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Switzerland, hippolyte.lefebvre@unil.ch 
Christine Legner, Faculty of Business and Economics (HEC), University of Lausanne,  
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Abstract  
To exploit the full business potential of their data, enterprises seek to empower more employees to work 
with data – a phenomenon also known as data democratization. In this way, they establish communities 
to connect and foster the exchange of practice between experts and a growing network of so-called data 
citizens. In this paper, we suggest studying data democratization from the perspective of communities 
of practice (CoP). Based on insights from more than 20 companies, we sketch a multilevel landscape 
composed of the following CoP: CoP focused on developing skills around tools and methods; CoP fo-
cused on a specific data object or data domain; and CoP spreading general data awareness. Our find-
ings advance IS literature on the emerging phenomenon of data democratization and highlight the im-
portance of both generic and situated practices as enablers. For practitioners, we provide actionable 
insights on how CoP can be structured around key data roles. 

 

Keywords: Data democratization, Community of practice, Data citizen, Situated learning 

1 Introduction 
Despite considerable investments in their data and analytics capabilities, most companies still struggle 
to fully utilize the data they collect and generate business value from it (IDC, 2020; Panetta, 2021). To 
use data to its full business potential, they are seeking to democratize their data so that an increasing 
number of employees in different business functions use it to work with and make decisions (Zeng and 
Glaister, 2018; Lefebvre, Legner and Fadler, 2021; Lennerholt, Van Laere and Söderström, 2021). A 
cornerstone of data democratization is the collaboration and practice exchange between these casual 
data users often called data citizens and the specialized data and analytics teams (Awasthi and George, 
2020; Labadie et al., 2020). While project boards or councils act as formal collaboration mechanisms, 
data communities emerge as rather informal options that help connect practitioners in the network 
around shared data practices (Baijens, Huygh and Helms, 2021; Fadler, Lefebvre and Legner, 2021; 
Hagen and Hess, 2021). Thus, data communities support the development of greater autonomy and con-
fidence in using data. Research has also demonstrated that better decision-making from data and analyt-
ics is possible when data democratization also promotes the diversity of opinion and sharing of 
knowledge and opinions between stakeholders (Hyun, Kamioka and Hosoya, 2020). This raises 
questions about the communities relevant to data democratization and how they support the development 
of new data practices. 

To date, research has only provided anecdotal evidence about data-related communities and their role 
in democratizing data in the enterprise context. Despite their relevance, the existing IS body of 
knowledge neither informs about the typical communities that emerge to foster data democratization 
nor elucidates their interactions. In other research fields, communities have been briefly studied – for 
instance, in librarian research as a means of improving data sharing between scholars from the STEM 
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or scientific research academic communities (Tenopir et al., 2011; Springer and Cooper, 2020). To study 
this phenomenon, we choose to adopt the concept of communities of practice (CoP) by  Wenger, McDer-
mott and Snyder (2002). CoP are “a group of people who share an interest in a domain of human endeav-
our and engage in a process of collective learning that creates bonds between them” (Wenger, 2001, p. 
2). This concept allows us to apprehend the phenomenon of democratization as a social transformation 
process happening between members of a shared data practice. Hence, we formulate the following re-
search questions:  

RQ1: Which communities of practice are relevant for data democratization?  

RQ2: How do these communities of practice interact with each other?  

As methodology, we opt for a multiple exploratory case study research design (Yin, 2003), which is 
appropriate when few research studies have looked into the topic of interest (Benbasat, Goldstein, and 
Mead, 1987). As part of an expert study, we first conducted semi-structured interviews with data and 
analytics managers from 17 companies to understand their data and analytics management practices and 
identify candidate communities. Then, with a narrower scope, we conducted two focus groups (13 and 
six companies, respectively) to study more closely how companies leverage CoP to enable data democ-
ratization. Doing this allowed us to analyze each company case against a common framework (within-
case) and then analyze commonalities and differences regarding how companies leverage data commu-
nities to democratize data (cross-case). Our results show that companies create three different types of 
data CoP that foster data democratization: 1) CoP focused on developing skills around tools and meth-
ods, 2) CoP focused on a specific data object or data domain, 3) CoP spreading general data awareness. 
We illustrate each of them with a vignette and show that these three types of CoP encounter each other 
with different boundary interactions in a multilevel landscape of practice. Besides, we advance IS liter-
ature by pointing out both situated and generic practices as enablers for data democratization. Our results 
are also actionable by practitioners who can now identify and set up relevant CoP around key data roles.  

The remainder of the paper is structured as follows. First, we examine and provide a synthesis of the 
relevant literature and identify the research gap. Then, we detail the methodology, as well as our research 
process. Next, we present an overview of our findings and discuss in detail each of the communities of 
practice identified. We then propose an overview of how the identified CoP integrate a landscape of 
practice. Finally, we discuss our findings, draw conclusions, and provide an outlook on future research.  

2 Background 
Although researchers have only recently started to study data democratization, they have highlighted 
the relevance of new structures for collaboration and knowledge sharing between data citizens and data 
experts (Zeng and Glaister, 2018; Hyun, Kamioka and Hosoya, 2020; Fadler, Lefebvre and Legner, 
2021). We argue that data communities, which are the cornerstone of data democratization, should be 
studied through the lens of communities of practice (CoP) by Wenger (1998).  

2.1 Data democratization 
Recently, data democratization was defined as an “enterprise’s capability to motivate and empower a 
wider range of employees—not just data experts—to understand, find, access, use, and share data in a 
secure and compliant way” (Lefebvre, Legner and Fadler, 2021). However, these data citizens need to 
increase their autonomy as they still heavily rely on data and analytics specialists for support and help 
to carry out more advanced data analysis (Awasthi and George, 2020). To address the skills gap, com-
panies have to establish a shared understanding of basic data concepts (or data literacy) – that is, making 
sure people can read, work, analyze, and argue with data (D’Ignazio and Bhargava, 2015). Having ac-
celerated the process because of the COVID-19 pandemic and the development of remote work, com-
panies are developing their employees’ skill building by leveraging practice exchanges and peer learning 
(McKinsey, 2021). For instance, they can use their data scientists as teachers for business experts by 
focusing only on the relevant datasets (Feng, 2017). Research has demonstrated that data and analytics 
can lead to better decision-making when data democratization also promotes the diversity of opinion 
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and sharing of knowledge and opinions between stakeholders (Hyun, Kamioka, and Hosoya, 2020). 
Furthermore, the transmission of knowledge from data experts across internal firm boundaries to enable 
broader data use is positively associated with better value creation from Big Data (Zeng and Glaister, 
2018). Hence, companies seek ways to stimulate interactions and knowledge sharing between various 
groups of users or with specialists from shared practices (Zeng and Glaister, 2018; Fadler, Lefebvre, and 
Legner, 2021).  

While some companies establish formal alignment and collaboration mechanisms (e.g., boards in the 
context of projects), others create more informal settings where employees can exchange and grow their 
expertise. In this way, members of shared practice – often geographically separated – collectively learn 
from other members in a community setting and apply this knowledge in their own working area. By 
gathering practitioners from diverse teams around a shared domain of interest, communities stimulate 
data use, fight tribal knowledge, and foster practice-based learning (Lefebvre, Legner, and Fadler, 2021). 
They support the exchange of practices between business departments that might not be aware of each 
other’s initiatives and would otherwise lead to redundancy, unrealistic expectations, and wrong commu-
nication. Several communities may also interact with each other, usually to establish a link between data 
provision and data use (Swanson, 2021). For instance, business managers and data expert communities 
may establish a shared understanding (e.g., requirements definition, technical constraints), which is crit-
ical for the success of a Big Data & Analytics project (Hagen and Hess, 2021). Other studies have 
investigated data communities with a narrow scope or in another context – for instance, with an emphasis 
on data sharing between scientists (Tenopir et al., 2011) or between STEM scholars or scientific research 
academics working on the same data types (Springer and Cooper, 2020). 

Overall, data democratization is still an emerging phenomenon in IS. Its implementation relies heavily 
on the development of the autonomy and trust of non-specialists who need to apply new practices re-
garding data in their working area (Zeng and Glaister, 2018; Labadie et al., 2020; Lefebvre, Legner and 
Fadler, 2021). Anectodical evidence shows that communities as informal structures are an important 
means to connect across practices (e.g., data-related practices and business-related practices). However, 
we know little about how and why data communities emerge or how they are organized. Furthermore, 
the existing IS body of knowledge neither informs about the typical communities of practice relevant 
for democratizing data nor elucidates their interactions.  

2.2 Communities of Practice  
To study data communities as a phenomenon relying on practices, we adopt Wenger’s (1998) concept 
of communities of practice (CoP). CoP revolve around the idea that learning is part of a social transfor-
mation process fostering collective empowerment around shared interests rather than a unilateral trans-
fer of tacit knowledge by experts to neophytes (Wenger, 1998). Three essential characteristics identify 
and characterize communities of practice (Wenger, McDermott and Snyder, 2002). First, members 
should share a common domain of interest with concrete expected outcomes. Second, they benefit from 
mutually engaging, regularly interreacting, sharing, and learning together in a community setting (sim-
plified as Members in the following). Third, members work on developing a shared repertoire of re-
sources, or practice, that they will be able to implement in their working area. Thus, the CoP are sus-
tained as long as members share common goals for the domain of interest and improve their own prac-
tice. The CoP can be distinguished from other group types such as regular work teams, where practice 
is defined by requirements and tasks assigned – hence, from project teams too. While CoP can be viewed 
as networks because they connect their members, networks involve more passive participation and focus 
on sharing rather than collectively developing a shared practice (Brown and Duguid, 2001). Nowadays, 
CoP rely heavily on ICT and have increasingly been held virtually. Thus, a deeper understanding of 
communities’ characteristics may be required to account for this new way of working that engages ge-
ographically dispersed people, among others (Dube, Bourhis, and Jacob, 2006).  
Furthermore, as organizations become more complex, members may need to belong to several CoP that 
encounter each other, with boundary objects delimitating members’ inclusion (Wenger, 1998). As a 
result, CoP can be observed from a landscape perspective showing their interconnections and boundary 
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interactions (Carlile, 2004). In such a system, members might explore the applicability of their practice 
in a “totality of local communities,” that is, other CoP, requiring them to cross their own initial bound-
aries (Wenger-Trayner et al., 2014). In this way, they also become knowledgeable about other practices 
and identify as a member of a larger body of knowledge not limited to their own local practices. Land-
scapes of practice (LoP), thus, represent the same body of knowledge (Wenger, 1998) made out of in-
terconnected practices with clear identities, well-defined boundaries, and knowledgeable members 
(Pyrko, Dörfler, and Eden, 2019). LoP ignore organizational structures by focusing on practice only 
while weaving both boundaries and peripheries on the different CoP belonging to it. Such a view is 
likely to reflect the reality of work and learning, as practitioners must be knowledgeable beyond their 
local practice to perform their own tasks well. This means that communities belonging to the landscape 
are “accountable to one another in terms of their respective practice-based knowing” (Pyrko, Dörfler 
and Eden, 2019, p. 483) to enable situated learning (Gherardi, 2000). Local practices are regularly rene-
gotiated based on practices observed within other communities in the landscape and formatted by more 
general practices applicable to the different landscapes, i.e., applicable to various bodies of knowledge 
in the organization (Wenger, 1998). Overall, a difference should be noted between situated practices 
(i.e., practices fostered within members’ own working area) and generic practices that influence both 
the whole community landscape, as well as local practices (e.g., presenting, teaching, analyzing) (Pyrko, 
Dörfler and Eden, 2019). 

3 Methodology 
We opted for a multiple exploratory case research design (Yin, 2003). Such a method is particularly 
relevant to capture rich insights about the phenomenon of interest in its natural setting and to capture as 
much knowledge as possible from practitioners (Benbasat, Goldstein, and Mead, 1987; Yin, 2003). In 
the following, we lay out the research process, data collection, and case analysis. 

3.1 Research process and data collection 
Our research process is divided into two main research phases: first, an expert study to get a broader 
understanding of data and analytics management practices in enterprises, including the formal and in-
formal mechanisms for alignment and collaboration between the data organization, business, and IT 
departments; and second, two focus groups with a narrower scope on communities of practice that foster 
data democratization (see Table 1). 
 

Research activities 1- Expert study on data and analytics  
management practices  

2- Focus groups on data communities   

Period 09/2020–10/2021 10/2021–11/2021 
Objective  • Understand data and analytics man-

agement practices, including the 
alignment and collaboration between 
the data organization, business, and 
IT 

• Identify communities in the different 
organizations  

• Collect data communities that connect 
and foster exchange between different 
roles or groups 

• Identify most relevant communities of 
practice for data democratization 

Data collection 
   

90-minute semi-structured interviews 
with 31 experts from 17 companies  

Focus group with 
30 experts from 13 
companies  

Focus group with 
16 experts from 
seven companies  

Data collected 47 data communities provided by 17  
companies 

18 data communities provided by seven 
companies 

Qualifying as CoP 40 CoP from 14 companies 10 CoP from five companies 

Table 1.  Data collection 
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From September 2020 to October 2021, we conducted semi-structured interviews with 31 data and an-
alytics management experts from 17 companies to gain an overview of their data and analytics practices. 
The interviews were conducted by two researchers via videoconference using MS Teams and were 
scheduled for 90 minutes (actual range of duration: 66–90 min). The interview guideline was structured 
around five topics: Business drivers and data strategy, Relevant scope of data and analytics, Data and 
analytics organization, Data and analytics roles, and Alignment and collaboration. To ensure the inter-
viewees had an overview of both global and local practices relating to data and analytics management, 
we selected managers with data-related leadership and oversights responsibilities (Table 2) and at least 
three years of experience in the company. All interviews were recorded and documented. We also com-
pleted the documentation of this primary data by reviewing existing documentation and searching for 
relevant public sources (e.g., keynotes, press articles, company website). Thus, we could triangulate the 
information documented during the interview and ensure validity (Yin, 2003). We eventually sent the 
documentation back to the interviews for review, to confirm our understanding, and to address the re-
maining open questions.  
We then offered companies a follow-up discussion around CoP relevant to data democratization to get 
additional details about the main CoP observed, as well as interesting new cases of communities that we 
had identified in the meantime. Focus group 1 happened in September 2021 as part of a workshop with 
30 practitioners from 13 companies from various industries and that manifested interest in the topic. 
Using a Miro board, participants were invited to describe examples of communities of practice that 
foster data democratization in their company against the three criteria introduced by Wenger et al. 
(2002). We also asked the experts about a set of structuring characteristics from Dube et al. (2006) as 
we expected most of these CoP to happen more and more in virtual settings due to the COVID-19 con-
text. We focused on the five following essential structuring characteristics: Size, Community leadership, 
Life span, Creation process, Degree of formalism. We purposely ignored characteristics related to ma-
turity and lifecycle as we focus on drafting a landscape of communities that are only emerging in most 
companies. Thus, we also did not include characteristics with regard to the members’ enrolment process. 
In addition, we inquired about further facts such as meeting frequency or communication channels. For 
companies that did not participate in the semi-structured interviews and to ensure additional validity, 
we followed up with them to collect further documentation of their described CoP. For instance, we 
could obtain documents such as community procedures or examples of community meetings documen-
tation. Necessary clarifications could also be made during focus group 2, which happened in October 
2021 in the form of a Web session with 16 practitioners from seven companies. The research team 
presented the preliminary results of this study, and a majority of participants confirmed they were rele-
vant in the context of data democratization as they support broader data use and learning.  
In Table 1, we present the output from our two research activities (i.e., the counts of candidate commu-
nities collected). One of the challenges we faced relates to practitioners’ understanding of communities 
versus teams or informal networks requiring further clarification with certain companies. As a result, 
some of the candidate communities could not qualify for the study and were removed. Examples col-
lected from companies H and Q did not qualify as CoP. Eventually, we were able to identify 40 data and 
analytics CoP in research activity 1 and 10 in research activity 2. Owing to the participation of several 
companies in both research activities, five CoP were mentioned twice, leading to a total of 45 CoP 
identified during the whole research process.  

3.2 Within and cross-case analysis  
We performed the within-case analysis by coding each community documentation against the commu-
nity of practices criteria by Wenger et al. (2002) i.e., Domain, Members, Practice. We completed it by 
adding the available structuring characteristics collected during the focus group. In addition to Creation 
process, Degree of formalism, Size, Community leadership, Life span, our data from the expert study 
allowed us to characterize Geographical dispersion and Orientation (Dube, Bourhis, and Jacob, 2006) 
as supplementary characteristics mentioned as relevant by the participants of the focus group. The Cre-
ation Process of CoP may either be deliberate (e.g., established by management) or emerge among a 
group of employees with a shared domain of interest and seeking to exchange around shared practices.  
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Com-
pany 

Industry Revenue/employees Key informants Research 
activities 

Examples of CoP as mentioned by companies  

A Public transportation  $1B–$50B/~35,000 Product owner data strategy; Enterprise Ar-
chitect for Data & Analytics  

1 Data science community; Analytics capability com-
munity  

B Manufacturing, chemicals $1B–$50B/~5,000 Head of Corporate Data Management 1, 2 Master data material community; Master Data Lunch 
C Packaging, food processing $1B–$50B/~25,000 Director of Global Master Data Strategy 1, 2 BI community; MDM community 
D  Manufacturing, automotive $1B–$50B/~90,000 VP Data & Analytics Governance 1, 2 Data domain manager round table; Global Data sci-

ence and AI community; SAP analytics CoP; Data 
quality circle; Enterprise Architecture community 

E  Consumer goods $50B–$100B/~350,000 Master Data Lead; Group Manager Data and 
Analytics Products & Services 

1, 2 Master Data community; Analytics communities for 
specific tools (e.g., PowerBI) 

F  Manufacturing, automotive $1B–$50B/ ~150,000 Head of Master Data Management; Head of 
Advanced and Self-Service Analytics 

1, 2 Master Data Management community; Data Science 
and Analytics Experts groups 

G  Pharmaceutical $1B–$50B/ ~70,000 Global Data Lead; Enterprise Solutions Ar-
chitect Analytics Lead 

1 Monthly global communication of data practice  

H  Consumer goods, retail $1B–$50B/ ~30,000 Vice-President: Data & Analytics 1 Data domain working groups 
I  Consumer goods, retail $100B–$150B /~450,000 Head of Enterprise Data Management 1, 2 Data sharing community; GS1 community 
J  Chemicals $50B–$100B/~120,000 Product Manager Data Governance & Stew-

ardship 
1 Reporting & Analytics community; Data steward 

community 
K  Fashion and retail $1B–50B/~60,000  Head of Data Quality; Data Catalog Com-

munity Governor 
1, 2 Data Quality community; Data catalog community 

L  Pharmaceutical, chemicals $1B–$50B/~100,000 Head of Enterprise Master Data 1, 2 Master Data Management community 
M  Pharmaceutical devices $1B–$50B/ ~65,000 Senior Manager Business Analytics 1, 2 Master Data Management community 
N  Adhesive & beauty prod-

ucts manufacturing  
$1B–$50B/~20,000 Director Master Data & Product 1 Data Expert community linking regional hubs 

O  Outdoor power products 
manufacturing 

$1B–$50B/~20,000 Senior Director Business Transformation 
Data Management 

1 Data governance community 

P  Technology & networks $100B–$150B /~200,000 Head of Corporate Data Management 1, 2 Data modeling community; Data quality community 
Q  Pharmaceutical $1B–$50B/~70,000 Enterprise Data and Analytics Operations 

Cluster Chair; Finance Data Director  
1, 2 Supply Chain Master Data Team; Customer data team 

R  Software development $1B–$50B/~100,000 Solution Advisor Expert 2 Material master data community; Customer master 
data community; Governance learning series 

T  Network & telecoms $1B–$50B/~100,000 Head Information Operations Management 2 Information and Data Architecture community 
U  Logistics operations $1B–$50B/~70,000 Head of Global Master Data Management 2 Data mobilization 

Table 2.  List of companies involved in the research process 
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Degree of formalism relates to different levels of formal recognition and integration in the enterprise 
structure: from unrecognized (i.e., invisible to most employees in the organization), bootlegged (i.e., 
visible only to a specific group), legitimized (i.e., officially sanctioned as valuable entity), supported 
(i.e., receiving direct resources) to institutionalized (i.e., official status and functions) (Wenger, 
McDermott and Snyder, 2002, p. 28). Size is an important characteristic in the context of data democra-
tization as it informs of the number of people involved in the CoP, hence is a proxy for how data citizens 
are engaged.  While smaller communities are more likely to facilitate shared understanding and practice 
exchange, larger communities with hundreds to thousands of members may lead to a dilution of mem-
bers’ contribution. Hence, larger communities may inherently face the difficulty to sustain members’ 
interest. Community leadership might be assigned through formal structures and responsibilities in a 
governance model for instance, which is particularly suitable for larger communities (Dube, Bourhis, 
and Jacob, 2006). However, depending on the needs or expertise, community leaders might also emerge 
naturally. Communities’ Life span might vary greatly. It can be tied to a specific initiative or project 
(i.e., temporary), or may support a larger and long-term perspective (i.e., considered as permanent). 
Orientation informs about the general purpose of the community i.e., whether it rather supports a stra-
tegic use case or rather focus on operational practices. Geographical dispersion describes how physi-
cally dispersed community members are. Hence, widespread communities might face several challenges 
such as the participation of members belonging to various business departments or from different prem-
ises, or even time zones. 
The two researchers present at each of the interviews performed this analysis to ensure a common un-
derstanding of each sampled community. As a basis for discussion, we could leverage the contextual 
understanding collected during the expert study research activity concerning companies’ strategies, their 
current data initiatives, or their organizational structure for data. Moreover, we could collect information 
with regard to roles and responsibilities as well as headcounts which helped us to better apprehend 
within-case coding. Next, we conducted the cross-case analysis to understand commonalities and dif-
ferences across the sample. By using pattern-matching (Yin, 2003), we were able to identify 1) a gener-
alizable set of typical communities of practice relevant to the context of data democratization and 2) 
patterns in the way companies form their CoP across domains and practices, and with various audiences.  

4 Results 

4.1 The three types of CoP that support data democratization 
Most participating companies (except Q and H) operated one or several communities to align and col-
laborate with an increasing number of employees in different business functions and different locations. 
Based on the concept of CoP, we can identify three types of typical CoP that foster data democratization: 
1) CoP focused on developing skills around tools and methods, 2) CoP focused on a specific data object 

or data domain, 3) CoP spreading general data awareness. We find that these CoP are observed at 
different levels of practice and cover seven domains of interest. Type 1 CoP typically address Data 

quality and management, Reporting and analytics, and Data modelling and architecture. Type 2 CoP 
typically address Data-driven innovation or focus on Data object/product. Type 3 CoP mainly foster 
Global data awareness. While typical members for these CoP can be identified, we notice that several 
roles may belong to more than just one community. CoP are partly established and managed by data 
organizations, but we also observe communities that emerge directly from practitioners of shared prac-
tices who acknowledge the value of such exchanges. CoP for data democratization are mainly consid-
ered permanent as members expect long-term benefits from them. However, they can also be created 
for specific purposes or needs (e.g., an innovative use case) and thus be rather temporary . We provide 
an overview of the three types of CoP and their characteristics in Table 3. 
Overall, these CoP foster data democratization by connecting people from diverse data expertise around 
shared domains of interest. Besides creating general awareness about data in the company, they enable 
people to develop their skills in collaboration with domain or technical experts and share data. By shar-
ing their experience, the participants enable situated practice; in other words, the members will apply 
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these newly learned practices in their own working area. In the following sections, we detail the three 
identified CoP types and illustrate them with vignettes from the cases. 
 

Community 
type 

CoP focused on developing skills around 
tools and methods 

CoP focused on a specific data 
object or data domain 

CoP spread-
ing general 
data aware-
ness 

Boundary 
interactions Boundary practices Boundary encounters Periphery 

Case  
companies 

C, D, F, I, J, 
K, L, M, N, 
O, P 

A, C, D, E, 
F, J, K D, P, T A, D, F B, D, E, I, K, 

R, T G, U  

Domain  
of interest  

Data quality 
and man-
agement  

Reporting 
and analyt-
ics 

Data model-
ling and ar-
chitecture 

Data-driven 
innovation 

Data object / 
product  

Global data 
awareness 

Members 

Data stew-
ards, data 
(govern-
ance) man-
agers, data 
owners 

BI experts, 
data ana-
lysts, data 
scientists 

Data/Enter-
prise archi-
tects, data 
modelers 

Chief Data 
Officer, pro-
cess owners, 
data architects 

Data stew-
ards, data ar-
chitects, data 
domain own-
ers 

All interested 
with a core 
group of data 
influencers 

Shared prac-
tice 

DQ tools, 
KPIs, Defi-
nition and 
standards 

Analytics 
tools and 
techniques 

Data model-
ling, Data-
base design, 
architecture 

Analytics use 
cases, innova-
tion, and crea-
tivity tech-
niques 

Data lifecy-
cle, DQ 
measurement, 
and improve-
ment 

Updates, 
feedbacks, re-
quests, facts 
and stories 

Orientation* Governance Operational Governance Strategic Operational Operational 

Community 
leadership 

Clearly  
assigned 

Negotiated 
based on ex-
pertise 

Negotiated 
based on ex-
pertise 

Negotiated 
based on ex-
pertise 

Clearly  
assigned 

Clearly  
assigned 

Geographic 
dispersion High Medium to 

High Medium  Low Medium High 

Creation 
process 

Spontane-
ous or inten-
tional 

Spontane-
ous or inten-
tional 

Spontane-
ous or inten-
tional 

Intentional Spontaneous 
or Intentional Intentional 

Life span Permanent Permanent Permanent Temporary 
Temporary/ 
permanent 

Permanent 

Degree of 
formalism Legitimized Legitimized 

Bootlegged 
to Legiti-
mized 

Bootlegged  Legitimized Institutional-
ized 

*We extend the work of Dube, Bourhis, and Jacob (2006) by integrating governance as a third orientation be-
tween operational and strategic as introduced by Fadler and Legner (2021) 

Table 3. Overview of the identified types of CoP and their characteristics 

4.1.1 Type 1: CoP focused on developing skills around tools and methods 
The first type of CoP uncovered focuses on developing specialized skills around tools and methods. 
They bring together members interested in developing specific areas of expertise in either data quality 
or data management, reporting and analytics, or data modeling and architecture. Members seek to share 
experience and grow their technical expertise by learning from their peers. These members are often 
data specialists (e.g., data architects, data managers) who exchange about relevant practices (e.g., data 
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models). In that case, groups might be self-organized, not known by others (bootlegged), and community 
leadership is then typically negotiated based on expertise or seniority. However, other data roles in busi-
ness might also exchange about specific methods on how to use data (e.g., Data quality KPIs), requiring 
the clear assignment of a community leader. Because of their nature, Type 1 CoP are rather permanent 
and seldom have a pre-defined life expectancy. They are usually legitimized (i.e., officially recognized 
as valuable entities). As their reach across the network can be quite high depending on the domain of 
interest, preferred communicated channels are e-mails, conference calls, or collaboration platforms such 
as Yammer. For topics that are relevant for data professionals in central teams (e.g., data modeling and 
architecture), members’ geographical dispersion is lower than for topics that are relevant to every busi-
ness function and location/site in a multinational enterprise.  

Vignette 1: Data Quality community at Company P  

Company P is a global leader in technologies, network, and telecommunications solutions and has more 
than 200,000 employees worldwide and in more than 170 countries. To scale up data use for the entire 
organization and foster a data-driven culture, the company has set up a Chief Data Office with about 50 
FTEs reporting to the CIO (board level). The Chief Data Office’s responsibilities include deploying the 
governance framework, rolling out procedures, and maintaining the information architecture across 
100+ business objects. Its oversight spans over 10 function areas, for instance, finance and logistics, that 
have their own data management and data quality teams. Depending on the functions, such teams might 
sometimes be bigger than the central team. Thus, data is widely democratized in functions.  
To monitor data quality across functions, a corporate data quality index across 22 data domains (built 
along functions and divisions) is measured twice a year, signed off by the CFO and CIO, and presented 
to the board members. A minimum score of 60% is currently set as the threshold for requirements com-
pletion. Thus, the assessment is performed against 1200 data objects provided with requirements and 
ownership on both the data and its metadata. To enable this global effort for better data quality, a large 
community has been established by the Chief Data Office as essential to foster cross-domain alignment 
about data quality. This community is institutionalized (i.e., officially recognized as highly valuable) 
and comprises more than 1,000 data stewards, data experts, and business analysts. The members are 
geographically dispersed all over the world but gather monthly to exchange and learn how data quality 
can be improved in source systems. They also represent their local practice in each of the data domains 
and seek to increase their domain quality index. By learning about practices in the most successful do-
mains and presenting their challenges to others, members expect to improve their own domain data 
quality. Community members meet every month, but further exchanges happen through a group chat 
and a dedicated wiki supported by a dashboard to monitor quality improvements.  

4.1.2 Type 2: CoP focused on a specific data object or data domain  
The second type of CoP uncovered focuses on specific data domains or data objects. These kinds of CoP 
gather practitioners from different expertise area contributing to a high-level domain of interest. For 
instance, several experts from different Type 1 communities might exchange with domain experts about 
a data domain (e.g., marketing or sales) or data object (e.g., product master data). Experts with specific 
skills (e.g., from Type 1 CoP) can then be seen as orthogonal to data domains by bringing their expertise 
in broader topics of interest. This leads to a “grid view” of data domains versus a panel of technical 
experts from Type 1 communities involved in various ways. While strategic alignment usually happens 
through formal mechanisms (e.g., boards and committees), we also observed temporary CoP popping 
up at the strategic level when needed. For instance, business, IT, and data stakeholders might spontane-
ously create a CoP to discuss and align on the development of a new strategic data and analytics capa-
bility in business or related to a specific data product. Their leadership is not really negotiated based on 
expertise but rather guided by team leaders or hierarchy. Overall, Type 2 CoP might be geographically 
quite dispersed to allow for sharing practices across locations, but they can also be associated with a 
specific site. 
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Vignette 2: Data Catalog community at Company K  

Company K is a leading fashion and retail company with more than 55,000 employees worldwide and 
is implemented in 160 countries. The company releases more than 80,000 articles every year. Each 
article has more than 400 data points fed by more than 2,000 data creators and generated from 73 prod-
ucts systems. For instance, each sports article reference might be referred to by further attributes (e.g., 
color, size). In early 2021, the new company strategy released highlights of its ambitious e-commerce 
goals. Currently, the business model is mainly wholesale and will progressively shift to consumer busi-
ness. The company was strongly impacted by COVID-19, leading to a surge in its e-commerce sales. 
This change of business model requires more data, enhanced data quality, and data management. In 
addition, the wholesale channel also requires further data quality as wholesale partners need it for their 
e-commerce too (e.g., accuracy of description). Eventually, from an operational perspective, the new 
strategy targets that 90% of the products should be sustainable. This leads to the collection of new data 
objects to capture the overall sustainable footprint (e.g., water and electricity used in factories).  
To enable data-driven decision-making from their huge amount of data, Company K seeks to establish 
an enterprise data culture of awareness, credibility, and trust, combined with a strong data quality im-
provement initiative. A growing central data team (120 FTEs) handles data management, data quality, 
data platform, BI, and analytics. In business, dedicated data owners manage master data (and few trans-
actional data) in data domains. A decentralized analytics team in the sales department focuses more on 
the fast-moving analytics products (e.g., product recommendation on e-commerce). The company seeks 
to foster data sharing and collaboration between the different data and analytics teams by offering a 360° 
view of data. In short, data democratization at company K means establishing a sustainable link between 
data creators and data consumers in the data mesh. These two groups then form a temporary community 
of practice around specific data products. Their exchange is organized through the data catalog (provided 
by Collibra) community and facilitated by a dedicated formal role in the central data management team: 
a Data Catalog community governor, for whom “data is not only for geeks.” More precisely, the latter 
orchestrates the onboarding of the required data onto the data catalog. In this way, the company can 
address data siloes generated by product systems and drive data quality necessary for its ambitious an-
alytics use cases (e.g., in-season product forecasting).  

4.1.3 Type 3: CoP spreading general data awareness 
The third type of CoP uncovered is special in the sense that it involves less practice exchange but aims 
to disseminate updates, best practices, stories, and training (i.e., general awareness about data). Type 3 
CoP might be temporarily created in the context of large corporate events or be legitimized as a regular 
practice exchange. They are set up to support a larger context or initiative with regard to data in the 
enterprise (e.g., data democratization). They are piloted by a core team usually located in the central 
data or analytics organization and seek to reach any employee interested in data to create a data culture 
down to the operational level. Hence, one of the challenges of these types of CoP is to sustain engage-
ment of a large (typically 100+) and geographically dispersed member base with limited accountability 
on their own data practice. As lurkers or guests, most of the participants remain in the CoP’s periphery 
and might never become full members. However, if engagement is sustained, members can integrate 
these mostly generic practices into their local practices. For instance, Type 3 communities might be 
highly relevant to foster shared language and vocabulary concerning data. As a result, the core team 
invests a lot of its time and resources, and dedicated FTEs might be assigned for continuous community 
entertainment. 

Vignette 3: Data mobilization at Company U 

Company U is a leading provider of global logistics solutions and has more than 70,000 employees 
across 2,100 locations worldwide that seek to achieve financial excellence by 2024. In the company’s 
business strategic plan, three specific goals are targeted: maximize cost and performance transparency; 
enable instant data availability; and drive digitalization across all finance operations. Harmonization of 
master data is a key initiative launched in 2021 to support this journey toward excellence. For the CFO 
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who kicked off the global data mobilization, “Master data management (MDM) is not a head office 

project. It involves all of us.” There has to be a culture of completeness and correctness (i.e., data qual-
ity), especially at the operational level, to enable the digitalization of the finance function. To support 
this vision, the global data management teams, which consist of eight FTEs and are already well-con-
nected to their regional counterparts, developed the data mobilization to engage with the whole company 
about master data management. These sessions, which take place twice a month, welcome any data 
citizen interested in learning more about master data (and particularly business partner data). The global 
team then provides awareness sessions, project updates, guests presentations, and newly available train-
ing sessions. Exchanges are fostered through quizzes and prize winners, Q&A sessions, and feedback/re-
quests collection. As the leader of the community, the global MDM team focuses on sustaining interest 
by creating excitement about the topic and not by just addressing operational matters. “You have to be 

attractive and keep them entertained,” says the Head of MDM. For instance, themes are associated with 
each session (e.g., Halloween sessions discussed horror topics, including cyber challenges). Between 
sessions, continuous engagement is organized through the company collaboration platform where the 
global team collects members’ new topics of interest that could inform upcoming sessions. In less than 
a year, attendance grew from about 100 attendees at the first session to more than 400 in October 2021, 
with 70% of participants coming from non-MDM functions.  

4.2 A landscape of practice for data democratization   
Together, and due to their members’ interaction, the identified CoP form a landscape of practice for data 
democratization. It is then composed of several CoP (see Table 3) that encounter each other with differ-
ent boundary interactions. For instance, several key roles are involved in different types of communities 
(data steward, data owner, data architect) casting the relevance of the landscape of practice for data 
democratization. We display such a landscape in Figure 1. 

  

Figure 1.  Landscape of practice for data democratization 
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Overall, our results show that the CoP landscape relies on epistemic boundaries of different “flexibility.” 
Thus, we observe practitioners crossing boundaries and becoming knowledgeable about other practices. 
We can then provide each CoP type with an interpretation of their boundary interactions (Wenger, 1998). 
Through the vignettes, we could notably extract concrete examples of boundary objects defining mem-
bership or not into the CoP. As they focus on developing skills and expertise for practices such as tools 
or methods, boundary interactions for Type 1 CoP can be considered boundary practices. In the context 
of data democratization, boundary objects are mostly practices related to artifact design and use. For 
instance, analytics tools (e.g., BI) are typical boundary objects defining the identity of the Reporting 

and analytics CoP.  Type 2 CoP interact with Type 1 communities by bringing together practitioners 
from both business and data teams around specific data objects or a data domain, thus relying on bound-

ary encounters. Here, boundary objects are rather linked to shared processes and data lifecycle. Owing 
to the specific set of activities conducted in Type 3 CoP, most of its participants are guests who do not 
exchange about their practice as much as in the other two types. Hence, the interactions of Type 3 CoP 
happen through peripheries and enable legitimate peripheral participation (Lave and Wenger, 1991), 
mainly with discourses as boundary objects. 
To complement the landscape, we differentiate between situated practices, i.e., practices fostered within 
members’ own working area, and generic practices that influence the whole community landscape 
(Pyrko, Dörfler and Eden, 2019). This distinction is of particular relevance as companies should not 
only develop employees’ data and analytics skills, but develop channels for the promotion of data value 
(Lefebvre, Legner and Fadler, 2021). We further label knowledge exchanges, which serve to generate a 
shared understanding of the problem and solutions between Type 1 and Type 2 CoP, as thinking to-

gether. This contrasts with generic practices like less intensive exchanges, which “can take the form of 

exchanging facts or stories at the various layers of CoP periphery” (Pyrko, Dörfler and Eden, 2019, p. 
489). Overall, we find that Type 3 CoP focus on deploying knowledge on how to work with data, while 
Types 1 and 2 rather support practice exchange that support stakeholders to learn from others, share 
their expertise, or find solutions to their daily work challenges.  

5 Discussions and conclusion 
We observe that communities of practice (CoP) play a critical role in democratizing data. They connect 
remote employees working with data in various reporting lines, across teams, and around a shared prac-
tice. Our results uncover three types of CoP foster data democratization interacts: Type 1: CoP focused 
on developing skills around tools and methods, Type 2: CoP focused on a specific data object or data 
domain, and Type 3: CoP spreading general data awareness. Together, they form a landscape of practice 
displaying multilevel practices where practitioners might be members of several CoP and, thus, collab-
orate with various roles in the network. We also shed light on the type of practice promoted by each 
type of CoP. Type 1 and Type 2 CoP bring data roles in business and data experts to interact across a 
range of data products or data domains. Hence, their practices are rather situated. Type 3 CoP deploy 
more general practices and aim to spread awareness to a large audience but in a less specialized manner. 
Generic practices might then resonate with diverse cultural fields in the enterprise. This was highlighted 
in Vignette 3, where a majority of community members came from a cultural field other than data. The 
main outcomes expected from such rather generic practices are the creation of a data democratization 
culture (Hyun, Kamioka, and Hosoya, 2020) and a shared vocabulary about data (Sternkopf and Mueller, 
2018). We further observed a clear core group in Type 3 CoP, hence adding nuance to existing research 
stating that “generic practices do not have a clear core group” (Pyrko, Dörfler and Eden, 2019, p. 489). 
However, based on the structuring characteristics of the three types of CoP, we acknowledge that CoP 
need to be legitimized as the network grows. Although CoP might start as spontaneous, their growth 
could lead to a need for further coordination and support from a management authority. 
Overall, our results advance the scarce body of knowledge on data democratization by building on well-
established research concepts. Observing data democratization via the concept of communities of prac-
tice provides a pragmatic understanding of these informal structures that complement more formal struc-
tures and allow people to align and collaborate. We also highlight the importance of certain key data 
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roles for data democratization (e.g., data steward, data owner, data architect) by elucidating their rele-
vance in establishing a link between governance and operational orientations. We then argue that data 
governance cannot be ignored when investigating data democratization as the former supports the defi-
nition of roles and responsibilities, and the development of formal mechanisms for collaboration and 
practice exchange. As data organizations become pervasive, they require a dynamic reshuffling of their 
informal structures to enable the growing network of data users (Peppard, 2018). In that context, CoP 
related to data management are critical to define, coordinate and roll out the standards and definitions 
required to operate data lifecycle. Furthermore, our results show that although CoP might emerge spon-
taneously, they usually end up being recognized at different levels as they progressively need to establish 
proper communications channels or dedicated platforms (e.g., Yammer). This aligns with research on 
CoP that mentioned the struggle faced by growing communities to remains self-managed (McDermott 
and O’Dell, 2001; Swan, Scarbrough and Robertson, 2002; Barrett et al., 2004).  
Moreover, we argue that CoP might emerge to democratize data around specific data use cases driven 
by a data strategy, hence be rather temporary as shown for Type 2 CoP. Also, while described as per-
manent, Type 3 CoP observed at Companies G and U, which are among the least advanced companies 
in terms of data and analytics management practices, might eventually be temporary if we consider a 
longer-term perspective and could rather be tied to the existence and duration of the associated corporate 
initiative. Overall, the interplay between data strategy, data governance and data democratization pro-
vide interesting opportunities for further research. Companies also face industry limitations or regula-
tions preventing them to provide universal access to data hence hindering value creation from it 
(Awasthi and George, 2020; Lefebvre, Legner and Fadler, 2021). Thus, they should understand their 
optimal portfolio of formal and informal mechanisms to best democratize their data. This provides ex-
citing research opportunities, using control theory for instance (Wiener et al., 2016).  
For practitioners, we provide valuable insights on which data communities could be relevant to support 
data democratization in their own company. In particular, our vignettes illustrate real-life scenarios on 
which they can rely. Firms may also use our results to understand how they can set up or organize 
communities when certain roles have been defined and assigned.  
Our study has limitations. Since we engaged only with multinational firms with large headcounts and 
global operations, our analysis cannot be generalized to smaller structures. In fact, small and medium-
sized enterprises might have more straightforward ways of exchanging, especially if they are all located 
on the same premises. Second, our data collection was done by engaging with more data management 
experts than analytics experts. However, our results do not seem to show excessive bias toward data 
management communities, especially when observed from the landscape of practice perspective. Third, 
our study is based on a snapshot of CoP in the case companies and, therefore, does not provide an 
extensive review of their evolution or lifecycle. This could provide interesting opportunities for future 
research (e.g., through a longitudinal case study). We also observed during our research that due to the 
COVID-19 context, companies have reorganized or reframed their CoP as virtual communities when 
relevant. This offers new research avenues to study these organizational changes and their impact more 
closely.  
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