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Linking Team Composition to Team Performance:
An Application to Postdisaster Debris
Removal Operations
David Mendonça, Senior Member, IEEE, James D. Brooks, Member, IEEE, and Martha Grabowski

Abstract—This paper considers how changes in team composition (such as the number and rate of turnover of team members) are
linked to team performance, as assessed in terms of efficiency, effectiveness, and equality (i.e., distribution of effort). Study data are
taken from a large-scale, postdisaster debris removal operation in
the USA, collected through existing transaction-level data logging
systems. The data enable a detailed (and objective) examination
of team performance, thus overcoming many shortcomings of retrospective methods such as questionnaires. The results show that
the increased turnover diminishes performance along all dimensions, while an increased team size contributes to effectiveness but
reduces equality. Implications of this study for theory and future
empirical work are both discussed.
Index Terms—Human factors, man–machine systems, system
performance, teamwork.

I. INTRODUCTION
N disaster response operations, teams may be dispatched to
the field to enable rapid and effective mitigation of immediate
postdisaster effects. These teams—whether in search and rescue,
firefighting, police work, or utility restoration—may range in
size and be comprised of individuals with varying degrees of
experience in working together. However, this variation in team
composition has been theorized as both as a threat and a potential
enhancement to team performance [1], [30]. For example, as
discussed by Levine et al. [30], changes in team size and working
history may have positive or negative effects on performance,
depending on whether the costs of these changes (e.g., in terms
of coordination) outweigh the benefits of working together [1].
Team composition and performance are investigated here
through an analysis of field data collected in the domain of postdisaster debris removal operations: a highly distributed, increasingly expensive activity in which potentially hundreds of teams
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are employed, with work stretching over many months. The organization that directs these operations is best characterized as
team-centric: employing hundreds of teams with thousands of
team members. Changes to team composition occur often, and
are reflected in fluctuations in the number and working history
of team members over time. Because the cost of debris removal
is largely reimbursed through public funds, detailed documentation is kept for cost accounting purposes (e.g., in determining
where, when, and by whom debris was transported from one
location to another)—thus creating a machine-readable dataset
covering various aspects of teamwork.
This paper takes a three-pronged approach to investigate the
differential effects of team composition on team performance.
First, it follows recent research in articulating how process-level
measures may contribute to research on teamwork in organizations. Second, drawing upon related research in decision making studies e.g., [7], [14], it argues for unpacking the concept of
performance into three constituent dimensions—effectiveness,
efficiency, and equality (i.e., equal distribution of effort)—to
attempt to reconcile prior conflicting results. Third, it investigates questions of team composition and performance with
data collected via largely automated methods in field settings,
thereby reducing some threats associated with nonresponse and
response bias.
The paper is organized as follows. Theoretical background
is provided first to motivate the main research questions in
Section II, followed by the methodology in Section III,
results and discussion in Section IV, and conclusions in
Section V.

II. THEORETICAL BACKGROUND
Teams are now recognized as essential to the work of many
organizations. As noted elsewhere, definitions of teams are varied in scope and specificity. In line with much recent and prior
work e.g., [54], a team is here understood as “two or more
persons with a common goal that requires interdependence and
adaptive functioning” [43]. For comparison, “work teams”—a
type of team closely akin to that considered here—are described
by Kozlowski and Bell ([28], as cited in [54]):
“collectives who exist to perform organizationally relevant tasks,
share one or more common goals, interact socially, exhibit task interdependences, maintain and manage boundaries, and are embedded
in an organizational context that sets boundaries, constrains the team,
and influences exchanges with other units in the broader entity.”
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As suggested by this definition, teams within organizations
may be deployed to enable greater responsiveness to changing
conditions in the field, where they may operate in “unstable
environments” in which they must “adapt and respond quickly
to changing conditions” [21]. Indeed, definitions of teams (or
groups) at times encompass characteristics both of team members and of the task(s) that the team performs. In Goodman
et al.’s work on mining crews (as well as in related applications
such as logging), the value of a product is created at one level of
the organization, with other levels providing coordination and
management. In contrast to teams performing such a “production” work are those performing “knowledge work,” where the
value of a product is created as it moves through various levels of
the organization, as in product design and software engineering,
e.g., [8].
Issues of interdependence, goal-setting, and adaptation may
be seen in production and knowledge settings. For example, extraction of ore by mining crews requires a series of coordinated
physical steps which cannot be accomplished by a single individual; similarly, computer programmers performing the “virtual” work of programming may subdivide and sequence their
work [37].
More recent work has separated team from task-level elements in defining teams [34], [54]. Task interdependence—the
extent to which the outcomes of team members are influenced
by the actions of others [54]—has been identified as a key factor
for discriminating amongst types of teams [16], [28]. Indeed, recent work has emphasized the salience of task interdependence
e.g., [11] and [34], and of the broader need for team categorization systems based on conceptually distinct and theoretical
dimensions (see [54] for an example). It is expected that the
further development and validation of such classification systems will begin to produce a more consistent set of methods for
classifying teams [49]. The term team is used in the remainder
of this theoretical background, and the actual teams under study
discussed in Section III.
Team adaptation and response may occur through a variety of
mechanisms [18], including changes in the number and working history of team members (here denoted team size and team
fluidity, respectively). Much prior work on team composition
has focused on developing measures that reflect the characteristics of individual members of the team, such as the gender and
cognitive ability of members, as well as their tenure within the
organization. More recent work has expanded the team composition construct to include team-level measures, such as team
fluidity and team size. Team fluidity, commonly understood as
change in membership [46], is a multifaceted term, encompassing structural and procedural changes as well as changes to
personnel [46]. Indeed, if the extent of fluidity with respect to
personnel changes is extremely high, all that may remain of
a team after some time is its name. Similarly, teams may be
formed, dissolved, and reformed over such small time horizons
that it is more appropriate to discuss fluidity in terms of average
level of familiarity between pairs of members [13]. Team size
typically refers to the number of individuals that comprise the
team, although frequently—and particularly in the presence of
team fluidity—this may be a difficult measure to estimate. For

example, team members may participate only briefly in team
work, and thus feel themselves to be only weakly associated
with other team members. Because fluidity is an inherently dynamic concept, various researchers have argued for collecting
data that attempt to capture “moment to moment interteam and
intrateam interaction” [44], including how these interactions
unfold over longer time scales [12].
A. Team Fluidity and Team Performance
Changes in team fluidity—whether toward greater rigidity
or greater flexibility [46]—are expected to produce significant
effects on team performance. However, there has been a considerable debate in the research literature over the direction of these
effects and the conditions under which they occur. As discussed
by Bell and Kozlowski [4], while fluidity is expected to be substantially greater in teams within virtual organizations [50]—
thus permitting a more flexible organizational response—high
fluidity can also create “conflicts and ambiguity” [40]. According to Levine et al. [30], membership change may have positive
or negative effects on performance, depending on whether this
change outweighs the benefits of working together [1]. Consequently, changes in team composition have been theorized both
as a potential threat and potential enhancement to team performance [1], [30] and, by extension, to the organization as a whole.
Furthermore, Saunders and Ahuja [45] found that satisfaction is
less important to the members of temporary teams. Cohesion of
a team grows over time [24], and thus is adversely affected by
team fluidity [3].
Team performance is here viewed as a construct with multiple
dimensions—such as efficiency, effectiveness, and equality—
associated with the outcomes of team decision making (sometimes denoted “outcome performance” [5]). A fundamental result of this study is the presence of tradeoffs across different
dimensions of performance. For example, past related work has
considered effectiveness (i.e., the overall quality or amount of
work accomplished by the team) versus efficiency (i.e., output
per unit of effort, as in [3]), efficiency versus equality (i.e., fairness of distribution of effort) [6], or all three dimensions [15].
Alternative conceptualizations of team performance of course
exist: for example, effectiveness itself has been cast as an encompassing term, rather than as a dimension of performance, which
reflects team performance (here, effectiveness), team process,
and individual member satisfaction [23], [52].
Team performance may depend more on individual expertise for the performance of knowledge work (where routines are
evolving and new ideas are essential) than for the performance of
production work (where the focus is on reliable performance of
routine and structured tasks). Because lateral or creative thinking is required in knowledge work, new team members may
bring new ideas, thus increasing team capabilities [30]. In the
production work, on the other hand, fluidity may decrease productivity (i.e., effectiveness), as new members strive to learn
already established (and non-mutable) patterns of work. These
observations lead to the following related research propositions.
Proposition 1.1: Increased fluidity is expected to decrease
performance.
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Proposition 1.2: However, the impact of increased fluidity is
expected to diminish over time, as roles stabilize and fluidity
becomes institutionalized.
As teams increase in size, their production capacity—and thus
their effectiveness—is expected to increase: indeed, the decision
to add members to a team is likely to be a response to increased
workload demands. There is a substantial literature linking perceived workload and compensation equality to other outcomes
such as absenteeism, satisfaction, and work quality [9], [26]. For
example, teams performing a production task have been found
to exhibit decreased differences in individual performance (i.e.,
greater equality) as team size increases [48]. Finally, increased
team size is also expected to increase complexities associated
with coordination of teamwork [47]. Further, work on social
loafing has indicated that individuals decrease their effort as
the number of coworkers is increased [29], thus reducing team
efficiency. These observations on the effect of team size on
performance are captured in the following research proposition.
Proposition 2: Increased team size will be associated with
increased effectiveness and equality, but lower efficiency.
As has been noted elsewhere [14], performance tradeoffs
are to be expected between the dimensions of effectiveness,
efficiency, and equality. For example, decisions about school
staffing based purely on an effectiveness criterion may result
in hiring more teachers, those based on efficiency may result
in hiring of fewer teachers, and those based on equality would
distribute teachers evenly among schools. Results on the relationship between team fluidity and team performance have
been inconsistent [20], perhaps due to the rarity with which
these tradeoffs are explicitly modeled. In one notable exception, teams which know they are temporary tend to weight effectiveness more heavily than efficiency [45], leading to the final
research proposition.
Proposition 3: Increased fluidity will be associated with
greater effectiveness relative to efficiency.
III. METHODOLOGY
This section provides a brief description of the study domain,
and then explains the methods and data used to address the
previous propositions.
A. Domain Background
Debris removal is a critical but understudied phase in disaster response and recovery [31], [39], [51]. As has been made
clear from many recent and historical disasters, debris must
be removed from rights-of-way and, occasionally, from private
property in order for rebuilding to begin. In the United States,
large-scale debris removal operations that cover significant portions of one or many states are coordinated by the US Army
Corps of Engineers (USACE)—under contract from the Department of Homeland Security—which facilitates management and
monitoring of the contractors and subcontractors who remove
debris and deliver it to temporary sites for disposal.
The debris removal mission is characterized by team-centered
work, as shown in Fig. 1. The debris field (panel 1) consists
of a potentially wide variety of material distributed over the

Fig. 1.

Activities in the Debris Removal Mission.

affected area. Debris on private property is typically pushed
to the curbside by property owners, where it is segregated and
loaded onto trucks and trailers at designated pickup points by
debris removal teams (DRTs – panel 2). On a given day, a DRT
typically performs pickup activities over a demarcated area (e.g.,
a small number of city blocks) to which it has been assigned.
Teamwork is integral to the job functions of DRTs. The work
of teams is directed toward the common goal [28] of clearance of
debris. At the pickup site, DRT personnel tasked with loading
must work together to reduce the debris pile at curbside (see
Fig. 1, panel 2). At a most basic level, task interdependence
[34] is determined by the physical limitations of personnel and
equipment, as well as spatial limitations of the pickup site.
At curbside, crew members must sometimes work collectively
to move heavy debris by hand to where it can be grasped by
a mechanical loader and placed on a waiting truck. Loading
continues until loaders determine when the trucks will leave the
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pickup site (i.e., not all trucks leave 100% full). Additionally,
when trucks exit or enter the pickup site, DRT personnel must
adjust work processes to accommodate them.
A second aspect of teamwork, adaptation either by individual
members or the team itself, is reflected in loading decisions by
team members about 1) which trucks should receive which debris, 2) which debris to load at which time (some debris is easier
and/or faster to load than other debris, and multiple passes may
necessary in order to clear it), and 3) when a load is considered
complete. Routines are sufficiently interlocking that supervisors
are assigned to monitor and manage teams and their workflow, as
well as to maintain safety. Thus, while drivers’ (and other team
members’) decisions may engender minor variation in loading and unloading performance, these minor variations must be
scaled to the sometimes considerable number of loads hauled.
Upon leaving the loading site, trucks travel the road network
to deliver loads to a temporary debris storage and reduction site
(TDSR, panel 3), where the size of the load is estimated visually
as a percentage of the truck’s total capacity by a human operator.
A guarantee of payment (called a load ticket) is delivered to the
truck driver, who then travels the road network to rejoin the DRT
at the pickup point.
The trucks used to load and haul debris are at the core of
each DRT. Truck size constrains the volume of debris that can
be hauled from the pickup site, and the choices that their drivers
make regarding routing to and from TDSRs help determine the
number of loads that can be hauled in a given day. Discussions
with field personnel also suggest that staffing and other equipment decisions are driven by the number and mix of trucks available for assignment to a pickup site. Moreover, any trucks assigned to the mission must be inspected and certified to work—a
process that is completed for each mission. Trucks are typically
driven by their owner for the duration of the mission. The number and working history of trucks in a given DRT can vary
according to the demands of the mission.
As suggested by the foregoing discussion, teams are embedded within the organization [28] and central to its mission. At
the organizational level, dispatchers assign personnel and equipment to teams (and also specify pick up and drop off points).
Operational details of loading and unloading activities are left to
the teams themselves, subject to safety and environmental considerations (e.g., adverse weather, disabled equipment) and any
additional organizational-level constraints (e.g., when to start
and stop work).
However, there is no designed interdependence—and only
minimal interaction—among teams: a DRT works at curbside
without the collaboration or interference of other DRTs; travel
to the TDSR may be affected by roadway congestion (in part a
consequence of the activities of other DRTs); and drop-off activities may be delayed by the presence of other trucks queued
for service at the TDSR. A weak form of between-team interaction (aside from queuing) is the reassignment of trucks from one
team to another. Consequently, while the organization is teamcentric, teams operate nearly independently, in contrast with
teams in multiteam systems, where they “interface directly and
interdependently” [36]. Accordingly, a team-level (as opposed
to organizational-level) analysis is undertaken here.

Recent advances in information technology for tracking debris removal and disposal, support a more detailed and precise
examination of DRT performance. The load ticket functions as
an accounting record of truck—and therefore DRT—activity,
providing proof that a given load has been hauled from a pickup
site and delivered to a TDSR. In recent years, the load ticket
has become electronic: automated debris management systems
provide detailed data on a load’s history, including time and
location of pick-up and drop-off activities, load size, and various other attributes. This work employs these data to develop
measures of key study constructs.
B. Characteristics of Teams: Study Measures
This section discusses and summarizes key study variables associated with team composition and team performance. Processlevel measures of teamwork, particularly objective ones, can
provide the level of detail necessary to investigate the dynamics of team composition at an appropriate scale. Indeed, recent
work has called for [42], and in some cases illustrated e.g., [13],
more extensive use of study measures of team- and organizationlevel processes, particularly in field settings [42]. However, field
work on teams within organizations has been hampered by challenges associated with the sufficiency of researchers’ resources
and the complexity of field settings [22], [41]. Data must be
available (e.g., not all organizations track team composition and
performance in ways that are theoretically relevant), and must
be framed and interpreted in relation to the organizational processes from which they have been extracted. As has been stated
elsewhere [13], research along these lines may serve as a first
step toward developing models that are built from fairly lowlevel data that explicitly engage team- and organizational-level
dynamics [25].
1) Team Composition: As discussed previously, the work
of DRTs is constrained by the number and hauling capacity
of trucks operating within it. Because each subcontractor is
reimbursed for their work based on the total cubic yards hauled
per day, their earnings are a function of the performance of
trucks operating within their teams. Although there are other
elements of the team, such as loading (i.e., nontruck driving)
personnel and other nontruck equipment, that contribute to the
work, debris cannot be loaded and delivered without trucks.
Consequently, the composition of DRTs is here expressed in
terms of the composition of trucks that are integrated within it.
Team composition is reconstructed from the transactional
(i.e., load ticket) data by taking advantage of data reporting
protocols in the field. Each DRT has one and only one Quality Control (QC) officer assigned to it, stationed at the pickup
point. Responsibilities of the QC include issuing load tickets, monitoring safety, verifying eligibility of debris, ensuring compliance of team activities, and communicating with
the DRT’s on-site supervisor. In meeting these responsibilities, QCs are required to maintain line-of-sight observation
of the DRT. Due to this task structure, team membership
may be inferred from the load ticket data by grouping tickets which share a common QC attribute on a given day. The
size of a DRT is therefore expressed in terms of the number
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of trucks operating within it, while the fluidity of a DRT is
expressed in terms of the working history between trucks (recall that truck owners operate their trucks for the duration of their
involvement in the mission). Both of these team characteristics
are now discussed in detail.
Team Fluidity: The approach to addressing the issue of fluidity at the team level is motivated by the recommendation
that more “process-oriented” measures be used to identify roles
within teams. A process-oriented approach may include, for
example, examining “distinguishable roles” and “patterns of
expected behavior and norms” [35]. Because team fluidity is by
definition a dynamic phenomenon, its study therefore calls for
“unobtrusive and real-time measures of team performance that
can be practically implemented, especially in the field” [42], [53]
in order to capture “moment to moment interteam and intrateam
interaction” [44]. Consistent with prior work [13], team fluidity
is here defined as a function of the working history among all
dyads in the group. The measure is composed by drawing on the
definition of familiarity [13] shown in (1). The familiarity measure may be understood as expressing average shared working
experience among all pairs of team members. For a team with
n members, hij captures number of days that each possible pair
of trucks (i, j) in a team has worked together. The sum is then
normalized by the number of possible pairs in the team [the
leading coefficient in (1)]. The familiarity of team k, denoted
by fk , is then given by
⎛
⎞
n
n −1 

2
⎝
(1)
fk =
hij ⎠ .
n (n − 1) i=1 j =i+1
The following example illustrates the measure. Consider five
individual trucks (for simplicity of illustration, here denoted
as A–E) that enter the system, none having worked together
previously. For the first two days, A–C work together as one
team (team 1 = {A–C}), and D and E as another team (team
2 = {D, E}). The history of each possible dyad in the team
is calculated at the start of each day. At the start of day two,
all dyads in each team have a familiarity of unity from the
prior day’s experience. For example, for team 1, the sum of the
working histories is 3, and the value of the leading coefficient
is 2/(3 × 2) = 1/3, yielding a familiarity of unity. Similarly, the
familiarity for team 2 is also unity. Now suppose that on day 3
the teams are changed to be team 1 = {A, C, E} and team 2
= {B, D}. The value of hA C , the cumulative working history
for dyad (A, C), is now 2, while hA E = hC E = 0 since neither
of these pairs has worked together previously. As a result, the
average pair-wise familiarity for team 1 is f1 = (2 + 0 + 0)/3 =
2/3. Similarly, for team 2, B and D have not yet worked together,
so hB D = 0, and thus f2 = 0.
With this formulation, the maximum familiarity possible
grows with time (e.g., at 10 days into the mission, it is 10;
while at 20, it is 20). Familiarity is therefore further scaled by
the total number of prior days d since the onset of the mission
(i.e., two in the example) to yield a measure denoted relative
familiarity. In this example, the value of relative familiarity for
team 1 on the third day is f1 /2 = 0.33, and for team 2 it is 0.
This measure is thus bounded between 0 and 1, inclusive.
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Fluidity of team k, denoted Fk , may then be viewed as the
inverse of relative familiarity, and is calculated as Fk = 1 −
fk /d. In the example, Team 1 then has a fluidity of F1 = 1 −
0.33 = 0.67, while Team 2 has a fluidity of F2 = 1 − 0 = 1. In
this way, the teams whose members have no prior experience are
given the maximum fluidity value while those having members
with some prior history are given a lower fluidity value. A team
of any size whose members have always worked together since
the onset of the debris mission would receive a fluidity value of
zero.
Team Size: As discussed previously, debris removal work
depends critically on the hauling trucks within DRTs. Indeed,
as confirmed in discussions with subject matter experts, the
number of personnel working in a DRT is expected to correlate
strongly with the number of trucks: an excess of trucks relative
to personnel would lead to long wait times for trucks at loading
zones, whereas a shortage of trucks would lead to lost worker
hours as personnel perform under their capability. Team size is
therefore expressed here as the number of trucks associated with
a debris removal team.
2) Team Performance: Team performance is here expressed
as a multidimensional construct [43], comprising efficiency, effectiveness, and equality. In line with Mathieu et al. [34], a
blended or composite approach to the measurement of each
dimension is used. Team-level measures are computed from
measurements taken on individual team members [35], in light
of actual performance incentives. Let the set of trucks in team k
be denoted by Tk and let Hi be the set of loads hauled by truck
i. Then, the total effective loads hauled by truck i for the day of
interest li is given by

pm
li =
m ∈Hi

where pm is the percentage of the total truck volume for load m
(i.e., pm ∈ [0, 1]). This individual-level measure forms the basis
for the team-level performance measures across the three dimensions of effectiveness, efficiency, and equality, as described
next.
Effectiveness refers to a team’s total output relative to a goal.
In the case of a debris removal mission as a whole, effectiveness
is assessed by tracking the total cubic yards delivered to TDSRs
each day, with subcontractors compensated according to the
volume of debris delivered by their teams. While there is no set
goal for individual teams, the total debris delivered by the team
may therefore be viewed as closely aligned to the mission level
goal (particularly given the presence of an on-site supervisor at
the pickup point). To account for differences in truck capacity,
the effectiveness measure used is the number of effective loads
hauled rather than cubic yards. This measure for team k is then
given by

li .
(2)
Ek =
i∈Tk

Efficiency refers to a team’s production output relative to
its capabilities. The capabilities of a DRT are fundamentally
limited by the size of the team and the average haul distance to
the TDSR. This dimension is therefore operationalized as the
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TABLE I
NUMERICAL EXAMPLE: TRUCK DATA FOR A SINGLE TEAM

average number of effective load miles hauled per truck on a
given day, as follows:
 li d i
(3)
ηk =
n
i∈Tk

where di is the average haul distance for truck i and n is the
team size (i.e., n = |Tk |).
Equality refers to the similarity of individual team-level effort
(i.e., equality of workload distribution across team members).
For historical reasons, the inverse of this measure, denoted inequality, is often used. There are various inequality measures
found in the literature [33]. Coulter’s measure is used here [10],
which is given generally by


2
Ai
1  Ei
−
(4)
I=
K
Ē
Ā
i
where Ei and Ai are the effect and relevant attribute for entity
i, while Ē and Ā are the mean values across all entities. The
scaling factor K can be used to provide a normalized measure
(i.e., to ensure I ∈ [0, 1]). Equation (4) provides a measure of
the match between the effect (e.g., work being done) and some
group attribute (e.g., work to do), while penalizing higher levels
of inequality, and providing a unit-less, normalized measure
adhering to the accepted guidelines of scale invariance and the
principle of transfers [32], [33]. Here, each i corresponds to a
truck and the effect is the number of effective trips hauled. If
uniform workload is desired (i.e., is perceived to be fair), then
this measure for team k simply becomes

2


li
1
−1
Ik =
n (n − 1) i∈T ¯lk
k

where ¯lk is the number of effective loads hauled by the average
truck in team k. The equality of a team is then the inverse of the
inequality, given by
Ek = 1 − Ik .

(5)

Numerical Example: Suppose trucks 1, 2, and 3 are working
together on a particular day. As shown in Table I, truck 1 hauls
8.3 effective loads (suppose this is the result of 10 trips having
the following load percentages, relative to the capacity of the
truck: 0.8, 0.95, 0.9, 0.75 0.85, 0.7, 0.9, 0.75, 0.95, and 0.75)
an average distance of 3.4 miles to a TDSR. Similar aggregated
data for trucks 2 and 3 are also given in the table. Notice that
while a DRT works from a single location, due to differences
in debris type (and thus potentially different TDSR destinations
for each load), the average distances by truck can vary.
Team effectiveness is then calculated as the total number of effective loads of debris hauled by a DRT on a

given day, here E = 8.3 + 12.7 + 9.1 = 30.1 [from (2)].
Team efficiency is the average effective-load miles per
truck: η = (8.3 × 3.4 + 12.7 × 3.5 + 9.1 × 4.7)/3 = 38.48
[from (3)]. Finally, team equality is given by ε =
√
1 − ((8.3/10.03−1) 2 +(12.7/10.03−1) 2 +(9.1/10.03−1) 2 )/(3×2)=0.865
[from (5)].
As the effectiveness and efficiency measures are right skewed
and cover a large range, the log (base 10) of each measure is used
in the model. For equality, the range is on the unit interval and
the data are skewed near 1. Thus, a square root transformation
is applied to the inequality measure, and then the difference
from 1 is taken. This transformation maintains the integrity of
the equality measure because the square root is monotonic (thus
preserving order) and the domain over the unit interval is still the
unit interval. Finally, these transformed performance measures
are then standardized to facilitate interpretation of the parameter
estimates across dimensions.
IV. RESULTS
The main dataset for this study consists of detailed records
from debris loads that were hauled by debris removal teams
(DRTs) following the passage of an extensive tornado storm
through the state of Alabama (USA) in April, 2011. Based on
communications with USACE, the storm is estimated to have
generated approximately 9.6 million cubic yards (7.3 million
cubic meters) of debris. Data from a total of 132 300 load tickets
issued from 9 May 2011 to 1 October 2011 were obtained from
USACE in a machine-readable format, then cleaned and verified
via automated and manual methods. For example, automated
queries were used to identify potential anomalies and errors
in the data (e.g., AM/PM time errors, date errors, out of range
distances, invalid time sequences). Background materials on the
event were collected and discussions with domain experts were
held to provide additional contextual information on the dataset.
For the nearly five months of data considered here, the organization consists of one prime contractor and 33 subcontractors,
operating within 33 municipalities (with a total of 49 TDSRs) in
the state of Alabama. The number of active DRTs for the study
period is given in the first panel of Fig. 2 (note that sudden dips
occur on Sundays, when less work is done). An indication of
fluidity in the system as a whole is shown in the second panel
of Fig. 2, which depicts the percentage of trucks that switch
DRTs each day. On average, 11% of the active trucks switch
DRTs on any given day. An average of approximately 66 DRTs
was active in the field on each day, and a total of 2271 different
trucks took part in the mission. Team size ranged from two to
32 trucks (mean of 4.0), with 81.6% of teams consisting of five
or fewer trucks.
Summary statistics for the untransformed study variables are
given in Table II. As discussed previously, initial distributional
testing on the study variables led to a log transformation being applied to the variables Size, Effectiveness, Efficiency, and
Equality in order to satisfy normality assumptions of the linear
modeling methods used for addressing each proposition.
When performing multiple inferences within a family of
tests, a correction to the significance level used for each test is
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Fig. 2.
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Debris Removal Team Activity and Fluidity for Study Period.
TABLE II
SUMMARY OF UNTRANSFORMED KEY STUDY MEASURES

required. Both tests (the first to assess Propositions 1 and 2, the
second for Proposition 3) are considered of equal importance
and thus the Bonferroni correction is used [27]. The propositions are assessed using two tests; thus, for a total α = 0.05, the
individual analyses are evaluated at α = 0.025. In the statistical
analysis that follows, the study sample size is 7583 team-days.
The empirical distributions for working history and size of
DRTs are depicted in Fig. 3: panel 1 depicts a histogram of length
of working history among all observed truck pairs, showing that
the vast majority have working histories of two weeks or less;
panel 2 shows that the number of trucks in a DRT rarely exceed
ten.
To address Propositions 1 and 2, multivariate multiple regression is used [27], in which the response variable—team
performance—is represented as a vector whose elements are
the measures of effectiveness, efficiency, and equality described
previously. In addition to the main predictor variables—team
fluidity and team size—a single control variable, haul distance,
is included, as payment per cubic yard differs depending on
the distance between pickup and dropoff points. The current
approach to measuring haul distance is consistent with the payment incentive structure, in that it assumes a straight line travel
distance from pickup to drop-off point. It is not known how
far this distance differs from actual travel distance; nonetheless,
because distances are relatively small, deviation between actual
and straight-line distance is not expected to be particularly great.
The results from the analysis for Propositions 1 and 2 are
summarized in Table III. The table expresses parameter estimates in bold, notes p-values for statistically significant results,
and provides standard errors of the parameter estimates in italics. Consistent with this analytic approach [27], the percentage
of variation in the data explained by the model is reported along
each dimension as Adjusted R2 .

The results show model significance across all dimensions
of performance, although the percentage of variance explained
across each dimension varies considerably: the predictor variables relate most closely to the effectiveness and efficiency dimensions (Adj.-R2 of 0.460 and 0.403, respectively) relative to
the equality dimensions (Adj.-R2 = 0.071).
According to Proposition 1.1, increasing fluidity is expected
to be associated with decreased effectiveness. This proposition
is supported (p = 0.0086). Increasing fluidity is also associated
with decreased efficiency (p = 0.0090) and decreased equality
(p = 0.0112).
Proposition 1.2 states that, as the mission progresses, the
effect of fluidity on the effectiveness dimension of performance
will decrease. Therefore, in a comparison of the values of the
coefficient for fluidity with respect to the effectiveness for period
(t) versus period (t + 1), the proposition would be supported
if the value for the latter period were greater than the value
for the prior period (there are of course other approaches to this
analysis). For completeness, the values of the fluidity coefficient
of the model are provided in Fig. 4 along each of the three
performance dimensions, as follows. The multivariate multiple
regression model described previously was run on a recursive
seven-day basis (i.e., data points separated by more than seven
days have completely non-overlapping data) for all days, and
the values of the coefficients plotted over time. The sample size
varies across time starting at 321 teams, peaking at 1193 for the
week starting at day 13. The sample size then slowly trails off
to only 134 teams in the final week.
The data do suggest some temporal trends: there is a generally ascending tendency for effectiveness (thus supporting
Proposition 1.2), as well as for efficiency (there is no suggested
trend for equality). It should be emphasized, however, that all
data series are perhaps best characterized as periodic. Looking
more closely at the data, in roughly the first 40 days of the mission, the trends for effectiveness and efficiency are clearly upward, while the trend for equality is clearly downward. All three
series track downward for roughly the period of days 40 to 60,
after which time all track upward. The approximate midpoint of
the mission may therefore be viewed as destabilizing for effectiveness and efficiency, with all trends upward following shortly
after day 60. Thus, while the proposition is supported, future
work may explore the reasons behind periodicity in the data, as
well as those behind the destabilizing middle period of the series.
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Fig. 3.

Working History and DRT Size.

TABLE III
SUMMARY OF THE MULTIPLE MULTIVARIATE REGRESSION MODEL
(∗ INDICATES p < 0.001)

TABLE IV
SUMMARY OF EFFECTIVENESS VERSUS EFFICIENCY REGRESSION MODEL
∗
( INDICATES p < 0.001)

Next, according to Proposition 2, team size is expected to
be positively associated with effectiveness and equality, but
negatively associated with efficiency. As shown in Table III,
consistent with expectation, increased team size is associated
with increased effectiveness (p = 0.0086) but, contrary to expectation, also with reduced equality. Increased team size is not
significantly associated with efficiency. Thus, Proposition 2 is
partially supported.
Finally, Proposition 3 states that increased team fluidity is expected to produce greater effectiveness than efficiency. Because
all measures have been standardized, the difference between the
effectiveness and efficiency standardized measures indicate a
preference for effectiveness over efficiency. With an increase
in fluidity, an increase in this difference would lead to support
for the proposition. Results of a regression of the difference
between effectiveness and efficiency on team composition are
shown in Table IV. Consistent with the hypothesized relationship, fluidity has a significant positive effect (p = 0.0052) on
this difference. Thus, Proposition 3 is supported.

Fig. 4. Fluidity Coefficients for Performance Measures Over Recursive WeekLong Windows.

The Haul distance is significant along all dimensions of performance, with a negative effect on effectiveness, and a positive
effect on both efficiency and equality.
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V. DISCUSSION
The results of the analysis of the effects of team composition
on team performance show that increases in team size both contribute to and detract from performance, while increased fluidity
consistently detracts from performance. From a broad perspective, then, these results suggest the potential explanatory power
of tradeoff-based analysis in linking team composition to team
performance. The high value of Adjusted-R2 for the effectiveness and efficiency dimensions suggests that it is along these
dimensions that fluidity and size are most relevant. However,
given the potentially large number of transactions in systems
of this kind, the significant (if small) effects along the equality
dimension should also be considered.
Greater fluidity is associated with reduced performance along
all three dimensions. It may be, for example, that higher turnover
teams are subject to problems associated with learning of established routines, though exploration of the exact mechanisms that
translate higher turnover into reduced performance is a matter
for future work. Increased team size is associated with increased
effectiveness, but reduced equality, suggesting a possible tradeoff between these two dimensions.
Graphical inspection of the relationship between fluidity and
performance over time suggests a number of possible trends
for each dimension, as well as the relationship among the dimensions themselves. Further research is needed to understand
the nature of the relationship between size and the performance dimensions of effectiveness and equality in this context. For example, does increased team size lead to an increased
need for coordination, thus taking resources away from task
performance?
As suggested by the foregoing discussion, numerous opportunities exist for investigating team composition and performance using techniques derived from this study. The methods
may be particularly well suited to the study of teams whose
work processes are fairly stable, and where decisions on team
composition are made exogenously. Possible examples include
teams of construction workers, loggers, miners [17], and certain athletes [38], as well as teams of physicians in emergency
rooms [2]. In contrast, these methods may not be appropriate for
the study of so-called knowledge teams, where variety of work
processes is endemic to operations, nor in settings where decisions on team composition are endogenous (i.e., by team members themselves). It should be emphasized that research along
these lines depends on the availability of objective data on the
execution of work processes by team members. Recent work on
the development of advanced instrumentation for sporting contexts, for example, may help advance this research in domains
such as tennis and football (soccer), particularly regarding the
effects of fluidity.
Beyond questions of composition and performance are questions concerning the details of within-group processes (such as
the factors that inform drivers’ decisions about when, what, and
how much debris to load at a pickup point). While the results
of the present study explain a considerable degree of team performance, further work is needed in understanding patterns of
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cognition within teams in order to develop more robust models
of performance.
As stated previously, considerable discussion surrounds definitions of teams versus other human collectives. The present
study offers an example of how objective data collected during
the execution of actual work processes may be used to ground
some aspects of these discussions. This need is particularly acute
as greater theoretical precision is brought to bear in developing
the dimensions used to classify teams. Indeed, a limitation of
the present research—one that is shared by many other studies
of teams—is its reliance on a single definition of teamwork (albeit one that has achieved considerable traction). Additionally,
it should be noted that while data such as these may support
investigation along some aspects of, say, the team composition
dimension (e.g., size), they may be less well suited to other
aspects (e.g., attitudes/values).
Finally, as suggested by the aforementioned points, the results
illustrate how teams may react to opportunity costs. Larger haul
distances are associated with reduced effectiveness, but with
improved efficiency and equality. This may reflect an overall
intention by teams to extract the most value out of the resources
available to them (here, the loading capacity of vehicles relative
to travel time), while improving coverage over the area from
which they are hauling debris.

VI. CONCLUSION
This study has explored performance effects associated with
changes in team composition, focusing on potential tradeoffs
along the dimensions of effectiveness, efficiency, and equality.
Team composition, expressed in terms of team size and team
fluidity, relates to all dimensions of performance in some way
(with the exception of the effect of size on efficiency). A tradeoff
between effectiveness and equality is suggested with respect to
team size. Size and fluidity have differential effects on effectiveness, and a negative effect on equality. A possible mechanism
underlying these results may relate to the nature of the work
being performed. For production work, it may be more fruitful
for team members to learn to adapt quickly to existing routines
rather than innovating. Interestingly, the larger the team, the
greater the reduction in effectiveness. Consequently, increasing
team size as a means of offsetting the negative effects of turnover
may actually accentuate these effects.
A second contribution of this study is in explicit modeling
of performance tradeoffs in teamwork, thus extending previous
research centered primarily on individual decision making. Additional domains—such as mining, logging, and athletics—may
be amenable to investigation of some of these effects (particularly of fluidity), but, for reasons described previously, are likely
to be restricted to settings where work processes are fairly stable and there are sufficient opportunities for instrumenting work
processes.
Beyond these results, this study contributes to ongoing
efforts to marshal detailed, process-level field data to address
theoretically salient questions about teamwork processes. Possible extensions of this study are in modeling of system-level
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dynamics associated with adaptive behavior by teams. For
example, one possible point of inquiry is in examining the
mechanisms by which changes in size and fluidity are translated
into variation in performance. Various information technologies, such as smart phones and geographic positioning systems,
now enable such measurements to be taken accurately and
inexpensively. Additional research with other instruments will
likely be needed to explore cognitive-level effects within teams.
This research also contributes to the identification of opportunities for exploring models of control in the system under study.
For example, currently, dispatchers allocate (and reallocate) individuals and equipment to teams in the field. There may be
opportunities for using data on the results of these decisions to
provide feedback to dispatchers in order to support subsequent
allocation decisions. Moreover, dynamic analysis (as suggested
previously) may be used to investigate the effect of these and
other feedback effects on allocation decisions by dispatchers,
as well as loading and routing and decisions by team members. These approaches will require explicit models both of the
teams themselves and of the broader system within which they
operate.
A third potential area of future work is in investigating teamlevel detection and response to disruptive events encountered
in day-to-day operations. How a team addresses disruptions
such as extreme weather and other hazardous or potentially hazardous conditions provides a measure of its flexibility, whether
these disruptive events produce work stoppages, slowages, or
simply replanning [19], [55]. In the context of the analysis of
organizational performance, disruptive events offer a potential
exogenous factor that may enable a deeper investigation of team
performance.
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