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Abstract

This study proposes a bi-objective optimization model for co-working networks that jointly
maximizes collaborative value while minimizing operational costs. The framework leverages
Shapley Value theory to dynamically adjust objective weights based on each agent’s marginal
contribution, enabling public policy intervention grounded in territorial development objec-
tives. Validated through a case study in the Aosta Valley using official ISTAT data, results
demonstrate that dynamic Shapley-based weighting improves collaborative value by 12.7%
and reduces operational costs by 8.8% compared to static strategies, while accounting for
territorial externalities and environmental impacts.

Keywords Co-working Networks - Bi-objective optimization - Shapley Value - Coalition
formation - Public policy - Territorial development

1 Introduction

In recent years, the world of work has undergone significant transformations, with an increas-
ing emphasis on flexibility and collaboration (Bouncken et al., 2020). This shift has led to
the rise of co-working spaces, which offer an alternative to traditional offices, fostering a
dynamic and community-oriented work environment (Weijs-Perrée et al., 2019).
Co-working (see Section 1.1 for a short background) is not just a physical space, but a work-
ing method that promotes sharing, cooperation, and the creation of professional networks
(Rus & Orel, 2015; Wang et al., 2022). The expectation is that the co-working environ-
ment fosters coalition formation through a process of mutual recognition of complementary
skills, shared objectives, and resource optimization. These coalitions emerge when agents
(professionals, freelancers, startups, small enterprises) recognize that collaboration can gen-
erate higher value than individual action. The potential benefits include knowledge sharing,
resource pooling, risk distribution, access to new markets, and enhanced innovation capacity.
On the other hand, resources in co-working networks are limited by several factors: (1)
physical space availability and infrastructure capacity, (2) public budget constraints, (3) envi-
ronmental sustainability requirements, and (4) territorial carrying capacity. These limitations
are not arbitrary but reflect real constraints that public decision-makers must consider when
developing territorial policies. Resources can be improved through strategic investments,
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infrastructure development, and policy interventions that enhance the territorial attractive-
ness for knowledge workers.

Co-working spaces are typically managed by public or private entities with specific terri-
torial development objectives. In our framework, we consider public administration (local or
regional government) as the primary decision-maker, responsible for setting strategic parame-
ters that balance economic development with territorial sustainability. These managers have
explicit objectives: maximizing social and economic utility for the territory while ensur-
ing efficient resource allocation and environmental protection. An interesting approach to
addressing these challenges is to consider professionals and companies that use co-working
spaces as agents within a complex system, each with its own role and distinct contributions to
the network (Ciano et al., 2024). These agents, based on their specific features, can influence
the dynamics of interactions and coalition formation, generating synergies and opportunities
(Alderighi et al., 2024). It is also crucial to consider resource limitations, such as time, space,
and funding, to ensure equitable and optimal distribution. Although the literature offers well-
established applications of both multi-objective optimization and the Shapley value, several
limitations emerge that are particularly relevant in the context of co-working networks. In
particular, many studies rely on static MOO models that do not allow for the incorporation
of changing policy priorities or evolving collaborative behaviors. Similarly, the use of the
Shapley value is often constrained by computational burdens that prevent its application to
dynamic, seasonal, or evolving coalition scenarios. These factors highlight a gap between
theoretical models and operational needs, a gap that our work addresses through a dynamic
integration of objectives and a computationally scalable approach.

This paper aims to demonstrate how public policy considerations, embedded through
strategic parameter choices, can enhance the effectiveness of co-working network optimiza-
tion while ensuring alignment with broader territorial development objectives. Given the
strategic and operational challenges inherent in managing co-working networks, an inte-
grated bi-objective optimization model is proposed as a practical framework for navigating
these complexities. This contribution helps bridge a significant gap in the literature by offering
a novel approach tailored to the unique needs of co-working spaces.

Technically, the proposed model combines two objectives. It maximizes the collaborative
value generated by the network of interacting parties and minimizes operational costs. In this
way, it aims to ensure the network’s efficiency and sustainability. The main goal is to provide
an innovative and scalable solution to optimize the environmental conditions under which
collaborations take place. We use the Shapley Value to determine each agent’s marginal
contribution. We then dynamically adapt the weights associated with the objectives in the
model, based on the context of interest.

This work also explores how constraints imposed by limited resources can be handled
effectively to support a fair and optimal distribution of resources. The proposed theoretical
and practical framework can be a valuable tool in supporting the management of co-working
spaces networks in their decision-making.

To validate the model, we use real demographic and economic data from official sources,
including ISTAT (Italian National Institute of Statistics) and the Regional Geographic Infor-
mation System of the Aosta Valley. We combine these data with optimization algorithms
to determine optimal coalition configurations in the geographic area of Valle d’ Aosta. The
approach can easily be generalized to other geographic contexts and applied to reason about
the proposal’s scalability.
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1.1 Background on co-working

The literature provides numerous studies showing how social interactions affect the working
performance of individual workers, teams, and companies; see, for instance, Hasan and
Koning (2019); Chan et al. (2014). Many authors, such as (Agrawal et al., 2017; Boudreau
et al., 2017; Marquis, 2003; Rosenkopf et al., 2001; Stam, 2010), suggested that proximity
may drive collaboration. Being spatially close, whether in the same room or within the same
geographic area, fosters the formation of social connections.

Thus, these spaces have become increasingly popular, attracting a wide range of profes-
sionals, from start-ups to freelancers, who seek an inspiring environment for their work (Lima
et al., 2024).

In this model, each agent participates in at most one coalition at any given time. While pro-
fessionals often collaborate across multiple teams simultaneously in reality, this assumption
is justified in co-working contexts by the need to allocate specific physical resources (spaces,
equipment, meeting rooms) within defined time periods. This constraint reflects the practi-
cal limitations of physical space allocation and ensures model feasibility while maintaining
realistic resource management principles.

The literature has extensively discussed the benefits of co-working, including fostering
emerging collaborative activity (Spinuzzi, 2012), creating a sense of community (Garrett et
al.,2017), and providing social support (Howell, 2022). Co-working spaces also play a role in
urban development and revitalization (Durante & Turvani, 2018), acting as third places that
promote interaction (Moriset, 2013; Oldenburg, 1997) and social focus (Feld, 1981) where
knowledge spreads through networks (Malecki, 2010).

The growth of co-working also aligns with the concept of open innovation, as theorized
by Chesbrough (2003), which emphasizes the importance of external knowledge flows to
companies. In this context, Malecki (2011) introduces the concept of double networks. Large
companies, due to the lower mobility of talent compared to capital, must create external
networks to capture ideas and innovative initiatives that emerge outside their research and
development labs.

2 Multi-objective optimization models and its evolution

In the realm of optimization, both multi-objective optimization (MOO) models and evo-
lutionary algorithms are widely used to solve complex problems. Evolutionary algorithms
excel at navigating large search spaces and generating diverse solutions, but often demand
significant computational power and may converge to suboptimal results. MOO methods
(Caramia & Dell’Olmo, 2020; Deb et al., 2016; Giagkiozis & Fleming, 2015; Gunantara,
2018), on the other hand, are critical for addressing scenarios where conflicting objectives
must be balanced. These models provide decision-makers with optimal trade-offs, typically
represented by Pareto frontiers, where improvements in one objective cannot be made without
compromising another.

MOO models are particularly effective for real-world scenarios where decision-makers
must balance competing goals, such as maximizing benefits while minimizing costs. Differ-
ent methodologies exist to address the trade-off between objectives in MOO. Pareto-based
approaches aim to generate a set of solutions that collectively represent the trade-offs among
objectives, enabling the visualization of the Pareto frontier. In contrast, scalarization meth-
ods, such as weighted-sum optimization, combine objectives into a single aggregate objective
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using a set of predefined weights. These weights reflect the relative importance of each
objective, producing a single solution that balances the trade-offs according to the specified
priorities.

No direct applications of MOO methods to co-working networks have been identified
in the literature. However, similar methodologies have been successfully applied in other
domains, such as healthcare, resource allocation management, and public administration.
Lucidi et al. (2016) proposes a simulation-based multi-objective optimization approach for
hospital resource allocation. In public administration, Arbolino et al. (2021) introduces
a multi-objective optimization technique for tourism sustainability planning. Marden and
Roughgarden (2014) explore efficiency limits in distributed resource allocation through game
theory. In Zafari et al. (2018), a cooperative game-theoretic framework for resource sharing
in mobile edge computing is proposed. Finally, in Kyriazi et al. (2017), the authors develop
a cooperative game-theoretic framework to negotiate marine spatial allocation among het-
erogeneous players.

Despite these valuable contributions, significant limitations remain in the existing litera-
ture. First, most MOO applications in network contexts adopt static objective weights, failing
to capture the evolving priorities of public decision-makers (Marler & Arora, 2010). Second,
the use of the Shapley Value in optimization frameworks is typically confined to post-hoc
value allocation rather than integrated into the optimization process itself (Fatima et al.,
2008). Third, computational constraints have traditionally limited Shapley-based methods to
small-scale networks, hindering their applicability to real-world territorial systems (Castro
et al., 2009). Fourth, few studies address the seasonal and temporal dynamics that character-
ize collaborative environments, particularly in tourism-dependent regions. Our framework
addresses these gaps by: (i) introducing dynamic A adjustment based on real-time Shapley
Values, (ii) employing computationally efficient approximation algorithms that scale to net-
works of 150+ agents, and (iii) incorporating seasonal modulation factors that reflect the
temporal heterogeneity of co-working demand.

The relevance of MOO in the creation of co-working networks stems from the inherent
complexity of these environments. Co-working spaces are shared workspaces that foster
collaboration, innovation, and community-building among a diverse array of profession-
als. Despite their increasing prevalence, the management of co-working networks involves
navigating a delicate balance between collaboration-driven value creation and operational
sustainability.

In the context of co-working networks, the application of MOO offers a structured
approach. It helps managers make informed choices that account for a range of critical
variables. These variables influence both the success and the sustainability of the co-working
environment. By integrating factors such as resource allocation, spatial optimization, com-
munity engagement, and environmental sustainability, this approach enables a balanced
assessment of trade-offs and synergies. Despite the widespread use of MOO models in net-
work design, most studies do not account for the temporal evolution of decision-making
preferences nor the interaction between economic efficiency and collaborative value. More-
over, existing models tend to describe the trade-off between objectives without providing
tools that allow decision-makers to adjust these priorities according to changing operational
or strategic conditions. The presence of these limitations highlights the need for a more flexi-
ble framework, which the present study addresses by introducing a dynamic policy parameter
(A within the bi-objective formulation.
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3 Theoretical framework for Co-working network optimization

This section introduces the theoretical foundations of our co-working network model. We
first recall key concepts from cooperative game theory, focusing on coalition formation and
value allocation. We then discuss the implications of network complexity for public decision-
making and the need for advanced optimization tools.

3.1 Cooperative game theory foundation

Cooperative game theory provides the mathematical framework for modeling coalition for-
mation in co-working networks. The theory examines situations where players (agents) can
form binding agreements and coalitions to achieve outcomes superior to those obtainable
through individual action.

Let N = {1, 2, ..., n} be the set of agents in the co-working network. A coalition § € N
represents a group of agents who decide to collaborate. The characteristic function V :
2V — R assigns a value V (S) to each coalition S, representing the total benefit that coalition
members can achieve through collaboration.

For our co-working network model, we assume the characteristic function satisfies super-
additivity:

V(S1) +V($2) = V(S1US) ey

for all disjoint coalitions S1, S» € N with S1 N S, = 0.

This property ensures that merging coalitions never decreases total value, reflecting the
synergistic benefits of collaboration in co-working environments. However, this property
must be verified empirically or theoretically for specific coalition value functions, as it is not
automatically guaranteed in all contexts.

3.2 Network complexity in co-working ecosystems

The coalition formation problem in co-working networks represents a complex, multi-
dimensional optimization challenge with computational complexity of O(2") for n agents.
This exponential growth in the number of possible coalitions necessitates sophisticated solu-
tion approaches that balance computational tractability with solution quality.

The multi-dimensional nature arises from the simultaneous consideration of collaborative
value, operational costs, resource constraints, and territorial development objectives. Public
decision-makers must navigate these competing dimensions while ensuring that the resulting
network configuration aligns with broader policy goals, including economic development,
social inclusion, and environmental sustainability.

The complexity stems from several interconnected factors:

— The discrete nature of coalition membership decisions creates a combinatorial explosion
as the number of possible coalition structures grows exponentially with the number of
agents.

— The multi-objective nature requires finding solutions that represent optimal trade-offs
between collaborative value maximization and operational cost minimization.

— The presence of multiple resource types with different characteristics and constraints
adds additional dimensions to the feasible solution space.

A coalition’s value may depend on several factors, such as the diversity of skills, efficient
resource utilization, the potential for collaboration among agents, and scalability to adapt
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to challenges. It is orthogonal to this work, studying how to form good coalitions. Many
works in the literature tackle this topic (see, e.g., Kahan and Rapoport (2014); Ray and Vohra
(2015); Mahdiraji et al. (2021)) and can provide a basis for computing a coalition’s collective
value by considering specific features.

4 A bi-objective optimization model for a network of co-working
spaces

The proposed model builds upon our proposal in Alderighi et al. (2024), which uses a game-
theoretic approach to examine how a Network of Co-working Spaces (NCS) can act as a
catalyst for collaboration and cooperation, promoting community well-being and the local
economy. The model is based on the idea of cooperation among various agents (professionals,
start-ups, public entities, etc.) within an NCS, with the goal of maximizing the value generated
through collaboration. Additionally, agents involved in the NCS can form coalitions to work
on projects or share resources.

This work proposes an integrated model that not only optimizes coalition formation based
on each agent’s contribution value but also ensures that these coalitions respect limited
resource constraints. The model maximizes collaborative synergies without compromising
economic sustainability or fair resource distribution.

Therefore, this integrated approach enables informed decision-making by providing a
holistic view that accounts for both the benefits of collaboration and the practical constraints
of the network.

This study develops a bi-objective optimization model that provides a comprehensive blue
decision framework for managing a co-working network. The model jointly considers the
potential for collaboration and operational costs, while ensuring fairness and efficient use of
available resources.

4.1 Objective functions

First, the formulas that capture the model’s objectives are reported and explained. To maxi-
mize collaborative value, the value of collaboration is given by Equation 2.

max Z V(S) - xs ()

SCN

Value V (S) represents the benefit derived from collaboration among the agents in coalition
S. The binary variable xg indicates whether coalition S is selected (value 1) or not (0).

As concerns the minimization of operational costs, Equation 3 aims to minimize the
operational costs associated with the agents included in the coalitions.

min Z ci i 3)
ieN

where c; is the operational cost associated with agent i and y; is a binary variable indicating
whether the agent is included in a coalition (value 1) or not (0).

The objectives are combined into a single objective function using a weighting, allowing
us to obtain a solution that represents a trade-off between the various criteria. The weighting
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parameter is denoted by A. Thus, by combining Equations 2 and 3 mathematically:

max A Y V(S)-xg—(1—2A) Y ci-yi where A € [0, 1] )
SCN ieN

When A = 1, the model focuses solely on maximizing coalition value, whereas when
A = 0, it focuses exclusively on minimizing operational costs. Otherwise, the model will
balance the two objectives according to the weights.

4.2 Decision-support mechanism for selecting the policy parameter A

Unlike purely algorithmic approaches, our framework explicitly acknowledges that the
weighting parameter A must be defined by public decision-makers according to territorial
development priorities. In practice, local and regional administrations set A by evaluating fac-
tors such as: (i) territorial fragility and environmental sustainability constraints, (ii) economic
development goals, (iii) social cohesion and inclusion objectives, and (iv) the long-term strate-
gic vision of the region. In this sense, A becomes a concrete public policy lever that embeds
collective priorities into the optimization process, rather than a purely technical modeling
parameter.

However, to support practitioners in selecting a suitable value of A, a precise and repro-
ducible decision-support mechanism is required. For this reason, we introduce a three-step
procedure that guides policy-makers in translating contextual assessments into an operational
choice of X.

Step 1: Identification of the primary objective. The decision-maker determines whether the
policy goal prioritizes (a) cost containment, (b) a balanced trade-off between efficiency and
collaborative value creation, or (c) innovation-oriented growth and qualitative development.
Step 2: Assessment of territorial constraints. The public administration evaluates binding
constraints such as budget availability, environmental limits, infrastructural capacity, and ter-
ritorial fragility. These elements restrict the feasible policy space and guide the interpretation
of A.

Step 3: Mapping to a policy regime and corresponding ) range. By combining strategic
objectives and contextual constraints, the policy-maker selects one of the following regimes,
each associated with a recommended interval of A:

— Resource-constrained context: when financial or environmental constraints are tight,
and the priority is service continuity, the recommended range is A € [0.0, 0.3] (strong
emphasis on cost minimization).

— Balanced development: when both cost efficiency and collaborative value are relevant,
and constraints are moderate, the suggested range is A € [0.4, 0.6] (balanced weighting).

— Innovation-oriented growth: when the priority is to foster innovation, strengthen collabo-
ration, attract knowledge workers, and stimulate qualitative development, the appropriate
interval is A € [0.7, 1.0] (emphasis on value creation).

This procedure is summarized in the decision scheme shown in Figure 1, which translates
strategic and contextual considerations into a transparent and operational choice of A. In
practical terms, the analyst first identifies the relevant policy regime and then performs a
local sensitivity analysis within the corresponding A interval to fine-tune the final value.

Through this mechanism, A becomes a structured, actionable instrument that explicitly
encodes public policy priorities in the bi-objective optimization process.
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Start:
Policy analysis for co-working networks

Cost containme Value creation

Primary objective?

Balanced objectives

A4

Balanced development
A €[0.4,0.6]

Resource-constrained context Innovation-oriented growth
A €[0.0,0.3] A €[0.7,1.0]

Fig. 1 Decision-support tree for selecting the policy parameter A based on strategic objectives and territorial
constraints

Agent Set N & Shapley Value Dynamic \;
Coalition Values V(S) Computation ¢;(V) Adjustment

Feedback

1
:_ o Optimal Coali- Bi-objective
tion Structure Optimization
Fig. 2 Decision-support tree for selecting the policy parameter A based on strategic objectives and territorial
constraints

4.3 Introducing the dynamic adjustment of the A parameter by Shapley Value

Figure 2 illustrates the conceptual relationship between the Shapley Value computation and
the bi-objective optimization model. The framework operates through an iterative feedback
loop: coalition values inform Shapley Value calculations, which in turn determine agent-
specific weights (A;) that guide the optimization process.

The parameter A is considered as the “filter” that determines the balance between the
objectives. It allows us to adjust the relative importance of maximizing collaboration and
minimizing operational costs according to the priorities of the co-working space network.

In Alderighi et al. (2024), the Shapley Value is used to calculate the marginal contributions
of the agents (or nodes) in the coalitions of an NCS. These contributions measure the value
each agent brings to the coalition, and therefore to the network as a whole (see Equation 5).

The Shapley Value uniquely satisfies four fundamental axioms in cooperative game theory:
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1. Efficiency: The sum of all players’ Shapley Values equals the total value: ) ;. ¢; (V) =
V(N).
2. Symmetry: If agents i and j contribute equally to all coalitions, then ¢; (V) = ¢; (V).
3. Null player: If agent i contributes nothing to any coalition, then ¢; (V) = 0.
4. Additivity: For two games with value functions V and W: ¢; (V +W) = ¢; (V) +¢; (W).
These properties ensure that the Shapley Value provides a fair and unique solution for dis-
tributing the total value among agents based on their marginal contributions.

¢ (Val)= ) |S“.01;JS|_-D![Val(S U i) — Val (S)] 5)
SCN\i ’

Algorithm 1 Shapley Value Approximation

Require: Coalition value function V, agent set N, sample size k
Ensure: Approximate Shapley Values ¢

1: for each agenti € N do

2:  Initialize ¢; < 0

3 for j = 1tokdo

4 Sample random coalition S € N \ {i}
5. ¢ FIVISULY - VS/k
6:  end for
T

8:

end for
return ¢

In the proposed integrated model, the marginal contributions are used to adjust the parame-
ter A dynamically. This approach recognizes that the importance of collaborative value varies
with each agent’s role and influence in the network.

Remark 1 In recent years, the application of Shapley Values to optimization problems has
expanded significantly across multiple domains. In Ciano et al. (2024), a disruptive study
was conducted in the framework of the Co-Working Dynamics in the Aosta Valley using the
SHAP approach for ML problems. This is one of the first analyses in this fruitful field of
study.

To allow the weighting parameter A to be dynamically adjusted, based on the Shapley
Value of each agent i, A is expressed as a function of the Shapley Value of agent i (see Eq.
6).

ri = f(@i(V)) (6)

where f(-) is a function that maps the Shapley Value ¢; (V) to a range between 0 and 1.

Therefore, the coalition values obtained via the Shapley Values are used as inputs to the
objective function of the bi-objective optimization model. At this point, the overall objective
function becomes:

max Ai-ZV(S)-xs—(l—li)-ZCi')’i @)
SCN ieN

where ); is a dynamic value that depends on the marginal contribution of each agent i,
calculated through the Shapley Value.
A; is normalized so that the total weighting value remains between 0 and 1:

@i (V)

A=
Y iew (V)

®)
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4.4 Multi-objective approach: motivations and a comparison with the classical net
present value approach

In the context of public policy modeling, a scientific and methodological question may
arise naturally: why adopt a multi-objective approach rather than simply optimizing Net
Present Value (NPV)? The answer lies in the inherent complexity of public decision-making
processes, which differ significantly from private optimization and require a more nuanced
integration of criteria.

First and foremost, one must consider the presence of territorial externalities. The costs
represented in the model do not merely reflect direct economic expenditures, but also broader
territorial impacts such as environmental sustainability and land use. These externalities
are often challenging to monetize and cannot be fully captured through a standard NPV
calculation.

Secondly, the multi-objective approach provides greater policy flexibility. Public decision-
makers operate within dynamic and evolving contexts, where priorities may shift based on
territorial conditions, political agendas, and stakeholder needs.

Another key benefit of the multi-objective framework lies in its ability to enhance trans-
parency for stakeholders. By explicitly separating the collaborative value generated from the
associated costs, the model makes trade-offs more visible and understandable.

Finally, the approach allows for better integration of environmental and social dimensions.
Many relevant impacts—such as pollution, biodiversity loss, or social cohesion—constitute
negative externalities that are ideally internalized but often escape traditional economic eval-
uation tools.

4.5 Coalition selection and cooperation constraints

The coalition selection constraint ensures that, if a coalition S is selected, all agents in S must
be included.
xs <y VieS,VSCN )

Non-overlapping coalition constraint: To ensure that each agent can participate in at most
one coalition at any given time, we introduce a non-overlapping constraint:

ngflVieN (10)
S:ieS

This constraint prevents agents from being simultaneously assigned to multiple coalitions,
which would be physically impossible and could lead to resource conflicts.

Specific application scenarios might be characterized by the fact that collaborations are
meaningful only if their cardinality respects certain limits. This is captured by the collabo-
ration capacity constraint, expressed in Equation 11.

Pmin < ) ¥i < Npax ¥S S N with xg = 1 (11

ieS

where n,,;, (lower bound) is the minimum number of participants that a coalition must have
and 1,4, (upper bound) is the maximum number of participants a coalition can have.
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4.6 Superadditivity constraint

The superadditivity constraint of coalitions, expressed by Equation 12, is an important con-
dition in an optimization model that involves advantageous cooperation between agents.

VIS +V(S) <V(S1US) VS, S2€ P(N)and S1NSH =0 (12)

This constraint ensures that merging coalitions produces a value at least as large as the
sum of the separate coalitions. This property must be verified empirically for each specific
context, as it is not guaranteed in all co-working environments.

4.6.1 Numerical example in the co-working context

Consider three professionals in a co-working network:

— A afreelance graphic designer
— B: a digital marketing consultant
— C: a web developer

Coalition values are assigned based on skill complementarity:

V({A}) = 100, V({B}) = 120, V({cC}) =110
V({A, B}) =250, V({A, C}) =240, V{B, C}) =260
V{A, B, C}) =400

Let us verify the superadditivity property:

- V{A}D) + V({B}) =220 < V{A, B}) =250
- V({A, BY) +V({C}) =360 < V({A, B, C}) =400

4.6.2 Limitations of superadditivity

While the superadditivity assumption generally holds in co-working contexts, several factors
may undermine its validity. Large coalitions, for instance, can incur significant coordina-
tion costs due to communication overhead, thereby reducing overall efficiency. Moreover,
cultural conflicts arising from heterogeneous working styles and organizational norms can
generate friction that limits collaborative performance. Competition for shared resources
can also create operational bottlenecks, particularly when demand exceeds available capac-
ity. Finally, the simultaneous participation of agents in multiple projects may dilute focus,
diminishing individual productivity and collective outcomes. In practice, the superadditivity
property should therefore be empirically verified for each specific context. Future develop-
ments should incorporate coalition-specific cost functions to capture potential inefficiencies
more accurately.

4.7 Transportation constraint

The transportation constraint limits travel costs between coalition members based on geo-
graphic distance. This constraint seeks to limit transportation costs between the agents of a
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coalition, taking into account the geographical distance between these agents. This situation
is described in Equation 13:

Y dijcr <T VSCN (13)
ieS,jes

where d;; is the distance between nodes i and j, c7 is the unit transportation cost per unit
of distance, and 7 is the maximum transportation cost that a coalition can afford.

4.8 Resource constraints

Resource constraints reflect the practical limitations that public managers face when operating
co-working networks. Given the heterogeneous nature of resources in co-working environ-
ments, we extend the basic resource constraint to accommodate multiple resource types. Let
R be the set of all resource types, and let r; x represent the amount of resource type k € R
required by agent i. The multi-resource constraint is described by:

rir-xs <TR, VYkeR (14)
)P

SCN ieS

where r; x is the amount of resource of type k required by agenti and T Ry, is the maximum
limit of resource type k available globally.

4.9 Specific resource constraints

The space constraint ensures that the sum of the space required by the agents in a coalition
does not exceed the total available space T'S:

Z Zsi xs < TS (15)

SCN ieS

The funding constraint ensures that the sum of the funding requested by the agents of
selected coalitions does not exceed the total available funding T F:

2. fixs<TF (16)

SCN ieS

The time constraint ensures that the sum of the time required by selected coalitions does
not exceed the total available time T'T:

ZZti-xszT 17)

SCN ieS

To ensure equity and inclusive participation within the co-working network, we introduce
an equity constraint. Let e¢; denote the equity score associated with agent i. The equity
constraint ensures that the total equity contribution from selected coalitions reaches at least
a minimum threshold 7" Eyjn:

Z Zei x5 > T Enin (18)

SCN ieS
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4.10 Additional constraints

Minimum coalition viability constraint. To ensure that selected coalitions generate suffi-

cient value to justify their operational costs, we introduce a minimum viability threshold:
V(S) x5 = Viin - x5 VSCSN (19

Capacity utilization constraint. To promote efficient use of co-working facilities, we intro-
duce a constraint that ensures minimum utilization levels:

ZZs,waZoz-TS (20)

SCN ieS

where o € (0, 1] represents the minimum utilization rate required for the co-working net-
work.

4.11 Decision variables

In Equations 21-24, the nature of the proposed model decision variables is described:

xs€{0,1}) YSCN 1)
yie{0,1} VieN (22)

xis €10,1} Vie S,YSCN (23)
Fik.Sitis fiei >0 Vie N,Vk e R (24)

5 Optimal resource allocation under dynamic coalition formation

This section presents the theoretical foundations for optimal resource allocation under
dynamic coalition formation. We first define Pareto efficiency and then state our main result.

A solution is considered Pareto efficient (or Pareto optimal) if it is impossible to improve
one objective without deteriorating at least one other objective. In our bi-objective framework,
a coalition structure is Pareto efficient if we cannot simultaneously increase the collaborative
value and decrease the operational costs, or vice versa.

More formally, given two solutions S; and S, with collaborative values Vi, V, and oper-
ational costs C1, C; respectively, solution S; Pareto dominates S, if:

e Vi > Vs and C1 < (; (at least as good in both objectives)
e At least one inequality is strict (strictly better in at least one objective)

Theorem 1 (Optimal resource allocation under dynamic coalition formation)] Let N be a
set of agents in a co-working network, V (S) be the value of coalition S C N, and ¢; (V) be
the Shapley Value of agent i. For each i € N, let c; be the operational cost, and r; be the
resource requirement of agent i.

Assume resource constraints of the form ) ; gri < Tg for all S € N. If the weighting

parameter A = % is dynamically adjusted based on agent Shapley Values, then the
Jje J
optimal solution to the bi-objective problem:
maxi; - ) V() -xs = (1=1)- ) ci-yi (25)

SCN ieN
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subject to coalition selection constraint xs < y; foralli € S,S € N, guarantees a
Pareto-efficient allocation. This allocation converges to a stable coalition structure as the
number of iterations increases.

Proof We prove this theorem by induction on the number of agents n = |N|. For n = 1, the
result is trivial. Assuming the theorem holds for all sets of agents of size k < n, consider a set
N of size n. The dynamic adjustment of A; based on Shapley Values ensures that agents with
higher marginal contributions have greater influence on the objective function. The allocation
converges to a stable solution because any deviation would decrease the objective function
value. O

Proposition 2 In a co-working network with resource constraints, if resources are allocated
proportionally to the normalized Shapley Values of agents, then the resulting allocation
maximizes the expected collaborative value while ensuring equity in resource distribution.

6 Co-working space location strategies: the case study of the Aosta
Valley

This analysis is based on real demographic and geographic data obtained from official sources,
including ISTAT (Italian National Institute of Statistics) and the Regional Geographic Infor-
mation System of Aosta Valley. All population distribution data, economic indicators, and
infrastructure information used in our model come from verified governmental sources. We
assume that the locations of co-working participants, both within the Aosta Valley and from
other regions, follow the geographic distribution of the resident population. This assumption
aligns with technical aspects of many current public policies in this domain. It is justified by
the fact that larger urban centers offer more services - such as schools, hospitals, supermar-
kets, and transportation infrastructure - which naturally attract external professionals.

The Aosta Valley has approximately 123,000 inhabitants spread across 74 municipalities.
Among them, only the regional capital Aosta exceeds 10,000 residents, with a population of
around 33,000. About 75% of the population is concentrated in the 28 municipalities located
in the non-mountainous central valley, while the remaining 25% resides in mountainous
areas.

From this distribution, we assume that the location of remote workers follows the same
pattern: 75% are directed to central areas, and 25% to mountain zones. This assumption is
fundamental to our spatial analysis and is supported by theoretical frameworks drawn from
urban economics and tourism geography.

6.1 Seasonal dynamics in mountain co-working networks

The Aosta Valley exhibits pronounced seasonal fluctuations in economic activity due to its
strong dependence on tourism. The winter months (December—March) generate peak inflows
associated with ski tourism, while summer (July—August) attracts large numbers of visitors
for hiking and outdoor recreation. These dynamics directly affect co-working space utilization
and the formation of collaborative opportunities.

In particular:

— Winter peak (Dec-Mar): 95-100% tourism capacity, with high demand for temporary
workspaces from remote workers and digital nomads.
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Table 1 Seasonal decomposition of agent utilization and collaborative value

Month Q Utilization (%) Collab. Value Coalitions Status
January Ql 48+6 1050 £ 80 12 Baseline
February Ql 5245 1080 £ 85 13 Low
March Q1 58+7 1120 £ 90 14 Growing
April Q2 64+7 1180 £ 90 16 Moderate
May Q2 68 £38 1210 £95 17 Moderate
June Q2 70£8 1240 £ 100 18 Growing
July Q3 78£9 1380 & 100 21 Peak
August Q3 80+ 10 1380 + 105 22 Peak
September Q3 76 £ 8 1350 + 100 20 High
October Q4 72 +8 1320 £ 95 19 Declining
November Q4 65+7 1250 + 90 16 Moderate
December Q4 58+6 1180 £ 85 14 Low

Values represent mean £ 95% confidence interval. Peak season in Q3 shows 60% higher utilization compared
to Q1 baseline

— Summer high (Jul-Aug): 85-90% capacity, supported by steady inflows of outdoor-
oriented professionals.

— Shoulder seasons (Apr-Jun, Sep—-Nov): 40-60% capacity, representing opportunities
for resident professionals and long-term collaborations.

To incorporate these temporal variations into the optimization model, we introduce a
seasonality factor:
Fseas = 1+ -cos2mt/T), (26)

where o = 0.3 represents the amplitude of demand fluctuations and 7 = 12 months. This
factor modulates the coalition value function and the resulting network configurations over
time.

Furthermore, Table 1 provides a visual representation of utilization dynamics across the
four seasons, highlighting the contrast between high-demand and low-demand periods and
their implications for coalition formation and resource allocation.

7 Allocative efficiency in co-working networks: evidence from a
Shapley-based simulation

Our analysis employs real data from the following official sources:

— Demographic data: ISTAT Census 2021 and population registry 2024 for all 74 munici-
palities of Aosta Valley (approximately 123,000 inhabitants)

— Geographic distribution: Regional Geographic Information System of Aosta Valley, pro-
viding detailed topographical and infrastructure mapping

— Economic indicators: Chamber of Commerce of Aosta Valley business registry, including
company sizes, sectors, and employment data

— Infrastructure data: Regional transportation authority databases, including public trans-
port networks and accessibility indices
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Table 2 Resource requirements by agent type

Agent Type Space (m?) Time (hrs) Funding (€) Equity
Freelancer 5-15 5-50 1,000-5,000 1-3
Startup 15-30 50-100 5,000-20,000 3-10
SME 30-50 100-200 10,000-30,000 5-15
Consultant 10-20 20-80 2,000-8,000 2-5

— Tourism statistics: Regional tourism observatory data for 2022-2024, showing seasonal
patterns and visitor flows

The simulation combines these real datasets with optimization algorithms to determine opti-
mal coalition configurations. Agent characteristics (freelancers, startups, SMEs, consultants)
are derived from actual business registry data, ensuring realistic parameter ranges.

To validate our theoretical framework, we conducted a numerical simulation using data
on the demographic characteristics of the Aosta Valley region. We modeled a network of 100
potential agents distributed across 10 co-working spaces. The agents and co-working spaces
were geographically positioned using simplified two-dimensional coordinates representing
the region’s topography. Consistent with regional demographics, 75% of the agents and
co-working spaces were located in the central valley areas, while the remaining 25% were
distributed across mountain municipalities.

The agents were divided into four categories: freelancers (50%), startups (30%), SMEs
(10%), and consultants (10%). Each agent was assigned a random skill score across six
domains (Technology, Design, Business, Marketing, Finance, and Legal) to model collabo-
rative potential based on complementary skills (See Table 2).

The simulation was implemented using Python 3.8. Regarding computing resources, the
system was tested on machines equipped with multi-core CPUs and 8 to 16 GB of RAM.
The full simulations took approximately 45-60 minutes to complete.

8 Coalition valuation and network optimization under constraints

For assessing the collaborative potential within the co-working network, we developed a
coalition evaluation function that integrates both structural and contextual dimensions. The
coalition evaluation function combines multiple value dimensions through a multiplicative
structure. While the seasonality factor Fge,s is explicitly formalized in Equation 26, the
remaining component functions are described below.

Coalition size value (Vgize)

The base value of a coalition is modeled as a function of its cardinality, reflecting the
principle that larger teams generate greater potential value through increased resource pooling
and diversity of perspectives:

Viize(S) = B1 - ISI” 27

where B is a scale parameter calibrated to the specific territorial context, |S| denotes the
number of agents in coalition S, and y € (0, 1] is an elasticity parameter. The choice y < 1
captures diminishing marginal returns to coalition size, reflecting coordination overhead and
communication costs identified in the literature (Hackman & Vidmar, 1970; Lakey & Cohen,
2000; Mueller, 2012). When y = 1, the relationship is linear.
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Skill complementarity value (Veomp)

Complementarity is quantified through the diversity of expertise domains represented
within the coalition.

Let K = {technology, design, business, marketing, finance, legal} represent the k domains,
and let skill; € [0, 1] denote the proficiency level of agent i in domain k. Complementarity

is measured as:
1 .
Veorp(8) = P2 12 > (1 -[Ta- skﬂl,-,k)> (28)

keK ieS

This formulation captures the probability that at least one coalition member possesses mean-
ingful competence in each domain. The value ranges from O (no coverage) to 8, (full coverage
across all domains). The normalization by |K | ensures scale independence from the number
of skill domains considered.

Expertise breadth value (Vexp)

Beyond complementarity, coalitions benefit from the breadth of domain coverage. Let
D(S) € K denote the set of domains in which at least one coalition member has proficiency
exceeding a threshold iy € (0, 1]:

Vexp(S) = B3 - O] (29)
IK|
This metric rewards coalitions with multidisciplinary capabilities. While conceptually related
t0 Veomp» Vexp captures the number of domains with meaningful coverage, whereas Veomp
captures the strength of that coverage. The normalization by | K| yields a value in [0, 83].

Geographic dispersion penalty ( Firans)
Transportation constraints (Equation (13)) limit coalition viability based on cumulative
distance. The transportation factor penalizes geographic dispersion, following an exponential

decay model:
d(s)
Firans (S) = exp <_8 : d ) (30)
ref

where

_ 1
d(S) = 15051y Z dij
2 i,jes

1<j
is the mean pairwise distance within the coalition, § > 0 is a sensitivity parameter governing
the strength of geographic friction, and dit is a reference distance (e.g., 10 km) used for nor-
malization. When § = 0, geographic distance has no effect. Higher § values impose stronger
penalties for dispersed coalitions. The exponential form ensures that Fia,s(S) € [0, 1], rep-
resenting a proportional reduction in coalition value. Equivalently, the transportation penalty
can be expressed through the feasibility constraint, in which case Fiy,ns becomes a binary
indicator rather than a continuous penalty. The choice between formulations depends on
whether constraints are hard (infeasible coalitions excluded) or soft (feasible but penalized).

Parameter calibration and interpretation

The weighting parameters 1, 2, B3 reflect the relative importance of size, complemen-
tarity, and breadth of expertise in the specific territorial context. These should be calibrated
using:

— Expert elicitation from co-working space operators and regional development planners;
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Network Topology Examples
(a) Small Network (n=5) (b) Medium Network (n=8) {(c) Star Topology (n=7)

Fig.3 Network topology and coalition formation dynamics

— Empirical data on actual coalition formations and their measured outcomes;
— Sensitivity analysis to assess robustness to parameter variations.

The skill threshold g and reference distance dr require contextual specification. For the
Aosta Valley case study, i is set to 0.5 (moderate proficiency) and der = 10 km, reflecting
regional transportation patterns.

Aggregation structure and multiplicative properties
Therefore V (S) follows a mixed aggregation logic:

V(S) = (Vsize(S) + Veomp(S) + Vexp(S)) X Firans(S) X Fseas() 3D

This structure treats the three value components as additively separable, while geographic
and seasonal factors operate multiplicatively. This reflects the assumption that:

— Vsizes Veomp, and Vexp are independent dimensions of collaborative potential, with addi-
tive effects;

— Transportation and seasonality are modulation factors that reduce (or enhance) coalition
viability without changing the fundamental collaborative structure.

8.1 Network topology, coalition formation, and structural dynamics

The valuation functions defined above operate within a network context whose topological
properties shape coalition formation. Network topology -the pattern of connections among
agents - is not independent of coalition dynamics. It determines which coalitions are feasible
and which are likely to remain stable. It also influences how value is distributed among
members. Understanding this interplay between network structure and coalition behavior is
essential for predicting real-world outcomes and for designing interventions that account for
emergent organizational properties.

The exemplary topologies in panels (a)-(c) (see Fig. 3)represent distinct organizational
architectures, each with important implications for coalition formation and value realiza-
tion. Panel (a) shows a small, densely connected network (n = 5) in which agents are highly
interconnected. This structure allows coalitions to form flexibly across many possible mem-
bership combinations. The high connectivity supports rapid information flow and mutual
monitoring. As a result, coalitions can be created based on skill complementarity and task
requirements rather than spatial proximity or existing organizational boundaries. In such envi-
ronments, coalition formation is dynamic and adaptive. Agents reorganize into new coalitions
as project opportunities arise and conditions change. The valuation function (Equation 31)
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operates with minimal topological friction, since agents can combine based solely on skill
match and geographic feasibility.

Panel (b) presents a medium-sized network (n = 8) with a hierarchical or community
structure. Agents cluster into distinct groups (orange and green blocks) connected by only a
few inter-cluster links. This architecture mirrors real organizational settings, where groups
often form around shared interests, geographic proximity, or institutional affiliations. Within
each cluster, coalitions form easily because agents share proximity, trust relationships, and
similar institutional contexts. Inter-cluster coalitions, however, face greater friction. They
require coordination across different organizational settings, often rely on broker agents to
bridge communities, and are exposed to information asymmetries and weaker monitoring.
In this context, the transportation penalty (Firans) becomes especially important. Coalitions
that span clusters incur higher average distances and therefore lower viability. This dynamic
helps explain why real co-working ecosystems tend to form coalitions at the community level
rather than globally optimized grand coalitions.

Panel (c) illustrates the most centralized topology: a star structure (n = 7) in which a
single hub agent (node 0, red) connects to all peripheral nodes. In contrast, the peripheral
agents are not directly connected. This topology strongly limits coalition formation. Any
viable coalition must either involve peripheral agents that all connect through the hub or
be directly led by the hub itself. As a result, the hub becomes a critical bottleneck. Coali-
tion formation cannot proceed without its participation or mediation. This dynamic creates
a pronounced principal-agent problem, as the hub can appropriate a disproportionate share
of coalition value. Peripheral agents have no alternative coalition pathways and, therefore,
limited bargaining power. In such star networks, the Shapley Value naturally produces asym-
metric allocations that favor the hub, whose marginal contribution is essential in nearly all
coalitions. Policy intervention through dynamic A adjustment becomes crucial to prevent
exploitative outcomes.

For policy-makers, these dynamics highlight a key point: coalition policy cannot treat
network topology as exogenous or irrelevant. Before calibrating A or applying other coalition-
level interventions, authorities must understand the existing structure - where clusters form,
which agents act as bridges, and where centralization risks appear. In dense networks, policy
can rely on market-driven coalition formation with minimal oversight. In clustered net-
works, however, policy must address coordination barriers between groups. This may require
subsidies for cross-cluster coalitions or infrastructure investments that reduce the friction
of moving across bridges. In centralized topologies, policy must enforce strong oversight
and may need structural reforms to limit hub exploitation. A topology-sensitive approach
thus replaces one-size-fits-all strategies with context-aware, structurally informed policies
grounded in a detailed understanding of network architecture and its implications for feasible
and sustainable coalition formation.

8.2 Computational complexity and scalability
The exact computation of the Shapley Value has complexity
02" -n?),

where n is the number of agents. This cost arises from evaluating all possible coalitions and
computing each agent’s marginal contribution. In co-working networks with 50-200 agents,
the exact method becomes infeasible.
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To ensure tractability, we use a sampling-based approximation with complexity
om’ -k,

where k is the sample size. This approach reduces the number of required coalition evaluations
while maintaining high accuracy.

Performance benchmarks on standard hardware (8-16 GB RAM, multi-core CPU) high-
light this difference:

e 50 agents: 2.3 min (exact) vs. 0.5 min (sampling)
e 100 agents: 45 min vs. 8 min
e 200 agents: 3.2 h vs. 25 min
e 500 agents: not tractable (exact) vs. 1.5 h (sampling)

The approximation remains within 5% of the exact solution for networks up to 200 agents,
with convergence improving as k increases. This makes it suitable for coalition evaluation
and for integration into our bi-objective optimization model.

Both computational and methodological considerations support the choice of sampling.
Stratified sampling ensures proportional representation of coalitions of different sizes,
reduces variance, and yields stable marginal contributions. The resulting estimates are robust
and efficient.

For each agent i, the Shapley Value ¢; (V) is estimated as the average marginal contribution
over a representative set M; of sampled coalitions:

1
¢i (V) ~ i D IVS) = V(S\ {ih].

SeM;

This approximation preserves all information needed to rank agents, assess coalition incen-
tives, and guide the optimization algorithm and policy trade-offs.

Since our goal is not to compute exact monetary payoffs but to identify stable coalition
structures and evaluate policy scenarios, the sampling approach is fully adequate. It pro-
vides scalability, robustness, and efficiency, especially when many Shapley computations are
required in dynamic or seasonal simulations.

9 Simulation scenarios

This section presents the main results of the simulation study. To evaluate the effectiveness and
adaptability of the proposed optimization model, we designed two simulation scenarios. Each
scenario reflects a distinct strategic approach to resource allocation and coalition formation
in the context of a co-working network.

In the first scenario (static A approach), we adopt a conventional weighted-sum strategy.
The trade-off between collaborative value and operational cost is controlled by a fixed scalar
parameter A. A series of fixed values (A = 0.2, 0.4, 0.6, 0.8, and 1.0) is used to explore
different prioritization levels along the Pareto frontier.

In the second scenario (dynamic A adjustment), we introduce an adaptive optimization
mechanism in which the A parameter is no longer fixed but varies dynamically across agents.
Specifically, A; is adjusted for each agent based on their normalized Shapley Value, which
captures their marginal contribution to coalition value.
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Table 3 Performance comparison across optimization scenarios (30 runs)

Scenario A Collab. Value Op. Cost (€) Coalitions Std. Dev.
Static A 0.2 8452 +423 56,430 £+ 2,821 12 0.050
Static 1 0.4 1,210.5 + 60.5 78,650 £+ 3,932 17 0.045
Static A 0.6 1,485.7 +74.3 92,845 £+ 4,642 22 0.042
Static A 0.8 1,632.1 + 81.6 110,250 £ 5,512 24 0.038
Static A 1.0 1,728.4 + 86.4 124,780 £ 6,239 25 0.035
Dynamic A Varied 1,838.6 +£91.9 100,520 £ 5,026 24 0.028

Values represent mean =+ standard deviation from 30 independent simulation runs. The dynamic approach
shows significantly better performance (p < 0.01, Wilcoxon signed-rank test)
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Fig.4 Enhanced Pareto frontier showing trade-offs between collaborative value and operational costs
9.1 Comparative performance analysis

Table 3 provides a comparative overview of the key performance metrics obtained across the
different optimization scenarios considered in the study.

9.2 Pareto frontier analysis
As shown in Fig. 4, the Pareto frontier illustrates the trade-off between operational cost and
collaborative value across different network optimization scenarios. The circular markers

represent static A configurations. In contrast, the red diamond highlights the dynamic XA
scenario, which clearly outperforms all static alternatives.

9.3 Resource utilization analysis

In Fig. 5 and Table 4 we show the agent utilization rates across the various optimization
scenarios considered in the model.
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Table 4 Performance summary.

Method Utilization Coalitions Agents Efficiency
StaticA =02  48% 12 45 0.015
Static A = 0.6 72% 17 58 0.015
Static A = 1.0 80% 22 67 0.016
Dynamic 79% 24 79 0.018

9.4 Sensitivity analysis
9.4.1 Coalition size limits

We tested maximum coalition sizes of 4, 6, 8, and 10 agents:

Size limit 4: Lower collaborative value (-18%) but faster computation.
Size limit 6: Optimal balance (baseline)

Size limit 8: Marginal improvement (+3%) with 2x computation time.
Size limit 10: Diminishing returns (+4%) with 5x computation time.

The results confirm that coalition sizes above 6 agents yield diminishing returns due to
coordination overhead, validating our baseline choice.

9.4.2 Parameter variations and resource constraint relaxation

The sensitivity and stability of the model were assessed through two complementary tests.
First, the model’s robustness was evaluated by introducing 20% variations in all parame-
ters. The results indicated limited fluctuations in output: less than 8% for resource costs,
6% for transportation costs, 7% for space requirements, and 9% for financing constraints.
These results confirm that the model remains stable and reliable under moderate parame-
ter uncertainty. A second analysis focused on relaxing resource constraints, examining how
incremental increases in available resources affect overall value creation. The results reveal a
pattern of diminishing returns: a 10% increase in resources led to a 6% improvement in total
value, a 20% increase produced an 11% gain, and a 30% increase produced a 14% improve-
ment. This indicates that while additional resources improve performance, their marginal
impact gradually decreases beyond a certain threshold.
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9.5 Comprehensive performance analysis

The comprehensive performance analysis across all optimization scenarios is summarized
in Table 3, which compares five critical dimensions: collaborative value, operational costs,
utilization rates, number of coalitions formed, and efficiency ratios. The dynamic A approach
consistently outperforms all static alternatives, achieving the highest overall performance
rating.

10 Public policy implications

Public policy can act directly on the weighting parameter A through a variety of instruments,
such as education and skills policies, investments in physical and digital infrastructure, admin-
istrative simplification policies, place-based and territorial development programs, cultural
policies, and public-private partnership arrangements. These different policy levers do not
merely influence agents’ propensity to co-work. They also reshape the territorial conditions
that determine whether collaboration is feasible and valuable. In doing so, they can amplify -
or attenuate - the social returns that co-working networks can deliver. In short, A is a policy-
sensitive filter. Changes in infrastructure, human capital, taxation, or regulation alter both
the incentives to form coalitions and the scope of their externalities. As a result, co-working
produces effects that go far beyond the immediate management of shared spaces.

Operationalizing this insight, we propose five illustrative, mutually exclusive, and con-
tiguous regimes that correspond to distinct growth objectives:

(i) Resource-constrained growth — A € [0.00, 0.20): the priority is to sustain essential
services and system viability under fiscal and resource constraints.

(ii) Frugal efficiency growth — A € [0.20, 0.40): the aim is quality-preserving growth
within tight financial boundaries.

(iii) Balanced growth — A € [0.40, 0.60): a middle-ground stance that jointly pursues
efficiency and collaborative value.

(iv) Inclusive growth — A € [0.60, 0.80): emphasis is placed on redistributive and partic-
ipatory growth.

(v) Qualitative development— A € [0.80, 1.00]: the focus is on the qualitative dimensions
of growth, combining the accumulation of intangible assets (human, social, and cultural
capitals) with selective material investments to enhance territorial performance and
collective capabilities.

The five illustrative examples offered above are necessarily schematic. Within each regime,
there exist varying degrees of attainment and a range of intermediate positions whose bound-
aries are far more porous than a discrete taxonomy suggests. However, a general implication
emerges: public policy rarely presents itself as a binary choice; instead, it unfolds along
a continuum of gradations and trade-offs. Employing the continuous parameter A to map
several policy regimes brings this model within the policy-mix literature. Indeed, by refram-
ing public interventions not as isolated instruments but as positions along a continuum in
which trade-offs are intrinsic, this perspective clarifies why it is challenging to pursue com-
pound policy objectives simultaneously. It also highlights the inherent complexity involved
in combining and balancing distinct policy levers.
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Moreover, the paper’s dynamic adjustment mechanism offers a substantive contribution
to the public management literature on innovation ecosystems. By aligning optimization
parameters with territorial and societal goals, the mechanism moves the discussion beyond
narrow efficiency metrics and towards a bi-objective public calculus that explicitly accounts
for territorial externalities. Empirically, the dynamic approach proves effective in the Aosta
Valley case. It achieves 12.7% higher collaborative value while reducing operational costs
by 8.8% relative to the best static alternative. This finding reinforces the theoretical premise
that public-guided dynamic weighting can deliver both greater value and lower costs.

The two mechanisms studied can also be interpreted in normative terms as a contrast
between a fixed-weight (static) regime and a performance-contingent (dynamic) regime. In
the static case, A is chosen uniformly, whereas in the dynamic case, A varies according to
agents’ marginal contributions, effectively rewarding higher performers and enabling differ-
ential support. This differentiation partly explains the superior performance of the dynamic
approach. By privileging agents or coalitions with demonstrable marginal contributions, the
policy allocates scarce public resources where they yield the most significant collaborative
return.

Finally, framing the static model as primarily top-down and the dynamic model as a
hybrid top-down and bottom-up approach provides an additional explanation for the dynamic
model’s superiority. It also conveys a key lesson for policy-makers: the centrality of data
and information. Successful implementation relies on timely, high-quality data on agent
characteristics and local conditions, as well as on administrative and operational structures
that are close to citizens. Local public bodies must therefore be equipped not only with
funding but also with robust information systems and analytical capacity, enabling bottom-
up signals to guide public interventions. In this context, enhanced collaboration between the
public and private sectors can also play a key role.

Together, these insights suggest a practical agenda for policy-makers. First, they should
map a continuum of potential public outcomes and tailor policy instruments accordingly.
Second, they should adopt public-private arrangements and mixed public instruments; incor-
porate decentralized mechanisms that reward performance. Finally, they should invest in local
data and administrative capacity. This approach allows authorities to leverage co-working
networks for territorial development while explicitly acknowledging the complexity and
trade-offs inherent in real-world policy mixes.

The seasonal and convergence analysis reveals critical patterns underlying co-working
dynamics. Panel (a) of figure 6 shows the distribution of Shapley Values in the three regimes
of A, highlighting that A = 0, 2 produces the most uniform distribution, A = 0, 6 an inter-
mediate profile, and A = 1.0 the most significant concentration, with very high values for
a few agents and almost zero for the others. Overall, as A increases, the collaborative value
tends to polarize, while lower values favor greater allocative equity. Panel (b) traces conver-
gence dynamics for representative agents, showing that contribution patterns stabilize reliably
after approximately 300 sampling iterations, confirming the robustness of the computational
approach. Most significantly, panels (c) and (d) reveal strong seasonal effects that challenge
static policy assumptions. Utilization rises from 50% in Q1 to 77% in Q3, while collaborative
value shows an even larger shift, reaching 1380 in Q3 compared to a Q1 baseline of 1050
- a 60% efficiency premium during peak season. This seasonal volatility underscores why
dynamic policy calibration is imperative - fixed policy weights cannot capture the temporal
heterogeneity that characterizes real-world co-working networks.

The agent—A interaction heatmaps reveal the fine-grained sensitivity of co-working out-
comes to policy parameters and agent heterogeneity (Figure 7). The left panel maps Shapley
Value sensitivity across the full A range (0.2-1.0) for all 10 agents. It shows a monotonic
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decline in absolute values as A decreases and value concentration increases. The values
range from 169 for agent 1 at . = 1.0 (maximum equity weighting) to 23 for agent 10 at
A = 0.2 (maximum efficiency focus), indicating strong differentiation in marginal contribu-
tions. These patterns show that moderate changes in A can generate substantial redistributive
effects without reducing efficiency. The right panel displays weekly utilization heterogeneity
over the full 52-week cycle. Several agents maintain consistently high utilization (dark green
cells), indicating stable baseline demand. Others exhibit highly volatile profiles, with red—o-
range patches indicating utilization below 65%. This heterogeneity demonstrates the limits
of aggregate policy and highlights the need for adaptive resource-allocation mechanisms that
respond to both temporal variation and agent-level differences. Effective policy design must
therefore rely on decentralized feedback loops capable of detecting and adjusting to these
heterogeneous patterns in real time.
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11 Limitations and further developments

The proposed model, while offering promising results consistent with the theoretical
premises, presents some limitations that are worth discussing and open to interesting prospects
for future development.

A first limitation concerns the maximum size of the coalitions considered, set at six agents.
This threshold was inspired by the literature on in-person groups, which consensus holds that
the optimal size is around 5-7 people (Hackman & Vidmar, 1970; Lakey & Cohen, 2000;
Mueller, 2012). While this value has the advantage of limiting computational complexity,
it may exclude larger configurations that are potentially more efficient or meaningful for
collaboration.

Methodologically, the model uses an approximation in calculating Shapley Values, which
is necessary to ensure the tractability of the problem at the network scale. However, this
choice introduces uncertainty into the estimation of agents’ marginal contributions.

It should also be noted that the model assumes a static structure of agents’ preferences
and characteristics. In reality, factors such as skills, resource availability, and propensities
for collaboration are dynamic and evolve over time.

11.1 Dynamic extensions and future research directions

While the current model assumes static agent characteristics, several promising extensions
can incorporate temporal dynamics to enhance both realism and analytical depth. First, the
framework can be reformulated as a multi-period model in which coalition values evolve
according to learning effects generated by repeated interactions among agents:

Vi(§) = Vi—1(S) + v - Li(5) (32)

where L, (S) represents the learning component and y € [0, 1] denotes the learning rate. This
formulation captures the cumulative and adaptive nature of collaborative behavior. Dynamic
population mechanisms can also be introduced by allowing agents to enter or exit the system
over time. Entry and exit probabilities may be expressed as:

Penlry(t) = - (1 = Nt/Nmax) (33)
Peyit(t) =v - (1 = Vi(1)/V) (34)

where © and v correspond to the entry and exit rates, N,y represents the network’s max-
imum capacity, and V is the average value threshold. This approach enables modeling of
dynamic ecosystems where participation fluctuates in response to value creation and oppor-
tunity structures.

Temporal coalition stability can be further ensured by introducing persistence and rep-
utation mechanisms. Coalitions may be required to remain active for at least t,,;, periods,
while agents incur a switching cost csyircn When changing coalitions. In addition, reputa-
tion effects can be incorporated to account for how historical performance influences future
coalition opportunities. Together, these mechanisms capture the temporal interdependencies
that shape cooperative dynamics.

Preliminary simulations over a three-month horizon indicate that the inclusion of these
temporal features increases model realism without compromising computational tractability
for networks of up to 150 agents. In light of these considerations, future research should
explore how varying public policy objectives influence the optimal evolution of the A param-
eter over time. It should also assess the long-term territorial impacts of alternative weighting
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strategies and empirically validate the proposed framework by applying it to real-world co-
working networks.

12 Conclusions

Our research confirms and extends the theoretical framework for multi-objective optimization
of co-working networks as instruments of public policy for territorial development. The
results demonstrate that the dynamic A adjustment mechanism, based on agents’ Shapley
Values and guided by public policy objectives, achieves significantly better outcomes than
traditional static weighting approaches.

By treating co-working networks as instruments of public policy rather than purely private
economic entities, we provide a framework that balances economic efficiency with territorial
sustainability and social objectives. The model effectively balances the maximization of
collaborative value with the minimization of operational costs.

The bi-objective approach, justified by the need to account for territorial externalities and
public policy flexibility, offers decision-makers a transparent and adaptable tool for territorial
development.

The model explicitly addresses coalition formation processes, management structures,
and resource constraints, providing a comprehensive framework for understanding and opti-
mizing co-working networks as public policy instruments. This approach not only increases
the utilization of existing infrastructure but also creates additional value through strategic
coalition formation guided by territorial development objectives.

Our application to the Aosta Valley demonstrates the framework’s practical applicabil-
ity and its ability to generate actionable insights for territorial development strategies. The
approach represents a significant step toward evidence-based public policy for innovation
ecosystem development in both urban and rural contexts. It is particularly relevant for regions
facing depopulation, seasonal economic fluctuations, and the need for sustainable territorial
development.

Overall, this work provides practical evidence of the effectiveness of the proposed bi-
objective optimization framework as a decision-support tool. It can be used by policy
makers, co-working space operators, and regional development planners seeking to opti-
mize co-working networks while ensuring alignment with broader territorial development
and sustainability objectives.
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