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ABSTRACT 
 
The need to examine team processes with more innovative approaches is well-documented, as much of the literature 
has utilized self-report or subjective measures which are often biased, intrusive, and/or provide a static, retrospective 
evaluation (Kozlowski & Chao, 2018). Further, in the military, it is often impossible or unrealistic to have trained 
observers in dangerous or classified environments, or for warfighters to stop their tasks to take a survey. Recent 
advancements in technology (e.g., wearable sensors), coupled with the issues related to subjective data, have created 
new opportunities for researchers to examine team processes using less invasive or obtrusive approaches (Orvis et al., 
2013). While such advancements in technology are promising for the development of unobtrusive and objectives 
measures, there are also well-documented concerns regarding the lack of rigor in the development of unobtrusive 
measures as they often lack conceptual or theoretical backing (Salas et al., 2015). As a result, the following paper 
takes a comparative look at an unobtrusive measure developed using a rigorous framework, the Rational Approach to 
Developing Systems-based Measures (RADSM; Orvis et al., 2013), with subjective measures from observers and 
survey assessments. The following paper utilizes data from a large-scale, military-inspired experimental research 
study with a variety of unobtrusive data (i.e., audio data, video data, and positional data) and subjective data (i.e., 
observations, survey measures) collected from five-person teams completing a military-like exercise. We present best 
practices for measure development and validation as well as insights regarding the strengths and limitations of both 
unobtrusive and subjective measures so that readers can better understand the different methodologies of capturing 
team processes and the implications of both within their own work.  
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INTRODUCTION 
 
Given the well-established importance of teams within organizations, ample research has explored and documented 
different team-related constructs and processes (Kolbe & Boos, 2019; Kozlowski, 2015; Salas et al., 2015a). Despite 
the robust literature examining such processes (e.g., team cohesion, coordination), research has also highlighted the 
need to better understand and capture team processes with more innovative (Kozlowski, 2015; Kozlowski & Chao, 
2018), robust (Salas et al., 2008), and specific (Espinosa et al., 2004) approaches. Previously, much of the research 
examining teams utilized subjective measures or assessments, which often include individual perceptions or 
behavioral observations and can therefore be limited because of bias, fatigue, and time constraints (Feese et al., 2014; 
Kolbe & Boos, 2019; Orvis et al., 2013; Orvis et al., 2016). Recent advancements in technology, coupled with the 
issues related to subjective measures, have created new opportunities to examine team processes using less invasive 
or obtrusive approaches, such as wearable devices and sensors. Such devices offer several advantages when compared 
to subjective assessments such as the ability to collect data continuously as well as through a variety of data sources 
(e.g., email, GPS, sensors; Khaleghzadegan et al., 2020; Orvis et al., 2016).  
 
Technological advances and increasingly complex workplaces present an opportunity for organizations, such as the 
military, to collect large amounts of data to better understand organizational outcomes (Khaleghzadegan et al., 2020; 
Orvis et al., 2013). For example, aspects of the military (e.g., training, operations, deployments, etc.) are becoming 
more reliant on a collaborative infrastructure that is dispersed, such that individuals, teams, and leadership are more 
frequently communicating while temporally and spatially distributed (Salas et al., 2008). As technology continues to 
support these distributed organizations of teams, the complexity of communication and collaboration also increases. 
The result is a highly intertwined workforce with opportunities for unobtrusive data collection, to include data from 
cell phones, wearables, email, and different chat systems (e.g., Slack; Orvis et al., 2013). 
 
Unobtrusive measures are defined as measurements that can be collected without utilizing subjective assessments of 
individuals (e.g., observer-rated, self-rated) and are usually less intrusive in nature (e.g., wearable sensors such as an 
Apple watch; Khaleghzadegan et al., 2020; Kozlowski et al., 2015; Webb et al., 1966). While there are several benefits 
to unobtrusive technologies and the subsequent amount of data they provide access to, previous research has also 
highlighted some of the challenges that come with big data, including how to manage and interpret large amounts of 
organizational data, as well as the challenges of relying solely on data-driven approaches (Orvis et al., 2013; Salas et 
al., 2015a). Although data-driven approaches are certainly important, previous research has noted the potential issues 
with utilizing an approach that fails to consider theory or subject matter expertise (Graham, 2012; Orvis et al., 2013). 
Further, while unobtrusive measures are often implemented to capture established psychological constructs, they often 
fail to adequately capture the construct of interest due to a lack of sufficient development of the specific unobtrusive 
indicator (Grijalva et al., 2020; Salas et al., 2015a).  
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As a result of these concerns, Orvis and colleagues (2013) developed the Rational Approach to Developing Systems-
based Measures (RADSM) process as a way to integrate both theory and unobtrusive data when creating measures 
using unobtrusive data sources. The RADSM process offers a six-step systematic approach and considers both 
available unobtrusive data (bottom-up) and theory (top-down) to map measures derived from unobtrusive data on to 
previously established psychological constructs (e.g., coordination). Given the potential advantages of the RADSM 
approach, the current study examined the efficacy of the RADSM process in developing and validating an unobtrusive 
measures of team coordination during a military-like exercise. Further, the current study extended previous research 
by examining the efficacy of the developed measure in predicting team performance when compared to a more 
traditional assessment, a survey assessment of team coordination. Team coordination was selected given the 
importance of coordination in high-stress and high-reliability organizations, such as the military, as well as previous 
work that has empirically and theoretically demonstrated the need for team coordination to improve performance 
outcomes (Braun et al., 2020; Gode & Lebraty, 2015; Salas et al., 2008). 
 
Unobtrusive Measures 
 
As technological capabilities improve, organizations will have increased access to different methods of data collection, 
many of which offer more unobtrusive methods to capture human behavior (e.g., email communication, GPS, wearable 
devices, etc.; Hill et al., 2014; Khaleghzadegan et al., 2020; Orvis et al., 2016). Unobtrusive measures have several 
advantages when compared with subjective measures, including minimizing bias and the subjectivity of self-rated or 
observer-rated assessments (Auriacombe, 2016; Orvis et al., 2016). Unobtrusive measures also allow for multiple 
approaches to collect a variety of data of the same psychological construct and can also be less costly and labor 
intensive, which can increase the amount of data collected (Hill et al., 2014). In addition, unobtrusive measures can 
be collected without distracting or disrupting workflow, unlike subjective assessments, which often require 
introducing a trained observer within the workplace environment or stopping work to complete an assessment 
(Auriacombe, 2016; Baek & Ihm, 2021; Hill et al., 2014; Orvis et al., 2016). Utilizing subjective measures also 
requires active participation by a willing participant, which can often be difficult to obtain, especially for employees 
or operators in fast-paced environments such as in the military (e.g., combat; Hill et al., 2014; Webb et al.,1966). 
 
Within the military, unobtrusive data can be valuable to better understanding performance outcomes and mission 
readiness, to include chat data from a distributed exercise to sensor data during a deployment mission (Orvis et al., 
2013). Further, certain features of the military such as size, the importance of safety, and the overall increased risk 
make utilizing unobtrusive measurements that do not require a trained observer and do not interrupt or impact 
workflow especially desirable (Orvis et al., 2016; Salas et al., 2015a). For example, it may be impossible or unrealistic 
to have a trained observer in certain environments or for warfighters to stop their tasks to take a survey (Salas et al., 
2015a). Previous research in military environments have utilized unobtrusive data methods, such as wearables, to 
increase access to physical and cognitive states. For example, Heaton and colleagues (2020) demonstrated the use of 
speech-motor coordination and electrodermal activity (EDA) to predict cognitive fatigue in service members. 
Specifically, certain vocal features (e.g., vocal quality) extracted from audio recordings were able to significantly 
predict cognitive performance. Further, EDA sensors, which measure changes in skin conductance, were able to 
demonstrate a relationship between increased arousal and cognitive performance. Both audio recordings and EDA 
sensors are valuable in that they provide unobtrusive mechanisms to capture physiological and behavioral signals 
(e.g., speech; Heaton et al., 2020).  
 
While there are several advantages of unobtrusive measures, as previously discussed, there are also shortcomings 
(Auriacombe, 2016). For example, as a result of certain complexities associated with unobtrusive measures (e.g., 
construct development, large amounts of data, significant storage resources), unobtrusive measures are often poorly 
implemented in a way that fails to fully utilize their advantages (Hill et al., 2014; Khaleghzadegan et al., 2020). 
Further, previous research has noted concerns with the reliability and validity of unobtrusive measures (Hill et al., 
2014; Khaleghzadegan et al.,2020; Salas et al., 2015a). Hill and colleagues (2014) identified two primary concerns as 
it relates to the use of unobtrusive measures. The first concern is that there often lacks a theoretical rationale connecting 
the unobtrusive measure to the construct of interest. The second concern is that there often lacks a rigorous process 
examining alternative explanations for outcomes. Therefore, more attention should be given to the validation process 
of unobtrusive measures in order to demonstrated construct validity. As a result, while unobtrusive measures can be 
utilized on their own, previous research has demonstrated that there are advantages to combining unobtrusive measures 
with complementary methods such as survey data (Auriacombe, 2016; Hill et al., 2014). This is especially relevant 
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during early stages of unobtrusive measurement in order to better establish construct validity (Grijalva et al., 2020; 
Salas et al., 2015a). 
 
The RADSM Process 
 
As previously mentioned, a benefit of unobtrusive measures is their ability to provide more robust and varied types of 
data that describe a singular psychological construct (Hill et al., 2014). However, this can complicate interpreting the 
data, as most psychological constructs have been defined and validated in the context of subjective measures. As a 
result, the six-step RADSM process was developed by Orvis and colleagues (2013) in order to integrate big data 
methodologies with theory-based science to better examine different constructs and draw conclusions within systems. 
The RADSM process is heavily reliant on the use of objective measurement that captures human behavior, also known 
as biodata (Orvis et al., 2013). As a result, the RADSM process draws on other approaches that capture biodata. The 
RADSM process, however, builds upon previous techniques by specifically outlining iterative steps using data 
availability, theory, and multi-disciplinary data analytic methods to develop constructs (Orvis et al., 2013). Further, 
the RADSM process is more flexible and extensive in that it can utilize multiple sources of data, including unobtrusive 
measurements (Orvis et al., 2013).  
 
The RADSM process includes six steps that are designed to approach the development of constructs from both a 
bottom-up and top-down methodology (see Figure 1 for an overview of the process). The first step of the process is 
to identify the construct of interest, to include considering the full extent of the construct of interest (e.g., conceptual 
basis of the construct), as well as thinking through any contextual implications of the construct in the desired 
environment (Orvis et al., 2013). The next step is to generate a list of construct indicators, which are described as 
attributes and behaviors that are related to the construct of interest. Such construct indicators are often observable 
characteristics of a construct. As a result, this step is heavily reliant on utilizing previous research and SME input. The 
third step includes the explicit analysis of methodologies specific to systems (e.g., network analysis, methods of 
communication, etc.; Orvis et al., 2013) within the environment of interest. Within the RADSM process, this step 
serves as an opportunity to consider any and all possible systems-based approaches that could be used. The next step 
in the RADSM process is to link the theoretical and empirical indicators identified in step two with the possible sources 
of systems-based data in step three. Each available source is then created into an item, similar to an item within a 
survey. The compiled list of items is then used to describe the construct of interest. Because each item is linked to a 
construct indicator, the result of this step is a systems-based measure of available information in which each item is 
rooted in theory and expertise. The fifth step in the RADSM process is to examine the data, which also included 
examining the data to ensure the data are collected and properly managed (Orvis et al., 2013). Lastly, the final step 
within the RADSM process is to validate the systems-based measure of the construct of interest. Like other processes 
that develop measures, this step includes examining different forms of validity such as evidence of construct validity, 
to include face validity as well as convergent and discriminant validity (Orvis et al., 2013).  
 

 
Figure 1. The RADSM Process 
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Unlike subjective measures that are consistent between different samples, measures derived using the RADSM process 
may deviate from previous research due to differences in the availability of certain measures. In other words, it is 
unlikely that a measure of coordination created using the RADSM process would be the exact same measure of 
coordination in a differing sample unless the two approaches utilized identical unobtrusive data sources and extracted 
the same items from such sources. As a result, the RADSM process should be continuously validated as new forms of 
unobtrusive data sources are captured. Previously, the RADSM process has been validated in examining systems-
based shared situational awareness (SSA) and has been used in other research efforts to capture systems-based 
measures such as coordination (Orvis et al., 2013; McCormack et al., 2017). 
 
Team Processes and Coordination 
 
Team processes are defined as “members’ interdependent acts that convert inputs to outcomes through cognitive, 
verbal and behavioral activities directed toward organizing taskwork to achieve collective goals” (Marks et al., 2001, 
pg. 357) and often encompass activities a team needs to perform that facilitate success. As a result, team processes are 
often linked to performance and include examples such as information sharing and coordination (Feese et al., 2014; 
Mathieu et al., 2000). The link between team performance and teamwork as a process has drastically impacted the 
ways in which teams are studied (Marks et al., 2001). As a result, understanding how team members work together to 
form an integrated approach to task performance is important to understanding team success (Gabelica et al., 2016; 
Nawata et al., 2020). Further, identifying specific team processes, such as coordination, that can be selected for, 
bolstered in training, and developed may be especially relevant to improving team performance (Marks et al., 2001). 
 
As the size, complexity, and interdependence of teams continue to increase, certain processes such as team 
coordination become especially important (Espinosa et al., 2004). Coordination is an important feature of teamwork 
and is described as a process in which both observable behaviors (e.g., information sharing) and shared adjustments 
and task planning (e.g., the distribution of tasks with the team) occur (Burtsher et al., 2011). Simply put, coordination 
can be described as the management of interdependent activities for a shared purpose within a team of two or more 
people (Gode & Lebraty, 2015; Malone & Crowston, 1994; Salas et al., 1992). Team coordination has been a focus 
of researchers since the beginning of the last century, likely due to ample empirical evidence that it influences several 
important organizational outcomes such as performance (Chang et al., 2017; Espinosa et al., 2004). In addition to 
being examined as a unidimensional construct, team coordination is often examined as a multidimensional construct 
and often includes both explicit (teams operating through plans, procedures, and schedules, as well as different forms 
of communication) and implicit coordination (teams operating through shared cognition; Espinosa et al., 2004; Kolbe 
et al., 2011).  
 
The military in particular presents as a unique organizational environment where team coordination can be crucial. To 
begin, the military is largely made up of a network of teams, often varying in size (e.g., squad, platoon, etc.), making 
effective teamwork important for success (Giachetti & Rojas, 2007). In addition, such teams are often distributed and 
operate in complex and dangerous scenarios, further exacerbating the need for coordinated efforts (Giashetti & Rojas, 
2007; Shah & Breazeal, 2010; Yammarino et al., 2010). Taken together, the structure of the military, paired with the 
potential complexity of both military tasks and operational environments, requires a high level of team coordination 
for success. As a result of the clear need for coordination in military teams, military researchers, along with other 
disciplines, have highlighted the importance of team coordination for mission success (Chang et al., 2017). 
Specifically, several research efforts have demonstrated the impact of team coordination on different outcomes such 
as stress, performance, and increased errors (Entin & Serfaty, 1999; Serfaty et al., 1998; Wilson et al., 2007).  
 
As technology advances and expands within organizations, to include the military, understanding how such 
advancements can be utilized to better understand team processes is especially important (Carmody et al., 2017). 
Wearables offer a wide variety of mechanisms to examine team processes (Salas et al., 2015b), including physiological 
data like heart rate variability (HRV), voice data (e.g., vocal duration, speech patterns, pitch, tempo), movement data, 
position data (e.g., posture), and data from face-to-face interactions (Khaleghzadegan et al., 2020; Salas et al., 2015b). 
For example, communication pattern analyses can be conducted on recorded vocal data to examine different patterns 
in team interactions (e.g., vocal intensity; Salas et al., 2015b). Paired together, wearable sensor suites can provide a 
variety of inputs that, through the use of algorithms, can highlight anomalies within team interactions and can be used 
for targeted interventions in order to improve team processes, such as coordination (Kozlowksi et al., 2018; Salas et 
al., 2015b).   
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HYPOTHESES AND METHOD 
 
The hypotheses for the current study address (1) the validation of the measure of team coordination developed using 
unobtrusive data and (2) the extension of those findings by examining the relationship between team coordination and 
performance using both a subjective measure as well as the developed unobtrusive measure. First, it is hypothesized 
that the developed unobtrusive measure of team coordination will be related to an identical construct (coordination) 
as well as a similar construct (Transactive Memory System [TMS] expertise coordination), therefore demonstrating 
convergent validity (Hypothesis 1 [H1]; Westen & Rosenthal, 2003). Second, it is hypothesized that the developed 
unobtrusive measure of team coordination will not be related to a dissimilar construct (psychological safety), therefore 
demonstrating discriminant validity (Hypothesis 2 [H2] Westen & Rosenthal, 2003).  
 
Next, similar to previous research that has empirically linked coordination and performance (e.g., Bowers & Salas, 
1998; Butchibabu, 2016; Entin & Serfaty, 1999), it is hypothesized that both a subjective measure of team coordination 
as well as the developed measure of unobtrusive team coordination will individually predict performance (Hypothesis 
3 [H3]). In addition, it is hypothesized that when within the same model, the developed unobtrusive measure of team 
coordination will predict performance above and beyond the subjective measure (Hypothesis 4 [H4]). Although more 
exploratory in nature, this hypothesis examines cross-data source differences in predicting performance. More 
explicitly, it could be that the two measures collected from different data sources (e.g., subjective vs. unobtrusive) 
relate to and predict performance differently.  
 
Participants 
Participants include 95 individuals (civilians) comprising 38, 5-person teams completing a military-like exercise. Data 
were collected at four different universities. Given the use of university recruitment processes, 95.8% of the sample 
was 25 or younger (M= 20.38, SD= 3.68). However, participation was not limited to university students and therefore 
included non-university adults 18-years or older.  53.7% of the sample was female, 40.7% of the sample was male, 
3.2% of the sample was non-binary or preferred not to self-describe. In addition, 80% of the sample was white, 15.9% 
of the sample was non-white, and 5.3% of the sample preferred not to specify.  
 
Team Tasks 
The military-like exercise was completed within an experimental research paradigm and was designed to mirror tasks 
performed by small military teams. Although the tasks varied across the missions, all three missions were intentionally 
designed to mirror each other and have comment elements, to include navigating the field, solving puzzles, and 
building objects. As part of the exercise, each team had to complete three individual missions, to include a 
Humanitarian Aid Mission, a Search and Retrieve Mission, and an Escape Mission. Within the experimental research 
design, each team first completed the Humanitarian Aid mission. Following the Humanitarian Aid Mission, the order 
of the following two missions (Search and Retrieve Mission and Escape Mission) were counterbalanced. The 
Humanitarian Aid Mission was not counterbalanced in order to provide baseline mission performance across all 
sessions.  For the purpose of the current study, data from the Humanitarian Aid Mission was excluded as the first 
mission demonstrated an increased learning curve as participants familiarized themselves with their team members 
and the experimental paradigm as a whole.  
 
Within each exercise, participants were randomly assigned to a role within each five-person team. Team roles include 
a leader, navigator, security officer, intelligence officer, and engineer. Each role was created in order to reflect key 
roles or responsibilities within military teams. In addition to completing the objectives for each mission, the teams 
had to accurately navigate the field using military formations while also avoiding enemy detection and collecting 
bonus supplies.   
 
Data and Measures 
The current study utilized self-report survey data (collected using smartphone devices), observational data (collected 
using tablets), and continuous unobtrusive audio data (collected using Bluetooth earpieces connected to smartphones). 
Self-report survey data was collected prior to participation in the exercise (pre-survey), before each of the three 
missions (e.g., pre-mission), after each of the three missions (e.g., post-mission), as well as following the conclusion 
of the exercise (post-survey). Measures for the current study included subjective, self-report measures of team 
coordination (Mathieu et al., 2020), TMS expertise coordination (Faraj & Sproull, 2000), and psychological safety 
(Edmondson, 1999). A study-specific measure of team performance was developed in which trained observers rated 
team performance on a scale of 1-5 post-mission (ICC=.822).  
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Lastly, a measure of team coordination was developed using the RADSM process. The unobtrusive measure of team 
coordination consisted of ten items that mapped on to aspects of team coordination. Five of the items represented team 
averages for indicators of coordination, including: Team communication (average number of words spoken), Team 
questions (average number of questions spoken), Team acknowledgements (average number of acknowledgements 
[e.g., “Got it,” “Okay,” “Rodger”] spoken), Team role-information shared (average number of role-specific keywords 
shared), and Team keywords (average number of keywords spoken). In addition, five of the items represented team 
communication dispersion. The team communication dispersion items were calculated using the standard deviation 
value and were utilized to demonstrate the dispersion of coordination across the team, including: Team communication 
dispersion, Team questions dispersion, Team acknowledgements dispersion, Team role-specific information 
dispersion, and Team keywords dispersion. Within the current study, the items were examined both individually as 
well as examined using the factor structure of the developed measure.  
 
Subjective team coordination, TMS expertise coordination, and psychological safety were analyzed using an average 
score on each measure such that increased scored indicated increased levels of each construct. Audio data for each 
indicator was processed using Otter AI. More explicitly, audio transcripts for each of the five roles were stitched 
together to form one aggregate audio file. The aggregate file was then uploaded and transcribed by Otter AI, which is 
a text-transcription software that utilizes Artificial Intelligence (AI) to for both audio transcription and speaker 
differentiation. Although previous research has utilized AI-based transcription software such as OtterAI (Cobbina, 
201), issues with the quality of the audio files required a majority (> 95%) of the audio transcript to be transcribed 
within Otter AI by hand. The end result was one transcription with representation from all five roles. 
 
Once the audio files were transcribed, dialogue analyses were conducted to develop each of the ten indicators. For the 
indicators that utilized total counts (Team communication and Team questions), totals were created through words 
counts within the transcription files. For the indicators that utilized word lists (Team role-specific information, Team 
keywords, and Team acknowledgments), lists of key words or phrases were generated and used to extract the total 
number of the identified words. For indicators that utilized dispersions (Team communication dispersion, Team role-
specific information shared dispersion, Team keywords dispersion, Team acknowledgements dispersion, and Team 
questions dispersion), dispersions were calculated by calculating the standard deviation. Dialogue analyses were 
conducted using a developed python script run on Jupyter notebook (Kluyver et al., 2016). More specifically, 
transcripts for each team member and for each mission were uploaded to Jupyter notebook as .txt files. Using a python 
script, the output of the dialogue analyses was produced in an Excel file. 
 
RESULTS 
 
The current study conducted a Principal Component Analyses (PCA), Exploratory Factor Analysis (EFA), and a 
Confirmatory Factor Analysis (CFA) as part of the measure development and validation process of the unobtrusive 
measure of team coordination. Both a Bartlett’s Test of Sphericity and a Kasier-Meyer-Olkin (KMO) test 
demonstrated that the data were well-suited for factor analysis (p <.05; MSA=.71, respectively). A PCA revealed 4 
underlying components which were used to examine a 4-factor model. The model had adequate fit with an improved 
fit when covariances were added. The end result was a 9-item, 4 factor measure of unobtrusive team coordination. 
Although guidance suggests that factors should have at least three items (Costello & Osborne, 2005) the use of a 4-
factor structure was utilized due to conceptual reasons. Further, existing measures have utilized two-item factor 
structures (Rammstedt & John, 2007). See Figure 2 for a summary of the results for H1-H4. 
 
H1 posited that the developed measure would demonstrate convergent validity such that the unobtrusive measure of 
team coordination would correlate with a subjective measure of coordination as well as a measure of TMS expertise 
coordination. H2 posited that the developed measure would demonstrate discriminant validity such that the 
unobtrusive measure of team coordination would not correlate with a measure of psychological safety. One factor and 
four of the individual items demonstrated convergent validity with subjective coordination and TMS expertise 
coordination (p < .05). One factor and five of the items demonstrated discriminant validity with psychological safety 
(p > .05). Face validity was assessed using input from subject matter experts (SMEs) and an empirical literature review. 
Taken together, the measure of unobtrusive team coordination was partially validated.  
 
H3 posited that both the subjective and unobtrusive measure of team coordination would predict team performance, 
which was examined using MLM regression analyses. First, a null model was fit to ensure clustering amongst team 



 
 
 

2023 Interservice/Industry Training, Simulation, and Education Conference (I/ITSEC) 

I/ITSEC 2023 Paper No. 23337 Page 9 of 14 

members. The null model was significant (p < .01) with an ICC value of .60. When examined individually, three of 
the items predicted performance. More specifically, team communication dispersion predicted performance, with 
t(170.26) = -2.52, p < .05 , ICC= .58, CI [-.017, -.002]. Next, Team keywords dispersion predicted performance, with 
t(189.04) = 3.54, p < .01 , ICC= .67, CI [.060, .221]. Lastly, Team role-specific information predicted performance, 
with t(189.96) = 4.07, p < .01 , ICC= .66, CI [.212, .625].  
 

When examined across the four 
factors, three of the four factors 
predicted performance. Factor 
2 predicted performance, with 
t(189.65) = 2.23, p < .05 , ICC= 
.63, CI [.006, .120]. Next, 
Factor 3 predicted 
performance, with t(189.53) = 
2.90, p < .01 , ICC= .65, CI 
[.026, .147]. Lastly, factor 4 
predicted performance, with 
t(168.24) = -2.53, p < .05 , 
ICC= .58, CI [-.016, -.002]. 
Subjective coordination did not 
predict performance (p > .05). 
Such results demonstrate a 
relationship between the 
developed measure of 
unobtrusive team coordination 
and performance as well as 
criterion-oriented validity of 
the developed measure 
(Cronbach & Meehl, 1955). As 
a result, H3 was partially 
supported. 

 
 
H4 posited that when examined within the same model, the unobtrusive measure of team coordination would predict 
performance above and beyond the subjective measure of team coordination. When examining the three factors and 
subjective coordination within the same model, all three factors predicted performance above and beyond the measure 
of subjective coordination, ICC= .74. Within the model, factor 2 significantly predicted performance, with t(187.45) 
= 3.79, p < .01. Factor 3 significantly predicted performance, with t(187.06) = 6.30, p < .01. Lastly, factor 4 predicted 
performance, with t(189.72) = -5.29, p < .01. An ANOVA was then conducted to examine differences in the null 
model and the model with the level one predictors. The model with the level one predictors was significant when 
compared to the null mode, with Δχ2 (4) = 45.95, p < .001. Taken together, H4 was supported. 
 
DISCUSSION 
 
The results of the current study provide preliminary support for the RADSM process when developing systems-based 
measures, specifically a measure of team coordination. When examined individually and at the factor-level, the 
measure of unobtrusive team coordination partially demonstrated convergent and discriminant validity (H1-H2).  
 
When looking at the individual items within the measure, three items (Team communication dispersion, Team role-
specific information shared, Team role-specific information shared dispersion) predicted performance. The factors 
that predicted performance were clustered based on information sharing (factor 2), the dispersion of information 
sharing (factor 3), and the dispersion of team communication exchange (words and questions spoken; factor 4). As 
expected, factor 2 predicted performance such that increased information sharing predicted increased performance, 
which is supported by previous research that has identified communication and asking questions as elements of 
coordination that are related to increased team performance (Butchibabu, 2016; Kolbe, 2009; McCormack et al., 2017; 
Pinto & Pinto, 1991). Further, factor 4 predicted performance such that increased dispersion of team communication 

Figure 2. Summary of Results 
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exchange (words and questions spoken) predicted decreased performance. However, the relationship between factor 
3 and performance was not as expected. More explicitly, factor 3 predicted performance such that increased role 
sharing dispersion predicted increased performance. It is possible that while it is important for team communication 
exchange (factor 4) to be equally distributed, certain roles may require a greater degree of information sharing (factor 
3) which would result in an inequal distribution of information amongst team members leading to increased 
performance. In support of that explanation, previous research has demonstrated that hierarchical communication 
patterns, centered around the leader, can impact team productivity and quality. In addition, leaders may benefit from 
sharing more information than they receive (Ehrlich & Cataldo, 2014). Such findings would underscore that 
communication patterns that facilitate positive outcomes may be impacted by team roles opposed to equal team 
communication distribution.  
 
In addition, when both unobtrusive and subjective team coordination were put in the same model, the three factors of 
unobtrusive or subjective team coordination predicted performance while the measure of subjective team coordination 
did not (H8). Given that previous research has highlighted the need to understand differences in subjective and 
unobtrusive constructs given their unique benefits and limitations (Khaleghzadegan et al.,2020; Salas et al., 2015a), 
this finding highlights that although subjective and unobtrusive measures of the same constructs may be related, they 
can have independent and differing relationships with certain outcomes variables (Mesmer-Magnus& DeChurch, 
2009). In addition, previous research examining organizational outcomes has demonstrated unobtrusive measures to 
be more robust predictors when compared to subjective measures (Baek & Ihm, 2021). Further, it could be that 
subjective or unobtrusive measures of the same construct map on to outcomes differently based on the data source of 
the outcome. For example, within the current study, an outcome variable that was perception-based may have 
demonstrated a relationship with the subjective measure of coordination as opposed to the unobtrusive measure of 
coordination. There are notable limitations to the current study which may have impacted findings, which are 
discussed below.  
 
The current study has several limitations that are important to note in terms of both acknowledging certain confines 
of the research as well as to inform future work. To begin, while the study was designed to examine team processes 
(e.g., coordination) in a military environment, the current iteration of the study sample consisted mostly of civilian 
undergrad participants. Further, given that the teams consisted of individuals that were not a part of an established 
team, it is possible that elements of team behavior and team process may differ when examined within established 
teams. However, team coordination is a team process (opposed to an emergency state that may take longer to develop). 
As such, the behaviors and attributes selected as part of the measure were likely less impacted. Further, given that the 
examined relationships would likely be weaker in newly formed teams and that the current study demonstrated 
significant relationships, the current study may be under representative of the effect of the examined relationships.  
 
Additionally, the current study utilized an observer measure of team performance. The observer rating of performance 
was highly driven by task completion within the missions, which may be different than the perceptions of team 
coordination. As a result, it is possible that the selected measure of team performance was biased towards the 
unobtrusive team coordination indictors, which resulted in the differences between the two measures of coordination 
and performance. Especially given that previous research has demonstrated a relationship between subjective team 
coordination and performance (Chang et al., 2017; Espinosa et al., 2004).  
 
Lastly, issues with data collection severely minimized the ability to adequately execute the RADSM process as 
intended. Such issues limited the availability of the items to include within the unobtrusive team coordination measure 
as well as limited the ability to conduct more robust analyses. To begin, certain items within the initial unobtrusive 
measure of team coordination were not able to be included due to limitations because of data collection and technology 
issues. For example, proximity data and movement data were both collected but excluded as a result of issues with 
data collection and the quality of the data produced by the unobtrusive data sources. As a result, team coordination 
was only able to be examined using communication-based indicators of coordination. It is possible that the developed 
measure of unobtrusive team coordination may have seen additional significant relationships demonstrating construct 
validity and predicting performance had the other data sources and corresponding indicators been included in the 
analyses. In addition, issues with data collection resulted in data loss such that the sample size was impacted. The 
availability of a larger sample prevented the use of a preliminary dataset that was intended to be used to conduct the 
EFA. As a result, the PCA, EFA, and CFA were conducted on the same data, which doesn’t represent best practices 
for factor analysis. 
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Further, issues with the Bluetooth wireless earpieces (e.g., disconnecting, noise interference, etc.) as well as substantial 
background noise impacted the quality of the audio data, all of which had impacts on the accuracy of the unobtrusive 
measure, especially given the developed unobtrusive measure was solely based on audio data. More explicitly, even 
though the audio files were mostly transcribed by hand, certain words, phrases, as well as large portions of the audio 
files could have been missed due to data quality issues. This would have a significant impact on all of the unobtrusive 
team coordination items. Lastly, in some instances where individual pieces of technology failed and there was missing 
data, cross-team averages had to be utilized in order not to exclude the entire team. Given the variations of 
communication across the roles, cross-team averages may not be accurately representative of the missing role. 
However, despite the data quality issues and missing data, the significant relationships from the collected audio data 
provide confidence in the quality of the developed measure. 
 
In addition to the limitations and future research directions, it seemed pertinent to outline lessons learned given the 
novelty of unobtrusive data collection as well as the “file drawer” problem that exists within unobtrusive data 
measurement methodologies. More explicitly, when novel research methodologies are utilized, such as the 
development of unobtrusive measures utilizing technology, often there are elements of the research design that fail 
and therefore the results and subsequent lessons learned are never disseminated. Although the findings of the current 
study only partially validate the developed measure of unobtrusive team communication, both the novelty of the 
described approach and the best practices developed from the current study can still inform and advance the field. 
 
To begin, it is important to note that some constructs are more difficult to examine unobtrusively. For example, certain 
behaviors that are more often attributed to implicit coordination would have been difficult to include in the developed 
measure. Specifically, behaviors such as anticipatory behaviors, which have been demonstrated to be indicators of 
coordination, often include an element of cognition that is currently difficult, if not impossible to capture using just 
unobtrusive data sources. As a result, it’s important to consider the available data sources and crosswalk those sources 
with attributes and behaviors in the literature in order to ensure attributes and behaviors selected can be captured with 
the data sources that are available.  
 
Next, advantages of the unobtrusive data collection techniques include that they often take less time and effort to 
collect as large sets of data can be collected continuously with minimal effort or intervention. However, the processing 
of unobtrusive data can be incredibly time consuming when compared to subjective data sources. Despite the 
advancements in technology, AI, and data management and analytic capabilities, it can be difficult to process large 
amounts of unobtrusive data that requires cleaning and restructuring. Further, just because data are collected using 
unobtrusive data sources, such as different pieces of technology, doesn’t always translate to data that is useable and 
functional. For example, the commercial-off-the-shelf (COTS) technology used for the current study had several issues 
and limitations that greatly impacted the success and progress of the study as well as the quality of the data. For 
example, the Bluetooth earpieces used to collect the audio data often disconnected and as a result, much of the audio 
data was collected through each individual’s smartphone which decreased quality of the audio data. It is very likely 
that the items developed using the RADSM process were adversely impacted such that the audio recordings were not 
clear enough for accurate transcripts, which would have impacted all ten RADSM items. In addition to COTS 
technology, the current study used internally developed software programs to collect data. In many cases, there were 
issues with the internally developed software installed on the COTS technology. As a result, some data was not 
collected during the experimental paradigms, resulting in missing data. 
 
As a result, a key lesson learned is to execute a robust pilot of the data collection and processing methodologies. More 
explicitly, the current study could have benefited from assessing the COTS as well as the data collection techniques 
and methodologies prior to the larger data collection effort. Despite the advances to technology that have occurred, 
even the most advanced COTS technology still can have limitations and issues, some of which can be specific to data 
collection use cases. In the case of the current study, it is likely changes would have been made to the COTS in order 
to minimize limitations and improve data quality. For example, within the current study, the study team may have 
opted for a plug-in microphone instead of Bluetooth earpieces which would have minimized the occurrence of 
disconnections. Additionally, the project sought to use multiple data sources (e.g., proximity data), however those data 
sources were also impacted by data quality issues but could have been potentially revised in order to maintain a larger 
breadth of unobtrusive data source options for the RADSM process. In addition, as part of the pilot process, pilot data 
should be processed, cleaned, and at least partially analyzed in order to identify issues in the data collection to analysis 
pipeline.  
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Taken together, although there are several advantages to using unobtrusive data, there also many challenges that are 
unique to unobtrusive data that can impact the collection, processing, and cleaning of the data. Piloting the data 
collection and the subsequent processing and analyzing process can provide opportunities to make adjustments prior 
to the full-scale data collection. Although there are certainly challenges with unobtrusive data sources, it’s important 
to continue to explore new technologies and novel approaches in order to address current gaps within the literature 
and expand data collection and analysis possibilities. As technology continues to improve and more advanced 
unobtrusive or minimally intrusive data source are available, it will be critical to establish processes as well as best 
practices in order to ensure the collection of both high-quality and empirically rigorous data. 
 
CONCLUSION 
 
The current study explored the use of a systematic approach, the RADSM process developed by Orvis and colleagues 
(2013), to develop an unobtrusive measure of team coordination. As part of the RADSM process, the measure was 
developed, refined, and examined for validity. The current study also extended those findings to compare the 
developed measure with an established measure of subjective team coordination. In summary, the developed measure 
was partially validated and demonstrated key types of validity (e.g., convergent validity) across a majority of the 
developed measure indicators as well as factors. When examined with performance, both individual indicators and 
factors predicted performance. Specifically, factors related to information sharing, the dispersion of information 
sharing, and team communication exchange were demonstrated to predict performance. Further, the same three factors 
of unobtrusive team coordination predicted performance above and beyond the subjective measure of team 
coordination when in the same model. Despite the promising results, there are several limitations and lessons learned 
that may have contributed to the ability to fully validate the developed measure and see expected relationships within 
the data. 
 
In summary, the current study encapsulates the complexities associated with both collecting data using unobtrusive 
data sources as well as developing measures from such sources. While technology is advancing, there are still many 
limitations to technology that makes leveraging unobtrusive data sources, instead of subjective perceptions, both 
difficult and time consuming. As a result, in addition to providing an overview of a systematic process an unobtrusive 
measure of team coordination, the current study seeks to draw attention to best practices and future research that can 
continue to grow and improve upon this line of research. The use of unobtrusive data sources will only continue to 
increase, and it’s important the conceptual integrity of established constructs is maintained moving forward. 
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