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Organizational processes have been widely recognized as both multilevel and dynamic, yet traditional
methods of measurements limit our ability to model and understand such phenomena. Featuring a popular
model of team processes advanced by Marks et al. (2001), we illustrate a method to use individuals’
communications as construct valid unobtrusive measures of collective constructs occurring over time. Thus,
the purpose of this investigation is to develop computer-aided text analysis (CATA) techniques that can
score members’ communications into valid team process measures. We apply a deductive content validitybased method to construct CATA dictionaries for Marks et al.’s dimensions. We then demonstrate their
convergent validity with subject matter experts’ (SMEs) hand-coded team communications and different
SMEs’ behaviorally anchored rating scales based on video recordings of team interactions, using multitrait–
multimethod analyses in two samples. Using a third sample of paramedics performing a high-ﬁdelity mass
casualty incident exercise, we further demonstrate the convergent validity of the CATA and SME scorings
of communications. We then model the relationships among processes across episodes using all three
samples. Next, we test criterion-related validity using a longitudinal dual-discontinuous change growth
modeling design featuring the paramedic CATA-scored team processes as related to a dynamic performance
criterion. Finally, we integrate behavioral data from wearable sensor badges to illustrate how CATA can be
scored at the individual level and then leveraged to model dynamic networks of team interactions.
Implications, limitations, directions for the future research, and guidelines for the application of these
techniques to other collective constructs are discussed.
Keywords: team process, CATA, construct validity, multitrait–multimethod

Two important developments have occurred in the ﬁeld of applied
psychology over the past few decades that have increased the
complexity of capturing and modeling the true nature of organizational phenomena. First, a multilevel perspective has been widely
adopted as scholars view organizational phenomena from a system
perspectives, with lower level entities such as employees or teams

nested in higher level entities such as units or organizations (cf., Hitt
et al., 2007; Humphrey & LeBreton, 2019; Klein & Kozlowski,
2000; Mathieu & Chen, 2011). This multilevel theme is evident in
different substantive domains such as emotions and affect (e.g.,
Ashkanasy et al., 2017), climate and culture (e.g., Schneider et al.,
2017), collaboration (e.g., Bedwell et al., 2012), empowerment
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(e.g., Maynard et al., 2012), and leadership (Dionne et al., 2014).
Second, there has been a growing appreciation that organizational
phenomena are dynamic processes that change in meaningful ways
over time (cf., Ancona et al., 2001; Mitchell & James, 2001; Shipp &
Cole, 2015). Importantly, however, time is not a substantive variable
per se, but rather, time serves as a surrogate variable for numerous
temporal phenomena such as clock, cyclical, event, and life cyclerelated processes (Ancona et al., 2001). Given that the passage of
time will covary with qualitatively different temporal phenomena, it is
important for scholars to develop and employ substantive measures of
the nature(s) of the temporal dynamics that they hypothesize to be
operating. And importantly, there may well be more than one
temporal dynamic co-occurring over time. Regardless of the temporal
theme(s) under consideration, organizational phenomena clearly need
to be considered and modeled over time to understand their dynamic
properties. Whereas both the multilevel and dynamic perspectives have
generated abundant research applications, there have been very few
studies that have integrated the two and modeled dynamic multilevel
processes using data that are collected at a pace that is aligned with how
quickly dynamic constructs are changing in the study context.
Despite the many calls for incorporating temporal perspectives
into our research, there has been limited progress along these lines.
For instance, scholars have expressed dissatisfaction about this
limited progress that stems from, “a wide recognition of the need
for new approaches that emphasize groups’ nonlinear, complex, and
dynamic nature, and the seeming inability of the ﬁeld to adopt these
approaches in its work” (Waller et al., 2016, p. 2). Shipp and Cole
(2015) expressed similar sentiments exclaiming “organizational
sciences have failed to heed such calls to adopt a temporal lens : : :
[and] those who have studied time often do so independently of a
speciﬁc research stream, and as a result, time has been applied
haphazardly rather than systematically to organizational topics”
(p. 238). Together, the multilevel and temporal perspectives suggest
that organizational processes should be studied as complex multilevel processes that emerge and change over time. Unfortunately,
our traditional methods of measurement are not well suited for such
purposes. For instance, repeatedly surveying participants is subject
to method-related factors such as response biases, survey fatigue,
and testing effects. Observational methods provide rich insights
concerning phenomena but are prone to biases of their own. In
addition, the purpose of qualitative research is often to build
contextualized theory, which efforts to scrub or sterilize the data
for large-scale quantitative analysis would undermine (Pratt et al.,
2020). Indeed, Kozlowski (2015) asserted “It is a simple fact that
reliance on questionnaires as the dominant form of measurement for
[collective constructs] team processes places signiﬁcant limitations
on efforts to capture process dynamics : : : Thus, generally speaking, high frequency measurement that is low cost and unobtrusive is
highly desirable” (pp. 278–279).
The overall purpose of our investigation is to demonstrate a
method to use analyses of individuals’ communications as construct
valid unobtrusive measures of collective constructs occurring
dynamically over time. For illustration purposes, we feature the
development of such measures for a popular meso-level taxonomy
of team processes proposed by Marks et al. (2001), yet the procedures that we document could be used to develop measures of
virtually any level of organizational constructs, including macroconstructs such as human capital emergence (Ployhart & Moliterno,
2011) and organization-level psychological capital (McKenny

et al., 2012). The Marks et al.’s (2001) framework is a dynamic
model that features collective (team) constructs and is well established in the ﬁeld, and as such serves as a ﬁtting example to
demonstrate the utility of our proposed computer-aided text analysis
(CATA) approach.
We ﬁrst brieﬂy discuss the CATA approach and provide an
overview of the Marks et al.’s (2001) team process framework.
Second, we describe the development of a CATA protocol designed
to yield indices of the Marks et al.’s dimensions based on team
members’ written or spoken (converted into written) language.
Notably, we initially employ a content validity-based approach
and supplement it with multimethod comparisons. Third, in Samples
1 and 2, we present empirical investigations based on video-taped
recordings of three-member teams performing laboratory tasks. For
both samples, participants’ verbal communications were transcribed
to text and then scored by trained subject matter experts (SMEs) and
through CATA techniques. The convergent and discriminant validities of the scored transcripts were evaluated, along with other
SMEs’ ratings of the video-taped interactions, using multitrait–
multimethod (MTMM) analyses. Fourth, in Sample 3, we present
a third application comparing SME and CATA-scored transcripts of
paramedic team members’ communications during a series of highﬁdelity mass casualty scenarios. Fifth, we further demonstrate the
utility of CATA to model dynamic and multilevel constructs by
examining team processes over time as related to team performance
in a dynamic predictive model. We then illustrate how CATA can
be scored at the individual level of analysis and integrated with
wearable sensor data to generate scores that can be used to depict
multidimensional dynamic team process networks over time. Finally,
we conclude with implications, limitations, and directions for the
future research, as well as guidelines for application.

Theoretical Background
Scholars have increasingly called attention to the value of focusing on behaviors and temporal behavioral contingencies (LehmannWillenbrock & Allen, 2018). However, work on these fronts has
remained largely theoretical and conceptual (e.g., Waller et al.,
2016), while empirical work to address and test these theories
has been relatively sparse. Furthermore, most organizational behaviors are primarily measured by self-reports and it is difﬁcult to
judge the accuracy of such measures of behavior (Baumeister et al.,
2007). If the intent is to study actual behavior through time, there is a
need to conceptualize and measure markers that are as close to the
intended behavior as possible (Lehmann-Willenbrock & Allen,
2018). Indeed, the beneﬁt of studying actual behavioral markers
is that the “obtained behavioral data are closer to the phenomena of
interest, both conceptually and methodologically” (LehmannWillenbrock & Allen, 2018, p. 326). To demonstrate the utility
of these kind of behavioral data, we focus on transcribed text, as
words are powerful organizational tools that have been linked to a
variety of outcomes ranging from consensus building to performance (Lockwood et al., 2019).
Historically, teams research has featured analysis of members’
communications as a prime source of data (Mathieu et al., 2018).
For instance, since Bales (1950) developed a protocol for observers
to code team interactions in real time, numerous other systems have
been developed (see Brauner et al., 2018). However, such protocols
have typically been extremely time consuming and taxing efforts
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that involve recording and transcribing communications, establishing and reﬁning coding schemes, and extensively training SME
coders (Fischer et al., 2007). Naturally, such efforts provide deep
understandings of team dynamics, but they are also arduous to
produce and prone to intercoder unreliability (Seelandt, 2018).
In addition to the challenges associated with collecting and
coding behavioral markers, researchers are faced with the challenge
of how to align measures with the dynamics of the phenomena
of interest. Luciano, Mathieu, et al. (2018) outlined two general
strategies by which this can be accomplished. First, if one can
anticipate a priori when shifts will occur from one stage to another, it
may be possible to time measurements accordingly. For instance,
observations, interviews, or surveys might be gathered as projects
launch, transition through gateway reviews, or conclude their
activities. However, that strategy poses several logistical challenges
and transition points cannot always be anticipated and assessed. The
second, and perhaps more viable strategy, may be to gather ongoing
trace measures that can be used to index different constructs
continuously over time.
Our goal with the current initiative is to provide a means of
capturing the dynamics associated with collective phenomena,
while balancing the beneﬁts of extracting a rich understanding of
members’ interactions revealed through their words, with the desire
to employ an efﬁcient, reliable, valid, and scalable method to index
such communications. We suggest that CATA offers a means to
achieve our goal.

Computer-Aided Text Analysis
CATA is a general term used to describe a variety of different
methods to analyze text with varying levels of ﬁdelity (Short et al.,
2018), ranging from simple counts of the relative use of singular
versus plural pronouns (Steffens & Haslam, 2013), to the analysis
of complex exchanges using natural language processing algorithms (Honnibal, 2016). Short et al. (2018) classify the techniques
into two broad classes. One approach is akin to traditional content
analysis and takes an inductive or grounded theory approach
whereby patterns of word use are used to derive higher order
meaning or themes that characterize a corpus of text. The second
approach adopts a more deductive and content validity-based
approach that analyzes the frequency of words in a corpus that
corresponds to one or more predetermined word dictionaries that
represent constructs of interest. In so doing, CATA explicitly
focuses on members’ communications and therefore provides a
more proximal representation of their actual behaviors rather than a
cognition or intention yielded by more traditional measurement
approaches. For demonstration purposes, we sought a construct
that would allow us to illustrate the value of CATA in a multilevel,
dynamic way that is organizationally relevant and readily utilized.

Team Processes as an Exemplar Construct
Teams play an important role in organizations and often serve as
the mechanism by which human capital resources are deployed to
meet task demands (Ployhart & Moliterno, 2011). Work teams are
“interdependent collections of individuals who share responsibility
for speciﬁc outcomes for their organizations” (Sundstrom et al.,
1990, p. 120). Research on work teams has ﬂourished in the past
few decades (Mathieu et al., 2017) and more recent frameworks
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feature dynamic and reciprocal relationships (cf., Ilgen et al., 2005;
Mathieu et al., 2019), where team processes occupy a critical role
whereby members work together to accomplish shared goals.
Although teams are widely discussed as dynamic multilevel phenomena, due to overwhelming resource costs associated with
traditional measurement techniques such as surveys and observations, they are often indexed at very limited number of time points.
The Marks et al.’s (2001) framework of team processes was
selected as an exemplar framework as it is conceptualized to include
complex temporal rhythms that may be difﬁcult to truly capture with
traditional approaches and it is well established in the teams
literature. Marks et al. (2001) deﬁned team process as:
Members’ interdependent acts that convert inputs to outcomes through
cognitive, verbal, and behavioral activities directed toward organizing
taskwork to achieve collective goals : : : Centrally, team process involves members interacting with other members and their task. They are
the means by which members work interdependently to utilize various
resources such as expertise, equipment, and money, to yield meaningful
outcomes (e.g., product development, rate of work, team commitment,
and satisfaction). (p. 357)

In addition, Marks et al. (2001) suggested that 10 lower-order
processes (e.g., conﬂict management, strategy formulation, and coordination,) would map (10:3) to three higher-order team process
constructs (i.e., transition, action, and interpersonal). In Table 1, we
deﬁne the 10 lower-order team processes that map onto transition,
action, and interpersonal processes. Transition processes occur prior
to or between performance episodes when members reﬂect on
previous experiences and plan for the future actions, including
mission analysis, goal speciﬁcation, and strategy formulation.
Teams engage in action processes during performance episodes
while working toward goal accomplishment, including monitoring
progress toward goals, systems monitoring, team monitoring and
backup behavior, and coordination. Finally, teams also engage in
interpersonal processes to manage relationships between members
at varying times, which could exist across episodes, and include
conﬂict management, motivation, and conﬁdence building, and
affect management.
Notably, the Marks et al.’s (2001) framework has been cited over
3,622 times in Google Scholar as of June 2020. However, the studies
that have sought to capture team processes have largely utilized
survey measures, with few studies actually measuring multiple instances, and fewer still employing nonsurvey measures.1 Stated
differently, a key feature of the Marks et al.’s framework is that
processes evolve and are linked over time, yet very few investigations
have actually modeled them as dynamic processes. Indeed, Kozlowski
(2015) submitted that “[t]eam processes are inherently dynamic
phenomena theoretically, but they have largely been treated as static
in research” (p. 270). This sentiment has been expressed by several
others (Cronin et al., 2011; Marks et al., 2001; Mathieu & Luciano,
2019; McGrath, 1991) and remains true today. Marks et al.’s (2001)
framework features performance episodes which “are distinguishable
periods of time over which performance accrues and feedback is
available (Marks et al., 2001, p. 359).” They may be considered in
longer terms (e.g., quarterly sales goals and project phases) that may
comprise shorter terms or subepisodes (e.g., weekly sales targets and
1
Details regarding our review of literature citing and indexing one of more
Marks et al.’s (2001) dimensions are available from the ﬁrst author.

The manner in which team members proactively and reactively deal
with conﬂict
Activities that develop and maintain members’ motivation and
conﬁdence while working toward team goals
Activities that foster emotional balance, togetherness, and effective
coping with stressful demands and frustration

Paying attention to, interpreting, communicating information
necessary for team to gauge progress toward its goals
Tracking team resources and factors in the team environment to
ensure that the team has what it needs to accomplish its goals and
objectives
Members assisting others in the performance of their tasks (by
providing feedback or coaching, or by assisting with the task itself)
The process of synchronizing or aligning members’ actions

Identiﬁcation and evaluation of team tasks, challenges,
environmental conditions, and resources available for performing
team’s work
Activities centered on the identiﬁcation and prioritization of team
goals
Developing courses of actions, contingency plans, making
adjustments to plans in light of changes, or expected changes in
environment

Definitions

Down N = 2
Drama N = 3

Care N = 374

Shot N = 4

Treat/Shoot
N = 4/6

Next
N=2
Bleeding
N = 64
Saw
N=1

Back N = 1

Who’ll N = 5

Sample 3
(N = 4/16)a

Received N = 3

Page
N=1

Log N = 4

Sample 2
(N = 80)

Enjoy N = 118

Mediate
N = 64
Assure N = 110

Align
N = 62
Enemy N = 3

Can-you N = 5

Assist N = 78
Co-operate
N = 63
Do N = 398

Approach
N = 79
Charge N = 133

Accomplish
N = 97
Replenish N = 120

Procedure N = 345

Dock N = 7

Location N = 6

Objective N = 23
Alternatives N = 81

Protect N = 6

Sample 1
(N = 301)

Purpose N = 41

Generic
(N = 1,912)

Note. Table presents positive words generated for each dictionary. Words in columns 3 through 6 are select example words for generic and supplemental dictionaries. The N below each example word reﬂects
the numbers of words for that subdimension that exist in each dictionary.
a
Italicized fonts in Sample 3 represent 16 “opt-out” words that have different meanings in that setting and were consequently excluded.

Higher order—interpersonal

Affect management

Motivation and conﬁdence building

Interpersonal processes
Conﬂict management

Higher order—action

Coordination

Team monitoring and backup behavior

System monitoring

Higher order—transition
Action processes
Monitoring progress

Strategy formulation

Goal speciﬁcation

Transition processes
Mission analysis

Dimensions

Table 1
Example Terms From Team Process Dictionaries
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project tasks). Notably, teams likely perform multiple tasks that vary
in duration such that they are concurrently engaging in different
activities for one task than they are for other tasks (see Marks et al.,
2001, Figure 1, p. 361). Although episode durations may vary, the
important point is that they focus members’ attention on the preparation and execution periods of activities.
Herein, we describe the process we used to develop word
dictionaries for each of the dimensions, assess their content
validity, and then, explore their convergent and discriminant
validity versus SME hand-coded ratings of team communication
transcripts, and SME ratings of video-recorded team interactions
using Samples 1 and 2. In Sample 3, we then illustrate their use in a
high-ﬁdelity mass casualty incident exercise as well as their
integration with wearable sensor badges to model dynamic networks of team interactions.

Dictionary Development
Short et al. (2010) advanced a method to develop construct valid
CATA dictionaries. Given that we are beginning with a wellestablished conceptual framework, we adopted their deductive
approach which entails as follows: (a) generating potential words
for each dimension; (b) assessing the content validity of the words
using SMEs; and (c) assessing the external validity of the resulting
dictionaries. In our case, we conduct MTMM analyses of the
dictionaries as compared to the SME hand-coded scoring of transcripts and a different set of SMEs’ ratings of team processes based
on video recordings and using Behaviorally Anchored Rating Scale
(BARS). As detailed below, similar to the strategy advocated by
Mathieu et al. (2020), as we seek to develop dictionaries for each of
the 10 lower-order constructs articulated by Marks et al. (2001), we
also identify methods to index the three higher-order constructs. In
this manner, we develop methods to index team process at differing
levels of ﬁdelity or granularity for different research purposes.
We should mention two general themes before detailing our
procedure. First, as noted by Short et al. (2018), many words may
be viewed as indicators of different constructs, especially when the
constructs are themselves highly related, such as the lower-order
dimensions within each of Marks et al.’s three higher-order dimensions. For instance, the word prepare would clearly describe a team’s
transition processes but might also relate to mission analysis, goal
speciﬁcation, and/or strategy formulation and planning. In contrast,
the word plan would more clearly belong to the last lower-order
dimension (strategy formulation and planning). Hence, both during
the word generation phase and later when reviewing word categorizations, words that clearly mapped to a single lower-order dimension
were designated accordingly (Colquitt et al., 2019). In contrast,
words that appeared to relate to multiple lower-order dimensions
(e.g., conﬂict management and affect management) within the same
higher-order dimension (i.e., interpersonal processes) were categorized as direct indicators of the higher-order construct. Other words
that lapsed across different higher-order constructs (e.g., teamwork)
were designated to an overall category.
A second guiding theme concerned the generality versus speciﬁcity
of particular words. For instance, the word energy may describe
members’ motivational processes, a patient’s or opponent’s condition
that should be considered during planning, or a vital resource (e.g.,
power consumption) that needs to be monitored during action processes. Therefore, we developed generic team process dictionaries
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designed to be widely applicable across team contexts with the
expressed intent that they would be supplemented and customized
for different team types or situations. The supplements feature idiosyncratic words and phrases unique to those team settings, and words
that may connotate something other than their typical meaning.2

Content Validity
In creating the CATA dictionaries for generic team processes, the
second and third authors began with deﬁnitions for each of the 10
dimensions from the Marks et al.’s (2001) taxonomy along with
existing measures (e.g., Mathieu et al., 2020) to clarify the construct
domains. The authors then generated a list of words that describe
positive team processes at the lowest level of speciﬁcity (i.e., the 10
lowest-order dimensions). Once these words were generated, the
authors used a thesaurus (www.thesaurus.com) to seek out synonyms and antonyms of each of the initially generated words. These,
in turn, were used to identify additional potential words, and the
iterations varied for each word until the synonyms and antonyms
were redundant. This process resulted in 2,518 words with some of
the words repeated across lower-order dimensions. An additional
123 supplemental words were generated using frequency counts
from pilot team transcripts from our three samples described below.
Team process-related words that were deemed to be generic, rather
than context speciﬁc, were subsequently added to the original word
lists. After 416 repeated words were removed, a total of 2,225 words
remained.
Next, seven different SMEs including the fourth and eighth
authors were asked to categorize each word into any of the 10
lower-order dimensions that they thought it best corresponded to. If
the word did not ﬁt into only one lower-order dimension, they were
allowed to place it into multiple ones. Following Anderson and
Gerbing’s (1991) procedures, we calculated coefﬁcients of substantive validity (Csv) for each of the generated words. Csv values
represent the percentage of time a given word was categorized as
belonging to its intended category as compared to the next most
frequently used category (see Anderson & Gerbing, 1991; Colquitt
et al., 2019). We retained words that had a Csv greater than .50 with
their intended categories. Words that did not achieve the threshold
for a lower-order category, but did meet it for a higher-order
category, were in turn categorized into the corresponding
higher-order category. Words with Csv ≤ .50 were revisited by
the ﬁrst two authors and one of the SMEs who assisted in the
sorting task, who sought consensus concerning their placement.
They agreed on the placement of 464 words and removed 120
words that were deemed as not ﬁtting into any team process
category. This process yielded 1,879 words that were further
reviewed by the ﬁrst two authors as a ﬁnal check. They removed
79 words that they believed were ambiguous resulting in a ﬁnal list
of 1,800 words that we dubbed Version 1.0. Table 1 includes
example words that are representative of the 10 lower-order
2

When using the context-speciﬁc plugins, the context may alter the
categorization of certain words. Consequently, we recategorized or removed
words from the generic dictionary in certain instances for Samples 1 through 3.
For Sample 1, 32 words were recategorized (e.g., Abandon, Enemy, and
Fought). For Sample 2, 10 words were recategorized (e.g., Accident, Pain,
and Sensitive). For Sample 3, 42 words were recategorized (e.g., Pain, Scream,
and Terror).
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dimensions, as well as the three higher-order dimensions of the
Marks et al.’s (2001) team process taxonomy.
We next began using these words in three different applications
and creating additional speciﬁc supplements for use in each
environment (as detailed below). As our exemplar construct
features an established framework, we ﬁrst adopted a deductive
approach, and then turned to an inductive supplement by exploring words existing in various prepublished dictionaries, which
had potential for nomological overlap with our target categories
(i.e., Hart et al., 2015; Pennebaker et al., 2015). Jointly with the
unique applications and existing dictionaries, we generated an
additional 1,504 words and categorized them accordingly using
consensus among the third author and two previously unused
SMEs. Consequently, Version 2.0 features 3,304 total words
across 10 lower-order, 3 higher-order, and 1 overall dimension
of the Marks et al.’s (2001) team process taxonomy. For the
purposes of the current application, we set aside negative words
as well as words referring to the overall team processes dimension, which resulted in a total of 1,912 context-generic terms.3
These positive context-generic terms from the Version 2.0 dictionary (with supplements described below) were used for all
three empirical examinations.

Empirical Investigations
Video-based observational methods enable raters to watch a
sequence of activities, multiple times if necessary, and derive an
overall impression of how the team executed different processes
(Christianson, 2018). Unfortunately, they are also prone to rater halo
effects, and performance cuing effects whereby observers may
attribute team processes based on readily available performance
information (McElroy & Downey, 1982). Observational ratings also
require substantial SME time commitment and necessitate video
recordings of team interactions, which may be intrusive and difﬁcult
to collect in many circumstances. SMEs’ hand-coding of team
transcripts also enables a deep understanding of team processes
in context, and the ability to review previous passages and see
communications in their full context. Because such coding is done
on a line-by-line basis, it is less prone to halo and performance cuing
effects and we consider it to be the “gold standard” by which to
gauge the convergent validity of our CATA scoring (Reed et al.,
2018). It is also the case that SME hand coding of transcripts is an
extremely laborious, time consuming, and expensive method to
index team processes. Accordingly, our primary research question is
as follows:
To what extent do CATA-scored transcripts of team processes correlate
with SMEs’: (a) ratings based on video-recordings and (b) hand-coded
transcripts?

Sample 1

(SD = 2.22), and was 60% Caucasian, 17% Hispanic, 14% African
American, and 9% “other.” Participants were randomly assigned to
50 three-person teams, and to one of three positions within each
team. These data represent a subsample of a larger investigation for
which complete data for all three measurement protocols (CATA,
hand-coding, and BARS) were available.

Experimental Task
Platform. The experimental platform was called Artemis,
which is a PC-based simulated space exploration task and required
collaboration and communication between team members. Speciﬁcally, Artemis is a multiplayer collaborative game where players
occupy different roles and must work together to travel from one
point to another, while potentially encountering obstacles or enemies. In our conﬁguration, each team consisted of three highly
interdependent members: (a) helm—primarily responsible for steering the ship and docking at space stations; (b) engineer—primarily
responsible for allocating ship’s energy, which is required for all
system functioning; and (c) weapons—primarily responsible for
managing defensive shields, and targeting and ﬁring upon enemy
ships. The primary coordination challenge for the team involved
allocating and balancing ship energy use to sustain the helm and
weapons needs.
Each participant was situated at a control center, which consisted
of a desktop computer, monitor, keyboard, and mouse that controlled the simulation tasks and communication system. Participants
wore microphone-equipped headsets and communicated through
networked channels via a push-to-talk system that allowed them
to speak with individual teammates or the entire team. All audio
communication and participants’ screens were recorded.
Missions. We scripted three 20-minute missions designed to test
teams’ processes in response to different environmental circumstances. These missions, therefore, constitute different self-contained
episodes of activity (Marks et al., 2001) and serve as the focal units
of analysis for our purposes. During the ﬁrst mission, teams were
tasked with traveling to, and successfully docking at, both an
intermediate and a ﬁnal base. They encountered two enemy ships
along the way. Participants earned points for navigating and docking
their ship, destroying enemy ships, and minimizing the damage that
they incurred.
The second mission involved rescuing a distressed ship that
needed help. Teams again had to navigate to and dock at the
intermediate base, at which time they were informed that they
need to ﬁnd and escort an allied ship. This unexpected requirement
served as stressor—an unexpected environmental challenge—that
required problem solving and decision making among members.
Along with escorting the allied ship, the team needed to destroy a
total of six abandoned bases using a speciﬁc weapons system to
successfully complete the mission. In short, the latter portion of this
mission was a complex and daunting task designed to test their

Participants
One hundred ﬁfty undergraduate students from subject pools of
two southeastern universities participated in the study (the University of Central Florida Institutional Review Board (IRB) Number:
SBE-13-09231, Composing and Developing Resilient, Adaptive,
and Self-Sustaining Teams for Long Duration Space Exploration).
The sample was 52% female, had an average age of 19.39 years

3
Short et al. (2018) also highlight an unresolved issue concerning the
polarity of constructs. In other words, whether words should be generated to
represent the content domain or its inverse, akin to negatively worded survey
items. We actually sought to generate both positively and negatively worded
item lists for each construct, and found that the negatively worded dictionaries were not negatively correlated with the positively worded dictionaries
and otherwise behaved other than what we anticipated. We return to this
point in the discussion.
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transition and action processes while taxing their interpersonal
processes.
For the third mission, the teams were again to navigate and dock
at an intermediate base, after which they were to travel to and dock at
a second base. However, exiting the ﬁrst base, teams entered a
nebula which undermined their navigation and defense capabilities
and they had to traverse through a mineﬁeld. They encountered
unexpected enemies while exiting the nebula prior to approaching
their ﬁnal base. In summary, the third mission presented complex
demands that the teams were not prepared for and, again, put a
premium on their team processes, but in a different manner than
experienced in the second mission.4

Procedure
Each experimental session ran approximately two and a half
hours including an initial training period and three episodes of game
play (i.e., missions). Training modules were designed to provide
participants with an overview of the game, the operations and
requirements of their respective roles, how to communicate with
other players, and how to read the game’s map. Participants were
also provided with a reminder information sheet for use during the
simulation. At the end of training, a quiz was administered to ensure
that all participants understood the simulation goals and how to
perform their role before proceeding, and all participants passed.

Measures
SME BARS Ratings. SMEs watched the audio and video
recordings and rated teams’ processes using 10 BARS corresponding to the 10 lower-order Marks et al.’s (2001) dimensions. The
BARS were rated using scales of one to ﬁve, with higher values
representing more effective processes. Raters were provided with
extensive frame-of-reference training to ensure they had a shared
understanding of the construct(s). Using pilot data, raters discussed
and clariﬁed ratings until they had reached an acceptable level of
interrater reliability. Each team-performance episode was randomly
assigned to be rated by two of three SMEs. We tested and found no
signiﬁcant coder differences in mean ratings, and their average
intercoder reliabilities were r = .87, p < .01; r = .89, p < .01; and
r = .50, p < .01 for transition, action, and interpersonal processes,
respectively. Therefore, we averaged the pairs of ratings, per episode, to index each team process. Notably, the 10 BARS were
highly correlated within higher-order processes, so we averaged
them to represent the higher-order constructs: (a) transition (3 items,
α = .92); (b) action (4 items, α = .94); and (c) interpersonal
(3 items, α = .90).
SME Hand-Coded Transcripts. Participants’ voice communications were recorded and transcribed into text documents. Following standard protocols (Reed et al., 2018), two trained graduate
student SMEs reviewed the transcripts and separated them into
stand-alone coherent statements. In other words, reading through the
transcripts in context, the SMEs sorted out passages from a given
member that contained multiple distinguishable thoughts in a single
exchange into separate lines, and combined multiple utterances or
statements that addressed or conveyed the same thought. This
represents a classic syntax-based approach to segment the communications and focuses attention on the smallest discriminable portion
of communication that observers can reliably classify (see Reed
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et al., 2018). Consequently, the resulting unit of analysis for communication coding became a single unique and meaningful thought
or comment. The sequencing of communications was not altered in
any way such that the resulting text revealed the ebb and ﬂow of
members’ conversations. The SMEs then read the transcripts and
coded each line of text into 1 of the 10 Marks et al.’s (2001) team
process dimensions or not. “Ninety-two percent of the statements
were coded in terms of team processes, whereas 8% were deemed to
refer only to task information or were not codable.” Coder calibration, interrater reliability, and scoring protocols are described below.
SME Calibration and Interrater Reliability. For pilot coding
and SME calibration purposes, we used transcripts from 30 other
performance episodes that contained 3,200 lines of text. First, the
SMEs jointly reviewed a subsample of these pilot transcripts and
discussed how various statements aligned with the Marks et al.’s
10 substantive lower-order team process dimensions and how
those in turn mapped to the three higher-order process dimensions.
For example, statements concerning transition processes included
the following: (a) “Engineering, can you divert power from shields
and maybe that gives us a little bit of energy?” (mission analysis);
(b) “Does anyone know what we’re supposed to do when we go
through a nebula?” (goal speciﬁcation); and (c) “Helm, let me
know if you see any asteroids or anything, for the shields” (strategy
formulation and planning). Example statements for action processes included the following: (a) “We’re like halfway there,
almost” (monitoring progress toward goals); (b) “Warp is now
at 50%” (systems monitoring); (c) “I’m giving you additional
power on the warp” (team monitoring and backup behavior); and
(d) “Okay helm, what we’re gonna do is we’re gonna go all the way
left until into A-1 and we’re just gonna go straight down all the way
to E-1” (coordination). Example statements for interpersonal
processes included the following: (a) “That’s my fault I’m sorry”
(affect management); (b) “Oh god, we can do it. We can do it, we
can do it. It’s easy. We got it, we got it.” (motivation and
conﬁdence building); and (c) “I’ve heard that before that’s not
helping though” (conﬂict management).
Using the 10 lower-order Marks et al. dimensions as categories,
the two SMEs evidenced 79% exact agreement, which yields a
kappa interrater reliability coefﬁcient of k = .77, p < .001. Kappa
represents the percentage of times SMEs classiﬁed statements as
belonging to the same dimension minus the percentage of chance
agreement (10%), divided by 1 minus the chance percentage.
Generally, Kappa values .4–.6 are considered as fair, .6–.8 as
substantial, and >.8 as very good (Landis & Koch, 1977). Most
of the SMEs’ disagreements herein, however, were for classiﬁcations that were clustered within the three higher-order dimensions.
When using the three higher-order dimensions as categories, the two
SMEs had 91% exact agreement and a k = .87, p < .001.
4

For purposes of evaluating the psychometric properties of our measures,
we consider the team episodes to be independent samples of team functioning that can be evaluated using multiple methods. For instance, we intentionally had the BARS coders watch episodes out of sequence and even
mixed teams so as to minimize any carry over effects. Whereas the transcript
coders saw the entire episode communications so that they could fully
appreciate context within each episode, they too were assigned team
transcripts in more of a random fashion to minimize temporal effects.
Thus, we believe that treating each scored team episode as an independent
observation of a team activity is reasonable for testing psychometric
properties and MTMM relations.
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LIWC counts the number of times words corresponding to speciﬁc
dictionaries are mentioned in a given corpus. To align with the
BARS and SME hand-coded scores, we aggregated the lower-order
scores per higher-order dimension to form composites. Notably,
these also included the scores for the words used as direct indicators
of the second-order dimensions. The omega reliabilities for our unit
weighted second-order CATA composites were as follows:
(a) transition (4 indicators) ω = .76; (b) action (5 indicators)
ω = .69; and (c) interpersonal (4 indicators) ω = .66.

Accordingly, each SME then coded 50% of the 150 team performance episodes and discussed any questionable issues with the other
coder and reached consensus.
Given the overlap in word categorizations across Marks et al.’s
lower-order dimensions within the same higher-order dimensions,
and our desire to assess the convergent and discriminant validity
of scores at the more general level of granularity, we summed the
lower-order dimension scores to form transition, action, and interpersonal composites. Because count data are not presumed to yield
parallel indicators of a given domain (i.e., tau-equivalent measures),
we estimated the internal consistencies of these nonparallel (i.e.,
congeneric) measures (McDonald, 1999) using omega which were
as follows: (a) transition (3 indicators) ω = .67; (b) action
(4 indicators) ω = .63; and (c) interpersonal (3 indicators) ω = .68.
CATA-Scored Transcripts. In addition to generating and validating the generic team process dictionaries, the ﬁrst two authors
produced a custom supplement of dictionaries that corresponded to
the Artemis task. They ﬁrst generated a list of relevant terms from
the simulation documentation. Next, they conducted a frequency
analysis on the terms from the pilot team transcripts. The list of
words from these two approaches were then sorted into either the 10
lower-order dimensions, 3 second-order dimensions, or an overall
team process dimension, resulting in 301 additional task-speciﬁc
words that did not overlap with the generic list. The 150 team
process episodes were analyzed using the CATA software Linquisitc Inquiry and Word Count (LIWC) 2015 (Pennebaker et al.,
2015) with the combination of the generic- and task-speciﬁc
team process dictionaries. Similar to other CATA software,

Sample 1 Results
We present descriptive statistics and correlations among the three
second-order team process dimensions, each measured using the three
different methods shown in Table 2. Of particular interest are the
outlined validity diagonals where the same traits (i.e., process dimensions) are measured by different methods. Notably, the average
dimensional correlations between BARS-rated and SME hand-coded
transcripts were signiﬁcant (r = .25, p < .01), as were those between
the BARS and CATA-scored dimensions (r = .32, p < .001). Most
encouraging, however, was the average correlation of r = .76, p <
.001 between hand-coded and CATA-scored transcripts.
The validity diagonals yielded correlations supportive of convergent validity across methods as they were both signiﬁcant and
sufﬁciently large to encourage further examination (Campbell &
Fiske, 1959). Although the MTMM approach developed by
Campbell and Fiske (1959) can be informative, it has been criticized
for (a) not accounting for the lack of independence of correlations

Table 2
Sample 1 Descriptive Statistics and Correlations

Dimensions
1. Transition_B

1
(.92)

2. Action_B

.98*** (.94)

3. Interpersonal_B

.71*** .77**

(.90)

4. Transition_H

.08

-.03

2

.04

5. Action_H

.39

6. Interpersonal_H

.30*** .32***

***

.41

***

7. Transition_C

.39

8. Action_C

.32*** .34***

9. Interpersonal_C
10. % Women
11. Average Age
12. Ethnicity Blau
Means
Standard Deviations

.31

***

***

-.10
-.21*
-.18
2.95
.87

.39

***

***

3

4

5

6

7

8

9

10

11

12

B-H: Mean r = .25, p < .01

***

(.67)
***

B-C: Mean r = .32, p < .001

.29

.52

.26**

.52***

.72***

**

***

***

.26

.59

(.63)
(.68)
***

H-C: Mean r = .76, p < .001

.83

.68

(.76)

.23**

.63***

.90***

.67***

.89***

**

***

***

***

***

.34

.22

.06
-.27**
-.08
3.32
.81

-.08
-.13
-.23**
3.34
.62

.66

.15
.30**
-.17
13.67
13.42

.83

.80

.11
-.02
-.12
60.45
38.81

-.06
.05
-.05
18.30
16.75

.84

.02
-.00
-.08
36.32
27.82

(.69)
.89*** (.66)
.14
-.08
-.11
85.76
57.77

.02
.01
-.06
46.76
36.29

.10
.24**

.39***

-

19.45
1.72

50.97
30.26

.39
.24

Note. N = 150 Team Performance Episodes. *p < .05. **p < .01. ***p < .001.
B = SME BARS Ratings, H = SME Hand-Coded, C = CATA-Scored.
Rectangles highlight scale convergent validities with their averages provided in the three summaries on the right.
Numbers in parentheses represent reliability diagonal with Cronbach’s alpha for BARS and omega for Hand-Coded and
CATA-scored. See the online article for the color version of this table.
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Finally, we ﬁt a correlated-traits, correlated-methods model
[CTCM: χ2(14) = 30.85, p < .001; CFI = .988; SRMR = .084]
which yielded an acceptable model ﬁt that was signiﬁcantly better
than the UTCM model [Δχ2(3) = 68.63, p < .001] and the CTUM
model [Δχ2(3) = 26.68, p < .001]. These ﬁndings suggest that the
model including both correlated team process dimensions and correlated methods is warranted and ﬁts well. The factor loadings from the
CTCM model are shown in Figure 1. With the substantive relations
simultaneously modeled, the BARS ratings correlated nonsigniﬁcantly with both the hand-coded transcripts (Φ = −.12, ns) and the
CATA-scored transcripts (Φ = −.11, ns). Alternatively, the handcoded and CATA-scored transcripts were highly correlated (Φ = .85,
p < .001). The substantive loadings of the CATA scores on the three
team process dimensions were all substantial and signiﬁcant as
anticipated [i.e., transition: Γ = .38; action: Γ = .50; interpersonal:
Γ = .53, p < .05]. Interestingly, the latent correlations among the
process dimensions were large and highly signiﬁcant (i.e., Φs = .82,
.88, and .89, p < .001) and comparable in magnitude to those
reported by Mathieu et al. (2020) from surveys measures of team
processes. To test the discriminant validity of the process dimensions,
we ﬁt a second CTCM model constraining the correlation between the
latent transition and action processes (i.e., the highest of the three) to
1.0. This constrained model is nested in the CTCM model and
evidenced a signiﬁcantly worse [Δχ2(1) =11.47, p < .001] model
ﬁt [χ2(15) = 42.32, p < .001; CFI = .980; SRMR = .040]. Constraining other pairings of latent process dimensions against the
CTCM model yielded signiﬁcantly worse model ﬁts as well. Thus,
although highly correlated suggesting the presence of methods variance, the latent team process dimensions do evidence signiﬁcantly
discriminant validity. Following Cote and Buckley’s (1987) procedure to partition variance in the CTCM model, our analysis revealed
that 49.72% of the total variance was attributable to team process
dimensions, 46.83% to methods, and 3.45% to random error.

used in various comparisons; (b) lacking precise estimates of the
amounts of trait- and method-related variance; and (c) not accounting for the distortion of correlations based on the measures’
reliability (Widaman, 1985). As such, we performed a more rigorous
test of the measurement properties using a series of nested conﬁrmatory factor analyses (CFAs) of the MTMM correlations shown
in Table 2 following Widaman’s (1985) study. Note that Table 2
includes correlations with some team demographic composition
variables for completeness that we do not consider further. We show
a summary of our model comparisons in Table 3. We interpreted
model ﬁt using the standardized root mean square residual (SRMR)
and the comparative ﬁt index (CFI; Bentler, 1990), and include
chi-square values that are useful for comparing the ﬁt of nested
models. Following Mathieu and Taylor’s (2006) recommendations,
we consider models with: CFI values <.90 and SRMR values >.10
as deﬁcient, those with CFI ≥.90 to <.95 and SRMR >.08 to ≤.10 as
acceptable, and those with CFI ≥.95 and SRMR ≤.08 as excellent.
Whereas traditionally MTMM applications are intended to test
distinct traits and methods, in our case, we anticipated that both traits
(i.e., team processes) and methods (i.e., SME BARS ratings, SME
hand-coding, and CATA scoring) would be signiﬁcantly correlated
(Lance et al., 2002). Previous research has demonstrated that team
processes are highly interrelated (Mathieu et al., 2020), and we are
interested in how well the CATA scoring correlates with the SME handcoded transcripts and with the video-based BARS ratings. Accordingly,
we follow a model building protocol comparing nested CFA models to
make those contrasts (see Cote & Buckley, 1987; Widaman, 1985).
First, we ﬁt an uncorrelated-traits uncorrelated-methods (UTUM)
null model [χ2(20) = 345.69, p < .001; CFI = .716, SRMR =
.335], which evidenced a deﬁcient model ﬁt but serves as a baseline
comparison. Second, we ﬁt an uncorrelated-traits, correlatedmethods model [UTCM: χ2(17) = 99.48, p < .001; CFI = .941;
SRMR = .064], which evidenced an acceptable model ﬁt and
was signiﬁcantly better than the UTUM model [Δχ2(3) = 246.21,
p < .001]. The UTCM versus the UTUM contrast provides evidence that there are signiﬁcantly correlated methods of measurement. Third, we ﬁt a correlated-traits, uncorrelated-methods model
[CTUM: χ2(17) = 57.53, p < .001; CFI = .971; SRMR = .077],
which also exhibited an acceptable ﬁt that was signiﬁcantly better
than the UTUM model [Δχ2(3) = 288.16, p < .001]. This contrast is
consistent with the expectation that the team process dimensions
would be signiﬁcantly correlated.

Summary
The ﬁndings from Sample 1 bode well for the use of CATA
scoring of team processes. Using a deductive content validity-based
approach, we developed generic and speciﬁc dictionaries for the 10
lower-order Marks et al.’s (2001) dimensions, along with 3 dictionaries corresponding to their higher-order dimensions. SMEs’
BARS ratings of team processes exhibited during 150 episodes

Table 3
Alternative Sample 1 Multitrait Multimethod (MTMM) Model Tests
Modela
1.
2.
3.
4.

UTUM
UTCM
CTUM
CTCM

Traits
3
3
3
3

Uncorrelated
Uncorrelated
Correlated
Correlated

Methods
3
3
3
3

Uncorrelated
Correlated
Uncorrelated
Correlated

χ2

DF

CFI

SRMR

Δχ2

345.69***
99.48***
57.53***
30.85***

20
17
17
14

.716
.941
.971
.988

.335
.064
.077
.084

—
246.21***b
288.16***b
68.63***c
26.68***d

Note. N = 150 team performance episodes; DF = Degrees of Freedom; CFI = Comparative Fit Index; SRMR = Standardized Root Mean Square Residual;
UTUM = uncorrelated-traits, uncorrelated-methods; UTCM = uncorrelated-traits, correlated-methods model; CTUM = correlated-traits, uncorrelatedmethods model; CTCM = correlated-traits, correlated-methods model.
a
Fixed hand-coded transition and interpersonal, computer-aided text analysis (CATA) transition residual variances @ .00001.
b
Versus model 1, ΔDF = 3.
c
Versus model 2, ΔDF = 3.
d
Versus model 3, ΔDF = 3.
** p < .01. *** p < .001.
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Figure 1
Sample 1 Model 4 Conﬁrmatory Factor Analysis (CFA) Results

Note. Trans = Transition Processes; Act = Action Processes; Inter = Interpersonal Processes.
BARS (B) = Behaviorally anchored ratings scales; HC(H) = Hand-coded transcripts; CATA =
Computer-aided text analysis.
N = 150 Team Performance Episodes; χ2(14) = 30.85***; comparative ﬁt index (CFI) = .988;
standardized root mean square residual (SRMR) = .084.
* p < .05. ** p < .01. *** p < .001.

evidenced signiﬁcant correlations with CATA scoring of those
interactions yet were nonsigniﬁcant when measurement factors
were accounted for in the MTMM analyses. In contrast, the convergent validity of the CATA scoring with the time intensive and
high ﬁdelity “gold standard” SME hand-coding of team transcripts
was signiﬁcant, both in terms of correlations, and when modeled in
the MTMM analyses (i.e., Φ = .85, p < .001).
Although the ﬁndings chronicled above are encouraging,
the observed correlations among the three higher-order Marks
et al.’s (2001) dimensions were high and comparable to those found
with survey measures (cf., Mathieu et al., 2020). These results may
be attributable, at least in part, to the fact that all scorings were done
from teams completing action phases of their task. In other words,
teams conducted minimal transitional activities as they received
mission brieﬁngs and objectives for each episode. Marks et al.
(2001) and Luciano, Mathieu, et al. (2018) have stressed that it
is important to assess team processes when they are actually
occurring rather than concurrently at any given time. In other words,
a better test of the construct validity of our measurement protocol
alignment with Marks et al.’s theoretical framework would be to
sample teams across transition and action periods and to discern
whether our CATA measures are sensitive to the ebbs and ﬂows of
different processes at different times. As such, Sample 2 was
designed to feature separate action and transition phases.

Sample 2
Participants
One hundred ﬁfty-six undergraduate students from a large southeastern university were randomly assigned to 52 three-person teams

and to one of three positions within each team (the University of
Central Florida IRB Number: SBE-12-08298, Team Member Interactions and Team Performance). Note that other (nonoverlapping)
data from this sample were featured in Bedwell’s (2019) study.
All participants received a cash stipend for their participation. The
sample was 56% female, with 59% identifying as Caucasian, 20% as
Latino/Hispanic, 16% as African American, and 5% distributed over
other categories. Ages ranged from 18 to 57 years, with most
participants (66%) ranging between 18 and 21.

Experimental Task
Teams engaged in a computer-based simulation set in an emergency room waiting area, ﬁlmed from a ﬁrst-person view. Actors
portrayed the role of doctors, other volunteers, and patients who were
scripted to act in a particular manner. Participants “interacted” with
the actors, simulating a real conversation even though it was recorded
video—essentially, the video would pause after an actor posed a
question to the participant and would only begin after the participant
ﬁnished speaking an answer (see Smith-Jentsch, 2007 for more
details). There were three participant roles: (a) Waiting Room Staffer;
(b) Records Staffer; and (c) Claims Staffer. The Waiting Room Staffer
interacted directly with the simulation, answering patient/staff questions, and responding to voicemails. The Records Staffer maintained
an employee tracking form and a patient log form. The Claims Staffer
completed an insurance claim form for patients, a complaint form (for
formal complaints made against hospital employees), and received
patient details from the admittance department (aka, experimenter) via
chat. Performance was based on the degree to which participant teams
correctly triaged all patients (i.e., rank ordered them as to who should
be seen ﬁrst, second, etc.). Given that each position held unique
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(α = .49). Notably, the interpersonal process BARS showed very
little variance attenuating their internal consistency estimate. The
BARS higher-order dimension descriptive statistics and intercorrelations are shown in Table 4.
SME Hand-Coded Transcripts. As with Sample 1, two SMEs
ﬁrst reviewed the transcripts and separated them in terms of standalone coherent statements for analysis. For pilot coding and SME
calibration purposes, we used transcripts from six performance
episodes that contained 1,251 lines of text. The SMEs jointly
reviewed a subsample of these pilot transcripts and discussed
how various statements aligned with the Marks et al.’s 10 substantive lower-order team process dimensions and how those in turn
mapped to the three higher-order process dimensions. For example,
statements concerning transition processes included the following:
(a) “Ok, so who wants to be the backup for the claims volunteer or
staffer?” (mission analysis); (b) “Let’s do, um, ﬁle formal complaints. And make insurance claim or ﬁll insurance claim forms.”
(Goal speciﬁcation); and (c) “How are we going to do that?”
(strategy formulation and planning). Example statements for action
processes included the following: (a) “Yeah, he did one.” (monitoring progress toward goals); (b) “Did you get this list of patients.?
(systems monitoring); (c) “Want me to take on the coda work
sheet?” (team monitoring and backup behavior); and (d) “You
are ﬁlling out the date of birth and stuff like that?” (coordination).
And, example statements for interpersonal processes included the
following: (a) “Aw you’re crying.” (affect management); (b) “Let’s
do this!” (motivation and conﬁdence building); and (c) “Well yeah
we have to talk about it as a team.” (conﬂict management).
The SMEs then independently rated 475 pilot statements. Using
the 10 lower-order Marks et al.’s dimensions as categories, the two

information about patients, successful team performance required
effective information sharing among team members.
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Procedure
Each experimental session ran approximately two and a half
hours including an initial training period and a simulated scenario
with transition and action phases. Participants were shown a training
video (i.e., a voice-enhanced PowerPoint) that described the simulation, their roles, and associated tasks. Using a provided worksheet,
teams engaged in a 15-min planning (i.e., transition) period, after
which they completed an action phase. Forty-two of our sample
teams had complete information available for both phases, yielding
84 episodes. An additional 10 teams completed a second round of
the simulation which yielded another 40 episodes, and therefore,
124 episodes in total for analysis purposes.

Measures
SME BARS Ratings. Two SMEs discussed the coding strategy
and then both independently rated 10% of the video-recorded
experimental sessions. Based on this sample, we tested and found
no signiﬁcant coder differences in mean ratings, and their average
intercoder reliabilities were r = .92, p < .001; r = .67, p < .01;
and r = .75, p < .001 for transition, action, and interpersonal
processes, respectively. Therefore, we averaged the pairs of ratings,
per episode, to index each team process, and each SME rated 50% of
the remaining episodes, and discussed any questionable instances.
The 10 BARS ratings represented three higher-order processes:
(a) transition (α = .83); (b) action (α = .78); and (c) interpersonal
Table 4
Sample 2 Descriptive Statistics and Correlations
Dimensions
1. Transition_B

1
(.83)

2

3

2. Action_B

–.01

(.78)

3. Interpersonal_B

.22*

.17

4. Transition_H
5. Action_H
6. Interpersonal_H

.60

***
**

–.57
.19

*

7. Transition_C

.18

*

8. Action_C

4

5

6

7

8

9

11

12

B-H: Mean r = .40, p < .001
(.49)

**

–.27

***

.32

-.01
**

.01

(.65)

–.00
***

.28

*

***

B-C: Mean r = .30, p < .01

–.84

(.60)

.16

–.02

(.60)
**

H-C: Mean r = .32, p < .001

.27

.18

.14

.11

.25

–.07

.35***

.25**

–.17

.41***

.22*

.80***

(.69)

9. Interpersonal_C

.11

.37***

.36**

–.01

.24**

.42***

.79***

.81*** (.75)

10. % Women
11. Average Age
12. Ethnicity Blau

–.11
–.03
–.03
3.45
.53

–.03
.07
.18*
3.60
.67

.04
–.17
.22*
3.44
.47

.05
.06
.07
33.26
46.53

.15
.08
.10
.19*
–.03
–.08
–.20* –.21*
**
.12
.27
.14
.12
34.28 13.27 44.93 85.19
49.88 20.72 29.89 50.25

Means
Standard Deviations

10

(.80)

.24**
–.23*
.22*
54.12
37.30

–
–.05
.20*

–
.13

.55
.29

21.56
2.61

–
.44
.20

Note. N = 124 Team Performance Episodes. * p < .05. ** p < .01. *** p < .001.
B = SME BARS Ratings, H = SME Hand-Coded, C = CATA-Scored.
Rectangles highlight scale convergent validities with their averages provided in the three summaries on the right.
Numbers in parentheses represent reliability diagonal with Cronbach’s alpha for BARS and omega for Hand-Coded and CATA-scored.
See the online article for the color version of this table.
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SMEs evidenced 49% exact agreement, which yields a kappa
interrater reliability coefﬁcient of k = .43, p < .001. Most of the
disagreements, however, were for classiﬁcations that were clustered
within the three higher-order dimensions. Using the three higherorder dimensions as categories, the two SMEs had 89% exact
agreement and a k = .84, p < .001. Of the total of 16,064 lines
of text, 92% were coded in terms of team processes, whereas 8%
referred to task information or were not codable.
Accordingly, each SME then coded 50% of the 14,779 lines of
text from the 124 team performance episodes and discussed any
questionable ones to reach consensus. We aggregated the lowerorder scores per dimension and task phase, and we calculated the
omega reliabilities as transition (3 indicators) ω = .65, action
(4 indicators) ω = .60, and interpersonal (3 indicators) ω = .60.
CATA-Scored Transcripts. We used Version 2 of the generic
CATA dictionaries along with a custom supplement of words that
corresponded to the task in Sample 2 generated by the ﬁrst two
authors. They began by generating a list of relevant terms from the
documentation on the waiting room simulation. Next, they conducted
a frequency analysis on terms expressed in the pilot transcripts. The
list of words from these two approaches were then sorted, using
consensus, into either the 10 lower-order dimensions, the 3 secondorder dimensions, or the overall team process dimension. This
resulted in an additional 80 task-speciﬁc words that did not overlap
with the generic list. Then, using the combined generic and customized dictionaries, the 124 team process episodes were analyzed using
the LIWC (Pennebaker et al., 2015) CATA software. The omega
reliabilities for our unit weighted second-order CATA composites
were as follows: (a) transition (4 indicators) ω = .80; (b) action
(5 indicators) ω = .69; and (c) interpersonal (4 indicators) ω = .75.

Sample 2 Results
Following the same analytic procedure as Sample 1, Table 4
shows descriptive statistics and correlations among Sample 2 variables. Validity diagonals reveal that the average correlations for the
corresponding BARS-rated–SME hand-coded transcripts (r = .40,
p < .001), the BARS–CATA-scored dimensions (r = .30,
p < .01), the hand-coded-CATA-scored transcripts averaged (r = .32,
p < .001) were all signiﬁcant. The zero order correlations also suggested the likely presence of methods effects, particularly among the
SME hand-coded and CATA-scored transcripts.

Moving to the MTMM–CFA analyses shown in Table 5, the
UTUM null model [χ2(19) = 135.51, p < .001; CFI = .819;
SRMR = .165] evidenced a deﬁcient model ﬁt. Both the UTCM
model [χ2(16) = 80.12, p < .001; CFI = .900; SRMR = .120] and
the CTUM model [χ2(16) = 66.62, p < .001; CFI = .921; SRMR =
.125] exhibited signiﬁcantly better ﬁt as compared to the UTUM
model [Δχ2(3) = 55.39, p < .001 and Δχ2(3) = 68.89, p < .001,
respectively], but were deﬁcient on the basis of their SRMR indices.
These contrasts provide evidence that the methods of measurement
were signiﬁcantly correlated with each other, as were the team
process dimensions with each other, respectively. Finally, the
CTCM model exhibited an excellent model ﬁt [χ2(13) = 18.95,
ns; CFI = .991; SRMR = .048], which was signiﬁcantly better
than the UTCM model [Δχ2(3) = 61.17, p < .001] and the
CTUM model [Δχ2(3) = 47.67, p < .001]. These ﬁndings suggest
that the model including both correlated team process dimensions
and correlated methods is warranted and ﬁts well. The factor
loadings from the CTCM model for Sample 2 are shown in
Figure 2. With the substantive relations simultaneously modeled,
the latent correlations between the BARS method and hand-coded
transcripts were not signiﬁcant (Φ = .16, ns), whereas both the
BARS and the hand-coded methods correlated signiﬁcantly with the
CATA-scored transcripts (Φs = .61 and .74, p < .001, respectively). The substantive loadings of the CATA-scored team process
dimensions were all substantial and signiﬁcant as anticipated
[i.e., transition: Γ = .91; action: Γ = .90; interpersonal: Γ = .89,
p < .001]. The CTCM model revealed that 40.19% of the total
variance was attributable to team process dimensions, 42.20% to
methods, and 17.62% to random error.
Interestingly, the latent correlations among the process dimensions were nonsigniﬁcant between the interpersonal processes and
both transition (Φ = .21, ns) and action processes (Φ = −.18, ns),
but was quite large, negative, and signiﬁcant between the transition
and action processes (Φ = −.95, p < .001). Indeed, we ﬁt a second
CTCM method constraining the correlation between the latent
transition and action processes to 1.0, which did not differ
signiﬁcantly [Δχ2(1) = .72, ns] from the original CTCM model
and evidenced excellent ﬁt [χ2(14) = 19.67, ns; CFI = .991;
SRMR = .043]. Most likely this ﬁnding is attributable to the fact
that teams were performing either dedicated planning or action
episodes, which accounts for the exceptionally high negative

Table 5
Alternative Sample 2 Multitrait Multimethod (MTMM) Model Tests
Modela
1.
2.
3.
4.

UTUM
UTCM
CTUM
CTCM

Traits
3
3
3
3

Uncorrelated
Uncorrelated
Correlated
Correlated

Methods
3
3
3
3

Uncorrelated
Correlated
Uncorrelated
Correlated

χ2

DF

CFI

SRMR

Δχ2

135.51***
80.12***
66.62***
18.95

19
16
16
13

.819
.900
.921
.991

.165
.120
.125
.048

—
55.39***b
68.89***b
61.17***c
47.67***d

Note. N = 124 team performance episodes. DF = Degrees of Freedom; CFI = Comparative Fit Index; SRMR = Standardized Root Mean Square Residual;
UTUM = uncorrelated-traits, uncorrelated-methods; UTCM = uncorrelated-traits, correlated-methods model; CTUM = correlated-traits, uncorrelatedmethods model; CTCM = correlated-traits, correlated-methods model.
a
Fixed hand-coded action residual variances @ .00001.
b
Versus model 1, ΔDF = 3.
c
Versus model 2, ΔDF = 3.
d
Versus model 3, ΔDF = 3.
* p < .05. ** p < .01. *** p < .001.
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Figure 2
Sample 2 Model 4 Conﬁrmatory Factor Analysis (CFA) Results

Note. Trans = Transition processes, Act =Action processes, Inter = Interpersonal processes.
BARS (B) = Behaviorally anchored ratings scales; HC(H) = Hand-coded transcripts; CATA =
Computer-aided text analysis.
N = 124 Team performance episodes; χ2(13) = 18.95, ns; comparative ﬁt index (CFI) = .991;
standardized root mean square residual (SRMR) = .048.
* p < .05. ** p < .01. *** p < .001.

correlation. In contrast, both transition and action processes evidenced signiﬁcant discriminant validity from interpersonal
processes.

Summary
As with Sample 1, SMEs’ BARSs ratings and hand-coding of team
processes exhibited during 124 episodes evidenced signiﬁcant convergent validity with CATA scoring of those interactions. Again, in
the context of the MTMM analyses, the convergent validity of the
CATA SMEs’ hand-coding of team transcripts was high Φ = .74,
p < .001. Interestingly, the correlations among the team processes
were much different than those observed in Sample 1. Interpersonal
processes did not correlate signiﬁcantly with transition or action
processes, whereas the latter two evidenced a substantial negative
correlation. Given that we sampled teams in dedicated transition
(i.e., planning) or action (i.e., task execution) phases, these ﬁndings
are actually consistent with Marks et al.’s (2001) original conceptualization of episodic processes—that teams engage in different
processes over time associated with task requirements.
Whereas the ﬁndings from Samples 1 and 2 are supportive of the
use of CATA scoring of team communications, they were derived
from small teams of unfamiliar undergraduates performing shortterm laboratory tasks. Clearly, it is important to test the applicability
of these measurements with teams performing dynamic real-world
tasks, whose members know one another. Accordingly, Sample 3
was designed to provide such a test.

Sample 3
Sample 3 featured 13 paramedic trainees (hereafter paramedics)
from an emergency medical response academy who participated in

six live-actor simulations (referred to as scenarios) that each lasted
between 20.75 and 30.00 (M = 25.00, SD = 4.05) minutes, over the
course of a single day exercise. The data presented in this article
(mass-casualty incident [MCI] exercise code 1603) were part of a
broader data collection effort that involved several day-long training
exercises, conducted over several years, with different participants
completing different exercises (Arizona State University IRB #:
00004290, Exploring Multiteam Systems Dynamics in Emergency
Medical Response to Mass Casualty Incidents). In our analysis, we
ﬁrst examine our primary research question: To what extent do CATAscored transcripts of team processes correlate with SME ratings
(here, hand-coded transcripts). We then expand our investigation to
further illuminate the utility of CATA for exploring dynamic and
multilevel phenomenon. First, we examine team processes over time
by correlating episodic processes with their earlier counterparts from
the previous episode (i.e., Time-1) for each of our samples. Second,
Sample 3 provides an opportunity to explore the team process–
performance relationship over time by associating temporal
CATA measures of team processes with a dynamic criterion in a
longitudinal predictive design. Finally, we also score CATA measures at the individual level of analysis and leverage wearable sensor
data to illustrate how these measurement techniques can be used to
generate time-based, dynamic, social network representations of team
processes (Crawford & LePine, 2013).

Participants
The paramedics had been in class together one day per week for
nearly 12 months. Their mean age was 26.6 (SD = 6.8) years and
46% were female. They reported their ethnicities as White or
Caucasian (61.5%), Hispanic or Latino (23.1%), or other (15.4%).
Their education levels ranged from high school (23.1%), to
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associate (46.2%), or bachelor (30.8%) degrees. All participants
donned sociometric badges (Kim et al., 2012) that were used to
track their proximity to one another, and personal voice-recording
devices from which we generated individual time-stamped transcriptions of what each person said throughout the exercises. This
approach allowed us to examine individuals’ communication both
as a team and as networks of individuals.
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Task
The training exercise served as a capstone simulation for their
paramedic training program and featured the characteristics of
MCIs. MCIs are generally deﬁned as “any incident in which
emergency medical service resources, such as personnel and equipment, are overwhelmed by the number and severity of casualties”
(Mistovich et al., 2013, p. 302). The MCI exercise included six
scenarios throughout the day, three simulated multiple-motor vehicle incidents in the morning, and three simulated mass shooting
incidents in the afternoon. The exercise occurred in the area of
approximately 7,000 square feet that included several different
rooms in the academy’s building as well as part of an adjacent
parking lot. Emergency Medical Technician trainees at the academy
played the roles of patients (N = 15−16, per scenario) and “presented” symptoms associated with their respective scripted injuries,
which were further represented by a moulage artist. Additional
actors portraying different roles across scenarios (e.g., police ofﬁcers) were included with special effects (e.g., noise), to add realism.
The ultimate goal of each MCI is to provide urgent medical care
before transporting patients to their next medical care facility. The
paramedics were deployed in three four-member teams, a formal
leader and three members per team, and reported to a formal system
leader (i.e., incident commander, IC). The three teams per scenario
were as follows: (a) Triage—where the focus was to ﬁnd all patients,
accurately identify their medical conditions, and prioritize them for
treatment; (b) Treatment—which established an initial staging area
where patients were reassessed, received immediate care to stabilize
them, and were sequenced for transport; and (c) Transport—where
patients’ needs and resource availability (e.g., ambulances) were coordinated and patients were removed from the scene to one or more
hospitals. In effect, these teams worked as a small multiteam system
(MTS), which “are tightly coupled networks of teams that pursue at
least one shared superordinate goal in addition to their component
team goals” (Luciano, DeChurch, & Mathieu, 2018, p. 1066). Given
the sequential nature of operations, some members of triage and
treatment later joined subsequent teams as the last patients exited
from their areas of operations. Because of the uncertainty and
dynamic changes in environment throughout the scenarios, paramedics were required to actively revise their strategy, coordinate
their actions, and maintain morale.

Measures
Team Performance. Each scenario had 15 or 16 patients who
presented symptoms that ranged in severity from: (a) minor injuries;
(b) moderate injuries; (c) severe injuries; and (d) deceased. Protocol
dictates that severely injured (but still savable) patients should have
the highest processing priority, followed by those with moderate
injuries, then minor injuries, and ﬁnally the deceased (City of

Phoenix, 2000). Notably, moving patients in this sequence can
be directly linked to saving lives and limbs (Pollak et al., 2012).
In the exercise, patients’ level of injury severity was distributed
throughout the incident region. This created team challenges for
sequencing patients appropriately as it required participants to work
together to assess and track the status of all patients in order to
determine which patient should be addressed next (e.g., the severely
injured patient in the black sedan should be moved to Treatment
before the patients with minor injuries in the white truck). Consequently, as soon as patients arrived in a team’s area of operation, we
could calculate the accuracy of sequencing in each team’s area at any
given time. For example, if there were four patients present in the
Treatment area and one severely injured patient was not being
treated in the correct order (e.g., after a patient with minor injuries),
the performance score would be .75 (three correctly sequenced/four
total) at that time. We used a ratio of correctly sequenced patients
divided by total patients, as the number of patients in each team’s
area varied over time (from 1 to 16). Patients were present in each
team’s area between 9.50 and 23 minutes per scenario (M = 14.99,
SD = 3.46). This yielded 1,078 15-second segments, where performance scores ranged from 0 (completely incorrect) to 1.0 ( perfectly
sequenced) (M = .71, SD = .34).
SME Hand-Coded Transcripts. The 13 participants’ voice
recordings were converted into individual time-stamped transcriptions. We then created team interaction transcripts by combining the
transcripts of members of the same team at any given point in time.
Seven other SMEs reviewed the transcripts and separated them into
stand-alone coherent statements (N = 5,978 lines of text). Of these,
98.8% of the statements were coded in terms of team processes,
whereas 1.2% conveyed only task information or were not codable.
For pilot coding and calibration purposes, we used transcripts containing 1,818 lines.
First, the SMEs jointly reviewed a subsample of those pilot
transcripts and discussed how various statements aligned with the
Marks et al.’s (2001) 10 lower-order team process dimensions
and how those in turn mapped to the three higher-order process
dimensions. Once the coding protocol was set, pairs of the SMEs
independently coded each of the 1,818 lines of text into one of the
10 lower-order team process dimensions. Using these 10 dimensions
as categories, the SMEs evidenced 84.5% exact agreement, which
yields a kappa interrater reliability coefﬁcient of k = .83, p < .001.
Using the three higher-order dimensions as categories, the SMEs
had 91% exact agreement and a k = .86, p < .001. Accordingly,
SMEs then each coded 40%–50% of the 2,395 lines of text and
discussed any questionable ones with the other coder and reached
consensus.
CATA-Scored Transcripts. We employed a three-step
approach to develop the MCI CATA supplement. First, using transcripts from a different MCI exercise, we identiﬁed 923 frequently used
words. Second, we compared those words to our Generic Dictionaries
(Version 2) and found only four that were deemed as unique to the MCI
setting (i.e., treat, treating, triaging, and transporting—all higher-order
action process words). Third, we reviewed words in our generic
dictionaries that connote different meanings in an MCI context and
excluded 16 that had different meanings in this context. The transcriptions were analyzed using LIWC CATA software (Pennebaker et al.,
2015) and our generic Version 2.0 dictionaries as supplemented with
the MCI-speciﬁc module.
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reliabilities for the hand-coded scores across the 1-min episodes
were as follows: (a) transition (3 indicators) ω = .56, action (4
indicators) ω = .52, and interpersonal (3 indicators) ω = .53,
whereas the corresponding omegas for the CATA scores were as
follows: (a) transition (4 indicators) ω = .77, action (5 indicators)
ω = .48, and interpersonal (4 indicators) ω = .77. Notably, these
reliabilities’ values are highly restricted as compared to Samples 1
and 2 as they were derived from limited score ranges given the short
durations over which they are accumulated.

Sample 3 scoring of our hand-coded and CATA-scored transcripts
differed from Samples 1 and 2 in two important ways. First, we
sought to discern more focused or ﬁne-grained subepisodes of
activities. Marks et al.’s (2001) temporal framework submitted that
“Episodes’ durations stem largely from the nature of the tasks that
teams perform and the technology that they employ, and from the
manner in which members choose to complete work. Episodes are
most easily identiﬁed by goals and goal accomplishment periods” (p.
359). Accordingly, in Samples 1 and 2, we operationalized episodes
as associated with distinguishable experimental tasks. Yet, in an MCI
context, team activities were focused on ﬁnding, diagnosing, treating,
and transporting patients—many of which were being handled
simultaneously. Marks et al. (2001) submitted that episodes can
vary in length and consistency, and they may often be segmented
into subepisodes of more focused work that contributes to the larger
effort. Moreover, “teams have to multitask in order to manage several
performance episodes simultaneously (McGrath, 1991). Consequently, they often work in multiple performance episodes at a given
point in time, each with its constituent subgoals and episodes and with
its associated rhythms and sequence” (Marks et al., 2001, p. 360).
Given the theoretical prescriptions of Marks et al. (2001), it is
potentially valuable to index team processes in a more ﬁne-grained
time sensitive manner. Luciano, Mathieu, et al. (2018) argued that
“determining the appropriate temporal unitization requires exploring what the smallest meaningful samples of behavior, cognition,
or affect are necessary to yield valid snapshots of the construct,
which guides decisions as to how to aggregate the data over time”
(pp. 608–609). Based on a qualitative analysis of the pace of MCI
activities, we decided to index team processes per minute (N = 476
episodes).
Accordingly, we calculated hand- and CATA-scoring of participants’ communications per minute to score their 10 lower-order and
3 higher-order Marks et al.’s dimensions. The team-level omega

Sample 3 Results: Convergent and Discriminant Validity
Table 6 shows descriptive statistics and correlations among the
Sample 3 variables. SME hand-coded scores correlated signiﬁcantly
with the CATA-scored transcripts for all three process dimensions:
(a) transition: r = .53, p < .001; (b) action: r = .57, p < .001; and
(c) interpersonal: r = .38, p < .001, averaging r = .49, p < .001.
Because there are not sufﬁcient degrees of freedom to conduct
MTMM analyses with only three substantive and two method
dimensions, we used the corresponding hand-coded and CATAscored indices per Marks et al.’s dimension and estimated a threefactor model. This model exhibited excellent ﬁt indices [χ2(6) =
17.06, p < .01; CFI = .989; SRMR = .021]. As shown in
Figure 3, all indicators loaded signiﬁcantly on their intended latent
variables, ranging from Γ = .46, p < .001 to Γ = .89, p < .001,
averaging Γ = .70, p < .001. The correlations among the latent
variables were all signiﬁcant and large: (a) transition–action:
Φ = .93, p < .001; (b) transition–interpersonal: Φ = .74, p <
.001; and (c) action–interpersonal: Φ = .82, p < .001, averaging
Φ = .83, p < .001. We then ﬁt a two-factor model constraining the
correlation between the latent transition and action processes to
1.0, which ﬁt well [χ2(7) = 21.51, p < .01; CFI = .985; SRMR =
.023], but was signiﬁcantly worse [Δχ2(1) = 4.45, p < .05] than the

Table 6
Sample 3 Team Level Descriptive Statistics and Correlations

Dimensions

1

2

1. Transition_H

(.56)

2. Action_H

.37***
***

3

(.52)

5

.23

4. Transition_C

.53***

.54***

.22***

(.77)

.42

***

.57

***

.29

***

.65***

(.48)

.41

***

.52

***

.38

***

***

.46***

6. Interpersonal_C

6

H-C: r = .49, p < .001

3. Interpersonal_H

5. Action_C

.26

***

4

(.53)

.46

(.77)

Team-Level
Means

2.06

9.02

.59

4.10

5.05

2.91

Standard Deviations

2.31

7.14

1.22

4.16

4.65

2.74

Note. N = 476 Team Minute Episodes. * p < .05. ** p < .01. *** p < .001.
H = SME Hand-Coded, C = CATA-Scored.
Rectangles highlight scale convergent validities with their average provided in the summary on the right.
Numbers in parentheses represent reliability diagonal with omega for Hand-Coded and CATA-scored.
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Figure 3
Sample 3 Team-Level Three-Factor Model Results

Note. Trans = Transition processes; Act =Action processes; Inter = Interpersonal processes.
H = Hand-coded transcripts; C = Computer-aided text analysis.
Standardized Factor Loadings shown, p < .001.
Values from N = 476 team minute episodes.

three-factor model. Thus, although highly correlated, these ﬁndings provide evidence of the discriminant validity among the
process dimensions.
Team Processes Over Time. The MTMM analyses that we
conducted with Samples 1–3 compiled multiple instances where
indices of team processes were collected concurrently during the
same periods. Given that there were no dedicated planning and
action phases in either Sample 1 or 3, the correlations among their
three second-order team process dimensions were positive and quite
high. In contrast, transition and action processes exhibited strong
negative relations in Sample 2. On point, LePine et al. (2008)
submitted “we encourage future research to employ time-based
research designs whereby measures of different team processes
can be aligned with when they are anticipated to occur” (p. 297).
To shed light on the temporal nature of team processes, we
correlated episodic processes with their earlier counterparts from
the previous episode (i.e., Time-1) for each of our samples as shown
in Table 7. In other words, those correlations depict team process
relationships across adjacent episodes.
The three processes all intercorrelated with one another with
rs = .52–.69, p < .001 using Sample 1 data. Recall that these teams
were performing a series of action phases where they were provided
with information, goals, and strategies. Essentially these correlations
represent the consistency of team processes exhibited over a series

of action phases. In contrast, Sample 2 correlations showed less
consistency over time, which follows from the fact that they
performed qualitatively different functions over time—a dedicated
planning session (episode), followed by an action session (episode).
As shown, prior transition processes correlated positively with
subsequent action processes (r = .49, p < .01), which is in stark
contrast to their massive negative concurrent correlation (Φ = −95,
p < .001) seen in the MTMM analysis. These ﬁndings are consistent with the Marks et al.’s (2001) thesis that processes are linked
over time in an episodic fashion.
Sample 3 data evidenced a different pattern over time. Whereas
all three processes exhibited signiﬁcant consistency over time,
prior transition processes related positively to subsequent action
processes (r = .44, p < .001), and prior action processes related
positively to subsequent transition processes (r = .42, p < .001).
Consistent with Marks et al.’s (2001) thesis that teams simultaneously orchestrate multiple tasks that are not necessarily synchronized (i.e., treating patients in Sample 3), these ﬁndings
suggest that teams are engaging in an ongoing series of different
task episodes that do not necessarily align temporally. Interpersonal processes correlated the least with other processes in Sample
3, as the pace and consequences inherent in MCI environments
tended to overshadow interpersonal relations—at least in the
short term.

Table 7
Team Process Correlations Over Time Per Sample
Sample 1
Previous (T-1) Processes
Transition
Action
Interpersonal

Sample 2

Sample 3

Trans

Action

Inter

Trans

Action

Inter

Trans

Action

Inter

.65
.55
.52

.63
.56
.53

.69
.63
.69

.33
.36
.40

.49
.54
.55

.25
.29
.45

.49
.42
.33

.44
.46
.32

.32
.28
.31

Note. Table values are correlations across episodes. Trans = Transition, Inter = Interpersonal.
Sample 1 (N = 87) and Sample 3 (N = 449) correlations all p < .001.
Sample 2 (N = 62) correlations: >|.25|, p < .05; >|.33|, p < .01; >|.40|, p < .001.
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Team Process–Team Performance Over Time. Sample 3 also
enabled us to test CATA-scored team process–criterion-related validity relationships. Notably, however, previous ﬁeld research has
typically correlated one-time measures of team processes with concurrent or lagged outcome measures (e.g., Mathieu & Schulze,
2006). Several student-sample investigations have correlated a small
number of process and outcomes measures over episodes that each
ranged from around 15 to 20 minutes in laboratory settings (e.g.,
Marks et al., 2005), to perhaps a few weeks in class-related projects
(e.g., Mathieu & Schulze, 2006). However, as noted by Mathieu et al.
(2020), such designs aggregate either team processes or performance
that occurred over time (or both). Moreover, these designs either
preclude the opportunity to model dynamic relations or limit them to
the investigation of very few episodes. Sample 3 provides us with an
opportunity to model dynamic relations as called for by Kozlowski
(2015), Luciano, Mathieu, et al. (2018), and others.
Recall that earlier we established that team processes in this
context could be meaningfully indexed in one-minute intervals.
Accordingly, to preserve the temporal sequence of team processesoutcome relationships over time, we paired each 15-s outcome with
team processes scored from the preceding minute. For instance, the
team performance score for period 2–2:15 was paired with team
process scores from 1 to 2 minutes. The 2:15–2:30 team performance score was paired with team processes from 1:15 to 2:15, and
so on. The resulting descriptive statistics and correlations from these
data are shown in Table 8. Notably, transition, action, and interpersonal processes all evidenced signiﬁcant correlations with subsequent team performance (r = .29, .36, and .25, p < .001,
respectively). Although these correlations are markedly lower
than those reported in previous meta-analyses (LePine et al.,
2008), they are not inﬂated by method effects. The growth modeling
analyses described below accounts for the lack of independence of
these scores over time (Bliese & Lang, 2016).
The design for the criterion-related analyses is a three-level mixed
model. Level 1 represents a growth model with 1,078 team process–
outcome pairings over time. Moreover, this is a dual-discontinuous
change model (Bliese & Lang, 2016) whereby we control for both

overall scenario time, and time since the ﬁrst patient arrived in each
team’s area of operation. The former accounts for any general
developmental process over the course of the scenario, whereas
the latter is the more salient temporal factor for team operations.
These temporal pairings are nested in three teams (Level 2) which
were in turn nested in six scenarios (Level 3). Our analyses ﬁrst model
the dual-temporal factors introducing linear and quadratic trends for
each. We then introduce team size and scenario type (coded:
1 = motor vehicle accident; 2 = mass shooting) as covariates, followed by the linear relationships with team processes. We then
introduce team process by team time interactions, ﬁrst with the linear
parameter, and then with the quadratic parameter. Following the study
by Marks et al. (2001), our expectations were that transition processes
would be most predictive early and late during the performance
period, and action processes would be most predictive during the
middle period. We did not have any a priori expectations regarding
interpersonal processes over time given that Marks et al. (2001)
submitted that they could be salient both within and between episodes. We applied random coefﬁcients growth modeling techniques
in the form of the lme4 module in R (Bates et al., 2015) and employed
a modeling-building approach proposed by Bliese and Ployhart
(2002). These results are shown in Table 9. Because random coefﬁcient models do not yield traditional R2 estimates, we calculated a
pseudo ∼R2 using a method developed by Kreft and de Leeuw (1998).
Baseline analyses revealed that 37% of team performance variance
occurred over time, 63% resided across teams, and 0% existed across
scenarios. Regressing performance on to the temporal trends evidenced signiﬁcant negative linear [b = −.22, SE = .11, p < .05] and
positive quadratic effect [b = .14, SE = .03, p < .01] for scenario
time, and a nonsigniﬁcant linear [b = −.55, SE = .41, ns] and
positive quadratic effect [b = .99, SE = .17, p < .01] for team
time (Model 1). Adding the two covariates in Model 2 revealed
that performance was lower in the mass shooting scenarios
[b = −.14, SE = .05, p < .05] and better when greater numbers of
team members were present [b = .05, SE = .01, p < .01]. Introducing the team processes illustrated that only action processes [b = .02,
SE = .01, p < .01] had a signiﬁcant linear effect (Model 3). Adding

Table 8
Sample 3 Criterion-Related Validity Correlations
Variables
a

1. Scenario time
2. Team timea
3. Scenario typeb
4. Team sizec
5. Team performance
6. Transition processes
7. Action processes
8. Interpersonal processes
9. % Women
10. Average age
11. Ethnicity Blau
Team-Level
Mean values
Standard deviations

1

2

3

4

5

6

7

8

9

10

11

—
.80
.08
.00
−.08
−.05
−.01
−.05
−.11
.03
−.08

—
−.07
.35
.04
.19
.23
.16
−.23
.08
.04

—
−.09
−.40
−.12
−.32
−.17
−.14
.01
−.11

—
.46
.53
.56
.48
−.07
−.13
.55

—
.29
.36
.25
.07
−.02
.28

—
.60
.41
−.04
.05
.27

—
.41
−.01
.04
.30

—
−.03
−.04
.28

—
−.21
.12

—
−.29

—

53.30
26.33

32.28
20.32

1.47
.50

4.96
3.43

.71
.34

1.60
2.14

1.88
2.33

1.06
1.42

.46
50.21

27.02
3.93

.42
.20

Note. N =1,078 Observation Periods. Correlations > |.07|, p < .05; > |.08|, p < .01.
a
Scaled as 15-second intervals.
b
1 = Motor vehicle accident, 2 = Mass shooting.
c
Per observational period.
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Table 9
Sample 3 Team Processes–Team Performance Growth Modeling Results
DV = Team Performance
Predictors

Model 1
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a

1. Scenario linear time
2. Scenario quadratic timea
3. Team linear timeb
4. Team quadratic timeb
5. Scenario typec
6. Team sized
7. Transition processes
8. Action processes
9. Interpersonal Processes
10. Transition × Team Linear
11. Action × Team Linear
12. Interpersonal × Team Linear
13. Transition × Team Quadratic
14. Action × Team Quadratic
15. Interpersonal × Team Quadratic
Δ ∼ R2
∼R2

−.22
.14
−.55
.99

(.11)*
(.03)**
(.41)
(.17)**

4.97**
4.97**

Model 2
−.12
.13
−.92
.97
−.14
.05

Model 3

(.09)
(.03)**
(.34)**
(.16)**
(.05)*
(.01)**

25.29**
30.26**

−.12
.13
−.94
.99
−.14
.04
−.01
.02
.01

(.09)
(.03)**
(.34)**
(.16)**
(.05)*
(.01)**
(.01)
(.01)**
(.01)

.37*
30.63**

Model 4
−.12
.13
−.97
1.02
−.14
.04
−.03
.05
−.01
.06
−.09
.03

(.09)
(.04)**
(.35)**
(.20)**
(.05)*
(.01)**
(.02)
(.02)**
(.01)
(.04)
(.04)*
(.03)

.33
30.96**

Model 5
−.13 (.09)
.14 (.04)**
−.99 (.34)**
1.09 (.19)**
−.14 (.05)*
.04 (.01)**
−.06 (.02)**
.02 (.02)
−.01 (.01)
.29 (.12)*
.17 (.12)
.03 (.03)
−.25 (.15)†
−.27 (.15)†
−.15 (.14)
1.87**
32.83**

Note. Table values are unstandardized estimates, with standard errors within parentheses.
N = 1,078 observation periods nested in 3 teams and 6 scenarios.
a
Scaled as standardized 15-s intervals.
b
Scaled as 15-second intervals/100.
c
1 = Motor vehicle accident, 2 = Mass shooting.
d
Per observational period.
†
p < .10. * p < .05. ** p < .01.

the team processes by time interactions to the equation revealed that,
again, only the action process by time interaction was signiﬁcant
[Model 4: b = −.09, SE = .04, p < .05]. A plot of this interaction
(not shown) revealed that action processes were more strongly related
to performance during initial team interactions and were less critical
over time. Finally, as shown in Model 5, we then tested whether the
three team processes by team quadratic time interactions would add
signiﬁcantly when introduced as a set. Although the set accounted for
signiﬁcant additional variance [Δχ2(3) = 21.89, p < .001], the individual terms were not signiﬁcant [interpersonal: b = −.15, SE = .14,
ns; transition: b = −.25, SE = .15, p = .09; and action: b = −.27,
SE = .15, p = .07]. Notably, however, eliminating the interpersonal
process by quadratic time interaction from Model 5 rendered the latter
two as signiﬁcant [transition: b = −.29, SE = .14, p < .05 and
action: b = −30, SE = .15, p < .05].
For illustrative purposes, Figure 4a and b shows the transition and
action team processes’ temporal interactions. In both cases, team
processes were highly related to team performance as patients ﬁrst
arrived in their area of operation and waned over time. A noticeable
upswing in the process–performance relationships, however,
occurred around the average time that patients exited the team
operational area (∼15 minutes) and steadily increased throughout
the longer performance periods. For both Figure 4a and b, the
dashed (blue) curves represent the average process–performance
relationship, the dotted (red) curves represent relatively low (−1 SD)
process–performance relationships, and the solid (green) curves
represent relatively high (+1 SD) process–performance relationship
over time. Unexpectedly, stronger relationships were evident early
and late in the performance periods by teams exhibiting relatively
low transition processes and relatively high action processes. This
belies predictions from the Marks et al.’s (2001) framework and the

correlations reported above. However, upon further consideration
and discussions with MCI trainers, there appears to be a good
explanation for these ﬁndings.
Recall that these paramedic teams are operating in the context of
an MTS. In dynamic and hectic MTS environments, it is important
for higher-level MTS leadership to articulate an overall strategy and
to facilitate coordination between teams (DeChurch & Marks,
2006). In this case, between-team coordination and directives
from the incident commander should have accomplished important
transition processes thereby liberating component teams to focus on
action processes (i.e., treating patients). To the extent that the
component teams were required to perform localized transition
processes, it may have signaled less than effective MTS transition
processes. Of course, these interpretations are post hoc and warrant
further investigation. Regardless of the substantive relationships that
these ﬁndings implicate, the fact that we were able to use the CATA
scoring of team processes, together with a dynamic criterion measure, enabled us to test relationships in a fashion that has heretofore
not been feasible.
Network Representations of Team Process. The ﬁnal extension of our scoring protocol with Sample 3 was to illustrate dynamic
network depictions of team processes, using communications emanating from each member of the MTS per minute. Crawford and
LePine (2013) advanced a social network conception of team
processes as a “set of ties or connections between members who
interact to set goals, make plans, coordinate, help, and motivate each
other. In other words, team members who indicate they set goals and
make plans together, who monitor each other’s progress and provide
each other backup, or who work to manage each other’s motivation
and stress levels have a [multiple] teamwork tie[s]”
(p. 34). To do so, we ﬁrst evaluated the convergent validity of
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Figure 4
Mass-Casualty Incident (MCI) Team Processes–Team Performance Relationships Over Time.
(a) Transition Processes and (b) Action Processes

Note. See the online article for the color version of this ﬁgure.

hand-coded and CATA-scored team processes at the per minute
individual member level of analysis. Then, we incorporated Bluetooth data from wearable sensors to index the senders and receivers
of communications. Finally, multidimensional process networks
were depicted per minute to showcase how CATA-scored team
processes can be visualized.

Convergent and Discriminant Validity
The individual-level omega reliabilities for the hand-coded scores
across 1,289 1-min episodes were as follows: (a) transition
(3 indicators) ω = .22, action (4 indicators) ω = .39, and interpersonal (3 indicators) ω = .53, whereas the corresponding omegas for
the CATA scores were as follows: (a) transition (4 indicators)
ω = .45, action (5 indicators) ω = .91, and interpersonal (4 indicators) ω = .69. Here, again, the reliabilities are substantially lower than

those found in Samples 1 and 2 but were derived from scores that are
even more restricted than the team values noted above.
Table 10 shows descriptive statistics and correlations for Sample
3 member-level correlations. These ﬁndings show that the SME
hand-coded scores correlate signiﬁcantly with the CATA-scored
transcripts for all three process dimensions: (a) transition: r = .42,
p < .001; (b) action: r = .38, p < .001; and (c) interpersonal:
r = .29, p < .001], averaging r = .36, p < .001.
We next reestimated the three-factor team processes model,
which exhibited excellent ﬁt indices [χ2(6) = 27.37, p < .01; CFI =
.980; SRMR = .020]. The factor loadings for this model are also
shown in Figure 5. As shown, all indicators loaded signiﬁcantly
on their intended latent variables, ranging from Γ = .38, p < .001 to
Γ = .85, p < .001, averaging Γ = .62, p < .001. The correlations
among the latent variables were all signiﬁcant as follows: (a)
transition–action: Φ = .68, p < .001; (b) transition–interpersonal:
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Table 10
Sample 3 Individual Level Descriptive Statistics and Correlations

1
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Dimensions

2

3

4

5

6

1. Transition_H

(.22)

2. Action_H

.17

(.39)

3. Interpersonal_H

.08

.13

(.53)

4. Transition_C

.42

.27

.14

(.45)

5. Action_C

.24

.38

.16

.44

(.91)

6. Interpersonal_C

.22

.29

.29

.30

.26

.76

3.57

.21

1.58

2.00

1.10

Standard Deviations 1.16

2.91

.66

1.95

2.17

1.44

H-C: r = .36, p < .001

(.69)

Individual-Level
Means

Note. N = 1,289 Individual Minute Episodes. Correlations: > |.05|, p < .05; > |.07|, p < .01; > |.09|, p < .001.
H = SME Hand-Coded, C = CATA-Scored.
Rectangles highlight scale convergent validities with their average provided in the summary on the right.
Numbers in parentheses represent reliability diagonal with omega for Hand-Coded and CATA-scored.

Φ = .47, p < .001; and (c) action–interpersonal: Φ = .53, p <
.001], averaging Φ = .56, p < .001. We ﬁt a two-factor model
constraining the correlation between the latent transition and
action processes to 1.0, which revealed an acceptable ﬁt
[χ2(7) = 85.22, p < .001; CFI = .926; SRMR = .035], but was
signiﬁcantly worse [Δχ2(1) = 57.86, p < .001] than the threefactor model. Again, these ﬁndings provide evidence of the
discriminant validity among the process dimensions indexed at
the member level of analysis.

Use of Bluetooth Data
The ability to index team processes emanating from each member
enables one to construct time-sensitive networks of team interactions. This would be relatively easy to accomplish if members, for
example, communicated through email or text or were clearly
colocated such as in a conference room. But, it is more difﬁcult
to discern to whom a given individual is directing communications
in a dynamic environment, such as an MCI, where the paramedics

Figure 5
Sample 3 Individual-Level Three-Factor Model Results

Note. Trans = Transition processes; Act =Action processes; Inter = Interpersonal processes.
H = Hand-coded transcripts; C = Computer-aided text analysis.
Standardized Factor Loadings shown, p < .001.
Values from N = 1,289 individual minute episodes.
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move around frequently. Moreover, although deployed as three
different teams, our sample paramedics functioned as a small MTS
(Luciano, DeChurch, & Mathieu, 2018) and often coordinated their
activities with members of other teams as they operated in space and
physically moved patients from one stage to another. At issue, then,
is determining on a minute by minute basis, to whom each paramedic was communicating.
Luciano, Mathieu, et al. (2018), and Müller et al. (2019), both
suggested that multimodal streams of information might be combined to index members’ interactions. For instance, Bluetooth data
from wearable sensors can permit one to determine which members
are within speaking range of others (cf., Kim et al., 2012; Matusik
et al., 2019). Based on a qualitative analysis of our MCI environment, we determined that members within approximately 10 feet
were able to hear one another.5 Therefore, we ﬁrst established
minute by minute proximity networks based on paramedics’ Bluetooth signatures, and then overlaid their respective process communications. Notably, our approach uses members’ proximity data
simply to inform whether individuals were likely to be privy to
others’ communications, not as a proxy for substantive relationships. As such, we CATA scored each member’s communications in
terms of Marks et al.’s three higher-order dimensions as outward
ties linked to other members within hearing range during that
minute.
Multidimensional Team Process Networks. The steps above
yield multidimensional process networks, per minute, such as the
ones shown in Figure 6. The networks shown in Figure 6 are
illustrative examples of the multidimensional relationships at different phases of an MCI. The lines represent continuously scored
transition, action, and interpersonal process ties in each of three
different 1-minute periods. Thickness of the lines represents greater
intensity of processes. For instance, the Phase 1 set of networks
(from the fourth minute of a mass shooting scenario) illustrate
relatively sparse processes were mainly occurring within teams
with limited cross-team processes. The incident commander was
directing his/her transition and action processes strictly to the triage
team, and the patterns of the three process networks (i.e., transition,
action, and interpersonal) were relatively similar. The surprising
value of action processes during this phase, suggested by the
criterion-related analyses reported above, is also evident in the
density of the lines in the corresponding network. Overall, these
network images are representative of operations during the initial
triage phase of an MCI.
The Phase 2 set of networks shown in Figure 6 are from minute
15 of the same scenario and exhibit much denser networks and a
higher percentage of cross-team processes. Transition processes
were more pronounced and focused on the treatment team, whereas
action processes were concentrated on the transport team. Interpersonal processes were greater than in Phase 1 and balanced throughout the network, but less present than transition or action processes.
These patterns are representative of times when the MCI was
focusing on stabilizing and reassessing patients while sequencing
and transferring them from treatment to transport. The Phase 3 set of
networks are from minute 26 of the scenario when the action
processes were concentrated mostly on the transport team. Interestingly, transition processes were mostly between triage and treatment
members at this stage. Anecdotally, our experience has been that
because the work of these members was ending by this time, they

would begin to engage in spontaneous after-action review style
conversations—the reﬂection portion of Marks et al.’s transition
processes. Interpersonal processes often accompany these discussions as shown in the last network.

Discussion
Despite decades of calling for incorporation of temporal perspectives into organizational research, there has been limited progress
along these lines. A key impediment to these important advancements has been the development of construct valid unobtrusive
measures of collective constructs which are necessary to align
theory and measurement. Thus, we developed a CATA protocol
for indexing dynamic collective constructs based on participants’
communications. We featured Marks et al.’s (2001) taxonomy of
team processes and employed an iterative content validity-based
approach to develop dictionaries of their 10 lower-order and 3
higher-order dimensions. We then further reﬁned those dictionaries
and established their convergent, discriminant, and predictive validity using three different samples. Below, we further discuss the
contributions of our study and how they can be leveraged to enable
the study of any dynamic collective constructs over time.

Implications
This study fulﬁlls its overarching purpose of illustrating a method
to use analyses of individuals’ communications as construct valid
unobtrusive measures of collective constructs occurring dynamically over time. Thus, we contribute both an approach for reliable
and valid CATA dictionary development based on participants’
communications and a speciﬁc CATA protocol for a popular team
process framework. Our approach is uniquely well suited to assess
the Marks et al.’s (2001) framework as it captures the multiple
dimensions of team processes whenever they occur, across multiple
tasks and episodes.
Using transcripts of teammates’ communications from two laboratory samples, we demonstrated the convergent validity of CATAscored transcripts with SMEs’ hand-coding of those transcripts, and
with other SMEs’ BARS ratings of members’ interactions based on
video recordings. In addition, using a sample of paramedics performing a series of MCI scenarios, we found further convergent
validity between the CATA and SME hand-coded scorings of
transcripts. Thus, we contribute rigorous support for convergent
validity for our team process dictionaries against the high ﬁdelity
“gold standard” of SME hand-coding across three samples using
controlled laboratory data from smaller teams, and dynamic realworld tasks from MTSs.
Moreover, we unearthed complex temporally dependent process–
performance relationships that would not have been evident using
traditional measures and designs. We also illustrated how team
processes emanating from individuals could be scored using CATA
and used to depict multidimensional networks of relations. This
microdynamic approach to indexing team processes that we illustrated with Sample 3 can ﬁnally enable the testing of dynamic
theories of team processes that have long been called for (cf., Cronin
In a pilot study, we found signiﬁcant convergent validity (r = .47,
p < .001) between this method of indexing member interactions and observers’ ﬁrst-hand coding of team interactions.
5
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Figure 6
Sample 3 Multidimensional Team Process Networks Over Time

Team Processes
Transition

Action

Interpersonal
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Phase 1

Phase 2

Phase 3

Note. Lines depict directed team processes with greater thickness representing greater intensity.
Red symbols = Triage; yellow symbols = Treatment; gray symbols = Transport; circles = Members; rectangles = Leaders; blue rectangle = Incident Commander. See the online article for the color version of this ﬁgure.

et al., 2011; Marks et al., 2001; McGrath, 1991). Liberated from
constraints and threats to validity such as survey fatigue, testing, or
instrumentation effects, CATA-scored team processes can be used
in growth-modeling (e.g., Bliese & Lang, 2016), experience sampling (Beal, 2015), and perhaps event-based (Morgeson et al., 2015)
designs to model far more nuanced and complex relations than have
heretofore been possible (Mathieu & Luciano, 2019). Notably, the
longitudinal criterion-related validity evidence that we illustrated
from Sample 3 offers an early indication of what lies ahead, in that,
the relationships it revealed differed markedly from those observed
in previous work using more traditional designs and analyses (cf.,
LePine et al., 2008).
CATA scoring of collective constructs also suggests important
practical implications for researchers in terms of time and resources.
For instance, for the Sample 1 data, it required several weeks of
training and watching team recordings for our SMEs to generate the
BARS ratings. The other two SMEs who completed the hand-coding
of transcripts took weeks to develop a common scoring protocol, and

then approximately 3 months to complete their hand-coding. Conversely, once the generic and supplemental dictionaries were developed, the CATA scoring of those same team interactions took less than
5 seconds to complete. This is not to suggest that the CATA scoring is
a panacea or necessarily better than other methods, but it does enable
the modeling of dynamic team process relations over time.
Furthermore, the rapid processing and scalability (post dictionary
development) unlocks the potential for data-informed decision making during team performance episodes and for immediate postperformance team debriefs. Team debriefs “are designed to improve
teamwork processes by engaging team members in active learning
throughout the learning cycle” (Lacerenza et al., 2018,
p. 525). During team debriefs, members reﬂect on a performance
episode or experience; however, team members may not always
understand what caused the team process or performance to succeed
or fail within this episode. Tannenbaum and Cerasoli (2013) note that
“multimedia aids may be one way of building in structure and
guidance” (p. 240). For instance, Stephanian et al. (2015) ﬁnd that
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technology, such as video, can help to provide structured inputs for
team debriefs. Similarly, incorporating this CATA-generated data can
help to provide this structure when identifying which parts of team
process occurred (or broke down) during a given performance
episode. Moreover, this data can help point teams and leaders to
speciﬁc examples of problems and areas to improve as well as conﬁrm
successes. In addition to team debriefs, using CATA-generated data
could be similarly useful in team training by highlighting speciﬁc
behaviors and processes for both leaders and teams.
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Limitations and Future Directions
Our article unlocks the potential to explore numerous research
questions related to multilevel and dynamic processes by testing
temporal-based theories of team processes, in such a way that better
aligns measurement and theory. Nonetheless, it is not without its
limitations. Below, we discuss the limitations of the current work
and offer speciﬁc areas for future consideration.
There are several practical limitations regarding the use of CATA.
We previously mentioned that once completed CATA using LIWC
took less than 5 seconds to complete as compared to the month’s
long effort of training coders and actual coding. However, this
glosses over the fact that it takes considerable time and effort to
create the ﬁrst iteration and to validate CATA dictionaries—as well
as the importance of creating context-speciﬁc supplements. However, these are largely “upfront” costs with limited maintenance
costs and allow for substantial time savings on the back end.
Furthermore, building and validating CATA dictionaries for oneoff endeavors may not necessarily justify the costs, whereas the
costs would easily be justiﬁed in instances of multiple applications.
Another limitation with the use of CATA is that it only captures
the variance available in text, which is often derived from verbal
communication. This is especially notable for interpersonal process,
where the same words and phrases can bear completely different
meanings depending on the context and the tone of the voice
(e.g., sarcasm). In addition, there is a need to either acquire text
data or to transcribe audio which can be costly. Furthermore, many
well-orchestrated team processes are executed with simple hand
gestures, short phrases, and implicit forms of coordination. Wellfunctioning teams performing complex tasks—such as surgery and
cockpit crews—often have an eerie quiet to them. Nevertheless, we
suggest that team members’ communications are more revealing
than not in our study contexts, and that our dictionaries provide a
foundation for further development and application.
In addition, across our three samples, lower-order dimensions did
not offer the same ﬁdelity as the higher-order dimensions. In many
ways, this can be somewhat disheartening when considering the
time-intensive efforts to build these dictionaries. However, by
starting with the lower-order constructs that make up the higherorder constructs we were able to better triangulate on the higherorder constructs. Furthermore, from a bandwidth standpoint
(Cronbach & Gleser, 1957), given our relatively broad criterion
of team performance (i.e., dynamic patient sequencing) aligning the
breadth versus speciﬁcity of the predictors and outcomes in the
future applications may highlight differential utility of lower- and
higher-order team processes.
Another limitation in our current application is that we utilized a
relatively primitive application of CATA in that we simply feature
word counts, expanded only to word counts with networks in
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Sample 3. One fruitful area for the future research is to combine
CATA with other modalities to generate dynamic multidimensional
network depictions of team processes (Crawford & LePine, 2013) or
other organizational constructs such as collaboration or conﬂict
(Park, Mathieu, et al., 2020). For instance, our Sample 3 would yield
substantial data with over 450 networks (i.e., three networks per
153 minutes = 459) that could be analyzed using a variety of
powerful techniques. For instance, Leenders et al. (2016) advanced
a longitudinal social network methodology that “is minimally
characterized by the time at which the interaction was initiated,
the team member who initiated it, and the team member(s) who were
the recipients” (pp. 97–98). They describe how such analyses can be
used to identify sequential structure signatures, which are hypothesized patterns of interactions over time. Elsewhere, exponential
random graph modeling (ERGM) enables scholars to derive “graph
motifs,” which are representations of the nature of members’
interactions, and Sewell and Chen (2016) have demonstrated
how ERGM models can be used to model dynamic properties
over time. Other advancements have included multilevel ERGM
(MERGM), which can simultaneously analyze networks that are
nested in the traditional sense, such as teams in MTS (cf., Slaughter &
Koehly, 2016; Zappa & Robins, 2016). The summary point, however,
is that CATA-scored team processes, combined with a means by
which intermember communications can be speciﬁed (e.g., using
Bluetooth signatures), enable the construction and modeling of
dynamic multidimensional networks over time, suitable for a wide
variety of research designs and analyses (Park, Grosser et al., 2020).
Our current application is also limited by our focus on one
framework using positive terms. Future work should further expand
and reﬁne our dictionaries, with additional supplements for other
task contexts or potentially by exploring negative terms. As noted
earlier, our work only features the positive terms for the Marks
et al.’s (2001) dimensions. We had initially sought to generate
negative terms, such as “argue” for conﬂict management or
“threw-together” for strategy formulation/planning. However, our
initial investigations did not ﬁnd that they correlated negatively with
words intended to be positive indicators. This may be attributable to
the fact that the Marks et al.’s (2001) dimensions are labeled in
inherently positive terms, or perhaps that positive and negative
instances of team processes may not be on one continuum (e.g.,
motivate vs. depress) in the same manner as positive and negative
affectivity (Watson et al., 1988). Moreover, there is an open question as to whether talking about negative team processes is, in fact, a
positive team process. In other words, discussing members’
interpersonal conﬂicts may be explosive—or the path toward
resolution—yet, word counts would have difﬁculty differentiating
the two exchanges. Therefore, future researchers should investigate
what seemingly negative words signal in terms of team processes
(cf., Short et al., 2018).
In addition, discerning to whom a member’s communications are
directed represents a potential challenge. This may be relatively easy
to distinguish in directed chats or emails, or when members are
collocated in a small space. But if members are mobile, it might
require additional data such as the position information we leveraged via Bluetooth signals in Sample 3 (Luciano, Mathieu, et al.,
2018). Yet, distinctions may still not be clear-cut. For instance,
should individuals cc’ed on an email be considered full- or partialrecipients? How should bystanders who overhear communications
not intended for them be treated? How should communications
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directed toward focal individuals who are not paying attention or
who are otherwise distracted be scored? Such questions are not
unique to CATA, but they do force investigators to consider these
matters as they operationalize team process patterns.
Finally, our studies generated the raw data for our analysis from
transcriptions of audio-recorded team communications. However,
other sources of data (e.g., chat/texts, emails, and social media
postings) also generate the text necessary for CATA processing.
This raises the question as to whether the “medium matters” in
teams’ communications. The virtual team’s literature suggests that
the use of different mediums (e.g., chat, threaded discussion, and
videoconferencing) may enhance or impoverish different types of
team processes (Kirkman & Mathieu, 2005). Thus, technology
offers promise not only in terms of how best to capture and process
communications data but also may have implications in terms of
the quality and value of such communications. This opens a variety
of substantive and methodological questions for the future research.

Additional Considerations
We see great promise in CATA and other streaming data measures of organizational constructs. But, these newer technologies
resurrect old, and present some new, challenges to construct validity. Below, we highlight important considerations related to accuracy, feasibility, completeness, and ethics. Each of these factors
warrants detailed consideration with regards to the speciﬁc construct
elements, additional measurement features, research question, and
study context (see Luciano, Mathieu, et al., 2018).
Although our illustrations featured team processes, similar applications could be developed for other individual and collective
constructs in applied psychology (e.g., culture, collaboration, and
shared leadership) as well as more macro collective phenomenon
(e.g., human capital emergence—Ployhart & Moliterno, 2011).
When doing so, researchers need to consider the appropriate strategy
that suits the topic area. As shown in our illustration, deductive style
CATA approaches are suitable for instances where there is an
existing theoretical framework and well-articulated constructs. In
contrast, inductive CATA approaches are better suited for nascent
areas where the construct domain has yet to be clearly articulated
(Short et al., 2018).
We note that CATA comes in various approaches ranging from
simple word counts, pronoun comparisons (e.g., singular vs. plural
rates), and sentiment analysis, to complex natural language processing. The former varieties lose much of the nuance embedded in
members’ communications, whereas more sophisticated techniques
are complex and time consuming to implement. We sought to
establish a “middle ground” where content valid generic dictionaries
could be supplemented with context-speciﬁc additions and adjustments to provide a scoring protocol that is relatively easy to
implement yet yields informative scores. Whereas we grounded
our work in a well-established taxonomy of team processes (Marks
et al., 2001) and provided evidence of content and construct validity, we readily admit that traditional qualitative analyses of communications provide a richer understanding of the nuances of team
interactions (e.g., Meinecke et al., 2017). For instance, although
SMEs evidenced good consistency classifying words into the three
higher-order Marks et al.’s dimensions, they had difﬁculty differentiating words into the 10 lower-order dimensions. Many words
were classiﬁed differently or seen as overlapping those more speciﬁc

dimensions. Similar correlations have been observed with survey
measures, and we echo the sentiments expressed by others that the
purposes of the investigation should guide whether one seeks to
index lower- or higher-order constructs (e.g., LePine et al., 2008;
Mathieu et al., 2020). Yet, it is fair to say that the CATA dictionaries
approach may be limited if nuanced distinctions are desired. We
fully anticipate that as natural language processing algorithms
evolve, so too, will the sophistication of CATA techniques and
perhaps their ability to differentiate the lower-order dimensions.
Our use of CATA also brings to the forefront temporal questions
which have been noted by Marks et al. (2001), Kozlowski (2015),
and Luciano, Mathieu, et al. (2018). For instance, Kozlowski (2015)
advocates indexing team processes at the highest rate possible to
yield detailed change patterns. However, our analysis suggested that
small samples of communications are less reliable—particularly
when communications were limited. Luciano, Mathieu, et al. (2018)
suggested that although larger samples of spoken or written
words will likely yield more reliable and stable measures, they
may obscure important nuances or dynamics inherent in the different
data streams. Finding the optimal temporal “chunking” or unitization rates is likely be an iterative process considering the nature
of the construct in question, study context/logistics, and one’s theory
of time and events. Thus, CATA indexing of team processes is
best determined using a mixed-method measurement ﬁtting process
whereby the temporal rhythms of team activities are identiﬁed and
used to guide the frequency of measurement and aggregation.
The use of individual communication streams raises some issues
concerning ethical and privacy implications. Our participants all
willingly provided informed consent to video and/or audio tape their
interactions, which were approved by the university Institutional
Review Boards. However, not all employees in work organizations
are afforded the same options, as several must agree to be monitored
as a condition of employment, and others are monitored unwittingly.
There can certainly be different perspectives on these practices. For
instance, being able to monitor the physical condition, oxygen
intake rate, communications, and surrounding physical conditions
of ﬁreﬁghters in burning structures enable incident commanders to
optimally deploy, position, and withdraw team members to enhance
their safety and effectiveness (Devine et al., 2018). Combining realtime aircraft status and position data with analyses of cockpit–air
trafﬁc control communications, particularly under emergency circumstances, may be beneﬁcial to all involved (Rusko & Finke, 2016). But
whether, for instance, recording accounting team members performing normal audits, sales team interactions, or idle conversation among
virtual team members before the formal start of a meeting, crosses the
line of privacy is another question (Moussa, 2015). In addition, how
such data should be maintained and available for reproducibility or
transparency purposes is also subject to debate. And ﬁnally, whether
such data are subject to subpoena is an open ethical and legal question
(Wolf et al., 2015). Of course, none of the cautions mentioned here
are unique to CATA. Data collections done using surveys, observations, interviews, and other digital traces are subject to the same
issues. But with the ubiquity of recording devices in modern-day
organizations, we encourage greater open dialogue.

Conclusion
In summary, we believe that CATA of team and other organizational constructs represent a viable, construct valid means by which
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dynamic processes can be indexed and modeled. Our current
initiative provides a means to better align theory and measurement,
balancing the beneﬁts of extracting a rich understanding of members’ interactions revealed through their words, with the desire to
employ a reliable, valid, and scalable method to index such communications. Thus, we provide an infrastructure to enable the testing
of complex theories and generate enhanced understanding of team
processes and other dynamic constructs. Our approach opens up
important avenues for the future research that truly captures the
“dynamics” of team dynamics—yet also raises intriguing theoretical
and methodological considerations.
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