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Abstract—This paper presents a socio-technical framework
for measuring organizational capacity for cyberinfrastructure
(CI) implementation, adoption, and diffusion at the team’s level.
CI implementation is an example of big data science project in
data-intensive projects funded by the US National Science
Foundation (NSF), providing a unique case for understanding
big data science teams from an important field that is academic
and scientific in nature. We argue that organizational capacity
can be defined by the three dimensions of foundational technical
expertise, daily social interactions, and enduring organizational
qualities. We provide scale items for measuring these three
dimensions, using a questionnaire in a self-reported and self-
reflexive fashion. The overall average score and the individual
composite scores of the three dimensions (and their sub-
dimensions) can be used as feedback and capacity building
activities as intervention strategies. Future research will
statistically validate the framework using exploratory and
confirmatory factor analyses.

Keywords—organizational  capacity, cyberinfrastructure
studies, diffusion of innovations, technology implementation, big
data science projects.

I. INTRODUCTION

Big data science projects are socio-technical in nature,
requiring a careful integration of technical experts in a
collaborative team with productive culture on a daily basis.
While most discussions in the big data and data science
conferences are about the technical aspects of the field, there
has been an increasing interest in understanding what makes
big data science project successful, especially in the works of
Saltz and colleagues [see 1, 2, 3]. In other words, the field is
investigating how data science teams effectively work and
operate to make big data impactful. This is the strong rationale
behind why it is critical to study methods to improve big data
science projects.

Data science has impacted many fields and industries. One
particular area is research computing and data (RCD) in
academic campuses. RCD has also been referred to by other
names, such as scientific computing, research IT, and
cyberinfrastructure (CI). CI is a popular term because it was
coined by Atkins and colleagues [4] in a National Science
Foundation (NSF) Blue Ribbon Report in 2003. This report
led to the establishment of the NSF’s first Office of
Cyberinfrastructure (OCI) in 2006 [5], which was renamed as
the Division of Advanced Cyberinfrastructure (ACI) in 2012,
and then the Office of Advanced Cyberinfrastructure (OAC)
in 2016 [6]. Regardless of the variation in names, the NSF
funded hundreds of CI projects since 2006 (in fact, several
years in less coordinated fashion before the official
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establishment of OCI). Over the past 15 years, there have been
hundreds of big data science projects in RCD, which make up
the focus of this paper.

There are many aspects of big data science projects to
explore. In this paper, we are particularly interested in what
provides organizational capacity for big data project teams
and the associated capacity building activities. By
organizational capacity, we refer to what enables team
members to do work on a daily basis towards long-term goals.
The long-term goal we focus on in this paper is the
implementation, adoption, and diffusion of CI for big data
research in science, technology, engineering, and mathematics
(STEM), an example of RCD. By implementation, we refer to
the regular and active use of big data and related technologies
in the project. By adoption, we describe the decision and
continuing commitment to put big data to use. By diffusion,
we mean the systemic spread of CI and RCD tools, techniques,
and big data in STEM. Overall, we use the term diffusion to
include the related processes of adoption and implementation.

II. ORGANIZATIONAL CAPACITY AS KEY TO TEAM
PERFORMANCE

Given the recent emphasis in collaborative research by
national and private funding agencies, research on team-based
science has sought to improve the outcomes of large-scale
scientific collaborative efforts [7]. This “science of team
science” [8, 9] highlights several aspects of successful team
outcomes. These include antecedent or readiness factors, such
as team member values or expectations, and both
interpersonal (e.g., team size, history of collaborations) and
intrapersonal (e.g., leadership qualities, research discipline)
factors. In addition, institutional factors, such as an overly
bureaucratic administration, and environmental factors, such
as the geographic proximity of research teams can also impact
productivity outcomes [9]. Outcome factors can be
quantitative in nature, such as publications or research
funding, or qualitative in nature, such as trust and
understanding [10,11]. Stokols et al. [12] describe additional
technological and sociopolitical factors that impact
productivity.

A. Team Diversity and Interpersonal Interactions on a Daily
Basis

Cheruvelil et al. [13] identify two primary qualities of
high-performing teams based on lessons learned from their
own collaborative research: diversity of team members and
interpersonal skills. For a team to be successful, they suggest
it should include diversity in various aspects, such as
viewpoints, disciplines, cultures, ethnicities, gender, etc.
Team members should also possess interpersonal skills, such
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as emotional intelligence, engagement, and understanding,
appreciation for diversity, and social awareness. Effective
team communication strategies, such as regular seating
changes to reduce hierarchical structured discussions, and
routine assessment of team functioning are also seen as critical
aspects of team success.

B. Team and Organizational Communication as General
and Enduring Qualities

Some research has focused on communication as a
primary source for success (e.g., [14, 15]). For example, by
analyzing communication patterns among sustainability
science teams, McGreavy et al. [15] identified three important
communication dimensions of successful teams. First, staying
aware of and remaining flexible with team structures and
typologies, in combination with the use of communication
technologies, results in better alignment within teams.
Additionally, building initial consensus on decision-making
processes and articulating such processes up front can help
prevent team dissatisfaction and fragmentation. Finally, they
suggest that communication which extends beyond basic
information exchange, which builds trust and fosters
relationships, helps improve team success and advances team
goals and objectives.

However, defining clearly what constitutes research team
success and valid measurable outputs has remained a
challenge for scholars (e.g., [16, 17]). Goring et al. [16]
propose additional outcome measures to the commonly
utilized bibliometrics (e.g., publications, funding; [18]). They
suggest that educational outcomes, dataset production,
communication outcomes (e.g., social media etc.), and
applying scientific findings to guide policy and practice are
additional outcome measures for research team success. Given
that the context of this paper is on data science in STEM and
RCD, the necessary technical expertise needs to be in place.
Therefore, we proposed the research question, “What are the
characteristics of a big data science team, and what socio-
technical activities that take place on a daily basis that enable
it to move towards long-term goals of effective CI
implementation, adoption, and diffusion in STEM?”

III. RESEARCH METHODOLOGY

In this paper, we described a scale development effort to
quantitatively measure organizational capacity for CI
implementation, adoption, and diffusion at the team’s level.
The scale development effort is grounded in the analysis of
about 120 interviews conducted between 2016 and 2019 with
a range of CI users, developers, and project administrators
across the US. Grounded theory analysis yielded a preliminary
framework. The grounded theory analysis of the overall
project yielded findings at the personal, team, university, and
community levels. However, in this paper, we focus on the
team’s level. This is first due to the scope of the conference
workshop on project methods, which is mainly at the team’s
level. Second, we believe that team level activities are more
conducive and easily implemented as interventions for
improvement, compared to other levels, such as the university
and community levels. Third, as argued in the introduction of
the paper, there is an increasing interest in the field to
understand methods for improving big data science projects.
We believe this paper contributes to the field in this fashion.

Also, instead of presenting the grounded theory and
qualitative findings, which would be sufficient for a paper, we
decided to focus on reporting the scale items developed based
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on the qualitative findings, the step we took beyond the
original grounded analysis. We focus on reporting scale items
because this approach can provide a method for generating a
score quickly and quantitatively for a big data science team.
The score can be the average score across the three dimensions
we will elaborate on in the next section of the paper.
Alternatively, an average composite score can also be
generated quickly and quantitatively for each of the sub-
dimensions under each main dimension, by calculating the
average score for items that fall under the same sub-
dimensions (between 4 to 9 items). The overall score or sub-
dimensional composite scores can serve as feedback for self-
assessment by teams. We believe this approach would add a
useful tool to the collection of methods in the field.

The scale items were developed by the three co-authors in
an iterative fashion, going between the scale items, the
literature, and the interview data, an approach commonly
taken in grounded theory research and scale development.
Furthermore, we pilot tested the scale items with eight CI and
RCD professionals in the field to receive their feedback. Every
time we received suggestions, we incorporated their ideas into
the scale, making the instrument more mature, robust, and
context-sensitive.

IV. RESEARCH FINDINGS

In this section, we report on the scale items developed to
measure the socio-technical activities and qualities, broadly
organized into three main dimensions of technical expertise
by team members, daily social interactions within the team,
and enduring and general organizational qualities of the data
science project.

The scale items in the instrument are being introduced
with the stem sentence of “My team....”. Respondents will
indicate their degree of agreement or disagreement on a
Likert-scale, ranging from (1) strongly disagree to (7) strongly
agree.

A. Technical Expertise

The items for measuring technical expertise can be further
broken into three sub-dimensions: internally recognized
expertise,  externally  recognized  expertise,  and
science/scientific communication. Again, respondents will
rate their degrees of (dis)agree with the following items
introduced after the stem of “My team...”

1) Internally Recognized Expertise
e possesses knowledge about how to utilize national CI
resources (e.g., XSEDE).

* maintains access to online material (public and/or
subscription-based) for training and educational
resources.

¢ has internal members I can discuss CI related problems
with.

¢ Dbelongs to CI communities that can help with CI access
and implementation.

® encourages everyone to get involved in publishing, not
simply the PI and/or a few others.

2) Externally Recognized Expertise
e is recognized by peers in the field to be CI experts.
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e often gets contacted by peers when they have questions
about using CI.

e knows which online resources to point peers to if they
have questions about CI.

e can recommend facilitator networks to peers if we
can’t answer their CI questions.

3) Science/Scientific Communication
e publishes our work in peer-reviewed outlets (e.g.,
journals, conference proceedings).

e participates in workshops and conferences in my
field(s) to represent the team.

* maintains a website to communicate our work to peers
and the general public.

e uses social media to engage with interested audiences
about our work.

e believes that communication activities (e.g., outreach,
public relations) are a high priority.

e has dedicated personnel responsible for external
outreach and communication.

B.  Daily Social Interactions

The second dimension of team level capacity is the daily
social interactions of the team, what we also refer to as the
micro aspect of what team members do. The items for
measuring daily social interactions can be further organized
based on four sub-dimensions: project management, team
improvement, staffing and training, and resource
optimization. Again, the scale items in the instrument are
being introduced with the stem sentence of “My team...”

1) Project Management
e tracks progress against a project timeline.

e has a platform for project management (e.g., Asana,
JIRA, MS Project, AirTable, ClickUp) which the
whole team uses.

e uses a collaboration space (e.g., Confluence, GSuite,
SharePoint, Wiki pages).

e employs a data management system (e.g., MS Access,
SAP, Oracle).

o effectively utilizes remote/collaborative technologies
(e.g., Zoom, Slack, MS Teams).

® manages a platform for internal documentation (e.g.,
processes, procedures, tool development).

2) Team Improvement
e assesses team performance on a regular basis.

e evaluates individual performance on a frequent basis.
e discusses opinions about ongoing project progress.

e encourages professional growth of team members.

e supports professional development of team members.
e suggests ideas for process improvement.

e integrates new ideas and practices to improve our
work.
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e implements best practices in the field.

3) Staffing and Training
e is adequately staffed.

e effectively manages workload distribution.

e members have the expertise required for their job
responsibilities.

e has relatively little turnover.
e has a structured process of onboarding new personnel.

e shares stories (e.g., past successes, challenges) with
new team members.

e provides ongoing training to team members.

e makes an effort to recruit diverse applicants when
hiring.

¢ has personnel who manage financial resources.

4) Resource Optimization
e makes the most out of limited resources.

e generates ideas to help reduce costs.
¢ is willing to work beyond normal business hours/days.

e often works more than the common expectation of 40
hours per week.

e offers flexibility (e.g., remote work, flexible hours,
etc.) to members.

e provides adequate time for parental leave and/or
family medical leave.
C. Enduring Organizational Qualities

The third dimension of team level capacity is the enduring
organizational qualities of the team that usually takes a while
to develop, hence also takes a while to evolve. Therefore,
these qualities are relatively enduring. We also call these the
macro qualities. The items for measuring organizational
qualities can be further organized based on four sub-
dimensions: team norms, team collaboration, reflective
organizing, and absorptive capacity. Again, the scale items in
the instrument are being introduced with the stem sentence of
“My team...”

1) Team Norms
e has clear goals and objectives.

e Dbelieves in the value of our work.
e shares a common organizational culture.
e Jleverages effective management/leadership.

e embraces diversity (e.g., disciplinary, skill sets, work
styles, socio-demographic).

2) Team Collaboration
e promotes knowledge sharing among team members.

e collaborates successfully within the team.
e has generally productive internal communication.
e gets along well interpersonally.

e s able to resolve conflict constructively.
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e values interpersonal skills (e.g., teamwork,
communication, emotional intelligence) as much as
technical skills.

3) Reflective Organizing
e reflects on past successes and challenges on a regular
basis.

e learns from past mistakes.
* anticipates possible problems that may arise.
e takes steps to prevent hindrances to project

e accepts mistakes, problems, and impediments as part
of everyday reality.

4) Absorptive Capacity
e is adaptive to project barriers.

e s able to pivot and adapt to new changes.
e can absorb the impacts of surprises (without pivoting).

¢ s flexible in looking for workarounds and solutions to
challenges.

e s able to take advantage of new opportunities due to
the way we organize our personnel resources.

e has a decision-making approach for when surprises
happen.

The general organization of the framework is summarized
in Table 1 below.

TABLE L SOCIO-TECHNCAL FRAMEWORK OF TEAM LEVEL

CAPACITY

Organizational Capacity for CI Implementation
in Big Data Science Projects
Main Dimensions

Sub-Dimensions

Technical

. Internally Recognized Expertise
Expertise

Externally Recognized Expertise

Science/Scientific Communication

Daily Social

N Project Management
Interactions

Team Improvement

Staffing and Training

Resource Optimization

Enduring Team Norms
Organizational
Qualities Team Collaboration

Reflective Organizing

Absorptive Capacity

V. CONCLUSION

In this paper, we investigated the research question, “What
are the characteristics of a big data science team, and what
socio-technical activities that take place on a daily basis that
enable it to move towards long-term goals of effective CI
implementation, adoption, and diffusion in STEM?”” What can
readers take away from the framework and composite scales
presented above? First, this paper suggests that to reach the
goal of effective CI implementation by a data science team in
STEM, the team needs to score high on three dimensions:
foundational technical expertise, daily social interactions, and

2304

enduring organizational qualities in order to move the team
forward towards the long-term goal of effective and
sustainable CI implementation and diffusion.

Second, we argue that what enables members to do their
work on a daily basis (micro) really comes from the technical
expertise (base, foundation) and the enduring organizational
qualities (macro). This argument is based on a systems
perspective of the dynamics within an organization, in this
case, a big data science project. The systems perspective
suggests that the outcome is more than simply the sum of its
parts. All the systems components are synergistic in the
process of creating the ultimate goal of CI implementation,
adoption, and diffusion.

Third, while the scale items above are designed to provide
a self-reflective and self-reported measurement of how a data
science team is performing, and to use the composite scores as
feedback, teams can also use the descriptions in the scale items
as capacity building activities and intervention strategies. For
example, a team can put these items into practice: “encourages
everyone to get involved in publishing, not simply the PI
and/or a few others,” “shares stories (e.g., past successes,
challenges) with new team members,” “anticipates possible
problems that may arise,” to list a few items from the
framework. Our qualitative analysis suggests that these
activities tend to contribute to a big data science project’s
success. Future research could test the statistical correlations
between the proposed composite scales and desirable
outcomes for CI projects, such as the number of publications,
and amount of research funding, etc.

Fourth, the scale items were developed based on literature
and qualitative interviews. The next step would be to subject
the framework to quantitative testing. Future research will
collect data from CI users, developers, and project
administrators. The data will then be statistically analyzed
using exploratory data analysis on half of the data, and
followed by confirmatory data analysis using the second half
of the data. Such analyses could also be performed on two
separate waves of data collection. Factor analysis will follow
established statistical procedures [19] by the co-authors in the
next phase.

Finally, from a theoretical standpoint, what takes place
between initial adoption and effective implementation
requires the micro (daily team interactions), macro (enduring
organizational qualities), and the foundational (technical
expertise). We argue that even as big data science projects are
technical in nature, one would be wise to be mindful of the
social and organizational dimensions. The micro and the
macro qualities beyond the technical bases make a difference
in a big data team’s likelihood of success.
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