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Abstract
Today’s complex problems call for multidisciplinary analytics teams comprising of both analytics and non-technical domain 
(i.e. subject matter) experts. Recognizing the difference between data visualisaion (DV) (i.e. static visual outputs) and visual 
analytics (VA) (i.e. a process of interactive visual data exploration, guided by user’s domain and contextual knowledge), this 
paper focuses on VA for non-technical domain experts. By seeking to understand knowledge sharing from VA experts to non-
technical users of VA in a multidisciplinary team, we aim to explore how these domain experts learn to use VA as a thinking 
tool, guided by their knowing-in-practice. The research described in this paper was conducted in the context of a long-term 
industry-wide research project called the ‘Visual Historical Atlas of the Australian Co-operatives’, led by a multidiscipli-
nary VA team who faced the challenge tackled by this research. Using Action Design Research (ADR) and the combined 
theoretical lens of boundary objects and secondary design, the paper theorises a three-phase method for knowledge transfer, 
translation and transformation from VA experts to domain experts using different types of VA-related boundary objects. 
Together with the proposed set of design principles, the three-phase model advances the well-established stream of research 
on organizational use of analytics, extending it to the emerging area of visual analytics for non-technical decision makers.

Keywords Analytics · Data visualization · Visual analytics · Non-technical decision makers · Action Design Research 
(ADR) project · Visual Historical Atlas of the Australian Cooperatives (VHAAC)

1 Introduction

Over the past decade, the Business Analytics (BA) field, 
also known as Business Intelligence & Analytics (BI&A) 
(Chen et al., 2012), has undergone an important shift. While 

in the past the main users of analytics technology were data 
scientists and IT professionals, these days there is a greater 
emphasis placed on self-service analytics for non-technical 
decision makers (Stodder, 2020). This is because domain 
experts, also known as subject matter experts, have the nec-
essary domain knowledge and expertise to make sense of 
contextual data and turn them into value-adding insights. 
This shift, in turn, accelerated non-technical decision mak-
ers’ use of data visualization and visual analytics, as the new 
generation of analytics that does not require data science or 
IT backgrounds.

Thus, rather than just ‘consuming’ reports prepared by 
data scientists as they did in the past (Stodder, 2015), non-
technical domain experts now have access to easy-to-use 
data visualisation tools that enable them to analyse data in a 
more intuitive way, driven by the problem-at-hand. Indeed, 
for today’s managers operating in data intensive environ-
ments, “the only way to make sense of large data sets is 
through data visualization” (Berinato, 2016, p.1). Through 
an ongoing process of interactive visual data exploration, 
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they also keep discovering new questions along the way 
(Swoyer, 2013).

However, the term ‘data visualization’ (DV) is frequently 
reduced to mean static visual representations of numerical 
data (i.e. visual outputs) in the form of graphs or charts 
(Berinato, 2013a; Stodder, 2013). As Berinato (2016) 
explains, ‘[i]n some ways, ‘data visualization’ is a terrible 
term. It seems to reduce the construction of good charts to 
a mechanical procedure. It evokes the tools and methodol-
ogy required to create rather than the creation itself.’ (p.16). 
Consequently, DV tends to emphasize data and DV tools and 
applications.

Similarly, the related term ‘visual analytics’ (VA) also 
interpreted in a variety of ways by different communities. On 
one side, data scientists use the term VA to describe special-
ized applications of advanced data analytics, such as those 
in machine learning and neural networks, used to visualize 
model execution (cf. Hohman et al., 2019; Yuan et al., 2021). 
On the other hand, when used by non-technical business 
decision makers VA is understood to combines visualiza-
tion with new practices for analytical reasoning and test-
and-learn inquiry through interactive data exploration and 
discovery (LaValle et al., 2010; Stodder, 2013).

While acknowledging different interpretations, in this 
paper we focus on VA for non-technical users and con-
sider it to include interactive DV. Thus, we define VA as a 
process of interactive visual exploration by non-technical 
decision-makers with domain expertise and contextual 
knowledge necessary to make sense of data, gain valuable 
insights and take data-informed actions. This interpretation 
corresponds to Stodder’s (2013) notion of ‘visual analyt-
ics’ and Berinato’s (2016) “discovery-focused exploratory 
visualization” (Berinato, 2016, p.5). Used as a verb (i.e. 
a process of visualization) rather than a noun (i.e. visual 
outcome) as in DV, visualisation is thus interpreted here 
as intuitive and open-ended. Understood in this way, VA 
shifts the focus from tools, visual outcomes (e.g. graphs and 
charts) and even data themselves, to the process of sense-
making through visual exploration of data, in a given con-
text and by domain experts from any organizational level 
(not just executives).

While the industry demand for DV and VA tools is rap-
idly growing (Berinato, 2013b), industry practices are still 
limited by the lack of skills among non-technical users 
(Stodder, 2020). Thus, “[t]he greatest concern centers on 
whether employees will have adequate knowledge and skills 
to make effective use of the tools” (Stodder, 2013; p.5). As 
Berinato (2013a, b) notes businesses need insights “not just 
pretty pictures” (p.1).

Moreover, to deal with increasingly complex problems, 
organizations are now building multidisciplinary analytics 
teams, which include analytics experts and non-technical 
subject matter experts (Davenport, 2020; Talagala, 2019; 

Zhang, 2019). As Hindle et al. (2020) note “analytics is a 
multidisciplinary endeavour” (p.489). Teams are also cre-
ated in response to the previously-held unrealistic expecta-
tion about the all-encompassing knowledge and skills of data 
scientists and other analytics experts, which were expected 
to span data science, IT and business (Baskarada & Koro-
nios, 2017; Baumeister et al., 2020; Zhang, 2019).

However, organizations building teams around VA are 
now faced with a new kind of knowledge gap. On one side 
there is a VA expert with an in-depth understanding of ana-
lytical tools and techniques but lacking domain and contex-
tual knowledge necessary for visual data exploration and 
interpretation. On the other side, there is a decision-maker, 
with a domain knowledge and contextual understanding of 
data, but lacking VA expertise, which involves more than 
data visualisation. At the same time, the tacit knowledge 
(Polanyi, 1966), which is involved in visual data explora-
tion process, makes it very difficult, if possible at all, for a 
domain expert to articulate, let alone delegate this process 
to a VA expert. Although not in the same domain and thus 
outside of the scope of this paper, a similar scenario would 
be a medical expert exploring and making sense of visual 
data in a particular context, versus VA or DV expert looking 
at the same data without any medical expertise.

The need for further research on transfer of knowledge 
from analytical experts (i.e. data scientists and IT experts) 
to domain experts has been recognized by other research-
ers such as (Holzinger, 2016; Benbya et al. 2021). We aim 
to contribute to closing this research gap by focusing on a 
method of VA-related knowledge sharing from VA experts 
to domain experts in multidisciplinary teams. Guided by the 
stated differences between VA and DV, we recognise the 
role of a VA expert to be different from that of a DV expert. 
While a DV expert predominately focuses on data visualisa-
tion, the skills and competencies of a VA expert are much 
broader and include other aspects of visual analytics, such 
as data modelling, data quality process as well as design and 
implementation of a data exploration environment.

In framing of our research, we also recognize that the 
research problem of knowledge sharing in general, includ-
ing knowledge transfer, has been investigated by the knowl-
edge management (KM) field for decades – see for example 
Nonaka (1994), Alavi and Leidner (2001), Malhotra (2004), 
Newell (2014). However, analytics opens new challenges for 
KM (Pauleen & Wang, 2017; Tian, 2017), including shar-
ing of analytical insights (Marjanovic, 2021). We extend 
this line of thinking to visual analytics, in particular to the 
challenge of VA-related knowledge sharing between VA 
experts and domain experts, which is yet to be investigated 
by the analytics, VA, KM and Information Systems (IS) 
communities.

Against this background, this research aims to investigate 
on the following broad research question: How to effectively 
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facilitate sharing of VA-related knowledge between VA 
experts and non-technical domain experts in multidisci-
plinary VA teams? We are particularly interested in new 
VA-specific methods for sharing of tacit knowledge across 
disciplinary boundaries that go beyond co-design of visu-
alisations (i.e. visual outputs such as dashboards), which is 
a quite common organisational practice.

The research described in this paper was conducted in 
the context of a long-term industry-wide research project 
called the ‘Visual Historical Atlas of the Australian Co-
operatives’ (VHAAC) project (Patmore et al., 2020, 2021, 
2022) . This national, large-scale project, funded by the Aus-
tralian Research Council, was implemented over four years 
(2017–2020) by a multidisciplinary team comprising of 
VA experts with expertise in design and implementation of 
interactive VA environments, including data collection and 
modelling and domain experts with expertise in the history 
of the Australian Co-operatives, labour history and historical 
research methods. The project included design and imple-
mentation of the VHAAC environment – an industry-wide, 
online interactive visual data exploration environment of the 
Australian cooperatives, ranging from the 1820s to today. 
Now in its sixth year, the VHAAC environment is the most 
authoritative source of data on the Australian cooperatives 
to date.

Within this context, VA-related knowledge sharing 
between the VA experts and the domain experts was criti-
cal for the success of the VHAAC project. However, this 
knowledge sharing went beyond the common practice of co-
design of various visualisations. Instead, its main objective 
was to empower the domain experts to use the VHAAC as an 
interactive, visual “thinking tool” (Thorp, 2013), guided by 
their knowing-in-practice (Orlikowski, 2002). The VHAAC 
environment thus provided an opportunity as well as created 
a necessity for a practice-inspired research project described 
in this paper.

To answer the stated research question, we conducted 
an action design research (ADR) project which resulted in 
an innovative method for knowledge sharing based on VA 
boundary objects. Informed by prior research on secondary 
design (Germonprez et al., 2011; Lakew & Aryal, 2015), 
we recognized VA experts as the ‘primary designers’ and 
domain expert users of VA as ‘secondary designers’ engaged 
in design-in-use. To emphasize and honour their principal 
role in visual data exploration, we renamed secondary into 
principal designers.

The paper thus proposes a method of VA-related knowl-
edge sharing between primary and principal VA designers. 
The method is theorized as a as a three-phase process of 
knowledge transfer, translation and transformation, which 
each phase using a different type of VA-specific boundary 
objects (BOs). Phase 1 includes syntactic BOs in the form 
of static data visualisations (i.e. visual representations) and 

data-driven stories. Phase 2 includes semantic BOs in the 
form of co-created problem-driven visual stories and an 
exemplary external visual exploration environment used 
for collaborative future imagining. Phase 3 resulted in the 
visual data exploration environment (i.e. the VHAAC) itself 
becoming a pragmatic BO, which in turn enabled decision-
makers to shift the focus from data to seeing and think-
ing ‘through data’. In addition to the proposed method of 
knowledge transfer, another type of ADR design knowledge 
includes a set of design principles related to VA boundary 
objects and their use.

This research offers several theoretical and practical 
contributions to the field of Information Systems (IS), at 
the intersect of analytics or more precisely VA, and knowl-
edge management (KM). First, our research addresses the 
previously observed research gap related to the transfer of 
knowledge from analytics to non-technical experts (Holz-
inger, 2016; Benbya et al. 2021), which we investigate in 
the context of VA for non-technical decision makers. We 
also demonstrate that knowledge transfer is not sufficient 
and needs to be expanded with knowledge translation and 
transformation. Second, we also advance the the current 
research on BA by focusing on still under-researched VA for 
non-technical domain experts. We highlight the critical role 
of their domain knowledge for data exploration and sense-
making in VA. In doing so, we extend the previous find-
ing by Ghasemaghaei et al. (2018) about the importance of 
domain knowledge in analytics. Third, our research expands 
the well-established KM research on organizational knowl-
edge sharing processes (Alavi & Leidner, 2001; Nonaka, 
1994) to the emerging stream of research on VA. In particu-
lar, we explore the process of VA-related knowledge shar-
ing in multidisciplinary teams at a very granular level and 
through the use of different VA-related boundary objects.

In terms of practical contribution, we propose a method 
that we developed, refined and evaluated-through-use in 
our own large-scale industry-wide VHAAC project, now 
for six years. We also explain how the same method could 
be adopted and further refined by other multidisciplinary 
teams in different contexts, aiming to better leverage tacit 
knowledge of their non-technical decision makers.

The paper is organized as follows. Section 2 describes the 
related work and builds the necessary foundations. Section 3 
introduces our research context while Section 4 outlines 
our adopted Action Design Research Method (ADR). Sec-
tion 5 describes the combined theoretical lens of boundary 
objects and secondary design, which we used as ADR ker-
nel theories. Section 6 presents three groups of VA-related 
boundary objects (syntactic, semantic and pragmatic) and 
explains how there were used to facilitate knowledge sharing 
in our multidisciplinary team. Section 7 answers the research 
question by theorizing a three-stage method for knowledge 
transfer, translation and transformation from VA experts to 
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domain expect. The proposed method is accompanied by a 
set of ADR Design Principles articulated in Section 8. Sec-
tion 9 summarizes the main theoretical and practical contri-
butions while Section 10 concludes the work by discussing 
study limitations and future opportunities for research.

2  Literature Review of Related Work

2.1  Foundation Concepts: Data Visualization 
and Visual Analytics for Non‑technical Decision 
Makers

Data visualization applications are widespread and used in 
very diverse disciplines such as journalism, social sciences, 
medicine, engineering, feminist data studies, communica-
tion, business, information design, data science, analytics 
and information systems, see (Kleim et al. 2008; Baker et al., 
2009; Dilla et al., 2010; Dilla & Raschke, 2015; Few, 2006, 
2012; Thorp, 2013; Hill et al., 2016; Gatto, 2015, Camm 
et al., 2017). Across these disciplines, DV is commonly used 
to enhance the user’s understanding of quantitative and tex-
tual data (Few, 2006; Tufte, 1983). For many organisations, 
this is the primary reason why they continue to invest in 
DV tools (Franks, 2013). DV’s explanatory power is fur-
ther increased when combined with storytelling (Kosara & 
MacKinlay, 2013; Watson, 2017).

Considered to be different from DV, visual analytics 
(VA) emphasizes visual data discovery process, including 
the observable and ongoing feedback (Stull-Lane, 2021). 
User-driven data exploration, made possible by VA, is vastly 
overlooked by organizations still focused on DV (Franks 
(2013; Stodder, 2020), often in the form of pre-programmed 
dashboards developed to meet user requirements. As Stodder 
(2020) explains: “In the best case, developers have inter-
preted what users want and have produced applications that 
are stable and allow for incremental adjustments, such as 
to visualization styles” (p.22). Yet, visual data exploration 
by domain experts is very different in nature and cannot be 
captured in its entirety by user-requirements.

In essence, DV and VA conceptualize ‘visualization’ 
respectively as an outcome (i.e. visual representation) or 
as a process. As Thorp (2013) explain, “by thinking about 
visualization as a process, instead of an outcome, we arm 
ourselves with an incredibly powerful thinking tool” (p.1). 
This process view of visualization, emphasized by VA, also 
reflects the complex and knowledge-intensive nature of 
decision-making by subject matter experts, which includes 
experimentation, simulation, scenarios planning and evalu-
ation (Stodder, 2013, 2015; Thorp, 2013).

By seeking to understand the knowledge sharing from 
VA experts to non-technical users of VA, we aim to explore 
how these domain experts learn to use VA as a thinking tool 

(Thorp, 2013) rather than a visual outcome of DV. A process 
of visual data exploration is thus guided by their ongoing 
discovery of new data insights, which in turn leads to new 
questions being asked. As such, this process is very differ-
ent from knowledge sharing that occur during collaborative 
design of data visualisations, based on elicitation of user 
requirements.

2.2  Prior Studies on VA for Non‑technical Decision 
Makers

Our literature review shows the prominence of VA-related 
research in data science and computer science. In these stud-
ies, VA refers to advanced visual data analytics applications 
used by data scientists and IT professionals in various con-
texts. For example, VA systems of this kind are now used in 
machine learning, neural networks, data mining, computer 
graphics and computational data science – see (Hohman 
et al., 2019; Andrienko et al., 2020; Yuan et al., 2021). 
Their shared objective is to visualize executions of models 
and algorithms in order to support their improvement and 
explanation. While these developments represent an impor-
tant direction in the emerging field of VA, in this paper we 
focus on a fundamentally different interpretation of VA as 
discussed above, and its use by non-technical subject matter 
experts.

In comparison to a much larger body of VA-related litera-
ture in data science and computer science, research on VA 
for non-technical decision making is nascent but starting 
to emerge. This could be explained by a quite recent shift 
to self-service analytics and the emergence of DV tools for 
business users (Stodder, 2020).

In this very-limited body of research on VA for non-
technical decision makers, we observe recent studies on 
interactive data visualization (IDV), which we consider to 
be included in VA. Conducted across different disciplines, 
these studies focus on the effectiveness of IDV in decision 
making. For example, Perdana et al. (2018) studied the role 
of IDV in accounting and found that it can enhance the abil-
ity of non-professional investors to make sense of financial 
statements. Gurdal et al. (2017) focused on strategic man-
agement knowledge acquired by visual mining and analysis 
of existing knowledge on profit patterns. Other researchers, 
such as (Dilla et al., 2010; Dilla & Raschke, 2015; Huber 
et al., 2018; Phillips-Wren & McKniff, 2020), found that 
IDV improves decision-makers’ perceptions, decisions and 
impact in various contexts, from finance to healthcare opera-
tions. These studies highlight the importance of experiential 
knowledge of non-technical decision makers (Freeze, 2018).

Instead of focusing on decision making by non-technical 
subject matter experts and its effectiveness, in our study we 
shift the focus to the process of acquisition of VA-related 
skills. In particular, we aim to investigate how these skills 
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are aquired through knowledge sharing from VA experts to 
non-technical domain experts, which we review next.

2.3  Prior Studies on Knowledge Sharing 
from Analytics Experts to Non‑technical Domain 
Experts

Decades of knowledge management (KM) research offer 
numerous studies on knowledge sharing. Particularly rel-
evant are those related to sharing knowledge across bounda-
ries, such as those conducted by Nonaka (1994), Alavi & 
Leidner (2001), Malhotra (2004) and Carlile (2004). Based 
on Polyani’s (1966) research into tacit and explicit knowl-
edge, we recognize that visual data exploration by domain 
experts draws upon their tacit knowledge, which includes 
both subject matter expertise and contextual understand-
ing. Unlike explicit knowledge, tacit knowledge cannot be 
easily externalized, let alone described to another person. 
Therefore, this knowledge cannot be codified in order to be 
transferred across knowledge boundaries (Malhotra, 2004; 
Alavi & Leidner, 2001). Instead, it is drawn through prob-
lem-solving and action taking.

We recognize the problem of knowledge sharing from VA 
experts to domain experts, as the KM problem of sharing of 
VA-related tacit knowledge (Malhotra, 2004; Nonaka, 1994). 
Moreover, the process of sharing itself is knowledge-inten-
sive in nature (Alavi & Leidner, 2001), and consequently, 
very complex. Nonaka (1994) theorizes that ‘tacit to tacit’ 
knowledge transfer process requires externalization followed 
by internalization knowledge. Given that tacit knowledge 
cannot be easily externalized, it cannot ever be transferred 
in its entirety.

Sharing of tacit knowledge between VA experts and 
domain experts is made even more complex by the exist-
ence of disciplinary boundaries. Consequently, these experts 
cannot easily collaborate as even lack the shared vocabulary, 
let alone any shared foundations. Differences in meaning and 
disciplinary understanding across knowledge boundaries, 
therefore, require knowledge translation, which is more com-
plex than knowledge transfer (Carlile, 2004). Moreover, the 
respective natures of the disciplines on different sides of the 
shared knowledge boundary also play an important role. For 
example, in the case of our project, these disciplines were 
based on very different methods of inquiry—analytical used 
by VA experts and historical used by domain experts. We 
note that this particular aspect of knowledge sharing across 
disciplines is less explored in the previous literature, and 
yet to be researched in the context of VA-related research.

Our literature review also confirms that BA introduces 
new challenges for KM, as discussed by (Marjanovic, 2021; 
Pauleen & Wang, 2017; Tian, 2017). Prior studies consid-
ered sharing of knowledge among non-technical domain 
experts who were using analytics in the same organizational 

context – see for example Marjanovic (2021). These domain 
experts also came from the same disciplines. Consequently, 
they shared both contextual and disciplinary knowledge. Yet, 
knowledge sharing among them was not easy to achieve.

Particularly relevant for our project is prior research 
on transfer of knowledge from analytics to non-technical 
experts (Holzinger, 2016; Benbya et al., 2021), esspecially 
when working in multidisciplinary teams. This is increas-
ingly the case as organizations are now building multidis-
ciplinary analytics teams to tackle complex BA problems 
(Davenport, 2020; Hiltbrand, 2021; Hindle et al., 2020; Tala-
gala, 2019; Vidgen et al., 2017; Zhang, 2019). As Vidgen 
et al. (2017) observe, to make analytics insights actionable 
it “takes more than simply setting up a data science team” 
(p.635).

However, as Stodder (2020) reports in a recent survey 
of analytical leaders, collaboration and knowledge sharing 
in these analytics teams are very challenging. In particular, 
there is a need for further research on knowledge transfer 
from analytical experts (i.e. data scientists and IT experts) to 
business and other non-technical experts (Holzinger, 2016; 
Abbasi et al., 2016; Benbya et al., 2021; Davenport, 2020). 
We situate this research gap in the context of the emerg-
ing discipline of VA by focusing on the following research 
question: How to effectively facilitate sharing of VA-related 
knowledge between VA experts and non-technical domain 
experts in multidisciplinary VA teams?

We are particularly interested in new VA-specific meth-
ods for sharing of tacit knowledge across disciplinary bound-
aries. In the next section we turn our attention to our broad 
and specific research contexts.

3  Research Context

3.1  Industry Context: Australian Cooperative & 
Mutual Enterprises (CMEs) Industry Sector

Across the world cooperatives continue to play a very sig-
nificant economic and societal role in the lives of over one 
billion members and their communities, from all geographi-
cal regions and industry sectors (EURICSE-ICA, 2020; ICA, 
2021a). Cooperatives are member-owned businesses (both for 
profit and non-for-profit) that are purpose driven and member-
oriented (BCCM, 2019, 2021). They are ‘original social enter-
prises’, where members (e.g. employees, other businesses, 
community stakeholders), “work together to achieve a com-
mon purpose or outcome”, and where the resulting value is 
shared among their members and communities (BCCM, 2013 
p.1). Governed by a clear set of principles, they are are a form 
of economic democracy, with their democratic nature being 
the point of strength (Patmore & Balnave, 2018).
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Throughout their long history, cooperatives have also 
shown to be the most resilient type of enterprise during pre-
vious periods of major crises – see for example (Birchall & 
Ketilson, 2009; Birchall, 2012; Roelants et al., 2012). The 
most recent Covid-19 pandemic crisis is no exception (Bil-
liet et al., 2021; Mohit, 2021). This is due to their “busi-
ness model that embraces the goals promoted by the 2030 
Agenda in terms of human rights, fair labour, environmental 
sustainability, and sustainable growth”. (ICA, 2021b, p.4).

In the Australian context, where our research is situ-
ated, there are currently more than 2000 Cooperatives and 
closely-related Mutual Enterprises (CMEs) whose combined 
membership base exceeds 29 million (BCCM, 2021). In the 
most recent financial year, the total revenue for the top 100 
Australian CMEs was AUD 32.8bn dollars, with combined 
assets of AUD 1.2 trillion (BCCM, 2021). This is in spite 
of devastating bush fires and the still-unfolding COVID-19 
crisis. In the 2021 financial year (i.e. the second year of 
global pandemic) this industry sector “directly employed at 
least 70,000 Australian workers and facilitated employment 
of 180,000 people” (Morison, 2021, p.1).

In spite of their significance, cooperatives worldwide con-
tinue to experience major challenges. “Despite there being 
over a billion members of the cooperatives worldwide”, 
Cooper et al. (2013) observe, “they are not well understood, 
nor given much attention by academia or general public” 
(p. 6). The same observation applies to the Australian coop-
eratives (Balnave & Patmore, 2012; The Australian Senate 
2016; BCCM, 2021). For example, while a significant pro-
portion of Australians are members of cooperatives, very 
few are aware of their membership or can even name a 
cooperative enterprise (Australian Institute, 2012). Close to 
a decade later, despite its size and contribution, this indus-
try sector remains “relatively poorly understood” (BCCM, 
2021, p.4).

Responding to the urgent “need for the sector to build a 
stronger public awareness of its prominence and importance” 
(Australian Institute, 2012, p.12), the Australian Federal 
government initiated and conducted a Senate Inquiry into the 
economic and societal value of the Australian cooperatives 
(The Australian Senate, 2016). The outcome of this Inquiry 
included a number of key recommendations. Specifically, 
Recommendation 1 articulated the need for national data on 
this important industry sector (Australian Senate, 2017, p.2). 
This particular recommendation provided the main motiva-
tion for our (broader) research project described next.

3.2  Our Broader Research Project: Visual Historical 
Atlas of the Australian Cooperatives

Inspired by the pressing need of the Australian coopera-
tives industry sector to increase its profile, both locally 
and nationally, we initiated a large-scale, long-term project 

focused on design and implementation of an industry-wide, 
online visual data exploration environment called the ‘Visual 
Historical Atlas of the Australian Co-operatives’ (VHAAC) 
(Patmore et al., 2020, 2021, 2022). The main idea was to 
enable different non-technical stakeholders to learn about 
the past and present of the Australian cooperatives from the 
1820s to today. The co-authors of this paper have been the 
co-leaders of the project since its inceptions in 2017, and the 
core members of a wider multidisciplinary team.

Now in its sixth year, the VHAAC contains the historical 
data of over 7000 cooperatives, from 2,304 locations, (ref-
erence blinded for review) with four major types including 
agricultural, community, consumer and financial co-opera-
tives. The data have been collected, verified, transformed, 
modelled and uploaded into the VHAAC visual database 
through an ongoing process conducted by the multidiscipli-
nary team. Both qualitative and quantitative data have been 
collected by the team members with expertise in Australian 
cooperatives and verified using historical methods.

In addition to data, the VHAAC provides an easy-to-
use visual data exploration environment for non-technical 
cooperatives experts. In fact, the main value of the VHAAC 
environment is considered to be in new insights gained by 
domain experts with expertise and experience necessary 
to understand both historical and contextual significance 
of data being explored. This use of the VHAAC is already 
advancing the cooperatives industry and research by pro-
viding new insights, informing the practice and challenging 
some historical misunderstandings. Examples include new 
findings about the longevity of cooperatives, reasons for 
their demutualization, their resilience in the face of differ-
ent disasters, new insights into the reasons why they close, 
the identification of previously unrecognised types of co-
operatives, the emergence of new types of digitally-enabled 
platform cooperatives, and the magnitude of their economic 
and societal importance in Australia from the 1820’s to 
today (Patmore et al., 2021, 2022).

The project reported in this paper was conducted within 
the broader VHAAC project as its critical component that 
enabled the multidisciplinary team to continue to work 
together since its inception to today. Thus, very soon after 
the initiation of the VHAAC project it became clear that the 
multidisciplinary team faced a challenging knowledge bar-
rier. On one side of this barrier were VA experts with holis-
tic analytics expertise, which included data modelling, all 
aspects of design and implementation of interactive visual 
environemnts as well as DV but with limited understanding 
of the Australian cooperatives industry sector. On the other 
side were domain experts who were the main intended users 
of the VHAAC. The initial pilot project confirmed that a 
“standard” skill-based training focused on a particular VA 
tool used for development of the VHAAC was not effec-
tive (Marjanovic, 2016). This is because the skilled based 
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training focused on technical feature of the tool, as well 
as design of visual outputs (i.e. visualisation as a noun). 
Instead, the primary focus of these domain experts was not 
on underlying technology but on exploration of data for 
variety of known and yet-to-be discovered purposes (e.g., 
to influence, find similar co-operatives, engage in a future 
dialog and policy making process and so on). Moreover, the 
VHAAC environment was constantly emerging through data 
collection as well as our shared experience of design-in-use, 
knowing-in-practice and knowledge sharing. This in turn 
prompted the multidisciplinary team to engage in a meta-
level project focused on a new method for knowledge shar-
ing from VA experts to domain experts, which is reported 
in this paper.

4  Research Method

In this project we used the Action Design Research (ADR) 
method (Sein et al., 2011). This method recognizes and con-
ceptualizes “the research process as containing the insepa-
rable and inherently interwoven activities of building the 
IT artefact, intervening in the organization and evaluating 
it concurrently” (Sein et al, 2011, p.1). ADR was originally 
proposed by Cole et al. (2005) with the two key objectives: 
(i) to use valid scientific research methods to solve (a) prac-
tical problem(s) experienced by the researcher/practitioner; 
and (ii) to contribute to the existing body of knowledge in 
relevant areas by creating new design artefacts.

ADR draws its origins from two research methods: Action 
Research (AR) and Design Research (DR), also known as 
Design Science Research (DSR). By proposing to combine 
AR and DR, Cole et al. (2005) argued that an integrated 
approach is required to emphasize the research relevance, 
problem solving through intervention in the real-life setting, 

reflection and learning (Baskerville & Wood-Harper, 1998). 
as well as knowledge created through design (Hevner et al., 
2004).. It is important to note that ADR is more than a com-
bination of the original AR and DR methods (Sein et al., 
2011). In ADR the phases of building, intervention and eval-
uation (BIE) of a design artifact are not separated as in DR, 
but highly intertwined. A combined learning and reflection 
phase is an important phase of ADR, that is not separate but 
constantly emerging through BIE. Finally, ADR recognizes 
different kinds of design artefacts, including IT systems as 
well as organizational interventions.

Both DSR and ADR have been used for design and imple-
mentation of DV and VA tools – see for example Toreini 
et al. (2021). However, in this project we shift the focus 
from design of VA tools to design of an innovative method 
for knowledge sharing from VA experts to domain experts, 
who are making sense of data through interactive visual data 
exploration thus using VA on their own and as a thinking 
tool. Therefore, the main intended ADR design artefact in 
our research is not a VA technology, but a knowledge shar-
ing method across disciplinary boundaries in a multidisci-
plinary team.

Our research project followed the ADR phases (Sein 
et al., 2011) depicted by Fig. 1 and implemented them as 
follows. The project was initiated to address a problem iden-
tified in a real-life setting experienced by the co-authors who 
were the leaders of the multidisciplinary team of VA experts 
and domain (cooperatives) experts.

Therefore, our research was practice-inspired (Principle 
1) as the need for this project came from the practice of 
designing and implementing the VHAAC environment by 
a multidisciplinary analytics team. The main ADR design 
artefact in this project – a knowledge sharing method – was 
‘theory-ingrained’ (Principle 2), because its design was 
guided by the theory of BOs (Carlile, 2004) and informed 

Fig. 1  Action Design Research 
(ADR) method, after Sein et al. 
(2011)
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by the theoretical concept of secondary design (i.e. design-
in-use) (Germonprez et al., 2011), as described in the next 
section. The Build, Intervene and Evaluate (BIE) phases of 
our ADR project were fully intertwined, with the emerging 
method shaping and being shaped through its use (Principle 
3 of ADR), as described in the subsequent sections. The 
roles of VA experts and domain experts were mutually influ-
encing (Principle 4 of ADR). We were also building the 
method while evaluating it in the authentic practice (Prin-
ciple 5 of ADR). Throughout to the project, ADR-related 
research data were collected using two methods. The first 
method included an ongoing collective reflection-in-action 
(Levina, 2005) by the ADR team members, during each 
ADR cycle. The second method of data collection included 
observations of the effects of the actual intervention (Prin-
ciple 5 of ADR), assessed by the domain experts’ improved 
ability to transform their practice (Carlile, 2004) through 
VA. The main design artefact gradually emerged and was 
shaped by its use in the real-life context (Principle 6). The 
proposed method was then observed as an instance of a class 
of problem that was sharing of knowledge from VA experts 
and domain experts in multidisciplinary VA teams (Principle 
7). Formalization of learning included design knowledge in 
the form of the proposed knowledge sharing method and 
an initial set of design principles. The following section 
introduces the theoretical foundations, also known in ADR 
as kernel theories (Sein et al. 2011), which informed our 
design. Further details of our ADR project implementation 
are described in the subsequent sections.

5  Theoretical Foundations (ADR kernel 
theories)

5.1  Theory of Boundary Objects

We recognize the research problem of knowledge sharing 
from VA experts to domain experts as the theoretical prob-
lem of boundary spanning (Lave & Wenger, 1991) across 
disciplinary knowledge boundaries (Carlile, 2002). The term 
boundary object (BO) was initially introduced by Star and 
Griesemer (1989) to describe an artefact/concept/object that 
serves as a translating device across knowledge boundaries 
of different kind. As such BOs could facilitate development 
of shared meaning across intersecting communities of prac-
tices (Bowker & Star, 1994) as well as facilitate knowledge 
sharing and mutual learning in a multi-contextual and a 
multi-perspective setting (Carlile, 2002). In our research 
we adopt Carlile’s (2002, 2004) integrative framework for 
managing knowledge across boundaries, which conceptual-
izes three different types of BOs: syntactic, semantic and 
pragmatic. They are briefly described as follows:

Syntactic boundary objects establish a common lexicon 
for individuals to represent and share their knowledge. As 
such, they enable transfer of knowledge across an informa-
tion-process boundary. Examples include simple charts, 
standard reports, or informal drawings of concepts. Indi-
viduals involved in sharing of syntactic BOs are assumed to 
have a sufficient common knowledge to directly interpret BO 
in their own disciplinary context, without any negotiation of 
meaning. However, when novelty arises, transfer of knowl-
edge based on information-processing approach becomes 
problematic and syntactic BOs are no longer sufficient.

Semantic boundary objects enable translation of knowl-
edge across an interpretive (i.e. semantic) boundary. This 
boundary occurs when a shared meaning cannot be achieved 
due to ambiguity and interpretive differences in understand-
ing of the shared BOs. Semantic BOs thus enable co-creation 
of shared meaning and understanding by engaging discipli-
nary communities in a dialogue and negotiation. When using 
semantic BOs, individuals from different communities also 
change and adapt their domain-specific knowledge in order 
to reach a shared understanding (Brown & Duguid, 1991; 
Wenger, 1998). Examples of semantic BOs are metaphors 
and stories.

Pragmatic boundary objects facilitate a more complex 
process whereby individuals on different side of a knowl-
edge boundary transform their individual disciplinary 
knowledge. The need to transition from a semantic to prag-
matic boundary occurs when the novelty of semantic BOs 
results in different interests that need to be negotiated and 
resolved. Working at pragmatic boundaries is challenging as 
it involves dealing with different and often conflicting inter-
ests, organizational politics, disciplinary norms and ‘crea-
tive abrasions’ (Leonard-Barton & Swap, 1999). Resolving 
these challenges at the pragmatic boundary results in indi-
viduals developing both the common knowledge as well as 
their respective domain-specific knowing-in-practice. This 
in turn, enables individuals to apply the newly acquired 
domain-specific knowledge in their own context in order 
to tackle novel disciplinary problems and innovate on their 
own. Examples of pragmatic BOs include various trade-off 
methodologies used by multidisciplinary teams as they pro-
vide opportunities to recognize domain knowledge embed-
ded in disciplinary practice, negotiate interests, advance 
shared knowledge, all while transforming domain knowledge 
of all participants.

Carlile (2004) suggests that different types of BOs could 
be used to span knowledge boundaries in different ways. 
Also, some BOs may be more suitable than others for a 
particular boundaries. Moreover, BOs are often combined 
and their interaction enables spanning of different types of 
knowledge at the particular boundary.

The main knowledge boundary in our project was found 
between VA experts and domain experts with expertise in 
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cooperative enterprises. They formed a multidisciplinary 
team in order to co-design and implement the first-of-its 
kind industry-wide visual data exploration environment. 
Either group of experts could not do it on their own, as their 
respective domain expertise was not sufficient. The complex 
nature of our research problem thus required both groups to 
work at syntactic, semantic and pragmatic multidisciplinary 
knowledge boundaries. The theory of BOs by Carlile (2004) 
was therefore suitable as a kernel theory (Sein et al., 2011) 
for our ADR project.

5.2  The Concept of Secondary Design

The second theoretical perspective relevant for our research 
come from the previous theorization of the so-called sec-
ondary design in design science research (Germonprez & 
Hovorka, 2011; Germonprez et al., 2011; Lakew & Aryal, 
2015). While in the traditional design and implementation 
of IT applications, including DVs, the role of intended users 
is often reduced to that of a source of design requirements 
(Germonprez et al., 2011), this is rapidly changing. The new 
types of IT systems make it “impossible for a primary design 
effort to completely specify all possible system uses ex ante” 
(Germonprez et al., 2009, p.4).

In response, a growing community of researchers turned 
their attention to “design-in-use”, also known as secondary 
design. As Lakew and Aryal (2015) explain “[s]econdary 
design is a process by which users define the role of technol-
ogy features in their daily practices” (p.1). Consequently, 
“secondary design recognizes that practice is not the result 
of design but rather a response to it” (Germonprez et al., 
2011, p.663).

The concept of ‘secondary design’ is highly relevant for a 
new class of information systems that continue to grow and 
constantly change-in-use, but without any intervention of the 
initial designers. These “systems undergo an initial, primary 
design process where features are built in prior to general 
release. Following implementation, people engage in a sec-
ondary design process where functions and content emerge 
during interaction, modification, and embodiment of the 
system in use.” (Germonprez et al., 2011, p.665). Examples 
of these constantly-evolving systems include social-media 
systems (Germonprez et al., 2011), digital platforms (Mon-
tealegre et al., 2014), learning management systems (Lakew 
& Aryal, 2015), and we argue, interactive visual data explo-
ration environments as defined in this project.

Particularly relevant for our research are different 
aspects of knowledge and knowledge sharing involved 
in primary and secondary design. Germonprez et  al. 
(2011) observe that primary design depends on the user 
knowledge harnessed and transferred to the primary 
designers during design requirement elicitation. Second-
ary design, on the other hand, focuses on users’ actual 

experiences of using technology in their own practices, 
that is ‘design-in-use’, which in based on their knowing-
in-practice (Orlikowski, 2002). Consequently, secondary 
design shifts the focus from designing an artefact to solve 
a particular problem, with the requirements elicited from 
the intended users of this artefact, to enabling the sec-
ondary designers to solve their own contextualized prob-
lems (Germonprez et al., 2011). Secondary design thus 
“becomes interactive use and not mechanistic problem 
solving and recognizes the innovative tinkering, tailor-
ing, and reflection which users apply to workarounds and 
unforeseen solutions to the human’s problems” (Germon-
prez et al., 2011, p.3).

So far, secondary design has been investigated by the 
design science research and human computer interface 
research communities. To the best of our knowledge, 
secondary design is yet to be investigated in the con-
text of VA for non-technical decision makers. As VA 
tools are meant to facilitate exploration of problem by 
subject matter experts, rather than offer a solution to a 
pre-defined problem (Stodder, 2013; Thorp, 2013), we 
observe that these domain experts need to engage in 
secondary design.

Moreover, when visualization is conceptualised as a 
process rather than an outcome (Franks, 2013), design and 
implementation of a VA platform do not stop after the ini-
tial features are completed and evaluated by the intended 
users. Instead, when primary designers complete the ini-
tial design and implementation, the secondary designers 
continue to shape the platform through their own visual 
data exploration, in particular through their own think-
ing and problem solving. Therefore, to be useful, any VA 
platform needs be designed-in-use by its secondary rather 
than primary designers.

Using the concept of secondary design, we therefore 
frame our research problem as the problem of enabling 
domain experts to engage in secondary design (i.e. design-
in-use) through visual data exploration, as they have the 
necessary subject matter expertise and contextual under-
standing of data being explored. We are interested how 
this could be achieved in the context of multidisciplinary 
teams, through a deliberate method of knowledge sharing 
from primary designers (VA experts) to secondary design-
ers (domain experts), which ultimately enables secondary 
designers to use VA as a thinking tool rather than just 
focus on visual outputs. Based on Carlile (2004) we rec-
ognize that knowledge sharing from primary to secondary 
designers in VA occurs across different kinds of knowl-
edge boundaries. In the following sections we describe 
how we implemented the project, starting from the main 
type of VA-related BOs which we used and designed to 
enable and facilitate knowledge sharing across disciplinary 
boundaries.
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6  ADR Implementation: VA‑related 
Boundary Objects for Knowledge Sharing 
from VA Experts to Domain Experts

This section describes different types of VA-related BOs 
we used to enable and facilitate VA-related knowledge 
sharing from the VA experts to domain experts in our pro-
ject. Drawing from the ADR kernel theories, we recognize 
that any multidisciplinary collaboration involves a number 
of different boundary objects. In this research we focus 
only on VA-related boundary objects and their role in ena-
bling the research team to work across- different kinds of 
knowledge boundaries. Also informed by the ADR kernel 
theories, we recognize VA experts as primary VA design-
ers, and domain experts as secondary, here named “princi-
pal VA designers”. This renaming was done to emphasise 
their principal value-adding role in using their domain 
expertise to make sense data through visual data explora-
tion. The three main phases of knowledge sharing and the 
associated BOs are described as follows:

– Phase 1: Use of syntactic VA-related BOs to raise the 
awareness of domain experts (ADR Cycle 1)

In the first phase we used two types of syntactic VA-
related BOs, with the overall purpose to raise the awareness 
of the domain experts of the new opportunities created by 
VA tools, when applied to our growing data set. The first 
type of syntactic BOs consisted of a number of data visuali-
zations (DVs), created by the primary designers using the 
VHAAC data exploration environment, which at the time 
was in early stages. These DVs were used to inform the 
domain experts about the initial findings from the data.

The second type of BOs included data-driven visual 
stories that were created by VA experts out of static DVs, 
which were combined to illustrate possible decision-
making scenarios. These stories presented to the domain 
experts, in a step-by-step manner, using the provided story 
telling features of the software application (Tableau). Both 
data visualization and visual stories were based on the 
VA experts’ understanding of decision-making needs of 
different intended users. In order to elicit these needs, the 
VA experts collected data through interviews with domain 
experts and design thinking activities.

Our use of static DVs as static boundary objects did 
result in new insights gained by the domain experts, both 
within the multidisciplinary team and the wider advisory 
group of industry practitioners. Presented in the visual 
form, the VA experts’ findings from the VHAAC were 
immediately augmented with new insights by the domain 
experts who could place these findings in the relevant his-
torical context and understand their importance.

However, very soon these syntactic BOs were found to 
be very limited. Thus, asking users (with no previous VA 
experience) to communicate their data-related decision-
making and data exploration needs so that they could be 
“transferred” into DVs and visual stories was not found to 
be effective. This is because of the well-known problem of 
“not-knowing what you don’t know”, especially when expe-
riencing something for the first time.

At the same time the VA experts had very limited under-
standing of the cooperatives’ data. Apart from creating static 
DVs to answer experts’ initial questions, their ability to cre-
ate insightful DVs and data-driven visual stories was equally 
limited. After evaluating our shared experience, collectively, 
we reached the limit of knowledge transfer across the dis-
ciplinary boundary thus creating the need for new types of 
VA-related BOs.

– Phase 2: Use of semantic BOs to engage in transforma-
tive co-creation (ADR Cycle 2)

In this phase the VA experts decided to look for another 
type of VA-related BOs to enable translation of knowledge 
across disciplinary boundaries, not just its transfer, as in 
Phase 1. First of all, we looked for other examples of pub-
lic visual data exploration environments developed in other 
industry sectors, similar to what we intended the VHAAC 
to become. Guided by the theory of BOs, we needed to 
make sure that any chosen example came from the context 
that was understandable to both VA and domain experts. 
We found an example of a nation-wide, visual data inter-
active environment using open data on senior citizens in 
Australia. Although very simple, this exemplary environ-
ment was very effective. First used as a syntactic BO, this 
environment helped the VA experts to illustrate how static 
data visualization (i.e. visulisation as output) differed from 
interactive visual exploration (visualisaion as a process) in 
order to facilitate the shift in their mindset from DV to VA. 
The exemplary environment was also used to demonstrate 
basic features of a DV tool, as much as it allowed us.

However, throughout our collective exploration and dis-
cussion, the same exemplary environment became a seman-
tic BO. This is because it initiated and enabled our ‘collec-
tive future imagining’. More precisely, through collaborative 
exploration of different options of the exemplary environ-
ment, the multidisciplinary team engaged in in future-ori-
ented brainstorming guided by the questions such as: “How 
would this look like in the VHAAC environment”? “Can 
we imagine something similar in relation to cooperatives’ 
data’? and so on. Yet, the knowledge barrier remained, thus 
creating the need to keep exploring different kinds of BOs.

Informed by the previous insights from the ADR kernel 
theory again, in particular a possibility of using storytell-
ing and stories for knowledge translation, we turned our 
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attention back to visual stories. However, rather than using 
a data-driven method whereby static DVs are sequenced in 
a visual story (as in Phase 1), we shifted our collective focus 
from data to interesting industry problems and opportuni-
ties related to the cooperatives. In other words, our previous 
approach of looking at data in order to see what could be 
discovered there, turned out to be limited for two reasons. 
First, it constrained our exploration of possibilities, because 
it was limited by ‘what was there in data’ as perceived by 
VA experts. Second, our disciplinary knowledge barrier 
remained as data-driven stories still focused on knowledge 
transfer. It is important to note that this data-driven approach 
(i.e. looking at data in order to find and visualise interesting 
insights) is often practiced in the DV projects, especially if 
they are led by analytics experts. We discovered these limita-
tions through our ongoing collective reflection.

Consequently, we decided to ‘avert our collective gaze 
from data’ and instead focus on problems and questions 
posed by the domain experts. For example, domain experts 
wanted to know: “Why are cooperatives demutualized over 
time”, “Why do cooperatives close down?” “What is the 
story of business cooperatives in Australia?” It is important 
to note that there were no pre-defined data attributes that 
could enable VA experts to search and visualize the existing 
data in order to answer these questions. Instead, these ques-
tions could be answered only through visual data exploration 
by domain experts, supported by VA experts. Consequently, 
we started using problem-driven visual stories as semantic 
BOs that in turn required very close collaboration between 
VA and domain experts. For example, domain experts would 
start to translate the problem into a number of scenarios 
and with VA experts proceeded to turn these into visual sto-
ries (as much as possible based on available data), while 
recording the limitations of the existing data sets. Whenever 
required, domain experts would engage in additional data 
collection, using for example, historical archives, databases 
of historical coops-related newspaper and other articles, fur-
ther interviews and case studies. After collecting any new 
data, domain experts engaged in historical research, which 
was required to cross-reference, reconcile, validate and inter-
pret the collected data in a particular historical context.

In this phase we also used a number of techniques that 
were designed to gradually turn domain experts, from VA 
users into principal designers. For example, primary design-
ers (VA experts) started from a common practice of ‘walking 
with’ principal designers, first through visual representations 
towards interactive collaborative visual explorations, noting 
their comments. It is important to note that unlike the “tra-
ditional” user feedback sessions where the main objective 
would be to improve the main features of the user interface 
or application, our main objective here was not to improve 
what was essentially primary designers’ re-construction of 
domain experts’ stories. Similarly, the collected feedback 

was not used to capture and “reconstruct” subject matter 
experts’ way of thinking and visualise it. Looking from the 
knowledge management (KM) this would be an equivalent 
of trying to capture and document somebody’s tacit knowl-
edge that according to prior KM research cannot be done 
effectively (Nonaka, 1994). Instead, the main objective was 
to facilitate the gradual process of ‘becoming’ principal 
designers by helping them to tap into their own knowing-
in-practice more and more.

– Phase 3: Use of pragmatic BOs to transform domain 
practice (ADR Cycle 3)

The shift from Phase 2 to Phase 3 occurred when domain 
experts started using visual data exploration guided by their 
knowing-in-practice, which resulted in different types of 
transformation of their own practices. The key enabler of 
this transformation was the VHAAC environment that we 
recognized as a pragmatic boundary object, which was con-
stantly-in-making. Through the process of collective reflec-
tion-in-action we observed the following types of transfor-
mation. First, through the use of the VHAAC environment, 
domain experts – now in the role of principal designers 
(still supported by VA experts on the need basis)—started 
transforming and expanding the existing body of knowledge 
about Australian cooperatives, both in industry and research 
literature. For example, they started challenging the common 
myths about cooperatives, such as why they dissolve and 
de-mutualize (Patmore et al., 2021).

The second type of transformation occurred when domain 
experts stated providing insights gained through visual data 
exploration to the wider cooperatives industry sector to sup-
port decision-making by different stakeholders, especially 
during crisis. For example, during the Australian bushfire 
disasters in Nov 2019, domain experts were able to provide 
historical insights about cooperatives’ resilience and posi-
tive societal impact during similar natural disasters to the 
Australian Business Council of Cooperatives and Mutuals.

The third type of transformation occurred when the 
domain experts started to innovate on their own. For exam-
ple, they invented a new practice of crowdsourcing of coop-
eratives-related data form other industry practitioners, using 
the form they designed for an easier upload into the VHAAC 
by the VA experts.

Our use of the pragmatic BO (the VHAAC) in Phase 3 
also resulted in another shift of our collective VA-related 
mindset. While we started with the main focus was on VA 
technology features and data, in this phase we observed that 
principal designers started to explore and see their practice 
and domain knowledge ‘through data’. Consequently, both 
technology and data started to ‘fade into background’, thus 
becoming the means of VA-enabled transformation of their 
domain knowledge. This in turn impacted on the ongoing 
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design-use of the pragmatic BO that is the VHAAC environ-
ment as well as the domain experts’ knowing-in-practice.

7  A Three‑phase Method for Knowledge 
Sharing between VA Experts and Domain 
Experts (ADR design artifact)

In response to the stated research question, we theorize a 
three-phase method for a gradual transfer of knowledge from 
primary to principal VA designers, using VA-related syntac-
tic, semantic and pragmatic boundary objects. The method 
draws from our collective insights from the project. We rec-
ognize the problem of knowledge sharing in the VHAAC 
project as an instance of a class of problems, which is is 

knowledge sharing in multidisciplinary VA teams among 
VA experts and non-technical domain experts.

The proposed method is depicted by Fig. 2. As shown 
the first phase focuses on a knowledge transfer achieved by 
transfer of syntactic BOs across knowledge boundaries in the 
form of static DVs and their combinations. The second stage 
includes knowledge translation through co-design of seman-
tic BOs as well as the use of exemplary BOs for collective 
future imagining. The third phase involves knowledge trans-
formation, which is focused on empowerment of domain 
experts to ‘see through visual data’ in order to transform 
their own and wider industry practice. Further details of each 
phase are summarized in Table 1, including examples of 
different types of VA-related boundary objects. It is impor-
tant to point out that depicted phases were not defined up-
front. Instead, they were emerging throughout ADR cycles. 

Fig. 2  A proposed method of VA-related knowledge sharing from VA experts for domain experts

Table 1  Different phases of VA-related knowledge sharing from primary to principal VA designers

Phase 1:
Knowledge Transfer

Phase 2:
Knowledge Translation

Phase 3:
Knowledge Transformation

Goals Present and inform Engage and translate Transform
Focus Data and features of VA technol-

ogy demonstrated by primary 
designers

Domain-focused
Problems and opportunities
Identified by principal designers

Problem exploration by ‘seeing through data’

Boundary 
objects 
used 
in each 
phase

Syntactic
- Static data visualization
- Data driven stories

Semantic:
- Co-created problem-driven visual stories
- External VA environments used to elicit 

‘pattern thinking’

Pragmatic:
- Interactive VA environment used for 

problem-driven visual data exploration

Mode of 
knowl-
edge 
sharing

Transfer from VA to domain experts Translation across disciplinary boundaries Transformation of both VA experts’ and 
domain experts’ disciplines through co-
design

Led by Primary designers (VA experts) Critical shift in leadership from primary to 
principal designers

Principal designers (domain experts)
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Therefore, building, implementation and evaluation of the 
main ADR design artifact (i.e. the proposed method) were 
highly intertwined.

8  Design Principles (ADR formalisation 
of design knowledge)

The following design principles capture design knowl-
edge related to the proposed 3-phase method of VA-related 
knowledge sharing from primary to principal designers. 
They were derived through collective reflection-in-action 
(Levina, 2005) by the project team and refined throughout 
the ADR cycles.

DP1: The sequence of BA-related BOs matters

While developing the principal designers’ ability to 
engage in a process of visual data exploration, we found that 
the actual sequence of boundary objects was important. For 
example, attempting to use visual stories as semantic or even 
pragmatic boundary objects immediately and without pro-
gressing through previous stages was not found to be very 
effective. Thus, creating awareness of data and technology 
through the use of syntactic BOs, followed by exploration 
of possibilities through ‘collective future imagining’ made 
possible by semantic BOs, enabled us to form the founda-
tions of our shared knowledge. This in turn paved the way 
for co-creation of new semantic boundary objects, and later 
on our work at the pragmatic knowledge boundary.

DP2: Gradual co-creation of VA-related BOs should 
enable ‘the critical shift’ from primary to principal 
designers

When the initial static data visualizations were used as 
syntactic BOs, we observed that these BO were ‘transferred’ 
across knowledge boundaries. Using a metaphor, an ADM 
team member described this transfer as “tossing over the 
disciplinary wall”. Similar transfer of BO also occurred 
when primary designers used design thinking to elicit data 
and decision-making requirements from the domain experts, 
in order to turn insights into data-driven visual stories. In 
both cases these BOs remained unchanged through trans-
fer. While initially effective (in Phase 1), these BOs did 
not result in the transfer of knowledge that would empower 
domain experts to effectively engage in visual data explora-
tion on their own.

On the other hand, problem-driven visual stories used as 
semantic Bos in Phase 2, were effective because they were 
co-created through a collaborative data exploration process. 
More importantly, this exploration process resulted in what 
we termed ‘the critical shift’ in a gradual transfer of VA 

knowledge. The shift occurred when the principal designers) 
took over the co-creation of visual stories from the primary 
designers.

DP3: When spanning semantic and pragmatic bounda-
ties, it is important to use VA-related BOs that engage 
principal designers in ‘thinking in patterns’

We found that BOs that engaged principal designers in 
‘pattern thinking’ were very effective for knowledge transla-
tion and ultimately knowledge transformation. For example, 
the semantic BO we used in Phase 2 (a visual exploration 
environment from another industry sector), enabled second-
ary designers to ‘see’ new possibilities for the VHAAC envi-
ronment by thinking in patterns. This way of thinking was 
stimulated by a deliberate practice of ‘collaborative future 
imagining’ implemented through brainstorming and guided 
by the questions designed to initiate pattern thinking. How-
ever, we found these BO to be effective only if the principal 
designers could relate to them either through their experi-
ence or common knowledge. For example, the VA environ-
ment related to aging was easy to use and understand due to 
our common knowledge. This in turn enabled more effective 
thinking in patterns by ‘translating’ the experience with this 
VA environment into imagined possibilities for VHAAC. We 
also observed the evidence of thinking in patterns in Phase 
3, when the multidisciplinary ADR team came up with new 
ideas for the future VHAAC-like VA environments. An 
example is a future interactive shared VA environment for 
agricultural cooperatives to understand and negotiate owner-
ship of their data.

DP4: Create opportunities for sharing of VA-related 
BOs between principal designers and other domain 
experts

We found that when the principal designers (i.e. domain 
experts) shared both semantic and pragmatic BOs with a 
wider group of industry practitioners, their learning to 
explore data became even more effective, and certainly more 
engaging. Even while these BOs were in the development 
stage. As these domain experts all have shared contextual 
knowledge, we found that the principal designers were able 
to share the experiential knowledge of “their own thinking 
process”. The same type of experiential knowledge could not 
be easily shared with the primary designers due to boundries 
in disciplinary knowledge.

DP5: Empower domain experts to use VA as a thinking 
tool

We observed that syntactic BOs in the form of static data 
visualisations placed too much emphasis on ‘seeing data’ in 

1583Information Systems Frontiers (2023) 25:1571–1588



1 3

a new visual form. While important, especially in Phase 1, 
we also found that this was limiting. We argue that the effec-
tive knowledge transfer occurs when the principal designers 
start to see their practice (i.e. problems-at-hand and future 
opportunities) ‘through data’. When this happens, the VA 
environment such as VHAAC becomes a thinking tool. The 
use of such a tool is not pre-defined as in DV. Instead, it is 
guided by the domain expert’s knowing-in-practice.

The proposed design principles are by no means exhaus-
tive. As such, they are expected to be refined and extended 
through further research and use in other contexts.

9  Theoretical and Practical Contributions

This research offers several theoretical and practical con-
tributions to the IS field, as follows. By focusing on VA 
for non-technical decision makers, we address an impor-
tant research gap in the BA-related literature in IS, which 
remains focused on the mainstream analytics and to a much 
lesser extent, data visualization. The proposed method of 
knowledge transfer, translation and transformation from 
VA experts to domain experts also contributes to the grow-
ing body of IS research on organizational use of analytics 
(Abbasi et al., 2016; Vidgen et al., 2017). At the same time, 
our research opens an interesting research opportunity to 
investigate the proposed method as a potential mechanism 
for analytics value creation in an organization setting.

The proposed 3-phase method also addresses the previ-
ously observed research gap related to the transfer of knowl-
edge from analytics to non-technical experts (Holzinger, 
2016; Benbya, et al. 2021). Based on our research findings, 
we argue that knowledge sharing between VA experts and 
domain experts goes beyond VA-related knowledge trans-
fer. As demonstrated in our research, this process also 
includes knowledge translation and ultimately, knowledge 
transformation, which empowers non-technical decision 
makers to transform their own practice, with VA becoming 
‘a thinking tool’. The proposed method also confirms the 
previous finding by Ghasemaghaei et al. (2018) about the 
importance of domain knowledge in BA. We extend this 
research to VA and emphasize the role of domain experts 
who are best positioned to make sense of visual data through 
interactive exploration, guided by their knowing-in-practice 
(Orlikowski, 2002).

Our proposed method also contributes to the KM litera-
ture on knowledge sharing processes, exemplified by (Alavi 
and Leinder, 2001; Nonaka, 1994), which we advance by 
exploring a VA-related knowledge sharing process in mul-
tidisciplinary teams at a very granular level and using VA-
related boundary objects. In doing so we also contribute to 
the emerging stream of research, which focuses on the role 

of KM in BA, as discussed by Hota et al. (2015), Pauleen 
and Wang (2017), Tian (2017) and Marjanovic (2021).

Our research also explains why common data visualiza-
tion practices, which are often limited to design and shar-
ing of static data visualizations based on user requirements, 
are not sufficient when it comes to non-technical decision-
makers developing their own ability for visual data explo-
ration. These static DVs correspond to syntactic BOs, we 
used in Phase 1. The proposed method explains how to pro-
ceed beyond the initial phase using semantic and pragmatic 
boundary objects in order to empower domain experts to use 
VA as a thinking tool.

By situating our project in an industry-wide context, we 
also contribute to an important nstream of research on soci-
etal use of analytics (Gupta et al., 2018) as the new frontier 
of analytics research, in particular VA research. We argue 
that this is a important contribution as industry-wide pro-
jects of this complexity and duration, with the authors as 
co-leaders using the research outcomes to advance the prac-
tice of VA, are still rare in the IS literature. Also, given the 
societal importance of cooperatives (ICA, 2021a, 2021b), 
our project opens new opportunities for further IS research 
beyond VA in this important industry domain, which is yet 
to be explored by the IS community.

In terms of practical contributions, we offer a method that 
was developed, extensively evaluated and refined through 
use in our own ongoing large-scale VA project, now for more 
than six years. This is an important contribution, given the 
current industry trend of deploying multidisciplinary analyt-
ics teams.

The method goes beyond the common industry prac-
tice of developing visusal dashboards, whereby data visu-
alization experts work together with the user to elicit user 
requirements and (co-)create various visualisual outcomes 
(i.e. visual representation). We used this approach in Phase 
1. Then in Phase 2 we observed that the visualisation process 
of 1) getting to know data, 2) creating visual explanations 
of data and 3) framing and visualisation of stories, which 
is often used in practice, is entirely data driven. We then 
recognised the need to ‘avert our collective gaze from data’ 
which was an important shift in our VA mindets. This led us 
to Phase 3 in which we focused on developing non-technical 
domain expert’s ability to use VA as a thinking tool, guided 
by their knowing-in-practice (Orlikowski, 2002).

The proposed method could be adopted and refined by 
other multidisciplinary teams in different contexts beyond 
cooperatives. In particular, it is suitable for other industry-
wide interactive visual data exploration environments, which 
are accessed by a diverse group of stakeholdersts with dif-
ferent decision-making needs that cannot be articulated 
in advance. Examples include future VHAAC-like envi-
ronments in aged care or education sectors. We acknowl-
edge that the nature of data in these environments would 
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be different, as well as data collection methods that in our 
project included historical data. However, the challenge of 
knowledge sharing across disciplinary boundaries would 
be present, thus making our proposed method applicable to 
these settings.

Inspired by prior call for future IS research to address 
COVID-19 challenges by Chang et al. (2021), we could also 
envisage a future industry or society-wide environment for 
visual exploration of COVID-19-related data by different 
stakeholders with diverse domain experitise. Our proposed 
method for knowledge transfer, translation and transforma-
tion would be very relevant in the envisaged environments, 
given the stakeholders’ very diverse domain expertise cou-
pled with the need for rapid knowing-in-practice, which is 
both used and developed through visual data exploration by 
the domain experts themselves.

Finally, our research calls for a different kind of VA 
training for domain experts. Instead of being a source of 
“user requirements” for design of visual dashborads, we 
argue for their knowing-in-practice to be recognised as the 
most important for VA value creation. We thus envisage 
the proposed method to be used as an ongoing method of 
organisational learning through VA, instead of a short-term 
VA-focused skill-based training.

10  Conclusions, Limitations and Future 
Work

This paper described an innovative Action Design Research 
(ADR) project focused on the practice-formed research chal-
lenge of knowledge sharing between VA experts and domain 
experts working in the same multidisciplinary VA team.

To answer the research question: How to effectively 
facilitate sharing of VA-related knowledge between VA 
experts and non-technical domain experts in multidis-
ciplinary VA teams? we proposed a three-phase method 
of knowledge transfer, transformation and translation 
through the use of different kinds of VA-related boundary 
objects among primary designers (VA experts) and prin-
cipal designers (domain experts). The proposed method 
is founded in prior research from the fields of knowledge 
management (i.e. knowledge sharing), organization sci-
ence (i.e. spanning of knowledge boundaries through 
boundary objects) and design science research (i.e. sec-
ondary design). We found that effective VA boundary 
objects need to be co-created rather than transferred 
across disciplinary boundaries. They also need to be used 
in a particular order to ensure effective transfer of dif-
ferent types of knowledge among primary and principal 
designers. VA-related BOs that stimulate ‘thinking in 
patterns’ were found to be effective in spanning semantic 
and pragmatic knowledge boundaries. Most importantly, 

knowledge transfer from VA experts and domain is best 
facilitated through design-in-use and by learning to shift 
the focus from ‘seeing data’ to ‘seeing through data’,

The proposed knowledge sharing method and the articu-
lated design principles have important consequences for 
education and training of non-technical decision-makers in 
using VA for visual data exploration rather than just static 
data visualization. Therefore, workplace training and class-
room learning, where the main emphasis is on skill-based 
training and technical features of a data visualization plat-
form, is less likely to develop practitioner’s ability to use 
visual data exploration as a thinking tool. Rather than going 
through training manuals, which we observed to be the 
main mode of training in many workplaces, it is important 
to engage practitioners in a gradual process, first through 
the use of syntactic boundary objects (developed by VA 
experts), semantic boundary objects co-created through 
knowledge sharing and then gradually shaped into pragmatic 
boundary objects through design-in-use.

Our research project has several limitations. It was con-
ducted in a specific context (Australian Co-operatives). The 
ADR team also conducted this research in their own prac-
tice, as researchers/practitioners who were committed to col-
laboration and knowledge sharing. We acknowledge that this 
may not always be the case, as different yet-to-be explored 
barriers may exist in different organizational settings. For 
example, VA experts external to the organization, may face 
trust or some other contextual issues when working with 
subject-matter experts for the first time. We also recognize 
that different multidisciplinary teams experience different 
team dynamics, which in turn may impact on the process of 
knowledge transfer. Therefore, further research is required 
to understand how the proposed method would work in other 
organizational contexts and different types of multidiscipli-
nary VA teams (e.g. self-selected or put together). We also 
did not investigate the issue of knowledge retention. Given 
the onoing nature of our project, which is still in progress, 
we see knowledge retention as an important future direction 
of our research after the completion of the current project.

As the project continues, our project team, now led by 
the domain experts, continues to discover new possibilities 
for future VHAAC-like, VA projects in other domains. In 
order to set the foundations for these projects, our current 
and future research include design and implementation of 
innovative learning methods for both VA experts and non-
technical VA users (i.e. ‘principal designers’) in industry 
and university settings.
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