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A SOCIAL MACHINE FOR TRANSDISCIPLINARY RESEARCH 
David G. Lebow  HyLighter LLC, Tallahassee, FL USA david@hylighter.com 

ABSTRACT 
Aim/Purpose This paper introduces a Social Machine for collaborative sensemaking that the 

developers have configured to the requirements and challenges of  transdiscipli-
nary literature reviews. 

Background 

 

Social Machines represent a promising model for unifying machines and social 
processes for a wide range of  purposes. A development team led by the author is 
creating a Social Machine for activities that require users to combine pieces of  
information from multiple online sources and file types for various purposes. 

Methodology The development team has applied emergent design processes, usability testing, 
and formative evaluation in the execution of  the product road map.  

Contribution 

 

A major challenge of  the digital information age is how to tap into large volumes 
of  online information and the collective intelligence of  diverse groups to generate 
new knowledge, solve difficult problems, and drive innovation. A Transdiscipli-
nary Social Machine (TDSM) enables new forms of  interactions between humans, 
machines, and online content that have the potential to (a) improve outcomes of  
sensemaking activities that involve large collections of  online documents and di-
verse groups and (b) make machines more capable of  assisting humans in their 
sensemaking efforts. 

Findings Preliminary findings suggest that TDSM promotes learning and the generation of  
new knowledge. 

Recommendations 
for Practitioners 

TDSM has the potential to improve outcomes of  literature reviews and similar 
activities that require distilling information from diverse online sources. 

Recommendations 
for Researchers 

TDSM is an instrument for investigating sensemaking, an environment for study-
ing various forms of  human and machine interactions, and a subject for further 
evaluation.  

Impact on Society 

 

In complex areas such as sustainability and healthcare research, TDSM has the 
potential to make decision-making more transparent and evidence-based, facilitate 
the production of  new knowledge, and promote innovation. In education, TDSM 
has the potential to prepare students for the 21st century information economy. 
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Future Research Research is required to measure the effects of  TDSM on cross-disciplinary com-
munication, human and machine learning, and the outcomes of  transdisciplinary 
research projects. The developers are planning a multiple case study using design-
based research methodology to investigate these topics. 

Keywords 

 

cognitive bias, epistemological beliefs, multiple texts, sensemaking, Social Ma-
chines, transdisciplinarity, transdisciplinary research 

INTRODUCTION 
This paper introduces a Social Machine for transdisciplinary literature reviews (i.e., the exploration of  
various topics and publications through multiple disciplinary and theoretical lenses; Montuori, 2013) 

and for similar activities that require an individual or group to combine pieces of  information from 
multiple sources for various purposes. Berners-Lee and Fischetti (1999) defined a Social Machine as a 
socio-technical construct where machines help humans to enhance creativity, facilitate collaboration, 
and increase global connectivity. At the time, they predicted that Social Machines would be central to 
the evolution of  the Web and future relationships between humans and machines. Over the past two 
decades, Social Machines have become the focus of  large-scale research programs (e.g., the SOCIAM 
initiative from EPSRC, the Laboratory for Social Machines at MIT) and many academic publications 
(Smart & Shadbolt, 2014). A common theme across diverse perspectives is that Social Machines rep-
resent a promising model for unifying machines and social processes (i.e., interactions between indi-
viduals and groups that influence attitudes, behaviors, and outcomes) for a wide range of  purposes 
(Buregio, Meira, & Rosa, 2013).  

Today, Social Machines are enabling new forms of  social interaction and coordination through a vari-
ety of  Web-based applications. These include, among others, Wikipedia—a collaborative editing site 
for democratically producing an encyclopedia, Facebook—a social networking system for allowing 
people to interact with other users, GalaxyZoo—a crowdsourcing approach for distributing the mas-
sive task of  classifying galaxies and stars, and OpenRov—a distributed sensor network composed of  
underwater drones and their human handlers for exploring the ocean (Smart, Simperl, & Shadbolt, 
2014). A Social Machine for supporting transdisciplinarity may help improve outcomes in such criti-
cal areas as sustainability and healthcare research. 

As Knorr-Cetina (1999) wrote, science is not a unitary enterprise, but a market of  independent epis-
temic monopolies producing vastly different products through different epistemic machinery (i.e., 
“methodologies, techniques, tools and instruments used in our knowledge production and distribu-
tion;” Mørk, Aanestad, Hanseth, & Grisot, 2008, p.15). Extending this metaphor, integrative research 
(i.e., multi-, inter- and transdisciplinary) holds the promise of  innovative products and solutions for 
teams of  diverse members who are willing to relinquish their disciplinary monopolies.  

Over the past fifty years, theorists have proposed various descriptions and definitions for distinguish-
ing different approaches to integrative research (J. T. Klein, 2008a). The terms multidisciplinary, in-
terdisciplinary, and transdisciplinary have frequently appeared in the literature but with varying and 
inconsistent definitions. For current purposes, multidisciplinarity takes into account knowledge from 
different disciplines but involves little interaction across boundaries. Interdisciplinarity involves inter-
action across boundaries with potential to affect the perspectives and research outputs of  disciplinary 
members. Transdisciplinarity involves a creative synthesis where members of  different disciplines 
transcend boundaries to form a new, integrated, and more holistic approach (Darbellay, 2014; J. T. 
Klein, 2008b; Rosenfield, 1992; Stock & Burton, 2011). In other words, multidisciplinary is additive, 
interdisciplinary is interactive, and transdisciplinary is holistic (Choi &Pak, 2006). 

These distinctions aside, all approaches to integrated research face various barriers (e.g., institutional, 
compositional, contextual, and emotional) to productive cross-disciplinary collaboration (Salazar, 
Lant, Fiore, & Salas, 2012). Transdisciplinary research faces the additional challenge of  reconciling 
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differences in epistemic cultures (i.e., “cultures that create and warrant knowledge;” Knorr-Cetina, 
1999, p.1) to generate new and integrated knowledge. Succinctly stated, the main qualities of  trans-
disciplinarity include the following: (a) focus on socially relevant issues, (b) aim for a creative synthe-
sis of  disciplinary perspectives, (c) make research participatory and inclusive, and (d) pursue a unity 
of  knowledge (Pohl, 2010). Consistent with this perspective, transdisciplinarity asserts that no one 
discipline sits in a privileged position for meeting the many problems and threats facing humanity 
(Vilsmaier, Brandner, & Engbers, 2017). 

A development team led by the author has created a Transdisciplinary Social Machine (TDSM) to 
help address the challenges facing transdisciplinary research teams. TDSM enables machines as spe-
cially-abled teammates to assist humans in addressing three key obstacles commonly encountered in 
performing a transdisciplinary literature review. These include (a) overcoming differences in language 
and meaning between disciplines, (b) coping with information overload in attempting to synthesize 
information from multiple sources and disciplines, and (c) avoiding potentially negative effects of  
cognitive bias. 

The following narrative about TDSM has four main headings:  

1. Three Problems in Performing a Transdisciplinary Literature Review: identifies three chal-
lenges facing a transdisciplinary research team performing a literature review that TDSM ad-
dresses. 

2. Social Machine Components and Framework: describes the main components of  TDSM.  
3. Three Examples of  Machine-Assisted Sensemaking: describes how a team uses the system to 

address identified problems in performing a literature review. 
4. Conclusion: summarizes the paper and reflects on the potential of  TDSM to help prepare 

students and others for the information economy and an uncertain future. 

THREE PROBLEMS IN PERFORMING A TRANSDISCIPLINARY 
LITERATURE REVIEW 
In a world facing numerous, intractable problems that refuse to fit neatly into disciplinary boxes, 
transdisciplinarity takes a holistic approach. However, teams of  diverse stakeholders, including scien-
tists from multiple disciplines and non-scientists, face major stumbling blocks in their attempts to 
collaborate across epistemic boundaries. Keys to success include the ability of  a team to develop in-
tegrative capacity and team effectiveness through quality of  communication, ability to acquire and 
marshal relevant information, and attention to group process. Integrative capacity is an emergent 
property of  social and cognitive processes that shape the ability of  a team to overcome obstacles to 
effective collaboration and combine knowledge from diverse perspectives (Salazar et al., 2012). Team 
effectiveness is the capacity of  a group of  individuals to accomplish the goals of  individual members 
and the goals shared by the group (Mathieu, Maynard, Rapp, & Gibson, 2008). From a related per-
spective, readiness for collaboration may influence outcomes for transdisciplinary research projects as 
determined by level of  institutional support, prior experience of  members with collaborative pro-
jects, and degree of  epistemological and ontological incompatibilities, among other considerations 
(Hall et al., 2008).  

To illustrate the potential value of  Social Machines for performing transdisciplinary literature reviews, 
we focus on three particularly challenging problems. These include (a) differences in language and 
meaning, (b) information overload, and (c) effects of  cognitive bias.  

DIFFERENCES IN LANGUAGE AND MEANING 
Differences in terminology is a major barrier to transdisciplinarity, especially for teams with high di-
versity (Hall & Vogel, 2012). Practitioners within different disciplines use specialized terms or jargon, 
use different terms to talk about the same object, and use the same terms but attach different mean-
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ings. Teams that fail to develop a shared language are limited in their capacity to establish a shared 
mental model (i.e., an organized representation of  knowledge or negotiated belief  structure that is 
shared by team members; Mathieu et al., 2008; Walsh & Fahey, 1986) as a basis for participating in 
the integration of  ideas from different disciplines. 

To further complicate matters, transdisciplinary research inherently involves two simultaneous pro-
jects. One is to collaboratively define and address a problem, and the other is to reconfigure discipli-
nary boundaries to establish a new hybrid or “culture of  emergence” (Ciliers, 1998; Robinson, 2008). 
From another perspective, establishing a new hybrid means fabricating new epistemic machinery to 
meet the requirements of  the current context (i.e., by selectively integrating technology, methods, and 
ideas appropriated from different disciplines). To accomplish these interrelated projects, a team must 
develop a shared language for integrating multiple perspectives on the defined problem and defining 
what transdisciplinarity means within the current context. 

INFORMATION  OVERLOAD 
Today, people are inundated with so much information, located in so many different places, that they 
frequently have trouble finding essential information and recognizing important associations between 
related pieces of  information (Misra, Hall, Feng, Stipleman, & Stokols, 2011). The problem is com-
pounded when organizational silos cut people off  from expertise and information and projects re-
quire collaboration among people with diverse perspectives.  

Transdisciplinary research teams commonly undertake literature reviews that cross multiple discipli-
nary boundaries. Considering that approximately 2.5 million research papers are published in over 
28,100 journals annually (Boon, 2016), occupational hazards facing team members include feeling 
overwhelmed by the volume of  available content scattered in different fields and worrying about 
what key ideas might be missing from the picture (i.e., unknown unknowns). 

Adding further to the challenges of  transdisciplinarity, when researchers read literature outside of  
their own fields, they are at risk of  having insufficient breadth of  knowledge to know which pieces 
of  information are relevant. Also, they are less likely to recognize non-obvious and meaningful asso-
ciations across disciplinary literature—a key source of  serendipitous discovery and innovation (Sala-
zar et al., 2012). 

NEGATIVE EFFECTS OF COGNITIVE BIAS 
Literature reviews frequently involve reconciling and resolving alternative views on the same or relat-
ed issues. In transdisciplinary literature reviews, team members face the added challenge of  achieving 
a creative synthesis of  diverse views through interdisciplinary integration. This not only requires a 
high-level of  coordination and trust but, also, a large measure of  open-mindedness (i.e., receptive-
ness to new ideas, including ideas that conflict with current beliefs) among individuals who tend to 
see the world through different lenses (Shattuck & Miller, 2006). 

According to Richter and Maier (2017), epistemic monitoring (i.e., a routine and continuously operat-
ing process in the evaluation of  incoming information for internal consistency and plausibility) 
serves as a filtering device in reading comprehension. Information consistent with current beliefs 
acquires a processing advantage over inconsistent information in comprehension and memory. In 
other words, prior knowledge and beliefs of  readers serve a gatekeeper function in processing infor-
mation. In general, readers evaluate information in texts that is consistent with their beliefs as more 
plausible than information that is inconsistent with their beliefs (Richter, 2011). They also tend to 
value evidence that supports what they are motivated to believe and discredit evidence that contra-
dicts what they believe (Golman, Hagmann, & Loewenstein, 2017). 

Beliefs about the nature of  knowledge and knowing, referred to as epistemological beliefs, among 
other terms (e.g., epistemic cognition (Greene, Azevedo, & Torney-Purta, 2008); personal epistemol-
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ogy (Hofer, 2004); and epistemic beliefs; Schraw, Bendixen, & Dunkle, 2002), influence cognitive 
flexibility (i.e., ability and willingness to adopt some arguments and reject others on rational grounds; 
Misra, Stokols, & Cheng, 2015; Stokols, 2014). Epistemological beliefs are relatively stable character-
istics that appear to affect individual engagement in epistemic elaboration (i.e., effortful activity to 
critically evaluate information that conflicts with current beliefs; Richter, 2011). In the context of  a 
literature review, epistemological beliefs of  individual team members may inhibit cognitive flexibility. 

Research on epistemic beliefs and epistemic monitoring is consistent with a growing body of  litera-
ture in both psychology (e.g., Golman et al., 2017) and economics (e.g., Babcock, Loewenstein, Issa-
charoff, & Camerer, 1995) on the vulnerability of  humans to various forms of  cognitive bias (i.e., an 
umbrella term covering a diverse typology of  systematic errors in judgment and decision-making that 
are prevalent in all human beings; Kahneman, Slovic, & Tversky, 1992). Table 1 describes several 
forms of  cognitive bias that researchers have identified and investigated.  

Table 1. Examples of  Cognitive Bias 

Cognitive inflexibility Individuals fail to flexibly adapt their thinking and actions to 
deal with changes in the environment. For example, (a) an in-
dividual insistently takes actions that were effective in a previ-
ous situation while in a new situation where they are ineffective 
and (b) an expert relies too heavily on automated performance 
routines and, as a result, is less able to judge the likelihood of  a 
failure in a system (Canas, Fajardo, & Salmeron, 2006). 

Text-belief  consistency effect Readers evaluate information in texts that is consistent with 
their beliefs as more plausible than information that is incon-
sistent with their beliefs (Richter & Maier, 2017). 

Active and passive information 
avoidance 

People use diverse tactics to avoid obtaining information, ei-
ther intentionally or unintentionally (Golman et al., 2017). 

Confirmation bias People have a tendency to interpret new information in a way 
that confirms their preexisting beliefs or theories (Rabin & 
Schrag, 1999). 

Bounded awareness Individuals regularly fail to see and use information easily 
available to them, and groups ignore unique or unshared in-
formation held by group members while focusing on shared 
information (Chugh & Bazerman, 2007). 

Focalism or focusing failure 

 

People over-focus on selected information and ignore other 
easily available and pertinent information, resulting in ill-
informed decisions (Chugh & Bazerman, 2007). 

Completeness bias Individuals select material for carrying out a literature review 
that is biased toward reaching specific conclusions (Lavallée, 
Robillard, & Mirsalari, 2014). 

Ingroup favoritism Group members demonstrate limited willingness to share 
knowledge with or value the contributions from individuals 
outside of  their own discipline or community of  practice (La-
vallée et al., 2014). 

Group think 

 

Individuals adopt the prevailing opinion of  a group as their 
own, at the expense of  creativity and individual responsibility 
(Golman et al., 2017). 
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According to Schacter (2001), biases are not design flaws in human memory and thinking but are by-
products of  adaptive features. In other words, benefits inevitably come with trade-offs and disad-
vantages. For example, cognitive biases, viewed as information-processing shortcuts, may help the 
brain to quickly make sense of  information and experiences (Fay & Montague, 2014). On the other 
hand, they may lead to systematic errors in judgment and decision-making (Kahneman et al., 1992).  

This notion seems consistent with the data-frame theory of  sensemaking. As defined by G. Klein, 
Phillips, Rall, and Peluso (2007), a frame is “an explanatory structure that defines entities by describ-
ing their relationships to other entities” (p.118). (According to the authors, rather than trying to rec-
oncile distinctions between frames, scripts, schemata, and mental models, they chose to use the term 
frame as a synthesis of  these concepts.) As data accumulates, the sensemaker will make decisions 
about whether to incorporate new information into the current frame or generate a new frame that 
better accounts for the new information. Consistent with Rumelhart and Norman (1978), updating 
an existing frame (i.e., accretion and tuning) requires less time and mental effort than re-framing or 
generating a new frame (i.e., restructuring). 

Given that members of  a discipline tend to narrow their focus to information within their own disci-
pline, they may ignore information that does not fit within their disciplinary boundaries (Montuori, 
2013). From this perspective, disciplinary literacy (i.e., approaches to reading, writing, thinking, and 
reasoning shared by members within academic fields; Shanahan & Shanahan, 2008) may inhibit cog-
nitive flexibility (Mulane & Williams, 2014; Smith & Noble, 2014). In a sense, each discipline trains 
and enculturates its initiates in practices of  sanctioned cognitive biases.  

While many fields of  knowledge are becoming increasing specialized, partly in response to the in-
formation tsunami of  the digital age, transdisciplinarity points in a different direction. What sets 
transdisciplinarity apart from unidisciplinarity and other forms of  integrative research (e.g., multi- 
and inter-disciplinarity) is its holistic perspective on the nature of  knowledge and knowing. At its 
core, transdisciplinarity is about the creative synthesis of  knowledge to address real-world problems 
through transcending ideological, scientific, religious, economic, political and philosophical bounda-
ries (Shrivastava & Ivanaj, 2011). Ultimately, successful implementation requires teams to establish 
conditions that diminish disciplinary chauvinism and cognitive biases and favor transparency, self-
reflection and willingness to question personal assumptions and beliefs (Stock & Burton, 2011). 

SOCIAL MACHINE COMPONENTS AND FEATURES 
To assist teams in implementing a transdisciplinary literature review, we have designed and partially 
implemented a Transdisciplinary Social Machine (TDSM). The general function of  the system is to 
support users in accomplishing activities that require individuals or groups to combine pieces of  in-
formation from multiple online sources and file types for various purposes. The main theoretical 
framework underlying the design of  the system draws on the learning sciences and, most centrally, on 
the concept of  sensemaking.  

Theorists have offered a variety of  definitions for sensemaking (also, sense-making and sense mak-
ing) and descriptions of  sensemaking behaviors (e.g., G. Klein, Moon, & Hoffman, 2006; Pirolli & 
Card, 2005; Slaney & Russell, 2005; Weick, Sutcliffe, & Obstfeld, 2005). Within TDSM and the con-
text of  performing a transdisciplinary literature review, we define sensemaking as the process of  find-
ing, organizing, and synthesizing high-value information from multiple documents and the collective 
intelligence of  diverse group members to generate new knowledge and achieve other desirable out-
comes. 

TDSM contains four main sensemaking components including (a) the graphical user interface (GUI), 
(b) the communication or message bus, (c) the breadboard or plugboard, and (d) machine compo-
nent plugins. Table 2 describes these core sensemaking components. 
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Table 2. Main Components and Features for a Transdisciplinary Social Machine 

COMPONENTS FEATURES 

1. TDSM Graphical User Interface 
(GUI) 
o A Web-based environment for 

collaborative sensemaking activ-
ities that requires users to com-
bine pieces of  information 
from multiple online sources 
and file types for various pur-
poses. 

o Provides a graphical user interface for managing and 
participating in sessions, mashups, and Knowledge 
Trails.  
 Session: an individual document that includes hu-

man and/or machine generated HyLights. 
 HyLight: a highlighted fragment of  text or an area 

of  an image and related meta-content or content 
about content (e.g., author ID, comments, 
date/time stamps, tags, and links). 

 Mashup: a set of  HyLights excerpted from multi-
ple sessions with links back to their exact locations 
within their sources.  

 Knowledge Trail: a set of  HyLights that a user has 
selected from multiple documents (i.e., a type of  
mashup), arranged in a preferred order (e.g., a nar-
rative structure) and saved to a library for reuse 
and sharing. 

 
2. Communication Bus 
o A mechanism for efficiently 

managing streams of  events 
within the system.  

o Provides the system with a medium for internal and 
external components to publish and subscribe to mes-
sages about activities in the system. 

3. Breadboard 
o A mechanism for wiring ma-

chine components together. 

o Provides a wiring mechanism for establishing explicit 
connections between machine components that allow 
for complex interactions among components. 

4. Machine Component Plugins 
o A mechanism that adapts ma-

chine behaviors for use within 
TDSM. 

o Provides a set of  interface definitions that allow inter-
nal or external components to participate in TDSM 
through software adapters.  

THE TDSM  SENSEMAKING GUI 
The design of  the TDSM graphical user interface (GUI) is informed by user-experience design prin-
ciples with the goal of  enabling machines to assist non-technical people (and data scientists, too) in 
sensemaking activities. (An example of  how a machine might participate in this process is described 
later below.) The GUI has provisions for importing a wide variety of  document file types (e.g., PDFs, 
Office files, and most common image files). Upon import, the system creates high-fidelity copies of  
the original files as HTML. The converted files display in most browsers and allow for annotating 
user-selected fragments of  text or areas of  images.  

The TDSM GUI enables users to add HyLights to documents, manage access and permissions to 
their sessions, and create mashups of  HyLights from multiple documents. A HyLight is an annota-
tion that includes a color-coded fragment and related meta-content (i.e., content about content) such 
as author ID, comments, date/time stamps, tags, and a specific URL for the HyLight. A session is an 
individual document that displays HyLights accessible to a given user for the selected document. A 
mashup is a set of  HyLights excerpted from multiple documents with links back to their exact loca-
tions within their sources (e.g., results of  a search or user selections). TDSM stores HyLight infor-
mation in a relational database. As requested, the system overlays color-coded highlighting on select-
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ed pages, displays HyLight information from the current document in the left session-margin, and 
displays HyLight information from multiple documents in the right mashup-margin. 

In addition to creating HyLights, users can (a) reply to an existing HyLight, (b) establish a link be-
tween two HyLights in different documents, (c) search and filter on HyLights and full document text, 
(d) add HyLights from a session to a mashup, and (e) create Knowledge Trails. A Knowledge Trail is a 
set of  HyLights that a user (i.e., an individual, a group, a machine, or a combination of  people and 
machines) has filtered or distilled from multiple documents (i.e., a type of  mashup), arranged in a 
preferred order (e.g., a narrative structure), and saved to a library for reuse and sharing. To create a 
Knowledge Trail, a user (a) arranges selected HyLights displayed in the right mashup-margin into a 
preferred sequence (e.g., using cut & paste, among other features), (b) names and saves the results to 
a library for revisiting, repurposing, and sharing with others, and, optionally, (c) exports or publishes 
the contents to an external application or file type (e.g., Word, Excel, Acrobat, or GoogleDocs). A 
key attribute of  mashups, including Knowledge Trails, is that they provide nearly instantaneous navi-
gation between HyLights. This capability enables rapid review of  HyLights located in different doc-
uments, which may accelerate learning and increase serendipity (e.g., by helping users to make non-
obvious associations between ideas that are distant from each other). 

CONNECTING MACHINE COMPONENTS TO TDSM 
In order to make the system easily extensible, TDSM provides two primary mechanisms for connect-
ing new machine components to the system via implementation of  a plugin interface: 

1. The communication bus is a mechanism for efficiently managing streams of  events within 
the system. The bus provides a medium for internal and external components to publish and 
subscribe to messages about activities in the system.  

2. The breadboard is a mechanism for wiring machine components together. The breadboard 
enables explicit connections between machine components that allow for complex interac-
tions among components.  

3. Machine component plugins adapt machine behaviors to become available on the bus or 
breadboard for use within the TDSM ecosystem. Machine component plugins provide sets 
of  interface definitions that allow internal or external components to participate in TDSM 
through software adapters.  

Both the bus and the breadboard represent modular, flexible approaches to connecting various appli-
cations and external data sources to TDSM. Such extensibility supports transdisciplinarity by allowing 
team members from different disciplines to connect their preferred applications to the system 
and/or select from an existing ecosystem of  applications that may help to improve outcomes. To 
illustrate this point, the following scenario describes one of  many possible scenarios where the addi-
tion of  a text analytics application to TDSM can assist in the generation of  new and integrated 
knowledge.  

TDSM  AND MACHINE ANALYTICS SCENARIO 
In this example, machine assistants help team members to understand how members from different 
disciplines use key concepts to communicate important information. 

1. The team leader of  a transdisciplinary research project activates a machine analytics applica-
tion on TDSM. 

2. Team members, representing a number of  different disciplines, collaborate on training the 
machine to recognize key vocabulary (i.e., concept terms and jargon that are not already in 
the machine lexicon).  
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3. Among a number of  possible approaches, team members from each discipline compile rep-
resentative collections of  documents that are relevant to the project focus and feed each col-
lection to the machine. 

4. The machine uses various approaches to natural language processing to identify key terms 
from each collection and produce lists of  the results by discipline. 

5. Team members review the machine-generated lists and check off  terms of  interest. 
6. The text analytics application adds the new vocabulary to its lexicon through a largely auto-

mated machine learning process. 
7. The machine component is now capable of  rapidly identifying key terms within large vol-

umes of  content (e.g., thousands of  research articles in an online repository or Web-pages 
and files stored on servers around the world). 

8. Given a source of  online documents, the text analytics application engages in entity extrac-
tion. In brief, entity extraction involves locating and collecting entity references within tar-
geted documents. This includes key terms from the training exercise and, optionally, other 
types of  entities of  interest such as people, places, and organizations.  

9. Based on results of  the entity extraction process, team members select a manageable subset 
of  high-value documents for import to TDSM. 

10. On import, TDSM converts machine analytics to Machine HyLights. When users open doc-
uments, key vocabulary and other entities of  interest are highlighted and related meta-
content (e.g., category, attributes, and associations), ferreted out by the machine, is displayed 
in the left session-margin. 

11. With Machine HyLights stored in TDSM, users have the option to create mashups of  all or 
selected Machine HyLights located within the collection of  documents.  

12. By capitalizing on the high-speed navigation capability of  the mashup-margin, users can rap-
idly inspect Machine HyLights in their exact locations within their source documents. 

13. As users navigate from Machine HyLight to Machine HyLight and from document to doc-
ument, they evaluate the surrounding context of  each highlighted entity. When users find 
Machine HyLights within fragments of  text that express information of  value, they add new 
HyLights that encompass the fragments and include their comments. 

14. As a layer of  machine and human HyLights accumulates across the collection of  documents, 
members of  each discipline create Knowledge Trails. Members arrange selected HyLights 
within the mashup margin in a preferred order, name and save the results to the server, and 
invite other team members to follow their travels through the collection. 

15. Subsequently, users may export Knowledge Trails to the text analytics application as feed-
back to improve performance of  the machine in assisting users in their sensemaking efforts. 
For example, Knowledge Trails provide data that may help the machine to recognize non-
obvious associations between key concepts.  

This scenario describes one of  many possible use cases involving TDSM and currently available ma-
chine components. Given its modular and extensible design, TDSM may accommodate machine 
components of  the future with potentially transformative capabilities for transdisciplinary research. 

THE CONVERSATION MODEL 
From a system architecture perspective, the framework for TDSM is a simple conversation (D. Boyer, 
personal communication, February 22, 2016). In this context, a conversation is any set of  HyLights, 
created by humans or machines, with the following attributes: 
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1. A conversation can have two types of  users: people and machines. 
2. A conversation has two types of  roles: speakers with write permission and listeners with read 

only permission. 
3. Users build conversations by (a) adding new HyLights to active conversations, (b) pulling in 

selected HyLights from existing conversations, and/or (c) combining existing conversations. 
4. Users have the option to save conversations (e.g., Knowledge Trails) for reuse and sharing. 
5. Conversations can be used to provide feedback to machines to improve their performance as 

sensemaking assistants. 
6. In all instances, HyLights and conversations are preserved while related internal source doc-

uments and content remain immutable.  

This combination of  a simple model and indestructible history gives the system a Lego set quality 
with HyLights serving as reusable building blocks, conversations as pre-fabricated assemblies and 
sub-assemblies, and workflows as instructions for defined sensemaking activities and their outputs. 
This simple architecture establishes the foundation for a highly scalable and adaptable Social Machine 
that is especially compatible with the goals and values of  transdisciplinarity. 

THREE EXAMPLES OF MACHINE-ASSISTED SENSEMAKING 
The concept of  extended cognition, as first proposed by Clark and Chalmers (1998) and revised by 
others since (Bartlett, 2016), extends the periphery of  mind beyond the boundary of  the body. Mind 
is not merely embedded within but extends into the environment of  the organism. From this per-
spective, mind encompasses artifacts that capture and represent knowledge shared by team members 
and technologies that support the development and use of  the artifacts (Fiore & Wiltshire, 2016). In 
the digital information age, extended cognition places intelligence into networks of  interacting hu-
mans and machines (Ito, 2016). Arguably, this makes TDSM a type of  external memory technology 
for representing the transactive memory system of  a group through various boundary objects. 

A transactive memory system is a mechanism for encoding, storing, and retrieving knowledge pos-
sessed by individual members of  a team, including shared awareness of  who holds what knowledge 
(Kotlarsky, den Hooff, & Houtman, 2015). A boundary object is a tangible artifact that acts as a 
bridge for facilitating coordination and collaboration across disciplinary borders and maintaining 
shared representations of  team knowledge. Boundary objects are a technology-based form of  trans-
active memory that emerges from the transactive memory system of  a team (Fiore & Wiltshire, 
2016).  

TDSM provides three interacting mechanisms for producing various boundary objects to enhance 
sensemaking. These mechanisms, as described previously, include (a) a collaborative annotation sys-
tem for pointing at high-value fragments, capturing related comments, and creating links between 
related annotations or HyLights, (b) a Knowledge Trail feature for producing preferred pathways 
through a document collection, and (c) a feedback loop that enables the coactive (i.e., on-going and 
close interaction on shared tasks; Bradshaw, 2013) emergence of  human and machine intelligence. 
Among a number of  potential benefits, TDSM may achieve its greatest impact by minimizing the 
time and effort required to navigate between related pieces of  information located in the literature of  
different disciplines. 

From the perspective of  extended cognition (i.e., the idea that the physical apparatus of  cognition 
encompasses both the individual organism and surrounding non-biological elements; Clark & 
Chalmers, 1998; Smart, 2017), the main objectives of  TDSM are to augment human sensemaking 
capabilities and make machines more capable of  assisting humans in their sensemaking efforts. 
TDSM attempts to achieve these objectives by facilitating purposeful interactions and collaborations 
between humans and machines when tapping into multiple sources of  online content (Scaife & Rog-
ers, 1996). To illustrate the potential of  TDSM for supporting a transdisciplinary literature review, we 
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describe how TDSM approaches each of  the problems described previously (i.e., differences in lan-
guage and meaning, information overload, and effects of  cognitive bias). 

AN  ELECTRONIC TRANSDISCIPLINARY CONCORDANCE 
To overcome differences between disciplines in such areas as epistemic dimensions, social dimen-
sions, and knowledge production systems, effective collaboration requires the development of  a 
shared language. TDSM addresses this problem through crowdsourcing of  collaborative annotation 
activities to produce an electronic transdisciplinary concordance (ETC). A concordance is an alpha-
betical index of  the principal words of  a book with a reference to the passage in which each word 
occurs. Though similar to a standard concordance in some respects, ETC represents a new type of  
text in purpose, capabilities, production, and maintenance. Its main purpose is to assist members of  
transdisciplinary research teams in acquiring sufficient fluency in the terminology of  multiple disci-
plines to participate effectively in the integration of  ideas. In what follows, we briefly describe (a) 
how a reader may use ETC as a bridge across disciplinary literatures and (b) how ETC emerges from 
routine sensemaking activities enabled by TDSM. 

ETC in use 
While reading and marking up an article in TDSM, a user encounters an unfamiliar concept:  

• The user selects the term within the article and opens ETC. 
• Alternatively, the user opens ETC and enters the term in a search field or selects the term from an 

alphabetical index. 
• ETC runs a search of  accessible documents stored in TDSM (i.e., based on the security and per-

missions profile of  the user) and displays the results as a Knowledge Trail. 
• Each HyLight includes a tag indicating the disciplinary background of  the author(s), a link to a 

full reference for the article, a link to the HyLight in its exact location within the source, and a list 
of  terms that share the same or similar meaning. 

Brown, Collins, and Duguid (1989) wrote that understanding the meaning of  a concept means un-
derstanding its range of  uses. ETC serves as a bridge across disciplinary literatures by situating se-
lected terms within sets of  exemplary HyLights to reveal multiple uses and shades of  meaning.  

ETC as an emergent product 
ETC emerges as a product of  the collective activity of  TDSM users. Exemplary HyLights accumulate 
over time, as users annotate research literature across projects and departments at a single institution 
or on a larger, multi-institutional scale. While reading and marking up research articles in TDSM for a 
variety of  purposes, a user will sometimes annotate a fragment that reveals the meaning of  an im-
portant term through its context of  use. The user who submitted the HyLight or anyone with privi-
leges may add the HyLight to ETC: 

• The user tags the HyLight with the targeted term and clicks a button to add exemplar sta-
tus. 

• The system automatically adds a discipline tag to the HyLight. 
• TDSM has various administrative and analytic features for maintaining ETC as it grows. 

In sum, ETC emerges through a crowdsourcing mechanism that captures the annotation activities of  
TDSM users. As long as TDSM is operating, users may continually add new terms and exemplars to 
the system. 
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DETECTION  OF UNKNOWN UNKNOWNS  
Former Secretary of  Defense, Donald Rumsfeld, speaking to the press in 2002, memorably used the 
phrase, “unknown unknowns,” to refer to a problem that keeps analysts, researchers, and decision 
makers up at night: 

There are known knowns; there are things we know that we know. There are known un-
knowns; that is to say there are things that, we now know we don’t know. But there are also 
unknown unknowns – there are things we do not know we don’t know (Defense Depart-
ment Gov News, 2002) 

In other words, a known unknown is a question that an analyst/researcher knows to ask and pursue 
further. An unknown unknown is a question that an analyst/researcher does not even know to ask. 
As an operational definition, within the context of  TDSM, unknown unknowns are entities (e.g., key 
concept terms) in external sources that are strongly associated with entities of  interest in a TDSM 
document collection or “conversation” but are not in the TDSM document collection and are un-
known to participants in the conversation. 

A sufficiency criterion for transdisciplinary literature reviews 
TDSM helps transdisciplinary research teams determine the sufficiency of  their literature reviews 
through an enhanced search mechanism:  

• Team members create a Knowledge Trail of  high-value HyLights from within their existing 
document collection.  

• The project manager feeds the Knowledge Trail to the TDSM text analytics application. 
• The machine finds all entities in the external repositories that are strongly related to high-

value entities in the document collection but do not appear in the collection (i.e., unknown 
unknowns, as operationally defined).  

• The data that is returned to the researchers include (a) a list of  entities in the external re-
pository that have criterion-level relationships with entities in the TDSM collection and (b) 
a list of  documents, ranked by likely value, that include the entities of  interest.  

• The researchers import files of  interest to the TDSM collection and markup the new doc-
uments. 

• The team repeats the process until satisfied with the sufficiency of  their review. 

TDSM makes high-speed text analytics compatible with deliberative, collaborative, human sensemak-
ing practices. By adding a social component to machine analytics, TDSM establishes a feedback loop 
between machines and researchers that supports a systematic approach to the detection of  unknown 
unknowns hidden in large volumes of  content. 

MODERATING THE EFFECTS OF COGNITIVE BIASES  
Cognitive biases appear to be a side-effect of  the survival imperative to make our cognitive machin-
ery capable of  rapidly filtering information. Arguably, the network effects of  social media have am-
plified cognitive biases and made them increasingly pervasive in human thought and communications 
(Chamorro-Premuzic, 2014). In the context of  transdisciplinary research projects, cognitive bias can 
be a major obstacle to achieving desired outcomes. As a general strategy for mitigating this tendency 
of  mind, transdisciplinarity promotes the values of  transparency, dialogue, self-reflection, and build-
ing trust among team members (Montuori, 2013). TDSM may contribute to implementing this strat-
egy by enabling interactions between humans and machines that support these core values. To illus-
trate this potential, we describe a number of  TDSM capabilities that add transparency and opportu-
nities for dialogue during collaborative sensemaking activities. 
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Every HyLight has its own address 
As users markup documents in performing a literature review, TDSM assigns a unique URL to each 
user-generated HyLight. This endows HyLights with a number of  key affordances that may contrib-
ute to transparency and related values:  

• Users can create links between HyLights in different documents and describe the associa-
tions. Identifying non-obvious associations, especially between distantly related sources, cre-
ates opportunities for serendipity and the generation of  new ideas. This record of  links be-
tween HyLights located in different documents is available to team members for review and 
dialogue.  

• When HyLights move to external locations (e.g., to Word documents, GoogleDocs, visuali-
zations, and spreadsheets), each HyLight has a link or tether back to its exact location in its 
source. Accessing a HyLight in its source provides evidence for assessing the quality or 
provenance of  the information. This includes information related to lineage—what is the 
origin of  this information, and pedigree—how reliable is the source of  this information. 

Mapping the intellectual travels of  a team through a document collection 
TDSM enables teams to have discussions tied to fragments of  text selected across collections of  
documents in a controlled, organized, efficient, and auditable manner. The system maintains an his-
torical record for auditing past decisions, informing future actions, and as a source of  analytics for 
assessing performance. TDSM manages accumulating and overlapping markup through various 
mechanisms: 

• A color-coding feature for mapping the intellectual travels of  team members through a doc-
ument collection. 

• The capacity to align commentary in the margin with related fragments in a document. 
• The capacity to quickly navigate between related HyLights within and between documents 

(e.g., HyLights located in the literature of  different disciplines). 
• The capacity to organize and display HyLights in Knowledge Trails, graphic visualizations, 

and other representations. 

In sum, TDSM maps the thinking of  readers across document collections, enables readers to share 
their HyLights, and provides a variety of  options for displaying and navigating the terrain. Through 
these and related mechanisms, TDSM supports rich feedback, self-reflection, transparency, and other 
key enabling values for transdisciplinary research. 

CONCLUSION 
Transdisciplinary research teams face formidable challenges in adopting a holistic perspective on the 
nature of  knowledge and knowing. Social Machines, as an approach to unifying machines and social 
processes, are a promising approach to enhancing transdisciplinarity as a research strategy. We have 
described how a Transdisciplinary Social Machine (TDSM), tuned to the requirements of  a literature 
review, may assist team members in overcoming differences in language and meaning, information 
overload, and effects of  cognitive bias.  

TDSM helps non-technical users (and technical users, too) to find, organize, and synthesize high-
value information from multiple sources. Among other desirable effects, it assists team members in 
creating new knowledge of  value and maintains an historical record of  conversations tied to im-
portant sections of  documents for auditing past decisions and informing future actions. TDSM pro-
vides these benefits by assimilating machine analytics and other machine components into collabora-
tive sensemaking networks. This approach redefines the human/machine division of  labor to make 
machine-scale analytics more compatible with human-scale sensemaking practices. As a consequence 
of  interacting with the system, users become more capable of  thinking within a domain or problem 
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space and machines become more capable of  assisting users in their sensemaking efforts. In sum, the 
system establishes a feedback loop for the continuous improvement of  human and machine intelli-
gence. 

In addition to supporting transdisciplinarity, TDSM may help to prepare students for the 21st century 
information economy and an uncertain future. As rapid technological change eliminates jobs in every 
sector and new types of  work are emerging that require new and different skill sets, the curricula in 
schools remain largely out of  sync with global economic reality (Soule & Warrick, 2015). As an his-
torical analogy, literacy in Western Europe until the fifteenth century was largely limited to wealthy 
elite, clergy, and scholars. With the arrival of  Gutenberg’s innovation and the availability of  low-cost 
reading material, literacy spread widely, especially when newspapers appeared in the 1600s. By analo-
gy, the Internet, smart machines, and related technologies are the movable type and printing press of  
today, and data scientists are the elite literate. Similarly, as the spread of  literacy helped to fuel the 
growth of  a merchant class and usher in the Renaissance period, the spread of  Social Machines for 
collaborative sensemaking will help fuel a resurgence of  the diminished middle-class and, potentially, 
contribute to a global transformation of  society (Lanier, 2013).  
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