when two drugs are prescribed 
for the same indication when only one is 
necessary 

e.g. one order was prescribed 
by generic and one by brand 
name 
 
e.g. ranitidine and omeprazole 
for gastro-oesophageal reflux 
disease 

Drug-drug 
interaction 

Occurs if two of the drugs prescribed for a 
patient are known to have a clinically significant 
interaction and this interaction is not 
acknowledged and monitored 

 

Allergy 
Occurs when a drug is prescribed for a patient 
with a documented clinically significant allergy 
to that drug/class of drugs 

 

Inadequate 
monitoring 

Occurs when the prescriber fails to order 
appropriate and timely clinical or laboratory 
tests to assess the patient’s response to 
prescribed therapy  
Note: if adequate lab tests are ordered, but the 
results are not acted upon accordingly, resulting 
in potential or actual compromised patient care, 
this may be classed as wrong dose/volume 
error 

 

PROCEDURAL ERRORS 

Unclear order 

Occurs when the prescription is unclear or 
ambiguous  
e.g. the writing is illegible; or the order contains 
additional comments which apparently 
contradict the medication order 

e.g. clotrimoxazole topical 
interdigital BD (the prescriber 
was confused between 
cotrimoxazole and 
clotrimazole) 

Incomplete order 

Occurs when the order does not include all the 
necessary information i.e. drug name; strength 
(if appropriate); formulation (if appropriate); 
dose; route of administration; frequency ; the 
diluent for injectables; duration of time and/or 
rate of infusion (IV infusions); duration of time 
(IV fluids) 

 

Legal/Procedural  

Occurs when an aspect related to the 
prescription does not comply with the law, the 
NSW Department of Health or the hospital 
policy (and has not been assigned as an 
unclear order); the allergy field of the medication 
chart has not been completed; or the strength, 
dose, route or frequency of an existing 
handwritten medication order has been altered 
(such a change legally requires the entire order 
to be recharted) 
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Appendix 3: Serious error protocol 
 

When an UNSW researcher identifies a prescribing error, they will first need to decide if the 
error can lead to serious patient harm. They will then follow the decision tree below.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Examples of prescribing errors that may cause serious harm: 

 Prescribing a medication to a patient who has a history of allergy or adverse drug 
reaction to that medication. 

 Prescribing an overdose of a medication e.g. methotrexate prescribed daily instead 
of weekly. 

Error 

Likely to cause 
serious patient 

harm? 

Yes No 

Prescribing doctor 
available? 

Direct but 
sensitive 

approach to 
doctor 

Inform staff 
specialist 

NFA 

NFA NFA 

NFA = no further 
action 

Yes No 
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Examples of prescribing errors that would not be considered to cause serious harm: 

 Procedural errors, such as the absence of a signature. 

 Prescribing a medication dose using an incorrect abbreviation or unit e.g. writing U 
instead of units or prescribing a liquid dose in ml instead of mg or g. 
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Appendix 4 
 

POLYCHRONIC VALUES INVENTORY 

 

This questionnaire measures your preference for doing multiple things at once, versus 

completing one task at a time. Please answer each statement below by putting a circle around 

the number that best reflects your degree of agreement or disagreement with that statement. 

Use the seven point response scale below. 

 

1 2 3 4 5 6 7 

Strongly 

Disagree 

Moderately 

Disagree 

Slightly 

Disagree 

Neither 

Agree 

nor 

Disagree 

Slightly 

Agree 

Moderately 

Agree 

Strongly 

Agree 

 

 

1 I like to juggle several activities at the same time. 1 2 3 4 5 6 7 

2 I would rather complete an entire project every 

day than complete parts of several projects. 

1 2 3 4 5 6 7 

3 I believe people should try to do many things at 

once. 

1 2 3 4 5 6 7 

4 When I work by myself, I usually work on one 

project at a time. 

1 2 3 4 5 6 7 

5 I prefer to do one thing at a time. 1 2 3 4 5 6 7 

6 I believe people do their best work when they 

have many tasks to complete. 

1 2 3 4 5 6 7 

7 I believe it is best to complete one task before 

beginning another. 

1 2 3 4 5 6 7 

8 I believe it is best for people to be given several 

tasks and assignments to perform. 

1 2 3 4 5 6 7 

9 I seldom like to work on more than a single task 

or assignment at the same time. 

1 2 3 4 5 6 7 

10 I would rather complete parts of several projects 

every day than complete an entire project. 

1 2 3 4 5 6 7 
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A.3 Participant information and consent forms

Recruitment of participants largely involved approaching individual doctors and

giving them a brief description of the study and what participation would involve.

If they we interested in participating we gave them an information sheet to read

and keep that gave details of the study, the terms of their involvement, and the

confidentiality of any data pertaining to them. If they agreed to participate we asked

them to sign a consent form. Hence all participants provided consent that was both

written and informed. The forms used in recruitment are shown below.
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INFORMATION FOR PARTICIPANTS 

STUDY TITLE: Clinicians’ Strategies to Manage Work in Emergency Care Settings 

INVESTIGATORS: Mr Scott Walter, PhD Candidate and Statistician, Centre for Health Systems and 

Safety Research, UNSW; Professor Johanna Westbrook, Director, Centre for Health Systems and 

Safety Research, UNSW; Professor William Dunsmuir, School of Mathematics and Statistics, UNSW; 

Ms Magda Raban, Post-doctoral Research Fellow, Centre for Health Systems and Safety Research, 

UNSW; Dr Heather Douglas, Post-doctoral Research Fellow, Centre for Health Systems and Safety 

Research, UNSW; Dr John Mackenzie, Consultant, Prince of Wales Emergency Department; Ms Dana 

Strumpman, Senior Pharmacist Clinical Services, Prince of Wales Pharmacy Department. 

INTRODUCTION 

You are invited to take part in a research study into understanding emergency department (ED) 

clinicians’ work processes.  This information sheet will tell you about what is involved in the study 

and help you decide whether or not you wish to take part.  Please read this information carefully.  If 

there is anything you do not understand or if you feel you need more information about anything, 

please ask. 

WHY HAVE I BEEN ASKED TO TAKE PART? 

You have been invited to take part in this research because you are a resident, registrar, consultant 

or staff specialist in the Prince of Wales ED. 

WHAT IS THE PURPOSE OF THIS RESEARCH? 

The aim of this study is to examine the ways in which doctors manage work in the ED. In particular 

we aim to use direct observation to assess the strategies used to handle interruptions. We also aim 

to determine how aspects of work in the ED may contribute to errors.  

WHAT WILL HAPPEN TO ME IF I TAKE PART? 

If you decide to participate, a researcher will shadow you while observing your work activities for 

approximately the last two hours of a shift in the acute section for up to five shifts spread randomly 

over a few months. The observer will record and time your activities using an electronic tablet.  At 

the end of each observed shift you will be asked a few questions about your sleep and work 

schedule in the recent past. Also any tasks that appeared not to be followed-up by the end of the 

observation session will be discussed. At the end of your first observed shift you will be asked to 

complete a short questionnaire on your preference for multi-tasking. The post shift questions are 

expected to take no more than five minutes. During the observation sessions you will be asked to 

wear a heart rate monitor consisting of a wrist-watch style training computer and a sensor mounted 

on a chest strap (Polar RS800CX). We will also ask you to complete a twenty-minute computer-

administered working memory task at a time chosen by you. When seeing each new patient, 

whenever possible, you will need to seek their consent for the observer to be present and indicate 

that they may suspend observations at any time. 
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CAN I WITHDRAW FROM THE STUDY? 

Taking part in any research is entirely voluntary.  If you do decide to take part you can withdraw at 

any time without having to give a reason and without prejudice or consequence.  If you do not wish 

to wear a heart rate monitor during observation session or complete the multitasking or working 

memory test, you may opt out of these at any time and still remain in the study as an observee. On 

very rare occasions the observer may need to ask you a question to clarify recording of a task. The 

interruption to your work is expected to be minimal. The researcher will suspend observations at 

any time that you request.  

You might find the working memory test difficult to complete in the time limits. This is normal, and 

you should not be concerned. You will have an opportunity to practice the task you will be asked to 

do before recording of your results starts. The researcher will end the task at any time that you 

request. 

Information that links any of your personal identifiers to the main study data will be permanently 

deleted immediately after the data collection phase has been completed. All data will be stored 

electronically on a secure drive at the University of NSW for seven years after which time it will be 

permanently destroyed. It is anticipated that you will not incur any additional costs if you participate 

in this study, nor will you receive any payment for participating.   

WHAT ARE THE POSSIBLE BENEFITS OF TAKING PART? 

While we intend that this research study furthers understanding of ED clinicians’ work patterns and 

the potential causes of error, we cannot and do not guarantee or promise that you will receive any 

direct benefits from this study. 

WHAT ARE THE RISKS OF TAKING PART? 

You may feel uncomfortable having someone watch you closely as you work. All research observers 

will make every effort to put you at ease. Data will be recorded in a de-identified way, and will not 

be linked to your name on the main dataset.  

CONFIDENTIALITY 

Provided that you have signed the accompanying consent form, any information that is obtained in 

connection with this study that can be identified with you will remain confidential. We plan to 

discuss the results with this hospital. The study may also be reported at conferences and in journals.  

In any publication, information will be provided in such a way that you cannot be identified.  We will 

provide you with any new information that could influence your decision to remain in the study. 

FURTHER INFORMATION 

When you have read this information, we will discuss it with you further and answer any questions 

you may have.  If you would like to know more at any stage, please feel free to contact Mr Scott 

Walter (02 9385 0510; scott.walter@unsw.edu.au).  This information sheet is for you to keep. 

This study has been approved by the Human Research Ethics Committee of the South Eastern 

Sydney Local Health District, Northern Sector (ref: 13/310). If you have any concerns or complaints 

about the conduct of the research study, you may contact the Executive Officer of the Ethics 

Committee, on (02) 9382 3587.  
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Clinicians’ Strategies to Manage Work in Emergency Care Settings 

Participant Consent Form 

 

 

I, ….………………………………….……………………..…….…….................................................…[name] of 

………………………………………………………...............................................…………[ward/department]  

have been invited to participate in the above named research study and have discussed the 

study with ………………………………….........................................................… [name of informant] 

 

• I acknowledge that I have received and read the Participant Information Sheet and that 

the purpose and nature of this research, including any possible risks, have been explained to 

me. 

 

• I understand that my participation in this study is entirely voluntary and I may withdraw at 

any stage without providing a reason. 

 

• I understand that information about my work and my physiology while performing that 

work will be recorded in a de-identified way and will be treated as strictly confidential. I 

agree that research data gathered from the results of the study may be published, provided 

I cannot be identified. 

• I understand that I will be required to seek verbal permission from patients for the 

observer to be present and to indicate that the patient may ask for observations to be 

suspended at any time. 

 

• I understand that the research project will be carried out according to the principles of the 

National Health & Medical Research Council National Statement on Ethical Conduct in 

Research Involving Humans. 

 

• I understand that if I have any questions relating to my participation in this research study 

I may contact Scott Walter on (02) 9385 0510 or at scott.walter@unsw.edu.au to discuss 

any concerns. 

 

• I understand that if I have any questions about my rights as a research subject, or on other 

administrative matters, I may contact the SESLHD Human Research Ethics Committee on 

(02) 9382 3587 or EthicsNHN@sesiahs.health.nsw.gov.au.      [PTO] 
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• I hereby freely agree to participate in this research study. 

 

Name (Print):………………….……………........................................................................................... 

Signature:…………………………………..................................................... Date: ………………………...... 

 

Name of Witness (Print):………………........................................................................................... 

Signature of Witness:…………….…………............................................. Date: ………………………...... 

 

  

153



 

Participant consent form, HREC Ref. 13/310 – version 2 – 18 Feb 2014  3 
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Participant Consent Revocation Form 

 

I hereby wish to WITHDRAW my consent to participate in the research proposal described 

above and understand that such withdrawal WILL NOT jeopardise my relationship with the 

University of New South Wales or participating hospitals. 

I do/do not (delete as appropriate) give consent for data collected about me up to the time 

of withdrawal to be retained as part of this study. 

Name 

(Print):…………………………………………........................................................................................... 

Signature:………………………………………............................................... Date: ………………………....... 

 

The section for Revocation of Consent should be forwarded to: 

Scott Walter 

Centre for Health Systems and Safety Research 

Level 1 AGSM Building 

University of New South Wales 

SYDNEY NSW 2052 

scott.walter@unsw.edu.au 
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