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n the past two decades, many branches of sci-
Ience have shifted from individually oriented
research toward team-based scientific collabora-
tion.!=3 Teams of researchers representing different

disciplines are often brought together to better
solve large-scale and often urgent problems of sci-
entific, societal, and environmental relevance. In
addition to combined subject matter expertise and
the team’s disciplinary composition, many contex-
tual factors such as antecedent conditions, collab-
orative processes, and support technologies as well
as a host of social factors such as team size and
organizational complexity can directly influence
outcomes in team-based research.*’

From this perspective, emerging research on
team science aims at better understanding the key
contextual factors related to trans-disciplinary sci-
entific collaboration processes and enhancing the
outcomes of large-scale collaborative research pro-
grams. More specifically, team-science research
combines problem-solving frameworks, special-
ized expertise, and research methods across dis-
ciplinary boundaries to help produce high-impact
science.®

Team-science practice can range from a few par-
ticipants working at the same site to a large num-
ber of researchers dispersed across multiple geo-
graphic and organizational venues. Additional
aspects of a team-science project include techno-
logical resources and collaboration platforms that
could influence team members’ ability to commu-
nicate, integrate diverse datasets, and carry out
joint research activities. Such platforms, often with
the Internet as a technology enabler, have received
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much attention in the scientific community.” In
the past two decades, we’ve witnessed a surge in
investments in developing cyberinfrastructures for
large-scale team scientific collaborations. Table 1
lists several examples.10-13

Despite the success of many of these cyber-
infrastructure projects, a range of obstacles facing
team science remain to be tackled. Virtual envi-
ronments could never replace real-world social en-
vironments and setups to support the full gamut of
collaborative activities.5-'%15 Misunderstandings
due to linguistic differences, disparities in man-
agement styles, and social conventions in different
cultures can constrain the effectiveness of global
teams.’ Trust is also especially fragile and tran-
sient in virtual teams.3

In an effort to generate insights to inform team-
science platform designs to better support scien-
tific collaboration, we have been developing an ex-
perimental next-generation team-science-enabling
platform (TSEP). With this platform, we have
been collecting research intelligence related to the
topics of scientific collaborations. Based on social
computing theories'®~18 and empirical analyses,
we model team-based research behaviors and con-
duct computational experiments evaluating differ-
ent modes and setups of collaboration.

This article outlines the conceptual design
framework of the TSEP. The key TSEP functions
include research intelligence collection for scientific
collaborations; empirical analysis of research intel-
ligence for understanding the key factors underpin-
ning team-science practice; computational experi-
ments based on environmental, technological, and
social-cognitive models to evaluate team-science
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designs and protocols; and training
of researchers.

Research Intelligence
Collection

Web 2.0 technology has been rede-
fining scientific collaboration among
participants in many research fields.
Online knowledge repositories such as
those supported through crowd sourc-
ing, along with online libraries and sci-
entific collaboration websites, provide
us with the unprecedented abundance
of research intelligence to understand
contextual factors that influence scien-
tific collaboration processes.

Figure 1 illustrates the four classes
of research intelligence: collabora-
tive readiness, collaborative pro-
cess, collaborative outcomes, and
effectiveness and impact. Research
intelligence on collaborative readi-
ness concentrates on social concerns
and research issues, institutional sup-
port for collaboration, public and
private investments in large-scale re-
search initiatives, and participating
members of a research team. The sci-
entific collaborative process can be
characterized along three dimensions:
organizational, geographic, and ana-
lytic.8 The organizational dimension
includes not only intraorganizational
partnerships but also interorganiza-
tional alliances. The geographic di-
mension ranges from local to regional
to national or global collaboration.
The analytic dimension incorporates
micro to macro levels of intellectual
analysis. Collaborative outcomes con-
cern publications such as journal and
conference papers, edited books, con-
ference proceedings, patents, discov-
eries, and related applications. The
effectiveness and impact of research
outcomes can be evaluated from a
temporal perspective, which ranges
from early-stage collaborative syn-
ergy to mid-term scientific innovation
and long-term societal impact.

NOVEMBER/DECEMBER 2011

Table 1. Sample cyberinfrastructures to enable team science.

Link profiles with grants or publications, and help scientists share

Enable new conceptual advances in plant sciences through

integrative, computational thinking

Project Objective
VIVO

research data
iPlant
Liquidpub

Provide a range of tools to enable socially driven generation and

dissemination of scientific knowledge

Biomedical Informatics
Research Network

Open Science Grid

Provide a repository of neuroanatomical, clinical, genomic, and
behavioral data and related analysis tools

Share resources, tools, and expertise for domain scientists,

computer scientists, and technology specialists

Collaborative process

Organizational
patterns

Research behaviors

Collaborative
discussions

Progress reports

Social needs and
research issues

Discoveries

Applications

Early-stage
collaborative synergy

Mid-term scientific
innovation

Long-term social
impact

Initiative conditions

Participating Institutional Pubic and private
members supports investments

Figure 1. Research intelligence collection. The four classes of research intelligence
are collaborative readiness, collaborative process, collaborative outcomes, and

effectiveness and impact.

Fromanimplementation standpoint,
we have been applying application-
specific knowledge engines (ASKEs)
and social-sensor networks (SSN) to
collect research intelligence over the
Web. The basic idea of an ASKE is
to use a knowledge-configuration file
(KCF) to specify topics, keywords,
search sequences, and schedules for
query processing. Similar to physi-
cal sensor networks, a SSN based on
an ASKE consists of many connected
cyber-sensors assigned to topic-
related websites. Each sensor is a topic-
specific crawler. Depending on the
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topic, the SSN displayed in Figure 1
can be used to collect research intel-
ligence at multiple levels.

Empirical Analysis
Analyzing real-world

practice is key to understanding evo-
lutions of the scientific community
and their products—knowledge. In
any discipline or transdisciplinary
effort, researchers contribute various
theories and techniques and generate
diverse findings. Based on existing
studies,®!® we propose a three-level
analytic approach that can serve as

team-science
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Figure 2. Empirical analysis based on research intelligence. A three-level analytic
approach serves as a framework for organizing individual-, organization-, and

team-level research efforts.

a framework for organizing the di-
verse forms of research by individual
scientists, organizations, and teams
(see Figure 2). Analysis at each level
might use multiple approaches and
provide different insights.

The micro-level analysis covers
interpersonal collaboration process,
intrapersonal characteristics, and
personal experience and skills. The
meso-level is concerned with orga-
nizational structures, collaborative
mechanisms, and intra-team interac-
tion patterns. Both micro- and meso-
level analyses heavily rely on social-
network-analysis technologies, where
nodes represent participant members
and link their relationships. We have
developed tools to study and visual-
ize the evolution of network struc-
tures and help summarize specific
interaction patterns by examining
communications.

The macro-level analysis provides
insights about broad patterns of sci-
entific collaboration in terms of ef-
fect and impact. Empirical analyses
at the macro level also utilize social
computing theories and might require

large-scale computing infrastructures
such as grid and cloud computing to
obtain results.

To conduct meaningful analyses at
these three levels, we need to incorpo-
rate social psychology, social dynam-
ics, organizational behavior, and so-
cial cognition theories, in the specific
context of scientific collaboration.
Additionally, progress made in cul-
tural computing, data mining, and vi-
sualization techniques can help iden-
tify interrelationships and patterns
from empirical research intelligence.

Computational Experiment
Existing studies on team science have
relied mostly on retrospective and pro-
spective case-comparison studies. Ex-
periments or quasi-experiments were
rarely used.? Designers or evaluators of
team-science platforms or projects, on
the other hand, often need to capture
and understand the collaboration pro-
cess, and the changing environments
and tasks, at a fast pace.

To address this challenge, we propose
applying computational experimenta-
tion ideas?9-22 that are well-suited
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to model complicated behavioral, or-
ganizational, and social issues and
evaluate system design alternatives in
a holistic manner. Team-science re-
searchers can construct various com-
putational models based on empiri-
cal findings and conduct agent-based
experiments to study the impact of
various team-science organizational
principles or platform choices. This
approach is a viable modeling frame-
work to address the open, dynamic,
complex, and unpredictable na-
ture of team-science practice. First,
we construct an artificial society-
based model of the team-science eco-
system using agent-based modeling
technology, with the empirical find-
ings as the backdrop. The related re-
search issues include social reasoning
of agents’ beliefs, motivations, goals,
emotions, intentions, and trustworthi-
ness. Then, we design scenario-based
computational experiments, with for-
mal specifications on the tasks, task
assignments, teaming structure, and
platform choices, among others. After
the experiments are specified formally,
the team-science artificial society will
be activated with agents interacting
with each other over time. Through
observations of the emergent behav-
ior, and system- and individual-level
performance, we validate models and
evaluate design alternatives.

Training

Training researchers to improve their
scientific collaboration skills involves
many challenges, including learn-
ing domain knowledge, navigating
within and between disciplines, ac-
quiring communication skills, and
appreciating cultural differences in
different disciplines, among others.23
In addition, the distinctions between
single-discipline, interdisciplinary,
and transdisciplinary forms of sci-
entific collaboration are often di-
rectly relevant to the development
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of criteria for evaluating the success
of team science. These challenges
and distinctions have been largely
neglected.2:2425

The TSEP is designed to help
deal with some of these challenges.
Through the TSEP, we can empiri-
cally determine the main determi-
nants of successful scientific collab-
oration training, such as individual
trainer characteristics, key institu-
tional setups, and training structures
and processes. Based on both quali-
tative and quantitative methods, var-
ious effective training models can
be constructed under different con-
ditions. The TSEP is also expected
to provide assessment methods and
measures to monitor ongoing scien-
tific collaboration processes and to
evaluate outcomes.

Most pressing problems of signifi-
cant impact—such as pollution, social
and national security, economic crisis,
public health, and ecological balance—
are complex and call for transdisci-
plinary scientific efforts in team set-
tings. Team science aims to better un-
derstand such team efforts and help
design more effective approaches to en-
able more effective and efficient scien-
tific collaboration. The proposed TSEP
system provides research intelligence
collection capabilities and a suite of
analysis and modeling tools to help un-
derstand key factors that influence the
effectiveness of large-scale team-science
initiatives and evaluate different team-
science design alternatives. These ca-
pabilities and tools are expected to
enhance the research platform of the
team-science research community.=
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