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Failure isa common occurrence in many operational contexts involving knowledge work. Concentrating on highly
critical cardiac surgery operations, we investigate how failure affects subsequent performance over time. In
addressing our research questions, we draw on the sensemaking perspective and incorporate behavioral aspects
of failure that are often overlooked. We develop three hypotheses on the effects of failure (i.e., in-hospital
mortality of a patient) and test them with a unique dataset of 4,306 cardiac surgery operations from a large
European hospital, spanning five years. Our findings show that while failure promotes learning over time and
improves task execution quality (as measured by patients’ reduced length of stay) in the long term, its effect is the
opposite in the short term. Our work also unravels how relational dynamics (i.e., familiarity) may reduce the short-
term effects of failure. We find evidence that team familiarity mitigates the detrimental effects of recent failures.
This implies that certain team assignment strategies after failure (e.g., putting individuals into familiar teams) may
be preferable than others. We explore and illustrate this by conducting a policy simulation based on our data. Our
paper provides new insights into how operations managers can support their employees in moving forward after
failure.
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1. Introduction
From academics submitting grant proposals or research papers to lawyers representing clients before a
court, an unsuccessful outcome or failure is a common occurrence in many operational contexts

involving knowledge work. This is more so in healthcare settings where individuals (e.g., surgeons)



perform many critical tasks with often uncertain outcomes (e.qg., surgeries). While failure may facilitate
individual and organizational learning and improve future performance (Cannon & Edmondson, 2005;
KC, Staats, & Gino, 2013) by stimulating the development of new ways of approaching existing
problems and the adoption of new strategies (Baum & Dahlin, 2007), it may also induce negative
reactions involving anxiety, anger or shame, and be detrimental to performance (Carmeli & Gittell,

2009; Zhao, 2011).

This study examines the behavioral and learning dynamics that are likely to take place after failure and
the consequences this can have on individuals’ subsequent execution of tasks, and seeks to answer the
following two research questions: How does failure affect subsequent performance over time? Does
team familiarity affect the relationship between recent failure and subsequent performance and if so, to
what extent? While recent studies have investigated the effect of failure on individuals (KC et al., 2013),
the mechanism by which this effect unfolds over time has received little attention. We focus on the
consequences of failure based on temporal dynamics and investigate both its long-term and short-term
impacts. Exploring the link between failure and subsequent performance is interesting from a theoretical
perspective, but it is also of significant practical importance for operations managers who have to make
team allocation decisions in the aftermath of a recent failure and also need to support their employees

in moving forward after failure.

Learning from failure seldom takes place in isolation but involves interpersonal activities and dynamic
interactions among organizational members (Elkjaer, 2003; Kozlowski & llgen, 2006). We consider the
relational aspects associated with learning from failure and the recent work which highlights the
importance of shared work experience (i.e., team familiarity) on learning and task performance
(Reagans et al., 2005, Huckman et al., 2009; Avgerinos & Gokpinar, 2017). Consequently, our second
research question addresses whether and to what extent team familiarity affects the relationship between

recent failure and subsequent performance.



In addressing our research guestions and examining the performance implications of failure in the short
and long term, we draw on the rich and growing literature on sensemaking (Weick, 1995; Weick et al.,
2005; Maitlis & Christianson, 2014; Schabram & Maitlis, 2017). Sensemaking is the process by which
individuals work to understand and react to uncertain events or occurrences around them through
continuous interpretation and action (Thomas et al., 1993; Christianson & Sutcliffe, 2009). A key
feature of sensemaking is the active nature of understanding, as individuals play a role in creating the
actual situations they try to understand in retrospect (Weick et al., 2005; Cornelissen, 2012; Sutcliffe,
2013). Research has shown how past failures can promote sensemaking among individuals, leading to
learning and improved performance (Weick, 1988, 1990, 1993; Gephart, 1993; Thomas et al., 2001;
Colville et al., 2013; Maitlis & Christianson, 2014). Similarly, we argue that sensemaking is a key
process through which individuals learn from failure (Christianson et al., 2009; Catino & Patriotta,
2013) in our setting. Moreover, we propose that failure is likely to trigger negative emotions (Shepherd
& Cardon, 2009; Zhao, 2011), which in turn may hinder the process of sensemaking and learning from
the failure experience (Shepherd, 2009; Byrne & Shepherd, 2015). Emotions are increasingly
considered to be part of the sensemaking process (Maitlis & Christianson, 2014), with emerging
research connecting negative emotions with superficial sensemaking (Liu & Maitlis, 2014). Finally, we
examine how past shared experiences interact with recent failure by arguing that highly familiar
individuals share greater levels of information, which leads to the creation of shared mental models that
help them to create cognitive maps of their situation (Weick, 1995) and therefore promote the process

of sensemaking (Akgun et al., 2012).

We address our research questions using a highly detailed data set of all cardiac surgeries conducted in
a private hospital in Europe over five years. Patients’ in-hospital mortality has been commonly
characterized as failure in the healthcare operations literature (KC & Terwiesch, 2011; KC et al., 2013)
and has been found to be a highly negative experience for hospital employees (Gerber & Workman,
1995; Lenart et al., 1998). Throughout our study, we use failure as meaning “lack of success” (Oxford
English Dictionary, 2018), which is different than an ‘error’. Our setting involving cardiac operations

is ideal to address our research questions for several reasons. First, the longitudinal nature of our sample



allows us to observe the effects of failure over time. Second, in cardiac surgery, failure is well defined.
In-hospital mortality is widely accepted as a measure of failure for cardiac operations (KC & Terwiesch,
2011; KC et al., 2013). Thirdly, epitomizing today’s dynamic, high pressure and high uncertainty
knowledge work environment, cardiac surgery operations have significant ramifications (Edmondson,
1999; Tucker & Edmondson, 2003; Nembhard & Edmondson, 2006), whereby behavioral dynamics are
likely to be at play alongside learning. In a cardiac surgery setting, individuals are assembled to work
on a specific operation in fluid teams. After the operation, the team is dissolved, and individuals become
part of another team to perform a different operation. That is, individuals develop familiarity with each
other over time through their shared work experience in the same teams. Our sample in this study
includes 4,306 cardiac operations of the following types: Coronary artery bypass grafting (CABG),
valve replacement/repair, tumor removal, heart failure, congenital heart surgery, routine cardiac
surgery, other normal surgeries which do not belong in any of the aforementioned groups, double
surgeries which include two cardiac surgeries of the previous groups and triple surgeries. Finally, our
performance measure for a cardiac operation (i.e., task execution quality) is a patient’s hospital length
of stay (LOS) after an operation, a widely accepted quality measure for cardiac surgeries (Schneider &

Epstein, 1996; Hannan et al., 1997; Guru et al., 2005; KC & Terwiesch, 2009; KC &Terwiesch, 2011).

Our paper offers a number of important contributions to operations and healthcare management
literatures. First, it provides a more nuanced understanding of the effects of failure by distinguishing
between its long term and its short term effects. Drawing on the sensemaking perspective and
incorporating often overlooked emotional aspects associated with failure, we hypothesize and find that
while failure promotes learning over time, which in turn improves task execution quality in the long

term, it reduces task execution quality in the short term.

Secondly, we provide new insights into how operations managers can support employees in moving
forward after failure. Our work unravels how relational dynamics (i.e., shared work experience) may
reduce the short-term effects of failure. We find evidence that shared work experience mitigates the

detrimental effects of recent failures. This result implies that certain team assignment strategies after



failure (e.g., putting individuals into familiar teams) may be preferable than others as they lead to greater
execution quality in subsequent tasks. Previous research highlighted a significant research gap relating
sensemaking with key team processes (Maitlis and Christianson 2014). Our paper is an attempt to
address this gap by linking team familiarity —an important team level property (Reagans et al. 2005)—

with the sensemaking process in an environment with significant emotional dynamics.

Finally, we provide practical insights for hospital managers which may help mitigate the possible
negative effects of failure. We build and analyze a simple policy simulation to examine team assignment
policies based on our data. We devise a simulation policy and compare this with current assignments

policies by quantifying corresponding effects based on our empirical model and the real data.

In the next section we develop our theoretical framework and motivate our hypotheses, describe our
setting and data, and then present our empirical strategy, findings, robustness checks, and simulation

policies. Finally, we discuss the conclusions of our study and acknowledge its limitations.

2. Hypotheses Development

Previous research has highlighted the significance of failure in the future success of organizations as
well as individuals (Chuang & Baum, 2003; Edmondson, 2011). There is wide consensus that past
failures can promote performance both at the organizational and at the individual level. Failure has been
shown to be important for organizational learning (Haunschild & Sullivan, 2002; Haunschild & Rhee,
2004) as it can lead to the development of new company strategies (Baum & Dahlin, 2007). Failures
can also trigger an organization to adopt new approaches and solutions to avoid similar results in the
future and can increase creativity and innovation within organizations (Kim et al., 2009; Madsen &
Desai, 2010). Similarly, past failures can be helpful for an individual because they may highlight what
went wrong and lead to the adoption of new approaches that can address existing problems and
difficulties (Sitkin, 1992; March & Simon, 1993). After a failure, an individual may be motivated to

identify why it occurred, which could then result in a different behavior (Cyert & March,1963; Locke



etal., 1981), including changing the way of processing and sharing available information (Sitkin, 1992;

KC etal., 2013).

While the aforementioned literature makes a strong case for learning from failure, resulting in improved
performance, it does not focus on how such learning develops over time. We explore this notion of
failure-driven learning through the lens of the sensemaking framework (Weick, 1995; Weick et al.,
2005), which can help us to understand the behavior of individuals when they are confronted with issues
or events that are unexpected, ambiguous, or uncertain. That is, individuals make a retrospective sense
of the occurrences, which then provokes their subsequent actions (Weick, 1993; Maitlis, 2005). In
constructing our theoretical framework and developing our hypotheses, we build on the sensemaking
perspective as the key explanatory mechanism for the learning process that takes place after a failure

has occurred.

Sensemaking is essentially a process through which individuals deal with uncertainty by creating a
rational account of events that enables action (Maitlis, 2005) and through which they continue to enact
the environment (Gioia & Chittipeddi, 1991; Brown, 2000). The sensemaking process involves three
stages (Gioia & Chittipeddi, 1991; Shepherd, 2009): i) scanning (i.e., information gathering and
selective search), ii) interpretation (i.e., attending to and ascribing meaningful labels to incoming
information for comprehension and action), and iii) learning (i.e., changes to existing practices and
actions taken). Research has established an important link between this three-stage sensemaking

process and performance outcomes (Thomas et al., 1993; Haas, 2006)

Sensemaking has been suggested to be instrumental in teams’ and individuals’ learning from experience
(Huy, 1999; Christianson et al., 2009). A significant body of work relates learning from failures through
the process of sensemaking (Weick, 1988, 1990, 1993; Gephart, 1993; Thomas et al., 2001; Colville et
al., 2013; Maitlis & Christianson, 2014). Kayes (2004) examines how sensemaking affects team
learning for a group of climbers. Ron et al. (2006) shows the importance of sensemaking for flight crews

to achieve psychological safety and team learning, and Haas (2006) studies how teams operating in



knowledge-intensive environments fail to learn if they do not engage in sensemaking. At the individual
level, Catino and Patriotta (2013) show the importance of sensemaking for learning from in-flight errors
in the Italian Air Force, and Christianson et al. (2009) examine how leaders’ sensemaking response to
the collapse of a museum roof facilitated learning. Ravasi and Turati (2005) find that sensemaking plays

a vital role in learning from past mistakes for entrepreneurs.

Building on this understanding of the sensemaking perspective, we argue that people learn from failure
by continuously developing plausible retrospective accounts of previous failure occurrences (i.e,
scanning) (Weick et al., 2005) and by converting these into meaningful knowledge (i.e., interpretation),
which then informs actions (Thomas et al., 1993). Indeed, learning develops from the interaction of
interpretation and action and over time (Schwandt, 2005), and each failure incidence reveals additional
pieces of information (Weick & Sutcliffe, 2007). This newly generated knowledge should be put into
action to assess its validity and use. Consequently, we posit that a greater number of failures leads to a
better sensemaking and comprehension of the corresponding tasks. We therefore expect such
sensemaking as a result of previous failures to improve task execution quality (Catino & Patriotta,

2013).

Sensemaking is suggested to be even more critical in settings where there is inherent uncertainty
(Maitlis & Chirstianson, 2014), such as in healthcare (Jordan et al., 2009). Cardiac surgeries are a good
example of such settings with uncertainty arising first and foremost from the condition of the patients
(Argote, 1982; Gittel, 2002). We expect past failures to promote the process of sensemaking among
surgical team members. After experiencing failure, surgical staff members are more likely to seek
outside information (KC et al., 2013) and to explore new approaches and refinements to existing
operating techniques. Especially in high-risk surgical operations such as cardiac surgery, team-level
learning plays a significant role (Avgerinos & Gokpinar, 2018) in developing a deeper understanding
and knowledge of the surgical tasks (KC & Staats, 2012). Past failures may encourage individuals to
consult their colleagues to identify differences in their approaches in an attempt to detect the root cause

of their failure (KC et al., 2013). Specifically, in our context, consultation among surgical staff members



of the same hospital commonly takes place through informal and formal interactions or “grand rounds”
(Parrino &White, 1990; Manian & Jannsen, 1996; Clark & Huckman, 2012). We therefore expect
individuals to seek greater engagement and interaction after a failure.

Indeed, the stages of sensemaking and the subsequent learning process can be illustrated by several case
studies of patient failures in the medical literature. For example, Thomson (2018) examines a case where
a trauma patient experienced very low blood pressure after an operation, which eventually led to her
death. The author explains how he first wrote the mandatory death note, which outlined the events that
led to the patient’s death (i.e., the information gathering or scanning stage). Later, he describes a self-
reflecting process (i.e., the interpretation stage), which involved reviewing possible actions that could
have led to a different outcome. She then mentions a team meeting where the case was reviewed, the
potential causes of death were hypothesized (e.g., myocardial infarction), and alternative actions were
outlined (e.g., taking a preoperative electrocardiogram). After many hours of reviewing and while being
sued by the patient’s relatives, the doctor concluded that the most likely cause of death was different
than what they had supposed (anaphylactic reaction). Although the patient had shown some symptoms,
such as nausea and vomiting, these had not been interpreted correctly because they commonly occur in
various situations (i.e., the learning stage). The surgeon published this case to inform and raise
awareness within the surgical community?. In another case, Michalsky et al. (2013) describe the case
of an obese 19-year-old who died during a gastric bypass surgery. The surgeons felt that the mortality
risk of obese young adults undergoing such operations was not well understood and therefore the
decision to operate should be revised carefully. In a recent study, Raffensperger reports a structured
approach to sensemaking (2019:p.70): “if a patient died after an operation, it was important to find
surgical errors [...]. We discussed these cases during the weekly surgical pathology conference, not so

much as a rebuke to the guilty surgeon, but as a lesson so that the error would not be repeated.”

As a result, we believe that the process of sensemaking is promoted among surgical team members over

time through the acquisition of new information and will eventually result in new and improved

! Certain journals, such as the Journal of Pediatric Surgery CASE REPORTS, publish example cases that outline
important lessons learned and often offer suggestions for improving or extending existing regulations.



approaches that can have a positive effect on future performance (Piaget, 1963; KC et al., 2013). Hence,

we expect that:

Hypothesis 1: Individuals’ cumulative prior experience of in-hospital mortality of patients significantly

decreases a patient’s length of stay.

Recent Failure and Performance

Although we expect learning to take place after failure, this process may not be simple and
straightforward due to the uncertain nature of tasks in most knowledge-intensive environments (Haas,
2006). In such settings, the root cause of failure and the specific learning points may not be immediately
apparent, as individuals need time to make sense of the failure by scanning relevant information,
interpreting it, and learning from it (Daft & Weick, 1984; Gioia & Chittipeddi, 1991). Failure can
quickly trigger negative emotions (Huy, 2002; Kiefer, 2005; Shepherd & Cardon, 2009) such as
sadness, fear, anxiety, and guilt (Zhao, 2011), which can limit individuals’ initiative taking (Urda &
Loch, 2013) or make them less confident the next time they perform the same or similar task (Locke et

al., 1981), both of which can have a negative effect on individual performance (Fugate et al., 2008).

Emotions are a key part of the sensemaking process (Bartunek et al., 2006; Dougherty & Drumbheller,
2006; Liu & Maitlis, 2014). Rafaeli et al. (2009) argue that positive emotions within a team promotes
the process of sensemaking by developing high-quality shared mental models shared more broadly by
the team members. Liu and Maitlis (2014) empirically show how positive emotions can lead to deeper
sensemaking, whereas mixed or negative emotions can result in superficial sensemaking. Cornelissen
et al. (2014) show how emotion arousal and contagion negatively shape sensemaking and can lead to

errors.

Negative emotions stirred quickly after a failure can significantly interfere with the sensemaking

process as individuals’ information processing abilities can be hindered by negative emotions (Mogg et



al., 1990). Individuals’ limited information gathering and processing capacity might also be
preoccupied with the negative emotions generated by the failure event (Nolen-Hoeksema & Morrow,
1991). Such negative emotions are common among hospital staff members (Gerber & Workman, 1995;
Lenart et al., 1998) particularly after the death of a patient, which is a highly stressful experience and
can cause grief and burnouts to surgical staff (Hipwell et al., 1989; Gerber & Workman, 1995; Lenart
et al., 1998). We expect that the death of a surgery patient will have a temporary negative effect on the
task execution quality of the surgical team (Wilson & Kirshbaum, 2011) as a result of negative emotions

and superficial sense-making (Liu & Maitlis, 2014).

Evidence that substantiates our theory can also be found in the medical literature. Goldstone et al. (2004)
find qualitative evidence of increased surgical complications for patients who are operated by a surgeon
who experienced death in another surgery up to 48 hours before the focal operation, and question
whether a surgical team should continue working soon after experiencing a patient death during surgery.
Whitehead (2012) reports that physicians may doubt their abilities after a patient’s death, as it is often
ambiguous whether they did everything they could to prevent such an outcome. Waterman et al. (2007)
report that physicians are more anxious about future errors, less confident about their professional
capacity, and have reduced job satisfaction and quality of sleep after serious medical errors. Although
follow-up reviews of failures, such as mortality and morbidity meetings, aim to support individuals and
help productive sensemaking, Whitehead (2012) reports that they often cultivate doubts about a
physician’s competence?. Such negative emotions hinder sensemaking (Walsh & Bartunek, 2011), and

this implies that individuals with recent failure experience may not benefit from them immediately.

In all, we argue that sensemaking after a failure is a process that involves multiple stages (i.e., scanning,
interpretation, and learning) over time, and in the immediate aftermath of a failure, negative emotions

are likely to dominate and hinder the sensemaking process or lead to superficial sensemaking. In turn,

2 As one physician reports (Whitehead 2012, p.272): “You’re exposed, and... people are able to see you’re not
perfect, and you have flaws... You always want that ability to say you are competent—and that detracts from your
professional identity”



individuals’ processing and decision-making will be hampered, leading to possible suboptimal actions,

which in turn result in lower task execution quality.

Given our setting, we define as recent any death of any patient that occurred within a week (seven days)
prior to the focal operation. Similar definitions have been used by other scholars depending on their
specific context. For example, in a bank setting Staats and Gino (2012) define recent (i.e., short term)
as the same day, but they also noted: “Short- and long-term time periods would differ in other
operational contexts. For instance, in a context for which tasks generally last only several seconds, a
short time period might be comparatively smaller (e.g., an hour), whereas a setting with more tasks at
least five hours long would have a comparatively longer short time period (e.g., perhaps a week).”
(Staats & Gino, 2012: p. 143). With similar reasoning (i.e., the average duration of an operation in our
sample is about five hours) and also after consulting with healthcare professionals in our setting, we use

a seven-day window to define recent operations.

Hypothesis 2: Individuals’ recent (same week) experience of in-hospital mortality of patients

significantly increases a patient’s length of stay.

Recent Failure and Shared Work Experience

We next focus on how recent failures interact with past shared work experience. An emerging stream
of research has highlighted the significant role of shared work experience (e.g., team familiarity) on
performance (Reagans et al., 2005; Huckman et al., 2007; Avgerinos & Gokpinar, 2017). As individuals
become more familiar with each other, teams become better coordinated and individuals become more
motivated in performing their tasks. As a result of acquiring essential information about the abilities
and areas of expertise of each other, teams with shared work experience tend to perform better than
teams with limited or no shared work experience. (Reagans et al., 2005). Moreover, team familiarity
can enhance the relationships among team members (Edmondson, 1999; Reagans et al., 2005; Easton

& Rosenzweig, 2012), which in turn makes individuals more motivated and willing to work harder to



meet the team’s standards and goals. Huckman, Staats, and Upton (2009) also show that team familiarity

increases quality performance of project teams in the software industry.

As we argued above, the sensemaking process after a failure involves significant psychological
dynamics stemming from negative emotions especially shortly after failure (Walsh & Bartunek, 2011;
Holt & Cornelissen, 2014). Negative emotions as a result of failure not only make individuals more risk
averse (Lerner & Keltner, 2001), but also affect other attitudes and behaviours that can lead to decreased
trust and commitment among members and to lower work performance (Patterson & Cary, 2002; Kiefer,
2005). In contrast, shared work experience has been suggested to promote psychological safety among
team members (Edmondson, 1999), especially in the context of cardiac surgeries (Edmondson et al.,
2003). Shared work experience also provides greater levels of trust among members (Faraj & Sproull,
2000) and helps to develop cohesion (Evans & Dion, 1991; Mullen & Copper, 1994; Gully et al., 1995),
which in turn improves performance (George & Bettenhausen, 1990; Vinokur-Kaplan, 1995). As such,
we propose that the emotion-driven detrimental effects of a recent failure are mitigated by increased
levels of shared work experience due to increased trust, psychological safety, and cohesion among team

members, all of which can facilitate the sensemaking process (Akgun et al., 2012).

A specific type of sensemaking (known as resourceful sensemaking) refers to the ability of individuals
to appreciate the perspectives of others through interactions, and in turn use this comprehension to act
accordingly (Wright et al., 2000). Highly familiar individuals tend to share more information, resulting
in the creation of shared mental models, which can help team members develop cognitive maps of their
environment (Weick, 1995). Familiar individuals may also feel more comfortable in expressing their
disagreement and discussing their concerns, which improves the sensemaking process (Ashmos &

Nathan, 2002).

Although negative emotions as a result of a failure make it difficult to discuss and learn from the
experience (Shepherd et al. 2009) and engage in deeper sensemaking through discussions (Liu &

Maitlis, 2004), shared work experience can alleviate such difficulties as it increases the willingness of



individuals to engage in a relationship with others (Reagans et al. 2005), which in turn can help to
identify the appropriate course of action. Since sensemaking is a social act that is grounded both at the
individual level and at interactions with others (Weick, 1995; Maitlis, 2005), past shared work
experience can promote the sensemaking process within team members. Due to the above reasons, we

expect that:

Hypothesis 3: Team familiarity interacts with individuals’ recent (same week) experience of in-hospital
mortality of patients so that the negative effect of recent failure on patient’s length of stay is significantly

decreased.

3. Setting, Data, and Variables

As the focus of this study is knowledge-intensive healthcare operations, similar to recent work in the
operations management literature (KC & Staats, 2012; Avgerinos & Gokpinar, 2018), we test our
hypotheses using data from cardiac surgery operations. Our sample is drawn from the cardiac unit of a
European private hospital, which includes 300 beds and serves more than 2,000 patients every year.
Our dataset includes all cardiac operations that were conducted in the hospital between April 1, 2011

and April 30, 2016.

A typical cardiac surgery team in our archival dataset consists of two to eight individuals. Specifically,
each team includes one lead surgeon, up to four assistant surgeons, up to one anesthesiologist, up to one
perfusionist, and up to three scrub nurses. Our sample comprises 102 individuals: 15 lead surgeons, 31
assistant surgeons, 10 anesthesiologists (six since the beginning of our dataset), 10 perfusionists (six
since the beginning of our dataset), and 36 nurses (35 since the beginning of our dataset). For every
case, our sample contains data regarding the specific surgery type, the patient’s characteristics and
severity of condition, the members of the surgical team, the length of stay after the operation, and the
in-hospital mortality, which we define as failure. Our sample has a total of 169 in-hospital deaths, 160

of which occur within 60 days of the corresponding operation. It is worth noting that we define failure



as the time of the patient’s death and not the time of the patient’s operation that led to death. After
admission and before the operation, each patient is allocated into one of the three categories with the
following tags: “severe”, “medium”, and “mild”. Finally, we also carried out several informal
interviews with healthcare professionals in our hospital. This helped us form a better view of cardiac

surgery in general and gave us information about hospital policies and cardiac unit practises.

Our initial dataset included 4,306 operations. After removing observations with missing data, we ended
up with 4,272 operations. After consulting with a number of healthcare professionals in our setting, we
divided our operations into the following types: Coronary artery bypass grafting (CABG), valve
replacement/repair, tumor removal, heart failure, congenital heart surgery, routine cardiac surgery,
other normal surgery (namely operations that do not belong in any of the aforementioned groups),
double surgery (namely operations that include two cardiac surgeries of the previous groups) and triple
surgery (namely operations that include two cardiac surgeries of the previous groups). All operations

in the last two categories are characterized as “severe”.

Variables

Dependent Variable. Our dependent variable is a patient’s length of stay (i.e., the number of days)
after the operation. This variable captures the execution quality of the operation and is commonly used
as a quality measure for cardiac surgeries (Schneider & Epstein, 1996; Hannan et al., 1997; Guru et al.,
2005; KC & Terwiesch, 2009, 2011). Shorter lengths of stay have been associated with better clinical
outcomes (Gaynes et al., 2001; Guru et al., 2005; Gibbons et al., 2011), a fact that was also confirmed

during our staff interviews in the hospital.

Independent Variables



Average Individual Failure. We count the number of times each team member experienced the death
of their patients (in-hospital mortality) in the past (excluding the current operation). We then divide this
number by the number of team members. We exclude recent failures when calculating this variable.®

Recent Average Individual Failure. We count the number times each team member experienced a
death of their patients during the past week* prior to the current operation). We then take the sum of all

team members and divide it by the number of team members. Unlike other studies that use a
standardized 30-day or 60-day mortality as a performance measure (dependent variable), we
are interested in the aftermath of experiencing an in-hospital mortality (i.e., failure) and its
subsequent performance implications. Thus, in-hospital mortality in our study is the primary
independent variable, and as long as we observe in-hospital mortality during or after a surgery
(regardless of when it happens), we consider it an instance of our independent variable. That
IS, we are not interested in when in-hospital mortality occurs, but rather what happens after in-

hospital mortality takes place (i.e., its learning and subsequent performance implications).

Shared work experience. We operationalize this in two ways and then include as it a key interaction
term in our models (see below). In our first set of analysis (Table 4), we use Team Familiarity. We
first calculate how many times every pair of the team has collaborated in a previous operation
(excluding the focal one). Next, we sum this up for every pair of the team and then divide by all possible
pairs within the team. Our approach follows past literature (Reagans et al., 2005; Huckman et al., 2009;
Avgerinos & Gokpinar, 2017) that uses average familiarity of the team. In our second set of analysis
(Table 5), we use Leader Familiarity. We count how many times the lead surgeon worked together
with the other team members in the past, take the sum of all these pairs and then divide this by all

possible pairs within the team that include the lead surgeons.

3 Our results remain the same qualitatively (i.e., in terms of hypotheses support) after including recent failures too.
4We re-ran our analyses using five and ten days instead and obtained results with the same level of significance and hypotheses
support.



Recent Average Individual Failure x Team (Leader) Familiarity. We multiply these two variables

to test our third hypothesis.

Control Variables

Team Size. This variable is equal to the number of team members. Team size can affect team
performance (Gladstein, 1984; McGrath, 1984), as larger teams may have increased resources, but they
may also face coordination challenges (Hackman, 2002; Reagans et al., 2005; Huckman et al., 2009).

Team size also varies with cardiac surgery types (see Table 1).

Average Individual Direct Experience. This variable captures the experience of each team member
on each surgery type. To ensure that failure experience drives our results and not general experience,
we control for overall experience. As described above, each operation falls into one of the nine
categories. We calculate how many times each team member takes part in a specific operation category
before the current one (excluding the focal one). Next, we sum it up for all members and divide this

number by the number of team members.

Time Fixed Effect. We include monthly dummies indicating the month since the beginning of our
dataset to capture organizational experience and any potential changes in hospital policy or
technological development that can affect a patient’s length of stay. We also consider an alternative
operationalization where we replace our monthly dummy variables with a continuous variable, which
is equal to the number of months since the beginning of our dataset. We obtain the same results with

this alternative specification.

Lead Surgeon Fixed Effect. We capture the experience and skill level of the lead surgeon, which may

affect the length of stay of a patient after an operation.



Male. We take into account the gender of the patient with this variable, which is equal to one when the

case involves a male patient and zero if the patient is female.

Age. We also control for the age of the patient since it can have an effect on the length of stay after an

operation.

Indicators for Severity. During the first hours of admission, each patient is classified into one of three
categories (mild, medium, or severe) by the physician examining the patient based on his/her
characteristics that may influence the risk level of the operation such as past and current health
problems, sex and age. Severe operations are more critical and challenging tasks than mild and medium
ones. We therefore include the dummy variables “medium” and “severe” t0 control for the patient’s
condition. The variable “medium” is set equal to one when the patient’s condition is considered
medium. Similarly, the variable “severe” is set equal to one if the patient’s condition is considered

SEVEre.

Indicators for Procedure Type. Each operation is classified into one of the nine categories. We
consider CABG, which is the most frequently occurring operation type in our sample, as the reference
category and we include eight dummy variables for the eight indicators we have. We set them equal to

one if the operation is characterized as the respective type and zero otherwise.

4. Empirical Strategy and Analysis

Table 2 presents basic statistics for all our variables in their raw form. For our main analysis we use
ordinary least squares regression in which each surgery is an observation. We also check for normality
of residuals, heteroscedasticity, and serial autocorrelation. The Breusch-Pagan test (Breusch & Pagan,
1979) indicated potential heteroscedasticity, which led us to run all models using robust standard errors
(Huber, 1967; White, 1980). We also use the commands gladder and ladder in Stata to check the

distribution of our variables. We take the logarithm of our continuous variables Length of Stay, Average



Individual Failure, Team Size, Average Individual Direct Experience and Team Familiarity according

to the traditional learning-curve model®. Hence, our final model is the following:

In(losy) = fo + p1In(Average Individual Failurey)
p2 Recent Average Individual Failure, +
[33 Recent Average Individual Failure; x In(Team Familiarity;) +
Paln(Team Familiarity;) +
Ps In(Team Sizey) +
Ps In(Average Individual Direct Experiencey) +
7 Severe; +
PsMedium; +
S Male; +
Bro Ager +
P11 Other Controls; +

Sz Ut

Table 3 shows the descriptive statistics and correlations among our variables for all team members.
Note that the numbers are the logged values for all variables except Recent Average Individual Failure,
Severe, Medium, Male, and Age. Table 4 shows the results for all our Hypotheses. In model 1, we
include only the control variables. In model 2, we add Average Individual Failure and Recent Average
Individual Failure and the adjusted R? increases by 8.74%. Next, we conduct an F-test and find that
model 2 is superior than model 1 at 1%. Average Individual Failure is negative and significant at 1%,
providing support for our first hypothesis. An increase of one standard deviation in this variable
decreases length of stay by 22.69% (2.38 days). Recent Average Individual Failure is positive and
significant at 5%, providing support for H2. An increase of one standard deviation in Recent Average

Individual Failure increases length of stay by 24.58% (2.58 days).

5 We also repeated our analysis using the linear form of all variables and obtained the same results in terms of significance and
hypotheses support.



In model 3 we test our third hypothesis by adding the interaction term Recent Average Individual
Failure x Team Familiarity and the adjusted R?further increases by 1.90%. We also conduct an F-test
and find that model 3 is superior to model 2 at 1%. The interaction term is negative and significant at

1%, which provides full support for our third hypothesis.

Finally, we follow past literature (Aiken and West 1991, Dawson and Richter 2006) and perform post-
hoc analysis for our third hypothesis. Specifically, we take two subsets of our sample: One with the
values above the mean plus one standard deviation for Team Familiarity and one with the values below
the mean minus one standard deviation for Team Familiarity. Next, we plot Recent Individual Average
Failure and Length of Stay for these two subsets (Figure 1). The figure shows that the detrimental effect

of failing recently indeed decreases in the presence of a highly familiar team.

Lead Surgeons

Next, we focus only on the lead surgeons and conduct our analysis by investigating only their failures.
We include both the main effect of Leader Familiarity and as part of the interaction term to test our
third hypothesis (i.e., we calculate only the familiarity of the lead surgeon with the rest of the team
members). We also count the number of total failures and recent failures only for the lead surgeon for
every team, while controlling for the experience of the other team members. Table 5 shows our results
using only the lead surgeons. In model 1, we include only the control variables. In model 2, we add the
variables Individual Failure and Recent Individual Failure and the adjusted R? increases by 8.78%.
Next, we conduct an F-test and find that model 2 is superior than model 1 at 1%. Individual Failure is
negative and significant at 1%, providing support for our first hypothesis. An increase of one standard
deviation in this variable decreases Length of Stay by 5.49% (0.58 days). Recent Individual Failure is
positive and significant at 5%, providing support for H2. An increase of one standard deviation in this

variable increases length of stay by 27.77% (2.91 days).



In model 3 we test our third hypothesis by adding the interaction term Recent Individual Failure x
Leader Familiarity and the adjusted R?further increases by 1.42%. We also conduct and F-test and find
that model 3 is superior to model 2 at 1%. The interaction term is negative and significant at 5%, which

provides full support for our third hypothesis.

5. Robustness Checks

Our results are significant both from a statistical and from an operational perspective. We run several
checks to strengthen the robustness of our findings. First, we consider alternative specifications of our
control variables. Namely, we replace our control variable Average Individual Direct Experience with
another variable called Average Individual Experience. This new variable is calculated the same way
as the former one, with the only difference being it counts all operations that each member has
conducted prior to the current operation, as opposed to the direct version, which considers only the focal
operation type in the past. We repeat our analysis and obtain similar results (i.e., we get the same support

for all hypotheses).

A potential issue with our results is that we have no information before the starting date of our sample,
which could affect our findings. We deal with this concern by repeating our main analysis after dropping
a number of time intervals since the starting date of our sample. Specifically, we drop the first three, six
and, nine months of our dataset, calculate all our variables using the remaining observations, and repeat
our analysis. When we remove the first 9 months, for example, we only use the observations between
months 9 and 61 to calculate Team Familiarity. We get full support for our three hypotheses. Table 6
shows the results after dropping the first nine months of our sample. We therefore believe that missing
data does not constitute an issue for our analysis since our results remain the same both significantly

and organizationally.

We also perform an analysis to check how sensitive our findings are to the removal of different time

intervals (up to 12 months) since the starting date of our sample. In this case, we drop the first 12 months



and repeat our analysis without recalculating our variables of interest. The results remain the same

qualitatively (Table 7).

We also repeat our analysis in another subsample of our dataset which involves surgeons with more
than average failure experiences. Specifically, we focus on the 11 lead surgeons (i.e., we drop the
bottom 25" percentile of lead surgeons with the smallest percentage of failure) with the highest rate of
failures in our sample and conduct our analysis with them. Table 8 presents the results which provide

support for all our hypotheses.

In addition, we compare the average number of failures during a week after a failure experience by any
of the team members and the weeks after an operation that did not result in a failure. We find that the
former number is significantly higher at 5% than the latter, which provides further support for our

second hypothesis.

Another concern for our second hypothesis could be that the lead surgeon who faces a recent failure
may become more cautious and keep patients in the hospital for observation longer. To alleviate this
concern, we repeat our analysis by only concentrating on the cases where the lead surgeon has not
experienced a recent failure, but at least one another team member has experienced a failure within the
past week. We therefore conduct a more conservative analysis in which the variable ‘recent failures’
excludes the lead surgeon’s personal failures. The effect is positive (i.e., increasing Length of Stay) and
significant, supporting hypothesis 2. We also compare the average duration of the operations within a
week after a failure experience by the lead surgeons and the weeks after operations that did not result
in a failure. Our rationale is that if lead surgeons were becoming more cautious after failure, then we
would expect them to take more time to complete an operation after experiencing failures. However,
our results suggest the opposite: The average duration of the operations during a week after a failure
experience by the lead surgeon is actually shorter (p-value = 0.0216) than those that were conducted

within a week that did not include a failure for the lead surgeon.



Another issue for our hypothesis 1 is that the variance of past individual failures within a team may
affect our dependent variable. That is, a team in which some team members have very few or no failure
experiences whereas others have many failure experiences would have high variance of individual
failure experiences. This may then result in differences in risk-taking attitudes among team members
and may cause interpersonal conflicts during surgery. To address this concern, we repeat our analysis
by also accounting for failure dispersion. We define it as the standard deviation of all individual failures
within a team following Harrison and Klein (2007)’s characterization to capture the difference between
two individuals that differ in their position along a continuous attribute (i.e., number of past failures).
After running our analysis, we find that variance of individual failures (i.e., variance dispersion) is

insignificant, and our results do not change in terms of hypothesis support.

Moreover, anesthesiologists, perfusionists, and scrub nurses are assigned according to their shifts, and
assistant surgeons are randomly assigned by the hospital. Nonetheless, one could assume that lead
surgeons might choose collaborating with particular assistants. Hence, we repeat our analysis after
excluding assistant surgeons when calculating our variables Team Familiarity and Leader Familiarity.
Hereby we exclude any potential preferences of lead surgeons for working with specific assistant
surgeons. In addition, we calculate all the percentages of the cases that each lead surgeon collaborated
with each anesthesiologist, perfusionist, and head nurse in our sample. Our results indicate that these
percentages are not significantly different for different lead surgeons. Specifically, the highest
percentage for anesthesiologists is 47.83% (the lead surgeon collaborated with five of the ten
anesthesiologists of our sample), the highest percentage for perfusionists is 19.57% (the lead surgeon
collaborated with six of the ten perfusionists in our sample), and the highest percentage for head nurses
is 22.22% (the lead surgeon collaborated with eight of the 36 head nurses in our sample). Considering
these percentages, we don’t find any evidence for possible systematic selection of anesthesiologists,
perfusionists, or head nurses by the lead surgeons. We then repeat our analysis after excluding the
observations that included lead surgeon-anesthesiologist couples, lead surgeon-perfusionist couples,
and lead surgeon-head nurse couples with the highest percentages of collaborations and obtained the

same results for all our hypotheses.



Our setting is a private hospital with an excellent reputation in Europe, where surgeons and other
surgical team members have considerable experience and comparable skills and are asked to be able to
conduct every cardiac surgery type. Our informal interviews with hospital management confirm that
surgical teams are indeed formed based on a rotating schedule and there is no practice of certain lead
surgeons working with particular team members (e.g., a lead surgeon cannot choose to work with a
specific head nurse during surgery). Also, in our empirical models, we control for the severity of the
operation as well as the cardiac surgery type to account for any inherent complexity differences across
surgeries. Nevertheless, we conduct additional empirical analyses to further address concerns on team
selection and possible endogenous team formation which may bias our findings on the interaction effect
in hypothesis 3 (e.g., certain teams may be assembled more frequently and for more difficult cases,

which may also experience a greater number of recent failures and greater lengths of stay).

To address these concerns, we first count the number of individuals from our sample who were members
of a team in a case where the patient died. We get the following results: 39 surgeons (out of a total of
46), ten anesthesiologists (out of ten), ten perfusionists (out of ten) and 30 nurses (out of 36). Next, we
compare the team familiarity between the “severe” and non-severe (i.e., “medium” and “mild”) cases,
and find that they are not significantly different (p-value>0.10). We also compare team familiarity
between the cases where the patient died and the cases that did not, and again find that they are not
significantly different (p-value>0.10). Second, we repeat the same two comparisons for the Average
Individual Direct Experience of the team and find no significant differences (p-value>0.10 in both
comparisons). Third, we repeat our analysis after dropping the observations in which team familiarity
is higher than the 75" percentile (Table 9). Model 1 in Table 9 provides partial support for our first
hypothesis and full support for our second hypotheses, and model 2 in Table 9 provides full support for

our first hypothesis and for our third hypothesis.

Another concern could be that some surgeons may avoid cases involving higher risk and prefer

accepting only medium and mild cases, which can bias our results. Similarly, the hospital may assign



more severe cases to more experienced lead surgeons, which can also create a selection bias in our
results. First, we examine the allocation of mild, medium, and severe cases among the lead surgeons in
our sample with a chi-square test. We reject the null hypothesis and conclude that there is no indication
of unevenly spread of cases among lead surgeons (p-value>0.10 in all three cases). Second, we
investigate the allocation of patients’ deaths among lead surgeons and again the null hypothesis is
rejected, indicating that they are evenly spread among them (p-value>0.10). Third, we investigate the
allocation of double and triple cardiac surgeries among lead surgeons, and again the null hypothesis is
rejected, indicating that they are evenly spread among them (p-value>0.10). Fourth, we perform a chi-
square test in order to test the average age of all patients of every lead surgeon. Again, the null
hypothesis is rejected (p-value>0.10). Finally, we conduct limited interviews with hospital staff and
managers. They all confirm that hospital policy dictates that surgeons are allocated according to shifts

and that no surgeon is allowed to “cherry pick” patients or operations.

Furthermore, a potential bias for our dependent variable might be created by the fact that, according to
our interviews, some patients who have undergone simple procedures may choose to stay in hospital
longer than necessary to claim full reimbursement from their insurance company. Specifically, even if
they can be discharged earlier, they prefer to stay in hospital longer because their insurance will cover
their expenses only if they spend a minimum number of days in hospital. To eliminate this bias, we first
repeat our analysis after excluding all operations that fall within the category of Routine Cardiac
Surgery that includes the simplest procedures in our sample like replacement of a cardiac pacemaker or
hemostasis. Our results remain the same qualitatively. In addition, we exclude observations within the
10" percentile for our dependent variable from our full sample and conduct our analysis. We hereby
exclude patients who stayed in hospital up to seven days, who will most probably be the ones staying
longer than usual, since seven days is a common minimum length of stay required by insurance

companies according to our interviews. Again, we obtain the same results qualitatively.

Surgery duration could also affect the length of stay of a patient as longer surgeries could result in

patients spending more days in hospital to recover. To eliminate this issue, we repeat our analysis for



all our team members after controlling for surgery duration. Our results in Table 10 provide full support

for all our hypotheses with surgery duration being partially significant at 10% in all models.

Finally, there might be an unobserved reason that can cause decreased performance for a lead surgeon
in our sample, which can contribute to both failure (i.e., death of the patient) and the decreased quality
(longer length of stay) in subsequent operations. To investigate this, we employ instrumental variables
methods. We seek an instrument for our key independent variable recent failure (i.e., patient death) such
that this instrument is highly correlated with recent failure, but does not have any direct effect on our
dependent variable (i.e., length of stay). We identify such an instrument as follows: we use a dummy
variable equal to one if the lead surgeon has performed an operation characterized as severe prior to the
failure event (patient death during the past week), and call this variable “Recent Severe Dummy”. We
believe this new variable is a strong and valid instrument satisfying both the relevance and exclusion
restriction conditions. The instrument clearly affects a lead surgeon’s likelihood of experiencing patient
death during the past week (all the deaths in our sample come from the severe group), but does not
directly affect the lead surgeon’s task quality (length of stay) after the experienced failure. That is, if a
lead surgeon performs a severe operation on patient A on Monday, for instance, this should not affect
the length of stay of the operation she performs on patient B on Thursday (i.e., surgeon’s subsequent
task execution quality). In addition, in our main model we already control for the experience of the lead
surgeon. Hence, we believe that this dummy variable satisfies both the relevance and the exclusion
condition, therefore constituting a valid instrument, which allows us to eliminate any potential bias
associated with our variable Recent Individual Failure (Antonakis et al., 2010). Table 11 provides our
results for the instrumental variable approach. Our instrument is significant at 1% and positive at the
first stage (model 1), while the F-value is equal to 28.72, well above the common threshold of 10 for
weak instruments (Staiger & Stock, 1997). Recent Average Individual Failures is significant at 5% and

positive at the second stage (model 2), providing full support for our second hypothesis.



While the instrumental variables approach presented above addresses endogeneity concerns for our
main variables, there may be remaining concerns on endogenous team formation, which in turn could
bias our findings for the moderating effect of team familiarity. For this, we include an alternative
instrumental variables analysis. We identify and use a plausible instrument for team familiarity based
on the availability of other individuals that are not part of the team for each focal operation. Specifically,
for each member of every focal operation, we count the number of days other individuals of the same
role do not appear in our sample since the day that specific member joined the hospital. The higher this
number (i.e., the higher the absence of other individuals of the same role), the greater the familiarity (or

the opportunity to be familiar) of our focal member with others in the hospital.

For example, for the perfusionist of the focal operation, we count the number of days the other
perfusionists in our sample (that have appeared at least once prior to the focal operation) are not assigned
in an operation of our dataset between the time the perfusionist of the focal operation first appeared in
our dataset and the focal operation. We repeat this approach for every individual of the focal operation
and take the average for all team members. We name this variable Team Availability and suggest that

it is a suitable instrument for team familiarity.

First, we expect Team Availability to be positively correlated with Team Familiarity because when the
other individuals of the same role are not available, the focal individual has a higher chance of
collaborating with other team members, therefore satisfying the relevance condition. Second,
unavailability of the other team members in the past does not directly affect the length of stay of that
individual’s surgery, other than increasing her familiarity with the focal operation’s team members. We
therefore use Team Availability as an instrument for Team Familiarity. However, we also need a second
instrument for the interaction term of Team Familiarity and Recent Failures. For this, we adopt
Wooldridge (2002) as follows: We first run the first stage for Team Familiarity using Team Availability
as an instrument. Then we take the interaction term of the linear prediction from that model with recent
failure and use it as our second instrument for the interaction term of team familiarity and recent failure.

We can thus create and use two proper instruments to examine our third hypothesis (Wooldridge, 2002).



It is important to point out that our approach is different from the forbidden regression, in which the
interaction term is used as a regressor in the second stage and can lead to biased results (i.e., we use

fitted values as an instrument for the interaction term).

We first run the first stage (Table 12) and confirm that our instrument is indeed relevant. Both
instruments are positive and significant at 1% for both endogenous variables, with F-values well above
10 (equal to 282.94 and 72.73, respectively). Both the underidentification test (Kleibergen LM Statistic)
and the Kleibergen-Paap Wald test statistic to check weak instruments verify that our instruments satisfy
the relevance condition. Our second-stage results in Table 13 provide full support for our third
hypothesis with the interaction term Recent Average Individual Failure x Team Familiarity being

negative and significant at 1%.

6. Policy Implications

To further assess the managerial implications of our study, we use our models to devise and simulate a
lead surgeon-to-surgery assignment policy, and then compare its corresponding performance with the
current dataset. Typically, lead surgeons are assigned to operations using a rotation policy, i.e., after the
first surgeon on the list is assigned to a current operation, she is moved to the end of the list, and the
next surgeon on the list is assigned to the next operation. This process is repeated for all upcoming
operations. This is a well-known policy followed by many hospitals because it ensures a fair allocation
and exposure of all surgeons to the full range of operations, thereby enhancing their learning experience.
Moreover, it reduces the long-term dependency of the hospital unit on specific surgeons, as every
surgeon can carry out a diverse set of operations. Using this common allocation rule as the basis, we
devise a policy based on the insight gained from our theory and results. In particular, we propose Policy
Familiarity, a policy that takes into account the interaction effect of recent failure and team familiarity

to improve short-term task productivity. While more sophisticated policies can be designed, our main



goal with the present analysis is to demonstrate how managers can design simple and easy-to-implement

policies by making use of the insights generated by our study.

We run this policy using our sample starting from the beginning of the second year to the end of our
data period (i.e., we use the first year as a warm-up period to initialize the familiarity score)®. During
the time period of the policy simulation, we follow a corresponding rule, assign the lead surgeon
accordingly, and then calculate the impact of the allocation policy on the length of stay based on our
models after recalculating our variables of interest. Finally, we assume weekly shifts for the basis of

our operations.

Policy_Familiarity: We calculate the Leader Familiarity score for the surgeon who is assigned
according to the rotation policy. Note that this familiarity score depends on the number of times that
the surgeon has collaborated with other team members. The composition and allocation of other team
members are predetermined for the coming week and cannot be changed. If the surgeon experienced a
recent failure, Policy_Familiarity compares her familiarity score with the prospective team (the first
available operation) to her historic average familiarity score. If it is lower, then the surgeon is not
deemed familiar with this specific team and is not assigned to the present operation. Instead, we assign
her to the next operation, where the same process repeats. Her familiarity score with the team members
of a prospective operation is calculated and compared to her historic average. The process is repeated
until a suitably ‘familiar’ operation and corresponding team is identified. In the rare case that all possible
operations in the coming week result in less-than-average familiarity scores for the surgeon, she is not
assigned to any operations in that week. Overall, considering our insights on the role of familiarity in
alleviating the negative effects of recent failure, the objective of this policy is to assign each lead

surgeon to relatively familiar teams after having experienced a recent failure.

® We repeated our analysis in different time intervals of our dataset and the conclusions remain the

same.



We conduct a simulation experiment to evaluate the performance of our policy. We implement a
procedure that takes a sample of surgery operations, a warm-up period, and a policy name as inputs. It
then outputs another data sample which is identical to the original one for surgeries that take place
within the warm-up period, but has different lead surgeon allocations and estimated length of stay for
each operation after the warm-up period. After the warm-up period, we assume that the surgeries and
their outcomes remain identical to the original sample and that the team composition follows a rotation
policy, but that the lead surgeon is allocated depending on the indicated policy (i.e.,
Policy_Familiarity). Once we create the team allocation for each operation, the length of stay is
calculated using the model 3 in Table 5. This procedure is implemented in Python 2.7.10, using the
Pandas library for data manipulations and the NumPy library for algebraic calculations. Having derived
the estimated length of stay of each operation, we calculate the averages of Recent Individual Failure,
Leader Familiarity, Recent Individual Failure x Leader Familiarity, and Length of Stay for observations
after the warm-up period of our suggested policy. We then compare these averages with their actual
counterparts (the current rotation-based policy in the hospital) and report the corresponding percentage

changes in Table 14.

As expected, our policy performs better than the current assignment. Specifically, Policy _Familiarity
has a high impact on Leader Familiarity and Recent Individual Failure x Leader Familiarity, and
decreases Length of Stay by 28.80% (3.02 days). This simple simulation analysis illustrates that indeed
practical policies based on our findings could have a major positive effect in improving individuals’

task execution quality.

7. Conclusions

Failure is a common outcome in today’s high-pressure and highly competitive work environments.
Considering many sources of uncertainty (e.g., patient condition, clinical and no-clinical dynamics),
failure is even more prevalent in healthcare settings. While a large body of research in operations

management and healthcare focuses on the causes and antecedents of failure, our examines the



consequences and effects of failure both in the long term and in the short term. In studying implications
of failure, we concentrate on individuals’ learning both individually and as part of a team. After all,
with increasingly fragmented work and operations taking place in most organizational contexts,
knowledge workers have taken a central role in organizational learning. As such, understanding the
mechanisms through which they learn from failure is an important step towards achieving better

organizational performance.

To provide a more nuanced understanding of the effects of failure on performance, we draw on the
sensemaking perspective by considering the behavioral dynamics associated with failure. Through this
novel theoretical perspective, we develop and test three hypotheses on the effects of failure over time.
Our results indicate that failure promotes learning over time, which leads to greater task execution
quality in the long term. Interestingly however, we find that failure can have the opposite impact in the

short term, resulting in reduced performance on subsequent tasks.

We then consider relational related post-failure dynamics and its effects on performance. Our results
suggest that shared work experience among individuals can be highly effective in reducing the
detrimental effects of a recent failure. This finding provides potentially actionable prescriptions for how
to better manage operations in highly critical healthcare settings. Our simulation analysis illustrates that
significant performance improvements may be achieved through better allocation of existing healthcare

personnel after failure incidences.

Our work comes with some limitations commonly found in empirical studies. First, while we employ a
rare and highly granular surgical dataset in testing our hypotheses, this dataset comes from a single
cardiac unit. As such, one should be careful in generalizing these findings. In addition, our information
regarding the patients’ condition prior the operations is limited with relatively coarse indicators for
clinical condition (i.e., severe, medium, mild). Ideally, we would prefer to have more detailed
preoperative risk information such as Higgins score or EuroScore, or additional patient-level

information such as blood glucose levels, comorbidities, and cholesterol measures that could affect the



quality of the surgical outcome, but such information was not available in our sample. Moreover, in
examining the consequences of failure, we use a single measure for performance, task execution quality,
as proxied by patients’ length of stay in our study. Future work could consider the interplay of failure
with other types of performance measures involving productivity or quality such as in-hospital mortality
rates or number of readmissions after surgery. Our performance measure can also be affected by several
unobserved factors that are not captured by our dataset. Nonetheless, our set of control variables and
our extensive robustness checks (including two instrumental variable approaches) make us confident
that our findings are not biased by such omitted variables problems. Furthermore, future work can
examine how recent failure interacts with other team-level mechanisms such as team coordination or
other surgery-related variables such as surgery preparation time. Additionally, while our theory draws
on the sensemaking perspective with theoretical arguments based on emotions and learning, we cannot
directly observe or measure, for example, negative emotions or learning processes in this study. Future
work could examine and directly measure these after-failure dynamics in field or lab settings. Finally,
although our policy simulations provide some actionable insights for hospital managers, ideally, we
would like to see these and perhaps other competing policies to be implemented and monitored in a

field experimental study.

Despite the aforementioned limitations, our paper addresses a highly interesting and important research
guestion with a unique dataset and compelling theoretical arguments. Our study not only draws on the
sensemaking perspective, but also contributes to the growing body of work in sensemaking by
connecting the sensemaking process with emotions triggered by patient deaths and by introducing team
familiarity as a key team-level dynamic during the sensemaking process in healthcare settings. Indeed,
in their review article on sensemaking, Maitlis and Christianson (2014) make a strong case for the role
of emotions during sensemaking and call for further research on emotions especially at team and
organizational levels. In addition, as sensemaking is a social act that is grounded both at the individual
level and at interactions with others (Weick, 1995; Maitlis 2005), Reuben (2007) calls for further
investigations on the psychological processes and interrelations among team members that enable

sensemaking. Our paper partly responds to these calls by highlighting after-failure emotional dynamics



and team familiarity in a complex sensemaking process. Our findings also provide useful insights to
both researchers and practitioners, and highlight the need for organizations to make sense of and deal

with failures within fluid and uncertain settings such as surgical operations.

Our results in this paper are both statistically significant and economically noteworthy. For example,
based on our sample of 4,306 operations (i.e., 70.59 operations per month) and hospital with current
failure rates, it appears that through learning as a result of past failures, the total length of stay may be
reduced by 70.59*2.38 = 168 days per month, which translates into around 168/10.48 = 16 additional
new admissions on average every month. Additionally, our findings suggest that experiencing a recent
failure (during the past week of the performed operation) can increase length of stay by 70.59*2.58 =
182 days per month, which is translated into around 182/10.48 = 17 additional patient admissions on

average every month.

Also, it seems better to assign individuals that have experienced a recent failure to work in teams with
which they have greater prior shared worked experience (a high level of familiarity). In this way, any
possible negative effects of a recent failure stemmed from behavioral dynamics (e.g., negative
emotions) could be mitigated. In addition, our suggested policy to allocate individuals who experienced
a failure with other members familiar to them is beneficial for the individuals, as they have a smoother

post-failure experience, since they interact more with members that are familiar to them.

Finally, using real data, our simulation suggests that by considering the role of familiarity in making
assignment decisions, average length of stay may be reduced by three days for each patient over a four-
year time period. This can help hospitals to accommodate more patients with the same resources and

can improve both clinical and cost performance (KC & Terwiesch, 2009).

Our study is a first attempt to examine the effects of failure over time. In addressing this question, we

provide insights into learning from failures and offer suggestions into better failure management. Our



work highlights that by embracing failure and understanding its implications, managers could make

better use of team allocation strategies to improve their workers’ short-term and long-term performance.
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Table 1. Team Size for Different Operations
Operation Type Mean  Std. Dev. Min Max
Valve Operation 5.547 0.864 3 8
CABG 4.963 0.697 3 8
Congenital Surgery ~ 5.875 0.64 5 7
Heart Failure 5.245 1.011 3 7
Tumor Removal 5714 0.726 4 7
Routine Surgery 4.356 1.005 2 6
Other Normal Surgey  5.044 0.999 3 7
Double Surgery 5.677 0.825 3 8
Triple Surgery 5.966 0.908 5 8
Table 2. Summary Statistics in Raw Form
Variable Mean  Std. Dev. Min Max
1. Length of Stay 10478  11.469 0 194
2. Average Individual Failure 11.779  12.753 0 20.451
3. Recent Average Individual Failure 0.101 0.216 0 1.500
4. Team Familiarity 296.297 423.503 0 828.811
5. Team Size 5.200 0.849 2 8
6. Average Individual Direct Experience 198.132 289.669 0 1019.424
7. Severe 0.163 0.137 0 1
8. Medium 0.606 0.239 0 1
9. Male 0.726 0.445 0 1
10. Age 65.265 11.311 10 96




Table 3. Descriptive Statistics for all Team Members

Variable Mean Std. Dev. Min Max 1 2 3 4 5 6 7 8 9 10 11
1. Length of Stay 2.16 0.5 0 5.268 1

2. Average Individual Failure 1.81 0.556 0 3.018 -0.084** 1

3. Recent Average Individual Failure 0.101 0.216 0 15 -0.020 0.196** 1

4. Team Familiarity 4.858 1.117 0 6.72  0.013 0.545** -0.021 1

5. Team Size 1.635 0.171 0.693 2.079 0.030+ -0.087** 0.026+ 0.029+ 1

6. Average Individual Direct Experience 4.923 1.445 0 6.927 -0.231** 0.385** 0.215** 0.488** 0.031* 1

7. Severe 0.163 0.137 0 1 0.383** -0.266** -0.487** -0.044** 0.038* -0.370** 1

8. Medium 0.606 0.239 0 1 0.047** 0.076** 0.221** 0.053** 0.034* 0.153** -0.462** 1

9. Male 0.726 0.445 0 1 0.007 0.040** 0.013 0.031* -0.005 -0.017 -0.002 0.027+ 1

10. Age 65.265 11.311 10 96 0.025 -0.009 -0.023 -0.003 0.002 -0.021 0.034* -0.015 -0.074** 1

11. Recent Average Individual Failure x Team Familiarity 6.801 1.878 0 10.080 -0.045** 0.550** 0.537** 0.722** 0.032* 0.628** -0.300** 0.166** 0.033* -0.016 1

+, * and ** denote significance at 10%, 5% and 1% levels respectively

Logged values of all variables except Recent Average Individual Failure, Severe, Mild, Male and Age



Table 4. Regression on Length of Stay using all members

Variable Los
Model: (1) (2) (3)
Average Individual Failure -0.1788** -0.2007**
(0.0634) (0.0660)
Recent Average Individual Failure 0.3661* 0.3064+
(0.1665) (0.1660)
Recent Average Individual Failure x Team Familiarity -0.0211**
(0.0052)
Team Size 0.1871** 0.1763** 0.1407*
(0.0482) (0.0557) (0.0598)
Team Familiarity -0.0808** -0.0580** -0.0535**
(0.0173) (0.0175) (0.0180)
Individual Average Direct Experience -0.0452** -0.0454** -0.0453**
(0.0112) (0.0114) (0.0115)
Medium 0.1144** 0.1127** 0.1143**
(0.0102) (0.0102) (0.0101)
Severe 0.3130** 0.3934** 0.4232**
(0.0377) (0.0373) (0.0387)
Age -0.0001 -0.0000 0.0000
(0.0004) (0.0004) (0.0004)
Male -0.0050 -0.0080 -0.0101
(0.0120) (0.0117) (0.0117)
Constant 4.1366** 4.7785** 4.9327**
(0.1783) (0.2811) (0.3021)
Observations (N) 4,272 4,272 4,272
Adjusted R? 0.1645 0.1789 0.1823
Month Fixed Effect Yes Yes Yes
Lead Surgeon Fixed Effect Yes Yes Yes
Procedure Fixed Effect Yes Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 5. Regression on Length of Stay using only the lead surgeons

Variable Los
Model: (1) 2 (3)
Individual Failure -0.1554** -0.1549**
(0.0514) (0.0513)
Recent Individual Failure 0.3553* 0.4004*
(0.1584) (0.1556)
Recent Individual Failure x Leader Familiarity -0.0084**
(0.0018)
Team Size 0.2446** 0.1634** 0.1591**
(0.0586) (0.0536) (0.0536)
Leader Familiarity -0.0292* -0.0273* -0.0298*
(0.0126) (0.0116) (0.0116)
Individual Average Direct Experience -0.0431** -0.0426** -0.0425**
(0.0103) (0.0104) (0.0104)
Medium 0.1076** 0.1102** 0.1108**
(0.0100) (0.0092) (0.0092)
Severe 0.4816** 0.4456** 0.4432**
(0.0340) (0.0326) (0.0326)
Age -0.0112 -0.0147 -0.0148
(0.0116) (0.0108) (0.0108)
Male -0.0000 0.0001 0.0001
(0.0004) (0.0004) (0.0004)
Constant 3.6797** 3.0865** 3.0156**
(0.2386) (0.2619) (0.2592)
Observations (N) 4,272 4,272 4,272
Adjusted R? 0.1810 0.1969 0.1997
Month Fixed Effect Yes Yes Yes
Lead Surgeon Fixed Effect Yes Yes Yes
Procedure Fixed Effect Yes Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 6. Regression on Length of Stay after removing the first 9 months

Variable Los
Model (1) @)
Average Individual Failure -0.1409* -0.1620*
(0.0650) (0.0687)
Recent Average Individual Failure 0.2305** 0.2811*
(0.0683) (0.1111)
Recent Average Individual Failure x Team Familiarity -0.0164**
(0.0057)
Team Size 0.1686** 0.1696*
(0.0581) (0.0625)
Team Familiarity -0.0598** -0.0563**
(0.0184) (0.0188)
Individual Average Direct Experience -0.0451** -0.0450**
(0.0123) (0.0123)
Medium 0.1169** 0.1180**
(0.0107) (0.0106)
Severe 0.3926** 0.4158**
(0.0397) (0.0411)
Age -0.0000  -0.0000
(0.0004) (0.0004)
Male -0.0018 -0.0103
(0.0130) (0.0124)
Constant 4.1541** 4.0569**
(0.2668) (0.2726)
Observations (N) 3,696 3,696
Adjusted R? 0.1806  0.1825
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 7. Regression on Length of Stay after removing the first 12 months

Variable Los
Model (1) @)
Average Individual Failure -0.3163** -0.2007**
(0.0594) (0.0660)
Recent Average Individual Failure 0.3661* 0.2227*
(0.1665) (0.1089)
Recent Average Individual Failure x Team Familiarity -0.0272**
(0.0052)
Team Size 0.1629* 0.1382*
(0.0634) (0.0648)
Team Familiarity -0.0253  -0.0109
(0.0194) (0.0193)
Individual Average Direct Experience -0.0470** -0.0470**
(0.0122) (0.0122)
Medium 0.1064** 0.1073**
(0.0113) (0.0112)
Severe 0.3527** 0.3923**
(0.0388) (0.0404)
Age 0.0002  0.0002
(0.0004) (0.0004)
Male -0.0018 -0.0051
(0.0130) (0.0130)
Constant 5.2471** 5.0976**
(0.2420) (0.2471)
Observations (N) 3,432 3,432
Adjusted R? 0.1987  0.2049
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 8. Regression on Length of Stay for 11 Lead Surgeons

Variable Los
Model: (1) )
Individual Failure 0.0997** -0.0964**
(0.0231) (0.0230)
Recent Individual Failure 0.3051* 0.3963**
(0.1305) (0.1324)
Recent Individual Failure x Leader Familiarity -0.0070**
(0.0025)
Team Size 0.1965** 0.1982**
(0.0428) (0.0426)
Leader Familiarity -0.0294+ -0.0326*
(0.0158) (0.0138)
Individual Average Direct Experience -0.0343* -0.0349*
(0.0168) (0.0168)
Medium 0.1024** 0.1128**
(0.0124) (0.0124)
Severe 0.4352** 0.4370**
(0.0265) (0.0266)
Age -0.0002 -0.0001
(0.0005) (0.0005)
Male -0.0001 -0.0015
(0.0115) (0.0115)
Constant 4.0720** 3.9853**
(0.1560) (0.1567)
Observations (N) 3,220 3,220
Adjusted R? 0.1569 0.1592
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 9. Regression on Length of Stay after dropping the

75™ percentile for Team Familiarity

Variable Los
Model (1) (2)
Average Individual Failure -0.1343+ -0.1578*
(0.0701) (0.0733)
Recent Average Individual Failure 0.3058* 0.2836+
(0.1303) (0.1442)
Recent Average Individual Failure x Team Familiarity -0.0244**
(0.0067)
Team Size 0.1677** 0.1345*
(0.0582) (0.0625)
Team Familiarity -0.0462* -0.0434*
(0.0194) (0.0197)
Individual Average Direct Experience -0.0418** -0.0411**
(0.0127) (0.0128)
Medium 0.1160** 0.1175**
(0.0120) (0.0119)
Severe 0.4159** 0.4439**
(0.0422) (0.0438)
Age 0.0002 0.0003
(0.0005) (0.0004)
Male -0.0036  -0.0045
(0.0137) (0.0137)
Constant 4.0295** 3.8851**
(0.2741) (0.2828)
Observations (N) 3,204 3,204
Adjusted R? 0.1603  0.1640
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively




Table 10. Regression on Length of Stay using all members after controlling for surgery

duration
Variable Los
Model: (1) )
Average Individual Failure -0.1887** -0.2110**
(0.0619) (0.0645)
Recent Average Individual Failure 0.3687* 0.3010+
(0.1663) (0.1643)
Recent Average Individual Failure x Team Familiarity -0.0202**
(0.0050)
Team Size 0.1758** 0.1400*
(0.0556) (0.0596)
Team Familiarity -0.0576** -0.0523**
(0.0175) (0.0179)
Individual Average Direct Experience -0.0424** -0.0422**
(0.0116) (0.0114)
Medium 0.1124** 0.1139**
(0.0102) (0.0101)
Severe 0.3924** 0.4222**
(0.0374) (0.0388)
Age -0.0000 0.0000
(0.0004) (0.0003)
Male -0.0079 -0.0100
(0.0117) (0.0117)
Duration 0.0002+ 0.0002+
(0.0001) (0.0001)
Constant 4.1746** 4.0409**
(0.2651) (0.2720)
Observations (N) 4272 4,272
Adjusted R 0.1884 0.1919
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 11. Regression on Length of Stay with the IV approach for Lead Surgeons

Variable Recent Individual Failure  Los
Model: (1) (2)
Individual Failure 0.0197 -0.1646**
(0.0233) (0.0363)
Recent Individual Failure 0.7272**
(0.2867)
Recent Severe Dummy 0.0574**
(0.0107)
Team Size 0.1453** 0.1343**
(0.0132) (0.0464)
Leader Familiarity -0.0065 -0.0293**
(0.0072) (0.0111)
Individual Average Direct Experience -0.0123** -0.0422**
(0.0046) (0.0078)
Medium -0.0046 0.1116**
(0.0075) (0.0115)
Severe 0.0615** 0.4298**
(0.0151) (0.0294)
Age -0.0002 0.0001
(0.0003) (0.0004)
Male 0.0089 -0.0141
(0.0068) (0.0107)
Constant 1.4894** 2.8471**
(0.0727) (0.4409)
Observations (N) 4,272 4,272
Adjusted R? 0.1068 0.1915
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 12. First Stage of the 1V approach for Team Familiarity

Variable Team Familiarity Recent Average Individual Failure x Team Familiarity
Model (1) 2)
Team Availability 0.4533** 0.5769**
(0.0253) (0.0857)
Team Familiarity Prediction x Recent Average Individual Failure 0.4533** 1.1480**
(0.0253) (0.0954)
Average Individual Failure 0.0824+ -0.3251+
(0.0486) (0.1834)
Recent Average Individual Failure 0.2991+ 3.9399**
(0.1567) (0.4361)
Team Size 0.4861** -2.1117**
(0.0263) (0.0992)
Individual Average Direct Experience -0.0070 0.0954**
(0.0086) (0.0326)
Medium -0.0069 0.0766
(0.0141) (0.0533)
Severe 0.0507+ 1.249**
(0.0295) (0.1114)
Age -0.0002 0.0004
(0.005) (0.0019)
Male 0.0056 -0.1525**
(0.01289) (0.0486)
Constant 1.51094** 2.5715**
(0.2468) (0.9304)
Observations (N) 4,272 4,272
Adjusted R? 0.8880 0.6548
Month Fixed Effect Yes Yes
Lead Surgeon Fixed Effect Yes Yes
Procedure Fixed Effect Yes Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively



Table 13. Regression on Length of Stay with the IV approach for Team Familiarity

Variable Los
Model (1)
Average Individual Failure -0.3346**
(0.0526)
Recent Average Individual Failure 0.6643*
(0.3000)
Recent Average Individual Failure x Team Familiarity — -0.1449**
(0.311)
Team Size 0.1508+
(0.0865)
Team Familiarity -0.0523
(0.0595)
Individual Average Direct Experience -0.0447**
(0.0091)
Medium 0.1231**
(0.0143)
Severe 0.6006**
(0.0498)
Age 0.0000
(0.0005)
Male -0.0217
(0.0135)
Constant 3.3071**
(0.2161)
Observations (N) 4,272
Adjusted R? 0.1594
Month Fixed Effect Yes
Lead Surgeon Fixed Effect Yes
Procedure Fixed Effect Yes

+, * and ** denote significance at 10%, 5% and 1% levels respectively

Table 14. Policy Simulations

Policy Familiarity

Percentage of Change in Recent Individual Failure -90.68%
Percentage of Change in Leader Familiarity 199.78%
Percentage of Change in Recent Individual Failure x Leader Familiarity -75.86%

Percentage of Change in Length of Stay -28.80%




