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Abstract 

 

This thesis examines how team, task and workforce dynamics affect performance on 

healthcare and professional service operations. I use operations management and 

organizational domains to develop theories and employ econometric models to better 

understand knowledge intensive environments. In the first chapter I use data from 

Coronary Artery Bypass Graft operations in order to examine the way exposure to 

related variety can affect individual learning. Specifically, I introduce timing as a new 

dimension on the effect of related variety on individual productivity on a focal task and 

show that exposure to variety can have differentiated effects on individual productivity 

based on different mechanisms. My findings suggest that concurrent exposure with the 

focal task has a positive effect whereas non-concurrent one has a negative effect on 

individual focal productivity. I also introduce recent concurrent and non-concurrent 

exposures as moderating factors on the effect of long-term concurrent and non-

concurrent exposures respectively on individual learning.  

In the second chapter I focus on cardiac surgery teams and examine the effect of team 

allocation on their productivity. Specifically, I introduce new familiarity related concepts 

and ways on how past common experiences among team members can affect team 

productivity. Next, I divide average team familiarity into two components: One gained 

from complex and one gained from simpler tasks and show their differentiated effects 

on team productivity. I also investigate the way average team familiarity interacts with 

task complexity.  

In the final chapter, I use a dataset from England’s National Health Service (NHS)’s 111 

non-emergency helpline in order to investigate the effect of non-clinical labor mix on 

efficiency and quality of patient service. My results indicate that while non-clinical 

workforce increases the efficiency of patient service, it may lead to new inefficiencies 

through misuse of critical resources and may reduce the quality outcome of the patient 

service.  
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Chapter one – Introduction                                                       

The term “white-collar workers” refers to individuals who work in knowledge intensive 

environments and perform non-routine and intellectual tasks. Despite the increasing 

significance of their role to the economy, they have received little attention in Operations 

Management research, with compare to the traditional blue-collar workers that perform 

physical tasks. Specifically, little is understood about the principles of how an operation 

consisting of white-collar individuals should be structured and performed in order to 

achieve high performance. My work focuses on developing theories and empirically 

testing them in knowledge intensive environments such as healthcare settings since 

healthcare employees represent typical knowledge workers. This thesis contributes to 

the nascent literature of empirical research in professional service individuals, teams 

and organizations and aims to introduce novel ways of increasing their performance.  

First, I focus on the effect of exposure to related variety on individual productivity. 

Despite the intellectual nature of white-collar tasks, knowledge workers are often 

assigned to perform different but related tasks. Another important feature of white-collar 

workers is that they tend to have discretion in deciding when to perform a specific task 

or how to perform it (independently or concurrently with other related ones). In this 

chapter I use data from Coronary Artery Bypass Graft operations in order to develop 

and test a model for knowledge transfer based on the way exposure to related variety 

can affect individual learning over time. Specifically, I first introduce timing as a new 

dimension on the effect of related variety on individual productivity on a focal task and 

show that exposure to variety can have differentiated effects on individual productivity 

based on different mechanisms (concurrently vs. non-concurrently with the focal task). 

My findings suggest that concurrent exposure has a positive effect whereas non-

concurrent one has a negative effect on individual focal productivity. In addition, I 

introduce recent concurrent and non-concurrent exposures as moderating factors on 

the effect of long-term concurrent and non-concurrent exposures respectively on 

individual learning.  

Second, I investigate fluid teams and how team familiarity can affect their productivity. 

Fluid teams refer to teams that have no permanent membership. They operate as a 

team for a specific task, have clear hierarchies and responsibilities and dissolve after 

performing the assigned task. One key management tool for increasing team 

productivity is team allocation since there is wide consensus that previous shared 

experience (i.e., team familiarity) among team members is beneficial for team 

productivity. In this work, I use cardiac surgery data in order to extend the effect of 

average team familiarity by introducing new familiarity related metrics and ways on how 
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past common experiences among team members can affect team productivity. 

Specifically, I introduce “team familiarity dispersion”, which captures the different levels 

of familiarity among pairs within the same team, and show that it can decrease team 

productivity. Next, inspired by the concept of bottleneck in blue-collar settings, I create 

an analogous construct “bottleneck pair” for fluid teams, which I define as a pair of the 

team with very low familiarity compared to the average level of team familiarity and 

show how it can lead to lower team productivity. Next, I divide average team familiarity 

into two components: One gained from complex and one gained from simpler tasks and 

show that the former has a higher beneficial impact on team productivity that the latter 

one. I also investigate the way average team familiarity interacts with task complexity 

and find that the beneficial effect of the former is more prominent when performing more 

complex tasks. 

Finally, I examine the effect of non-clinical workers on the performance of healthcare 

organizations. Such organizations increasingly rely on a mix of clinical and non-clinical 

health personnel in providing innovative healthcare services such as medical helplines. 

While these can offer significant cost and patient access advantages, determining the 

right mix of health personnel is a major challenge in such settings. In this study, making 

use of a dataset (i.e., England’s National Health Service (NHS)’s new 111 non-

emergency helpline), I investigate the effect of non-clinical labor mix on efficiency and 

quality of patient service. My results indicate that while non-clinical workforce increases 

the efficiency of patient service by reducing abandoned calls, it may lead to new 

inefficiencies through misuse of critical resources such as unnecessary ambulance 

dispatches and also reduce the quality outcome of the patient service. 
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Chapter two – Task Variety in Professional Service 
Work: When It Helps and When It Hurts 

In a wide range of professional service firms, individuals perform a variety of tasks 

which are highly cognitive and knowledge intensive yet repetitive in nature, providing 

significant opportunities for learning. In addition, individuals in such environments 

tend to enjoy considerable discretion in managing when and how they perform their 

tasks. In light of these observations, we investigate task allocation and timing 

strategies that may enhance or inhibit learning and productivity for professional 

service workers. Specifically, we focus on the role of task variety. We use a detailed 

dataset of 3,275 coronary artery bypass surgeries in a private European hospital over 

seven years to examine the effect of concurrent and non-concurrent exposure to task 

variety on learning and productivity on a focal task. We find that while concurrent 

exposure to variety has a positive impact on focal productivity, non-concurrent 

exposure to variety has a negative impact on it. Our results also suggest that short 

term exposure to variety amplifies these relationships.  

2.1. Introduction 

Professional service firms globally generate annual sales over $3 trillion and represent 

7-8% of total service sector revenue in advanced economies (McKinsey 2012). This 

percentage is even higher in service-based economies such as Britain, where 15% of 

GDP and 14% of employment comes from professional services firms (PwC 2012). 

Following Von Nordenflycht’s (2010) characterization, the professional service industry 

broadly includes accounting, advertising and marketing, management consulting, 

architecture, legal services, scientific research services, and physician practices. While 

these firms have distinct characteristics at a high level, including knowledge intensity, 

low capital intensity, and a professionalized workforce (Von Nordenflycht 2010), they 

also demonstrate several key features from an operations standpoint in terms of the 

way their employees perform their work. 

First, the majority of the work performed by professional service workers is quite 

repetitive in nature. For example, management consultants follow similar steps in their 

engagement with clients from initiation to contracting and final deliverables; legal 

professionals draft legal documents by engaging in a similar set of activities; and 

surgeons perform in the operating room by following a certain set of procedures. While 

most activities and tasks may be quite similar from one job to another, one still observes 

high cognitive activity among workers, presumably due to the variation in work content 

across tasks (e.g., differences between consulting projects, between surgeries, or legal 

cases). Hopp et al. (2009) consider this key observation in their classification of white-
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collar work: they call these (e.g., consulting, legal services) intellectual and routine 

work. As a result of the repetitive nature of the work and the significant opportunities for 

learning that these settings offer, individuals inevitably transfer their past experience 

and knowledge when they work on subsequent tasks (Tversky 1977, Gick and Holyoak 

1987, Zollo and Reuer 2010).  

A second important feature of professional service work is that individuals tend to have 

a relatively high degree of discretion in managing when and how they perform their 

tasks (Hopp et al. 2007). Compared with workers in other professions, they enjoy more 

control and flexibility over decisions regarding task sequences, including whether to 

perform certain tasks concurrently or individually and in smaller pieces or larger chunks. 

Considering these two key features of professional service work—first, its repetitive 

nature and many learning opportunities across tasks and, second, workers' potential 

discretion in managing when and how to perform various tasks—an important 

operational question is the following: How should professional service workers perform 

their various tasks to achieve greater learning and productivity over time? More 

specifically, in performing the variety of tasks that a professional service worker is 

supposed to carry out, are there certain task timing configurations that enhance or 

inhibit learning and productivity?  

Our study seeks to address these questions by focusing on the way various tasks are 

performed. We distinguish between concurrent and non-concurrent exposure to variety 

and examine the productivity implications of these two approaches to organizing work. 

Concurrent variety refers to performing another task concurrently with the focal one, 

whereas non-concurrent variety refers to performing another task independently (i.e., 

at a different time) from the focal one. Because many professional service workers 

inevitably perform a variety of tasks, we seek to understand when and how exposure 

to variety helps, and when and how it hurts individuals’ focal productivity.    

Exposure to variety through successful knowledge transfer to the focal task may have 

a positive impact on performance (Schilling et al. 2003, Boh et al. 2007, Staats and 

Gino 2012), but too much exposure to variety may be detrimental to productivity 

(Narayanan et al. 2009). Also, task variety could be confusing for individuals (Allport et 

al. 1994) and therefore decrease their subsequent focal productivity due to switching 

costs and warm-up periods (Cellier and Eyrolle 1992, Monsell 2003). Like the studies 

that have produced these findings, our study explores the productivity implications of 

exposure to task variety, but with an important distinction. We propose that the influence 

of task variety on productivity critically depends on the way (i.e., when) other tasks are 

performed in relation to the focal task. We suggest that knowledge transfer and learning 

mechanisms are quite different when other tasks are performed concurrently vs. non-
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concurrently with the focal task, which leads to differentiated and, in fact, contrasting 

effects on productivity.  

Specifically, we develop and test four hypotheses regarding professional service 

workers’ concurrent and non-concurrent exposure to variety by examining their effect 

on productivity in subsequent focal tasks. We find that concurrent exposure to variety 

enhances productivity, whereas non-concurrent exposure to variety is detrimental to 

productivity. Concurrent variety is beneficial for productivity because it is highly 

conducive to learning: it enables ‘implicit learning’ (Reber 1989, Wulf and Schmidt 

1997) and facilitates cognitive skill acquisition through the discrimination process 

(Anderson 1982), all of which leads to better comprehension of the focal task. Non-

concurrent variety, on the other hand, results in reduced productivity through cognitive 

interference (Sarason and Pierce 1996), invalid generalizations (Gick and Holyoak 

1987), and priming (Allport et al. 1994). In addition, our results suggest that short-term 

exposure to variety amplifies the influence of the long-term ones on subsequent focal 

productivity. That is, recent (short-term) concurrent variety increases the positive 

influence of concurrent variety on focal productivity, whereas recent non-concurrent 

exposure to variety strengthens the negative impact of non-concurrent variety on focal 

productivity.    

As we test our hypotheses and explore how professional service workers can achieve 

higher productivity through better allocation of a variety of tasks they perform, we should 

emphasize an important empirical consideration. Because many service workers have 

significant discretion over when and how to perform their tasks, there may be inherent 

endogeneity in many professional service settings, which could pose problems in 

empirical identification. In order to test the hypotheses developed in the present paper, 

ideally one needs a professional service setting where decisions about which tasks to 

perform, when to perform different tasks, and whether to perform them concurrently or 

non-concurrently are not up to individuals’ discretion, but instead are determined 

exogenously. We test our hypotheses using a detailed dataset of 3,275 coronary artery 

bypass graft (CABG) operations from the cardiac unit of a private European hospital 

over seven years. Because a patient’s need is the primary driver of the type, nature, 

and timing of an operation and these are not up to the discretion of the surgeon, we 

believe our setting is ideal in which to investigate the role of task variety on productivity.   

Our study offers a number of significant contributions to the service operations 

management literature. First, by focusing on an under-studied service sector, namely 

operations of professional services firms (Roth and Menor 2003, Lewis and Brown 

2012), our study examines how different task allocation and composition strategies may 

influence learning and subsequent focal productivity of professional service workers. 
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This, we believe, is also a step towards answering Argote et al. (2003)’s call for more 

research to identify “mechanisms and conditions under which experience is beneficial 

(or harmful) for learning outcomes” and a step towards answering their question about 

whether different types of experience may provide better understanding of the task (p. 

579). Second, our study contributes to the growing literature on task variety and 

productivity by introducing a new dimension of variety which has not been considered 

before—that is, concurrent and non-concurrent exposure. In a similar study, Staats and 

Gino (2012) focused on a single current task, and studied when different tasks take 

place (on the same day or in the past) with respect to that current task, and examine 

how these affect current task performance. We, however, concentrate on a common 

focal task being performed over time (i.e., CABG), and study how exposure to variety 

takes place with respect to past focal tasks—in conjunction with it (concurrently) or 

independently from it (non-concurrently)— and examine their subsequent performance 

implications. Third, we make an important distinction between short-term and long-term 

learning dynamics. We introduce short-term exposure to variety as a factor that 

moderates how long-term exposure to variety (both concurrent and non-concurrent) 

affects individuals’ focal productivity. In the next section, we describe our setting before 

proceeding to motivate and develop our hypotheses.   

2.2. Setting 

Our setting is the cardiac unit of a private hospital in Europe, and our dataset consists 

of 3,275 coronary artery bypass graft (CABG) surgeries that were conducted in the 

hospital over a period of seven years and three months. In addition to CABG surgeries, 

which we identify as the focal task (see Section 2.4 for a discussion), we also have 

information regarding all other types of cardiac surgeries that were conducted in the 

hospital during the same time period, which allows us to observe surgeons' exposure 

to other types of tasks (i.e., task variety). 

Our setting is a very suitable context in which to investigate the effects of exposure to 

variety on individual learning and productivity because surgeons perform CABG 

surgeries as well as a variety of other types of cardiac surgery and can therefore 

potentially transfer knowledge from one task to another. In addition, learning is an 

integral part of hospital operations (Tucker et al. 2007) and surgeons’ practices (KC 

and Staats 2012). Furthermore, CABG surgeries are highly critical and complex yet 

quite common and frequent tasks for surgeons (Pisano et al. 2001, Clark and Huckman 

2012), making them an ideal setting in which to study how exposure to task variety may 

influence learning and the resulting productivity of professional service workers. Finally, 

because our dataset covers a span of more than seven years, we are able to examine 
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both long-term and short-term effects of task variety on learning and subsequent focal 

productivity.   

As mentioned previously, one major advantage of our setting is that the nature, type, 

and time of the tasks (surgeries) are not endogenously determined by the worker but 

are driven by outside factors (patients’ needs). Consequently, a surgeon may perform 

a single CABG surgery if that is all the patient needs; she may perform a single valve 

replacement if the patient requires only that, or she can perform multiple surgeries 

during the same operation (valve replacement and CABG) if the patient needs both.  

In this setting, we identify CABG as the focal surgery and examine the impact of 

surgeons’ exposure to other types of surgeries on subsequent focal task (CABG) 

productivity. Because surgeons perform other types of surgeries, too, both concurrently 

(e.g., performing valve replacement and CABG together) and non-concurrently (e.g., 

performing a single valve replacement) depending on medical requirements, we are 

able to observe knowledge transfer and learning between both concurrent and non-

concurrent tasks. 

2.3 Literature Review and Theory Development 

2.3.1 Exposure to Variety, Learning, and Productivity 

Learning is a critical component of white-collar work (Argote and Ingram 2000). From 

an operations perspective, the essential issue with regards to learning in white-collar 

settings is how it affects performance (Hopp et al. 2007). While past experience is 

generally associated with an increased learning rate at the individual level (Narayanan 

et al. 2009, KC and Staats 2012, Staats and Gino 2012), some experiences can also 

have a negative effect on individual productivity (Allport et al. 1994, Lapré and 

Nembhard 2010, Argote and Miron-Spektor 2011, Lapré 2011). Our goal in this paper 

is to explore the effects of a specific kind of experience—that is, experience from 

performing related tasks (i.e., related variation)—on individual learning and focal 

productivity when the related tasks are performed concurrently vs. non-concurrently 

with the focal task. Task variation can be established by performing either related tasks 

(related variation) or unrelated tasks (unrelated variation) (see Schilling et al. 2003 for 

a discussion of this distinction). Our study only considers related variation, since most 

professional service workers perform highly related tasks as part of their jobs (e.g., 

preparing various legal cases or performing related surgeries). Consequently, 

throughout this paper, when we say “other task”, we refer to a task that is different from 

but related to the focal one.        

Organizational research that examines the performance implications of exposure to 

task variety at the individual, team, or organizational level has found mixed results. 
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Clark and Huckman (2012), for example, found no evidence that related activities 

generated positive spillovers on the focal activity within operating units in different 

hospitals. Narayanan et al. (2009) found that variety had an inverted U-shaped 

relationship with individual productivity in an offshore software support services 

company. On the firm level, Haleblian and Finkelstein (1999) suggested that prior 

related experience has a U-shaped relationship with the focal experience in the context 

of acquisitions. Finally, KC and Staats (2012) found that focal subtask variety has an 

inverted U-shaped relationship with performance, whereas related subtask variety has 

a U-shaped relationship with the performance of cardiac surgeons.  

Research in cognitive psychology shows that the effects of experience in related tasks 

depend-among other factors-on the degree of similarity between related and focal tasks 

and the type of knowledge that is transferred between the two tasks. Repetitive tasks 

which represent a significant level of similarity and require simple skills are likely to 

present positive effects and promote individual learning (Monsell 2003, Zollo and Reuer 

2010). 

There is also a significant body of literature that argues that task variety enhances 

learning through successful transfer of knowledge between the focal and related 

activity. The more similar these activities are, the higher the probability is of a successful 

knowledge transfer and application (Tversky 1977, Zollo and Reuer 2010). In addition, 

task variety can increase workers’ commitment and motivation (Hackman and Oldham 

1976, Langer 1989), resulting in improved productivity. Boh et al. (2007) use data from 

the software industry to show that, on a team and organizational level, exposure to 

related systems is more beneficial for performance than specialization. Schilling et al. 

(2003) show that related variety can improve the learning rate of students playing 

different versions of a game. Staats and Gino (2012) use data from a Japanese bank 

to show that variety promotes workers’ productivity in the long run.  

On the other hand, researchers have also suggested that prior learning in related tasks 

can have a negative effect (Gick and Holyoak 1987, Zollo and Reuer 2010). Gick and 

Holyoak (1987) call this “negative transfer effect” and demonstrate its existence at the 

individual level. Holyoak (1985) shows that when there is a difference between an 

individual’s perception of similarity and the actual similarity of the tasks, a negative 

transfer effect of knowledge can appear through invalid generalizations. Holland (1986) 

and Holyoak (1985) also introduced the term “brittleness”, which is defined as an 

individual’s inability to transfer knowledge from previous related experience to new 

tasks. Cohen and Bacdayan (1994) found that individuals who played a card game had 

performance difficulties when the rules were slightly changed.  



 

 

20 

Finally, researchers have argued that task variety could be distracting and eventually 

detrimental to individual learning (Allport et al. 1994, Monsell 2003). Exposure to variety 

can have a negative effect on the focal task, since it can entail switching costs, warm-

up periods, residual costs, and mixing costs (Monsell 2003). Specifically, shifting 

between different tasks can be distracting (Schultz et al. 2003, Staats and Gino 2012) 

and the individual may therefore need a certain amount of time to reconfigure the new 

task (Rogers and Monsell 1995, De Jong 2000, Rubinstein et al. 2001) or adopt the 

task-specific behaviour (Allport and Wylie 1999, Monsell 2003, Waszak et al. 2003). 

Task variety could therefore lead to lower productivity. 

2.3.2 Concurrent and Non-Concurrent Exposure to Variety 

Our study contributes to this debate by suggesting and testing a new mechanism by 

which task variety may influence individual learning and focal productivity. We reconcile 

the two views outlined above by arguing that the impact of task variety on learning and 

productivity critically depends on the way related tasks are performed. Specifically, we 

suggest that the impact of exposure to a related task independently (non-concurrently) 

versus concurrently with the focal task determines the level of successful knowledge 

transfer and associated learning from the related task to the focal task. For example, 

during an operation, a surgeon might perform only a valve replacement or might 

perform a valve replacement combined with a CABG. In the former operation, she will 

be exposed to variety (i.e., valve replacement) non-concurrently with the focal task (i.e., 

CABG), whereas in the latter case her exposure to variety will happen concurrently with 

the focal task.  

We argue that a key mechanism for individuals in transferring task related knowledge 

to subsequent tasks is whether related tasks are performed at the same time or at a 

different time to the focal task. That is, non-concurrent task variety could inhibit task-

related knowledge transfer and hence lead to lower productivity the next time the focal 

task is performed. On the other hand, concurrent variety could enhance knowledge 

transfer from related tasks to the focal task and hence improve individual productivity 

for subsequent focal task. The question we examine is fundamentally different from that 

of Staats and Gino (2012), who examine the performance implications of “same-day 

different task” and “all prior days’ different tasks”. By contrast, we build on the 

observation that knowledge workers can perform various tasks either separately (i.e., 

non-concurrently) or together (i.e., concurrently) and highlight how this differential way 

of getting exposure to different tasks influences subsequent productivity on a common 

focal task. 
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2.3.3 Non-Concurrent Exposure to Variety 

Previous studies on the positive effects of exposure to task variety on performance 

highlight two basic mechanisms. These include positive knowledge transfer as a result 

of exposure to variety (Monsell 2003, Zollo and Reuer 2010) and motivational benefits 

due to task variety (Herzberg 1968, Hackman and Oldham 1976). Because cardiac 

surgeries are highly complex tasks that demand a combination of cognitive and motor 

skills (Schaverian 2010), we do not expect to see straightforward knowledge transfer 

from task variety, particularly when other tasks are performed non-concurrently. Since 

even minor differences between operations can have a significant impact on their 

outcome, we do not expect to observe a positive knowledge transfer from such 

exposure. Similarly, because cardiac surgery settings are high-pressure and dynamic 

environments (Edmondson 1999, Tucker and Edmondson 2003, Nembhard and 

Edmondson 2006, Wetzel et al. 2006), there is not much motivational gain to be realized 

as a result of exposure to variety (KC and Staats 2012). Indeed, Ch’ng et al. (2015) find 

no benefit of task variety for cardiac surgeons. Specifically, their results indicate that 

performing more valve operations does not improve surgeons’ performance on CABG 

operations and vice versa.  

Scholars in medical research consider surgery operations to require twenty-five percent 

technical and seventy-five percent decision-making skills (Spencer 1978, Grierson et 

al. 2011). While non-concurrent variety may help surgeons learn technical skills, we 

argue that non-concurrent variety provides more costs than benefits for the decision-

making skills that are more important in the dynamic and high-pressure surgery 

environment. These costs come about for several reasons. 

First, non-concurrent exposure to variety (e.g., performing different surgery types that 

do not include a CABG) is likely to lead to cognitive interference (Sarason and Pierce 

1996). The individual has to devote cognitive resources to completing the different task, 

which decreases the resources available the next time the individual performs the focal 

task (Wylie and Allport 2000, Waszak et al. 2003, Staats and Gino 2012, KC and Staats 

2012). This effect will be more significant over time as the number of different surgery 

types performed increases, resulting in a decrease in available cognitive resources. 

Surgeons tend to experience high cognitive load associated with developing the mental 

structures that organize the procedural steps for surgeries (Skaugset et al. 2015). 

Furthermore, increased cognitive interference may lead to increased stress (Wetzel et 

al. 2006). Surgeons tend to suffer from stress, especially in high-pressure environments 

such as cardiac surgeries, and stress decreases their productivity (Balch and Shanafelt 

2011, Orri et al. 2015). Overall, non-concurrent task variety will lead to reduced 
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productivity by consuming additional cognitive resources which are highly critical but 

limited (Cuschieri et al. 2001, Youngson 2000) and by increasing stress.  

Second, development of implicit memory (i.e., priming) due to non-concurrent variety 

can impair decision making in a subsequent focal task. Individuals evoke different sets 

of actions in response to a stimulus when performing another task (Allport et al. 1994, 

Allport and Wyllie 1999, Wyllie and Allport 2000, Waszak et al. 2003, Staats and KC 

2012), and researchers have shown that unconscious response from past stimuli does 

occur among doctors and medical staff (Loewenstein and Lerner 2002, Bargh and 

Williams 2007). This unconscious response not only interferes with and lengthens the 

focal task (Allport et al. 1994), but also can lead to suboptimal decisions and action sets 

in the focal surgery (i.e., CABG). That is, although each surgery type is unique and 

requires its own distinct set of steps (Reznick and MacRae 2006), priming due to non-

concurrent variety may result in surgeons responding to different but related surgery 

types with a number of action sets, some of which may be inappropriate and even 

detrimental for the focal task. Also, the number of action sets that surgeons 

automatically adopt when facing a related experience will increase over time, and this 

may in turn decrease surgeons’ productivity when they perform the focal task.  

Third, while most cardiac surgery types follow similar procedures and principles, even 

minor inherent differences in these highly critical tasks may lead to significant practical 

differences in the operating room. There is, therefore, an increased probability that 

surgeons may misjudge the level of similarity between the focal and other surgery 

types, which may result in misguided generalizations and hence lower productivity. Any 

difference between cognitive perceptions and the actual level of knowledge can lead to 

decreased productivity (Hollyoak 1985, Zollo and Reuer 2010). So, as exposure to 

variety that does not include the focal surgery type increases (i.e., non-concurrent 

variety), invalid generalizations can create a negative effect of prior learning from 

related tasks. When the individual subsequently performs the focal task, a negative 

knowledge transfer will take place (Gick and Holyoak 1987), which will decrease focal 

productivity. For these reasons, we predict that: 

Hypothesis 1: Non-concurrent exposure to task variety has a negative impact on 

subsequent focal task productivity.   

2.3.4 Concurrent Exposure to Variety 

We next examine the productivity implications of performing other tasks in conjunction 

with the focal task. When another surgery is performed concurrently with the focal one, 

the dangers of invalid generalizations over time and negative learning transfer are 

significantly reduced. This is because the individual is also performing the focal surgery 
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during the same operation, and this concurrent surgery will put the surgeons in a state 

of mindful activity and high alertness (Levinthal and Rerup 2006, KC 2014). This, in 

turn, will enable them to spot the nuances of and differences between the two types of 

surgery more easily, hence reducing the likelihood of invalid generalizations and 

negative learning transfer. In addition, the difficulty of performing different operations 

concurrently leads to enhanced information processing and decision-making ability, 

which promote efficient learning (Shea and Zimny 1983, Lee and Simon 2004). Indeed, 

recent medical research has observed that performing multiple surgeries during the 

same operation can promote more efficient learning for trainee surgeons (Bongers et 

al. 2015) and that surgeons performing multiple tasks at once are able to successfully 

reallocate their attention resources (Grierson et al. 2011). That is, performing another 

task concurrently with the focal one (e.g., performing both CABG and valve replacement 

concurrently) helps surgeons better comprehend, learn about, and identify the 

intricacies of the focal task (CABG) itself. We identify two mechanisms of this effect.   

First, performing a focal task concurrently with other tasks provides a new context for 

the focal task. This variation in context will help surgeons develop "implicit learning" 

(Reber 1989, Wulf and Schmidt 1997). That is, without even realizing it, surgeons will 

develop critical but highly complex and abstract knowledge about the focal task and its 

associations (Maskarinec and Thompson 1976). Through this implicit learning process, 

surgeons will improve their understanding and performance of the focal task. Indeed, 

researchers have shown that implicit learning promotes neural efficiency (i.e., more 

expert-like mapping of neural resources in the completion of the task) in surgical training 

(Zhu et al. 2011). As a result, surgeons become more productive, since they are able 

to deploy resources more easily to other non-technical aspects of the surgery (Masters 

et al. 2008, Zhu et al. 2011).   

Second, in the acquisition of a cognitive skill, potential errors in initial understanding are 

gradually detected and eliminated (Fitts 1964). In fact, a widely recognized cognitive 

theory of learning (ACT-R adaptive control of thought-rational, Anderson 2013) 

suggests that a discrimination process plays a critical role in the learning and acquisition 

of a cognitive skill (Anderson 1982). This discrimination process helps one narrow and 

specify the applicability of new procedural knowledge by producing multiple variants on 

the conditions of the same action. One important benefit of performing a different and 

concurrent task is therefore that it facilitates this discrimination process. In facing 

multiple tasks rather than an individual one, the most appropriate course of action for 

each particular task is better identified and learned by remembering and comparing its 

variable bindings (Anderson 1982). Considering all the above arguments, we predict 

that: 
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Hypothesis 2: Concurrent exposure to task variety has a positive impact on subsequent 

focal task productivity.    

2.3.5 The Moderating Role of Short-Term Non-Concurrent Variety 

We next focus on the way recent (short-term) non-concurrent variety interacts with long-

term non-concurrent variety. We argue that the negative effects of non-concurrent 

variety on surgeons’ decision-making skills will be aggravated by recent non-concurrent 

exposure to variety.    

As discussed in Section 2.3.3, non-concurrent exposure to variety may decrease 

surgeons’ productivity due to their response to similar stimuli, which may prove 

detrimental over time. Researchers have shown that priming, which is also observed 

among medical staff (Loewenstein and Lerner 2002, Bargh and Williams 2007), is more 

likely to happen when exposure to the related task is more recent (Lerner et al. 2004, 

Bargh and Williams 2006). Compared with more distant experiences, the carryover 

effects of recent experiences are more likely to cause automatic responses to 

subsequent similar experiences (Bargh and Williams 2006). The reason is that priming 

is more likely to occur in the presence or even vestiges of recent relevant behavior 

(Bargh et al. 2012), since individuals tend to respond unconsciously with their most 

recent relevant behaviors. We therefore expect that the detrimental effect due to 

unconscious response (Bargh and Williams 2006) caused by non-concurrent variety 

will be more significant when a surgeon has recently performed another task 

independently (non-concurrently). 

Exposure to variety can create long-term residual costs on subsequent focal tasks 

(Allport et al. 1994, Monsell 2003). This long-term residual cost is likely to increase with 

a recent non-concurrent exposure to variety, which will require further task-set 

reconfiguration (Rogers and Monsell 1995, Meiran 1996, Monsell 1996, De Jong 2000, 

Rubinstein et al 2001). That is, after performing a recent but different operation 

independently, a surgeon will have to modify the set of rules in her cognitive system for 

performing an operation, and this modification is associated with a switch-and-set-up 

cost for the individual (Schultz et al. 2003, Staats and Gino 2012). Also, because this 

task variety will have taken place in a separate operation preceding the focal surgery, 

it will not be assisted by the adaptive executive control system (Meyer and Kieras 1997, 

Schumacher et al. 2001) which helps individuals achieve cost-free dual-task 

performance in switching tasks within the same operation (Schumacher et al. 2001, 

Hazeltine et al. 2002). 

In addition, the negative knowledge-transfer effect (Gick and Holyoak 1987) and invalid 

generalizations of non-current variety which result in reduced productivity will be further 

amplified by recent non-concurrent exposure to variety. Because individuals tend to 
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retrieve schemas that they have used recently, even when more plausible and 

reasonable alternatives exist (Reder 1982), a recent non-concurrent exposure to variety 

will result in surgeons initially adopting the schema of the recently performed different 

task, and this schema may not be appropriate for the current task. Also, recent variety 

may amplify the difference between cognitive perception and the actual level of 

knowledge, which is detrimental for productivity Hollyoak 1985, Zollo and Reuer 2010). 

As a result, the probability of negative knowledge transfer due to misjudgments about 

the similarity between the focal task and other tasks will be higher.We therefore expect 

that:  

Hypothesis 3: Recent non-concurrent exposure to variety amplifies the negative effect 

of non-concurrent exposure to variety on subsequent focal task productivity.   

2.3.6 The Moderating Role of Short-Term Concurrent Variety  

Finally, we consider the moderating role of recent (short-term) concurrent exposure to 

variety on the relationship between concurrent exposure to task variety and productivity. 

We expect that the positive knowledge transfer from all past concurrent exposures to 

variety will be higher in the presence of a recent concurrent variety.   

As discussed in Section 2.3.4, an important way that concurrent variety improves 

subsequent focal task productivity is "implicit learning", in which variation in the context 

helps individuals improve both recall and understanding of the focal task (Maskarinec 

and Thompson 1976). Because this process is essentially about identifying and 

recalling associations of the focal task (Maskarinec and Thompson 1976), which 

implicitly involves time, exposure to recent concurrent variety will further improve 

implicit learning and promote neural efficiency.  

In addition, individuals tend to forget less rapidly as the complexity of the performed 

task increases (Lance et al. 1998, Nempbhard 2000), while they forget more rapidly 

when the time interval between two consecutive tasks is increased (Globerson et al. 

1989), even in a procedural cognitive task (Nembhard and Uzumeri 2000) such as a 

cardiac operation. Researchers have also shown that learned skills (both technical and 

cognitive ones) tend to deteriorate for surgeons after some time and have highlighted 

the need for periodic remediation of any necessary skills (Kahol et al. 2010). Moreover, 

it has been suggested that performing multiple surgeries concurrently can increase 

surgeons’ retention of skills (Kahol et al. 2010). Hence we believe that a recent 

concurrent exposure will significantly reduce the forgetting effect for a surgeon. With 

reduced forgetting, long-term learning effect from exposure to variety will increase.   

Finally, the probability of misguided generalizations will be further decreased when a 

surgeon recently performs an operation that includes the focal task and another one 
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concurrently. Recent concurrent exposure will allow the surgeon to better understand 

the differences among different surgery types, which will decrease—if not eliminate—

the likelihood of invalid generalizations and the risk of adopting inefficient strategies 

when subsequently performing the focal task (CABG). Therefore, we expect that: 

Hypothesis 4: Recent concurrent exposure to variety amplifies the positive effect of 

concurrent exposure to variety on subsequent focal task productivity.   

2.4 Data and Variables 

The organization that we use for our study is the cardiac unit of a private hospital in 

Europe that is the property of an American non-profit organization. The hospital admits 

more than 2,000 patients annually and performs around 850 cardiac operations each 

year. We test our hypotheses using an archival dataset of all 3,275 CABG operations 

performed in the hospital during the period from 01/01/2004 to 31/03/2011. After 

removing two operations with missing data, we are left with 3,723 operations for our 

study.  

Each surgery team consists of one lead surgeon and zero to four assistant surgeons. 

There are 44 surgeons in our sample: 19 started working after the beginning of our 

dataset, and 13 do not appear during the last year of our dataset.  Apart from the 

surgeons, each team also typically has one anesthesiologist, one perfusionist, and zero 

to three scrub nurses. We provide further information on surgeons in the Appendix. Like 

other studies that examine the role of experience on performance in surgical settings 

(see, for example, KC and Staats 2012), our study concentrates on surgeons (lead and 

assistant surgeons, 44 in total) and their exposure to various tasks. There are two 

reasons for this. First, different surgery types will result in surgeons performing different 

set of steps and activities during the surgery, providing many opportunities for learning. 

However, tasks and activities for the rest of the team members (e.g., the 

anaesthesiologist preparing the patient, nurses providing the equipment, etc.) are more 

trivial and very similar. Since our primary research agenda in this paper is to identify 

the effect of task variety on learning and productivity, we focus on surgeons, who do 

perform somewhat different activities and tasks. Second, interviews with the medical 

staff at the hospital confirmed our intuition that we should consider only surgeon 

members of the team when studying the role of task variety on productivity in this 

setting.  

Our dataset contains information about the type of operation performed, the members 

of the surgical team, and the operation’s duration, including exact start and end times. 

Our sample also includes information regarding the patient’s condition prior to 

operation. Specifically, the hospital labels each patient’s case either “severe”, “medium” 
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or “mild”. Finally, our dataset includes information about in-hospital mortality for patients 

who have had an operation in the hospital.  

To test our hypotheses, we use CABG as the focal surgery type and examine the impact 

of exposure to other cardiac surgery types (i.e., concurrently vs. non-concurrently) on 

the duration of subsequent CABG-only surgeries. We choose to use CABG as our focal 

task because it is the most common cardiac surgery type (Clark and Huckman 2012), 

and indeed it appears more than any other surgery type in our data set. In addition, 

since our goal is to examine the different effects of concurrent and non-concurrent task 

variety on subsequent productivity in the individual focal task, we need a task which 

could be performed both concurrently with another task and on its own. Finally, CABG 

surgeries have received significant attention in the recent operations management 

literature (Pisano et al. 2001, Huckman 2003, Huckman and Pisano 2006, KC and 

Staats 2012), which could help us consider our results’ validity and generalizability. 

Consequently, CABG is an ideal choice to consider as the focal task for our study.  

A surgeon can perform multiple surgery types on the same patient during the same 

operation, as required by medical conditions. For this analysis, in addition to the focal 

task (i.e., CABG), we have information regarding other types of cardiac surgeries 

performed during the same time interval in the hospital. There are 1,324 valve 

repair/replacements, 86 congenital surgeries, 70 heart failure procedures, 20 tumour 

removals, 185 routine cardiac surgeries, and 78 other normal surgeries (all other 

surgeries that do not fit into any of the previous categories). In addition, our dataset 

includes 951 complex operations in which a CABG surgery and one of the other types 

of surgeries were performed concurrently. Our dataset also includes 170 very complex 

operations in which a CABG and two of the other types of surgeries were performed 

concurrently. Because all our hypotheses address focal task productivity, we use 3,273 

CABG-only surgeries as our observations to test the hypotheses. However, when 

calculating our independent variables, we make use of all 6,171 surgeries (CABG only, 

other type only, and concurrent ones; it is worth noting that apart from the 951 complex 

operations in which a CABG is included, there are 14 more with two surgeries other 

than CABG performed concurrently). 

Finally, we also conducted a limited number of interviews with several staff members 

at the hospital. These interviews enabled us to better comprehend how CABG and other 

surgeries are performed and helped us to understand hospital policies and 

management practices.  

2.4.1 Variables  

Dependent Variable. We use duration of CABG operations as our dependent variable. 

Extensive research in psychology has shown that decrease of the completion time of a 
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performed task is an indicator of learning and increased productivity (Thurstone 1919, 

Graham and Gagne 1940). In examining performance implications of experience and 

learning-related issues, operation completion time is a commonly employed dependent 

variable. For example, in their investigation of the effect of team familiarity, 

organizational experience, and role experience on team productivity, Reagans et al. 

(2005) employed surgery duration as the dependent variable. Similarly, other learning-

related studies such as Pisano et al. (2001) and Edmondson et al. (2003) used 

procedure completion time for cardiac surgery as their dependent variable. Similarly, 

we contend that lower completion time reflects learning and increased productivity for 

the surgeons and so use it as our dependent variable. In addition, in our semiformal 

interviews, staff members in our hospital also confirmed that lower completion times 

usually reflect better clinical outcomes. 

While our dataset also included in-hospital mortalities, unlike in large-scale multi-

hospital studies, death events were quite infrequent in our setting of only one unit of a 

single hospital. Consequently, similar to Pisano et al. (2001), we were not able to detect 

any significant variables that explain variation in mortality rates other than the clinical 

condition of the patient (i.e., severe, medium, mild). Therefore, in line with our 

theoretical development, we have decided to keep the scope of our study on 

productivity performance and use in-hospital mortality as a robustness check to make 

sure that shorter completion times do not come at the cost of increased mortality rates. 

One may argue that shorter completion times may also represent inattention to the 

clinical outcome of the operation. However, we believe that this is not the case in our 

setting. First, prior research has shown that shorter completion times decrease the 

probability of post-surgical infections for cardiac surgeries (Gaynes et al. 2001, Gibbons 

et al. 2011) and can actually improve the patient’s clinical outcome (Pisano et al. 2001). 

Second, we have empirically investigated the association between duration and in-

hospital mortality to check whether decreased durations are associated with increased 

mortality rates. Specifically, we have created four groups of operations according to 

their duration (i.e., those less than the 25th percentile, between the 25th and 50th 

percentile, between the 50th and 75th percentile, and higher than 75th percentile) and 

conducted a chi-square test to examine the relationship between in-hospital mortality 

and being in one of these four groups. Our results indicate that patient deaths are not 

evenly spread across these four groups (p-value = 0.023) and that the number of 

observed in-hospital deaths is significantly higher in the group with longest durations 

than in other groups. This suggests that shorter completion times are not associated 

with worse outcomes. This finding is in line with previous medical studies which found 

that longer surgical durations are associated with higher probabilities of a surgical site 
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infection (SSI) in several surgery types, including cardiac operations (Gaynes et al. 

2001, Gibbons et al. 2011). 

2.4.1.1 Independent Variables 

Non-Concurrent Variety. This variable captures all prior days’ noncurrent exposure to 

variety for the surgeons in a team. For each surgeon in a team, we first count the total 

number of times since the beginning of our dataset that she has performed a surgery 

that does not include CABG (that is, other type only), up to the current CABG operation. 

Please also see Table 2.1 for an illustration of how we calculate this variable for an 

individual surgeon. 

Concurrent Variety. This variable captures all prior days’ concurrent exposure to 

variety for the surgeons in a team. For each surgeon, we first count the total number of 

concurrent operations she has performed, that is, an operation which involves a CABG 

surgery and one of the other types of surgeries up to the current (focal) CABG surgery 

since the beginning of our dataset. Please also see Table 2.1 for an illustration of how 

we calculate this variable for an individual surgeon. 

Non-Concurrent Variety x Recent Non-Concurrent Variety. We first calculate 

Recent Non-Concurrent Variety. To capture Recent Non-Concurrent Variety, we 

calculate for each surgeon the number of surgeries that did not include a CABG 

operation (that is, other type only) that she has performed during the week before the 

current CABG surgery. We then multiply this new variable by the Non-Concurrent 

Variety variable to create the interaction term.  

Given our setting, we use one week to capture a short time period (i.e., recent). Clearly, 

what constitutes a short time period may differ depending on the operational context. 

Given operational dynamics in our context and the fact that CABG operations last 

around three to six hours, we think that one week is an appropriate choice. (See also 

Staats and Gino 2012 p. 143 for a similar discussion, which suggests that a week may 

be an appropriate choice for characterizing a short time period with tasks of five hours 

long). Consequently, in our study, any exposure to variety that takes place within the 

week prior to the current operation is considered recent. We also performed robustness 

checks for our choice of one week by considering slightly longer and shorter time 

periods, and our results remained the same. 

Concurrent Variety x Recent Concurrent Variety. We first calculate Recent 

Concurrent Variety. To capture Recent Concurrent Variety, we calculate for each 

surgeon the number of concurrent operations (a CABG and another type concurrently) 

she has performed during the week before the current CABG surgery. We then multiply 

this new variable with the variable Concurrent Variety to create the interaction term.  
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2.4.1.2 Control Variables 

Focal Experience. For each surgeon, we calculate the number of CABG surgeries 

(either CABG-only or combined with another surgery type) she has conducted up to the 

current CABG surgery (excluding the current one) since the beginning of our dataset. 

This way, we capture each surgeon’s total experience with the focal surgery type. 

Please also see Table 2.1 for an illustration of how we calculate this variable for an 

individual surgeon.  

Team Size. We control for the size of the surgical team (counting all team members). 

Larger teams might have more access to experience and resources (Reagans et al. 

2005), but smaller work-group size is associated with increased team productivity 

(Gladstein, 1984), since larger teams sometimes face coordination challenges that 

decrease their productivity (Hackman 2002). 

Time Fixed Effect. To control for potential environmental changes in our setting (such 

as hospital policy or technological advances) and also organizational experience that 

may influence surgery durations, we include dummy variables indicating the year, 

month, and day of the week that the operation took place.   

Individual Average Experience. We control for the average experience—measured 

in number of operations—of the team members other than the lead surgeon. For each 

team member (excluding the lead surgeon), we calculate the number of times she 

appears in any operation prior to the current one (not including the current one) since 

the beginning of our dataset. We then take the sum and divide by the number of team 

members (excluding the lead surgeon).  

Indicators for Severity of the Case. As mentioned, the hospital labels each patient’s 

case mild, medium, or severe. The “medium” category appears most often in our 

sample, so we include two dummy variables in all models: “Severe” and “mild” are both 

equal to one if the hospital has labeled the patient as such and zero otherwise. We 

expect “severe” cases to generally last longer than the other two categories.  

2.4.1.3 Calculation of Key Independent and Control Variables 

Table 2.1 shows how we calculate Focal Experience, Concurrent Variety, and Non-

Concurrent Variety for each surgeon in our sample. As mentioned, one operation may 

include more than one surgery type. That is, while the most typical case is to perform 

only one type of surgery (e.g., only a CABG or only a valve replacement), a good 

number of operations include more than one surgery type (e.g., a CABG plus a valve 

replacement), depending on the patient’s medical requirements.   

At time t1, the surgeon performs an operation that includes a CABG and a valve repair. 

Then in our first observation at time t2 (our observations are the operations that include 
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only a CABG surgery), her score for Focal Experience will be equal to 1, since she has 

conducted one CABG surgery prior to t2. Similarly, her score for Concurrent Variety will 

be equal to 1, because she has conducted a valve repair and CABG concurrently prior 

to t2. Finally, her score for Non-Concurrent Variety will be equal to 0, since she has not 

yet conducted any other type of surgery individually (non-concurrently). Then at time t3 

she performs an operation that includes only a valve repair. In our next observation for 

our study at time t4, her score for Focal Experience will become 2, because she has 

conducted two CABG surgeries (at times t1 and t3) prior to t4. Her score for Concurrent 

Variety will remain 1, and her score for Non-Concurrent Variety will now become 1 

because she has conducted an individual valve repair surgery on a patient prior to t4 

(i.e., at time t3). Table 3 of the Appendix shows the average, standard deviation, and 

median for all lead surgeons for these variables.    

Table 2.1. Surgeries performed by an Individual Surgeon over time (t=t1, t2, t3, t4) 

 

2.5 Empirical Approach and Results 

We test our hypotheses using a fixed-effects panel regression with AR(1) disturbance 

based on Baltagi and Wu (1999). That is, we examine the effect of concurrent and non-

concurrent variety for lead surgeon i on the duration of CABG operation j. Our panel 

data structure, in which surgeons perform operations over time, poses several 

challenges. First, there may be unobserved heterogeneity between surgeons in areas 

such as ability, education, or experience and this heterogeneity may bias our results. 

Second, there is potential serial correlation between operations that were performed by 

the same lead surgeon close in time. In fact, when we used the Durbin-Watson test, we 

found that autocorrelation in our sample is likely to be first-order (i.e., AR(1)). Third, we 

have an unbalanced panel structure with unequally spaced observations over time. Our 

fixed-effects regression with AR(1) disturbance based on Baltagi and Wu (1999) 

explicitly takes into account all of these issues (i.e., xtregar command in Stata). 

Also, our analyses of the distribution of dependent and continuous independent 

variables (ladder and gladder commands in Stata) revealed skewed distributions. 

Consequently, and in line with our theoretical arguments and previous studies on 

conventional learning curve models examining completion times (Argote 1999, 

Reagans et al 2005), we decided to take the logarithm of all these variables. We also 

confirmed the normality of residuals and checked for heteroscedasticity by using the 

CABG Focal Experience Non-Concurrent Variety Concurrent Variety

t1 Patient 1 √ n/a n/a n/a

t2 Patient 2 √ 1 0 1 Observation 1

t3 Patient 3 n/a n/a n/a

t4 Patient 4 √ 2 1 1 Observation 2

Time Patient

Performed Surgery Independent Variables 

Dependent Variable
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Breusch-Pagan test (1979), which did not reject the null hypothesis, thereby confirming 

that heteroscedasticity does not pose a threat to our analyses.  

Our model is the following: 

ln(durationij) = β0 + β1 ln(Non-Concurrent Varietyij)  

                         β2 ln(Concurrent Varietyij) + 

                         β3 ln(Recent Non-Concurrent Varietyij) x ln(Non-Concurrent Varietyij) +  

                         β4 ln(Recent Concurrent Varietyij) x ln(Concurrent Varietyij) +  

                         β5 ln(Recent Non-Concurrent Varietyij) +  

                         β6 ln(Recent Concurrent Varietyij) + 

                         β7 ln(Focal Experienceij) +  

                         β8 ln(Team Sizeij) +  

                         β9 ln(Individual Average Experienceij) +  

                         β10 (Severeij) + 

                         β11 (Mildij) +  

                         αi +   

                         tj + 

       uij ,  

                        where  uij = ρuij-1 + eij 

In the above model, αi represents unobserved lead surgeon fixed effect, and tj 

represents time effect indicating the year, month, and day of the week that the operation 

takes place. In addition, uij is the serially correlated error term, with |ρ| < 1 being the 

first-order autocorrelation coefficient, and eij is independent and identically distributed 

with zero mean and constant variance.  

Table 2.2 shows descriptive statistics and correlations among the variables. Table 2.3 

shows the results for all our hypotheses. Due to the AR(1) covariance structure we 

employ, the number of observations in the table is equal to 3,261. In Model 1 we include 

only our control variables. As expected, focal experience and average individual 

experience have negative and significant coefficients, suggesting that they reduce 

completion times, whereas team size increases duration. In addition, compared with 

the baseline group of medium, severe operations take longer and mild operations are 

shorter in duration.  

In Model 2, we add our first variable of interest: Non-Concurrent Variety. The adjusted 

R2 is increased by 3.5%, and an F-test showed that Model 2 is superior to Model 1 (p < 

0.05). Non-Concurrent Variety has a positive and significant coefficient (p < 0.01), 

providing support for our first hypothesis. In Model 3 we add Concurrent Variety. The 

adjusted R2 is further increased by 5.41%, and an F-test showed that Model 3 is  
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2.2 Descriptive Statistics for Lead Surgeons 
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Table 2.3 Regression of Task Variety on Surgery Duration only  

for Lead Surgeons 

 

superior to Model 2 (p < 0.01). Concurrent Variety has a negative and significant 

coefficient (p < 0.01), supporting Hypothesis 2.  

In Model 4 we add the interaction terms Non-Concurrent Variety x Recent Non-

Concurrent Variety and the variable Recent Non-Concurrent Variety. The adjusted R2 

is further increased by 1.92%, and an F-test indicated that Model 4 is superior to Model 

3 (p < 0.01). We also see that Non-Concurrent Variety x Recent Non-Concurrent Variety 

is significant (p < 0.01) and positive, providing support for our third Hypothesis. Finally, 

in Model 5 we include the interaction term Concurrent Variety x Recent Concurrent 

Variety and the variable Recent Concurrent Variety. The adjusted R2 is further 

increased by 0.63%, and an F-test indicated that Model 5 is superior to Model 4 (p < 

0.05). Concurrent Variety x Recent Concurrent Variety is significant (p < 0.05) and 

negative, providing support for Hypothesis 4.  

According to Model 3, an increase of 20% in Non-Concurrent Variety increases duration 

by 6.82% (20.31 minutes), whereas such an increase of Concurrent Variety decreases 

duration by 6.98% (20.78 minutes). Next, we repeat our analysis using all the surgeons 
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of the team (not just the lead surgeon). Specifically, we include all surgeons of the team 

when calculating our independent variables and repeat our analysis while controlling 

for the experience of the other members (in this case, we calculate Non-Concurrent 

Variety, Concurrent Variety, and Focal Experience using all the surgeons in the team 

and then taking the average and Individual Average Experience using all team 

members excluding surgeons). Table 2.4 shows descriptive statistics and correlations 

among the variables. Table 2.5 shows the results. In Model 1 we include only our control 

variables. In Model 2, we add our first variable of interest, Non-Concurrent Variety. The 

adjusted R2 is increased by 12.59%, and an F-test showed that Model 2 is superior to 

Model 1 (p<0.01). Non-Concurrent Variety has a positive and significant coefficient 

(p<0.01), providing support for our first hypothesis. In Model 3 we add Concurrent 

Variety. The adjusted R2 is further increased by 8.70%, and an F-test showed that 

Model 3 is superior to Model 2 (p<0.01). Concurrent Variety has a negative and 

significant coefficient (p<0.01), supporting Hypothesis 2.  

In Model 4 we add the interaction terms Non-Concurrent Variety x Recent Non-

Concurrent Variety and the variable Recent Non-Concurrent Variety. The adjusted R2 

is further increased by 0.57%, and an F-test indicated that Model 4 is superior to Model 

3 (p<0.05). We also see that Non-Concurrent Variety x Recent Non-Concurrent Variety 

is significant and positive (p<0.01), providing support for our third hypothesis. Finally, 

in Model 5 we include the interaction term Concurrent Variety x Recent Concurrent 

Variety and the variable Recent Concurrent Variety. The adjusted R2 is further 

increased by 1.70%, and an F-test indicated that Model 5 is superior to Model 4 

(p<0.01). Concurrent Variety x Recent Concurrent Variety is significant and negative 

(p<0.01), providing support for Hypothesis 4. One limitation of our fixed-effects AR(1) 

regression based on Baltagi and Wu (1999) is that it was not possible to report robust 

standard errors. The Breusch-Pagan test (1979) revealed no heteroscedasticity, but, 

nevertheless, we additionally run fixed-effects regression with robust standard errors 

(xtreg fe with robust option) and test all our hypotheses. Tables 2.6 and 2.7 in the 

Appendix show the results for our hypotheses using this alternative model. The results 

for all our hypotheses remain the same in terms of significance and support and are 

close in terms of coefficients. We next investigate the economic significance of our main 

variables of interest. According to Model 3, an increase of 20% in Non-Concurrent 

Variety increases duration by 4.76% (14.17 minutes), whereas such an increase of 

Concurrent Variety decreases duration by 4.06% (12.09 minutes). These findings 

suggest that not only are the effects of concurrent and non-concurrent variety 

statistically significant, but their practical effects on surgery completion times are also 

considerable. Next, we conduct post hoc plots for Hypotheses 3 and 4 using the lead
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2.4 Descriptive Statistics for all Surgeons 
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Table 2.5 Regression of Task Variety on Surgery Duration 

for all Surgeons 

 

surgeon and then all surgeons of our teams to examine the moderating effects described 

by Aiken and West (1991) and Dawson and Richter (2006). We divide our sample into a 

subset with values above the median for Recent Non-Concurrent Variety and a subset with 

values below the median for Recent Non-Concurrent Variety and plot Non-Concurrent 

Variety and Duration (Figures 2.1 and 2.2). Notice that we employ logged variables in the 

figures. We also divide the sample into a subset with values above the median for Recent 

Concurrent Variety and one with values below Recent Concurrent Variety and plot 

Concurrent Variety and Duration (Figures 2.3 and 2.4). In dividing our sample, we decided 

to use the median instead of the mean plus one standard deviation and the mean minus 

one standard deviation because in the latter case our sample was dramatically decreased. 

Although all plots reveal the moderating effects as proposed in Hypotheses 3 and 4, the 

effect of the moderation is quite small in terms of economic significance (also note the 

coefficients of the interaction terms in our models). That is, combined with the main effects 

of concurrent and non-concurrent task variety, and their short term effects, we observe quite 



 
 

38 
 

modest moderation effects in terms of practical magnitude in our sample. This is not 

surprising in our surgery setting, since the primary drivers of any surgery completion time 

are, first and foremost, clinical factors. Consequently, we believe that our theoretical insights 

on moderation effects are useful despite their limited practical applicability in our setting 

with their small effect sizes. In addition, in other professional service settings where external 

factors (e.g., the patient’s clinical condition) are not as dominant in driving productivity 

outcomes (such as legal services, consulting, etc.), we expect such moderation effects to 

be sizeable and of economic significance.  

 

Figure 2.1 Interaction Plot for H3 for Lead Surgeons 

 

 

Figure 2.2 Interaction Plot for H3 for all Surgeons 
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Figure 2.3 Interaction Plot for H4 for Lead Surgeons

 

 

Figure 2.4 Interaction Plot for H4 for all Surgeons 
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2.6 Robustness Checks 

We perform several additional analyses to examine the robustness of our results and 

to rule out potential alternative explanations. 

2.6.1 Data and Variables’ Operationalization 

As in any empirical study, our dataset is limited. A potential concern is that we have no 

data for surgeries or surgeons prior to the beginning of our dataset, which may influence 

our results. To address this, we repeat our analysis after excluding different time 

intervals from the beginning of our dataset. That is, we remove the first 12 months and 

24 months, and we calculate our dependent variable and all independent variables 

using the remaining data (e.g., when we remove 24 months, we calculate surgery 

durations using only those surgeries that took place between months 24 and 87, and 

when calculating concurrent exposure to variety, for instance, we similarly use all 

operations between months 24 to 87). We then repeat our analysis. The results for all 

our hypotheses remain the same qualitatively. We therefore believe that missing 

experience (i.e., missing data prior to the beginning of our dataset) does not pose a 

threat to our main findings.  

We also test the sensitivity of our results by repeating our analysis after removing the 

first 12 months of our dataset only for the dependent variable (about 14% of our initial 

observations). That is, while we include our entire dataset for calculating the 

independent variables, in this case the set of observations (and hence the dependent 

variable) start after month 12. This way, we investigate the robustness of our results 

when there is missing data for our main independent variables at the beginning. While 

the magnitude of effects changes as expected, our primary findings remain the same.  

We also replaced Average Individual Experience of the rest of the team members with 

a variable called Average Individual Direct Experience, which captures the number of 

times each non-surgeon team member has conducted the focal type of operation 

(CABG) since the beginning of our dataset. Our results remain the same.  

Finally, one may be concerned that the effects we observe may only work on single 

focal operations (CABG-only) and may not hold on non-focused operations that involve 

more than just CABG. In order to examine this, we repeat our analysis after changing 

the way we define our variables. Specifically, we define as focal experience all CABG 

and valve repair/replacement surgeries (the second most frequent operation type in our 

sample) and calculate Focal Experience, Non-Concurrent Variety, and Concurrent 

Variety accordingly. Specifically, we use all operations that include a CABG or a valve 

repair/replacement when calculating Focal Experience, all operations that include 
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neither CABG nor valve repair/replacement when calculating Non-Concurrent Variety, 

and all operations that include both CABG and valve repair/replacement and another 

type when calculating Concurrent Variety. We repeat our analysis and find support for 

all our hypotheses. This confirms that the effects of non-concurrent and concurrent 

exposure to variety hold in operations that include more than a CABG.  

2.6.2 Surgery Assignments 

An additional concern could be the possibility that more severe cases might be 

assigned to more experienced lead surgeons or, similarly, easier cases to less 

experienced lead surgeons. To deal with this, we first investigate the distribution of 

severe cases among surgeons and do not observe any patterns. Second, we conduct 

a chi-square test to ensure that the mild, medium, and severe cases are evenly spread 

across lead surgeons. The results (Table 2.8 in Appendix) indicate that there is no 

difference across lead surgeons in terms of severity of assignments. Next, we repeat 

our analysis after dropping the most critical cases from our sample, which includes 

patients that died in the hospital after the operation, and find the same results 

qualitatively. We also investigated the spread of deaths among surgeons and examined 

any potential correlations of these deaths with our key variables. We find that these in-

hospital deaths are spread quite evenly across surgeons and show no correlation with 

our key variables other than the “severe” patient condition. 

A severe case can be more critical than another severe case, and, similarly, one mild 

case might be easier than another. Because the hospital does not make these kinds of 

distinctions within severe cases and within mild cases, we further examined this issue: 

We repeated our analysis after excluding the severe cases (using only the mild and 

medium ones). Then we repeated our analysis after excluding only the mild cases from 

our initial sample (using only the medium and severe ones). Finally, we also repeated 

our analysis using only the medium cases. In all three cases, while the magnitude of 

effects changed considerably as expected, our results remained the same.  

2.6.3 Instrumental Variable Approach  

We conducted fixed-effects regressions, which control for all observed and unobserved 

time-invariant heterogeneity across lead surgeons through a de-meaning process, as 

well as the further analyses of surgery assignments outlined above. However, these 

analyses might not have fully addressed potential time-varying individual effects which 

are unobservable to us but may affect lead surgeons’ task variety and productivity at 

the same time.  



 
 

42 
 

To address this, we use an instrumental variables approach with 2SLS specification. 

Specifically, we use the number of public holidays of the country in which the hospital 

is located and the number of the lead surgeon’s vacation days as instruments for 

surgeons’ concurrent and non-concurrent variety. This approach is similar to Lambrecht 

et al. (2011) which uses vacations and public holidays as instruments for interruption of 

individuals’ adoption process of online banking service. We use variation in time 

intervals of public holidays and individuals’ vacation days in our two-stage estimation 

strategy. That is, while a lead surgeon’s exposure to variety is influenced (i.e., 

interrupted) during holidays and vacations (since no operation will take place in these 

time intervals), the number of days spent in these intervals is unrelated to any CABG 

assignment and selection issues in the hospital. Also, the cumulative number of such 

days off should not have any influence on surgery durations. Consequently, we believe 

that our instruments satisfy the exclusion restriction.    

We create two variables for our instruments: Public Holidays and Days of Vacation. For 

every operation, we calculate the number of public holidays prior to that operation and 

take the sum. Finally, since exposure to variety increases as time goes by, when we 

define our variable Public Holidays, we use the number of days that each lead surgeon 

has been working at the hospital minus the sum of the public holidays up to this point. 

We expect to observe a positive association between this variable and lead surgeons’ 

exposure to variety.   

Regarding Days of Vacations, we define vacations if the lead surgeon does not appear 

in our sample for two weeks or more (we also considered shorter and longer durations 

and obtained similar results) and then reappears (which means that she is still working 

at the hospital). Our surgeons work solely for our client hospital, so their absence in our 

sample does not indicate that they may be working in another hospital or in private 

practice. So, for every operation, we calculate total days of vacation the lead surgeon 

has taken up to the current operation. Finally, since exposure to variety increases as 

time goes, when we define Days of Vacations, we use the number of days that each 

lead surgeon has been working at the hospital minus the number of days she has taken 

as vacation up to this point. We expect to observe a positive effect of this variable on 

lead surgeons’ exposure to variety. Tables 2.9, 2.10, and 2.11 show the results of our 

IV approach.  

In Table 2.9, we only consider Non-Concurrent Variety and use Public Holidays as the 

instrument. We first evaluate the quality of Public Holidays as the instrument. Our first-

stage estimation in Model 1 reveals a significant positive effect (p < 0.01) of Public 

Holidays on Non-Concurrent Variety with an F-statistic well above the common 

threshold of 10, indicating that it is not a weak instrument. Our second-stage estimation, 
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Model 2 in Table 2.9, provides support for our first hypothesis: Non-Concurrent Variety 

has a positive and significant coefficient (p < 0.01). 

In Table 2.10, we focus only on Concurrent Variety and use Public Holidays as the 

instrument. We examine the first stage estimation with Public Holidays as the 

instrumental variable and observe a significant (p < 0.05) positive effect of Public 

Holidays on Concurrent Variety. The F-statistic is also well above the common 

threshold of 10, indicating that it is not a weak instrument. Our second-stage results in 

Model 2 of Table 2.10 provide support for our second hypothesis: Concurrent Variety 

has a negative and significant coefficient (p < 0.01). 

In Table 2.11, we use both Public Holidays and Days of Vacations as instruments to 

Non-Concurrent Variety and Concurrent Variety in two stage estimation. As before, we 

first evaluate the quality of our instruments with first-stage model and F-statistic (again 

well above 10), and confirmed the strength of the instruments. The second stage 

estimation, Model 3 from Table 2.11, provides support for both H1 and H2. Specifically, 

Non-Concurrent Variety has a positive and significant coefficient (p < 0.01) providing 

support for our first hypothesis, and Concurrent Variety has a negative and significant 

coefficient (p < 0.01), supporting Hypothesis 2. We are therefore confident that 

endogeneity does not bias our results. 
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Table 2.9 Regression of Task Variety with Instrumental Variable Approach 
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Table 2.10 Regression of Task Variety with Instrumental Variable Approach 
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Table 2.11 Regression of Task Variety with Instrumental Variable Approach 

 

2.7 Discussion and Conclusions 

Professional service firms are the epitome of the increasingly knowledge-based 

economies of the world. While there is growing interest in the study of professional 

services in the management literature (Maister 1993, Hinings and Leblebici 2003, 

Greenwood et al. 2005, Gardner et al. 2008), the study of professional service work 

from an operations standpoint has been quite limited (Roth and Menor 2003, Lewis and 

Brown 2012). Despite the clear importance of such white-collar professions to the 

economies of developed countries, their operations are much less understood than the 

operations of blue-collar work (Hopp et al. 2009).  

In this study, we examine how exposure to task variety in different forms may influence 

surgeons’ productivity over time. We introduce time as a new dimension in the way an 

individual may perform a variety of tasks, and we show that timing can alter the effect 

of task variety on individual learning and subsequent productivity. More precisely, we 

find that while concurrently performing another task over time enhances the productivity 

of the focal task, performing another task non-concurrently reduces this productivity. 
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We also introduce recent exposure to variety as an important moderator which amplifies 

the relationship between variety and productivity.  

While the extant literature has recognised task variety as a potentially important driver 

of individuals’ task performance, evidence on productivity implications of task variety 

have been mixed. It is only recently that researchers have started to disentangle more 

nuanced elements of task variety and investigate their effects on individual productivity. 

In an experimental study, Schilling et al. (2003) make an important distinction between 

related and unrelated task variation and show that the learning rate under conditions of 

related variation is significantly greater than under conditions of unrelated variation. In 

two other recent studies, Staats and Gino (2012) investigate the productivity 

implications of exposure to variety in the long term vs. in the short term, and KC and 

Staats (2012) introduce subtask variety (within task variety) as an important driver of 

individual performance. Although these studies have considerably improved our 

understanding of task variety’s effects on individual productivity, several elements of 

task variety, such as the relationship between focal tasks and varied tasks and their 

impact on productivity, have been much less well understood. Our study seeks to 

contribute to this line of inquiry by focusing on when the varied task has been performed 

with regards to the focal task. That is, we introduce the way different task are performed 

(concurrently vs. non-concurrently) as an important dimension to consider in 

understanding the effect of task variety on productivity.  

Our extensive dataset, which covers a time interval of more than seven years, allows 

us to investigate the influence of exposure to variety on individual learning and 

productivity over time. In addition, because we are able to observe a variety of surgeries 

performed in different configurations (e.g., CABG only, other type only, CABG and other 

type) which are driven by exogenous (i.e., medical) factors, our results are not likely to 

be affected by endogeneity concerns.  

Surgeons have been identified as typical 21st-century knowledge workers (KC and 

Staats 2012) in that they experience constant learning throughout their careers. 

Accordingly, our results can provide useful insights for other professional service 

workers with regards to task allocation and timing strategies. Our findings are 

particularly relevant to settings that are characterized by high levels of worker discretion 

and control over how to conduct a variety of tasks. Our results suggest that performing 

other related tasks concurrently with a focal common task can improve individuals’ 

learning and productivity over time. Our results indicate that a 20% increase in exposure 

to other related tasks can decrease the time an individual needs to perform the focal 

task by 4.06% (which, in the case of our surgeons, translates to 18 additional CABG 

operations per year). On the other hand, we observe that performing other tasks in 
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isolation (non-concurrently) does not provide such learning and productivity 

improvement opportunities. In contrast, such non-concurrent variety appears to be 

detrimental to productivity. Our results suggest that a 20% increase in non-concurrent 

exposure to variety can decrease productivity by 4.76% (which, for our surgeons, 

translates to around 21 additional CABG operations per year). To maximize individual 

learning and improve productivity in common tasks, therefore, a worker may consider 

pairing her most common task(s) with other related tasks and try performing them 

concurrently as much as possible. In addition, our results on the moderating role of 

recent exposure to variety suggest that short-term exposure to variety may matter for 

subsequent task productivity. That is, recent variety amplifies the respective influences 

of concurrent and non-concurrent variety on subsequent task productivity. Therefore, 

when individuals are devising strategies to improve their productivity on tasks they 

perform frequently, it may help to consider tasks that they have carried out both in the 

long term and recently. 

As in all empirical studies, our findings and conclusions are subject to limitations. First, 

our dataset includes limited information about the patients’ condition before the 

operation. Specifically, the hospital labels each patient’s case as mild, medium, or 

severe. Ideally, we would like to have more detailed information about patients’ 

condition, such as their EuroScore or Higgins score, but this was not available in our 

archival data. In addition, our dataset comes from a single hospital. One should 

therefore be careful when interpreting the results of our study. In addition, despite the 

fact that cardiac surgery is an appealing setting in which to study the effect of task 

variety on learning and productivity, generalizing our results to other professional 

service settings requires a cautious approach, since specific task dynamics and 

contextual factors affecting learning mechanisms may be different in other settings.   

2.8 Appendix 
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Table 2.6 Regression of Task Variety on Surgery Duration only for Lead 

Surgeons with robust standard errors 
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Table 2.7 Regression of Task Variety on Surgery Duration only for all Surgeons 

with robust standard errors 

 

Table 2.8 Distribution of Cases among Lead Surgeons 
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Chapter three – Team Familiarity and Productivity in 
Cardiac Surgery Operations: The Effect of 
Dispersion, Bottleneck and Task Complexity 

Fluid teams are commonly used by a variety of organizations to perform similar and 

repetitive yet highly critical and knowledge-intensive tasks. In this study, we develop 

and test a model of knowledge transfer based on team composition dynamics in fluid 

team operations. Using a granular dataset of 6,206 cardiac surgeries from the cardiac 

unit of a private hospital in Europe over more than seven years, our study offers a 

micro-founded account of how team familiarity (i.e., shared work experience) 

influences team productivity. We propose that in addition to average team familiarity, 

managers should also consider more nuanced team composition dynamics including 

familiarity dispersion, bottlenecks, how familiarity is gained, and what kind of tasks 

benefit the most from familiarity. We observe that teams with high dispersion of 

pairwise familiarity exhibit lower team productivity, and the existence of a “bottleneck-

pair” may significantly hinder overall knowledge transfer capability, thus, productivity 

of fluid teams. In addition, we observe that the higher the percentage of familiarity 

gained from complex tasks, the higher the productivity of the team. Finally, our results 

suggest that the positive effect of average team familiarity on productivity is enhanced 

when performing more complicated tasks. Our study provides new operational 

insights to improve productivity of fluid teams with better team composition strategies. 

3.1. Introduction 

The modus operandi of many of today’s organizations in knowledge-intensive 

environments is to employ fluid teams (Bushe and Chu 2011, Huckman et al. 2009, 

Edmondson and Nembhard 2009). One can observe fluid teams in a variety of settings, 

from scientific research collaborations and management consulting teams to surgical 

teams, flight crews, and product development teams. Fluid teams have a number of 

unique characteristics: They have no permanent memberships, they operate as a team 

only for a limited time or for a specific task, and they normally have clear hierarchies, 

roles, and task responsibilities. After their job is over, these teams dissolve, but many 

members may work again with each other as part of another team (Cohen and Bailey 

1997, Paletz and Schunn 2011, Summers et al. 2012).  

A key management challenge that is particularly pertinent to fluid team operations is 

team composition. If individuals operate as part of a team only temporarily, how should 

they be assigned to various teams to make sure that these teams can perform their 

tasks more efficiently and hence achieve higher productivity over time? Our study seeks 
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to address this question by focusing on a major element of team composition: team 

familiarity (i.e., shared work experience among team members).  

Previous research has identified team familiarity as an important performance driver for 

teams with a primary focus on the role of average team familiarity (e.g., average of 

pairs’ familiarity) and reported mostly beneficial effects (Edmondson 1999, Faraj and 

Sproull 2000, Reagans et al. 2005, Espinosa et al. 2007, Huckman et al. 2009, 

Huckman and Staats 2011) with the exception of two studies which observed 

diminishing returns in the long run (Katz 1982, Berman et al. 2002).  

Despite these studies, several important questions regarding the effect of team 

familiarity on team productivity have remained unaddressed. First, previous research 

has mainly focused on the role of the first moment of familiarity distribution among team 

members (i.e., average familiarity) and has not accounted for two important 

distributional characteristics that go beyond team averages: (i) dispersion of familiarity 

among team members (i.e., the amount of variation in pairs’ past collaborations, second 

moment of familiarity distribution), and (ii) existence of a bottleneck pair in the team 

(e.g., somewhat similar to the third moment which captures how skewed the lowest 

familiar pair is). Fluid teams are composed of members who have various levels of 

shared work experience in different pairs, and hence their familiarity distributions might 

be substantially different despite having similar average familiarity levels. Recent 

research suggests that key properties of a distribution such as dispersion constitutes 

an inherent property of every team-level mechanism and hence a significant factor in 

understanding the effect of that mechanism on team productivity (De Jong and Dirks 

2012). As a result, any model that solely focuses on team averages and neglects 

important distributional properties can lead to biased and ambiguous results for the 

examined phenomenon (Cole et al. 2011) as it is highly likely to be underspecified 

(Dineen et al. 2007). Consequently, we first examine how team familiarity dispersion 

and the existence of bottleneck pairs might influence productivity of fluid teams. Next, 

inspired by the concept of “bottleneck” in traditional operations settings which limits a 

system’s capacity; we define and identify an analogous construct “bottleneck-pair” for 

fluid teams. We argue that the existence of a pair with very low shared experience-

compared to the average familiarity of the team, may act as a bottleneck for the team. 

It is worth noting that although the most famous example of a bottleneck in the 

operations management literature is a person (i.e., Herbie in the hiking track) (Goldratt 

and Cox 1984), there is little work that relates system bottleneck with persons and 

teams (Boudreau et al. 2003).  

Second, although previous studies have examined various contingent factors on the 

effect of team familiarity on team performance, such as geographic dispersion and team 
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size (Espinosa et al. 2007), interpersonal diversity in terms of customer experience 

(Huckman and Staats 2011), and hierarchical roles (Staats 2012), this line of research 

has not examined the role of task type (i.e., complexity) on the relationship between 

team familiarity and productivity. On this front, we examine two important questions. 

First, does familiarity gained from a higher ratio of complex tasks result in higher 

productivity? Second, how does complexity of the focal task moderate the relationship 

between team familiarity and productivity? These questions are important from a 

practical viewpoint too, because fluid teams essentially perform related but not identical 

jobs over time which may significantly differ in terms of complexity (e.g., consider flight 

crews or surgical teams where each surgery or flight is different in complexity 

depending on patient or weather conditions).  

Overall, in this study, we focus on four questions related to familiarity in fluid teams. We 

first look at the distribution of familiarity among team members by examining (i) the 

effect of team familiarity dispersion, and (ii) the existence of a bottleneck pair on 

productivity. We then focus on task complexity and investigate (iii) whether familiarity 

gained from a higher percentage of complex tasks in the past provide higher 

productivity benefits, and (iv) whether a more complex focal task is more conducive for 

the positive effects of team familiarity on productivity.  

We test our hypotheses using a unique dataset of 6,206 cardiac surgeries from the 

cardiac unit of a private hospital in Europe over 87 months. With clear team member 

roles and responsibilities, limited team durations, and repeated interactions among 

individuals as part of different teams, our setting is ideal to investigate fluid teams 

(Edmondson et al. 2001). In addition, the presence of similar and repetitive, yet highly 

critical and complex tasks make cardiac operations a very suitable context to examine 

the role of team composition on productivity. Our results indicate that teams with high 

dispersion of pairwise familiarity exhibit lower team productivity (i.e., higher operation 

completion times), and the existence of a “bottleneck-pair” may significantly reduce 

productivity. In addition, we observe that the higher the percentage of familiarity gained 

from complex tasks, the higher the productivity of the team.  Finally, our results suggest 

that the positive effect of average team familiarity on productivity is amplified when 

performing more complex tasks.  

Our study offers a number of important contributions to operations management 

literature. Identifying team composition as a major apparatus with which managers can 

influence productivity; our study provides insights on effective management of fluid 

team operations. By examining factors including the role of familiarity dispersion, the 

existence of a bottleneck-pair, whether familiarity is gained from performing more 
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complex tasks, and whether the focal task being performed is a complex one; our study 

unravels when and how team familiarity influences productivity of fluid teams. 

An important focus in the operations management literature has been to increase 

productivity at the individual, team and organizational level, though for mostly repetitive 

and routine tasks in contexts such as manufacturing or blue-collar work (Hopp and 

Spearman 2000, Hopp et al. 2009). A natural extension and focus for this line of work 

is to study productivity in more knowledge intensive and more complex settings (Hopp 

et al. 2009). As Peter Drucker famously noted (1999, p. 79) “the most important, and 

indeed the truly unique, contribution of management in the 20th century was the 50-fold 

increase in the productivity of the manual worker in manufacturing. The most important 

contribution management needs to make in the 21st century is similarly to increase the 

productivity of knowledge work and knowledge workers.” With our focus on fluid team 

operations in knowledge intensive healthcare settings, and our new insights on team 

composition strategies and their productivity implications, we believe that our study 

contributes to operations management literature in a significant way.  

In the next section we present the existing literature and develop our hypotheses. We 

then present our data and results, robustness checks, and finally discuss our findings 

and conclusions.  

3.2 Literature Review and Theory Development 

Recent research in operations management has examined operational problems in 

healthcare settings by addressing issues such as scheduling (Green et al. 2006, He et 

al. 2012), capacity management (Lee and Zenios 2009, KC and Terwiesch 2012), 

workload management (Tucker and Edmondson 2003, Powell et al. 2012), and task 

variety (Avgerinos and Gokpinar 2014). While this paper uses a similar data set to that 

of Avgerinos and Gokpinar (2015) which studies task variety and learning by focusing 

on coronary artery bypass grafts, the present study focuses on different research 

questions concerning team familiarity and related dynamics by analysing the whole set 

of cardiac surgery operations performed in a hospital. Using the healthcare setting, our 

work investigates productivity implications of team composition strategies. Because 

many critical healthcare tasks such as surgeries are performed by fluid teams, 

individuals’ assignment to these teams is a critical operational decision. 

Team familiarity (i.e., prior shared work experience) and its performance implications 

have been studied in several literatures. First, a number of theoretical studies have 

suggested positive effects of past collaborations (i.e. team familiarity) on team 

performance. As team members work together, a transactive memory system (i.e., a 

set of individual memory systems) in combination with the communication that takes 
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place between individuals (see, Wegner 1986) can be developed among team 

members (Wegner et al. 1985) which will then improve team productivity. Weick and 

Roberts (1993) introduced the concept of collective mind-a pattern of affiliations of 

actions in a social system, and claimed that team stability will increase close relations, 

which in turn will improve performance. Similarly, shared experience may lead to 

developing team human capital (Chillemi and Gui 1997) which can also increase team 

productivity. Also, Edmondson (1999) suggested that team familiarity will improve 

productivity through promoting team psychological safety.  

Second, several studies in healthcare have empirically examined the effect of past 

collaborations on various performance outcomes. Fleming et al. (2006) conducted 

interviews with cardiac surgery team members and used survey-based data to show 

that limited shared experience may lead to breakdowns in communication, decision 

making and leadership which in turn may threaten surgical safety resulting in adverse 

patient outcomes. Using data from pediatric, cardiac, and orthopedic operations, 

Catchpole et al. (2007) also showed that shared experience and effective team working 

during surgery can prevent minor problems from escalating and becoming serious 

threats for patients. Finally, Davenport et al. (2007) used survey-data from 

general/vascular surgery services and found that past collaborations can help decrease 

patient morbidity.  

Broader management literature has generally highlighted beneficial effects of team 

familiarity on productivity in various empirical settings. Faraj and Sproull (2000) used 

data from software development teams and showed that familiarity increases 

productivity since it allows team members to know the area of expertise of each other. 

Team familiarity also increases the willingness of joint replacements surgery team 

members to engage in a relationship (Reagans et al. 2005), leading to improved team 

productivity. Huckman et al. (2009) and Huckman and Staats (2011), show that past 

common experience can promote team productivity for project teams in the software 

industry. On the other hand, using data from NBA teams, Berman et al. (2002) argue 

that easiest gains from shared experience come during the early stage of relationships 

and after some point this may lead to routinization and lower productivity for teams 

working in a tacit-knowledge environment. Nonetheless, they point out that practically 

the number of teams that may experience negative return is extremely low. Katz (1982) 

also found that stable R&D teams which stay together for more than five years 

demonstrate lower levels of productivity with compare to teams working together for 

shorter time. He suggested that high longevity may make team members less 

motivated, decrease their internal communication and provide them a false assurance.  
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In addition to examining main effects of average team familiarity, previous studies have 

also explored the role of several contextual and moderating factors on the relationship 

between familiarity and performance. Espinosa et al. (2007) used data from software 

development teams and showed that team size and geographic dispersion interact 

positively with team familiarity on its beneficial effect on team productivity. Huckman 

and Staats (2011) focused on the interaction between team familiarity and interpersonal 

diversity in terms of customer experience, and found that this interaction results in 

significant improvement in terms of effort and schedule deviation, but it leads to no 

significant improvement with respect to schedule adherence or project quality. Also, 

Staats (2012) used data from software development teams to show that horizontal 

familiarity increase quality whereas hierarchical one promotes productivity.  

3.2.1 Familiarity Dispersion 

While average team familiarity is an appropriate construct to characterize average 

levels of prior shared work experience in a team, it may not give us the complete picture 

with regards to team composition and familiarity dynamics in fluid teams. In fluid team 

settings in which teams are not stable, there may be high degrees of variation both 

across and within teams in terms of team members’ familiarity among each other. 

Moreover, two teams with the same levels of average team familiarity may differ 

substantially in their composition dynamics (e.g., one team with all members 

moderately familiar with each other, another team in which some pairs highly familiar 

and other pairs barely familiar with each other). That is, going beyond the examination 

of the effects of average team familiarity and exploring the role of its dispersion within 

a team could give us a more nuanced and complete picture in examining the role of 

familiarity in fluid teams.    

In fact, several researchers have pointed out the importance of including dispersion 

(e.g., diversity) while examining a team-level effect since dispersion has been 

recognized as a key characteristic for teams in organizations (Harrison and Klein 2007, 

Jackson et al. 2003). Klein and Kozlowski (2000) suggested that most group constructs 

come from a combination of mean and dispersion mechanisms. Several researchers 

have treated mean and dispersion levels as equal properties for the formation of team-

level constructs including trust and peer monitoring (De Jong and Dirks 2012), leader-

member exchange (Liao et al. 2010) and satisfaction (Dineen et al. 2007). Building on 

this literature, we identify dispersion in team members’ familiarity with each other as an 

important characteristic of a team, and suggest that “team familiarity dispersion” would 

be detrimental for team productivity. We argue that team familiarity dispersion may 

hinder team productivity through two main mechanisms.  
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First, while past common experience makes individuals aware of each other’s expertise 

and therefore results in more efficient allocation of tasks and knowledge sharing 

(Edmondson 1999, Faraj and Sproull 2000, Lewis 2003, Reagans et al. 2005), when 

similar levels of familiarity are not shared by all individuals within the team, they will 

face difficulties in knowledge sharing and effective integrating due to different beliefs 

and lack of past collaboration among some members. This will lower productivity 

(Gardner et al. 2012). Moreover, when relational resources are concentrated within 

parts of the same team, individuals will develop stronger bonds only with some team 

members, creating distance from some others (Hornsey and Hogg 2000, Van 

Knippenberg et al. 2004). This uneven distribution of relational resources may lead to 

opposition in task-related goals (Bezrukova et al. 2007, Li and Hambrick 2005) or even 

to conflict and distrust among team members (Van Knippenberg et al. 2007, Choi and 

Sy 2010). Consequently, teams with high familiarity dispersion will experience 

decreased productivity because of the unevenly distributed relational resources within 

the team. 

Second, trust among coworkers has been recognized as an important performance 

driver for healthcare personnel (Cook 2013), and its significance has been highlighted 

for individuals (e.g. nurses, Altuntas and Baykal 2010) as well as pairs in teams (such 

as between a surgeon and a nurse, Pullon 2008). Trust is particularly critical for 

performance in high pressure settings (Colquitt et al. 2011). Cardiac operating room is 

such an environment (Edmondson 1999, Tucker and Edmondson 2003, Nembhard and 

Edmondson 2006) where past shared experience will lead to trust development among 

team members (Gruenfeld et al. 1996, Edmondson 1999). As a result, high familiarity 

dispersion indicates high trust variance and trust asymmetry within the team, which will 

have negative effects on team productivity due to unbalanced social exchange 

structures that inhibit reciprocation of resources. (De Jong and Dirks 2012). Within a 

team, while individuals are likely to share information and adopt shared information with 

highly familiar and hence trusted members, they will be less likely to do so with less 

familiar members (Gruenfeld et al. 2000, Kane et al. 2005, Gardner et al. 2012). This 

will in turn result in problems in efficient sharing of knowledge within the team. 

Individuals may refrain from seeking help and advice from less familiar members of the 

team who may have the right advice and who may be more capable than highly familiar 

members (Hoffman et al. 2009, Gardner et al. 2012), resulting in reduced productivity. 

We therefore predict that:       

Hypothesis 1: Team familiarity dispersion has a negative impact on team productivity.    
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It is worth noting that our concept of familiarity dispersion is different from interpersonal 

diversity used in Huckman and Staats (2011). In our case, familiarity dispersion refers 

to diversity of past common experiences across team members. It focuses on pairs in 

a team and captures variation in these pairwise familiarity levels in terms of the number 

of past surgeries performed together. On the other hand, interpersonal diversity, which 

is insignificant at Huckman and Staats (2011), focuses on individual team members’ 

experience working with specific customers. That is, they capture difference in team 

members’ distribution in working with specific customers.  

3.2.2 Familiarity and Bottlenecks 

In production settings, bottlenecks are highly important as they constrain the system 

capacity. They are also fundamental in determining throughput, cycle time, customer 

service, and other performance metrics (Hopp et al. 2009). Despite its significance in 

blue-collar settings, and its obvious connotations in knowledge intensive environments, 

only a small number of studies in the literature have highlighted “bottlenecks” in white-

collar settings. Taking the concept of bottleneck to team settings and employing social 

network analysis, Cross et al. (2001) suggested that some team members may be 

acting as ‘bottlenecks’ in sharing information, resulting in the whole team to operate 

less efficiently. Siemsen et al. (2008) used the motivation-opportunity-ability (MOA) 

framework to show that one of these three factors can act as a bottleneck and therefore 

determine the degree of knowledge sharing among members of a workgroup.  

Because the smallest unit in a team that exchange information is a pair, and our 

conceptualization of team familiarity is based on pairwise prior shared work experience, 

we suggest that the existence of a pair with very low levels of shared work experience 

(i.e., familiarity) compared to average familiarity of the team may act as a bottleneck for 

the whole team’s operation, and thus reduce productivity. There are several reasons 

for such an effect. First, emphasizing the role of pairs in team, Bion (1962) suggested 

that cohesion will develop easier between two individuals than among all group 

members. One of the initial consequences of prior shared work experience is the 

development of cohesion (Hackman 1987, Evans and Dion 1991). We argue that the 

existence of a bottleneck-pair in terms of team familiarity will result in a lack of basic 

levels of cohesion in that pair, hence constraining some of the members’ effective 

willingness to engage in a relationship and share information within the team, thus 

negatively influencing team’s productivity. 

Second, groups and pairs, similar to individuals, can develop habitual routines (Gersick 

and Hackman 1990) and norms (Feldman 1984). When members have previous 

common experience, they share a priori premise about the way they should proceed in 
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a given situation (Gersick and Hackman 1990). Bottleneck-pairs which are in significant 

shortage of habitual routines would need explicit communication about the task itself 

(Gersick and Hackman 1990, Espinosa et al. 2007) which will in turn reduce productivity 

of the team. 

In addition, normally an important consequence of team familiarity is reducing the 

possibility of communication errors by enhancing interaction and effective 

communication among team members, and by reducing uncertainty among them 

(Harrison et al. 2003). Members who form the bottleneck pair (i.e., with limited familiarity 

with compare to others) will have uncertainty about each other, which leads to higher 

anxiety (Gruenfeld et al. 1996) between these members. In a high pressure critical 

setting, this anxiety may reduce the fluency of individuals (Nemeth 1986), resulting in 

higher likelihood of communication errors. Because communication errors among 

surgical team members are the most common cause of operative problems (Makary et 

al. 2006), and such errors in one pair can be sufficient to cause operative problems and 

ineffectiveness for the whole surgery, we suggest that the existence of a bottleneck pair 

will increase the likelihood of communication errors, thus, reduce team productivity.  

Finally, cardiac operations consist of a set of steps performed by pairs of the surgical 

team (KC and Staats 2012) in which tacit knowledge plays a critical role (Edmondson 

et al. 2003) in smooth performance of these tasks. Because familiarity promotes 

formation of tacit knowledge among individuals and pairs (Edmondson et al. 2003, 

Huckman and Pisano 2006) and transferring tacit knowledge is also inherently difficult 

due to the contextualized nature of the knowledge itself (Joshi et al. 2007), the 

bottleneck pair will have difficulty in information sharing. Since the entire surgery is a 

sequence of steps and operations, and the outcome of the whole team depends on the 

effort of each pair and individual in the team (Hollingshead 2001); the lack of efficient 

information sharing in one step (i.e, by the bottleneck pair) will have a cascading effect 

on other steps, which will result in reduced productivity for the whole team. As a result, 

we expect that: 

Hypothesis 2: The existence of a bottleneck-pair has a negative impact on team 

productivity.    

3.2.3 Gaining Familiarity 

We next consider productivity implications of the way team familiarity is gained. 

Members in a fluid team inevitably gain familiarity as they perform tasks and work 

together as part of a team, but in developing this familiarity, the nature of tasks that they 

perform together could be quite different which may lead to differentiated effects in 
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future task productivity. Consider two similar surgical teams both performing a single 

operation. Members of both teams will develop familiarity within their teams, but if one 

team has performed a simple routine operation, whereas the other one has performed 

a high risk complicated operation, the nature of gained familiarity among team members 

as a result of performing these operations could be quite different in these teams. The 

impact of respective gained familiarities in subsequent operations’ productivity may be 

different as well.  

As suggested earlier, the development of transactive memory system which involves a 

representation of who knows what in a team (Lewis 2003) is an essential factor 

enhancing task performance (Wegner 1986), and we identify it as an important 

mechanism that links team familiarity and productivity. Brandon and Hollingshead 

(2004) suggest that experience from more complicated tasks is more beneficial than 

experience from normal tasks because complicated tasks promote more efficient 

development of a transactive memory where individuals’ resource allocation lead to 

better encoding, storage, retrieval, and communication of information from different 

knowledge domains. As a result, we expect team members to develop better 

transactive memory systems when performing more complicated tasks, and therefore 

the resulting familiarity to be more beneficial to team productivity in subsequent 

operations. Individuals working together in more challenging tasks become more aware 

of expertise of other individuals and are therefore more capable of assigning 

responsibilities within the team increasing it productivity.   

In addition, cognitive interdependence is less likely to occur among team members 

working on a simple task (Brandon and Hollingshead 2004). In contrast, team members 

working on a challenging, non-routine task that requires an increased coordination and 

communication among them, will relate better to each other by forming cognitive 

interdependence (Levine and Moreland 1999, Moreland 1999).  As a result, team 

members will realize that the outcome of their effort does not depend solely on them 

but also on the productivity of other group members (Hollingshead 2001). This 

realization will make each group member more willing and better at sharing information 

and transferring knowledge among the group (Brandon and Hollingshead (2004), and 

therefore, becoming more efficient in translating previously gained experience in the 

past to subsequent tasks, and improve productivity in these tasks.  

Finally, cardiac surgeries are characterized by a high level of uncertainty and pressure 

since the stakes are high (Tucker and Edmondson 2003). Past researchers have also 

shown that working on simple tasks with low information processing requirements can 

be decreasingly effective under conditions of uncertainty (Tushman and Nadler 1978, 

Galbraith 1973). As a result, if gained familiarity comprises of working together on many 
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simple tasks, we expect this to have somewhat limited productivity benefits in 

performing subsequent tasks. In contrast, if familiarity is gained by performing a higher 

ratio of complex tasks which inherently require better information sharing and 

coordination (Gittel 2002), then this will help teams become more productive and 

cohesive next time they perform a similarly complex or simpler task. Considering all of 

the above arguments, we predict that: 

Hypothesis 3: The higher the ratio of familiarity which is gained from complex tasks in 

the past, the higher the productivity of the team. 

3.2.4 Familiarity and Task Nature 

Team members who are highly familiar with each other can communicate more 

effectively since they can refer to the same technical terminology (Cramton 2001), 

identify and access expertise more effectively (Faraj and Sproull 2000), and generally 

know what to expect from each individual, and how that can be used to promote team 

productivity. As a result, when a setting makes it harder for a team to locate specialized 

knowledge and access expertise, team familiarity can have an increased benefit for the 

team (Espinosa et al. 2007). That is, we expect the positive relationship between team 

familiarity and productivity to be amplified when performing more complicated tasks.  

Team familiarity provides several significant benefits to team productivity, and these 

benefits become more prominent during performing more complicated and uncertain 

tasks. These include reducing the need for explicit interactions (Espinosa et al. 2007), 

reducing uncertainty about team members (Harrison et al. 2003), and enabling them to 

figure out more efficient ways to work with each other without the need of extensive 

interactions (Campbell 1988). Team familiarity also enables team members to deal with 

variation by applying knowledge gained through their past collaborations (Banker et al. 

2001, Field and Sinha 2005), and it may help develop adaptability (Van de Ven et al. 

1976, Gittel 2002). We therefore expect team familiarity to have a stronger effect on 

productivity in environments with high uncertainty that limits communication among 

team members. Complex operations are characterized by higher levels of uncertainty 

and they have an increased probability of adverse events (including death). We 

therefore expect team familiarity to have stronger effects on productivity during these 

operations. Especially in the operating room, where “you look at the surgeon and you 

know the body language and you act” (Edmondson et al. 2003, p.221), the influence of 

team familiarity on productivity will be more prominent during more complicated and 

therefore uncertain and challenging tasks.  
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Finally, during a complex operation, it is more likely that complications will arise, 

increasing the level of complexity of the procedure and making team’s task more 

challenging.  During these highly complex and challenging tasks, we expect team 

members to demonstrate higher cognitive alertness (Levine and Moreland 1999) 

leading to better motivation and utilization of tacit knowledge, resulting in increased 

benefits of team familiarity on productivity. As a result, we predict that: 

Hypothesis 4: Team familiarity and task complexity interact positively in their effect on 

team productivity, such that the positive effect of team familiarity on team productivity 

is stronger when the nature of the focal task is more complex. 

3.3 Setting, Data and Variables  

We test our hypotheses using a dataset of all cardiac surgery operations in a hospital 

over seven years. Our setting is the cardiac unit of a 300-bed private hospital in Europe, 

which is property of an American non-profit organization. The hospital serves more than 

2,000 patients per year and hosts around 70 cardiac surgeries per month. Our data set 

consists of archival data of all cardiac surgeries during the period from 01/01/2004 to 

31/03/2011 and includes 6,206 operations. For each surgery, the dataset includes, 

among others, information about the duration of the surgery, specific surgery type, 

members of the surgical team and patient characteristics.  

Each surgery team has three to eight members including the Lead Surgeon, zero to 

four Assistant Surgeons, the Anesthesiologist, the Perfusionist (a technician who runs 

the heart-lung machine) and zero to three Scrub Nurses. Our dataset consists of 115 

individuals in total: 44 surgeons who appear as Lead or Assistant Surgeon, 12 

anesthesiologists, 10 perfusionists, and 49 nurses. 51 of these individuals (19 

surgeons, 9 anesthesiologists, 3 perfusionists and 20 nurses) started working after the 

beginning of our dataset. 37 of the 115 individuals (13 surgeons, 6 anesthesiologists, 4 

perfusionists and 14 nurses) do not appear during the last year of our dataset. We also 

have data regarding in-hospital mortality and information related to the patient’s 

condition prior to operation. Specifically, all patients are divided into three groups by the 

hospital according to the severity of their case and their characteristics after an initial 

clinical assessment. These groups are: “Severe”, “Medium” and “Mild”.  

After removing operations for which there are missing data, we are left with 6,171 

operations. We also dropped operations during which the patient died since the duration 

of these operations can be misleading with regards to team productivity. As a result, we 

are left with 6,129 operations. Using the hospital’s classification system, and conducting 

interviews with several surgeons, we categorize each surgery into one of the following 
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nine major sets: Coronary Artery Bypass Graft (CABG), Valve Repair/Replacement, 

Congenital Surgery, Heart Failure, Tumor Removal, Routine Cardiac Surgery, Other 

Normal Surgery (where we include operations that are not characterized by any of the 

previous categories), Double Surgery (including two types of the previous categories 

during the same operation) and Triple Surgery (including three previous categories 

during the same operation). Our dataset consists of 3,273 CABG operations, 1,324 

Valve Repair/Replacements, 86 Congenital Surgeries, 70 Heart Failure procedures, 20 

Tumor Removals, 185 Routine Cardiac Surgeries, 78 Other Normal Surgeries, 965 

Double Surgeries and 128 Triple Surgeries.  

Finally, we conduct a limited number of interviews with several staff members to get a 

better understanding of the cardiac surgery procedures, and to acquire information 

related to management practice and organizational policies of the hospital.  

3.3.1 Variables 

Dependent Variable. We use procedure completion time in minutes as our dependent 

variable. Consistent with prior research (Pisano et al. 2001, Edmondson et al. 2003, 

Reagans et al. 2005) we contend that lower completion times represent an increase in 

the productivity of the surgical team. The duration of the procedure is considered to be 

one of the most important factors affecting the total costs for treating patients 

undergoing a cardiac surgery (Pisano et al. 2001). In our dataset, the average duration 

of an operation is equal to 294 minutes, with a minimum of 29 minutes and a maximum 

of 900 minutes. 

One potential issue with regards to our dependent variable is that lower completion 

times might be argued to have a negative impact on the clinical outcome of the surgery. 

However, after interviewing hospital staff and analysing our data, we have concluded 

that this is not the case. Specifically, there is no correlation between in-hospital mortality 

and the duration of the operation. Also, other than the clinical condition of the patient 

before the operation (i.e, severe), none of the variables have significant association 

with in-hospital mortality. In addition, we also investigate for any systematic statistical 

relationship between in-hospital mortality and our dependent (i.e. duration) and all 

independent and control variables (e.g., those at patient, surgeon, or team level). In 

order to examine this, we group our severe operations into two, those where in-hospital 

mortality occurred, and those where it did not. We then conduct a t-test to examine any 

potential relationship between in-hospital mortality and our independent and control 

variables. Our results indicate that there is no statistical difference between these two 

groups (i.e., mortality vs no-mortality group) in terms of the averages of the variables of 

interest such as duration, familiarity, etc. Finally, we have examined for any association 
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between surgery durations and surgeon assignments. In order to check this, we 

grouped our surgeries into four categories according to their durations by using 25th 

percentile, the median, and 75th percentile as cut-offs, and then examined lead 

surgeons’ assignments to these groups with a chi-square test. Our results indicate that 

they are evenly spread. 

Moreover, prior research has shown that lower completion times can actually improve 

the quality of the operations outcome (Pisano et al. 2001) whereas longer surgical 

durations have been associated with higher probabilities of a surgical site infection (SSI) 

in several surgery types including cardiac operations (Gaynes et al. 2001, Gibbons et 

al. 2011). As a result, in contrast to the argument suggesting that lower completion 

times may be associated with worse clinical outcomes; previous research suggests that 

they are actually associated with better clinical outcomes.  

3.3.1.1 Independent Variables 

Team Familiarity Dispersion. In order to capture team familiarity dispersion, we first 

calculate the number of past collaborations for all pairs within the team. This represents 

pairwise familiarity for each pair in a team. We then calculate the standard deviation of 

these pairwise familiarity scores. This way, we characterize familiarity dispersion within 

the team, and we distinguish between teams which may have similar levels of average 

team familiarity, but with a difference in the distribution of past collaborations among 

the pairs in a team.  

Notice that dispersion can be operationalized in several ways depending on the 

theoretical construct. Indeed, Harrison and Klein (2007) provide a related discussion of 

three major types of diversity constructs (i.e., “separation”, “variety” and “disparity) and 

their appropriate operationalization. Our conceptualization of familiarity dispersion 

within fluid teams where pairs differ from one another in their position along a 

continuous attribute (e.g., team familiarity) is very similar to their “separation” construct. 

Because we are not interested in differences among team members on a categorical 

attribute, “variety” is not an appropriate construct for us. Similarly, as we are not 

interested in the portion possessed or share of a desired resource, “disparity” is not a 

suitable construct for our theoretical perspective on the dispersion of team familiarity. 

In short, in our conceptualization and operationalization of team familiarity dispersion, 

we concur with Harrison and Klein (2007)’s distinction both in terms of construct type 

and measurement, and use standard deviation which is the most common way of 

capturing “separation” type constructs like ours. Notice that we have also considered 

alternative measures (e.g., coefficient of variation, range) for team familiarity dispersion 

in the robustness checks section.  
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Bottleneck-Pair. For every operation, we first identify the pair with the minimum 

number of past collaborations in the team (i.e., the least familiar pair), and get its 

pairwise familiarity score. We take this number and divide it by the average familiarity 

of that team. We call the resulting number “bottleneck score” for the team, which is a 

proxy for how low the familiarity is in the least familiar pair with compare to team’s 

average familiarity. We then use a set of discrete “buckets” of bottleneck scores for our 

main model. Specifically, we create a new variable which is equal to 4 if the bottleneck 

score is lower or equal to 25th percentile, 3 if it is between 25th percentile and the median, 

2 if it is between the median and 75th percentile and 1 if it is above or equal to 75th 

percentile. With this approach, we assign each bottleneck score to a bucket which helps 

us identify those teams who are more susceptible to bottleneck effects (i.e., those with 

very low bottleneck scores -lower than 25th percentile-) versus those who are less 

susceptible to such bottleneck effects (i.e., those with bottleneck scores in other 

buckets).  

Another potential way of capturing this effect could have been to take the pair with the 

lowest familiarity score in every team and use their pairwise familiarity scores directly, 

without dividing by the average team familiarity. Notice that similar to a factory setting, 

we expect pairs with the lowest familiarity scores to act as bottlenecks relative to the 

rest of the pairs within the same team. That is, we argue that existing levels of 

information sharing and collaboration within a team will be hampered by a pair whose 

familiarity is much lower than the team’s average. Hence, taking the pair with the lowest 

familiarity in every team and using their familiarity score directly would not have been 

appropriate as a low score may merely be an indication of a newly formed team with 

many unfamiliar pairs rather than a bottleneck.    

One could have also used bottleneck scores (lowest score divided by team average) 

directly as a continuous variable. Notice that, instead of doing so, we assign each team 

to one of the four buckets described above depending on their bottleneck scores and 

use these in our model.  This is for two reasons. First, bottleneck score as a continuous 

variable is extremely highly skewed (see Figure 3.2 of Appendix). As a result, even 

transforming the variable (e.g., log transformation) would not alleviate this extreme 

skewness problem. Second, our conceptual model suggests that the existence of a 

bottleneck pair in a team would hinder overall knowledge transfer capability of a team. 

However, we do not expect this effect to be continuous and linear. Instead, our model 

suggests that certain teams are more susceptible to bottleneck effects than others. For 

example, consider two teams with very high bottleneck scores (i.e., their least familiar 

pairs still do have a good level of familiarity compared to team’s average). Then, even 

if these two teams differ in their actual bottleneck scores, we expect both of them to 
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demonstrate no bottleneck related hindrance, that is, we do not expect to see any 

difference in their productivity as a result of difference in their bottleneck scores. That 

is, using a continuous variable for bottleneck scores would have been misleading.  

Finally, notice that we have considered alternative measures of this variable in the 

robustness checks section.  

Severe Familiarity Percentage. In our setting, each procedure is characterized as 

“severe”, “medium” or “mild” according to the condition of the patient by the hospital 

after an initial clinical assessment. We claim that “severe” cases constitute more 

complex tasks. Schroder et al. (1967) identified information load, information diversity 

and degree of uncertainty as three properties of a complex task and showed that 

complexity increases as each of these properties increases. In a highly uncertain task 

the desired outcome is not clearly linked to specific actions, making therefore the task 

more complex and challenging (Campbell 1988). In addition, in a healthcare setting like 

ours, input uncertainty, which refers to the uncertainty to the input of a production 

process, exists due to different patient conditions (Argote 1982, Gittel 2002). Severe 

cases generally constitute more challenging tasks since they are characterized by an 

increased probability of adverse events (including death) and therefore higher 

uncertainty. Hence we break down team familiarity into two components: Familiarity 

gained from cases in which the patient’s condition is characterized as “severe” and 

familiarity gained from cases in which the condition is characterized as either “medium” 

or “mild” and characterize the severe ones as complex tasks. 

This variable captures the ratio of team familiarity that is gained through working 

together in severe (i.e. more complex) cases. In order to calculate this variable, we first 

calculate the number of times every pair in the team has worked together before 

(excluding the current operation) and take the sum for all pairs in the team. Next, we 

count the number of times every pair in the team has worked together before in cases 

in which the condition of the patient is characterized as “severe” and take the sum for 

all pairs in the team. Then, to get Severe Familiarity Percentage, we divide the latter 

number with the former one. This way, we capture the percentage of past collaborations 

that took place during a complex operation and expect it to have a beneficial effect on 

team productivity.   

3.3.1.2 Control Variables 

Average Team Familiarity. Similar to previous works (Reagans et al. 2005), we count 

the number of times every pair in the team has worked together before (without 

including the current operation), take the sum for all pairs in the team and then divide 

this number by (N(N-1)/2), where N is the team size. This variable represents the 
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average level of familiarity within the team. Similar to previous empirical studies 

(Reagans et al. 2005, Huckman et al. 2009, Huckman and Staats 2011, Staats 2012) 

we expect team familiarity to promote team productivity. 

Team Size. We control for the number of all team members N. Larger teams may have 

difficulty in coordination, which could result in decreased productivity (Hackman 2002, 

Reagans et al. 2005). 

Individual Average Direct Experience. We control for individuals’ prior experience in 

the same type of procedures. For each team member, we calculate the number of times 

they appear in a same type procedure prior to the current procedure (not including the 

current one). We then take the sum, and divide by the number of team members. This 

way, we control for individual experience of team members in a same type of operation. 

Instead of considering individuals’ direct experience only in the same type of operations 

in the past, we could have also considered their experience on other types of operations 

(i.e., indirect experience), and combine them in a variable called Individual Average 

Experience which captures the total number of operations participated by each team 

member prior to the focal one. Our results remained the same when our present 

variable is replaced with this one. In addition, we control separately for Lead Surgeon’s 

experience and the other team members (since one can claim that Lead Surgeon’s 

experience is more important than the one of the other team members) and the results 

remain the same.  

Indicator of Quarter. In order to capture any effects of potential technological 

advances that may influence operation times, or potential changes in the hospital policy 

that may have an impact on operation durations (e.g., additional paperwork required, 

etc.), we include an indicator variable indicating the quarter that the operation was 

conducted. 

Indicator for Patient Condition. In order to control for the patient’s condition which is 

characterized as “mild”, “medium”, or “severe”, we include two dummy variables in all 

models. Considering “medium” as the reference category, “severe” variable is equal to 

one if the case is characterized as severe and zero otherwise, whereas “mild” variable 

is equal to one if the case is characterized as mild and zero otherwise. Because doctors 

already take into account a good number of critical factors such as age, clinical history, 

past complications, other existing health problems, etc. when they classify patients into 

these three categories prior to the operation, we believe it is a good indicator of overall 

patient characteristic. 

Indicator for Procedure Type. As described above, each operation can be 

characterized and considered in one of the nine categories. Hence, in our model we 

include eight indicators (we consider the most common type CABG as the reference 
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category) that are equal to one if the procedure is in the respective category and zero 

otherwise.  

Indicator for the Lead Surgeon. In order to control for the skill of the Lead Surgeon, 

which may be one of the most influential factors in surgery performance, we control for 

the Lead Surgeon fixed effects by including a dummy variable indicating the Lead 

Surgeon in each operation. 

Indicator for the Day of the Week. Similar to previous research in cardiac surgery 

settings (KC et al. 2012) we include a dummy variable indicating the day of the week 

that each operation was performed. 

3.4 Results 

Given the structure of our data and the level of our analysis, to test our hypotheses, we 

use Ordinary Least Square Regression with AR(1) covariance structure to control for 

serial correlation among operations performed close in time (see Reagans et al. 2005 

for similar structure). We also checked for normality of residuals and for 

heteroscedasticity. Also, consistent with the previous research which introduced team 

familiarity using a learning curve model (Reagans et al. 2005) and the learning literature 

(Pisano et al. 2001, Edmondson et al. 2003), we similarly take the logarithm of our 

dependent variable (i.e., procedure completion time) and our continuous variables 

which are learning related and cumulative in nature over time such as average team 

familiarity and individual average direct experience. However, for other variables which 

are not cumulative in nature such as team familiarity dispersion and team size, we keep 

their original forms. It is also worth noting that we checked the distribution of all our 

variables with ladder and gladder commands in Stata, and log transform our variables 

accordingly. Our model is the following: 

 
ln(procedure completion timet) = β0 + β1 (team familiarity dispersiont) +  
                                                     β2 (bottleneck-pairt) + 
                                                     β3 ln(severe familiarity percentaget) +  
                                                     β4 (severet) x ln(average familiarityt) +  
                                                     β5 controls + ut ,  
                                                     where  ut = ρut-1 + et 

 
Table 3.1 shows descriptive statistics and correlations among the variables. It reports 

the values for the logged and normalized variables as described earlier. Table 3.2 

shows the results for hypotheses 1, 2, 3 and 4. Notice that we report robust standard 

errors in all our models. Also, while our final sample includes 6,129 operations, notice 

that the number of observations in Table 3.2 is equal to 6,128 due to the AR(1) 

covariance structure. In order to check for any potential multicollinearity issues, we 

introduce our variables of interest one at a time in our main model. In addition, we 
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checked the Condition Index (CI) and it is below the suggested threshold of 30 (Cohen 

2003). In model 1, we include only the control variables. In model 2, we include Team 

Familiarity Dispersion and we observe a 0.84% increase (significant at 1% level) in the 

adjusted R2. AIC and BIC also indicate that model 2 is superior to model 1. Team 

Familiarity Dispersion has a positive and significant coefficient at 1% level, providing 

support for our first hypothesis. In model 3 we remove Team Familiarity Dispersion and 

include Bottleneck-Pair. We observe a 0.84% increase (significant at 1% level) in the 

adjusted R2 compared to model 1 and both AIC and BIC also indicate that model 3 is 

superior to model 1. The coefficient of the Bottleneck-Pair is significant at 1% level and 

positive providing support for H2. In model 4 we include both Team Familiarity 

Dispersion and Bottleneck-Pair and still find support for both H1 and H2. We now 

observe a 1.49% increase (significant at 1% level) in the adjusted R2 compared to model 

1 and both AIC and BIC indicate that model 4 is better than all previous models. In 

model 5 we add Severe Familiarity Percentage and we observe a 0.41% increase 

(significant at 1% level) in the adjusted R2 compared to model 4 and both AIC and BIC 

indicate that model 5 is superior to model 4. Severe Familiarity Percentage is significant 

at 1% level with a negative coefficient. That is, Hypothesis 3 is also supported.  

While the increase in the variation explained (adjusted R2) between the initial model 

(with only control variables) and the full model may be small (i.e., 1.89%), this is not 

surprising. This is because of the dominance of clinical factors in explaining variation in 

most healthcare performance metrics. Indeed, similar studies investigating 

organizational or operational phenomena in healthcare settings (e.g., KC and 

Terwiesch (2011), KC and Terwiesch (2009), Reagans et al. (2005)) report similarly 

small changes in adjusted R2 between their initial models and full models.  

An increase of one standard deviation on Team Familiarity Dispersion will increase the 

duration of the operation by 2.14% (assuming all other variables remain constant). In 

addition, the coefficient of our variable Bottleneck-Pair is equal to 0.0176, which 

suggests that moving from one category to another increases the duration of an 

operation by 1.76% (assuming all other variables remain constant). Furthermore, an  
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3.1 Descriptive Statistics 
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Table 3.2 Regression of Team Familiarity on Surgery Duration 

 

increase of one standard deviation on Severe Familiarity Percentage will decrease 

duration by 16.84% (assuming all other variables remain constant).  

While some of these percentages may appear small, considering the fact that in the 

hospital hundreds of operations take place in a year, the aggregate effect would be 

quite substantial. In addition, as we have mentioned earlier, lower completion times are 

shown to be associated with better clinical outcomes. We believe therefore that even a 

slight decrease in the duration of an operation can improve the surgical outcome and 

reduce the probability of an adverse event during or after the surgery. 

In order to test our fourth hypothesis, we include an interaction term, which is equal to 

the product of the dummy variable Severe and the continuous control variable Average 

Team Familiarity. Model 6 of Table 3.2 presents the results for our fourth hypothesis. 

We observe that the results for our previous hypotheses remain the same and the 

adjusted R2 is increased by 0.21% (significant at 5% level). The interaction term is 

significant at 1% level and negative, providing support for H4. AIC and BIC also indicate 

that model 6 is superior to model 5. Finally, we conduct a post hoc plot for Hypothesis 

4 in order to examine the moderating effects as described by Aiken and West (1991) 
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and Dawson and Richter (2006). Figure 3.1 reveals the moderating relationship as 

suggested in Hypothesis 4. 

Figure 3.1 Interaction Plot for H4 

 

3.5 Robustness Checks 

We perform a number of robustness checks to check the sensitivity of our results and 

to rule out potential alternative explanations. We group these robustness checks into 

four sections as listed below:  

3.5.1 Potential Biases related to Data 

While we observe team familiarity over a long time period (i.e. seven years) and in large 

number of operations, we do not have information about team assignments prior to our 

dataset, that is, there is some unobserved familiarity before the start of our dataset. 

Similar to Reagans et al. (2005) which use a very similar data structure to calculate 

team experience, we expect our results to have no systematic bias. Nevertheless, we 

investigate potential effects of missing team familiarity by repeating our analysis after 

excluding different time intervals from the beginning of our dataset. That is, we re-run 

our analyses in subsamples by removing the first 12 months and 24 months 

respectively from our overall dataset of 87 months. In each subsample, the 

observations include only surgeries in that subsample and we also calculate team 

familiarity by using that subsample (e.g., in the removal of 24 months case, our 

observations include only those surgeries between month 24 and month 87 and when 

calculating team familiarity we also use surgeries between month 24 and month 87). 

This way, we investigate the robustness of our results when there is missing data at the 
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beginning. Our results are the same qualitatively (with different magnitudes as 

expected) both in the full sample and in the subsample (where there is simulated 

missing experience), providing further support for our hypotheses.  

We also check the sensitivity of our results by repeating our analysis differently. In this 

case we remove the first 12 and 24 months, and while the observations include only 

surgeries in the remaining subsample, we calculate team familiarity by using the whole 

dataset. (e.g., when removing the first 24 months, our observations include only those 

surgeries between month 24 and 87, but when calculating team familiarity we use all 

previous surgeries from month 0). Again our results are the same qualitatively. 

3.5.2 Potential Biases related to Methods and Variables Choice 

While our log transformation of the dependent variable is consistent with the literature, 

this is equivalent to a duration or survival model with a lognormal distributional 

assumption (Cameron and Trivedi 2005, Cleves et al. 2010). This may put a strong 

functional form assumption on the shape of the hazard function which may influence 

our results. Therefore, in order to check that our results are not sensitive to linear or log 

specification of our dependent variable, we have re-run all our analyses using linear 

form of the dependent variable. All of our results remained the same in this specification. 

We also examine any non-linear effects of average team familiarity and familiarity 

dispersion on team productivity by adding their squared terms into our models and 

found that they were insignificant as expected.  

A potential issue with our use of AR(1) covariance structure is that our sample does not 

satisfy the equal-spacing assumption. We believe that this does not introduce any 

significant problems to our results because we have a large sample (i.e., 6,206 

observations) representing a long time interval (i.e., 87 months). Nonetheless, we 

repeated our analysis after controlling for the unequal spacing in our dataset. 

Specifically, for each operation we calculate the time difference between subsequent 

operations in hours, and include this new variable in our analysis. Our results remained 

the same for all of our hypotheses. In addition, although our AR(1) approach is 

consistent with the previous literature and Durbin-Watson test suggests first-order 

autocorrelation, one may argue that sequential relationship may not hold for certain 

operations in our case (if they somehow overlap), or serial correlation may be of higher 

order. We performed two sets of additional analyses for these. First, we repeat our 

analysis without an AR(1) covariance structure, and our results remained the same. 

Second, we assume serial correlation may be of higher order and repeat our analyses 

with AR(2), AR(3), and AR(4) structures. In all models, our results remained 

unchanged. 
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We also consider alternative measures of our main independent variables. First, instead 

of using standard deviation to capture team familiarity dispersion, we consider 

coefficient of variation (i.e., standard deviation/mean) and range (i.e., max-min) of 

pairwise familiarity scores in our teams. Our results with these alternative measures 

remained qualitatively the same. Second, we consider an alternative construction of our 

bottleneck-pair variable. Specifically, after calculating the bottleneck score as before 

(i.e., familiarity of the least familiar pair/average familiarity of the team), we create four 

categories/buckets depending on the bottleneck score: (i) if the bottleneck score is 

lower than or equal to 25th percentile, (ii) if it is between 25th percentile and the median, 

(iii) if it is between the median and 75th percentile, and (iv) if it is higher than or equal 

to 75th percentile. We then used three indicator (dummy) variables for these categories 

taking the last category as reference and re-run our models. Indicator for the first 

category (i.e., i) is significant at 1% with a positive coefficient, indicator for the second 

category (i.e., ii) is significant at 5% and positive with a lower coefficient than the first 

category (a t-test also indicated that the two coefficients are different), and the indicator 

for the third category (i.e., iii) is insignificant. This confirms our earlier results for the 

second hypothesis. In addition, we use an alternative continuous variable for 

Bottleneck-Pair, which is equal to the absolute distance between the least familiar pair 

and team’s average familiarity. We find that this variable is significant and positive, 

again supporting our H2. Finally, we also use alternative variables for both dispersion 

and bottleneck-pair in the same model (coefficient of variation and absolute distance 

between the least familiar pair and team’s average familiarity, and range and absolute 

distance between the least familiar pair and team’s average familiarity) and get the 

same results for H1 and H2. 

3.5.3 Potential Selection Biases  

Selection of team members in surgery operations could be a significant concern. 

Although according to the hospital management the assignment of surgeons is random, 

Lead Surgeons may prefer working with specific Assistants Surgeons, and one may 

argue that this may influence our results related to Hypothesis 1. In order to address 

this, we repeated our analysis by calculating team familiarity dispersion without taking 

into account any pairs that include only surgeons (i.e., surgeon-surgeon pair) in a team. 

Our results with modified team familiarity dispersion remained the same qualitatively 

(with a reduction in the magnitude as expected). In addition, nurses are randomly 

assigned to surgery operations according to their shifts, and anaesthesiologists and 

perfusionists are randomly assigned by the hospital for each operation. Nonetheless, 

in order to eliminate any potential bias in our results we examined this issue further: We 
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calculated for each Lead Surgeon the percentages of the operations that she has 

worked with each anaesthesiologist, perfusionist and first scrub nurse (i.e. lead nurse). 

In anaesthesiologists, the highest percentage is 33.10% (but the Lead Surgeon has 

worked with 9 out of the 12 anaesthesiologists in our dataset), in perfusionists the 

highest percentage is equal to 36.19% (and the Lead Surgeon has worked with 6 out 

of the 10 perfusionists appearing in our dataset) and in lead nurses it is equal to 29.81% 

(the lead surgeon has worked with 38 out of the 41 nurses appearing as lead nurses in 

our sample). Considering these percentages and the fact that out of the 115 individuals 

in our sample, 51 of them (19 surgeons, 9 anesthesiologists, 3 perfusionists and 20 

nurses) started working after the beginning of our dataset and 37 (13 surgeons, 6 

anesthesiologists, 4 perfusionists and 14 nurses) do not appear during the last year of 

our dataset, we believe that there is no systematic selection of lead nurses, 

anesthesiologists, or perfusionists by the Lead Surgeon in the hospital.    

One may also argue that some surgeons could possibly choose operations to avoid 

patients with high chance of complications (e.g., death), which may bias our results. 

Similarly, more severe cases might be assigned to more experienced Lead Surgeons, 

or easier cases might be assigned to junior Lead Surgeons. First, according to our 

interviews, official hospital policy is clear in not allowing surgeons to choose or avoid 

certain operations. Second, we investigate the spread of “severe”, “moderate” and 

“mild” operations among surgeons with a chi-square test of independence where the 

null hypothesis is that each patient’s assigned doctor is independent of her condition. 

We reject the null hypothesis (with chi-square statistics of 13.271, 16.887 and 14.674 

for each operation type respectively), and conclude that surgeries are indeed evenly 

spread among lead surgeons. Third, in our analysis we have excluded all highly 

complex cases that resulted in the death of the patient during surgery (42 in total). We 

repeat our analysis after including them and get the same results in terms of 

significance. Finally, we repeat our analysis after excluding the severe and all the mild 

cases in our sample, and left with only the medium cases. Our results for Hypotheses 

1, 2 and 3 remained the same qualitatively. 

Finally, if lead surgeons prefer to work with more familiar people for severe cases (since 

there is an increased likelihood of major adverse events like patient death), this may 

create bias in our results for H4. In order to rule out this alternative explanation, we 

examined an alternative specification of task complexity. We created a new variable 

called Patient, which reflects the condition of the patient before the operation. Recall 

that severe cases represent the most challenging and complicated ones. In the new 

specification, Patient is equal to 1 if the condition of the patient characterized by the 

hospital is “mild”; 2 if it is “medium”; and 3 if it is “severe”. Next, we created a new 
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interaction term by multiplying Average Team Familiarity and Patient and we ran our 

analysis for H4 using the new variables. Our results for hypotheses 1, 2 and 3 are the 

same in terms of significance and very similar in terms of coefficients, and the new 

interaction term is also significant and negative at 5% level providing support for the 

fourth hypothesis. We therefore believe that our results for H4 are not biased by a 

potential selection of more familiar members from the lead surgeon in severe cases. 

This is because we observe an increasing beneficial effect of team familiarity on 

productivity as the complexity of the task being performed is increased (i.e., from mild-

1 to severe-3).  

3.5.4 Other Alternative Explanations 

An alternative explanation for H1 and H2 could be that the detrimental effects from 

familiarity dispersion and bottleneck-pair may actually be created not by the 

mechanisms we suggested, but rather by the sole presence of a new team member or 

a new pair (i.e., new to his/her teammates), or by a team member with very little prior 

individual experience (i.e., new to the hospital). In order to address this, we conducted 

two analyses. First, we ran our analysis after removing 780 operations from our sample 

in which there is a new member, or a pair working together for the first time. Second, 

we repeated our analysis after introducing a new variable which is equal to the direct 

experience of the team member with the lowest direct experience in the team. Our 

results remained qualitatively the same in both cases.   

An alternative explanation for H3 could be that it is not familiarity, but individual 

experience gained in highly complex operations in the past that may make the team 

more productive subsequently. In order to test this, we repeated our analysis for H3 

after replacing the variable Individual Average Direct Experience with another variable 

which captures the individual experience of team members from severe operations in 

the past, and we called this Individual Average Severe Experience. It is calculated the 

same way as Individual Average Direct Experience, this time by only counting severe 

cases though. Introducing this new variable did not change our conclusions for H3. 

Moreover, we repeat our analysis after controlling for the Lead Surgeon Direct 

Experience (while including the same variables for other team members too) and find 

the same results.  

3.6 Discussion and Conclusions 

Our study extends literature in fluid team operations by examining the role of team 

composition dynamics (i.e., team familiarity) on team productivity through detailed and 

nuanced mechanisms. Although organizations increasingly rely on fluid teams to 
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perform essential tasks, our understanding of formation and operations of fluid teams 

remain limited. In this study, we make use of a large scale dataset that involves all 

cardiac operations performed in a hospital over more than seven years, which allows 

us to observe the relationship between team composition dynamics and its productivity 

implications during a long time period. Studying fluid teams at a granular level, we offer 

a micro-founded account of how shared work experience among team members 

influence team productivity.  

Most of the previous literature in operations and management has focused on mean 

levels of familiarity within teams (e.g., Edmondson 1999, Faraj and Sproull 2000, 

Reagans et al. 2005, Espinosa et al. 2007, Huckman et al. 2009, Huckman and Staats 

2011) and has largely ignored the distribution of pairwise familiarity scores. This is a 

significant limitation for understating the role of team familiarity in fluid settings, because 

fluid teams have a dynamic nature in terms of team memberships, and there is likely 

significant variation in terms of pairwise familiarity within these teams even if they have 

similar average levels of team familiarity. Consequently, the present study improves our 

conceptual understanding of team familiarity by considering not only the mean, but also 

the shape of the familiarity distribution, and by demonstrating the importance of 

dispersion and bottlenecks in explaining team productivity. In addition, considering the 

two levels of relationships in fluid team settings: At the pair and at the team level; while 

the emergence of average team familiarity is a straightforward extension of pairwise 

familiarity, this is not the case for dispersion and bottlenecks. That is, team familiarity 

dispersion and bottleneck enriches our understanding of familiarity because they 

capture distinct team level characteristics that are undefined at the individual or pair 

level and they only emerge at the team level. In addition, although these two are 

somewhat related, we contend that dispersion and bottleneck are two distinct 

theoretical concepts. While the existence of a bottleneck pair (i.e., a pair with very low 

familiarity compared to the average familiarity of the team) may indicate high dispersion, 

the opposite is not true. A high dispersion can be caused by one or two pairs that are 

highly familiar compared to the other pairs in the team. This does not necessarily mean 

that there will be a bottleneck pair. They are therefore distinct concepts that capture two 

important characteristic of familiarity distribution within a team.  

We believe the new refinements of team familiarity proposed in this paper are not only 

statistically significant but also managerially significant, as our results suggest new and 

potentially different managerial actions than those previously suggested in the 

literature. For example, finding a positive effect of average team familiarity on 

performance, Huckman et al. (2009) and Huckman and Staats (2011) suggest “the 

managerial advice to keep teams together” (p.325) to increase the average familiarity 
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of the teams. However, they also acknowledge the practical difficulty of such strategy 

as “all team members cannot work on teams with high team familiarity” (p.325). In our 

study, our key findings highlight negative effects of team familiarity dispersion and 

bottlenecks pairs on productivity. Therefore, rather than trying to keep team members 

together by allocating the same team members to the same teams repeatedly (which is 

also not practical due to factors such as employee turnover and newcomers, a common 

occurrence in many fluid team settings), we suggest managers to actively focus on the 

least familiar pairs and individuals and try to increase their familiarity levels, and 

discourage pairs who already have very high levels of familiarity with compare to others. 

In order to assess practical implications of our study, we next run a basic policy 

simulation with simple team assignment rules based on our findings. For this simulation, 

we used real data from our study by picking a month after the middle of our data interval 

so that we can observe diverse set of familiarity scores (e.g., month 49, the first month 

at the beginning of year 5, which also has no newcomers for simplicity purposes). For 

the policy, we use existing pairwise familiarity levels (i.e., those from the beginning of 

our dataset to the focal month), and form a new team for each upcoming surgery during 

the next month based on the proposed rule. We then calculate any potential time 

savings from the proposed team assignment rule based on our econometric model. 

Specifically, for each available individual (excluding the Lead Surgeon) we calculate 

their overall familiarity score from all surgeries with all pairs in the past. Then for a team 

of N members (excluding the Lead Surgeons, who are assigned on a rotating schedule) 

we assign the N individuals with the lowest score while prohibiting to include the most 

familiar pairs of our sample. This way we were able to decrease dispersion for that 

specific month by around 3 standard deviations. Team familiarity dispersion was 

reduced by 32.34% (277.55 units, which indicates that duration will be decreased by 

2.78%). Bottleneck score was increased by 93.73% (which indicates that duration will 

be decreased by 5.28% since our categorical variable will move from the highest 

category, equal to 4, to the lowest one, which is equal to 1). Average team familiarity 

was also decreased by 27.02% which indicates that duration will be increased by 

1.24%. Taken together, this new team assignment policy decreases surgery durations 

by 6.82% (20.05 minutes). This reduction corresponds to conducting 58 additional 

operations per year. 

An important observation we had is that a pair within the team with a familiarity level 

much less than the average familiarity of the team may slow down the whole team, 

function as a bottleneck, and cause delays and eventually decrease the productivity of 

the whole team. Our conceptualization of bottleneck-pair could also be viewed with the 

lens of recent research about the introduction of surgical checklists and their benefits 
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(Gawande 2010). A central feature of surgical checklists is preoperative team briefings 

where each person in the team speaks and introduces herself to other team members. 

Surgical checklists are suggested to be highly significant in improving teamwork and 

communication in the operating room (Gawande 2010), and team briefings have been 

associated with better surgical outcomes (Lingard et al. 2008). We suggest that, a key 

benefit of team briefings could be to reduce or eliminate the potentially negative effect 

of a bottleneck pair in team. While team briefings may not contribute much to team 

members who are already quite familiar with each other, it may provide substantial 

benefits in reducing potential communication and information sharing problems 

between team members with very little prior shared work experience (i.e., bottleneck 

pairs). Our results indicate that the existence of such a bottleneck pair can increase the 

duration of an average operation by 5.17 minutes. So eliminating such a bottleneck pair 

(moving a pair from the highest category to the next one) will result in about 6-hours 

savings in total surgery time per month. Also, when there is a new staff member, hence 

the effect is inevitable; managers can moderate the detrimental effect by initially 

assigning her and other relatively new employees to simple cases together. Future 

research could also investigate the effect of a bottleneck pair based on different 

individuals with different roles within the same team. In our setting for instance a 

bottleneck pair consisting of two surgeons might have a more detrimental effect than 

one consisting of a surgeon and a nurse. With our current approach there is no 

distinction between these two bottleneck pairs. Such a distinction could also shed more 

light on how bottleneck behaviours interact with the different roles of unfamiliar 

individuals within a fluid team.  

Another important finding which may help managers to develop better team 

composition strategies is that team members that have worked together previously in 

more challenging tasks could develop a transactive memory system more effectively. 

Similarly, they may create stronger bonds and relationships when their shared 

experience comes from complicated cases, which helps them better collaborate in 

subsequent tasks, therefore increasing their future productivity. That is, when assigning 

individuals to teams, managers could consider not only the amount of shared work 

experience, but also the nature of shared experience in past operations (e.g., in 

challenging vs. less challenging tasks). Consider two teams with the same amount of 

shared work experience, where members of the first team have performed equal 

number of severe and non-severe operations, and hence Severe Familiarity 

Percentage is 0.5, and members of the second team who performed only 10% higher 

amount of severe operations with compare to the first one, and hence Severe 

Familiarity Percentage is 0.55.  The second team will need 4.11% less time (12.08 
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minutes) compare to the first one to complete its subsequent operation. This finding 

suggests that individuals’ assignments to teams are particularly important for more 

challenging operations as familiarity gained through these tasks has higher impacts on 

subsequent productivity and can lead to a significant reduction in the duration of 

forthcoming operations. One suggestion for hospital managers could be that if for some 

reason there are individuals who worked together in many challenging tasks in the past, 

then putting these individuals together in future operations where efficiency is 

particularly essential (e.g., due to patient condition etc.) would be a good strategy. This 

is because, through performing challenging tasks together in the past, these individuals 

have developed a highly efficient team familiarity which would enhance their 

subsequent productivity.    

Finally, teams with high levels of team familiarity seem to be ideal for performing more 

complex and challenging tasks because the benefits from being familiar with each other 

increase as the level of task complexity increases. That is, when the hospital faces an 

exceptionally complex case, it may be a preferable strategy to assign individuals who 

are highly familiar with each other to this case, as the benefit of team familiarity will be 

maximized during this complex operation.   

As in all empirical studies, our results come with limitations. First, our data comes from 

a single hospital, so one has to be cautious when interpreting our results. While cardiac 

surgery operations are an appealing setting with a mix of repetitive and highly critical 

knowledge-based tasks to study fluid teams, generalizing our results to other fluid team 

settings requires a careful approach. Moreover, our dataset includes limited information 

regarding patients’ condition before the operation, as well as doctors’ characteristics. 

One would ideally like to have more detailed information about patients’ condition and 

characteristics such as Higgins Score or EuroScore, but unfortunately this was not 

available from our data source. Similarly, more detailed information on doctors’ 

experience, performance, skill sets, and other characteristics would have been useful 

to control in predicting team productivity, but these information was unfortunately not 

available to us. In addition, in this study we focus on productivity implications of team 

familiarity with the help our highly granular surgery duration data (in minutes), and used 

in-hospital mortality (a crude measure of quality) as a robustness check to make sure 

productivity improvements do not come at the expense of increased mortality rates. 

Future research can investigate how team familiarity can simultaneously affect both 

productivity and quality in healthcare settings by obtaining more granular quality data 

such as hospital revisits, clinical and patient reported improvements, among others. 

Finally, our study joins the stream of work which highlights the importance of team 

familiarity in fluid teams with a large scale empirical study. As fluid teams become more 
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of a rule than exception in many organizational settings, future research could provide 

a more in-depth and vivid account of how team familiarity influences team operations 

and task dynamics with observational or experimental studies.  

Despite these limitations our results provide important insights into operations 

management practice and academic literature. Our study suggests that managers could 

practice smarter team composition strategies that may allow them to make optimal use 

of past shared experience of team members, and thus improve productivity of fluid team 

operations without making use of any additional resources. In addition, in such a critical 

and costly setting like healthcare, any productivity gain (e.g., reduction in operation 

time) in surgical operations will not only reduce total costs of treating patients, but it 

may also translate into better clinical outcomes for patients by reducing infection risks 

or adverse event probabilities. We also believe that our findings are applicable in other 

white-collar settings too. In consulting or software teams for example, where a typical 

project usually lasts months and includes extensive interactions among team members, 

familiarity dispersion and bottleneck-pairs can also be detrimental for team productivity 

since relational resources are highly important in those settings as they have been 

recognized as significant drivers of productivity and efficiency (Staats 2012).  

Also, answering the call to decompose team familiarity and further investigate its 

detailed effects on performance (Huckman et al. 2009), our study introduces two novel 

concepts into operations management literature, team familiarity dispersion and 

bottleneck pairs with a focus on their productivity implications. Further disentangling 

team familiarity by concentrating on how much of the shared work experience is gained 

during complex tasks in the past; we demonstrate that not all experiences are 

equivalent, and the higher the ratio of familiarity which is gained from complex tasks, 

the higher the productivity of the team. Finally, we identify focal task complexity as an 

important moderator between average team familiarity and productivity, and find that 

team familiarity is particularly helpful when performing more complex tasks.  

3.7 Appendix 
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Figure 3.2 Distribution of Bottleneck Score 

 
Table 3.3 Regression of Team Familiarity on Surgery Duration using Range for 

Team Familiarity Dispersion 
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Table 3.4 Regression of Team Familiarity on Surgery Duration using Coefficient 

of Variation for Team Familiarity Dispersion 
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Table 3.5 Regression of Team Familiarity on Surgery Duration using three 

dummy Variables for Bottleneck-Pair 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

93 
 

Table 3.6 Regression of Team Familiarity on Surgery Duration using Distance 

from Mean for Bottleneck-Pair 
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Table 3.7 Regression of Team Familiarity on Surgery Duration after removing 

the first 24 Months 
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Table 3.8 Regression of Team Familiarity on Surgery Duration with Alternative 

Specification for Task Complexity  
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Chapter four – The Role of Non-Clinical Workforce on 
Efficiency and Quality of Patient Service: Evidence 
from NHS Medical Helpline 

Healthcare organizations increasingly rely on a mix of clinical and non-clinical health 

personnel in providing innovative healthcare services such as medical helplines. While 

these can offer significant cost and patient access advantages, determining the right 

mix of health personnel is a major challenge in such settings. In this study, making use 

of a dataset (i.e., England’s National Health Service (NHS)’s new 111 non-emergency 

helpline), we investigate the effect of non-clinical labor mix on efficiency and quality of 

patient service. Our results indicate that while non-clinical workforce increases the 

efficiency of patient service by reducing abandoned calls, it may lead to new 

inefficiencies through misuse of critical resources (i.e., unnecessary ambulance 

dispatches) and it may reduce the quality outcome of the patient service.  

4.1 Introduction 

Healthcare organizations are facing an increasing pressure from both public and private 

payers to reduce their operational expenses while retaining high levels of service 

efficiency, quality and access to patients. This ever-growing challenge has highlighted 

the need for the development of innovative services such as telephone helplines that 

provide easy access to medical support to patients at a low cost. In providing such 

innovative services, healthcare organizations rely on a mix of clinical and non-clinical 

health personnel. However, as highlighted in the World Health Report titled: “Health 

Systems: Improving Performance” (World Health Organization 2000), determining the 

right mix of health personnel is a major challenge for most healthcare organizations and 

health systems (Buchan and Dal Poz 2002). With this challenge in mind, our study aims 

to investigate efficiency and quality implications of non-clinical labor mix in delivering 

new and innovative forms of health services. More specifically, we focus on telephone 

based health services which have become popular recently due to their cost and access 

advantages and have been adopted by a wide number of public and private healthcare 

organizations (Spiegelman 2000, Rhian and Claudio 2003). 

One such innovative service is NHS 111 telephone helpline, which was introduced in 

2010 by National Health Service (NHS) in England to provide easy and low cost patient 

access to medical help or advice in “urgent but not life-threatening” situations (life-

threatening emergency line is 999 in England). This is a 24 hours a day, 365 days a 

year, free to use service. People call this number when they need medical help fast, but 

it’s not a 999 emergency; when they don’t know who to call for medical help; when they 
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think they need to go to an emergency department but they are not sure; or when they 

require health information or advice about what to do next (NHS 2014). The backbone 

of NHS 111 operations is a mix of non-clinical and clinical personnel. The first group - 

“call handlers” are the first point of contact, they are not medically trained, and they 

make an initial assessment of callers by using special software. The second group 

involves medically trained “clinical advisors” who provide support when a call needs 

further assessment or health advice. By making use of this unique setting and dataset 

which enables us to investigate the effect of non-clinical labor mix on service efficiency 

and quality of healthcare organizations, our study extends existing literature in 

healthcare operations management on four major fronts.  

First, while there has been considerable amount of work in healthcare operations 

management literature investigating the implications of staffing levels and workforce 

management in hospitals (Li and Benton 2006, Chow et al. 2011, He et al. 2012, Green 

et al. 2013), little is known about the effect of non-clinical staff members on service 

efficiency and quality of healthcare organizations. At the same time such organizations 

adopt both role substitution and delegation (Dubois and Singh 2009). Role substitution 

involves using non-professionally qualified workers to substitute more expensive 

qualified ones while role delegation includes breaking down job demarcations so that 

parts of the simplest tasks can be performed by less qualified and lower-cost workers. 

While both role substitution and delegation are used in order to decrease overall cost 

(Department of Health 2000), evidence of their impact is limited and conflicting (Dubois 

and Singh 2009). Several studies have pointed out that these two practices may reduce 

workforce cost but at the same time they can lead to decreased quality increasing 

therefore overall cost for healthcare organizations (Powers et al. 1990, Garfink et al. 

1991, Bostrom and Zimmerman 1993). Our paper contributes to this stream of literature 

by focusing on these practices used by medical helplines, a highly important but 

understudied component of healthcare operations and examining their impact on both 

cost and clinical outcome.  

Second, while patient is at the heart of any healthcare operation, most of the existing 

studies in healthcare operations management focus on either system performance 

measures such as capacity utilization (Salzarulo et al. 2011, Cayirli et al. 2008), 

average waiting times (Cayirli et al. 2012), and operational failures (Tucker and Spear 

2006); or system level health outcomes such average mortality rates (KC and Staats 

2012), likelihood of multiple surgeries (Anderson et al. 2014) or length of stay for the 

patient (Andritsos and Tang 2014). In this study, we concentrate on patient service and 

simultaneously investigate two dimensions of performance with a nuanced approach. 

We first examine the impact of workforce management decisions regarding the level of 
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non-clinical and clinical staff on patient service efficiency by looking at (i) number of 

abandoned calls and (ii) use of costly ambulance dispatches. Next, focusing on the 

service quality experienced by the primary end user – the patient, we investigate how 

non-clinical labor mix affect the quality outcome of the call. As the critical challenge for 

many healthcare systems is to achieve multiple objectives at the same time, we think it 

is important to consider multiple performance dimensions when evaluating any health 

management decision. Consequently, considering patient at the center of healthcare 

operations, our study complements existing studies by disentangling efficiency and 

quality outcomes when healthcare organizations rely on workers with mixed 

qualifications. 

Thirdly, with our focus on NHS 111 which is effectively a call center for medical needs, 

our study is also related to a large stream of research in operations management on 

call center workforce management (Aksin et al. 2007, Bhulai et al. 2008, Aksin et al. 

2015) and recent work on staff mixing and labor flexibility decisions in service 

operations (Kuo et al. 2014, Kesavan et al. 2015). Our empirical work contributes to this 

stream of literature by examining workforce mix decisions in a novel healthcare setting. 

Finally, our results are significant both statistically and economically. Our models 

indicate that non-clinical labor mix can significantly decrease abandoned calls while 

increasing ambulance dispatches and patients who experience worse outcomes after 

using the medical helpline. These findings suggest that efficient workforce allocation 

can have an important and meaningful impact on efficiency, cost and quality of service 

for healthcare organizations.  

In the following section we describe our dataset and setting. Next, we develop our 

hypotheses and define our variables and empirical strategy. We then present our 

results and our robustness checks. Finally, we discuss our findings and conclusions 

from this study.  

4.2. Data and Setting 

Our setting is the 111 medical helpline in the UK. NHS advises patients to call 111 when 

a general practitioner (GP) is not an option, the patient cannot wait due to her condition 

or she needs guidance on what to do next (NHS 2012). Through this new medical 

helpline NHS also aims to reduce its cost by phasing out the £123 million-a-year NHS 

Direct line and directing patients away from accident and emergency departments 

(MailOnLine 2013). According to NHS 25% of visits to accident and emergency 

departments could have been treated elsewhere in their community or even self-

treated. In addition, 33.8% of calls that the ambulance service receives in England are 

classified as urgent rather than emergency (NHS 2011). Between August 2010 and 
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November 2015 NHS 111 received 32,941,880 calls and has dispatched 2,878,564 

ambulances. It is currently stated that around one million patients per month use NHS 

111 (NHS 2014). 

The system operates as follows: First the call is answered by a call handler who uses 

a special clinical assessment software and provides health advice to the caller, refers 

her to another service, dispatches an ambulance or triages her (NHS 2012). Then, if 

necessary the patient is transferred to a clinical advisor (usually a nurse or paramedic). 

There are two ways for this transfer to occur: Either the caller is live or on hold (i.e., 

warm transfer) or the call is ended and the caller is offered a call back. Finally, the 

clinical advisor will give the caller healthcare advice, recommend her to attend a specific 

service or dispatch an ambulance.  

Call handlers have no medical background nor experience and receive 6 weeks of 

training in using the software tool and basic health and safety (Anderson and Roland 

2015) (although it has been reported that the training can last four-instead of six-weeks 

(The Telegraph 2015)) including nine days in classroom, written assessments (NHS 

2010) and lengthy periods of monitoring and review of calls from clinical advisors 

(Anderson and Roland 2015). Clinical advisors are typically individuals with medical 

background such as nurses or paramedics and advise a patient if the call handler 

transfers the call to them. The ratio of clinical advisors to call handlers varies typically 

from one to four to one to six (Anderson and Roland 2015).   

Our dataset involves monthly NHS 111 call data from different regions (i.e., call centers) 

across England between August 2010 to October 2015 and includes monthly 

information regarding the number of calls received, answered, abandoned by the caller, 

transferred to a clinical advisor, given advice, recommended to attend a specific service 

or resulted in an ambulance dispatch. In addition, we have data regarding average 

episode length, transfer waiting time and time worked by call handlers and clinical 

advisors respectively. Finally, our dataset includes semi-annual data regarding whether 

the patient’s problem was solved or got worse. Because NHS 111 is a new service and 

it started in different regions gradually over time, we have full data for some regions 

and partial or very limited data in other regions. After removing those observations with 

missing data, our final dataset includes an unbalanced panel of 642 observations from 

28 different call centers. In addition, for our third hypothesis, we use 459 observations 

from 23 regions due to missing data regarding patient experience.  
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4.3 Hypotheses Development 

In developing and testing our hypotheses, we define non-clinical labor mix as the ratio 

of time worked by call handlers to time worked by clinical advisors. Similar to Kesavan 

et al. (2015), we divide total time worked by call handlers by the total time worked by 

clinical advisors in order to enable comparison across different regions. Non-clinical 

employees such as call handlers are less costly for the organization and they are more 

readily available after providing them limited training. While having a higher non-clinical 

labor mix can be helpful for efficiency of patient service, this may not be the case for 

quality. Clinical workforce is clearly more expensive to hire and maintain from a smaller 

pool of qualified healthcare personnel, but they also provide a higher quality service to 

patients. Considering these trade-offs associated with labor mix in healthcare settings, 

we develop and test three hypotheses regarding efficiency and quality of patient 

service.  

In our first hypothesis, we focus on patient service efficiency by using the number of 

abandoned calls. Specifically, we expect to observe a negative relationship between 

non-clinical labor mix and number of calls abandoned by the caller while she is on 

queue or while talking to a call handler. When a patient calls an inbound call center a 

call handler will answer that call. However, if there is no available call handler to 

immediately answer that call the patient will be put on hold and placed in a queue. In 

that case the patient may abandon her/his call by hanging up either right after she/he 

is put on hold or after waiting for some time in queue without receiving any service. 

Higher numbers of agents that can respond to a call have been associated with lower 

abandoned rates from the customers in the call center literature (Saltzman 2005, 

Saltzman and Mehrotra 2007, Armony et al. 2007, Aksin et al. 2007).  

Similarly, for healthcare medical helplines increasing the number of available agents 

leads to a lower number of abandoned calls (Gustafson 1999). Because in our setting 

call handlers are the ones initially answering calls to 111, we expect to observe a 

decrease in the number of abandoned calls as the number of non-clinical call handlers 

increases. On the contrary, the number of abandoned calls will not be affected by the 

number of available clinicians since they are not the ones answering the call at the first 

stage. In addition, while talking to a call handler the call can be terminated by either 

side. We therefore believe that if the number of call handlers is low, the latter ones will 

be more willing to terminate the call if the patient asks them to do so. We therefore 

expect that:  

Hypothesis 1: Non-clinical labor mix has a negative relationship with the number of 

abandoned calls. 
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We next focus on efficiency in terms of the resources used. Because ambulance 

dispatches are the most expensive form of resource provided to patients in urgent 

medical assistance, their unnecessary use will result in major waste of highly critical 

resources for NHS (Turner et al. 2006). In addition, it has been reported that NHS 111 

has been sending ambulances even for minor cases such as cut fingers (The Telegraph 

2015), increasing therefore overall cost for NHS. Consequently, we examine the 

relationship between non-clinical labor mix and ambulance dispatches. Specifically, we 

expect to observe a positive relationship between non-clinical labor and ambulance 

dispatches for three reasons.  

First, because call handlers are not medically trained, they are more likely to misjudge 

the criticality of a situation with compare to clinically trained advisers who can assess 

the situation more easily. As a result, when they face a non-trivial situation, they are 

more likely to dispatch an ambulance even if it is not necessary and other less costly 

actions such as referring them to a regular GP appointment would have been sufficient.  

Second, call handlers will be quite risk averse and certainly more than clinical advisors. 

Call handlers typically have no specialized experience and receive a few weeks’ training 

before start working at NHS 111 (Anderson and Roland 2015, The Telegraph 2015). 

They are therefore low trained individuals with very limited medical knowledge handling 

a wide range of situations from common colds to heart attacks (The Telegraph 2015). 

As a result, we believe that they will be quite risk averse since past studies have shown 

that low confidence and knowledge make people unwilling to take risks (Krueger et al. 

1994, Campbell et al. 2004). Hence we expect them to dispatch more easily an 

ambulance than a clinical advisor if they feel that they do not assess the situation of the 

caller correctly. As a senior trainer of call handlers in NHS 111 admitted: “It may not be 

a particularly management orientated view, but I would rather we get an ambulance out 

to somebody that doesn’t need it than not get an ambulance out to somebody that does 

need it” (The Telegraph 2015).  

Third, a high ratio of call handlers to clinical advisors implies that clinical advisors will 

not be easily available to receive a transferred call. In fact, it has been reported that in 

many cases there is no clinical advisor present at the call center, only call handlers 

(MailOnLine 2015). As a result, when the call handler faces a situation where she is not 

sure whether to dispatch an ambulance right away or transfer the call to a clinical 

advisor for further assessment, she is likely to choose the former if she thinks that 

transferring the call will require a long waiting time for the patient due to limited clinical 

advisor availability. We therefore predict that: 
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Hypothesis 2: Non-clinical labor mix has a positive relationship with the number of 

ambulance dispatches. 

Next, focusing on the service quality experienced by the patient, we investigate how the 

ratio of call handlers to clinical advisors affects the quality outcome of the call. 

Specifically, we make use of a patient survey conducted by call centers where patients 

report if their problem was resolved or not and examine the effect of non-clinical workers 

on the number of problems that got worse despite using the medical helpline.  

As we also discuss in the introduction using non-clinical labor workforce in order to 

replace high-qualified employees (i.e., role substitution) or perform the simple parts of 

the job (i.e., role delegation) has been associated with worse clinical outcomes for the 

patients (Powers et al. 1990, Garfink et al. 1991, Bostrom and Zimmerman 1993). 

Substituting less qualified personnel for highly qualified ones will inevitably lead to lower 

quality care for healthcare organizations since higher ratios of qualified workers have 

been associated with better outcomes and fewer adverse events for patients (Duboi 

and Singh 2009).  

Similarly, in our setting increasing the number of call handlers (especially at the 

expense of clinically trained personnel) will lead to lower quality care for the patients. 

Since non-clinical labor (call handlers) is not as qualified and medically trained as 

clinical advisors, we don’t expect it to be as effective as clinical handlers in addressing 

patients’ problem. Therefore, the higher the non-clinical labor mix, the more patients’ 

problems will become worse.  

In addition, we believe that call handlers will have issues in persuading patients to follow 

their advice. Patients refusing to follow treatments and recommendations constitutes a 

pressing global problem for healthcare organizations and medical staff (Bang and 

Ragnemalm 2012). Competent patients can make irrational decisions regarding their 

health (Brock and Wartman 1990) due to several reasons that include-among others-

distrust for the medical staff and problems of communication (Connelly and Campbell 

1987). Swindell et al. (2010) present a number of cognitive reasons that can lead 

patients to disregard a recommendation causing increased costs for the organizations 

and worse clinical outcomes for the patients (Appelbaum and Roth 1983).  

Similarly, in our setting we believe that patients will not comply always with the 

recommendation they receive especially when they receive it from a call handler and 

not from a clinical advisor. Past studies have shown that most individuals consider the 

source when receiving a persuasive message (Hovland et al. 1953, Petty and Cacioppo 

1986, Briñol and Petty 2009, Smith et al. 2012) regarding the source more credible 

when it is perceived as expert (Hovland and Weiss, 1951, McGinnies and Ward 1980, 
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Gottlieb and Sarel, 1991, Clark et al. 2012, Smith et al. 2012). Expert sources are 

expected to present more valid information and suggestions compared to non-expert 

ones (Clark et al. 2012) and are therefore more likely to persuade the receiver of their 

suggestions (Ziegler et al. 2002, Clark and Evans 2014), especially in situations in 

which the receiver has low processing ability (Petty et al. 1981, Clark et al. 2012) or 

confidence (Tormala et al. 2006). We therefore expect that patients will follow more 

likely a recommendation when they receive it from a source they consider expert since 

their medical knowledge and confidence are both low. And since clinical advisors are 

considered to be more credible than call handlers we believe that call handlers will have 

more issues in persuading patients to follow their recommendations, which will lead to 

worse clinical outcomes with compare to the ones of clinical advisors. In addition, since 

the service is a medical helpline it is likely that call handlers with limited medical training 

will experience communication problems with the patients leading to the rejection of 

their recommendation to them. Hence, we expect that:  

Hypothesis 3: Non-clinical labor mix has a negative effect on the quality outcome of the 

call. 

4.4 Variables and Empirical Strategy 

4.4.1 Dependent Variables.  

Abandoned Calls. For our first hypothesis we measure service efficiency using the 

number of abandoned calls of call center i at month t. These calls represent how many 

times a caller chose to hang up while either waiting in the queue or talking to a call 

handler and how many times a call handler terminated the call too. Finally, we divide 

this variable by the total number of calls offered of each call center every month in order 

to enable comparison across all call centers.   

Ambulance Dispatches. For our second hypothesis we use the number of ambulance 

dispatches of call center i during month t in order to capture the efficiency of the service 

in terms of resource usage. Due to their high cost ambulance dispatches constitute an 

indicator of expensive resources used and therefore overall cost. We also divide this 

variable by the total number of calls offered of each call center every month.   

Worse Problems. For our third hypothesis we use the percentage of patients that 

reported that their problem got worse after using the medical helpline of center i at 

month t. This way we examine the effect of non-clinical labor-mix on the quality of the 

service in terms of medical outcome. This variable is reported in our dataset every six 

months (and not every month like all the other variables). In order to deal with that for 

our main model we use the same value of this variable for every month within the six 
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months of the survey. We investigate this approach further in the robustness checks 

section.   

4.4.2 Independent Variable 

Non-Clinical Labor Mix. We define our independent variable by dividing the number 

of hours worked by call handlers by the number of hours worked by clinical advisors. 

We normalize each variable by the hours of clinical workers to enable comparison 

across all call centers. This variable is defined similar to Kesavan et al. (2015) and 

captures the ratio of non-clinical workers to clinical ones of the call center i at month t. 

Figure 4.1 shows the mix of a typical call center during a year. As one can notice there 

is significant variation of the staffing level during the year.    

 

Figure 4.1 Non-clinical Labor Mix 

 

4.4.3 Control Variables 

Offered Calls. In spite of controlling for the call center fixed effect we also control for 

the number of offered calls through NHS 111 of center i at month t. Larger regions 

receive more calls resulting in more abandoned calls and ambulance dispatches.   

Answered Calls. This variable captures the percentage of answered calls for each 

center. We divide the number of answered calls of center i at month t by the number of 

offered calls in order to control for each different region.   

Transferred Calls. As we also mention above this variable captures the percentage of 

calls that were transferred to a clinically trained advisor. We divide the number of 

transferred calls of center i at month t by the number of offered calls in order to control 

for each different region.   
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Transferred Waiting Time. This variable indicates the total time (in minutes) each 

patient had to wait on average in order to be transferred to a clinically trained advisor 

of center i during month t. 

Episode Length. This variable indicates the total time (in minutes) an episode lasted 

on average (since the beginning of the call until the end of it) of center i at month t. 

Finally, we control for center-fixed effect to account for region-specific factors, year and 

quarter-fixed effects to account for time-specific factors and trends. We use a panel 

fixed effect model with standard errors clustered by call center and dummy variables 

indicating the year and the quarter. Figures 4.2, 4.3, and 4.4 provide information of the 

basic monthly variables of a typical call center during a typical year. As one can notice 

there is also important variation in most of these variables during a year.   

   

Figure 4.2 Basic Variables per Year 

 

 

Figure 4.3 Percentages of Basic Variables 
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Figure 4.4 Episode Length and Transfer Time 

 

4.4.4 Model Specification 

Summary statistics and correlations for our variables are presented at Table 4.1. Some 

of our variables are normalized as we also explained above. Table 4.1 reports the 

values for the normalized variables. Our models for our three hypotheses are the 

following: 

 
Abandoned Callsit = ai + a1(Non-clinical labor mixit) + a2controlsit+εit     
                          
Ambulance Dispatchesit = βi + β1(Non-clinical labor mixit) + β2controlsit+θit 

 
Worse Problemsit = γi + γ1(Non-clinical labor mixit) + γ2controlsit+φit 

 

4.4.5 Endogeneity Issues 

An important issue is that of endogeneity. In order to deal with that, we use an 

instrumental variable approach in our main models. For our hypotheses we instrument 

Non-clinical labor mix and use the lagged Non-clinical labor mix. Specifically, we use 

the labor mix of each call center of the previous month. It is a widely used instrument 

when it comes to labor-related studies (Bloom and Van Reenen 2007, Siebert and 

Zubanov 2010, Tan and Netessin 2014, Kesavan et al. 2015) and it is a valid instrument 

for our study too: While, it does not affect the performance of the current month it does 

affect the labor-mix of it. It is not easy for the call center management to significantly 

change the labor-mix from month to month. We therefore expect our instrument to be 
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highly correlated with the current month’s Non-clinical labor mix (which is also 

confirmed by the high values of R-squared in the first stage of our three hypotheses). 

Finally, for all our hypotheses we check the validity of our instruments. First, we check 

the values of R-squared of the regression of the first stage. For our first two hypotheses 

R-squared is equal to 0.793 and our instrument is significant at 1% with a positive 

coefficient. For our third hypothesis R-squared is equal to 0.241 (the change with 

compare to H1, H2 and H3 is caused by the different number of observations) and our 

instrument is significant at 1% with a positive coefficient. Next, we check the F-statistics 

of the excluded instruments from the first stage and find that they are all well above 10 

indicating that they are not weak according to Staiger and Stock (1997). We therefore 

believe that our instrument is valid.    

4.5 Results 

Table 4.2 shows the results for all our hypotheses. At model 1, 3, and 5 we use Ordinary 

Least Square analysis without correcting for endogeneity. In all our models the 

coefficients of Non-clinical labor mix provide full support for all our hypotheses. 

Nonetheless, since these coefficients may be biased because of endogeneity we 

discuss the coefficients obtained after controlling for it. 

Model 2 shows our results for our first hypothesis. The coefficient of Non-clinical labor 

mix is significant at 1% and negative providing support for our first hypothesis. An 

increase of 50% of this variable (from 4:1 to 6:1) decreases abandoned calls on average 

by 6.6%. Remember that we divide our abandoned calls by the number of offered calls 

so essentially 6.6% is the decrease in the percentage of abandoned calls hence the 

actual number of abandoned calls will be quite high: According to our dataset this is 

translated in around 75 less abandoned calls for every call center per month.  

Model 4 shows our result for our second hypothesis. The coefficient of Non-clinical labor 

mix is significant at 5% and positive providing support for our second hypothesis. An 

increase of 50% of this variable increases ambulance dispatches on average by 0.74% 

Similarly, this increase refers to the percentages of calls that resulted in an ambulance 

dispatch. Specifically, this is translated in around 15 more ambulance dispatches for 

every call center per month. 

Model 6 shows our result for our third hypothesis. The coefficient of Non-clinical labor 

mix is significant at 1% and positive providing support for our third hypothesis. An 

increase of 50% of this variable increases on average worse problems by 35.93%. 

Again this dependent variable captures the percentage of patients that reported that
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Table 4.1 Summary Statistics 
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Table 4.2 Main Results 

 

their problem got worse. Hence this increase is translated in 9,105 patients 

experiencing worse problems after using the helpline for every call center per month.  

4.6 Robustness Checks 

First, we repeat our analysis after substituting our quarter dummies with monthly ones 

in order to control better for time fixed effect and specific months’ fixed effects and find 

full support for all our hypotheses. Moreover, we test the sensitivity of our results by 

removing the first three months that every call center has been operating and repeat 

our analysis. This way we exclude the initial period each call center started operating 

during which it could experience a number of problems. Our results indicate full support 

for all our hypotheses.  

Next, we check our first hypothesis using a different dependent variable. Specifically, 

we replace the number of abandoned calls in our model with the ones that were 

abandoned while talking to a call handler and expect Non-clinical labor mix to decrease 

them. Similar to our first hypothesis we believe that a high number of call handlers will 

decrease these abandoned calls. We also divide this variable by the total number of 

calls offered of each call center every month in order to enable comparison across all 

call centers. Our results (table 4.3) confirm our expectation since the coefficient of Non-

clinical labor mix is significant at 1% and negative providing support for our first 

hypothesis.  

We also test our second hypothesis using a different dependent variable. Specifically, 

we use the number of patients that were not recommended attending any service but 
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were given self-care advice. If an ambulance is not dispatched for the patient she will 

be recommended to attend an NHS service or will be given self-care advice and if her 

situation gets worse then proceed and attend a relevant health service. We believe that 

call handlers will be less likely to recommend self-care advice due to their limited 

medical knowledge and risk averseness as we also explained above. As a result, they 

will be more likely to recommend attending a health service increasing therefore overall 

cost for NHS. Similar to ambulance dispatches we divide the number of patients that 

were not recommended attending a health service by the total number of calls offered 

of each call center every month in order to enable comparison across all call centers. 

Our results (table 4.4) provide support for our second hypothesis since the coefficient 

of Non-clinical labor mix is significant at 5% and negative. 

 

Table 4.3 H1 with a different Dependent Variable 
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Table 4.4 H2 with a different Dependent Variable 

 

In addition, we also repeat our analysis for H3 using a different dependent variable. 

Specifically, we use the percentage of patients that reported that their problem either 

got worse or remained the same after using the medical helpline and create a new 

variable called Unsolved Problems regarding the health outcome of the call. We expect 

Non-clinical labor mix to have a positive effect on this new variable decreasing therefore 

the quality of the provided service. Our results (table 4.5) indicate partial support for our 

third hypothesis since the coefficient of Non-clinical labor mix is significant at 10% and 

positive. 

Finally, in order to deal with the fact that our dependent variable for our third hypothesis 

is at a lower frequency than our other variables we interpolate Worse Problems from a 

semi-annual to a monthly frequency (Meijering 2002). In order to do so we use the 

percentage of calls that resulted in the patient given health information as an indicator. 

Specifically, such patients were not recommended to contact any other service but were 

given service location information with the advice to get in touch with them if their 

situation gets worse. We therefore believe that such patients are highly likely to 

experience worse health outcomes despite having used the medical helpline which 

makes them a good indicator for linear interpolation. Hence we create a new monthly 

variable capturing the percentage of patients who experienced worse health outcome 

after having used the service using interpolation and expect Non-clinical labor mix to 
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have a positive effect on that. Our results (table 4.6) provide partial support for our third 

hypothesis since Non-clinical labor mix is significant at 10% and positive. The last two 

robustness checks for our third hypothesis provide partial support for it. Hence despite 

our theoretical framework for H3 we do not find full support for it.  

 

Table 4.5 H3 with a different Dependent Variable 
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Table 4.6 H3 with Linear Interpolation 

 

4.7 Discussion and Conclusions 

Despite their extensive use, little is known about the effect of non-medical workers on 

healthcare operations. At the same time medical helplines are becoming increasingly 

popular among such organizations (Spiegelman 2000, Rhian and Claudio 2003) and 

are expected to offer round-the-clock high quality services (Gustafson 1999). This is 

translated in low waiting times combined with medical advice and solutions for patients. 

So in this study we examine the effect of non-medical workers on the service quality of 

a medical helpline providing useful insights in terms of labor mix strategies. Our dataset 

allows us to investigate the effect of such individuals on different aspects of the helpline 

and despite the fact that non-medical workers are considered to decrease overall cost 

for the organization our results indicate that the relationship is far more complicated.  

Specifically, our study reveals a number of interesting results and conclusions. We 

show that while non-clinical staff members increase the efficiency of patient service by 

reducing abandoned calls, their broader efficiency benefits are likely to be limited due 

to other parallel mechanisms which may result in new inefficiencies in other parts of the 

healthcare system. One such mechanism is the inefficient use of costly resources such 

as ambulance dispatches. Our results indicate that higher ratio of non-clinical personnel 

is associated with a higher number of ambulance dispatches: A 50% increase of this 
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ratio results in 15 more monthly ambulance dispatches for each call center. This 

suggests that call handlers create a significant additional cost for NHS through 

dispatching more ambulances. While some of these dispatches could be appropriate 

course of actions in given situations, our results demonstrate a statistically significant 

relationship between non-clinical labor mix and ambulance dispatches after controlling 

for endogeneity, indicating potential inefficient use of costly resources with higher non-

clinical labor mix. In addition, we also test this hypothesis with a different dependent 

variable which reveals that call handlers will not recommend self-care to patients 

increasing therefore overall cost for NHS. 

Moreover, while non-clinical workers such as call handlers cost much less in terms of 

direct labor cost, our results show that they tend to lower quality outcome of the patient 

service. Especially for National Health Organizations such as NHS this result indicates 

that call handlers can increase their operating costs in general since a patient whose 

problem gets worse will definitely use another service of the organization, creating 

therefore an additional cost for it. Specifically, according to our model a 50% increase 

in Non-clinical labor mix results in 9,105 patients experiencing worse problems per 

month despite having used 111 for every call center. These patients will definitely attend 

another service of NHS increasing therefore overall cost. 

As in all empirical studies, our findings and conclusions are subject to limitations. First, 

our dataset includes no information regarding the patients’ condition when they call the 

medical helpline. Ideally, we would like to have more detailed information about 

patients’ condition, but this was not available in our dataset. In addition, our dataset 

comes from a single medical helpline. One should be therefore careful when 

interpreting the results of our study. Despite the fact that medical helplines constitute 

an appealing setting to study the effect of non-medical workers on the efficiency, cost 

and quality, generalizing our results to other settings requires a cautious approach.  

Despite its limitation, our study extends healthcare operations literature with a new 

focus on non-clinical workforce in innovative health services. By simultaneously 

investigating efficiency and quality of patient service, our results highlight potential 

trade-offs regarding employment of non-clinical workforce. Non-clinical staff members 

constitute cheaper workforce with compare to medically trained clinical advisors and 

can therefore be very attractive for health organizations for efficiency gains and direct 

cost reductions. However, our results suggest a more cautious approach in employing 

non-clinical workforce as this could potentially create a detrimental effect on the 

efficiency and quality of healthcare services. Higher non-clinical labor mix may lead to 

new inefficiencies and associated costs for the healthcare providers through misuse of 

critical resources (i.e., misuse of ambulance dispatches) or through patients’ use of 
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other or additional services if their problem is not resolved satisfactorily in the first 

instance.   
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Chapter five – Conclusions 

The increasing importance of knowledge intensive operations and employees in 

modern economy highlights the need for managers to adopt new team, task and 

workforce allocation policies that will lead to increased organizational productivity and 

performance. This thesis contributes to this goal by investigating factors that can impact 

individual, team and organizational performance. First, it examines the effect of 

exposure to variety on individual productivity and how it can lead to differentiated effects 

through different mechanisms. Second, it investigates the effect of past shared 

experiences of individuals on team productivity by introducing new related concepts 

and metrics. Finally, it shows how non-clinical workers can affect the performance of 

healthcare organizations. 

It is the author’s belief that there are many avenues for further research related to the 

current thesis. With an increasing amount of data readily available on white-collar 

operations, empirical studies examining such settings have become popular among 

Operations Management researchers. This provides many exciting opportunities to 

better understand and improve such operations, but at the same time it comes with 

challenges. The introduction and development of analogous constructs of traditional 

blue-collar concepts to white-collar ones is necessary in understanding the principles 

under which knowledge intensive organizations operate and in proposing efficient 

solution approaches and strategies. This thesis constitutes a step towards 

demonstrating how different task, team and workforce allocation decisions can affect 

operational performance. In order to achieve this, I introduce mechanisms through 

which these task, team and workforce dynamics can influence productivity and 

performance. 

Data-driven studies that extend Operations Management literature can ultimately have 

a significant practical effect on organizations as well. With data becoming more 

accessible to both companies and academic researchers, and with ever-increasing 

constraints and pressures on limited organisational resources and intense competition; 

those organisations which can make use of their data to better understand and improve 

their operations will have a significant advantage. This provides an excellent opportunity 

to the scientific community to work on highly relevant, managerially significant, and 

impactful operational problems which can contribute to both scientific literature and real-

life businesses alike.  

 

 


