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Ecosystems are typically evaluated and understood using standard visible material metrics, such as new products, 
patents, startups, VC funding, jobs, and successful exits. Yet emerging entrepreneurial ecosystems (EEEs) provide 
many possibilities for members not signaled by such visible markers. Consequently, policymakers may have a 
difficult time making informed decisions about incentives and regulations to foster economic growth through 
ecosystem emergence. To address this methods and measurement issue, we conceptualize emerging systems 
using both cultural and material approaches to develop a comparative typology and apply it to an emerging 
regional ecosystem growing around artificial intelligence (AI). We render cultural and material maps using topic 
modeling of Twitter feeds versus well-placed others, identify strategies in each, and discuss relevant policies for 
enhancing EEEs to realize various economic opportunities. This method adds to policy analytics and suggests 
policies for building cultural infrastructure in EEEs.   

Policymakers have a strong interest in entrepreneurial and innova-
tion ecosystems as a means for systemic wealth creation, economic well- 
being, and tackling grand challenges facing society (Autio et al., 2014; 
Feldman et al., 2019; Ferraro, Etzion & Gehman, 2015). But emerging 
entrepreneurial ecosystems, such as those in digital technology (Nam-
bisan et al., 2019) or around COVID-19 responses (Kuckertz et al., 
2020), are not easily examined theoretically (Spigel, 2020), nor have 
they been sufficiently studied empirically (van Rijnsoever, 2020). The 
macro entrepreneurial context is too often treated as exogenous (Stam & 
Van de Ven, 2019), even though policy can directly shape the context, 
leaving many local cultural possibilities untapped. This is exasperated in 
early nascent periods when traditional entrepreneurial metrics are even 
less informative. Consequently, policymakers have a difficult time 
making locally informed decisions to foster unique economic opportu-
nities during an ecosystem’s nascent period (Brown & Mawson, 2019; 
Isenberg, 2010; Lam & Seidel, 2020). Instead, policymakers are driven 
to inappropriately copy policies from other successful regions (Wurth, 
Stam & Spigel, 2021), which can create policies not well suited to the 
local macro entrepreneurial context. We provide a new policy analytics 
tool and approach that helps address this issue for policymakers, and 
illustrate their usefulness in an emerging AI entrepreneurial ecosystem. 

One reason emerging systems are difficult to study is that existing 

material resource and knowledge ties do not track closely with more 
radical innovations underpinning new systems, such as social enterprise 
innovations in older technological spaces (Autio et al., 2018; Thompson 
et al., 2018). Another is that in emerging ecosystems, the entrepreneurs’ 
cultural mindsets may actually precede, not follow, patterns of tangible 
resource investment (Lounsbury & Glynn, 2019; Porac, Wilson, Paton & 
Kanfer, 1995). Furthermore, these mindsets are not reducible to local 
knowledge-based processes (Autio et al., 2018) or material patterns of 
innovation, and instead may be more dependent on cultural, field 
configuring events (Zilber, 2011) or subtle new specialist arrangements 
(Croidieu & Kim, 2018). Additionally, the speed of development in 
emerging entrepreneurial ecosystems is on a different scale than in most 
established ones (Markman et al., 2005; Stam, 2017). Being virtual and 
sometimes ephemeral makes direct observation of such systems and 
stable planning for them troublesome (Thompson et al., 2018). It is no 
surprise, then, that special issues, such as this one, and recent reviews 
(Acs et al., 2017; Feldman et al., 2019; O’Connor et al., 2018; Teece 
et al., 2019), call for refining our conceptualizations and measurement 
of emerging ecosystems to build better informed policies for nurturing 
innovation and entrepreneurial opportunities. Measuring and under-
standing the inter-relatedness of the macro entrepreneurial context is 
key to enabling and enhancing ultimate entrepreneurial outcomes 
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through policy. 
In this paper we refine the conceptualizations and measures of 

emerging entrepreneurial ecosystems in a way that goes beyond the 
more stable and concrete – “material” or resource – approach by 
simultaneously using a cultural one. This stereoscopic cultural and 
material approach combines two relevant streams of theoretical work 
with a methodological one. We build theoretically on the new struc-
turalist approaches to culture (Lounsbury & Ventresca, 2002; Mohr 
et al., 2020; Mohr & Duquenne, 1997), cultural entrepreneurship 
(DiMaggio, 1997; Lounsbury & Glynn, 2019; Navis & Glynn, 2010; 
Thompson, Purdy & Ventresca, 2018), and strands of the cultural 
approach found in entrepreneurial ecosystems theory (Autio et al., 
2014; Spigel, 2015; Thomas & Ritala, 2021; Wurth et al., 2021). In order 
to provide newer measures and metrics, we apply an interpretive data 
science approach (Hannigan et al., 2019; Kennedy, 2008; Nelson, 2019), 
which “renders” theory from big data to capture dynamics and nuances 
in evolving systems. 

We highlight that emerging entrepreneurial ecosystems, like any 
nascent fields, depend not just on material resources but also on the 
evolving cultural understandings of possibilities among system members 
that contour that domain. Field-based understandings – that is, cultures - 
are reflected in field discourse (Huff, 1990; Porac et al., 1995). Discourse 
mapping using interpretive data science methods helps capture the 
emerging and evolving cultural topology of a field (Kennedy, 2008; 
Mohr & Duquenne, 1997; Thompson et al., 2018). Big textual data can 
help modellers track the evolving discourse in an emerging ecosystem 
(see Hannigan & Casasnovas, 2020; Kirsch et al., 2013; Powell & Oberg, 
2017), and give a window to emerging possibilities for policymakers. 
Such data informed early insights can help policymakers move past 
having to place material bets on particular technologies that other re-
gions have had success with, and instead identify new unique high po-
tential emerging possibilities (Seidel et al., 2020). 

Combining these streams of research allows us to pursue a funda-
mental cultural proposition - that cultural holes catalyze entrepreneurial 
possibilities in an emerging ecosystem (Baker & Nelson, 2005; Lounsbury & 
Glynn, 2019; Pachucki & Breiger, 2010), and if properly identified, can 
serve as excellent emerging policy targets. As a concept, cultural holes 
parallels that of structural holes (Burt, 2004; 2005) in social networks, 
which is used to map material possibilities. To develop our cultural holes 
proposition for entrepreneurial ecosystems, we first conceptualize the 
nature of emerging entrepreneurial ecosystems from a cultural 
perspective, relying on the aforementioned approaches in organiza-
tional sociology (e.g., Lounsbury & Glynn, 2019; Mohr et al., 2020) and 
contextual views of entrepreneurial ecosystems (e.g., Feldman et al., 
2019; Spigel, 2020). We then theoretically isolate and elaborate key 
elements of an emerging ecosystem by developing a typology that 
compares ecosystem boundaries, levels of analysis, network tie types, 
forms of representation, notions of agency, key mechanisms, and effects 
on accumulation (Wurth et al., 2021). In a theoretical move similar to 
Spigel’s (2015, 2017) and Thompson et al.’s (2018), we compare the 
cultural side of such an ecosystem with its material side. Guided by this 
twin application of the typology, we examine an emerging regional 
entrepreneurial ecosystem in Artificial Intelligence (AI). We combine 
new forms of cultural mapping with big textual data from social media 
and traditional forms of resource tie mapping to identify entrepreneurial 
possibilities and culturally informed strategies. In doing so, we uncover 
early cultural markers in emergent ecosystems for both policy analysts 
and policymakers and develop a method of cultural mapping to add to 
policy analytics and help customize policy to emergent ecosystems. 

1. Conceptualizing emerging entrepreneurial ecosystems 

Given their economic and policy importance, entrepreneurial eco-
systems have received increasing attention in the last decade (Autio 
et al., 2014; Brown et al., 2019; Feldman et al., 2019; Spigel, 2020; 
Wurth, Spigel & Stam, 2021). Related to concepts such as regional 

innovation networks (Cooke et al., 1997; Powell, White, Koput & 
Owen-Smith, 2005; Saxenian, 1990), innovation clusters (Bresnahan 
et al., 2001; Porter, 1998) and innovation ecosystems (Oh et al., 2016), 
the entrepreneurial ecosystem concept is distinct in considering, on the 
one hand, a broader set of elements in the region, and, on the other, 
focusing in on entrepreneurial action (Malecki, 2018).1 

A prominent example, one to which we subscribe, is Spigel’s view: 
“[e]ntrepreneurial ecosystems are combinations of social, political, 
economic, and cultural elements within a region that support the 
development and growth of innovative start-ups and encourage nascent 
entrepreneurs and other actors to take the risks of starting, funding, and 
otherwise assisting high-risk ventures” (Spigel, 2017, p. 50). As such, 
ecosystem policy components cannot be understood without a more 
complete comprehension of the wider context embedding the nascent 
ecosystem which helps that ecosystem arise (Autio et al., 2014). The 
actors within it, whether individuals, networks or organizations, 
conceptualize possibilities and risks in that context, shaping the result-
ing pattern of economic activity. A distinct aspect of this approach is the 
concept of support for early or “prenatal” ventures (Clough et al., 2019). 
In this and other ways, entrepreneurial ecosystems differ from “inno-
vation ecosystems” (Oh et al., 2016). 

While entrepreneurial ecosystems are clearly distinctive, many 
conceptualizations and studies of ecosystems are still tilted towards 
more established, rather than nascent or emerging ecosystems. Estab-
lished systems, like Silicon Valley, may have been heavily entrepre-
neurial in their earlier stages but are no longer as nascent and 
entrepreneurial (Audrestch, 2021; Brown et al., 2019; Feld, 2020; 
Isenberg, 2010; Lam & Seidel, 2020). In established entrepreneurial 
ecosystems, organizations and individual actors are likely to spend a 
great deal of time in standard organizational maintenance activity, not 
just building products or processes or creating new knowledge and 
innovating (Autio et al., 2018; Spigel, 2020). Established systems likely 
have most key elements and theoretical processes materially visible, and 
more easily measurable using established metrics (Heaton, Siegel & 
Teece, 2019). At this established stage the ecosystem is framed as 
helping entrepreneurial actors find established partners who will pro-
vide necessary resources (van Rijnsoever, 2020) and help the local re-
gions further grow (Stam, 2015; 2017). 

In contrast, emerging entrepreneurial ecosystems systems (EEEs) are 
not as likely to display material elements and properties to the same 
degree (Malecki, 2018). They may even lack some materially observable 
characteristics or processes, such as dedicated financing units or mar-
keting groups (Forbes & Kirsch, 2011). This means that classic material 
measures of entrepreneurial outputs such as start-up counts, IPOs, ac-
quisitions, or other exits may be less meaningful and evident in the 
emergence stage (Seidel & Greve, 2017). Instead, these emerging 
entrepreneurial ecosystems may seem more akin to knowledge systems, 
with their focus on innovation and not yet on material output (Kay et al., 
2018; Powell & Snellman, 2004). Typical ecosystem supporting infra-
structure in this mode is likely to be absent, low, or even simply a 
function of university institutional systems (Heaton et al., 2019; Powell 
& Oberg, 2017; Thomas & Ritala, 2021). This is particularly true for 
standard entrepreneurial financing, such as venture capital (Florida & 
Kenney, 1990; Hannah & Eisenhardt, 2018). Yet, policy aims to influ-
ence these emerging systems without fully understanding or observing 
them (Brown et al., 2019; Lam & Seidel, 2020; Nambisan et al., 2019). 
For this we need to add a more cultural approach, and data tools that 
enable policymakers to better identify and unleash the cultural possi-
bilities appropriately. 

1 In the debate about the difference between entrepreneurial versus innova-
tion ecosystems (see Acs, 2017; O’Connor et al., 2018; Stam, 2015), we favor 
viewing the former as being innovative in intent, process and often in outcomes. 
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1.1. A cultural approach to EEEs 

A cultural approach is particularly useful for understanding and 
measuring the configurations of these emerging entrepreneurial eco-
systems where material markers are less meaningful. Early work on 
entrepreneurial clusters discussed differences in cultures in places like 
Silicon Valley versus Boston’s Route 128 (Saxenian, 1994), in mindsets 
(Huff, 1990) or how field level understandings (DiMaggio, 1997) un-
derpin actors’ ability to see opportunities (Alvarez, Barney, McBride & 
Wuebker, 2014) and willingness to take risks (Aldrich, 1994; McMullen, 
Shepherd & Jennings, 2007). Cognitive mindsets can temper the 
competitive-cooperative dynamic, allowing industries like Scottish 
knitwear to thrive (Porac et al., 1995). Critically, these mindsets can 
develop well before any material markers of such activity surface. 

Broadly speaking – while acknowledging that any definition is likely 
to be debated - culture for us is the underlying pattern of beliefs, ideas, 
and practices in a social space (Mohr et al., 2020, p. 4). The pattern may 
be coherent or highly fragmented, but it is not shared by all people as a 
homogenous system (Martin, 1992; Mohr & Rawlings, 2018). The cul-
tural pattern may be evident at different levels of analysis, from the 
group to field to society, and expressed through or maintained by actors 
at each (Mohr et al., 2020). The pattern has been theorized and modelled 
around five different key conceptual system elements – values, stories, 
frames, categories, and toolkits (Giorgi et al., 2015). 

Common to these five elements and the patterns of culture they ex-
press is the meaning and meaning-making by the actors in the system 
(Hallett, 2003; Mohr et al., 2020). Collective meanings are produced and 
consumed by individual actors, the EEE’s groups and the ecosystem as a 
field (Bourdieu, 1993; Rawlings & Childress, 2019). This implies that 
cultural processes in and around EEEs are highly endogenous and 
agentic (Kaufman, 2004). Indeed, in entrepreneurship, compared to 
cultural sociology, culture is viewed in more actor-focused and 
actor-driven terms. As such, there has been an effort to show how 
stories, frames, and categories are actually deployed by entrepreneurs 
and related actors (Giorgi et al., 2015; Lounsbury & Glynn, 2019). 
Founders, startup teams, intermediary actors such as professionals, VCs, 
universities, and governments all deploy cultural devices to shape the 
culture of a field (Clayton et al., 2018; Jennings et al., 2013). In doing so, 
they ensconce deeper values in the field and shape collective meanings 
(Friedland, 2013), even if new meanings continue to emerge and old 
ones continue to evolve (Soublière & Gehman, 2019). 

At the same time, various actors, practices, and cultural elements 
combine to exhibit deeper patterns. Those patterns are structural ar-
rangements that shape – both constrain and provide affordances for – 
activities in the cultural system (Giddens, 1984). The patterns are 
evident if one zooms out to higher levels, such as to the level of orga-
nizational fields, or of society. At these higher levels, the patterns can be 
discerned in the interaction among key actors around culturally mean-
ingful objects in the field (Mohr et al., 2020). 

1.1.1. Cultural holes 
When zooming out, one key cultural pattern in an entrepreneurial 

ecosystem that can be seen is around cultural holes. Structural holes 
have previously been used to conceptualize material opportunity space 
for entrepreneurial activity (Burt, 2005). As an analog to structural 
holes, cultural holes are the spaces between clusters of understandings 
or practices (Pachucki & Breiger, 2010). In the words of Pachuki & 
Breiger (2010), “…[they are] the contingencies of meaning, practice, 
and discourse that enable social structure” (p. 213). The cultural spaces, 
being between such clusters, provide new possibilities for ideas, practices 
or values to emerge (Lounsbury & Glynn, 2019). Indeed, in this sense, 
key structural holes in an EEE may well just be a material subset of 
cultural holes, because such structural holes likely garner their meaning 
and worth from the cultural contingencies around existing material ties. 

Nevertheless, even more so than structural holes, cultural holes are 
likely to go initially unnoticed by field members, only gradually being 

discovered (Pachucki & Breiger, 2010; Mohr & Bogdanov, 2013; Powell 
& Snellman, 2004). Powerful field members may push their various 
understandings into parts of the system, becoming salient bulwarks in 
and around the discourse as it coalesces. Mohr and colleagues have 
traced types of idea contestation by watching how participants oper-
ating in different positions within the organizational field negotiate 
localized and regional topographies (maps) of meanings and resources 
(Mohr & Duquenne, 1997). In doing so, they generated new possibilities 
and programs for handling poverty. Goldberg (2011) and Lizardo (2014) 
have shown how “cultural omnivores” consume and connect disparate 
cultural genres, creating new underlying categories (also see Navis & 
Glynn, 2010). The cultural approach and cultural holes in particular, 
then, appear to offer important precursors to more materially observable 
entrepreneurial outcomes in EEEs, such as new venture formation. These 
elements can be conceptualized, measured and mapped as part of policy 
analytics to yield a fuller picture of the emerging possibilities. 

2. A cultural versus material ecosystem typology and 
measurements 

Per this special issue’s call, how might one use this culturally 
grounded-approach? Put slightly differently, how might one use cultural 
holes to measure and map new possibilities and potential material 
outcomes in an EEE? Entrepreneurial ecosystem researchers, as already 
noted, acknowledge the importance of culture and the wider milieu – or 
context – around entrepreneurial actors (Feldman et al., 2019; Stam, 
2017). Many see culture as one dimension –or important characteristic – 
of entrepreneurial ecosystems (Autio et al., 2014; Wurth, Stam & Spigel, 
2021). 

Among entrepreneurial ecosystems researchers, Spigel (2015, 2020) 
has probably gone furthest in this direction of trying to explicitly capture 
the cultural and the material interaction (also see Stam 2015; 2017), and 
in this way bridging economic geography views of ecosystems with 
socio-cultural ones (Powell and Oberg, 2017; Thomas & Ritala, 2021; 
Thompson et al., 2018). Spigel has proposed that ecosystems can be 
understood and studied using their material, social, and cultural attri-
butes, and that these attributes can be stacked from the material down to 
the cultural as dimensions or layers, giving each EEE its unique 
configuration. In his 2015 article, he displayed these configurations as 
side-by-side pyramids for Calgary and Waterloo (Canada) entrepre-
neurial ecosystems. 

This unique local macro configuration is the motivating policy 
challenge we are attempting to address with this paper, as policies 
informed by and designed for a different configuration are by definition 
non-optimal. To delineate the power of a cultural approach, while 
avoiding the creation of a “straw person” on the material side, we draw 
on Spigel’s ecosystem conceptualization and notion of mapping levels or 
layers. Thompson et al.’s (2018) have a similar move in their work, if 
less in measurement terms. For the purpose of this article, which is 
focused on theorizing and capturing the cultural dimension, we will 
limit ourselves to elaborating and contrasting that cultural layer with 
the material, but allude to the social along the way and in the discussion 
section. In keeping with our broader cultural approach, by “culture” we 
mean the pattern of ideas, values and practices in the emerging 
ecosystem around entrepreneurship, which is then evident in the various 
faces of culture (from toolkits to values). A key structure is the set of 
cultural holes as forms of entrepreneurial possibilities that can materi-
alize as a set of tangible or intangible resources in the system. The ma-
terial refers, in contrast, to the set of tangible yet also somewhat 
intangible resources in that system (Spigel, 2015: 6). In Spigel’s social 
layer, he has “the resources composed of or acquired through the social 
networks within a region” (p. 6), which we include here in the material 
sides the network of resource ties among actors (Burt, 2005). 

Using this dimensionalization of cultural and material layers, we 
consider theoretically grounded components that are common across 
the dimension of layers of the ecosystem (also see O’Connor et al., 2018; 
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Stam, 2017; Stam & van de Ven, 2019). Given recent work on digiti-
zation and ecosystems, such as Autio et al.’s (2018) and Nambisan 
et al.’s (2019), the typological components must also be sensitive 
enough to capture virtual and digital aspects of the system, as well as 
their emergence. As a result, our typology for each dimension has seven 
components: 1) system boundaries & membership; 2) levels for analysis; 
3) network ties & types; 4) forms of actor representations & roles; 5) the 
nature of agency; 6) mechanisms & processes; and 7) manner of accu-
mulation & outcomes. Table 1 shows the seven components (i.e., rows 
2-8) for the cultural and material dimensions as columns 2 & 3, 
respectively. We display and discuss the operationalizations of these 
dimensions in the next section on empirics. 

As can be seen for the first two components, in rows 2 & 3 of Table 1, 
the cultural side of the emerging entrepreneurial ecosystem is broad and 
only partially local, certainly less so than the material side of the system, 
even if both are local in their focus and contain many local systems 
actors. Both the cultural and the material slices or “layers” (Spigel, 2020, 
p. 10) have sublayers; as shown in rows 4-6, the tie types, roles, and 
forms of agency overlap between the cultural and material conceptual-
izations, but the actors who are central and complexity of the ties differ, 
as do their interests. Consequently, as displayed in row 7 of Table 1, the 
mechanisms and processes for bridging cultural holes formed by 
different groups (bound by shared identity) develop in different ways 
and only partially map on the structural holes material mapping. The 
latter are around competitive and cooperative processes involved in 
bridging structural holes and closing (or opening up) networks. Finally, 
as captured in row 8 of the table, the more immediate outcomes of these 
mechanisms and processes are dissimilar: the cultural being focused on 
buzz and mindshare; the material on markers such as start-ups and IPOs. 

3. Empirics 

Having theorized the cultural approach to EEEs and ways to typify 

the cultural dimension, our next step is to demonstrate the cultural di-
mension’s differences and complementarities with the material one. To 
do so, we examine the emerging Artificial Intelligence (AI) ecosystem in 
Edmonton, a large regional city in western Canada, which we argue is a 
modal case of regional ecosystem emergence. In the 2013-15 era, the 
local anchor university had several machine learning (ML) and AI or-
ganizations. These were of sufficient quality to garner some attention of 
global players in the AI/ML field, such as Google Deepmind and Google 
Brain, Apple, Microsoft and IBM (Bouslama, 2020). The ecosystem was 
also recognized outside of industry outlets by traditional media 
(Financial Post, 2017; Globe and Mail, 2017), by the provincial gov-
ernment (Globe Newsire, 2020), and in global rankings of AI “ecosys-
tems to watch” (Startup Genome, 2019). Nevertheless, many of the 
material trappings of larger established ecosystems, such as local ven-
ture capital, dedicated marketing groups, government development 
arms for AI, were lacking (Davenport, 2019). In 2015, the provincial 
government, in recognition of the system’s importance, earmarked $100 
million Can. for companies over five years, half of which found its way 
into the system (CBC News, 2019). This smaller scale, local focus, and 
efforts at self-sustaining growth paths are characteristic of regional 
emerging systems (e.g., see Malecki, 2018; Stam, 2015; 2017). 

3.1. Rendering the Ecosystem 

To form the cultural and material representations, respectively, of 
the emerging entrepreneurial ecosystem, we used the three-stage 
rendering method elaborated by Hannigan et al. (2019). The process of 
rendering refers to compiling a corpus, using mixed methods analysis on 
the corpus, and theorizing artifacts (constructs, linkages, processes) 
from those analyses – all in iterative and transparent fashion. Rendering 
is particularly effective with big textual data such as that from social 
media, which require substantial wrangling to build a corpora, 
open-ended analyses and more abductive theorization (Schmiedel et al., 

Table 1 
Cultural and material characteristics and measures of emerging entrepreneurial ecosystems.  

Characteristics Cultural Material 

Systems boundaries & 
membership 

Virtual boundaries around coherent discourse spaces, with members 
define by identities, new norms or conventions, and meaningful objects  
• Using leading edge databases (Crunchbase) on local startups, social 

media members (Twitter accounts) who discuss ecosystem group of 
the city + others. Often via public data. 

Geo-physical boundaries around emerging clusters with new, concentrated 
resource flows indicating boundaries. Membership formally defined by local 
schemes (industrial, govt., alliance ties).  
• Counting new AI starts within Edmonton city boundary, focus on 

concentrated entrepreneurial activity and funding (e.g., around key firms. 
Often via private data. 

System levels The virtual community, cliques within it, and its linkage to specific 
entrepreneurs and their startups.  
• The community constituted by the active, higher attention (#followed 

city AI orgs), specific handles and specific AI orgs in sub-communities. 

The regional ecosystem nodes and flows, and the dyads of exchange within it.  
• All the organizations tied to AI startups and indicating whether there is 

some form of exchange among each (dyad level). 

Network ties Discourse-based ties linking actors via commentary, especially about 
meaningful events.  
• Twitter discourse about startups and founders. 

Resource (money, materials, knowledge) ties; first- and second-order ones.  
• Recognized relationships and material support for startups. 

Forms of 
representation & 
roles 

Identity-based associations of diverse actors in discursive space 
(promoters, players) or network roles (bridgers, intermediaries).  
• Types of virtual actors, active/ passive accounts, assigned cultural 

roles and identities. 

Central actors, brokers, peripheral players.  
• Key local players and sources of support (corporate, not-for-profit, govt.) in 

the system. 

Agency Agency is distributed and varies by ecosystem; cultural entrepreneurs 
agentically employ toolkits.  
• Evidence of toolkit use, some sense of distribution of agency using key 

cultural activit(ies). 

Organizational interest reflected in positioning in the ecosystem; 
entrepreneurs are founders & key actors are startups.  
• Evidence that a founder or central actor is active in this way. 

Dynamics & 
mechanisms  

Building cultural understanding discursively, particularly by making 
sense of events and relationships. Cultural spaces appear for new 
meaning and practice possibilities.  
• Mapping local discursive ties, communities of understanding, and 

cultural holes between them. 

Balancing cooperation and competition using structural reconfigurations, 
esp. brokering structural holes or complementarities.  
• Mapping ties, locating complementarities & bottlenecks, then examining 

key actors and their behavior around resources. 

Manner of 
accumulation & 
outcomes 

Expansion of discursive community, intensification of “buzz” (meaning) 
in it & around potential new players & products.  
• Examining growth in Twitter handles in system and buzz about AI 

firms and innovations, along with other local social media and event 
data. 

Growth of the overall system, degree of innovation, diversity in membership, 
and number of “exit events.”  
• Same measures gathered via event participation and media data.  
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2019). We build on this approach by showing, at each of the three 
rendering stages, the cultural versus material elements of the Edmonton 
EEE. 

3.1.1. Rendering the ecosystem’s cultural and material corpora 
The cultural dimension of the ecosystem, as shown in Table 1 (col-

umn 2; row 2 & 32), is captured by examining virtual boundaries around 
coherent discourse spaces, with members defined by identities, new 
norms or conventions, and meaningful objects (Mohr et al., 2020). In 
this case, the meaningful objects are “AI” and “ML” (Nambisan et al., 
2020). The cultural boundary is still anchored to a physical boundary 
(Table 1, row 3), which is the place with which actors pursing AI/ML 
identify (Mohr & Duquenne, 1997; Thompson et al., 2018). 

The cultural approach to measuring and mapping this locally 
anchored entrepreneurial ecosystem relies on some of the same key 
actors as a material (or social) ecosystem dimension (Table 1, rows 4 & 
5) – i.e., investors, intermediaries, the government, universities, startups 
- but uses different information. The cultural corpus is based on 
discourse (communication via talk, text and visuals) used by and focused 
around AI/ML new ventures (Navis & Glynn, 2010; Thomas & Ritala, 
2021; Thompson et al., 2018). These new ventures include startups or 
formal initiatives (e.g., spin-ins or special new units) launched by 
incumbent organizations. In measurement terms, this means it would 
include key emerging entrepreneurial actors and others in and around 
the local ecosystem who communicate with or about one another 
(Table 1, column 2; row 4-6). The outcome of this interaction is the 
amount of “buzz” about new possibilities from these actors (rows 7 & 8). 

Here we build our corpora using discourse in the form of tweets 
among ecosystem actors, although we acknowledge that other forms of 
communication (emails, newspapers, private conversations, meetings) 
are also valuable sources of information. Twitter has been used in other 
studies of cultural dynamics in fields (Shi et al., 2014; Zhao et al., 2011). 
Twitter is spontaneous, real time, and mostly public (i.e., there are some 
private facing features like direct messaging, but the platform is mostly 
used for public communication). While somewhat performative in na-
ture (Thomas & Ritala, 2021), Twitter also enables entrepreneurial ac-
tors to find each other and evolving opportunities (Fischer & Reuber, 
2011; van Rijnsoever, 2020). For example, in the fall of 2020, several 
prominent Silicon Valley based venture capitalists and entrepreneurs 
openly speculated about moving to Miami. The mayor of Miami, Francis 
Suarez directly responded on Twitter to this speculation, saying “How 
can I help?” (Suarez, 2020). The New York Times recently documented 
Suarez’ efforts on Twitter suggesting that “the glass door to his office has 
his mayoral seal and his Twitter handle” (Bowles, 2021). 

Tweets in the local Edmonton AI EEE appear to operate similarly. 
Three linked tweets among important actors are displayed below in 
Fig. 1. Two of these tweets – those from well-known AltaML CEO, Cory 
Janssen, and from Innovate Edmonton lead, Cheryll Watson – raise the 
issue of AI-related applications to health in Edmonton. A third tweet 

comes from the Provincial Minister of Jobs, Economy, and Innovation, 
Doug Schweitzer, in which he attempts to start an offline conversation 
with entrepreneurs in the ecosystem regarding economic recovery 
relating to “traditional and emerging sectors”. These three tweets are 
clearly intended as public facing messaging; they connect politicians, 
system entrepreneurs, and local initiatives. Public messaging by Tweet 
enables quick sharing of information and a mindset with the central 
actors, diffusion of the understanding to others. 

In constructing our corpora and analysis of topics, we examined both 
who said something and what was said by those actors in and around the 
ecosystem (see Table 1: column 2, rows 3-4). In our case, to capture “the 
who”, we first used Crunchbase, augmented by local media mentions, to 
identify the 40 AI ecosystem new ventures, as of 2019, in the local 
ecosystem. Crunchbase has been used by other researchers studying 
ecosystems and entrepreneurial networks (Ter Wal et al., 2016). Of 
these, 29 were fully operational by the time of this study and had an 
active account on Twitter. Scraping of all followers on Twitter (via Twint 
in Python and using the official Twitter Developer API) yielded a total of 
33,200 Twitter accounts following any of the 29 AI new ventures. These 
ventures and their tweets are displayed in Appendix Table A1. 

An important rendering move to manage this corpus was then to 
select all Twitter handles that were following four or more (4+) AI start-ups 
in the system, plus the 29 AI new ventures handles that were sending out 
virtual ties. We made this decision by inspecting the maps of 2+, 4+, and 
6+ sent and/or received (all directional) links to followers to set up 
corpus selection criteria in order to identify more coherent networks and 
bundles of tweets flowing through their ties (Borgatti et al., 2018; 
Owen-Smith & Powell, 2004). This yielded 135 nodes, the most active 
sending and receiving ones being listed in Appendix Table A1. 

In the case of “the what” (Table 1, rows 6 & 7), we examined up to the 
most recent tweets (up to 200) by the 135 actors (i.e., the nodes in the 
cultural network). These nodes’ handles had tweeted, in total, 23,532 
times in the past two years about the ecosystem. We used these tweets to 
form the documents for our study’s corpus (see Appendix Table A1). To 
render this corpus, we preprocessed the documents by lemmatizing the 
texts (Schmiedel et al., 2019). We lemmatized the words in these Tweets 
using the Stanford CoreNLP toolkit (v. 3.9.2 in Manning et al., 2014; see 
Goldenstein & Poschmann, 2019 for an application in social science) to 
create tokens for analysis. Of the 218,025 words 30,341 were unique 
tokens. These lemmatized tweets with unique tokens included AI/ML 
specific references, such as: “@deepmindai neurips18 head deepmind 
recruitment stand meet edmonton team group focus fun” and “This is 
really cool. Awesome to see #AI #MachineLearning in traditional in-
dustries in #yeg and Alberta. Cool project.” They also included entre-
preneurship related Tweets, e.g., “Among the dreamers and the doers at 
@INVENTUREScan #yeg #researchinnovation #Entrepreneurship.” 
Other tweets in the corpus were about lifestyle and other municipal area 
topics. The population of all tweets in this time period about the AI 
system formed the corpora to topic model “the what” in the model 
rendering stage. 

The Material Dimension’s Corpus. The material ecosystem, as shown in 
Table 1 (column 3; rows 2 & 3), is captured by examining members in 

Fig. 1. Sample tweets involving important Edmonton AI ecosystem actors.  

2 If one counts the characteristics’ column and dimensions’ row, per the prior 
discussion of dimensionalization. 
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geo-physical boundaries around emerging clusters with new, concen-
trated resource flows indicating boundaries. The boundary for the ma-
terial map is based on government determined municipalities. The area 
includes surrounding suburbs, satellite towns, and the core city. Like 
membership in most material maps, members in the ecosystem can be 
defined by relevant tangible and intangible resource activities around 
identifiable actors in the local main city’s ecosystem (Table 1, rows 3-5). 

We encoded these members and their ties in the regional ecosystem 
via reports by well-placed others (Borgatti et al., 2018). Each 
well-placed other was requested to discuss key actors and the others in 
the system with whom they were tied (Borgatti et al., 2018; Marsden, 
2005). We then asked them to build upon these insights and draw a map 
that contained the key actors and their tangible and intangible resource 
ties (Mehra et al., 2001; Schiffer & Hauck, 2010). The respondents 
included a director of a local service organization for entrepreneurship 
in the regional ecosystem, the head of a health-based AI firm, a gov-
ernment service lead, and a prominent local investor in the ecosystem. 
Consistent with Schiffer & Hauck (2010), we then built a composite 
material map from these four maps. The composite contained all nodes 
and ties mentioned (the union of nodes), and had the most important 
(well-linked and critical resource) actors positioned more centrally. To 
systematize that map, we read the node list of bi-directional ties as an . 
xls symmetric matrix of ties among actors into UCINET (Ver. 6.7) and 
generated a map display (see Fig. 2). Most nodes, at the request of re-
spondents and coordinating author, were anonymized by coding them 
into broader categories, such as “InvestCo” and “FundCo”. A select 
number of nodes were, with permission, revealed to match up the key 
organizations from the material map with those from the cultural one. 

Somewhat centrally are TechCo 4, PostSec 1, Invest 5 [Valhalla 
Angels], Service 3 [Startup Edmonton], and Gov2. Less central are In-
cumbents 4 & 11, TechCo 3, BigTech 1, and Invest 2. In between these 
two groups are several moderately linked and clustered actors, such as 
those around AICo 8 [AltaML], Service 3 [Startup Edmonton], and 
FundOrg 2. The map itself looks moderately dense and seems to have a 
diversity of organizations (AI startups, funders, government agencies 
and service providers, university units). Importantly, the organizations 
recognized for doing AI or ML research and application themselves vary, 
from broader tech companies (such as TechCo4), to AI-specific firms (the 
respected AICo8 [AltaML]), to AI-NGO type research-oriented units 
(NGO 2 [Amii], a prominent player). On the whole, the map contains 
organizations and patterns that look similar to those found in other EEE 
maps (Autio, 2017; Heaton et al., 2019; Spigel, 2020). 

3.1.2. Rendering the ecosystem’s cultural & material (structural) holes 
Rendering topics and models – in particular, cultural and structural 

holes – from the corpora was our next major task (Hannigan et al., 
2019). In the case of the cultural holes map and analysis, this required 
three steps. The first was to parse down and organize the set of 135 
nodes of “who was linked to whom” in network terms (i.e., those in Ap-
pendix Table A1). The second was to find “the what” was being said as 
sets of topics and themes. The third was to link these parsed down and 
organized network members and topics together into a cultural holes 
map. As the first step, to capture the core group of actors shaping the 
local cultural discourse, we tried to identify the most stable 
bi-directional (two-way) ties among actors, which, in network terms 
indicates reciprocity and mutual engagement (Borgatti et al., 2018; 

Fig. 2. Composite material map of Edmonton AI ecosystem.  
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Tasselli & Kilduff, 2020). Using a rendering move similar to that for 
creating the 4+ networks in corpora stage, we examined 3+, 4+, and 5+
tweet following networks, and created bi-directional network graphs for 
each, and, upon visual inspection settled on the 4+ bi-directional as the 
most coherent and balanced network underlying the tweets in the 
“what” corpus. That 4+ map is displayed in Appendix Fig. A1, rendered 
via Gephi (Ver. 9.2) with betweenness centrality and modularity of 
Q=.58 (Wang et al., 2017). 

To then understand what was being said about entrepreneurial pos-
sibilities by this core set of cultural actors, as our second step we applied 
topic modeling analysis (Mohr & Bogdanov, 2013). Topic modeling 
using Latent Dirichlet Allocation (LDA) is becoming the standard go-to 
analysis in management of big textual data (Hannigan et al., 2019). 
However, when each document (i.e., a tweet, in our current case) has a 
small number of words, LDA is not optimal. The distribution of topics 
across the documents was too sparse, making estimation of the LDA 
parameters for a document particularly difficult. Recently, analysts have 
advocated rendering topics using bi-term (concurrence of two tokens) 
analysis, otherwise known as “BTM” (Jonsson & Stolee, 2019; Yan, Liu, 
Chen & Tong, 2013). Like LDA, it uses a Bayesian iterative approxima-
tion of the distribution of words across documents, but considers the 
whole collection of documents, not each individual one, as its starting 
point. We used the R coding of BTM (Wijffels, 2019) to generate topics 
across the corpus of tweets. To find the optimal set of topics, given a 
large or small number can be generated, consistent with LDA best 
practice, we plotted the loglikelihoods of each BTM model, in 5 topic 
steps (from 5, 10, 15, up to 70 topics), to find this downward inflection 
point in the LL. In this rich cultural space, there were 65 topics. 

We still needed to generate some sense of meaning for those topics 
and relate the topics to one another. To do so, we needed to rely on both 
machine and human interpretation. Following Hannigan et al. (2019), 
three well-placed, co-author observers in the ecosystem axial coded the 
topics using three items: 1) the top twenty most probable words per 
topic; 2) the matrix of topics weighted by cleaned tweets about the topic, 
and 3) the LDAvis tool (Sievert & Shirley, 2014) applied to the topics and 

outputs produced the BTM package3. Each observer independently 
coded topic meanings, compared and the adjusted codes and generated a 
list of first-order topics. They then examined the agreed upon meanings 
and the LDAvis of all 65 topics to come up with relative groupings and 
second-order codes for those topics. Toggling relevance scores of words 
in the LDAvis helped ferret out this meaning. The details on these 
first-order axial 65 coded topics and the four second-order conversation 
spaces are available upon request. 

As our third step, we combined “the who” 4+ bi-directional network 
and “the what” 65 topics into a novel artifact: a cultural map of discourse 
(see Fig. 3 below). We normalized the matrix of tweets by collapsing the 
distribution of topics across the 23,532 documents (the tweets) that 
were being jointly followed by the 135 handles (nodes). We then 
generated a cluster map of topics proximities based on the underlying 
network of bi-directional tweeters (see Fig. 3). The sets of 65 topics 
cluster into the four areas: AI/ML SciTech, AI to Business, AI Entrepre-
neurship, and Local Lifestyle & Community Issues. Each of these four 
areas appears to have somewhat coherent topics and active tweeting 
within them; that is, they may reveal subcultures of discourse in the 
cultural (Audretsch et al., 2021; Mohr et al., 2020). Among those four 
groups and other subgroups of clustered topics are spaces; that is cul-
tural holes where new entrepreneurial possibilities may exist (Louns-
bury & Glynn, 2019; Pachuki & Breiger, 2010). In Fig. 3, using circles in 
purple, we have identified a few of these cultural holes. We discuss the 
theoretical importance of the map and the cultural holes in the 
rendering theory section. 

The Material Dimension. Parallel to our model rendering step for 
cultural holes, we rendered structural holes with a material map of 
entrepreneurial actor ties. In keeping with Burt’s well-known work on 
structural holes (Burt, 2004; 2005), we used our material map’s sym-
metric matrix in UCINET (Ver. 6.7) to generate centrality, constraint and 

Fig. 3. The cultural map of topic clusters and holes.  

3 One of the co-authors developed software for this project to extend the BTM 
R package for the LDAvis functionality. 
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autonomy measures for actors in the map. A sample of these measures is 
displayed in Appendix Table A2. The highest centrality score in terms of 
sheer tie count (10) and betweenness (1228) is TechCo 4, followed by 
main city unit (10 and 730, respectively), and the post-secondary units 1 
& 8 (7, 9; 726, 738). The AI specific firms, such as the well-regarded 
(AICo-08, AltaML) have lower degree and moderate betweenness scores. 

Next, we generated a more focused, distillate material map of the 
resource power and centrality of key actors in the network (Burt, 2004). 
To do so, we converted the betweenness centrality of actors to be rep-
resented as node size (Borgatti et al., 2018; Wang et al., 2017). Applying 
betweenness modularity (again at Q=.58) to parse down the number of 
ties and determine main cliques, as we did with the cultural map, reveals 
seven clusters of organizations (Fig. 4). Each is indicated by a color: 
black, blue, red, orange, green, pink and grey. 

Finally, using the scores per actor regarding centrality and number of 
structural holes (Appendix Table A2), along with the all-important vi-
sual inspection of the distillate material map in Fig. 4, we identified 
spaces that represented large or important structural holes. The most 
important structural holes are those spaces between the dense cliques 
and are signalled by the constraint scores (reversed by 1-constraint), per 
Burt (2004, 2005). We display three large structural holes in the figure, 

with a smaller one for contrast. A large structural hole appears between 
TechCo 4 (a tech med startup) and PostSec 8 (a university mentoring 
unit linking alumni to students). Currently, that hole is primarily 
bridged by PostSec 1. However, PostSec 1 is not a funder or a specialist 
group per se, whereas PostSec 8 is a specialist group, suggesting op-
portunities exist for less constrained actors who have relevant funding or 
knowledge skills to enter this space and potentially to become “brokers” 
between actors in different cliques (Burt, 2005). One of these potential 
brokers is an external very large tech firm, BigTech 3, (effsz=4.6, cnstr 
=.30), another is a bank, Incumbent 7 (ATB Financial’s new AI venture), 
(effsz=3.0, cnstr=.33). Yet whether these spaces will be noticed and 
bridged, as we have argued above, depends on how the cultural map and 
its holes (possibilities) align with the material map and its holes. 

3.1.3. Rendering relevant entrepreneurship and policy theory 
In the corpus and model rendering steps we crafted EEE maps of 

cultural and structural holes. Based on these, we were then able to 
interrogate the maps theoretically to generate insights and additional 
theoretical artifacts (Hannigan et al., 2019). In Fig. 3’s cultural map, as 
mentioned above, we see four conversation areas - AI/digital, tech 
entrepreneurship, local/lifestyle, and traditional industry. Theoretically 

Fig. 4. Material map of weighted nodes, group tie types, and a few structural holes.  
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they seem to represent different cultural conversation clusters, and 
perhaps indicate cultural subgroups or subculture in the AI industry 
(Audretsch et al, 2019; Mohr et al., 2020). Based on the direction of the 
tweets and the nature of the tweets, four areas appear to pull in different 
directions. On the one hand, this means that within subcultures topics 
are pulling in a similar direction; e.g., the core conversation of AI/ML 
research groups and applied engineering firms in the AI Digital space 
appear to have some discourse and likelihood of filling nearby cultural 
holes. On the other hand, this outward pull of the four groups leaves a 
sparser center in the map– some form of low gravity well in the EEE. One 
might argue that this cultural hole is significant enough to represent 
some institutional or logics void (Thornton, Ocaio & Lounsbury, 2012). 
There is insufficient dialogue among the poles to fill this space with joint 
understanding (Lounsbury & Glynn, 2019). There may even be some 
degree of polarization. This may imply that these larger cultural holes 
and places of polarity are early traces of market failures (Heaton et al., 
2019), which policymakers should evaluate and potentially redress with 
pre-emptive action. 

A second theory-inducing observation about the cultural map is 
around the arc of topics or conversations in the map. There is a promi-
nent arc (in green) on the map’s left-hand side representing engineering 
AI/ML clustered conversations. That cluster is only loosely touching on 
the large nebula of conversation about technology entrepreneurship at 
the map’s top, many tweets of which are generated by service providers. 
A great deal of policy work in EEEs is around connecting technology 
applications and knowledge to entrepreneurial opportunities and ser-
vice provision (Heaton Siegel & Teece, 2019; Nambisan, Thomas & 
Wright, 2018; Stam, 2017). The cultural map clearly captures these two 

important clusters and their evolving relationship in the two-year 
snapshot. It suggests that more work needs to be done to connect 
these two important sets of discourse – another potential policy target. 

Turning to theory that might emerge from the material map in Fig. 4, 
interestingly, the three large structural holes displayed show evidence of 
big voids in the map between several cliques, at least at that map’s level 
of granularity. But there is no evidence of one major or central void that 
defines a central axis of potential polarization. Observations of the 
material map, therefore, might lead policymakers to construct generic 
connecting policies, like joint conferencing or funding pools, without 
recognizing the polarities across the subcultures and misaligned 
resource cliques might lead to failures. Policymakers might also focus on 
particular structural holes and fund resource players based on their 
proximities, but without understanding the cultural tensions among 
proximate actors. As a result, event equal funding might be viewed as 
unequal because some critical segment of actors view their virtual po-
sition as being more important (Audretsch, 2021). 

Looking at the specific actors in the material map, we also see that 
the most central players are not necessarily the tech firms, but univer-
sities and service providers, a point that researchers have made (Heaton 
et al., 2019; Grimaldi et al., 2020). These actors provide human capital 
and maintain many social ties with tech firms, but the university and 
service firms do not often have enough fungible resources to help linked 
cliques in more substantial ways. On that point, in the material map we 
see some very long linked areas, such as to the lower left and right. 
Granted, this is partly a function of arbitrary map rotation, but the 
network indicates that there are disconnected AI/ML players in resource 
terms, yet these same actors appear in Fig. 3 to be more connected in 

Fig. 5. Discursive signatures.  
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Fig. 6. Two examples of current regional ecosystem maps.  
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discursive (cultural conversation) ones. This suggests policymakers 
should consider how these different actors might be linked to new re-
sources via conversations. 

3.1.4. Discursive strategies 
To capture how firms in the cultural map might actually not just 

locate and signal possibilities – but exploit them by bridging – we 
generated a new theoretical artifact: spectrograms of discursive strategy 
bridging. To do so, we arranged the topics that actors tapped via tweets 
according to the major conversation clusters (color grouping) in Fig. 3 
and recorded the frequency of that topic tweeting by the actor. Fig. 5 
shows the sets of topics on the x-axis of the spectrograms from Fig. 3’s 
the upper left-hand conversation spaces (AI digital & tech entrepre-
neurship) down to those in the lower right-hand (traditional industry & 
lifestyle). Each spectrogram represents a linear order of topics that we 
rendered in order to focus attention on clusters of topics and cultural 
holes. The clusters are highlighted with colors to help distinguish holes 
between them. In Fig. 5, we focused on displaying actors who seemed to 
be in positions to exploit cultural holes and tried to identify the key 
patterns of how they did so. 

Some actors’ discursive strategies have a singular (narrow) tweeting 
focus. The top left in this figure shows ATB Financial (a provincial bank) 
with topic weights predominantly in Local Lifestyle & Community 
Conversations. Another example of this strategy is situated on the top 
left-hand side of Fig. 5. One organization – Valhalla Angels – has a 
predominate focus on the left-side of the spectrum, representing AI 
digital and tech entrepreneurship. The narrowness of the foci for the 
actors is also manifest in the lack of topic clusters that they seem to 

bridge. Valhalla, while able to bridge between tech entrepreneurship 
topics and ML/AI science ones via Topic 4, does not actually have much 
discourse (frequency of tweeting) in that linking space. So, in cultural, 
mapping and strategic terms, we can label this localized form of cultural 
conversation as a “narrow discursive strategy.” 

Other actors seem to pursue discursive strategies that are more 
clearly about bridging cultural holes. One signature is specifically about 
cases where organizations are explicitly attempting to fill cultural holes 
that are immediately adjacent to them. AltaML and Amii –unlike 
Valhalla – clearly both tweet in the bridging Topic 4 space, as shown by 
the frequency of tweets in that spot and the vertical rectangle used to 
highlight the link placed on the x-axis of the spectrogram. We labeled 
such signature types as a “near bridging discursive strategy.” In contrast, 
some firms tweet into a very different space from their own, trying to 
draw together two (or more) disparate discourses clusters. Two notable 
examples are Testfire Labs and Granify. Via topic 11 (UX-Design Teams) 
in Fig. 3, each has the opportunity to bridge between the AI to Business 
clusters of topics in green and the Local/Lifestyle topics in orange. We 
labelled this a “distant bridging discursive strategy”. 

This distinction of near and distant bridging cultural holes reflects an 
important property of possibility space – that cultural structures 
constituted by discourse are more or less distant from one another 
(Goldberg, 2011; Mohr et al., 2020). In related strategy research, for 
some years, related diversification (Markides & Williamson, 1994) and 
proximate spatial dispersion (Kim et al., 2015) have been lauded. In 
knowledge-based approaches to firms, drawing on notions of evolu-
tionary biology, Felin et al. (2014) have developed the concept of the 
“adjacent possible” as a way of understanding the emergence of 

Fig. 7. A two-layer, cultural-material map of Edmonton’s emerging AI entrepreneurial ecosystem.  
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economic opportunities in proximity terms. Proximity in this cultural 
map and bridging strategies may make it more likely that bridging 
strategies will be effective in the cultural map. 

3.1.5. Discursive strategy’s material outcomes? 
A critical question, of course, is whether these three generic cultural 

(discursive) strategies will have systematic material effects? While this 
question is beyond the scope of an article devoted to conceptualizing 
and developing metrics for a novel mapping measure, we must discuss 
ways for systematic research with the construct to address the issue. If 
we re-examine the centrality-based material-clique map in Fig. 4, we see 
in blue-grey transparent bubbles with their actual names in the material 
map the six firms whose discursive strategies we just theorized about 
with regard to Fig. 5. Of the organizations actively using discursive 
strategies, at the end of our data collection in 2019, two were well- 
positioned in the material map around various structural holes: Amii 
(36 holes, low constraint), and AltaML (26 holes, low constraint). Two 
were moderately well-positioned: Valhalla Angels (10 holes, low 
constraint), ATB Financial (6 holes, low constraint). And two were not 
well-positioned materially on the material map: Testfire Labs and 
Granify.. 

As a follow up on this pattern, in early 2020, before covid, we found 
that AltaML and Amii were still doing well. Since covid, AltaML has been 
even more ascendant (Globe Newswire, 2020) and Amii has been 
granted additional funding from the provincial government (Joannou, 
2020). In contrast, ATB Financial retreated some from the AI space, and 
Valhalla seems to have shifted efforts to British Columbia. Granify has 
survived, but repositioned culturally and materially, and Testfire is no 
longer actively tweeting. There appears, then, to be a simple correlation 
between firms employing near bridging discursive strategies and pres-
ence around structural holes (Amii and AltaML). In contrast, a distant 
bridging strategy either is associated with low material presence, or not 
even remaining on our material map. More detailed study, of course, 
would need to be done to systematically link these cultural discursive 
strategies to exploitation of these structural and cultural holes. 

4. Policy implications & research contributions 

Our cultural approach to EEEs has shown value in considering it as a 
distinct dimension in emerging ecosystems. We see this as one way to 
conceptualize and measure the characteristics of the cultural dimension, 
and as a novel mapping technique for identifying cultural holes and 
discursive bridging strategies. In the remainder of this article, we 
consider the implications of our measurement and mapping approach 
for policy analytics and for policymakers. 

4.1. Implications for policy analytics 

Policy analytics, as an area of data analytics, is becoming more 
prominent in both research and practice (De Marchi et al., 2016; Nam-
bisan et al., 2019). Governments have always created and relied on data 
for decision making; but the volume and velocity of data – big data – 
combined with the human-machine algorithms from computer science 
have created an array of new tools for policy analysts to apply and 
policymakers to deploy (Pencheva et al., 2020). Here we have focused 
on cultural mapping as one such tool. In the current approaches to 
emergent entrepreneurial ecosystems, it is common to see mapping done 
of ecosystem actors as a means of categorizing and organizing different 
spaces. Fig. 6 displays two recent maps of regional ecosystems in Can-
ada, one of the AI entrepreneurial ecosystem in the Waterloo area, a 
respected hub of high tech (e.g., Spigel & Vinodrai, 2020; Bramwell & 
Wolfe, 2008), and the other for the wider innovation ecosystem (not just 
the AI entrepreneurial one) in Edmonton, Alberta the region examined 
here. 

Policy analysts generated each map based on their relevant local 
knowledge; i.e., in theoretical terms, they acted as well-placed others in 

local context (Autio et al., 2014). The analysts’ maps were designed to 
capture the main actors and relationship in the ecosystems. The maps 
foreground material (resource) ties and considerations, backgrounding 
cultural understanding of these relationships. Looking at the AI 
ecosystem map of Waterloo, we see topic clusters, such as “Machine 
Learning” and “Data Science and Analytics.” We also see key research 
labs boxed below the brain-shaped map. These clusters, their labels, and 
their proximities are arranged based on the contextualized under-
standing of the system, partly based on iterative discussions with local 
others about the best arrangements to depict the system. Similar to the 
Waterloo map, the Edmonton innovation ecosystem map is quite clear 
and captures key hubs of activity, with some agreed-upon labels. It goes 
a step further and displays the links within and across hubs, suggesting 
innovation opportunity spaces, the main one being in the center of the 
map. 

Both maps displayed in Fig. 6 have a winning expressiveness and are 
good talking points; but they would be difficult to use them systemati-
cally as policy analytic tools. The proximities may or may not mean 
much; it is difficult to know ex ante whether being close to one cluster or 
another in the Waterloo map matters, or whether being remotely con-
nected to actors in the Edmonton map is a problem. In addition, the new 
opportunity spaces (possibilities) are not obviously identified in either 
map. Hence, better and worse possibilities are difficult to locate in each 
figure. For policymakers, these drawbacks have implications on where 
and how to distribute funds – and to whom specifically. In the AI 
ecosystem map, the hubs below the map seem critical, but policymakers 
lack map metrics to prioritize them and to spread funds to nearby 
organizations. 

In contrast, we have argued that a good policy analytic tool would be 
to rely on Fig.s 3 and 4 in some combination. One possibility, similar to 
work in ecosystems by Spigel (2015) and Stam (2015), Wurth et al. 
(2021) is to layer the maps (also see Mohr et al., 2020). The key firms 
and possibilities discussed in each map layer can be linked across levels 
via “pipes.” These are forms of vertical or modal network ties (Padgett & 
Ansell, 1993; Tasselli & Kilduff, 2020). For illustrative purposes, we 
have displayed just three firms already discussed above: Testfire, ATB AI 
Financial, and AltaML. By observing the overall congruence of clusters 
and cliques across the two maps, and then carefully examining the 
positioning and discursive strategies of specific firms (or of similar 
types), policy analysts should be able to isolate better and worse spaces 
for attention and funding, and actors who might be encouraged (steered) 
towards or away from these areas. For example, AltaML has a discursive 
bridging position between the AI Digital and Tech Entrepreneurship 
spaces and in the material map, high centrality and a position besides 
several structural holes. It would appear to be an actor worth some 
culturally and materially informed policy attention, as would the joint 
spaces beside it in the two-layers. In contrast, in spite of Testfire’s 
location in the Tech Entrepreneurship cluster and high tweeting pro-
pensity, its far bridging strategy and incongruent material map location 
at the far edge of a distant clique may make its layered locations less 
auspicious.4 

4.1.1. Policies to enable mapping analytics 
In order to use such multilayered possibility maps, policy would be 

required for accessing, assembling and analyzing big cultural data along 
with more standard resource map data. As a precursor to such policies, it 
is important for policy analysts and policymakers first to embrace some 
of this cultural approach and combine it with the material or resource- 
focused one. That stereoscopic view of EEEs would not only allow for 
a deeper understanding of the ecosystems and their co-evolutionary 
dynamics (Johnson et al., 2019; Thompson et al., 2018), but also lead 
policymakers to prioritize collecting such data. As we have seen, cultural 

4 Of course, additional on site, contemporary due diligence would be needed 
to confirm these policy analytic points. 
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markers are carried in social conversations, such as those found in 
Twitter and other social media data (Obschonka et al., 2020). These 
tweets and are, in Nambisan et al.’s words (2019), “digital affordances” 
– virtual world enablers of various system facets. Some social media data 
are in the public domain or for purchase, but with the marketization of 
such data, it is not clear that will be true for long. Over the course of 
writing this paper, we shifted from collecting data manually using Py-
thon tools to working directly with Twitter through their academic 
developer program. The ease by which data was collected dramatically 
shifted as a result. 

Looking forward, it is conceivable that the company will continue to 
find ways to make this data more accessible for policy audiences. 
However, provisions for collecting and accessing the data as part of the 
package of tech company regulations would be useful if the public and 
policymakers are to benefit from these data as much as private business 
has to this point. Policy analysts need help from funders and policy-
makers to secure some of the corpora in order to use them for the 
business ecosystem and public’s behalf. Other open data efforts target-
ing such corpora will help as well (Perkmann & Schildt, 2015). Policy 
enabling local forms of federated learning (Bonawitz et al., 2019) may 
even enable such cultural mapping of more private communications 
within an ecosystem while preserving individual privacy. 

The ability to use such data in analyses and in policy formation is 
equally important to getting access to and assembling those data in 
corpora. In particular, the ability to generate and work with the various 
measures and metrics captured in Table 1 is important. Here, we 
employed a contemporary suite of computational social science tools (e. 
g., see Edelmann et al., 2020; Goldenstein & Poschmann, 2019), but 
took strides to recognize the localized knowledge of the author team in 
determining reasonable methodological decisions such as transparency 
and replicability (Nelson, 2019). To effectively render an EEE using our 
toolkit and approach requires, then, both well-placed quasi-ethno-
graphic abilities and computational tools on the part of policy analysts. 
Training in these tools to capture the stereoscopic nature of EEEs seems 
to be important in the world of emerging policy analytics. 

4.2. Implications for EEE policy 

Policymakers guide regional and global economic opportunities. In 
recent years, there have been critiques of entrepreneurial ecosystem 
policy, highlighting conceptual and measurement issues (Autio, 2017; 
Spigel, 2020) as well as applicability challenges (Brown et al., 2017; 
Isenberg, 2010). Past policy analysis and thought about ecosystems 
appears to have been built upon some flawed assumptions. In the area of 
EEE policy, there are well-known success models: the Rainforest Model 
(Hwang & Horowitt, 2012) and similar depictions of the Silicon Valley 
(Isenberg, 2010). But not every region can be – or wants to be – a Silicon 
Valley (Audretsch, 2021; Feld, 2020; Isenberg, 2010). The bias towards 
this success model has been intensified by only measuring the material 
markers of success established in systems such as Silicon Valley with its 
hypergrowth exit mindset (Brown & Mawson, 2019; Lam & Seidel, 
2020). 

Policymakers can address this past oversight and unlock numerous 
previously untapped possibilities hidden in previously unobserved cul-
tural holes. Ecosystems can flourish in unique ways with differing sets of 
cultural assumptions, such as those found in northern Italy (Tracey et al., 
2018), Singapore (The Economist, 2014), the UK (Brown et al., 2017) or 
Finland (Autio, 2017). These locales have each benefitted from different 
local cultural infrastructures where some unique cultural cliques and 

conversations, key events and rollouts, and pre-venture mishmashes can 
thrive (Beltagui et al., 2020; Tracey et al., 2018). Without that, policy 
efforts to encourage that local cultural infrastructure, the material side 
of the ecosystem will rapidly become inflexible and ossify – or perhaps 
never emerge in the first place. 

But before creating policies to foster cultural infrastructure and co- 
evolutionary paths, we think policymakers and government should ask 
whether they should be directly, rather than indirectly, involved in 
fostering emergent entrepreneurial processes. Today most of the policy 
world accepts that some involvement is important (Heaton et al., 2019; 
O’Connor et al., 2018). This particularly holds where collective action 
failures hinder early stage ecosystem activities that can serve the public 
good in the long term but are unlikely to generate short term profits and 
are thus generally not properly addressed by the private sector without 
policy support (Seidel et al., 2020). But we believe that setting up the 
cultural and material infrastructure less directly is potentially more 
beneficial. 

Universities are just one example, and are part of a broader set of 
cultural and institutional possibilities that could be coordinated to help 
address the collective action failures in the more traditionally market 
reliant sectors (Heaton et al., 2019). In addition, efforts to coordinate 
across university and business sectors, such as via formal partnerships, 
like the HIBAR Research Alliance, can help catalyze policy solutions and 
cultural changes to solve such collective action failures in innovation 
ecosystems. They do so by more tightly culturally integrating univer-
sities with broader innovation ecosystems (Whitehead et al., 2020). 
Funding agencies are another critical component for EEEs. For example, 
an NSF Assistant Director recently outlined a shift demonstrating the 
importance of an “honest assessment of possible and likely outcomes 
rather than on the probability of specific outcomes.” (Social Science 
Space, 2021). This shift away from specific outcome bets is well-aligned 
with our cultural possibilities approach. Successful ecosystem policy 
intervention requires building a strong cultural fabric across sectors 
instead of simply focusing on material entrepreneur support. 

These points imply that EEEs should not be “over-engineered” and 
that “reform” of bureaucratic approaches to them is needed (Isenberg, 
2010: p. 9). The historical context of the regional EEE becomes crucial 
here, as Isenberg himself notes. Some systems in some countries have a 
history of more direct involvement of local or non-local government. 
Such is the case of our focal emerging AI ecosystem, and the same for 
some in Europe (Stam, 2017) and China (Armanios et al., 2017). Un-
fortunately, in the recent past, this has also led government, under 
public pressure to justify EEE infrastructure funding and political sup-
port, to try to pick winners (Autio et al., 2014; Bresnahan et al., 2001; 
Isenberg, 2010; Reif, 2020). Today policymakers continue to do so, as 
evidenced by one example of how the emerging Endless Frontier Act in 
the United States. That acts makes major policy bets on future tech-
nologies instead of focusing on the possibilities of addressing longer 
term societal problems (Prahbakar, 2020; Seidel et al., 2020). But 
conceiving the government as successfully strategically guiding inno-
vation ecosystems is outdated (Flagg & Harris, 2020). Understanding 
cultural holes can help policymakers more broadly identify the core 
problems and possibilities ecosystems can likely address, as opposed to 
placing large bets based on guesses of future technological winners 
informed by metrics and trends originating in other ecosystems. 

4.3. Limitations and next steps 

In this article we have contributed to research on policy regarding 
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EEEs by reconceptualizing entrepreneurial ecosystems (Shipilov & 
Gawar, 2019; Wurth, Stam & Siegel, 2021), using a cultural approach 
(Audretsch et la., 2020; Lounsbury & Glynn, 2019; Powell & Oberg, 
2017), one based on interpretive data science and big data (Hannigan 
et al., 2019; Mohr et al., 2020; Schmiedel et al., 2019). We have done so 
developing cultural-based theory around EEEs, with a dimensionaliza-
tion of the cultural layer, and a methodology for comparing and con-
trasting the cultural map to a material one in a sample emerging AI. This, 
in turn, has allowed us to offer suggestions for policy analytics and for 
policymakers who wish to use this cultural approach and mapping tool 
methodology. 

Being a measurement article, our study has some obvious research 
limitations, the first of which is the restrained ability to fully demon-
strate the impact of the measurement system’s usefulness for capturing 
long term system evolution. In this respect, we follow recent directions 
in entrepreneurship research (Obschonka & Audretsch, 2020; Louns-
bury & Glynn, 2019) that propose applying big data tools to enhance the 
articulation of entrepreneurial possibilities, particularly at early stages 
of an ecosystem. Instead of arguing for the technology alone, we 
explicitly emphasized how this new approach paired with a cultural 
perspective can be a valuable form of mapping EEEs. This moves beyond 
other big data studies that continue to carry forward the attribute-based 
framing to social media, such as Obschonka et al. (2020) that found 
correlations between tweets and psychological traits of a region. Our 
approach is a first step in pushing for cultural and material dimensions 
as intertwined and co-evolving in a particular configuration. But this is 
based on capturing a snapshot in time. We envision capturing more 
panels of the cultural and materials dimension’s evolution over time in a 
subsequent study to track some of these effects, and elaborate on the 
co-evolution of the dimensions. 

A second noticeable drawback is capturing the full dynamism of 
cultural discourse and artifacts in the cultural layer. We acknowledge 
that other important cultural activities take place in an emerging 
entrepreneurial ecosystem, such as field configuring events, like con-
ferences, or regularly organized meetups. Related work in management 
has demonstrated how key events generate cultural discourse (Hannigan 
& Casasnovas, 2020; Seidel, 2018; Hardy & Maguire, 2010; Zilber, 
2011), and we have reason to believe the same is true in entrepreneurial 
ecosystems. The key criteria are whether sufficient sets of relevant actors 
are involved with (and paying attention to) the discourse, and whether it 
can be effectively captured. This points to our perspective as ultimately 
being relational. In planning this article, we conducted initial explor-
atory field work and determined that the Edmonton ecosystem was 
actively using Twitter. But this discourse was also in part fueled by 
conferences such as the SingularityU Canada Summit and other local 
events being organized on the meetup.com platform. Further work could 
study these events in more detail, considering the discourse produced, as 
well as the network of actors attending. 

A third drawback is that our methodology, while state-of-the-art, still 
needed to be adapted to the short, burstiness of tweets, and the topics 
that were rendering were thus only approximated and only if the system 
itself for that two-year period was adequately stable. Our central argu-
ment was based on the premise that tweets over a two-year period 
carried patterns and regularities of meaning. This was the basis of 
rendering meaning structures that form cultural holes. While we 
examined varieties of topic model numbers and cut-offs as forms of 
sensitivity analyses in our two-year panel, further work might disen-
tangle whether an adequate corpus is based on a minimum threshold of 
time, or is more a function of key events that generate discourse in that 
space. Our review of recent computer science work on the subject (i.e., 
Jonsson & Stolee, 2019) pointed to BTM as the leading approach for 

modeling short texts. Newer methods are continuing to be developed for 
the purpose of topic modeling twitter data with more structural as-
sumptions. For example, stLDA-C (Tierney, Bail & Volfovsky, 2021) is an 
emerging approach that shifts from modeling topics in individual tweets 
to mapping distributions of topics for users. Our modeling of discursive 
strategy signatures (spectrograms) is a contribution to that literature 
and suggests that a similar set of patterns within the time periods by user 
sets may be a way to capture stable discourse. Clearly, this is an area for 
future research. 

5. Conclusion 

These limitations not withstanding, we hope that our work will still 
encourage EEE researchers to embrace less literal or concrete readings of 
ecosystems and their processes, in favor of a more cognitive and 
societally-grounded one anchored on cultural analysis (Audretsch et al., 
2020; Lounsbury & Glynn, 2019) that reflects a systematic and tech-
nological bent (Mohr et al., 2020; Powell & Oberg, 2017). Introducing 
this new tool will enable policy analysts to provide policymakers with a 
more comprehensive data informed understanding of their local possi-
bilities. This reframing enables new insights on earlier stages of system 
emergence that are difficult to consider when only considering material 
markers. Local thought leaders (O’Conner et al., 2018) and intermediary 
organizations (Clayton et al., 2018; Heaton et al., 2019) become 
important in part because of the visions and local buzz they create and 
promote in the cultural map (Nambisan et al., 2019). In addition, as 
demonstrated above, discursive strategies are a key component in their 
entrepreneurial toolkit (Lounsbury & Glynn, 2019; Swidler, 1986). 
These strategies help bridge these possibilities in the form of cultural 
holes (Pachucki & Breiger, 2010). Bridging, in turn, attracts attention 
and resources - personnel, funding, complementary technology, and 
other startups, helping turn “lead into gold” (Clough et al., 2019). 
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Appendix  

Table A2 
Selected set of structural hole measures for edmonton AI ecosystem organizationsa   

Degree EffSize Efficiency Constraint Hierarchy EgoBet Ln(Constraint) Indirects Density AvgDeg Numholes 

AICo01 1 1 1 0 1 0 0 0 0 0 0 
AICo02 2 2 1 0.5 0 2 -0.693 0 0 0 2 
AICo03 2 2 1 0.5 0 2 -0.693 0 0 0 2 
AICo04 1 1 1 0 1 0 0 0 0 0 0 
AICo05 2 2 1 0.5 0 2 -0.693 0 0 0 2 
AICo06 1 1 1 0 1 0 0 0 0 0 0 
AICo07 2 2 1 0.5 0 2 -0.693 0 0 0 2 
AICo08 6 5.333 0.889 0.306 0.032 26 -1.186 0.333 0.133 0.667 26 
AICo09 1 1 1 0 1 0 0 0 0 0 0 
BigTech01 2 2 1 0.5 0 2 -0.693 0 0 0 2 
BigTech02 1 1 1 0 1 0 0 0 0 0 0 
BigTech03 5 4.6 0.92 0.3 0.05 18 -1.204 0.2 0.1 0.4 18 
BigTech04 4 4 1 0.25 0 12 -1.386 0 0 0 12 
BigTech05 1 1 1 0 1 0 0 0 0 0 0 
BigTech06 2 1 0.5 1.125 0 0 0.118 0.5 1 1 0 
BigTech07 1 1 1 0 1 0 0 0 0 0 0 
Comm01 6 5.667 0.944 0.236 0.045 28 -1.443 0.167 0.067 0.333 28 
Comm02 6 3.667 0.611 0.487 0.063 9.667 -0.719 0.661 0.467 2.333 16 
Comm03 3 2.333 0.778 0.611 0.052 4 -0.492 0.333 0.333 0.667 4 
Comm04 8 6.5 0.813 0.31 0.052 41 -1.172 0.531 0.214 1.5 44 
Comm05 5 5 1 0.2 0 20 -1.609 0 0 0 20 
Comm06 2 1 0.5 1.125 0 0 0.118 0.5 1 1 0 
Comm07 2 2 1 0.5 0 2 -0.693 0 0 0 2 
Exit01 4 4 1 0.25 0 12 -1.386 0 0 0 12 
Exit02 1 1 1 0 1 0 0 0 0 0 0 
Exit03 2 1 0.5 1.125 0 0 0.118 0.5 1 1 0 
Exit04 1 1 1 0 1 0 0 0 0 0 0 

(continued on next page) 

Table A1 
Most active and mentioned tweeters  

Alphabetical sorting Most Active Tweeters (sent out) Most Mentioned (received in) 
New ventures anchor list New venturesa Followers of new venturesb New ventures # Mentions Followers of new ventures # Mentions 

altaml_com ATBFinancial allantaylor altaml_com 131 amiithinks 320 
ATBFinancial altaml_com buzzilinear testfirelabs 117 startupedmonton 307 
bixscdn bixscdn cixcommunity ATBFinancial 75 innovateyeg 257 
BizPlanWorld gabbi_ai yegtweetup Medo_ai 58 tecedmonton 171 
boardeeapp honest_door yrrabyrrab granify 40 valhallacap 159 
BuddyTracker_io testfirelabs startupcalgary SAM_Desk 34 nform 143 
capstoneitdev whitespark startupedmonton profilze 30 yeghealthcity 139 
dhanalytics StreamTechInc take_roots honest_door 28 taprootyeg 135 
gabbi_ai trustscience donaterecycleit dhanalytics 25 flyeia 112 
granify BizPlanWorld innovateyeg StreamTechInc 23 futurecite 105 
honest_door granify themetaspaceyyc boardeeapp 23 dbayeg 98 
howtocreateart SAM_Desk govkid mobiledatatech 17 inventurescan 86 
innovills_tech mymatchwork bitcoinbrains bixscdn 17 cheryllyeg 82 
Medo_ai boardeeapp dbayeg trustscience 12 edmontonglobal 81 
mobiledatatech Medo_ai crowncathy webdataguru 12 scaleupyeg 81 
mpowered_tech sportingcharts chrislabossiere touchmetric 11 worknicer 79 
mymatchwork innovills_tech yeghealthcity BizPlanWorld 11 valhallaangels 74 
PitchSixty dhanalytics futurecite ZanInitiative 6 rainforestyeg 74 
profilze WyvernSpace worknicer sportingcharts 6 cixcommunity 64 
SAM_Desk mobiledatatech abudnick mymatchwork 5 gethendrix 63 
sportingcharts ZanInitiative sellarcast gabbi_ai 5 fscammells 60 
StreamTechInc PitchSixty flyeia whitespark 4 justinc_ai 57 
testfirelabs webdataguru clairemacyeg WyvernSpace 2 albertaventure 44 
touchmetric capstoneitdev naitmawjicentre innovills_tech 2 startupcalgary 43 
trustscience profilze clintonsenkow PitchSixty 2 reg_joseph 37 
webdataguru touchmetric amiithinks howtocreateart 1 alondrac_ai 36 
whitespark BuddyTracker_io planedmonton capstoneitdev 0 williamsengca 35 
WyvernSpace howtocreateart katesversion BuddyTracker_io 0 ashifmawji 35 
ZanInitiative mpowered_tech visibilitypower mpowered_tech 0 naitmawjicentre 32  

a From most to least active 
b From most to least 
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