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Abstract

Evolutionary Economic Geography (EEG) explores how industries cluster, networks evolve, and
regions grow, yet often overlooks gender. This study introduces a gender-sensitive framework,
extending Related and Unrelated Variety (RV and UV) measures through a three-stage entropy de-
composition. Findings reveal that RV and UV respond differently as women’s employment share
increases, showing increasing returns when women are underrepresented. Thus, promoting
women'’s participation in male-dominated industries can more effectively enhance labor market dy-
namics than concentrating them in already female-dominated sectors. This underscores the impor-
tance of not only encouraging women'’s labor market participation but also considering the sectors
in which they are employed.

Keywords: gender and knowledge spillovers; related variety; unrelated variety; regional economic
growth; labor market composition; evolutionary economic geography..
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Highlights

* Gender differences affect the dynamics of knowledge spillovers across industries.

* Traditional measures of Related and Unrelated Variety overlook gender dimensions.

* A three-stage decomposition is proposed to capture gender-based knowledge spillovers
within and between industries.

* Theoretical results show that the gender composition of industries significantly shapes the
behavior of knowledge spillovers.

* Increasing female employment in male-dominated industries is more effective for
enhancing knowledge diffusion and regional growth.

1. Introduction

According to the definition provided by the World Health Organization®, gender refers to the socially
constructed characteristics and roles of women and men, while sex refers to biologically determined
traits. Individuals are born female or male but learn to become girls and boys who grow into women

* https://www.who.int/europe/health-topics/gender
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and men. This learned behavior shapes gender identity and defined gender roles. Economic theory be-
gan incorporating gender through early contributions such as Hakim (2000), who introduced prefer-
ence theory to explain women’s choices between paid employment and family work.

Despite a growing body of empirical literature on gender in labor economics, Evolutionary
Economic Geography (EEG) has yet to meaningfully integrate gender into its conceptual and empirical
frameworks. In labor economics, research has extensively documented the persistence of gender gaps
in wages and employment outcomes (Blau and Kahn 2017) as well as the broader economic costs of
talent misallocation due to gendered barriers in labor markets (Hsieh et al., 2019). However, these
insights have rarely been connected to EEG’s core concerns—namely, knowledge spillovers and spatial
development. Recent work in economic geography has emphasized the role of institutions and inclu-
sivity in shaping development outcomes. Rodriguez-Pose and Ketterer (2020) and Rodriguez-Pose and
Ganau (2022) show that institutional exclusion fosters long-term underperformance and discontent.
Giannantoni and Rodriguez-Pose (2025) further demonstrate that the institutional capacity of regional
governments significantly influences women's ability to reconcile career and motherhood, affecting
both labor participation and regional growth. More broadly, Rodriguez-Pose (2018) has argued that
regions failing to include their populations in development processes risk becoming the so-called
“places that don’t matter.” At the same time, research on economic complexity highlights that innova-
tion increasingly depends on the recombination of knowledge in diverse environments. Balland et al.
(2020) show that complex activities concentrate in large cities not simply because of their size, but be-
cause of their potential for knowledge recombination. Excluding women from these recombination
spaces means leaving untapped a significant share of local innovation capacity. A growing body of eco-
nomic research has investigated differences in the behavior of women and men in the labor market
and the resulting consequences for gender segregation. Gender segregation—defined as the domi-
nance of one sex in a particular occupation, or the overrepresentation of one sex relative to its
expected share—can be horizontal or vertical. Horizontal segregation typically refers to the unequal
distribution of women and men across industries and occupations, while vertical segregation reflects
disparities in career progression, status, and leadership access. Segregation often constrains women'’s
participation in the labor market. However, higher participation rates do not necessarily reflect greater
gender equality or female empowerment. Due to the uneven distribution of women and men across
sectors, increases in female labor force participation tend to be concentrated in industries where
women are already overrepresented. Ngai and Petrongolo (2017) argue that women have a compara-
tive advantage in service production. In Italy, the evolution of the production structure—particularly
the process of de-specialization since 1995 (Martini 2020)—has increased employment in services, thus
boosting women’s employment in these sectors (Olivetti and Petrongolo 2016; Petrongolo and Ronchi
2020). Addressing occupational segregation is essential to closing the gender wage gap, improving job
quality and earnings, and increasing women'’s labor force participation. Beyond the individual level,
employment segregation also affects economic growth, household welfare, firm performance, and
intergenerational social mobility. Reducing segregation can generate a virtuous cycle, in which in-
creased female participation in high-return occupations fosters stronger professional networks and
challenges prevailing social norms (Das and Kotikula 2018). Nonetheless, women’s labor market out-
comes continue to be shaped by institutional and cultural factors, including welfare regimes, employ-
ment protection policies (Hall and Krueger2018), and social norms (Alesina et al., 2013).

Despite rising interest in integrating gender into various branches of economic analysis, gender
remains largely invisible in EEG models—even though it significantly shapes how knowledge flows.
How can gender—through differences in employment segregation, social networks, and innovation
behavior—reshape the way we understand proximity and knowledge spillovers in Evolutionary
Economic Geography? Traditional EEG models assume gender homogeneity. But how limiting is that
assumption in explaining real-world patterns? If gender shapes knowledge diffusion, can we continue
to rely on gender-blind frameworks in EEG? Furthermore, EEG is concerned with the uneven spatial
distribution of economic activities, focusing on the historical processes that produce these patterns,
with Nelson and Winter's (1982) concept of organizational routines as the central unit of analysis
(Boschma and Frenken 2011). As Ter Wal and Boschma (2011) argue, firms differ widely in their capa-
bilities, strategies, and routines.

Yet Nelson and Winter’s routines assume homogeneous human capital. In practice, individuals
within firms are heterogeneous: they differ in values, beliefs, preferences—and gender (Felin et al.,
2012). These differences are central to understanding organizational performance and innovation
(Abel et al., 2008; Grant 1996; Simon 1991). Empirical evidence shows that gender diversity enhances
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knowledge outcomes (Nielsen et al., 2017; Valantine and Collins 2015) and fosters innovation by intro-
ducing diverse perspectives (Sastre 2015; @stergaard et al., 2011; Jackson et al., 1995; O'Reilly et al.,
1997; Xie et al., 2020).Gender diversity also brings social benefits by contributing varied value systems
and behavioral tendencies—for example, men tending to be more assertive and task-oriented, while
women are often more process-focused and collaborative (Karakowsky and Siegel 1999; Wood et al.,
1985). Meta-analyses confirm that gender-diverse groups outperform homogeneous ones (Bowers
et al., 2000; Williams and O'Reilly 1998; Wood et al., 1985). More recent research shows that gender-
diverse boards are linked to higher patenting rates, more novel innovations, and greater innovation ef-
ficiency (Griffin et al., 2021), while women in management roles significantly contribute to R&D and
organizational innovation (Herndndez-Lara et al., 2021; Torchia et al., 2018). Consequently, the as-
sumption of homogeneity in Nelson-Winter routines should be revised to reflect gender heterogeneity.
In the context of industry relatedness and knowledge spillovers, a central question arises: do firms
learn more from local firms in the same industry (regional specialization) or from local firms in other
industries (regional diversity)? In other words, are the most innovative and fast-growing regions
sector-specialized or diversified? Although regional diversification is widely seen as critical for creating
new growth paths and offsetting stagnation (Boschma and Gianelle 2014), the causal relationship be-
tween regional industrial structure and growth remains ambiguous. While Marshall-Arrow-Romer
(MAR) externalities emerge from intra-industry interactions, Jacob’s externalities derive from inter-
industry spillovers. From this perspective, knowledge exchange across sectors is crucial for innovation,
and economic diversity is a key driver of urban prosperity. However, as Jacobs (1961, 1969) empha-
sized, diversity alone is not sufficient—effective complementarities and shared “pools of use” are re-
quired. When cognitive distance is too great, recombination becomes ineffective (Nooteboom 2000;
Aarstad et al., 2016). By contrast, knowledge flows between related sectors are more likely to enable
novel recombination and stimulate innovation. The literature has conceptualized industry relatedness
through the notions of related and unrelated variety, based on the work of Boschma (2005), Frenken
etal. (2007), and Boschma and Iammarino (2009), using Theil’s entropy index (1965, 1967). Related vari-
ety enables Jacobs-type externalities across cognitively similar sectors, promoting innovation.
Unrelated variety, meanwhile, captures cross-sectoral diversity that—according to portfolio theory—
enhances regional resilience and mitigates labor market vulnerability to shocks. Frenken et al. (2007)
developed a two-level entropy-based decomposition to differentiate between these two forms
of variety.

In conclusion, integrating gender into EEG requires rethinking its micro-foundations by relaxing the
assumption of individual homogeneity. Proximities are shaped not only by industrial and spatial fac-
tors but also by gender segregation: men and women are unevenly distributed across industries, which
influences both relatedness and knowledge diffusion. As such, industry relatedness itself may need
to be reconceptualized. Innovation and regional growth trajectories may be accelerated—or
constrained—depending on the degree of gender equality in labor force participation and the extent of
occupational segregation. In this contribution, we extend Frenken et al. (2007) entropy-based decom-
position to incorporate a gender dimension. Specifically, we propose a three-stage decomposition that
yields five indicators: one capturing overall gender diversity in the economy, and four measuring re-
lated and unrelated variety by gender. This refined approach not only improves measurement preci-
sion but also exposes structural asymmetries in how knowledge flows within gendered labor markets.
To our knowledge, this is the first study to examine the intersection of gender, knowledge spillovers,
and regional growth using entropy-based indicators. The remainder of this paper is structured as fol-
lows. Section 2 outlines the conceptual framework of knowledge spillovers and industry relatedness.
Section 3 presents the standard entropy-based decomposition of related and unrelated variety. Section
4 introduces our gender-sensitive three-stage decomposition and describes the construction of five
novel entropy indicators. Section 5 reports the main empirical findings. Finally, Section 6 discusses
policy implications and offers directions for future research.

2. From variety to related and unrelated variety: one stage decomposition

Related and Unrelated Variety (Boschma 2005; Frenken et al. 2007; Boschma and Ilammarino 2009) are
derived from Theil’s index (1967), an inequality measure rooted in Shannon’s (1948) entropy. The
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Table 1. Glossary of symbols and measures.

Symbol Meaning Definition

j Region Index for territorial unit.

K e {F, M} Gender Female (F) or Male (M).

G g-digit industry Intermediate industry level.

i i-digit industry Detailed industry level within g.
G Numbers of g-digit industries G=>g

N Numbers of i-digit industries N=3Yi.

E; Employment in i-digit i in region j Level within g to which i belongs.
Eg; Employment in g-digit g in region j Sum overi € g of Ej;

Egj Employment of gender K Ej =Ep+Ey

Exg Employment of gender K in 2-digit g Sum over i € g of Eg;

E; Total employment in region j Sum over alli (or g, K).

Djj Share of iin region j P = E;/E;

Pxij Share of K and iin region j Pxij = Exij /Ej

Py Shareof ginregionj Py = Eg/E;

Py Share of K and g in region j gj = Exgj/Ej

Py; Gender share in region j Py; = E;/E;

VAR Total variety over i-digit VAR = -y N, Pin(P)

uv Unrelated variety across g-digit Uuv = [chzl Pgln%]

RV Related variety within g (overi e g) RV = chzl PyH,

UV, Diversity between genders UV = Y5, Peln(#)

UVig Diversity of g within each gender 2, P Hg where H, = Zgzl %ln(%)
RVg Within-(g, K) diversity over i 25:1 PrgHyg Where Hy = [}, }%In(%‘f)}

exponential form of Shannon’s entropy possesses three key properties that support its application as
an indicator of industrial variety (Straathof 2007). First, when all industries carry equal weight, the in-
dex equals the total number of industries. Second, the index is decomposable. Third, it is invariant to
the addition or removal of industries with zero employment share. Variety, in this context, is under-
stood as decomposable into two distinct components: inter-sectoral diversity, referred to as Unrelated
Variety (UV), typically calculated at a higher level of aggregation (e.g., g-digit industry codes); and
intra-sectoral diversity, or Related Variety (RV), measured at a more detailed level (e.g., i-digit codes).
Higher values of UV and RV indicate lower industry concentration. From a theoretical perspective,
Related Variety supports innovation through knowledge spillovers within similar industries, reflecting
Jacobs’ externalities. In contrast, Unrelated Variety captures the breadth of economic activities across
sectors and serves—under portfolio theory—as a mechanism to buffer regions from sector-specific
economic shocks, thereby enhancing labor market resilience. To improve readability and ensure con-
sistency across sections, Table 1 provides a glossary of symbols and measures used throughout
the paper.

Following Frenken et al. (2007), we organize economic activities in a tree with an overall root and
two tiers. The root aggregates all activities. The upper tier (Level g) groups industries at the g-digit
level, and the lower tier (Level i) contains the more granular i-digit categories (Fig. 1). This decomposi-
tion is classification-agnostic: it applies to any hierarchical taxonomy (e.g., NACE, ISIC, NAICS, SIC, or
a bespoke scheme) provided groups are mutually exclusive and exhaustive and the ordering from fine
to coarse is well defined.

Following Attaran (1986), the variety measure -VAR- will compare the regional employment distri-
bution against a uniform employment distribution where the employment is equally distributed in all
the industries. The measure of industrial Variety in each region is: 2

2 The choice of logarithm base in entropy-type variety measures is immaterial up to a constant rescaling. By the

change-of-base identity,log,x = Inx/Inb, any entropy expression Hy(p)=Y;pilog,(1/p;) satisfies Hy(p)=H.(p)/In2 and
He(p) = (In2 )H,(p). Consequently, a VAR index (and its decomposition into related and unrelated variety) computed with
log base 2 is numerically equivalent to the same index computed with natural logs, up to the positive factor 1/In 2. This
preserves all economically relevant content—rankings across regions or sectors, comparative statics, and inference in
regressions (coefficients and standard errors simply scale by the same constant)—while only changing the units (bits
vs. nats).
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Roat Level All activities

g lLe g-digit g-digit

i Level

Figure 1. Two levels hierarchical structure.
N
VAR(P1, Py, ....Pn)=—> Pin(P) (2.1)
i=1

where P; = %’ Ej representing the number of employees in i-digit industry within region j, and E; denot-
ing total employment in region j. N is the total number of i-digit industries. The value of VAR lies
within the interval 0 <VAR<In(N). The lower bound, VAR =0, represents maximum concentration
and occurs when all employment is concentrated in a single industry (ie, E; = E; for one i and 0 for all
others). The upper bound, AR =1n(N), reflects maximum dispersion and corresponds to a perfectly
uniform distribution across all the industries. VAR depends solely on N, and the vector of employment
shares P= (P4, P,, ....P,). Itis a symmetric continuous function of P; depending only on their relative
magnitude and not on their order. If one industry, (say the n'), is subdivided into two sub-industries
with relative share gq; and g5, the new measure of VAR equals the original VAR plus the conditional di-
versity within those industries (Hackbart and Anderson 1975). However, VAR does not identify the opti-
mal distribution of employment, as different combinations of employment shares may yield the same
level of variety. Using pre-defined hierarchical industry classification, the VAR index can be decom-
posed into Related Variety (RV) and Unrelated Variety (UV). Following Frenken et al., (2007) the i-digit
industry can fall exclusively under g-digit industry, and P, can be defined as:

Py=) P (2.2)

ieg

where Py = i—? is the employment at g-digit in region j on the total employment in region j. Using equa-
tion (2.2) equation (2.1) can be rewritten as:

VAR = i > Pin <Pll) (2.3)

g=1 ieg
And rearranging® the Variety in (2.1) becomes:
VAR =RV 4 UV (2.4)

UV ranges from 0, -when all employment is concentrated in a single two-digit industry, to In(G),
when employment is evenly distributed across g-digit industry. RV ranges from 0 when each g-digit
industry’s employment is fully concentrated in one of its i-digit sub-industries- to In(N) —In(G) when
employment is uniformly distributed across all i-digit industries within each g-digit category (Castaldi
etal., 2015, Fritsch and Kublina 2018).

3 Adetailed derivation is provided in appendix 1.
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Root Level All activities

Gender Level Females
g ley g-digit

i Level i-digit i-digit i-digit
Figure 2. Three levels hierarchical structure.

3. Including gender into the analysis: the two-stage variety decomposition

Variety and its decomposition in Related and Unrelated Variety previously analyzed do not consider gen-
der. Including gender in the analysis means including another dimension. Consequently, entropy decom-
position will be based on a three-level hierarchical structure (Akita 2003, Wu et al., 2018). The
hierarchical structure previously described needs to be modified, and Fig. 1 previously shown becomes:

Economic activities are organized into a three-tier hierarchy (Fig. 2): the gender level, the g level
(g-digit industries), and the i level (i-digit industries).Total employment in region j, denoted E;, is di-
vided into K subgroups, with K=1, 2 where K=1 corresponds to the number of males and K=2 to the
number of females employed in region j. Let P, = %’ denote the share of females or males’ workers in
region j relative to the total employment i.e Py, :%9" Let Py, denote the share of males or females
employed in g-digit industry in region j, relative to total employment. Employment in each g-digit in-
dustry is then further distributed across its corresponding i-digit industries. Let Pyy; represent the share
of male or female workers employed in i-digit industry in region j, again relative to total employment.
According to the decomposition framework provided in appendix 2, the overall Variety measure can be
expressed as follows:

VAR = UVp+UVy + RV +RV)y (3.1)
RV
uv

The first component UV, captures gender-based diversity across the entire economy. It reflects dis-
parities between men and women in terms of total employment distribution. UVg ranges from 0 to In
(K) where UVk=0 when % =1 i.e when all employed individuals belong to the same gender, and it
reaches its maximum in correspondence of In(2) when men and women are equally distributed across
the labor force. The measure is symmetric with respect to gender and reaches its peak under perfect
parity. The second component, UVyg, with K=M; F, denotes the Unrelated Variety across g-digit indus-
tries, considering the employment shares of males and females in each industry. It reflects inter-
industry diversity by gender at an intermediate level of aggregation. The sum UVg+ UV, reproduces
the overall Unrelated Variety (UV) as proposed by Frenken et al. (2007), now disaggregated by gender.
Finally, RVx with K=M,; F represents the Related Variety (RV) within i-digit industries, again computed
separately for men and women. This component captures intra-industry diversity within each g-digit
industry, based on the gender distribution at the most detailed level of classification.

4. Exploring related and unrelated variety measures

Building on the idea that gender can shape knowledge spillovers both within and across industries—
and given that female and male employment shares differ systematically across sectors—we examine
how Related Variety (RV) and Unrelated Variety (UV) respond to an increase in the female share. We
consider three thought experiments: (i) changes in RV when female employment rises in a single i-digit
industry i(holding all other cells constant); (i) changes in UV at the g-digit level when female employ-
ment rises in a single g-digit industry; and (iii) changes in between-gender UV (UVK) when female em-
ployment increases economy-wide. In addition, the appendix provides a tabular summary of the
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methodological and interpretive implications of two broader employment-variation scenarios—
proportional shocks and simultaneous multi-cell shifts—within the entropy-based RV/UV decomposi-
tion framework.

4.1 Question 1: How does RV change when the numbers of females increase in
only one i-digit industry?

The results obtained in appendix 3 highlight that if females’ employment increases in only one i-digit in-
dustry, all the other things being equal, this change will impact the RV measure. Nevertheless, RV, under
our decomposition, is the sum of RV and RVy where RV captures the differences within industries at
the i-digit level for females and RVy captures the differences within industries at the i-digit level for
males. Furthermore, our results highlight that RVy and RVy, display different behavior. When female em-
ployment (Eg;;) increases in a single i-digit industry, RVF initially increases if the original female shares
in that industry (sF;;) is below the equal distribution (ie, less than 50%). This suggests that introducing
more females into a male-dominated industry is beneficial for knowledge spillovers among females.
However, once the share reaches the equal distribution, further increases in female employment cause
RVF to decrease. This implies a decreasing return effect on Related Variety, where the diversification
benefit plateaus and then diminishes as the share becomes highly skewed towards females (Fig. 3.a).
Since male employment is held constant, the increase in female employment automatically leads to an
increase in the industry’s total employment, thereby reducing the proportional share of males.
Consequently, RVM shows a continuous decrease, following a hyperbolic trend (Fig. 3.b). The total RV
(the sum of RVF + RVM) is thus determined by the relative magnitudes of the two opposing effects
(Fig. 3.c). This leads to the conclusion that the total change in Related Variety is heavily dependent on
the initial gender share in the industry. Gender has an impact on Related Variety, and this change is sen-
sitive to the initial conditions (the current female share), exhibiting non-linear effects.

@ - (b) -,
w s
-3 2

25

0
EF11 EF11

EFA1

Figure 3. (a) Changes in RVy when the numbers of females increase in only one 5-digit industry. (b) Changes in
RVy when the numbers of females increase in only one 5-digit industry. (c) Changes in RV when the numbers of
females increase in only one 5-digit industry.
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4.2 Question 2: How does UVg, changes when the numbers of females
increase in only one g-digit industry?

The results obtained for UVyg, as shown in appendix 4, mirror those for Related Variety in their concav-
ity. When female employment increases in a single g-digit industry, the female-specific measure UVgg
rises as long as the distribution of female employment across industries moves closer to equipartition.
Once this distribution becomes more concentrated in a single industry, UV, begins to decrease. This
reflects the well-known property of entropy, which attains its maximum under uniform distribution
across all categories. In parallel UVy, decreases monotonically as female employment expands while
male employment is held constant, producing a hyperbolic-shaped decline. The total UV = UVg + UV
therefore exhibits the same concave behavior identified for RV, confirming that gender composition
significantly influences not only Related but also Unrelated Variety. Those results are depicted
in Fig. 4.

4.3 Question 3: How does UV changes when the numbers of females increase
in the whole economy?

As shown in appendix 5, UV has the same behaviors as RV and UVp,. It increases when EF < EM and
decreases when EF > EM. The relationship previously explored can be summarized as follows. Assume
an increase of females’ employment: EF 1 — UV}, changes. EM remains unchanged.

UVy 1 if EF <EM
UV, | if EF > EM

By hypothesis, EF will increase only the employment in one g-digit industry:

AEF = AErgg1
6%

VMg l if p __ Ergg=1 P _ Emggr
UVEg T ) ) 1 Fgg=1 = E <PMgig=1 e
UV, 1 but with decreasing returns if Prgg—1 = =% > Puygg—1 = 5=

By hypothesis AEr;,4-1Will increase only the employment in one i-digit industry:

AEpgg—1 = AEFii

RViyg | . E E
RVFQ T ) ) lf PFi;l:l = EFE:1 <PM1:i:1 = EMEZ1
RVr, 1 but with decreasing returns if Prijo1 ==+ > Pyion = ¢

The UVF increases when the total female employment (EF) is less than the total male employment
(EM) and decreases when EF exceeds EM. This general finding reinforces the central message: variety
measures for a specific gender are maximized near the point of equal gender distribution (EF ~ EM),
and the effect of employment growth is positive when starting from a minority position, but experien-
ces a decreasing return once the equal distribution is surpassed.

These results show that gender composition acts as a moderating factor for knowledge spillovers
(as captured by RV and UV). The largest boost to gender-specific variety is achieved when the gender
that is in the minority increases its presence, driving the composition toward parity. Once parity is
reached, further growth of that gender’s share reduces the measure of variety for that group, indicat-
ing a loss of internal diversity among the group’s members as the sector or economy becomes over-
whelmingly dominated by them. This confirms two main conclusions: first, gender has a significant
impact on both Related Variety and Unrelated Variety, second, the effect of a shock (employment in-
crease) is dependent on the initial conditions (the pre-existing gender share).
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Figure 4. Changes in UV by gender when the numbers of females increase in only one g-digit industry. (a) Changes in
UVg; when the numbers of females increase in only one 2-digit industry. (b) Changes in UVM, when the numbers of males
increase in only one 2-digit industry. (c) changes in UV when the numbers of females increase in only one 2-digit industry.

5. Empirical evidence

The theoretical results should be validated through empirical analysis. Data on employment by sector
of economic activity is provided by Istat through the Labour Force Survey (LFS). The analysis is carried
out at the regional level, and the list of Italian regions is reported in Table 2.A. in the Appendix
Information at the i-digit ATECO level is not publicly available but can be accessed upon request. For
the empirical analysis, we therefore rely on the LFS dataset, which classifies economic activities into
twelve categories (CAT12), used here as the i-level. In our case, the g-level corresponds to CATS in the
same dataset, as reported in Table 3.A in the appendix. The observation period spans from the first
quarter of 2008 to the first quarter of 2025. However, following the entry into force of Regulation (EU)
2019/1700 on 1 January 2021, the LFS no longer includes regional identifiers. Consequently, our dataset
covers the period 2008-2020. The data are quarterly, while annual figures are computed as the average
for the four quarters. The list of Italian regions is reported in Table 1.A. For confidentiality reasons,
data for Piemonte and Valle d’Aosta are aggregated and reported as a single unit. Figure 5 shows the
share of employment by region, category, and gender. As can be seen, the share of male employment
varies not only across sectors but also across regions within the same category.

This heterogeneity is also reflected in terms of Related and Unrelated Variety, as shown in Figs. 6.a and 6.b.

The theoretical analysis developed in the previous section has shown that the RV and UV measures
so far proposed in the literature, when disaggregated by gender, respond differently to changes in
male and female employment. They exhibit increasing returns to scale when women are underrepre-
sented in a given industry but decreasing returns when they are overrepresented. The same holds for
men. To empirically test these measures, we relate them to regional Value Added (VA) for the period
2008-2020. The estimated relationship is as follows:

10g(VAj) = a; + f1RVMj; + BoRVEj; + f3UVMj; + BLUVF: + fs UV + & (5.1)
Where j denotes the region and t the time. Equation (5.1) is estimated using a fixed-effects panel

model. Because the covariates are correlated, we evaluated alternative covariate sets and selected the
specification with the lowest multicollinearity.
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Share of Women and Men by Category and Region, 2008 and 2020
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Figure 5. Share of employment by region, category, and gender; 2008 and 2020.

(a) Regional Related Variety (RVF and RVM) in 2008 and 2020 Regional Unrelated Variety (UVF and UVM) in 2008 and 2020

Categoria Categoria
Bl rvr 2008 B w208
B o B oo
et scna et
B rmz0z0 W oo

e Reulone

LT

Figure 6. Regional related and unrelated variety by gender, 2008 and 2020. (a) Related variety by region and gender
2008 and 2020. (b) Unrelated variety by region and gender 2008 and 2020.

Table 2. Estimation results.

Dependent Variable log(VA)

RVF 1.744%% (0.0009)
UVM —0.3117 (0.486)
UVF 2.2983%%* (4.19E-09)
UVK 8.0694%** (9.70E-06)

P value in parenthesis. Significance levels: ***p < 0.001, **p <0.01, *p <0.05, p <0.1.

1og(VAJt) =0 +ﬂ2RVFJt +ﬂ3UVM)t +ﬂ4UVFJt +ﬂ5UVK}t + &jt (52)

Table 2 reports the estimation results with log(VA) as the dependent variable. The coefficients indi-
cate that gender-sensitive measures of Related and Unrelated Variety may be relevant to explaining
regional differences in value-added growth. The coefficient of RVF (Related Variety—Female) is posi-
tive and highly significant, suggesting that intra-industry diversification associated with a stronger fe-
male presence may be linked to better regional economic performance. This pattern is broadly
consistent with the notion that women'’s participation in industries where they remain underrepre-
sented could enhance the scope for cognitive spillovers and innovation, although this mechanism can-
not be formally verified within the current framework. By contrast, UVM (Unrelated Variety—Male) is
negative and not statistically significant, implying that diversification across industries driven mainly
by male employment does not seem to contribute meaningfully to regional growth. The coefficient of
UVF (Unrelated Variety—Female) is positive and significant, indicating that a wider distribution of fe-
male employment across industries may be associated with improved regional outcomes. This associ-
ation might reflect portfolio effects or greater resilience to asymmetric shocks, yet these
interpretations should be regarded as indicative rather than conclusive. Finally, UVK (Unrelated
Variety by Gender) displays a large positive and significant coefficient, which may suggest that overall
gender diversity in regional labour markets is positively associated with value-added growth. Such di-
versity could support complementarities and absorptive capacity, thereby enhancing regional adapt-
ability, although causality cannot be firmly established. Taken together, these results provide
preliminary evidence that gender composition interacts with the dynamics of related and unrelated
variety in shaping regional performance.
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6. Discussion and policy implications

The Evolutionary Economic Geography (EEG) framework has long viewed knowledge spillovers as a central
driver of regional growth, yet it has remained largely gender-neutral. While recent contributions in economic
geography have begun to acknowledge gendered patterns in innovation and labor markets, widely used met-
rics—most notably Related and Unrelated Variety (RV and UV) as developed by Frenken et al. (2007)—still treat
the workforce as homogeneous. By contrast, a substantial body of social-science research has shown that
women and men differ systematically in innovation styles, inter-industry collaboration, knowledge-sharing
practices, occupational choices, and workplace networks. These differences shape how knowledge circulates
within and across industries, especially in contexts where gender segregation is pronounced. This paper
extends the RV/UV framework with a gender-sensitive decomposition that disaggregates variety by gender
and distinguishes intra- from inter-industry components. Theoretical results reveal that variety responds
asymmetrically to changes in gender composition: when women are underrepresented, increases in female
employment raise both related and unrelated variety; once parity is reached or exceeded, marginal gains di-
minish. These dynamics imply that the scope for knowledge recombination is greatest in contexts of strong
gender segregation, where incremental participation by the underrepresented group generates disproportion-
ate spillover effects. Empirically, using quarterly Istat Labour Force Survey data (2008-2020), we show that
female-specific measures of variety are strongly associated with regional value added. In particular, both RVF
and UVF display positive and highly significant coefficients, while overall gender diversity (UVK) is also strongly
positive and UVM remains statistically insignificant. These patterns are broadly consistent with the view that
greater female participation in male-dominated industries may be associated with enhanced cognitive spill-
overs and innovation potential, although the evidence should be interpreted with caution given the correla-
tional nature of the analysis. The policy implications are clear. Rather than reinforcing female concentration
in already female-dominated sectors, interventions should prioritize “low-participation, high-relatedness”
niches. Concrete measures include apprenticeships and scholarships in adjacent STEM and tradable-service
domains, procurement and R&D incentives tied to gender-diversity conditions, and childcare and flexible-
work reforms that unlock participation where spillovers are most likely. Gender balance is therefore not only a
matter of equity; it also represents a productive strategy for fostering regional resilience and long-term growth.
These findings resonate with current European and national debates on gender and innovation, aligning with
the European Union's commitment to gender mainstreaming within Smart Specialization Strategies (S3),
where inclusivity is viewed as a core condition for effective innovation ecosystems. They further support EU
initiatives promoting women’s participation in STEM and digital fields, such as Horizon Europe’s gender equal-
ity requirements and national action plans. Incorporating gender-sensitive dimensions of related and unre-
lated variety into development strategies may thus enhance both the fairmess and the effectiveness of
innovation policy. By explicitly linking gender equality to productivity outcomes, this paper suggests that en-
couraging women’s participation in high-relatedness, male-dominated sectors is not only socially just but also
economically strategic for sustainable regional development.

We acknowledge some limitations. The proposed measures have not yet been systematically
benchmarked against established segregation indices (Duncan and Duncan 1955; Karmel and
MacLachlan 1988) and remain complementary to network-based relatedness metrics (Hidalgo et al.
2007; Neffke and Henning 2013), which, while powerful, are still gender-blind. Future research should
combine our entropy-based indicators with these benchmarks and explore multilayer network
approaches to capture gendered recombination dynamics more directly. Advancing along these lines
will sharpen identification, strengthen external validity, and move EEG toward a framework where
gender is recognized as a structural dimension of innovation and resilience.
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Appendix

Appendix 1: Related and Unrelated Variety using a one-stage
decomposition

Multiplying for %, equation (2.1) becomes:

VAR = Z ZPQ «P; ( 1)
9=1 | ieg
Applying the log properties, and rearranging:
G P; P 1
_ _ S iea 5o Pgln (—9) +) Pln(—
VAR = Z[Z ( ( >+1n<Pg>>} =y cap, "0\ p, g P,

9=1 | ieg

Using equation (2.2), equation (A1.3) can be re-written as:

()

- |1Za(3))

i€g

VAR = ZPg [ZPI n <Pg>

ieg

Defining:

RV = Z PgH,
g=1

G 1]
29:1 Pglng

uv =

Appendix 2: Related and Unrelated Variety using a two-stage
decomposition

By this new classification equation (A1.1) becomes:

Prg =Y Py

ieg

and equation (A1.2) becomes:

VAR = Zk 1221’?&]“(%)

g= 1169

Multiplying for l;—:i equation (A2.2) can be rewritten as:

2 1P P 1
VAR = ;ZZPmPk” <Pk P’j) ZZZP}“ kg[ <k>+1n<Pk1> = VAR
g=1 ieg =19=1 ieg
2 G
= ZZ ZPMH( > + Zpkg P hl(Pkg)
k=1g=1 | ieg Pyi

Using equation (A2.1) equation (A2.3) can be rewritten as:

(A1.1)

(A1.2)

(A1.3)

(A1.4)

(A15)

(A2.1)

(A2.2)

(A2.3)
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VAR = Z (ZP@n( >+ ZP@ZPM @T_)) (A2.4)
i€g 1

Equation (A1.5) now becomes:

Peg

e[S

ieg

where Hy, represents the Variety by gender within groups with Z Hyy = Hy as in equation (A1.5). Using
equation (A2.5) the equation (A2.4) can be rewritten as:

2 G 1 2 G
VAR = Z (Z Pkgln< ) + ZP@H}@) =33 " Pyln (Pk + D0 PigHyg (A2.6)
g
Equation (A2.6) is the sum of two components. The second one:
2 G
= 22 Pt = 2 RV
ie the sum of Related Variety by gender, while the first term

uv = ZZP@n( ) Zuvk (A2.7)

i.e the sum of Unrelated Variety by gender.
Equation (A1.8) becomes:

2 2
VAR =) "UVi+ > RV, (A2.8)
k=1 k=1

Where Y7, UV, =UVand Y7 , RV, =RV.

The equation (A2.8) is equal to equation (A1.8) used by Frenken et al. (2007). The novelty is repre-
sented by the decomposition in females and males. This new measure allows us to explore if and how
gender affects the innovation process.

The UV in equation (A2.7) can be furtherly decomposed. Indicating

Pp=> Py (A2.9)

gek

and multiplying equation (A2.7) by 7, We obtain:

Z[Zpk pk91n< )} Z|:Zp *pk91n<Pk>+Z *Pkgln< )}

k=1 | gek k=1 | gek

Using equation (A2.1) we obtain:

ZPkZPkgl ( >+ZPkln< ) (A2.10)

k=1 gek

and indicating Hy, as:
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Hy —ZP’“’] (%)

gek

Equation (A2.10) becomes:

2 2 1
> PHg+ Y Riln (E)
k=1 k=1

where Hy represents the unrelated Variety by gender between industries at a g-digit level. It varies
from 0 to In(G)-In(K). Hy=0 when P}, = Py, i.e all the employment of a given gender belongs to the same
g-digit industry. When H, = In(G)-In(K) genders are equidistributed between g-digit industries. The
first term:

2
UVig = Y PeHk
k=1

represents the weighted unrelated Variety by gender between industries at a g-digit level while the sec-
ond term:

2
ka = ZPkln <Pl>
k=1 k

represents the diversity by gender between all the economic activities and it captures the disparities
between females and males in the whole economy. UV varies from 0 to In(2). UV, = 0 when % =1ie
when all employed belong to the same gender. When UVx = In(2) females and males are equi-
distributed between economic activities. The term UVy is symmetric to the females’ (males’) and it
reaches its maximum in correspondence of In(2). The sum of UVy and UVy, gives the UV as in Frenken
et al. (2007). Finally, equation (A2.8) can be rewritten as:

VAR = UVi,+UV, + RV;+RVy (A2.12)
—_—— ——

uv RV

Appendix 3: RV changes when the numbers of females increase only
in onei-digitindustry.

In accordance with the previous decomposition the RV is given by:

2 G 2
3N Pty =Y RVi (A3.1)
k=1 g=1 k=1

Where Hy, is given by equation (A2.5). RV can be rewritten as:

G G
RV =" PryH + 2; PyigHug = Z Pr, [Z Pri ) (PF@)
=

ieg

ZPMQ {Z Pusi 1) (iﬁ?)} (A3.2)

ieg

Where:

Exi
E

Egg .
E ’

EM1 EMg

Pr = ?PFg* s Pui = —— E PMg T§

Equation (A3.2) can be rewritten as:
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cERp@)-fra@] e

5 icg Ewg

RV RV

Remembering that: E = Ep +Ey; Er = SV Er; Epg = 3"ic, EFi equation (A3.3) can be rewritten as:

1
RV = (Em+Er) {Z {

RV — m {Z {Z Exln (EW)} } (A3.4.1)

ieg

S Eiln <EM9 )} } (A3.4.2)

=1 | ieg Mi

To investigate the RV changes when the females increase in only one i-digit industry the RV deriva-
tive with respect to the females’ change needs to be calculated. We suppose that females’ employment
increase  while males’ employment remains unchanged. Consequently, the term

s e in (5

ployment changes only in one of the i industries belonging to g with g=1. Indicating with x the
females’ employmentin industry i=1 (Eg4), equations (A3.4.1) (A3.4.2) can be rewritten as:

RV _Nl{i {Zgﬁln <Zi§9‘EH>” (A3.5.1)

=cost. Our aim is to investigate the changes in RVy when the females’ em-

X+ Y Ep+En (971 Lieg
i=2
RVy = —ot (A3.5.2)
X+ > Ep+Eu

i=2

N
The terms Y Er+En in equation (4.4.1) are constant with respect to the change of Eg;.
i=2

= EN:EH +Em
RVe= o {Z [Z Epln (Z@ £ ﬂ } (A3.5.1 bis)

icg

By hypothesis industry i=1 can fall exclusively in one g. Suppose thati=1 € g=1. The content of
the square brackets in equation A.1 can be rewritten as:

Z {ZEFI (ZIEQ Fl) :Z [ > Egln <Zl€gg%1 Fl)} [Z Exln (ZleggplEH)}
9=2 |iegg#1 Fi iegig=1 i

9=1 | ieg
Moreover, term Z {Zleg 921 Eriln (E—g)] is constant with respect to Egq, s0:

£ ()

9=2 |iegig#1

1 ZIE 1EFI
RVr = Co+ Epln | =2520= —
T xta {2 |:1e§1 : ( Eri

The term can be rewritten as:
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X+ > .a—1 EFi X+ > .a—1 EFi
Y Egln (Z‘” ! F‘) :x*1n<721*1€9’9*1 F‘>+ 3 Epi*1n<21§€9’91 F‘)
iegig=1 Eri X i#£1leg;g=1 Fi

Where 37, ,1¢4.4-1 Eri 1S constant with respect to x:

> Em

i#legig=1

Consequently:

1
RVp=——
F 1o {C2+

C
x*xIn <X ]

X+C3
>+C3]H< Er )

}

Applying the log properties to the term:

X—+C3
cln
’ ( Ek; >
We obtain:

cs[In(x+cs) — In(Ex)] = csln(x+c3) — 3 In(Eg;)

Moreover, the term cs In(Eg) is constant with respect to x. We indicate it as ¢4 = c3 In(Ep);
Finally,

c3ln (X +C3> =aln(x+c3) —c
Eri

RVE is equal to:

1 X+cC
RVy = o {c + {x*ln(%) +c3ln(x+c3) —c4] }

RVp=—F—— Z { Z Epln (Zleg i )} + [X*ln <M>
X+ EEH +Ey \ 972 [iegig#1 X

i=2

+{ln<x+ > EP{)jl > EFi*< > EFi>ln(EFi)]} (A3.6)

i#legig=1 i#legig=1 i#1eg;g=1

To study how RV changes when EF; changes, the first derivative needs to be investigated. RV), deriv-
atives respect to EF; is:

5 [z (B
RVy gl
OEm N 2
<X + E Er+ EM>
i
lim IRV =0

x—o0 OEp
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5 {Z@ Eyiln (Zﬁﬂ

f01r><=ORVM=—g1 3
N
<Z Eri + EM)
i=2
RV derivatives respect to EF; is:
ORVE
OFp1
X+ 3 Ex N N G S
In| 2 Eeseme ZEFI +Ev | —In{x+ S Ex+Eu || L Er+Eu | - ZQ Sicgger Erln| =5 + Yis1egg-1 Eri In(Erp)
=2 =2 g=
2
N
(X + 2 Erit EM)
i=2
ORVE
lim =0
X OEr,
i ORVE _
x—0 aEpl o

ORVF _
OEF;

=0 for x = x*.

For 0<x<x* G increases while for x* <x<oo §H decreases. x* represent the point in which

females and males are equidistribuited between gender.

Appendix 4: UVy, changes when the numbers of females increase in
only one g-digitindustry

In accordance with the previous results UV is given by:

2
UVig = > PeHy

UVE, UVy
Where Pr = Eff; E=Er+Ex; Er= 25:1 Egg. UV can be rewritten as:
Ey 1 Ey
UVyg = 67 Z EFgln L 21 Epgln B (A4.1)

Z Erg +Enm Fo=1 > Erg+Enm 9=
9= g=1

UV, UViyg

The term Zg 1Evgln (£ o is constant with respect to Ep1, consequently,
Zg 1EM91n( M) furthermore the term Zg 1Erg can be rewritten as Ep + Zg , Erg. Equation
(A4 1) becomes:
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Ep1#ln (E%) + gz: Epgln (}%) .

UVyy = . + . (A4.2)
Epm + ZEFQ + Em Erp + EEFg +Eum
g=2 g=2
UV UV

G
The terms 22’:2 Ergln (%) and ) Erg +Ey are constant with respect to Er;.
g=2

G G Er
2= ) Epg+Eu;3 = ZEFgln o
9=2 9=2 Fg
Equation (A4.2) becomes:
Epl xIn (5—*) +C3 c
UV, = n +— A43
¥ Er+0 Eri+0 ( )

UV, UVimg

6UVM9 _ —C1
OEF1 (¢ +Ep)’

OUVg
A e 0
ag}g\;ﬁ” = (;;;2 when EF; =0
QUVF9 —C3 +Coxln (g—;) —Epn—0
OEF; (B —2)°
. OUVg,
A oer, — O
Jim 20Va _
x—0 OEF;  °
Finally, B;JE\QQ =0 forx=x"

Appendix 5: UV changes when the numbers of females increase in
the whole economy

2
UVp= ) Pln <Pi>
k=1 k

_Eu, (E\, Er, (E
UV, = £ 1n<EM> + E ]n(EF>

E=Eu+Er
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EM EM+EF> EF <EM+EF>
UVy, = In + In
* T Eu+Er ( Em Em+Er Er

EM:C;EF:X

U = In (Cﬂ) + X (Cﬂ)
C+X C C+X X

ouv, _ ¢ [In(£2) ~ In(=)]

ox (c+x)?
OUVr
e O
L OUVE
x—0 OEF o
Finally, &% = 0 when EF = EM i.e when females and males are equi-distributed in the whole economy.

Appendix 6: Details on Experimental Results and Entropy
Decompositions

This appendix presents a tabular summary of the methodological and interpretive implications of two
employment-variation scenarios—proportional shocks and simultaneous multi-cell shifts—within the
entropy-based decomposition of variety.
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Appendix 7: Data Classifications: Italian Regions and CAT-12 Sectors

Table 2A. Italian regions.

1 Piemonte 11 Marche

2 Valle d'Aosta 12 Lazio

3 Lombardia 13 Abruzzo

4 Trentino Alto Adige 14 Molise

5 Veneto 15 Campania
6 Friuli Venezia Giulia 16 Puglia

7 Liguria 17 Basilicata

8 Emilia Romagna 18 Calabria

9 Toscana 19 Sicilia

10 Umbria 20 Sardegna

Table 3A. CAT 12 and CAT 5 classification.

CAT 12 CATS

1 Agriculture, forestry and fishing 1 Agriculture

2 Manufacturing 2 Manufacturing (or Industry in the nar-

TOW sense)

3 Electricity, gas, steam and air condition- 2 Manufacturing (or Industry in the nar-
ing supply TOW sense)

4 Water supply; sewerage, waste management 2 Manufacturing (or Industry in the nar-
and remediation activities TOW sense)

5 Construction 3 Construction

6 Wholesale and retail trade; repair of motor 4 Trade (Commerce/Wholesale & Retail)

vehicles and motorcycles

7 Transportation and storage 5 Other service activities/Other services
8 Accommodation and food service activities 5 Other service activities/Other services
9 Information and communication 5 Other service activities/Other services
10 Financial and insurance activities 5 Other service activities/Other services
11 Real estate activities 5 Other service activities/Other services
12 Other services (professional, artistic, health, 5 Other service activities/Other services

education, public administration, etc.)

Appendix 8: Shift-share instrumental variable (IV) strategy

We adopt a shift-share instrumental variable (IV) strategy (Bartik 1991; Goldsmith-Pinkham et al.,
2020) to identify the causal impact of exogenous female labour supply shocks on regional and indus-
trial changes in gender composition. The approach exploits the 2017 childcare and parental-leave re-
form, which acted as a national exogenous shock to female labour supply. The instrument is
constructed in two steps. In the first step, we compute the national-level shock to female labor supply
for each age group a in 2017, denoted by ASy2017. In the second step, we interact these shocks with
baseline female employment shares by region r, industry i (according to CAT12 classification), and age
group a, measured in 2008. Let SE ¢ denote the share of employed women in age group a, industry i,
and region T in 2008, obtained from microdata. The resulting shift-share instrument for each region-
industry cell (r, i) is given by:

F
Zy = E :Sn'a,ZOOS * ASg2017
a

We then estimate the exposure of each cell (r, i)(z, to the 2017 reform using the following regression
specification:

Afri = a+ P+ X+ py + &

Where Af,; denotes the change in the female employment in region r and industry i, Z,; s the shift-share
instrument as defined above, X,; is a vector of control variables (baseline_fshare_2008 and log_F_2008),
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u, captures region fixed effects, and ¢, is the idiosyncratic error term. Figure 1.A in the Appendix 1 pro-
vides descriptive evidence on the heterogeneity of gender composition adjustments across regions and
industries. The heatmap of changes in female employment shares between 2016 and 2020 shows
marked variation: some cells display increases of more than 20 percentage points, while others record
comparable declines. This motivates the use of a shift-share IV, as such differences cannot be
explained by uniform national trends. Table 4.A in the Appendix displays the estimated effects on fe-
male employment share.

Srhnange in Foamale Employment Share by Megion amnd industry
Font (FOZ0) mnus Pre (2016)

. B Fmarisies wheres (R
w0

Incustry (AT 12

Figure 1A. Change in female employment share by region and industry (2016-2020).

Table 4A. Estimated effects on female employment share.

Dependent variable Af;; the change in the female employment in region r and industry i

Variable Coefficient
Zshiftshare2017 14.30 (0.180)
baselinefshare2008 —0.0597 (0.153)
logF_2008 0.0019 (0.601)

P value in parenthesis. Significance levels: ***p < 0.001, **p < 0.01, *p <0.05, p < 0.1.

The results indicate that the shift-share instrument (2017) has a positive coefficient (14.3), suggest-
ing that a larger female labor supply shock is associated with an increase in the female share of em-
ployment across region-industry cells. However, the effect is not statistically significant (p=0.18),
implying that we cannot rule out the possibility that the relationship is due to chance.

The historical controls do not emerge as strong predictors either. The baseline female share in 2008
has a negative coefficient (-0.06), consistent with the idea that regions and industries with initially
higher female participation experienced smaller subsequent increases. Yet, this effect is also not sta-
tistically significant (p=0.15). Similarly, the initial female employment size (logF2008) shows a coeffi-
cient close to zero (0.0019) and is far from significant (p =0.60). In sum, this specification does not
provide robust evidence supporting a causal impact of the 2017 shift-share shock on changes in the fe-
male share, while confirming that initial conditions explain part of the observed variation, albeit with-
out reaching conventional levels of statistical significance. The shift-share IV results suggest that the
2017 childcare and parental-leave reform generated a positive but statistically insignificant effect on
female employment shares across region-industry cells. While this specification does not provide ro-
bust causal evidence, the direction of the estimated coefficients is consistent with our theoretical
framework. Regions and industries that were more exposed to the exogenous female labour supply
shock display increases in female participation, even if the effect is heterogeneous and not statistically
significant. This evidence can be linked to the RV/UV measures developed in the paper. The positive,
albeit weak, impact of the reform implies that incremental changes in female labour supply—particu-
larly in industries where women are underrepresented—may enhance Related Variety (RVF) by

920z Aenuer gz uo 1senb Aq GotG/£8/£505eql/B8l/c601 0 1/10p/8lo1E-80URADE/BEO(/W00 dNO"0jWepede//:sdy Woly pepeojumod



Rethinking evolutionary economic geography through a genderlens | 23

fostering within-industry diversification. At the same time, the broader distribution of women across
industries could strengthen Unrelated Variety (UVF), thereby reinforcing portfolio effects and resil-
ience. The absence of strong statistical significance is not inconsistent with this interpretation, as the
adjustment of industrial structures and knowledge spillovers often requires longer horizons to materi-
alize. Overall, the robustness check highlights that exogenous policy shocks can shift gender composi-
tion in ways that are directionally consistent with the mechanisms identified in our RV/UV analysis:
underrepresentation creates opportunities for increasing returns through cognitive spillovers, while
more balanced gender distributions across industries can amplify the benefits of diversity.
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