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a b s t r a c t

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.

& 2015 Elsevier Ltd. All rights reserved.

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 process monitor-
ing, and driving where error and inefficiency can have injurious or
costly repercussions. In-depth knowledge of the role and impacts
of interruptions and multitasking 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, present 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 experiments and simulations can be
designed to control known and unknown sources of bias and thus
achieve a high level of internal validity. However, the general-
izability 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 experimental 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); however, this becomes increas-
ingly 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 controlled 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 experi-
ments, 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 multitasking – 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 insights about relationships, social dynamics and
individual motivations and thought processes in a way that quantita-
tive studies cannot, and this can be valuable when studying complex
socio-technical settings. Nugus and Braithwaite (2010) used an ethno-
graphic approach in an ED to understand the seemingly opposing
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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 increasedwith 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 multitasking are situated in medical contexts and, as noted
previously (Coiera, 2012; Grundgeiger and Sanderson, 2009), most of
these have essentially taken a “counting” approach by simply sum-
marizing counts, rates and proportions. A select few healthcare studies
have taken a more advanced appraoch. 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 analyse
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 et al. (2001) conducted a study of interrup-
tion and task interleaving among pilots by observing their activities
from the cockpit jumpseat. In an observational study of drivers,
Strayer and Drews (2006) assessed the association between con-
current 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, in
press), and there is clearly considerable 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 multitasking,
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 psychol-
ogy (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 work-
flow time studies is on capturing a continuous record of behaviour. It
is distinct from an ethnographic approach where observed interaction
or behaviour is categorized 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 complexity compared to work sampling or self-
report approaches such as diary studies (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 accu-
rate 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 minimize threats to internal validity and can
broaden the scope for statistical analyses applicable to observa-
tional data on interruptions and multitasking.

3. Internal validity

One of the main challenges in quantitative observational studies is
to generate internally 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 separating out the influences of
particular factors requires addressing the many threats to internal
validity. In this sectionwe 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 precision to particular terms,
such as Trafton et al. (2003) often cited ‘anatomy of an interrup-
tion’ (Fig. 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
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Fig. 1. Trafton et al.'s anatomy of an interruption.
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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 depicted in Fig. 1 (Boehm-Davis and Remington,
2009; Weigl et al., 2011). Multitasking has also been defined in
several different ways. The notions of concurrentmultitasking (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 switching between tasks
(Salvucci et al., 2009). Yet to complicate things, task-switching that
is externally triggered is sometimes called multitasking in the
experimental literature [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 multi-
tasking (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 measurement error or observer bias. In
a fast moving fluid environment it is essential to have operational
definitions that distinguish what is and is not considered an interrup-
tion 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 until
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 some-
what 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 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 interruption 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 ring-
ing and so on.

Having developed study-specific definitions and operationa-
lized them, the next consideration is to assess the extent to which
definitions are reliably applied.

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 observation 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 reliability this simply means having two
(or more) observers record data while observing the same scenar-
ios. Intra-rater reliability is less easy to test as it ideally involves an
observer of the same scenarios at different points in time.

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 vari-
ables. For example, a task may have several characteristics such as
start time, duration, type (e.g., documentation) and interruption
status and ideal agreement requires all characteristics to match.
Determining whether data from two observers agrees on all of
these attributes 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 example, 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 approach, 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 observations 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 differentially influence a particular outcome of
interest. In an experiment these factors are controlled to isolate a
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particular effect. Otherwise, where these factors are quantifiable, they
can be analysed 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 referred 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 hypothesized 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 hypothesized a
priori and only information on those predetermined factors col-
lected 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 significant 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 covari-
ates, a model building 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
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 manifold, but there are certain aspects
of regression that are important for minimizing 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 confounding. 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 autoregressive 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 preci-
sion (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
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 optimizing precision and
confounder-related bias while avoiding over adjustment and unne-
cessary 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 knowl-
edge 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 adherence 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 subse-
quently questioned 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 reanalysis 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.
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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'
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 minimize any sense
of being under scrutiny. A period of acclimatization, prior to begin-
ning observations proper, can allow subjects to become somewhat
comfortable 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 gen-
eral the more the 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 calcula-
tion is rarely mentioned, yet for the resource intensive workflow
time study method this could be worthwhile. Applying a more-is-
better approach may not necessarily result in increased power since
an expanded sample may capture a more diverse group of subjects,
or if the observations are carried out over an extended period of
time temporal variation may be introduced. Capturing and account-
ing for these additional sources of variability can increase general-
izability, but can also considerably augment the sample size
required to maintain a given level of precision due to the inverse
relationship 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 that there is
sufficient power to assess the main hypotheses of interest.
Previous studies can 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
1647 tasks, which can be translated to about 168 h. 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 h. At most the study has resources for 200 h of observa-
tion so it is decided to refine the multivariate calculation after
obtaining estimates of confounder covariate effects from the initial
20 h of observation. The refined calculation gives an estimate of
145 h. 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 h of observations.

5. Scope for analytic innovation in quantitative observational
studies

Workflow time studies enable a wide range of analysis meth-
ods relevant to observational studies of interruption and multi-
tasking but such methods have been under used or not used thus
far. We describe the application of a selection of these techniques
in this section. These are well described elsewhere and we only
provide a brief outline of each.

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 multi-
tasking and particular outcomes such as error or inefficiency. Due to
the dynamic and complex nature of the settings in which interrup-
tions and multitasking are endemic, establishing a link between a
particular interruption, say, and a particular error is analytically
challenging. While ideally wewould 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 descrip-
tion (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). Addres-
sing 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 aggregated 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
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were somewhat correlated. Many tasks may have been carried out
during each half hour period, yet we have no sense that interrup-
tions 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 per-
ceived excessive workload may increase the propensity for error.
In terms of system design there 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 possible 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 interruption (Altmann
and Trafton, 2007) and this is an obvious scenario in which lagged
relationships could be modelled. Schildcrout and Heagerty (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 association 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),
something only previously measured in experiments. However, in
this section we broadly outline a set of modelling techniques by
which inference about underlying psychological 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-
pant's choice between interruption and multitasking when trig-
gered is hypothesized to represent the same construct, with a
choice of interruption indicating less available resources than if
multitasking was chosen. Other observable aspects of the work
process can also be defined as realizations of the same construct to
create a range of observed measures of that construct. The inves-
tigators are interested in how workload relates to the level of
cognitive resources and so collect several workload measures:
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 realizations of
these latent factors. As a further example of how observed beha-
viour 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 reported 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 interrup-
tion 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. Fig. 2 provides an
example illustration of how a sequence of tasks may be conceptualized
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, option-
ally, 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 interrupted
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 prob-
abilities to examine task switching (i.e., interleaved multitasking) in
sequences of tasks grouped into communication chains.

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 pro-
vides evidence for an interruption effect. One type of interruption
effect is to lengthen the time taken to complete a task through
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and multitasking with an example of how the process can be conceptualized as a
sequence of states.
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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 observa-
tional studies to contribute important evidence about interruption and
multitasking specific to occupational settings through the use of
workflow time studies and increased analytic rigour and innovation.
Arguably, the main motivation for studying interruption and multi-
tasking in such settings is to improve performance by reducing error
and inefficiency. The role of quantitative observational studies is
manifold in this respect. 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 improvements 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, observa-
tional studies can be applied to assess implemented changes or
interventions 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 inter-
vention 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 perspective. Interruptions may be a contributing
factor to some negative outcomes, yet in terms of system design it
may be more useful to identify what drives interruptions 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 observations 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 relation-
ships. However, there is a limit to what can be learned from
quantitative studies of the type we have discussed. Observers 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 requiring several hundred hours of observation to capture

sufficient errors and covariate information (Westbrook et al., 2010a,
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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