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ABSTRACT

Theories of learning and memory often rely on individual measures of performance for tasks
in a given domain. However, when expanding these works to individuals in a team, many
di culties arise. The very nature of team tasks assume that individuals collaborate for a
common goal. Thereby, it is complicated to try to di erentiate between contributions of one
team member and another. This work presents a framework for understanding individual
performance in a team setting by building a three part \snapshot" performance metric of
\how well a particular team member performed in a particular match". Using Role Perfor-
mance, Goal Performance and Individual-in-Team Performance, it becomes possible to nd
the \I" in \Team" by determining whether an individual played well even though her team
lost. Our paradigms are the widely popular competitive team game League of Legends and
NBA Basketball. Our League of Legends dataset consists of 1.9 million records from 539
thousand matches, while the NBA Basketball dataset consists of over 500 thousand records
from 21 NBA seasons. In this report, we use these data to develop and test the GRIG dal,
Role, andlndividual-in-T eam) behavior-based Framework for developing performance met-
rics in these tasks that include components of both individual (speci c to the position being

played) and team (general to all members of a team).

XiX



Chapter 1
INTRODUCTION AND GOALS

Theories of learning and memory often rely on individual measures of performance for tasks
in a given domain. However, when expanding these works to individuals in a team, many
di culties arise. A team, as de ned by Kozlowski and ligen (2012), consists of the following

qualities

(a) Two or more individuals who; (b) socially interact (face-to-face or, increas-
ingly, virtually); (c) possess one or more common goals; (d) are brought together
to perform organizationally relevant tasks; (e) exhibit interdependencies with
respect to work ow, goals, and outcomes; (f) have di erent roles and responsibil-
ities; and (g) are together embedded in an encompassing organizational system,
with boundaries and linkages to the broader system context and task environment

Thus, the very nature of team tasks assumes that individuals collaborate for a common
goal (or goals). Thereby, it is complicated to try to di erentiate between contributions of
one team member and another without knowledge of the structure of the task and how
individual contributions combine. My goal in this work is to develop a theory of individual
performance within the context of a team that addresses this complication of task structure
by using behavioral data to assess individual-in-team performance, goal performance, and
role performance.

The literature on individual performance primarily focuses on an individual performing
a single task in isolation. This is highly re ected in the typical tasks (e.g. chess, music,
and games) used for individual performance literature. Studies using these tasks look at
individual performance in isolation, despite the fact that none of these tasks occur in isolation
in the real world: in chess you have opponents, in music you have accompaniments and play
in orchestras, and with video games you often have friends that you discuss the game with.

When we study individuals, we really are, to an extent, studying teams. Thus, we can

1



only truly understand individual performance (even in typically \individual tasks") when
we acknowledge the context and structure of the team.

The following is the outline for this dissertation thesis.

Chapter 1 describes and outlines the motivations for the work.

Chapter 2 establishes the overall background for research on teams and performance

as it pertains to the goals of this research.

Chapter 3 provides the results of the initial study serving as a framework for this work
and outlines the two new studies, as well as providing relevant background information

on the tasks domains for each study.

Chapter 4 presents the results of the two studies and provides a basic discussion about

each study separately.

Chapter 5 discusses the results of both studies together and presents the conclusions

of this work.

1.1 Motivating Goals and Guiding Questions

The motivating goal for this work is to gain a deeper understanding of ill-de ned ex-
pertise, particularly as it relates to individual performance in the context of a team. As
the name implies, \ill-de ned expertise” is a type of expertise that has di cult to de ne
performance standards. Further, Kozlowski and Salas (2009) describe ill-de ned expertise
as expertise in a domain where \no clear "gold standard' exists". A useful example of the
distinction between an \ill-de ned expertise” and a \well-de ned expertise"” is the distinc-
tion between diagnostic expertise and treatment outcome expertise in Clinical Psychology
(Goldberg et al., 2016; Schulte-Mecklenbeck, Spaanjaars, & Witteman, 2017). It is possible
to be an expert diagnostician but lousy at treatment, or to be skilled at treatment but poor

at diagnoses (Shanteau & Weiss, 2014; Weiss & Shanteau, 2003, 2014). It is easier, however,



to measure excellence or fault in treatment rather than in diagnosis. Shanteau gives the
example in medicine of the Family Practitioner who advises a distressed late night caller to
\take two aspirins and call me in the morning." In such a case, the treatment may succeed
in the complete absence of any attempted diagnosis. In these examples, treatment outcome
expertise is a \well-de ned expertise" as it is easy to determine whether or not the Family
Practitioner has succeeded or not. Meanwhile, diagnostic expertise is di cult to assess as no
diagnosis was necessarily made. The di culty in assessing and de ning diagnostic expertise
may be a matter of di erentiating di erent components of the expertise. One could imag-
ine assessing how well the individual's diagnoses match an \expert" or consensus opinion
as well as how frequently the diagnoses leads to appropriate treatment. These components
together would help to provide a better, though not perfect, idea of individual expertise in
that domain.

In the same manner that there are multiple components to diagnostic expertise (Crow-
ley, Naus, Stewart, & Friedman, 2003), the expertise of the individual in a team features
distinct components of expertise that must each be analyzed. Within the team, the indi-
vidual must have expertise in his/her role (i.e. \Role performance") and as a team member
in general (i.e. \Goal performance"). Further, the performance of the individual on that
particular team (i.e. \Individual-in-Team performance”) may play a role in determining
the individual's expertise as well. While it seems apparent that a connection between these
layers exists, it was my goal to establish and understand the link between these aspects
of the ill-de ned expertise: individual performance as it relates to team-level performance.
As di erent tasks have di erent demands and structures, the manner in which the di erent
aspects of individual performance relate would be contingent on the task domain. Thus,
attempting to understand how the three aspects of individual performance relate requires an
understanding of the dynamics (or more speci cally the \roles" in the team) of teams in mul-
tiple domains to gain a more robust understanding of the nature of individual performance

in the context of a team.



In order to model and assess Goal, Role, and Individual-in-Team performances, | re-
quired data that consist of not only individuals ful lling the same position in multiple in-
stances (Role Performance), but also individuals on the same team in multiple instances
(Goal Performance) as well as the interaction between these two requirements (Individual-
in-Team Performance). Through the following investigation the goals of understanding and
modeling the ill-de ned expertise of individuals in teams was met through the examination of
data from League of Legends (LoL) and the National Basketball Association (NBA). League
of Legends is a widely popular competitive team-based video game whereas basketball is a
widely popular real-world professional sport. Both datasets o er longitudinal collections of
end-of-game summary statistics for 100's (and in some cases 1,000's) of games for an individ-
ual lling a su ciently consistent position in the context of a single team. The next chapter
outlines the existing literature on teams and individual expertise in general and provides the

basis for the necessity to bridge these two elds of research.



Chapter 2
BACKGROUND: THE EXPERTISE OF INDIVIDUALS IN

TEAMS

This investigation of individual performance in the context of a team is derived from lit-
erature in both domains: individual performance and team studies. Within the individual
performance literature, of particular interest for this investigation is the role of ill-de ned
expertise. Therefore, this chapter provides background on individual performance and ill-
de ned expertise and discuss how team performance is a form of ill-de ned expertise. How-
ever, much of the existing literature that attempted to bridge the gap between individual
performance and team-level performance uses a top-down approach or relied heavily on self-
report measures. As little research has been done using a bottom-up behavioral approach,
the present research worked to Il that de cit by designing a methodology that focuses on
building up from behavioral measures of individual performance to connect to team-level con-
structs rather than rely on self-report measures. In additional to these topics, this chapter
also presents the basis for my proposed framework of individual performance in the con-
text of a team that includes G oal performance R ole performance, and ndividual-in-T eam

performance (the \GRIT Framework").

2.1 Individual Expertise and Ill-de ned Expertise

In general, the eld of \expertise studies" tends to focus on individual expertises which
are easy to evaluate while avoiding ill-de ned expertises (e.g., Weiss & Shanteau, 2003) in
ill-de ned domains (e.g., Schunn, Mcgregor, & Saner, 2005). This avoidance of ill-de ned
expertises and domains becomes a problem when there are multiple types of expertise for
a single domain. Returning to the diagnostic vs. treatment outcome expertise example, it

is much easier to measure excellence or fault in treatment rather than in diagnosis. Clearly



there are circumstances where treatment itself is more di cult than diagnosis, as is the case
with many cancers. However, treatment results in easily de nedutcome measures that can
assess \did it work?" or even \how well did it work?" that can be veri ed by the patient's
symptoms. Meanwhile, diagnosis can typically only be veri ed by treatment or procedures
that are prone to error. There are many other equally valid ways to assess diagnostic ex-
pertise, but none is alone su cient as ill-de ned expertises do not have a \gold standard".
Kozlowski and Salas (2009) discusses the issue of ill-de ned tasks and the lack of gold stan-
dard by framing expertise such that \expertise comprises an individual's ability to perform
repeatedly and reliably at high levels on a speci c set of tasks within the boundaries of a
domain”. Kozlowski and Salas go on to argue that ill-de ned expertise can be measured by
assessing multiple skills or components of performance required for the domain and evalu-
ating the consistency of those skills or components. The development of the framework in
the present research (the \GRIT Framework") is largely based on this claim that ill-de ned
expertise can be measured by the consistency of an individual on a composition of domain-
relevant skills. However, rather than rely on externally-tested isolated skills as is implied by
the research Kozlowski and Salas (2009) reference, the present research relies on behavioral
measures to assess domain-relevant skills.

Through much of individual performance literature, theories are developed based on
tasks that do have obvious performance metrics (e.g. score) and thereby t the de nition
of well-de ned expertise as they generally have clear gold-standard benchmarks by which to
measure performance (or such benchmarks are easily de ned). However, tasks that do not
lend themselves easily to a quanti able score (e.g. tasks that are competitions between two
opponents) rely on ranking systems such as Elo to evaluate performance over time (Huang,
Yan, Cheung, Nagappan, & Zimmermann, 2017, 2; Huang, Zimmermann, Nagappan, Harri-
son, & Phillips, 2013; Van Der Maas & Wagenmakers, 2005; Gong et al., 2015, e.g.). The Elo
rating system was developed by Arpad Elo for chess as means to both predict match winners

and losers, but also as a mechanism by which to rank chess players (Elo, 1978). While Elo is



a very e ective system for evaluating a player's skill relative to other players, it is not alear
gold-standard as it does little to explain how well a player played in a given match-up. This

is because Elo is merely a measure of the probability a win or loss will occur against a given
opponent based on both players' past match outcomes. The measure completely ignores the
behaviors of the individual over the course of a match. Despite this, throughout video game
literature and the video game industry, Elo is treated as the gold-standard (Latham, Patston,

& Tippett, 2013; Imbeault, Bouchard, & Bouzouane, 2011; Weber, Mateas, & Jhala, 2011).
Often game developers will work to create their own iteration of Elo or extend Elo to team
games, but the concept is relatively the same. A player/team wins a game, their ranking
improves, and if they lose, their ranking decreases. Very rarely are in-game performance
details used in conjunction with the player's game outcome to e ect their Elo. Thereby, a
player can have their best performance ever and the team's loss would be treated the same
for both the team and player as if the player had played horribly throughout the game.
While there are many pitfalls to Elo, score too su ers from the lack of delity as to the
process of completing the task (i.e. the behavior that gives rise to the nal outcome). A true
gold-standard for measuring performance for an individual, whether it be in an \individual"
task or a \team" task, must account for the behavior that led to the performance outcome

rather than merely measuring outcomes as Elo (and its subsidiaries) does.

2.2 Team Performance as lll-de ned Expertise

Team studies provide another important area where expertise is not well-de ned. What
is the best way to di erentiate between the expertise of a single individual and others when
the task only has team level objectives? What does a ranking of teams tell us about the
contribution of individual team members? In Chess, we know that the win or the loss is
attributable to one person. Basketball is more confusing as here we have an entire team, and
the contribution of each member to any given win or loss may not be clear. In many team

sports, the impact of one or a few team members may be highlighted, as is the case with the



player who scores the most points in Basketball, the Forwards in Soccer, or the Quarterback
and Receivers in American Football. However, these people could not win if they were on
the court or eld alone, against a full opposing team. If the other players are not scoring
the points, how do we judge how well they are doing? How can we assess their individual
expertise?

Due to the nearly in nite number of possible domains, the eld of team performance,
and by extension team expertise, su ers from the same di culties in \expertise attribution”
that arise in studies of individual expertise as de ning the performance of a team is not
a simple task (Sangster, 2017). While Chapter 3 provides a more thorough analysis of
this previous research, it is worth noting now that my original study focused on measuring
individual performance in the context of a virtual team and determined that to do so from
behavioral variables required role or position-speci ¢ measures of performance. While some
team tasks have obvious team performance metrics, as is the case with most sports or direct
team competitions, but not all team tasks are direct competitions with other teams and in
these cases, the task often must have a measure constructed (Salas, Reyes, & Woods, 2017).
However, once a measure, or measures, has been de ned the individual element of “ill-de ned
expertise' becomes important.

Depending on the type of team, measuring and de ning the individual element of
team performance can be tricky. The di culty is that while the type of team (the team
structure) is related to the task domain it is not a one-to-one relationship. Put simply, while
the task demands do not inherentlydetermine the structure of the team, the task demands
canin uence the team structure (Stewart & Barrick, 2000). Further, through investigating
the nature of relationship between task type, team structure, and team performance, the
researchers found a moderating e ect of task type on the relation between team structure
(i.e. interdependence of the team) and team performance. Team structure involves the
organization of a team and, among other things, the separation of responsibilities among

team members. This concept captures the idea of “role speci city' which captures how similar



the di erent responsibilities of the team members are. Hollenbeck et al. (2002) discuss team
structure as the link between two types of t. external-t and internal-t. External-t
involves the t of the team structure to the environment while internal-t assesses t of
the individuals on the team to the team structure. The authors found these two measures
of t are both highly related to team-level performance and thus must be important to
the concept of individual performance in the context of a team. These two aspects of
performance, internal-t and external-t, map to the two new components of the GRIT
Framework (Individual-in-Team performance and Goal performance, respectively).

Overall, team performance itself can be ill-de ned when no clear gold-standard exists
to measure the success of a team. Moreover, individual performance in the context of a team
is inherently ill-de ned due to the fact that the structure of the team and the task demands
play such an important, but not well-de ned, obfuscating role in determining the nature of
expectationsat the individual level. This is in contrast to the nature of team performance
at the team-level which is typically well de ned based on the goals or objectives of the task;
this is especially true of competitive team tasks which are the particular focus of this work.
Therefore, a full model of individual performance in the context of a team needs to account
for team structure when assessing the individual. In doing so, both the internal- t, how well
the individual matches the structure, and the external- t, how well the team structure ts

the task, needed to be addressed.

2.3 GRIT: A Three-Part Framework of Individual Performance

in Teams

The present framework was motivated, in-part, by work from Bell, Kozlowski, and
Blawath (2012) who claimed that team learning is a multi-level theory. Speci cally, they
argued that team learning should be viewed from a perspective that assesses the individual
and the team simultaneously rather than separately. Though the goal of my work was to focus

on the individual, it seemed necessary to look at the individual and the team simultaneously
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but separately so as to capture all elements of performance. This is to say that while |
re-frame everything as individual-focused, certain concepts involve the team and are framed
from the individual perspective of the team concept. That said, the present three part model
of individual in the context of a team, entitled the \Goal, Role, andIndividual-in-T eam"
(GRIT) Framework, contains: \Role performance”, \Goal performance”, and \Individual-
in-Team performance”.

Hirschfeld, Jordan, Feild, Giles, and Armenakis (2006) discussed this idea of assessing

individual performance with multi-level theory and state,

To test whether an individual-level intellectual resource (in whatever form) pre-
dicts team-level performance, researchers must designate the individual resource
of relevance, measure it, and then aggregate scores of team members to the team
level. After the aggregate variable is formed, researchers then test its relationship

to variables representing team performance.

Following this work ow | have conceptualized my framework from an individual-level wherein

individually-measured behavioral variables are aggregated to component scores which, in
turn, allowed us to measure the individual resources; Goal performance, Role performance,
and Individual-in-Team performance. These individual resources are each aggregated sep-
arately to the team-level so the relationship between each of the three aggregate variables

and team performance can be evaluated.

2.3.1 Role Performance

The idea for role performance came from my prior work in investigating individual
performance in teams (Sangster, 2017) which is discussed at length in Chapter 3 (and re-
produced in Chapter 4). This work demonstrated high predictability from individual-level
performance to team-level performance when performance was assessed based on position-
speci c factors. Role performance is an assessment of the probability an individual player's

behavior in a given role will result in team level success. | termed this type of performance
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\Role performance" as it is involved with how well the individual performed the role re-
gardless of whether they directly contributed to tangible task objectivés This is to say
it addresses the question of \how well did the individual perform their role while on that

particular team?" and assesses the quality of the individual in his or her role.

2.3.2 Goal Performance

Goal performance maps well to the Hollenbeck et al. (2002) de nition of external-
t which represents how well the team structure ts the environment. Hollenbeck et al.
manipulated external t by separating teams into predetermined team structures and having
each team complete a task with di ering task structures. The task structures diered in
terms of behavior of units in the environment: predictable vs. unpredictable. Rather than
manipulate external- t this Goal Performance component of the framework is designed to
develop a metric to measure external-t. However, external-t was de ned in terms of
the team and the GRIT Framework was designed to focus on the individual aspects of
performance. In essence, this measure of t (external-t) is focused on the layers of team
structure that are not related directly to the individual, thus at the team-level external-
t captures how well the roles of the team can accomplish the goals of the team. As we
focused on the individual level, in terms of individual performance, \Goal performance”
(the individual-focused version of external- t) captures how well the goals of the team can
be reached with the given team structure regardless of which role was individually lled.
This is to say, \Goal Performance" represents a role-agnostic view of performance where
performance is categorized merely by how well the individual's behavior re ects the team's
goals. | termed this type of performance \Goal performance" because it is focused on how
well the goals are achieved regardless of what role is lled. Goal Performance is akin to

previous ideas of individual performance in teams where all individuals on the team would

1This “tangible task objectives' idea refers back to the discussion of measuring the performance of a player
who does not score points; points in this case would be a tangible task objective. Another example of a
tangible task objective, for the domain of League of Legends, would be destroying towers or killing other
players' characters.
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be measured the same regardless of their role. This would help to determine cases where a
player may not be playing their role correctly (low Role Performance), but is still helping
the team accomplish the task objective. This addresses the question of \how well did the
individual perform regardless of their role on the team?" or, \how much did you individually
move the team towards the team's goal?". In turn, this assesses the quality of the individual's
contribution to the team in general.

To di erentiate between Goal and Role performance: in a task where there are distinct
roles and high role-speci city (i.e. dierent expectations for each team member), an indi-
vidual's Role performance should be as unique from Goal performance as the expectations
for a particular role are from the other roles. This is because the measurement of Role
performance is determined by the speci city of the roles and Goal performance is measured
the same regardless of the individual's role. Conversely, in a task where roles are heavily
overlapping and there is low role-speci city (i.e. similar or identical expectations for each
team member), an individual's Role performance should converge with Goal performance
as the expectations for an individual are determined by the goals of the task rather than a

unique role.

2.3.3 Individual-in-Team Performance

The last aspect of individual performance in the model is \Individual-in-Team per-
formance" which captures the individual-and-team component from the work of Bell et al.
(2012). Namely, Bell et al. refer to a hybrid component of individual performance where
individual and team performance are looked at simultaneously. Additionally, this component
maps well onto the Hollenbeck et al. (2002) de nition of internal- t which is how well the
individuals on the team t the team structure. This aspect of performance is a hybrid of
the previous two as it captures how well the individual's performance in their role e ected
the team's goals. Speci cally, this component answers the question, \how much did the in-

dividual's performance in their role move the team towards the team's goal?" and accounts
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for the overall team's performance. In terms of internal- t, individual-in-team performance
captures how well each player lls a role on the team.

While Role performance captures how well an individual performs their role regardless
of the team that they are on, Individual-in-Team captures how well an individual performs
their role on a specic team. Individual-in-Team performance captures the team-to-team
variability in how a particular role is used on the team. An example of this is how some
teams in the NFL use more mobile Quarterbacks (QBs) and take advantage of rushing yards

from their QB, while others use a more traditional approach focusing on passing yards.

2.3.4 Framework Constraints

To establish the plausibility and usefulness of the GRIT behavior-based framework
for developing measures of individual performance in teams and determine how well the
framework generalizes between di erent domains, there are four conditions that must be

met:

1. Prediction: Individual-level models developed using the GRIT Framework must predict

team outcome with predictive accuracy much greater than chance.

2. Generalizability: The GRIT Framework must be extensible to multiple domains using

similar constructions.

3. Uniqueness: The model constructions of each component must be distinct and capture

unique sources of variance.

4. Aggregation: Team level aggregations of individual performance estimates must have
substantially greater predictive accuracy than any individual-level prediction of team

performance.

These conditions are necessary to the goal and contribution of this work, as the pur-

pose is to demonstrate a method to develop predictive measures (Constraint 1) for three
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distinct (Constraint 3) components (Goal, Role, and Individual-in-Team) of individual per-
formance in a team that is useful in multiple domains (Constraint 2) and accurately captures
individual-level contributions (Constraint 42) to the team. To accomplish this purpose, two
team tasks with extensive behavioral measurements and task structure similarities (as well

as note-worthy di erences) were required.

2.4 Big Data and Naturally Occurring Data Sets

One of the fundamental aspects to the GRIT Framework is that it relies on behavioral,
rather than self-report, data. While controlled experiments reign supreme in Cognitive
Science, there is much that can be learned from large naturally occurring data sets (NODS)
(Goldstone & Lupyan, 2016). Due to their size and domain speci city, NODS are well-
suited for validation of existing theory and models. NODS allow for researchers to generalize
previously domain speci ¢ ndings to new domains with minimal resource cost and with the
robustness desired for replication studies. One of the major limitations to NODS is that the
data is not collected with the researchers goals in mind. Thus, research questions may need
to be tailored to account for what data exists. However, this limitation can sometimes be
mitigated through selecting alternate datasets (as one is no longer locked down to a single
domain with NODS) when the question of interest is not tied to a particular domain. Other
limitations are similar to traditionally gathered data, yet on a much larger scale (e.g. data
sparsity, collection errors, and missing data). Looking at recent meta-analyses of team studies
investigating team performance we gained a better understanding of the typical sample sizes
for team studies. For teams samples we saw 1,413 total teams from 22 studies (Delise,
Allen Gorman, Brooks, Rentsch, & Steele-Johnson, 2010) and 4,795 total teams from 71

studies (Mesmer-Magnus & DeChurch, 2009). For individual samples within teams we got

20f the four constraints, Constraint 4 may require some additional explanation as to how it ties into its
part of the overall goal for the GRIT Framework. Constraint 4 relates to the \individual-level contributions"
part as the intention is to determine that models developed using the GRIT Framework are predictive of
team level performance from individual behavior (Constraint 1), and that those models capture only the
individual's contribution to the team's performance|therefore requiring a substantial jump in predictive
accuracy when aggregating across individuals.
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10,793 total individuals from 67 studies (Gully, Incalcaterra, Joshi, & Beaubien, 2002) and
17,279 total individuals from 71 studies (Mesmer-Magnus & DeChurch, 2009). Though these
numbers are large, games like League of Legends generate millions of records for thousands
of teams every day. The team studies mentioned above largely rely on survey data, so
the collection of data is typically intrusive and is hampered by the inherent limitations of
self-report. NODS, like that of the datasets available from League of Legends, can contain
hundreds or thousands obehavioral variables at varying timescales. Thus, the amount of
data available through NODS can be of greater reliability and orders of magnitude larger

than what is feasibly available through traditional team studies.

2.5 League of Legends

League of Legends is a widely popular video game in the Multiplayer Online Battle
Arena (MOBA) genre. Since its inception, the genre of MOBA has been di cult to de-
ne (Ferrari, 2013). It contains elements of role-playing games (RPGs) because the player
takes on the identity and abilities of an pre-generated character. MOBAs are also strictly-
competitive games because in order to win a MOBA your opponent must lose. MOBAs
are team games. Though one-on-one scenarios are common in course of a game, a single
player's actions are rarely decisive. It often requires a full ‘team e ort' for a game to end.
Lastly, MOBAs are strategic games, they require strategy from team composition to team
coordination all the way until through the nal moments of the game. This last point is
of most importance to this research. MOBAs are a relatively rare synthesis of Team-based

Real-Time-Strategy games.

2.5.1 Game Mechanics
The map (i.e. the Battle Arena) the players play on in League of Legends is integral
to understanding the game. MOBA games are played on a, roughly, square map with two

sides divided diagonally by some change in terrain, for League of Legends that is a river (see
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