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Abstract

How do structural features of place, social composition, sectoral structure, and connectivity, shape firm survival?
This paper develops a Social Velocity Index, integrating ethnic diversity, sectoral diversity, workforce seniority,
and commuting velocity, applied to a balanced panel of 242 UK local authorities (2014-2020), aggregated at the
regional and meso - regional level. Using nonlinear fixed effects, threshold, and spatial models, we estimate the
structural determinants of firm resilience. Sectoral diversity shows a consistently negative effect, with survival
declining beyond 16.3 sectors. Ethnic diversity and seniority follow U, shaped patterns with firm survival improves
up to an ethnic diversity index of 1.46 and an average workforce age of 41, after which outcomes decline overtime.
Commuting velocity, measured such that higher values reflect slower commutes, shows a significant inverted, U
relationship with survival. Slower commuting environments improve early, stage survival (+0.26), but become
detrimental by Year 3 (=0.63), with an optimal threshold at approximately 23.9 minutes. Interaction models reveal
that slow, commuting regions can buffer the negative effects of fragmentation, as commuting inefficiency moderates
the adverse impact of both ethnic and sectoral diversity. Spatial Durbin models, applied over a novel QC meso,
spatial layer, reveal significant spillovers in sectoral structure, confirming that survival is shaped by the labour
force configuration of authorities nearby. Granger causality and System GMM tests confirm one-way causality from
structure to survival. Firm survival does not predict subsequent shifts in diversity, seniority, or infrastructure.
These findings support a threshold, based structural equilibrium, where calibrated mixes of cohesion, specialisation,

and mobility enhance not only firm formation but sustained survival.

1. Introduction

In Bowling Alone (2000), Robert Putnam diagnosed the erosion of America’s civic infrastructure through
a potent metaphor: individuals increasingly “bowling alone” rather than in leagues. This reflected a
decline in social capital, trust, reciprocity, that once underpinned both civic cohesion and economic

adaptability. Is this decline merely a social phenomenon, or does it carry economic consequences?

Amid a global war for talent, catalysed by the AI revolution, industrial transformation, and mounting
climate or conflict-driven migrations, this question has taken on renewed urgency (Choa, 2024). With
over €40 billion in Al factory investments announced across Europe (European Commission, 2024),
nations and regions are racing to attract skilled labour and scale up infrastructure. But strategic
dilemmas remain. What kind of talent should be prioritised? What forms of infrastructure yield the
greatest long, term returns? How should we measure the makeup of local labour markets? At what scale
should these analyses be conducted? And how can we manage cross, country synergies while avoiding

unintended consequences such as regional displacement or labour market crowding?

These questions cannot be addressed in isolation. They must be examined together, with attention to

both systemic outcomes and externalities. As Postrel (1998) reminds us, dynamism arises not from top,
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down control but from decentralised adaptation. Fragmented policymaking, whether in talent attraction
or infrastructure investment, can have negative and self, defeating consequences if it fails to account for

embedded local dynamics.

To respond to this complexity, we must move beyond static econometric indicators and toward
relational, place, based measures of structural capacity. This paper proposes a novel framework, the
Social Velocity Index, which quantifies both social capital (through ethnic diversity, sectoral variety,
and workforce seniority) and infrastructural connectivity (through commuting velocity). The goal is to
provide a dynamic toolkit for researchers and policymakers to evaluate the evolving composition of

labour markets and the resilience of regional economies.

Empirical findings from a balanced panel of 242 UK local authorities (2014-2020) analyse both at the
regional and sub, regional reveal significant nonlinear effects. Ethnic diversity and seniority follow U,
shaped relationships, with optimal firm survival observed at a diversity index of 1.46 and an average
workforce age of 41. Inverted, U patterns emerge for commuting velocity (22.6-23.9 minutes) and
sectoral diversity (peaking around 16.3 sectors), suggesting that both fragmentation and over,
concentration are harmful. Instead, survival depends on a calibrated balance of cohesion, specialisation,

and mobility.

1.1 Problem Statement

Economic policymaking has long privileged physical inputs, labour, capital, and infrastructure, as the
primary levers for regional growth. Grounded in neoclassical models (Solow, 1956; Barro and Sala, i,
Martin, 1995), this orthodoxy treats firms as rational actors and space as a neutral container, assessed
through agglomeration metrics and productivity indices (Krugman, 1991; Fujita et al., 1999). Yet a
growing body of literature rejects this simplification. It instead emphasises the social architecture of
economies, the networks, norms, and institutions that shape how resources, knowledge, and
opportunities flow (Granovetter, 1985; North, 1990; Rodriguez, Pose, 2013). From the micro,
foundations of trust and reciprocity to the meso, structures of embeddedness and institutional quality,
these perspectives reframe regional resilience as a product not just of input stocks, but of relational and

institutional depth.

The Marshallian tradition (Marshall, 1920) laid the groundwork for understanding the economic
advantages of spatial concentration, identifying labour pooling, specialised suppliers, and informal
knowledge spillovers as the core mechanisms of industrial clustering. This view was formalised in the
new economic geography (NEG), most notably by Krugman (1991), who modelled how increasing
returns, transport costs, and core-periphery dynamics shape regional divergence. Building on this,
scholars such as Duranton and Puga (2004), Glaeser (2011), and Andersson et al. (2016) introduced
micro, foundations of agglomeration, exploring how commuting frictions, urban form, and cognitive
proximity condition the benefits of density. Despite these advances, social and institutional factors
remain largely exogenous in NEG models, limiting their capacity to account for relational frictions or

micro, spatial heterogeneity.

In contrast, evolutionary economic geography emphasises path dependence, selection environments, and
historically situated routines. Schumpeter (1942) introduced the role of creative destruction in economic

transformation, while Nelson and Winter (1982) developed models of firm adaptation under bounded
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rationality. Applying these ideas to regions, Martin and Sunley (2006) and Boschma and Martin (2007)
argued that long, term economic resilience depends not only on input stocks, but on the capacity to
adapt to shocks and avoid institutional lock, in. These insights provide a theoretical basis for examining
nonlinear and threshold, based dynamics in firm survival, particularly in relation to structural saturation

or fragmentation.

A third pillar is new institutional economics (NIE), which focuses on the rules, norms, and governance
systems that underpin market exchange. Coase (1937) redefined the firm as an institutional response to
transaction costs, while North (1990) argued that institutional quality, not just capital accumulation,
explains long, run performance. Granovetter’s (1985) concept of embeddedness further advanced this
critique, showing that economic behaviour is shaped by interpersonal networks and informal norms,
which are often invisible in macroeconomic analyses. NIE thus emphasises the need to account for social

capital, trust, and coordination structures as integral features of economic geography.

These ideas have been extended in the relational turn in spatial analysis, which reorients attention
toward the embedded and networked nature of regional economies. Recent contributions by Baycan and
Oner (2023) explore the spatial contextuality of social capital, highlighting its ambivalent effects across
scales. Huggins and Thompson (2019) empirically link knowledge, embeddedness and social capital
intensity to firm innovation in the UK, while Rodriguez, Pose (2020) demonstrates that institutional
quality significantly explains growth differentials in lagging regions. These studies converge on a core
insight: firm outcomes are mediated not simply by agglomeration or infrastructure, but by the quality
of social relations and the institutional fabric of place. However, they often remain analytically siloed,
treating social capital, infrastructure, and spatial structure as independent variables rather than as

interactive systems.

In this paper we build on and extends these literatures through the development of the Social Velocity
framework. It operationalises bonding capital (ethnic diversity), bridging capital (sectoral diversity),
and linking capital (seniority), integrating these into an orthogonalised index of structural social capital.

It further incorporates commuting velocity as a proxy for the infrastructure, mediated speed of exchange.

1.2. Research Question
What role does social velocity play in the survival of new firms? Situated at the intersection of urban
economics, economic geography, and organisational sociology, this question introduces the following five
subsidiary questions:
1. Can social velocity be robustly quantified as micro foundation at the meso, region level, and
how does its impact on firm survival evolve over time?
Does commute velocity moderate or amplify the effects of social capital?
Is sectoral diversification (Jacob’s externalities) or specialisation (Marshall-Arrow—Romer
externalities) more beneficial for early, stage firm survival?
Do social velocity dynamics exhibit spatial spillovers at the megaregional level?
Is there an optimal level of social velocity beyond which diversity or speed becomes
counterproductive?
To answer these questions, we develop a panel dataset of 242 UK local authorities over seven years,
constructs orthogonalised indices of social structure, and models their effects on firm survival through
a range of econometric techniques, including interaction models, threshold specifications, instrumental

variables, and Spatial Durbin Models. The Queen Congruity (QC) meso - regional framework allows for
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the estimation of subregional spillovers and contextual effects. Collectively, the analysis provides new

empirical evidence and theoretical insight into the structural underpinnings of regional firm resilience.

The rest of the paper is structured as follows. Section 2 outlines the background and conceptual
motivation. Section 3 identifies the key gaps in the existing literature. Section 4 describes the dataset
and variable construction. Section 5 details the empirical strategy. Section 6 presents the main results,
followed by robustness checks in Section 7. Section 8 concludes with a discussion of findings and policy

implications.

2. Background and Conceptual Motivation

2.1. Innovation and Survival in the Agglomeration Paradigm
Agglomeration theory has long explained why firms cluster: to reduce costs, improve matching, and
accelerate learning. These three mechanisms, sharing, matching, and learning, form the bedrock of urban

productivity but depend not only on proximity, but on the structure and quality of interaction.

Marshall (1920) first identified shared inputs and infrastructure as drivers of localised economies. Firms
co, locate to access pooled services, skilled labour, and suppliers. Glaeser et al. (1992) later distinguished
between localisation economies, gains from industry, specific clustering, and urbanisation economies
that stem from diversity. Yet empirical findings complicate this picture. Porter (1990) emphasised that
competitive specialisation fosters innovation, while Henderson et al. (1995) found sectoral concentration

benefits mature industries, not startups.

Efficient matching relies on dense, interactive labour markets. Duranton and Puga (2004) show that
cities improve firm, worker pairing by enlarging choice sets. But recent studies stress that micro, spatial
factors matter. Andersson and Larsson (2016) found that entrepreneurs cluster within neighbourhoods,
not just cities, suggesting that peer effects and face, to, face networks drive firm birth. This aligns with
Harris and Moffat (2015), who found UK clustering effects depend on interaction quality, not mere
proximity. The concept of borrowed size (Meijers & Burger, 2010) further shows that smaller areas can

benefit if functionally connected to larger hubs.

Cities are engines of tacit knowledge exchange. Storper and Venables (2004) coined the term “buzz” to
describe the dynamic, trust, based learning environments of urban centres. Frenken et al. (2007) and
Boschma and Iammarino (2009) refined this through the idea of related variety, only cognitively
proximate diversity yields productive spillovers. These flows rely on labour mobility, spin, offs, and
informal ties, not just co, location. This learning process is deeply embedded in social structure, and

vulnerable to breakdown in low, trust or disconnected settings.

This evolution reflects a broader shift in economic geography: from density to relational embeddedness.
Nelson and Winter (1982) frame firms as evolving routines shaped by history, while Martin and Sunley
(2006, 2022) warn of institutional lock, in without adaptive renewal. These insights anchor the Social
Velocity framework developed here, which reinterprets survival as a function of structural equilibrium,
not just between scale and specialisation, but between diversity, institutional trust, and infrastructural
speed. The goal is to model not spatial density alone, but the tempo of embedded interaction across

space and time.
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2.2. Social Capital and the Economic Texture of Place

Social capital refers to the networks, norms, and trust that facilitate collective action (Putnam, 1993).
It is increasingly recognised as a core determinant of firm survival and innovation, yet remains under,
integrated in dominant urban economic models. Woolcock (1998) and Narayan and Cassidy (2001)
identify three dimensions: bonding capital (tight intra, group ties), bridging capital (cross, group links),
and linking capital (vertical access to institutions). Granovetter’s (1973) theory of weak ties underpins
much of this thinking, highlighting how loosely embedded connections provide access to non, redundant
knowledge and resources, especially in early, stage or uncertain environments. In such settings, social
capital reduces transaction costs and enables informal coordination (Knack & Keefer, 1997; Fukuyama,
1995).

Not all social capital fosters innovation. Bourdieu (1986) warned that exclusive networks can reinforce
privilege, while Portes (1998) and Oner (2023) describe the “dark side” of bonding capital, where
insularity stifles dissent and adaptability. Bridging ties promote novelty and diversity but may lack
trust under volatility (Burt, 2004). Linking capital offers resilience through access to elite knowledge
systems, policy tools, and institutional support (Aldrich & Ruef, 2006). Thus, the impact of social
capital is structurally contingent: beneficial only when embedded in open, trusted, and well, integrated

networks.

Empirical studies show this contingency in practice. Andersson, Larsson, and Oner (2021) find that co,
ethnic enclaves can both support and hinder entrepreneurship, depending on their institutional openness.
Westlund et al. (2014) show that local norms shape entrepreneurial intent in nonlinear ways. Baycan
(2010) links cultural diversity to creativity when supported by knowledge, sharing ecosystems. In the
UK, Nathan and Lee (2013) demonstrate that ethnic diversity in London predicts higher innovation,
while Kemeny et al. (2022) find that diaspora networks and place, based mentorship boost survival.
These findings align with Rodriguez, Pose’s (2013) argument: conventional growth models fail to explain
spatial resilience because they ignore the relational architecture of place. Social capital is the missing
link.

2.3. Infrastructure, Commuting, and the Speed of Social Exchange

Infrastructure shapes not just access, but the tempo and structure of economic interaction. Traditionally
treated as a productivity input (Donaldson, 2018), recent work reframes it as a relational system that
governs velocity, reach, and density of social and economic flows. Concepts such as commute, based
agglomeration (Duranton & Turner, 2012) emphasise that fast, multimodal transport increases face, to,
face contact and tacit knowledge exchange, especially important in early firm stages when resources are

thin and trust, based collaboration is vital.

UK infrastructure remains highly unequal in its distribution and functionality. Core hubs such as
London and Cambridge benefit from seamless rail connectivity and high, speed broadband, while
peripheral regions contend with persistent bottlenecks and service gaps (Martin et al., 2016). These
spatial disparities affect regional resilience. Besser et al. (2014) find that efficient commuting can
revitalise dormant social ties, enhancing economic interaction. However, Harvey (1989) and Venables
(2007) warn that infrastructure investments often exacerbate pre, existing inequalities, accelerating

capital flows primarily in regions already rich in economic and institutional assets.

Oner (2017) links consumer travel speed and amenities to urban cohesion, showing that even soft
infrastructure (e.g., parks, cafes) enhances relational density when accessible. These findings support

the Social Velocity hypothesis: infrastructure enables survival not by movement alone, but by activating
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social capital, networks, trust, and institutional ties, in real time. Without it, social capital remains
frozen and firm adaptability stalls. Infrastructure, then, is not just a delivery system but a trigger for

resilience.

While the conceptual terrain is well, trodden, rooted in foundational contributions from Marshall, Jacobs,
and Granovetter, the analytic tools have evolved. What is distinctive in this study is not the novelty of
the questions, but the attempt to test old hypotheses using more precise microfoundations and

longitudinal regional data, applied to the UK context.

3. Gaps in Literature

3.1. The Limits of Density: Threshold Effects and Interaction Blind Spots

Classical agglomeration theory assumes linear benefits from co, location, drawing from Marshallian
localisation and Jacobian urbanisation logics. However, recent work identifies threshold effects, where
benefits decline beyond certain density levels due to congestion, cost inflation, and talent competition.
Estrin et al. (2024) and Pindado et al. (2020) both find inverted U, shaped effects, showing innovation

rises with density only up to a point, after which excessive clustering reduces performance.

Uzzi (1997) warns that over, embedded networks can stifle novelty by limiting exposure to diverse
knowledge. Shaver and Flyer (2000) demonstrate that top, performing firms face disproportionately
higher risks of knowledge leakage in dense agglomerations. Beaudry and Schiffauerova (2009) further
argue that the benefits of specialisation or diversity depend not on spatial proximity alone, but on the

quality and symmetry of underlying relational dynamics.

Agglomeration theory frequently overlooks the failure rates in dense regions, inflating success
perceptions (Sorenson & Audia, 2000). The “nursery city” model (Duranton & Puga, 2001) suggests
density enables experimentation, but not necessarily long, term survival. Moreover, density metrics

mask intra, regional variation in ethnicity, sectoral mix, and infrastructure quality.

Other UK work addresses the spatial dynamics of clustering and innovation. Beaudry and Breschi (2003)
confirm that cluster location influences firm, level innovativeness, but stress that co, location alone is
insufficient without supporting relational infrastructure. Chapman and Cumbers (2004), studying the
Scottish oilfield cluster, similarly highlight the role of institutional coordination and inter, firm
cooperation in sustaining competitiveness. Yet few of these studies operationalise spatial connectivity
or social capital in a way that allows for interaction effects, spillovers, or threshold dynamics across

regional scales.

3.2. The Under, theorisation of Social Structure in Labour Market

Traditional labour market models prioritise macro indicators like employment and wages, overlooking
how localised networks, norms, and trust shape micro, level outcomes like entrepreneurship and firm
persistence. Despite Granovetter’s (1985) foundational work on embeddedness, economic models often

treat social context as residual or exogenous.

Efforts to quantify social capital face spatial and empirical limitations. Rupasingha et al. (2006)
combine proxies like civic association density and voter turnout, but these blur structural and
attitudinal components. Narayan and Cassidy (2001) offer survey, based metrics, yet their reliance on

perceptions limits use in spatial or firm, level econometrics. Workforce features, like labour
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productivity or education, are often reduced to static controls, failing to capture fluid horizontal and

vertical knowledge transfer and mentorship support.

UK research highlights non, linear and conditional effects of social capital. Kemeny (2012) finds ethnic
diversity enhances productivity only when paired with high trust. Nathan (2013) shows that leadership
diversity has an optimal range, both under, and over, representation of minority groups in senior teams
reduce innovation. Social capital itself remains conceptually under, integrated in most UK economic
geography. Nick (2010) finds that SMEs with cross, locality ties exhibit higher performance, pointing
to the value of bridging capital in even small, scale environments. Similarly, Clifton and Senior (2010)
demonstrate that informal and formal knowledge networks affect SME adaptability, especially under
conditions of volatility. However, these studies rely heavily on qualitative or survey, based data, often
at coarse spatial resolutions, offering limited utility for spatial econometric analysis or policy

generalisation.

3.3. Infrastructure Analysis without Velocity: A Static View of Connectivity
Most studies treat infrastructure as static, measuring capacity via rail mileage, broadband coverage, or
transport budgets, without capturing how quickly and reliably people and ideas move. This is especially

limiting in early, stage firm survival, where speed is vital for accessing talent, mentors, and collaborators.

Commute metrics are often aggregated at regional levels, missing the real geography of economic
interaction across polycentric labour markets. Average commute time masks disparities in modal access,
reliability, and velocity. Besser et al. (2008) and Yamazaki et al. (2019) show that commute type matters,

affecting social trust and engagement, suggesting infrastructure’s impact is as much social as spatial.

A longstanding strand of UK research focuses on persistent regional divergence. Gardiner, Martin, and
Tyler (2013) document durable productivity and employment disparities between northern and southern
regions, arguing that place, specific conditions, not national averages, shape long, run economic
trajectories. Yet while regional fixed effects are often included in empirical specifications, relatively few
studies examine the mechanisms driving these disparities, particularly the role of localised social capital

or infrastructure velocity in shaping firm, level outcomes.

3.4. The Spatial Blindness of Existing Scales: Micro, Meso, and Megaregional Gaps

Regional development research often polarises between national aggregates and city, level case studies,
overlooking meso, geographies, the functional economic zones where labour, knowledge, and capital
actually flow. Coombes (1986; 2015) showed that Travel to Work Areas (TTWASs) cut across
administrative borders, and sticking to local authorities or NUTSI1 regions introduces spatial
misclassification and MAUP bias (Briant et al., 2010).

Local authorities may encompass multiple labour markets or be tightly linked to neighbouring areas via
commuting and supply chains, making them functionally incoherent units. Spillover effects are often
ignored or treated residually, despite evidence (Anselin, 1988; Singh & Marx, 2013) that knowledge and
innovation cross administrative lines, and borders introduce frictions not explained by physical distance.
Many survival models wrongly assume spatial independence, ignoring spillovers, peer effects, and spatial

autocorrelation (Rey & Montouri, 1999). This leads to biased estimates of agglomeration or resilience.
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3.5 Existing UK literature

While much of the foundational literature on firm survival, innovation, and spatial dynamics is
international, a growing, if fragmented, body of UK, based research engages with individual components
of the Social Velocity framework. For example, Nathan (2016) and Ozgen et al. (2012) examine how
ethnic or migrant diversity influences innovation, but do not link this to firm survival or structural
thresholds. Fotopoulos (2022) offers a conceptual model connecting absorptive capacity, spatial
embeddedness, and firm scaling, aligning with the bridging capital dimension, while Boschma et al.
(2011) and Frenken et al. (2007) test related variety and regional employment in UK city, regions.
Helmers and Rogers (2010) provide one of the most rigorous firm, level survival models using UK data,
showing that early innovation improves persistence, but without incorporating spatial or social structure.
On infrastructure, Overman et al. (2009) and Crescenzi & Gagliardi (2018) assess how accessibility
shapes regional productivity, while D’Costa & Overman (2020) apply commuting zone boundaries to
refine spatial units of analysis. Lee and Rodriguez, Pose (2016) and Huggins & Thompson (2019) add
to this by linking knowledge flows and regional performance, and Martin, Sunley & Tyler (2015) analyse

commuting patterns in the context of productivity divergence.

However, these contributions remain analytically siloed. No UK study to date integrates ethnic diversity,
sectoral structure, seniority, and infrastructure velocity into a unified, empirically testable model of firm
survival. Workforce seniority, captured through average age or experience, is typically folded into broad
human capital metrics (e.g. Jones et al., 2009), with no use of U, shaped or nonlinear survival thresholds.
Commuting velocity, interpreted as the inverse of travel speed, has not been explicitly modelled as a
determinant of firm resilience or tested for temporal shifts in effect. Studies that consider diversity
usually focus on innovation or firm growth, rather than persistence. Furthermore, spatial effects are
mostly captured through fixed administrative boundaries rather than functional or meso, spatial flows.
While D’Costa & Overman (2020) begin to address this by applying commuting zone logic, no work
operationalises a meso, region approach akin to the QC layer used here. This dissertation directly
addresses these omissions, synthesising disparate strands into a novel spatial, econometric framework,

using orthogonalised social capital indices and temporally sensitive models of firm survival.

Neighbouring

authorities
Bonding (ethnic
social cohesion)

o
Linking [
(seniority, Connectivity
age) (commute time)

Authority

- >

Bridging (cross-sectorial knowledge
exchange)

Figure 1: A Conceptualisation of social velocity, a measure of bonding, linking, and bridging capital, and
connectivity. B Queen Congruity layer logic, every authority is mapped a 10km radius to neighbouring authorities,

proximate authorities within the 10km radius are grouped as part of a mesoregion.
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2.3.1 Introducing Social Velocity Index

There are two main components to the Social Velocity framework: social capital and commuting velocity.
The former operationalises the widely cited typology of social capital proposed by Woolcock and
Narayan (2000) and Putnam (2001), comprising bonding, bridging, and linking capital. Bonding capital
reflects intra, community cohesion and is proxied through ethnic diversity; bridging capital captures
inter, group or cross, sectoral connectivity, measured via sectoral diversity; and linking capital represents
vertical ties and institutional embeddedness, here quantified through workforce seniority or average age.
These three forms are orthogonalised to isolate their individual contributions to firm survival. The
second component, commuting velocity, measures the speed and efficiency of infrastructure, enabled
movement, serving as a proxy for how quickly ideas, labour, and resources can circulate across space.
Combined, these two dimensions capture both the social and spatial dynamics that shape regional firm

resilience.

The Ethnic variable captures the bonding dimension of social capital, defined by internal group
cohesion, intra, community trust, and shared norms within relatively homogeneous ethnic networks.
This form of capital reflects what Woolcock and Narayan (2000) term “bonding social capital”: dense,
emotionally supportive ties that provide social insurance and reduce risk for members of the same
cultural or ethnic group. While such ties promote internal resilience, they may inhibit cross, group

collaboration unless balanced by bridging mechanisms (Putnam, 2000; Portes, 1998).

Sectoral diversity serves as a proxy for bridging capital, reflecting the degree of cross, sectoral interaction
and occupational heterogeneity within a local economy. Bridging capital, as distinguished by Putnam
(2000) and elaborated by Woolcock and Narayan (2000), refers to the looser, intergroup ties that connect
individuals and organisations across different social or professional domains. In the context of labour
markets, such connections facilitate knowledge spillovers, resilience to sector, specific shocks, and the
diffusion of practices across diverse industrial ecosystems (Boschma and Frenken, 2011). They are

particularly salient in fostering innovation and adaptability during periods of structural transformation.

The ‘Senior’ variable captures linking social capital, understood as the vertical connections between
individuals and formal institutions, decision, makers, or those with greater authority and experience.
Unlike bonding or bridging capital, which describe horizontal ties among peers or across groups, linking
capital enables access to resources, power, and institutional support through hierarchical relationships
(Woolcock, 1998; Szreter and Woolcock, 2004). In the context of regional labour markets, workforce
seniority offers a proxy for such verticality: senior employees may act as mentors, transfer accumulated

tacit knowledge, or facilitate connections to investors, regulatory bodies, and professional networks.

The variable Velocity captures the infrastructural dimension of spatial social capital, measuring the
average commuting speed within and across urban and peri, urban environments. It reflects not just
logistical efficiency, but a deeper structuring condition of social and economic life. Commute velocity
is a proxy for the tempo of interaction: faster, more reliable movement enables labour market
integration, lowers spatial friction, and facilitates access to both opportunity and trust, based networks.
As Gibbons and Machin (2006) demonstrate, commuting efficiency improves labour market matching

by widening the feasible radius of employment search. Duranton and Puga (2005) further show that
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mobile populations are more likely to encounter diverse knowledge networks, enhancing both innovation

and firm adaptability.

In this study, SVI is used to measure impact on Firm survival is the study’s core outcome, reflecting
both firm, level strength and regional support structures. It functions as a proxy for local resilience,
shaped by access to capital, labour, and institutional quality. Jovanovic’s (1982) passive learning model
frames survival as a filter for efficiency, with hazard rates declining over time, a pattern empirically
supported by Audretsch and Mahmood (1995). Hannan and Freeman (1977, 1984) add ecological
insights, highlighting structural inertia and the “liability of newness.” Evans (1987) confirms non, linear
survival responses to structural factors. Fritsch and Mueller (2004) situate survival within regional
entrepreneurial dynamics, emphasising spatial variation, spillovers, and temporal rhythms, all captured

through the Social Velocity framework.

To reflect the relational geography of social and economic interaction more accurately, the study
introduces a novel meso, spatial clustering layer termed QC, on top of regional classification. Each of
the 242 local authorities is assigned to one of 30 clusters, defined using a Queen contiguity rule: each
focal unit is grouped with all directly adjacent authorities (sharing borders or vertices) within a 10,
kilometre commuting radius. This rule draws from spatial econometrics traditions established by Anselin
(1988) and extended by LeSage and Pace (2009), which define spatial dependencies not administratively
but functionally, via neighbourhood, based weights matrices. The 10, kilometre commuting threshold is
informed by the polycentric structure of large urban systems. Roth, Kang, and Barthélemy (2011) find
that in cities such as London, urban flows are nested and hierarchical, with functional subcentres
emerging around large hubs. Medium, range subway travel patterns (within 10-12 km) dominate daily
commutes in such polycentric settings, rendering traditional monocentric models inadequate. By
adopting this logic, the QC layer captures medium, range functional connectivity, the spatial scale at
which social capital networks and infrastructure interdependencies manifest in urban and peri, urban

environments.

The QC layer offers a tractable spatial resolution that balances statistical granularity with policy
relevance. It avoids the over, aggregation of coarse units such as NUTS1 regions, which obscure within,
region heterogeneity, while also mitigating the volatility and idiosyncrasy inherent in single, authority
units. This meso, level design enables the detection of peer effects, spillovers, and velocity, adjusted
survival dynamics, all of which are central to contemporary models of regional innovation and resilience.
Boschma and Frenken (2006) and the OECD (2011) have emphasised that innovation systems,
institutional coordination, and adaptive capacity often emerge not at the national or micro scale, but
within intermediate spatial zones that host shared labour markets, infrastructure systems, and

collaborative routines.

Importantly, QC clusters are not defined by formal governance or legacy jurisdictional lines, but by
functional proximity, reflecting shared infrastructure, commuting patterns, and relational density. They
represent territories of interaction, not administration. As such, they provide a more accurate lens for
detecting how velocity, adjusted social capital, operationalised through bonding, bridging, and linking
variables, conditions firm survival. This approach enables the estimation of spatially structured
resilience, capturing how survival outcomes are shaped by embeddedness within both local structures

and interjurisdictional networks.
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4. Data

4.1. Variable, and Index Construction

To measure social velocity, we compile data measuring the three types of social capital: bonding, linking
and bridging. On commute velocity, we compile data on communising speed. The dataset we use is a
region, year data, spanning across 242 UK authorities (2015) over the period 2014, 2020. In terms of
bonding capital ethnic diversity is measured, the source of the data is Nomis Annual Population Survey,
which measures nine race categories. For bridging capital, employment data is measured across 20
sectors, as a proxy of sectorial skills diversity within the labour force. Seniority, job level rank — from
entry level to senior management, across nine ranks is reported. For infrastructure velocity, the average
communising speed to work across seven transport modalities is measured, provided by the TFL. For
each dataset, an index is constructed to return a single value for each region, year intersection. Details
on index construction are illustrated below. The outcome variable, firm survival rate in % is reported
by the ONS business demography survey, and survival rates of firms from year 1, 3 is reported. Unlike
traditional survey, based proxies, often cross, sectional, perception, dependent, and limited in geographic
granularity (Narayan & Cassidy, 2001; Rupasingha et al., 2006), the SVI is fully replicable, based on

public data, and scalable across both time and space.

4.1.2. Bonding Capital: Ethnic Diversity

To quantify bonding capital, this study constructs an Inverse Herfindahl-Hirschman Index (HHI) based
on ethnic composition data drawn from the Nomis Annual Population Survey, covering nine self,
reported racial categories. Data are aggregated annually across 242 UK local authorities from 2014 to
2020. The HHI, originally formulated by Hirschman (1945) and Herfindahl (1950) to measure industrial
concentration, is repurposed here as a diversity index. Specifically, a higher inverse HHI score
corresponds to a more even ethnic distribution, indicating greater heterogeneity and, by extension, a
reduced dominance of any single group. This formulation has been adapted for measuring diversity in
multiple domains, including by Boydstun, Bevan, and Thomas (2014) in political science, and by
Andersson et al. (2019) in regional economics. The adapted measure follows the inversion approach
proposed by Bikker and Haaf (2002), which treats 1/HHI as a proxy for diversity:

HHI B i N Inverse HHI — (1)

Where si represents the share of ethnic group i within a local authority. High inverse HHI values
suggest a pluralistic and cognitively diverse environment, associated with enhanced problem, solving
capacity, creative recombination, and innovation resilience (Alesina & La Ferrara, 2005; Nathan &
Lee, 2013). In this paper, bonding capital is hypothesised to moderate firm survival by shaping

internal trust structures and early, stage collaborative behaviour.

4.1.3. Bridging Capital: Sector Diversity

To operationalise this dimension, we calculate an inverse Herfindahl-Hirschman Index (HHI) based on
employment shares across 20 standard industry categories, as reported in the Nomis Annual Population
Survey. These sectors include, but are not limited to, agriculture, manufacturing, construction, finance,

education, and health services. The HHI, traditionally used in industrial organisation to assess market

11



Draft Working Paper

concentration (Hirschman, 1945; Herfindahl, 1950), is repurposed here to measure diversity rather than
dominance. Following Bikker and Haaf (2002), and in line with more recent applications in political
science and regional economics (Boydstun, Bevan and Thomas, 2014; Andersson et al., 2019), we adopt

the inverse HHI as a measure of economic heterogeneity:

HHI B i N Inverse HHI = — (2)

where si denotes the share of employment in sector i, and N is the total number of sectors.

4.1.4. Linking Capital: Average Age

To measure this dimension, we construct a seniority ratio using the rank distribution of employment
across nine occupational seniority bands, ranging from entry, level roles to senior executive positions.
The metric is population, weighted to reflect the relative dominance of senior roles within the local

workforce. The formula is:
08 QWX OBQ pl'jf) BIQ p0lo ) Q (3)

where Ai denotes the average seniority score of employment band i, and Pi represents the population

in that band. Data are drawn from the Nomis Annual Population Survey across the period 2014-2020.

4.1.5. Spatial Connectivity: Commute Velocity

While advanced approaches exist to capture accessibility, such as network decay models based on
polycentric flows (Biazzo, Monechi & Loreto, 2019), this study deliberately adopts a simpler, scalable
proxy: the average commute, to, work velocity, measured in minutes per kilometre travelled. This choice
prioritises interpretability and replicability across regions and years, while still capturing the temporal

friction of mobility that conditions economic behaviour.

Commute Velocity B 0 t0 (4)

where wj represents the modal share of commuters using transport mode j, and vj is the average
commuting time (in minutes) for that mode. This composite formulation reflects both the physical
infrastructure and its utilisation, thus avoiding the common pitfall of measuring infrastructure as mere

capital stock or service provision without behavioural calibration (Banister and Berechman, 2001).

4.1.1. Survival rate

Following established convention in the firm demography literature, this study defines firm survival as
the proportion of firms surviving from Year 1 to Year 3 after entry within each local authority. The
measure is calculated from 2014 to 2020 using data from the UK Office for National Statistics (ONS)

Business Demography dataset and is expressed as:

. Number of surviving firms after 3 years
Survival Rate £ - (5)

Number of firms born in year
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Figure 2: Spatial distribution of average firm survival rates from 2014, 2020. A authority level, B megaregion level,
and C QC mesoregion level.

4.2. Summary Data

Empirical Findings: Descriptive Statistics and Corrclation Patterns

Variable Mean Std. Deviation Region  Std. Deviation QC Std. Deviation Year
Survivall 93.068 0.274 0.876 1.458
Survival2 73.153 2.840 2.742 2.547
Survival3 57.064 4.990 4.969 2.617
Ethnic 1.447 0.347 0.173 0.023
Scctor 15.038 1.258 1.795 0.239
Average Age 42.140 0.367 0.615 0.292
Velocity 21.982 3.862 2.081 0.351

Table 1: Descriptive statistics: key variables across UK regions (2014, 2020).

This section presents the preliminary findings from our exploration of spatial social capital and firm
survival dynamics across 242 UK local authorities over the period 2014-2020. Through a detailed
analysis of summary statistics, correlation patterns, and orthogonalisation diagnostics, we derive several
insights about the distributional properties of our variables and the initial relationships among them.
These findings offer a foundational understanding ahead of the econometric modelling phase. The
summary statistics indicate substantial variation across the dataset’s core variables. Ethnic diversity,
measured via the inverse Herfindahl, Hirschman Index, averages 1.447, suggesting low diversity, with
most local authorities skewed toward mono, ethnic compositions. Spatial variation (SD = 0.48) exceeds
temporal change (SD = 0.112), confirming that ethnic composition is relatively stable and region,
specific. Sectoral diversity averages 15.04 sectors out of 20, with moderate spatial (2.395) and temporal
(1.194) variation, reflecting some restructuring of local industrial bases. Workforce seniority scores
average 4.35 on a 1-9 scale, indicating moderately experienced labour pools; this variable shows limited
variability across space (0.47) and time (0.215), making it comparatively stable. Commute velocity
averages 21.98 minutes, with substantial regional variation (SD = 3.96) and slower within, region change
(0.675), highlighting persistent spatial disparities in infrastructure. Firm survival shows a clear temporal
decline, from 93% in Year 1 to 73% in Year 2 and 58% in Year 3, while within, region variation increases
over time (SD from 2.64 to 5.43), reinforcing the need to analyse survival as a multi, year dynamic

rather than a single, year outcome.
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4.2.1. Correlation Matrix

Table 2

Ethnic Scctor Velocity Average Age
Ethnic 1.000 0.033 0.695 -0.112
Sector 1.000 -0.018 -0.192
Velocity 1.000 0.038
Average Age 1.000

Table 2: Correlation Matrix, social velocity variables, raw.

To assess the independence of the core explanatory factors before model estimation, we present pairwise
correlation matrices for both the raw variables and their orthogonalized versions (via Principal
Component Analysis). Table 1 shows correlations between the original structural indicators, ethnic
diversity, sectoral diversity, commuting velocity, and workforce age, while Table 2 displays their
orthogonalised counterparts. In the raw matrix, a strong positive correlation emerges between ethnic
diversity and commuting velocity (r = 0.695), indicating that more diverse areas typically experience
slower commutes, likely due to urban congestion in populous, ethnically mixed local authorities. Sectoral
diversity, by contrast, is largely uncorrelated with the other indicators, suggesting economic complexity
is spatially distinct from ethnic makeup or commute dynamics. Workforce age shows weak negative
correlations with ethnic (-0.112) and sectoral diversity (—0.192), and is largely unassociated with

commute speed (r = 0.038).

4.2.2. Orthogonalisation Strategy

Table 3

Ethnic_ orth Sector__orth Age_orth Velocity_orth
Ethnic_ orth 1.000 0.028 0.185 0.705
Scctor orth 1.000 0.183 0.027
Age_orth 1.000 0.155
Vclocity orth 1.000

Table 3: Correlation Matrix, orthogonalised social velocity variables.

To address potential multicollinearity among the Social Velocity predictors, this study applies Principal
Component Analysis (PCA) to transform each variable, ethnic diversity, sectoral variety, workforce
seniority, and commuting velocity, into orthogonal components. The goal is not dimensionality
reduction but statistical decorrelation, enabling stable estimation in models with interaction and
quadratic terms. This follows the corrective logic of Mohd Napi et al. (2020) and Wurm and Fisicaro
(2014), who argue that orthogonalisation helps isolate each predictor’s unique contribution. The PCA
yields four uncorrelated variables: Ethnic_ orth, Sector_orth, Age orth, and Velocity orth. Diagnostics
confirm that Sector_orth and Age_orth are now statistically isolated, with minimal cross, correlation.
While each variable has been orthogonalised individually to remove internal skew and allow interaction
effects to be estimated cleanly, this approach does not guarantee zero correlation between variables. In
particular, Ethnic_orth and Velocity orth remain negatively correlated (r = —0.705), reflecting
structural features of the UK spatial economy, where diverse regions often experience slower commute

speeds due to urban congestion. This relationship is preserved and further explored in interaction models.
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5. Empirical Strategy

This study adopts a relational and non, linear econometric strategy aligned with evolutionary and
spatial theories of firm survival (Cattani & Malerba, 2021; Ugur & Vivarelli, 2020). The models
progressively introduce fixed effects, interaction terms, and non, linearities to capture threshold effects

and structural interdependence.

5.1. Baseline Model

300OEOA 1 o®& 1 YQhoi T 6Q I ©Qda DO Q- (6)

This is a simple linear model regressing firm survival on the four orthogonalised predictors. It excludes
spatial lags and fixed effects to establish a clean benchmark. Each coefficient captures the marginal
effect of one social velocity dimension on next, year survival: ethnic diversity (bonding), sectoral variety
(bridging), workforce age (linking), and commute speed (velocity). Following Leszczensky and Wolbring
(2022), the use of orthogonalised variables ensures that coefficients can be interpreted independently,
free from multicollinearity, and represent the unique contribution of each structural factor to firm

survival.

5.2. Megaregion Fixed Effect Model
Yo vdQured 1 fo@ & 1 t'YQaoé 1 t6Q r toQda &HOQor (7)
Here, we include region fixed effects (9r) and year fixed effects (Ut)), adjusting for spatial and temporal

heterogeneity. Predictors are region, population, weighted (RW), improving representativeness for
policy. This model captures regional shocks and structural differences across UK megaregions.

5.3. QC Mesoregion Fixed Effect Model
Yo vdQured 1 fo@ & r t'yQao ¢ 1 t6Q r toQa &dQor 1 (8)
Model 3 replaces regions with QC mesoregions (0QC), capturing finer, grained variation. Predictors are

QC, weighted. This allows detection of social velocity effects at the subregional scale, aligning with
micro, geographic patterns of commuting and network spillovers (Wooldridge, 2010).

5.4. Quadratic Threshold Model

Yo i vdQurd 1 to@ & r t'yYQaoé r t6oQ r toQa oo fow &
FiYQGoE [ 16 [ feQa&dQo- )

This model adds squared terms to test for non, linear relationships (U, shaped or inverted, U). It checks
for optimal ranges of diversity, seniority, and velocity that maximise survival. Inspired by Grossman &
Krueger (1995) and Hegre et al. (2001), it allows survival benefits to plateau or reverse beyond a
threshold.
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5.5. Megaregion Quadratic Threshold Interaction Model
Yoi vaQured § ito® @ tyQaoé 1 to@ & toQ r to®@ & toQda &ai Qo
r t°yaao ¢io Q I t'YQao étoQa £oQo 16 @ toQda&o Qo tow &
YQo 0 Q twQa oQo ftow & r t'YQao ¢ 1 i6Q r ot
OQa OO ) - (10)
This full interaction model layers two, way, three, way, and four, way terms over the quadratic base,
with region and year controls. It allows the effect of one variable (e.g. ethnic diversity) to depend on

others (e.g. commuting speed). Following Brambor et al. (2006) and Aiken & West (1991), it captures
contingency and synergy in structural relationships.

5.6. QC Mesoregion Quadratic Threshold Interaction Model

Yo i vdQurd ; to@ & tyQdos [ tomd@ 60 [ tom &

toQa woQor t'YQwo £ 16 Q I I'YQ@0 £ tOQa £O QO [
6o twQaaQor tfo@ @ f'YOQMO£ioQ fwQda&aQor
itom & r t'yYado ¢ 1 t6Q I toQa &£HOQOr 1 -

(11)

Same as Model 5, but applied at the QC level with 9QC . It tests whether social velocity synergies differ
across more granular subregional groupings. This is especially useful for second, tier cities or multi, town
labour markets, where patterns of interaction may differ from national or megaregional trends.
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Survival rate at

first year, S (t+1)

(6) (1) (8) (9) (10) (11)
Ethnic orth ~0.240 9.644% (4.427) 2271 (3.034) —0.658 (0.388) 1.038 (0.898)  —1.518* (0.626)
Sector orth 0.061* 0.719* 0.136 (0.116) -0.072 (0.039) —0.072 (0.049)  ~0.052 (0.041)

Age orth
Velocity orth
Ethnic orth sauared
Sector orth saquared
Velocitv  orth sauared
Age orth squared
Ethnic x Sector
Ethnic x Age

Ethnic x Velocity
Scctor x Age

Sector x Velocity

Age x Velocity

Ethnic X Sector x Age x Velocity

0.338%**

0.952 (0.524)

0.028 (0.034) 1.623* (0.673)

0.416%**
0.011 (0.039)
0.318 (0.351)
0.012 (0.011)
-0.069**
0.004 (0.005)

0.230 (0.146)
0.032 (0.337)

0.299%** (0.075)
0.256* (0.116)
0.744 (0.863)
0.009 (0.013)
-0.063* (0.027)
0.023 (0.016)
0.225 (0.188)
0.091 (0.249)
0.204 (0.201)
0.005 (0.028)
0.035 (0.022)
0.023 (0.030)
-0.021 (0.013)

0.277*%* (0.070)
0.108 (0.069)
1.332 (0.803)
0.011 (0.013)
~0.054* (0.027)
0.021 (0.014)
0.413* (0.176)
0.189 (0.240)
0.267 (0.181)
0.008 (0.027)
0.049% (0.020)
0.033 (0.029)
0.009 (0.011)

Year f.c. No Yes Yes No Yes Yes

Region fe. No Yes Yes (QC) No Yes Yes (QC)

Obscrvations 1,133 1,133 1,133 1133 1.133 1,132

R? 0.0288 0.115 0.286 0.039 0.139 0.1195

Adiusted R? 0.0253 0.104 0.264 0.032 0.117 0.1061

L 8.35% 10.41* 18.92* 3.49* 6.15% 8.90*

F Statistic . . . . . .

(df=1128)  (df=1118) (df=1126)  (df=1118) (df= 1103) (df=1115)

Note:

*p<0.1; #xp<<0.05; #+*xp<<0.01 and standard errors are in parentheses.

Table 4: Estimates of the effect of social velocity factors and interaction terms on first year survival rate.

Survival rate at second year, S (t+2)

(6) (1) (8) (9) (10) (11)
Ethnic orth 2A18%%% (0.579) ~17.575 (9.339) ~15.457 3.121%% 3.136 (1.905)  ~4.093** (1.328)
Sector orth 0.441F% (0.069) ~3.814  (0.725) ~0.184 (0.387) —0.493%** 0,400+ 0.488*** (0.086)

Age orth
Velocity orth
Ethnic orth squared
Sector orth saquared
Velocitv - orth sauared
Age orth squared
Ethnic x Sector
Ethnic x Age

Ethnic x Velocity
Sector x Age

Sector x Velocitv

Age x Velocity

Ethnic x Sector x Age x Velocity

0.6847%*% {0.122)

0.032 (0.070)

~1.389 (1.420)

3.031 (1.112) ** 0.657 (0.310) * 0.705%**

0.730 (0.404) —0.055 (0.080)

0.834 (0.717)
0.028 (0.023)
0.007 (0.011)
0.007 (0.052)

0.720%%* (0.160)
0.096 (0.247)
2.270 (1.829)
0.031 (0.028)
0.048 (0.058)
0.036 (0.035)
0.291 (0.399)
0.203 (0.527)
0.519 (0.426)
0.060 (0.060)
0.108* (0.046)
0.078 (0.064)
-0.031 (0.027)

0.727%%% ((.148)
0.213 (0.146)
2.675 (1.702)
0.031 (0.027)
0.053 (0.057)
0.028 (0.029)
0.100 (0.373)
0.143 (0.508)
0.556 (0.383)
0.046 (0.058)
0.076 (0.042)
0.090 (0.063)
~0.020 (0.024)

Year f.e. No Yes Yes No Yes Yes

Region fe. No Yes Yes (QC) No Yes Yes (QC)

Observations 1.128 1,128 1,128 1.128 1,128 1.128

R? 0.066 0.084 0.230 0.068 0.103 0.081

Adjusted R? 0.062 0.073 0.207 0.061 0.079 0.067

F Statistic 19.71% 7.30% 7.75% 6.61* 4.35% 5.77%
(df=1123) (df=1113) (df=1121) (df=1113) (df =1098) (df=1110)

Note:

#p<0.1; #*xp<<0.05; ##xxp<0.01 and standard errors are in parentheses.

Table 5: Estimates of the effect of social velocity factors and interaction terms on second year survival rate.
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Survival rate at third year, S (t+3)

(6) (7 (8) 9) (10) (11)
Ethnic orth 3.244%%% -34.953%* 37.189%** L 3.TLTRRR(0.926) ~6.058%F (2.194) ~7.554%%* (1.711)
Sector orth 0.549%*% -5, 152%%* ~0.014 (0.287) . 0.630*** (0.093) —0.470*** —0.365%** (0.109)
Age orth 0.933%** 4.998%** 1.813%%* 0.904%%%(0.162)  0.897***F (0.181) 0.847*** ((.172)
Velocitv orth . 0.111 (0.083) -3.649* ~2.718%* . 0.129 (0.096) —0.463 (0.286) —0.628** (0.206)
Ethnic orth squared 0.465 (0.884) 3.847 (2.087) 5.321%F (1.992)
Sector orth sauared . 0.058% (0.027)  —0.064* (0.032) —0.039 (0.031)
Velocity  orth squared 0.039 (0.063) 0.035 (0.067) 0.057 (0.064)
Age orth sauared . 0.003 (0.013) 0.078 (0.040) 0.111** (0.039)
Ethnic x Sector 0.217 (0.462) 0.164 (0.429)
Ethnic x Age 0.107 (0.622) —0.111 (0.581)
Ethnic x Velocity 1.039% (0.488)  1.438%* (0.477)
Sector x Age 0.130 (0.069) 0.106 (0.064)
Scctor x Velocity 0.112% (0.054) 0.086 (0.051)
Age x Velocity -0.053 (0.077) -0.102 (0.073)
Ethnic x Sector x Age x Velocity ~0.045 (0.030)  —-0.037 (0.029)
Year f.e. No Yes Yes No Yes Yes
Region fe. No Yes Yes (QC) No Yes Yes (QC)
Observations 975 975 975 975 975 975
R? 0.087 0.165 0.254 0.092 0.183 0.309
Adjusted R? 0.083 0.153 0.228 0.084 0.158 0.273
F Statistic 23,.12* 13,.51* 9.5.5* 8,6‘.1* 7,2l9* 8.61%

(df=970) (df=960) (df= 968) (df =960) (df = 945) (df = 926)

Note:

#p<0.1; #*xp<<0.05; sx+p<0.01 and standard crrors are in parcntheses.

Table 6: Estimates of the effect of social velocity factors and interaction terms on third year survival rate.

Average Marginal Effect of Social Velocity Factors on Survival Rate, 2014-2020 Average Firm Survival Rate Across UK Authorities,
2014-2020
Firstyeor sunvival  EMPIC Average survival rate
Sector
Age 100
Velocity
S 40 @ 20 0 0 10 20 80 TR
second year survival  Efhnic = 60
Sector
Age
Velocity 40
% o0 3 2 0 o 10 20
. " 20
Third year survival Ethnic R |
Sector
Age -
y Year 1 Year 2 Year 3
Velocity
50 40 % 20 10 0 10 20 Year after birth
P ] Srvhala S 10500
Survival a —

Ethaie_ sz
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Sector orth? [r—p— Velacity arth

Figure 3. Empirical results. A shows the average marginal effects of each social velocity factors on B average survival
rates of UK firms across year 1, 3. Cshows the interaction between ethnic and sector factors for survival 1. D and
E show the velocity multiplier effect through its interaction with sector and ethnic terms during year 1 and year 3

survival respectively.

18



Draft Working Paper

6.1. Social Velocity as Structural Predictors of Firm Survival Overtime

Across all models, workforce age, the proxy for linking capital, is the most consistent and significant
predictor of firm survival, with effects growing over time (from 0.338 in year one to 0.933 in year three).
This suggests that experienced labour pools enhance resilience through tacit knowledge, institutional
memory, and access to external networks. Ethnic diversity, by contrast, becomes increasingly negative
over time (-2.418 in year two, —3.244 in year three, both significant at 1%), indicating early, stage trust
frictions and coordination costs in heterogeneous settings. Sectoral diversity also shows a stable negative
effect (-0.549 to —0.630 by year three), implying that without institutional coherence, cross, sectoral
variety may dilute identity and hinder coordination. Commute velocity is insignificant in linear form
but gains importance in interaction terms, reinforcing its relational function within infrastructure

systems.

6.2. Ethnic and Sector Interaction: Fragile Complementarity

In Model (11) for year, one survival, the interaction between ethnic and sectoral diversity is positive
and statistically significant (0.413, p < 0.05), suggesting that the costs of heterogeneity may be partially
mitigated in settings characterised by industrial pluralism. One interpretation is that occupational
heterogeneity broadens matching opportunities or facilitates the coexistence of diverse consumer niches.
However, this complementarity is modest in scale and statistically fragile, it disappears in later models

and never dominates first, order effects. Diversity, in short, is not self, correcting; it needs help.

6.3. Velocity as a Social Multiplier

The strongest evidence for velocity’s economic impact emerges through its interactions with diversity.
In year, three models, commuting inefficiency (high velocity) intensifies the negative effects of ethnic
and sectoral fragmentation unless offset by interaction effects. Model (11) shows a positive and
significant Ethnic x Velocity term (1.438, p < 0.01), suggesting that in slower, moving, tightly, knit
regions, social cohesion buffers the frictions of diversity. Similarly, Model (10) finds a positive Sector x
Velocity interaction (0.112, p < 0.05), indicating that low, velocity settings can stabilise the risks of
industrial mismatch. These results highlight that infrastructure amplifies local conditions, it multiplies
rather than neutralises social capacity. Velocity’s effect also varies over time. In early stages, especially
in dense cities with poor infrastructure, relational density compensates for mobility frictions, consistent
with Duranton and Puga’s (2001) incubation model and Glaeser’s findings on congested innovation
hubs. As firms mature, they relocate to better, connected peripheries to scale. Thus, velocity’s role is
lifecycle, dependent: social capital dominates early, infrastructure capital later, underscoring their

complementarity in firm survival.

6.4. Regional Analysis

Comparing region, fixed and microregion, fixed (QC) models reveals key spatial dynamics in how social
velocity affects firm survival. Ethnic diversity shows stronger negative effects at the microregional scale:
in Model (8), SF, the coefficient reaches —37.189*** compared to —34.953*** in Model (7). This suggests
that diversity frictions are most intense where firms depend on immediate labour pools and informal
networks, subregional cohesion matters more than regional averages reveal. Conversely, sectoral
diversity has a more negative impact at the regional level. In Model (7), SF, its coefficient is —5.152%***
while it is insignificant in Model (8). This implies that sectoral dynamics, such as supply chains and
training institutions, function at broader spatial scales. Age is a strong positive predictor in all models

but is amplified in region, fixed setups, indicating interaction with wider demographic or institutional
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contexts. Commute velocity is only significant in microregional models (e.g., —0.628**, Model 6),
showing that infrastructure constraints are locally binding, regional averages obscure these frictions.
Together, these results reinforce the Social Velocity thesis: bonding, bridging, and linking capital all
influence survival, but their effects are deeply place, contingent. Velocity acts as a spatial multiplier,
shaping whether diversity supports resilience or rupture. Firm survival is not generic, it is embedded,

networked, and structured by local infrastructure.

6.5. Threshold Effects

Variable Year Model Lincar Coef. Quadratic Coef. #* (SD units) Turning Point (Original Units) Shape Significant?
Velocity S (t+1) +0.256* —0.069** +1.855 22.63 minutes Inverted, U Yes
Sector S (t+3) 0.630%** 0.058%* +5.43 16.34 sectors Inverted, U Yes
Ethnic S (t+3) ~T.554%FF +5.321%%* +0.71 1.46 diversity index U, shaped  Yes
Age S (t43) H0.8477FH* +0.111%* -3.816 41.03 years U, shaped  Yes
Velocity S (t+3) —0.628%* —0.057* +5.51 23.92 minutes Inverted, U Yes

Table 7: Threshold effect for significant quadratic terms.

01 QOQO%®IAQD qoxy T po [T (12)
Turning Point,g 1 —f (13)

To detect inflection points in social velocity predictors, we use a quadratic model (12) where xis a z,
scored predictor. The turning point is calculated using formula (13) then converted back into original

units, scaling with the variable’s standard deviation and mean.

A B C D
S3 Survival S3 Survival S3 Survival $3 Survival
100 1 65 - 60 - 60 -
L L
90 4
60 -
80 4 55 4 55 4
70 4 55 1
60 4 50 4 50 4
50 -
50 4
40 — 45 - 45 - S A
32101 2 3 4 5-4-3-2-1012345 5-4-3-2-1012 345 -5-4-3-2-1012345

Ethnic z-score Age z-score Sector z-score Velocity z-score

Figure 4: Turning point for various social velocity factors for third year survival rate.

Firm survival exhibits clear non, linear dynamics. Quadratic models reveal threshold effects across all
Social Velocity components, indicating that their impacts are context dependent rather than uniformly
linear. In Model (10), survival peaks at 22.6 minutes of average commute time, shorter times reflect
cohesive, locally embedded labour markets, while longer commutes introduce friction, delay, and spatial
mismatch. Sectoral diversity enhances resilience up to around 16.3 distinct sectors; beyond that,
excessive fragmentation weakens inter, firm coordination and limits productive spillovers. To compare
effects across variables measured in different units, such as commute time (minutes), average age (years),

or diversity indices, all inputs are converted into z, scores. A z, score represents the number of standard
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deviations a given value is from the sample mean. This standardisation enables us to identify turning
points (thresholds) on a common scale, assess the relative magnitude of each factor, and generate

interpretable quadratic curves.

Model (11) with QC microregion effects identifies three more inflection points. Ethnic diversity is U,
shaped, with a minimum at 1.46, below this, diversity hinders cohesion; above it, it boosts resilience via
broader networks. Workforce age also follows a U, shape, with 41 years as the low point; both younger
and older cohorts offer benefits like energy or institutional knowledge. Commute times beyond 23.9
minutes hurt survival in microregions where firms lack alternatives. These findings support Hansen’s
(1999) argument that resilience depends on structural thresholds, not just marginal changes. Region,
level models capture sectoral trends, while microregion models reveal social dynamics, suggesting
tailored policies are essential. Interventions must be sensitive to whether a locality is above or below

these turning points to avoid backfiring or unlock latent firm resilience.

Survival rate at second year, S (t+2) Survival rate at third year, S (t+3)

(14) (135) (14) (15)
Ethnic orth 0.974 (1.046) 0.965 (2.038) 2.588% (1.243) ~3.458 (2.364)
Sector orth ~1.044*%%% (0.203) ~1.002%* (0.357) ~1.613*** (0.233) ~1.698%** (0.389)
Age_orth ~0.767 (0.603) -1.224 (0.982) —0.323 (0.676) ~1.360 (1.044)
Velocity__orth -0.066 (0.107) -0.013 (0.155) -0.301* (0.125) -0.212 (0.174)
Ethnic orth squared 3.213 (4.868) 2.676 (6.264)
Sector__orth squared ~0.142 (0.186) 0.038 (0.210)
Velocity orth squared - 0.982 (0.794) — 1.304 (0.873)
Age_orth squared E 0.006 (0.088) - 0.171 (0.103)
Year f.c. No No No No
Region fe. No No No No
Observations 1128 1,128 975 975
R? 0.0298 0.033 0.0633 0.068
Adjusted R? 0.0263 0.027 0.0594 0.060
F Statistic 8.G2%%* (4, 1123) 4.85%F% (df = 8, 1119)  16.38%** (4, 970) 880 (df = 8, 966)

Table 8: Estimates from Spatial Durbin Models of impact of various social velocity factors on second and third

year survival rates

Survival 1 [ tEthnic 5 r tSector j 7 tAge Pl t Velocity i mtSurvival ; R

Survival | B 1 ®; B 1 @ j mt Survival ;R (15)

6.6. Spatial Durbin Model: Jacob or Marshall Externalities
The theoretical divide between Jacobian and Marshallian externalities remains central to urban

economics. Jacobs (1969) argued that sectoral diversity drives innovation through inter, industry idea
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exchange, while Marshall (1920), and later Arrow and Romer, stressed that specialisation improves
productivity via deeper labour pooling, lower transaction costs, and intra, sector spillovers. Both
perspectives hold merit, but recent evidence suggests that their relevance depends on a firm’s lifecycle,
industry context, and spatial scale. Empirical findings remain mixed: Boschma and Wenting (2007) find
that sectoral proximity aids firm survival in Dutch manufacturing, Cefis and Marsili (2005) along with
Fackler et al. (2013) show that young firms rely on sector, specific routines and are more exposed in
diverse environments. However, few studies test whether these externalities cross spatial boundaries, an
oversight given the functional integration of commuting, supply chains, and knowledge flows in modern

urban systems.

To evaluate whether sectoral diversity affects firm survival locally and across neighbouring areas, we
estimate a Spatial Durbin Model (SDM) using UK local authority panel data. The SDM, following
Anselin (1998) and LeSage and Pace (2009), captures both direct (own, region) and indirect (spatial
spillover) effects. Two models are estimated: DM1 (linear terms only) and DM2 (with quadratic terms)
across two horizons, SurvivalF (t+2) and Survivalf (t+3). This framework controls for spatial
autocorrelation and structural feedback, aligning with applications in Serinaldi et al. (2020), Edwards
et al. (2018), and Bee et al. (2023). It is particularly suited to the UK's fragmented spatial economy

and allows testing whether sectoral variety enhances survival or diffuses fragility.

Sectoral diversity has a consistently negative impact on firm survival across all SDM specifications. In
DM1-Survivalf, Sector_orth has a coefficient of —1.613 (p < 0.001), and in DM2-Survivalf, —1.698 (p
< 0.001), with no evidence of non, linear reversal. These results support the Marshallian hypothesis
that specialisation fosters resilience, while excessive diversity introduces coordination costs and weakens
spillovers. Commuting velocity shows marginal negative effects (-0.301, p < 0.05), while workforce age

exhibits a weak U,

9 ?
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