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Industrial Symbiosis (IS) consist of complex systems thus, structural and
behavioral processes need dynamic models. The aim of this thesis is to use
Social Network Analysis (SNA) as well as Agent-based Modeling (ABM) for
a better understanding of the evolution of inter-firm collaboration in the IS
context. The introduction shows why SNA’s structural insights should be
coupled with the actor-based model (ABM) to drive better insights than static
or siloed methods. The research address the methodological gap of current
IS modeling. A systematic literature review was performed using Scopus
and identified 28 high-quality peer-reviewed studies that jointly applied SNA
and ABM. A three-stage selection funnel is used in the methodology. The
focus is on translating metrics, modeling trust and interaction mechanisms.
The results for the research questions indicate that SNA measures of degree
and betweenness centrality frequently find their way in the decision rules
of agents in the ABM. These SNA measures determine how agents behave
across the spectrum of the categories of reactive, deliberative and hybrid.
The model realism of the research questions gets higher due to acceptance
and trust that allow IS to have better networks. The synthesis section high-
lights that integration improves realism and strategic insights. However, the
challenges are limited empirical validation, insufficient modeling of political
governance layers, and frameworks varying across studies. In conclusion,
the combination of SNA and ABM provides a more natural way to under-
stand IS network formation in terms of structure and agency. As researchers
embed trust and relational metrics into behavioral simulations, they can
better inform policy, foster cooperation through time and support ecological
resilience in industrial ecosystems.
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1 Introduction
Industrial Symbiosis (IS) is in the field of circular economy a circular
businessmodel which puts out to reducewaste and improve resource
efficiency by promoting interactions among industrial companies.
These symbiotic relationships feature networks that can adapt and
evolve. To understand IS there are required tools which are able to
present structural make up of these networks and also to simulate
actor behavior over time [1].
Social Network Analysis (SNA) is a tool which is used to study

relationship structures in IS, which than maps out how companies
interact and exchange resources [2]. There is also Agent-Based
Modeling (ABM) which is to simulate individual actors’ decision
making processes and see how their local actions play out to produce
system wide results [3, 5]. Although both of these methods are
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used in IS research, they are not often put together and there is no
standardized framework for their integration.

This research performs a systematic review of the literature which
reports on the application of SNA and ABM, aiming to identify po-
tential improvements in the analysis of IS networks. It also examines
the methodological field as a whole, report on past attempts at inte-
gration, and their advantages and challenges within IS setting [4,
6].

1.1 Problem Statement
Despite SNA and ABM gaining popularity within the contexts of sus-
tainability and systems research, their combined use in IS seems to
lag behind. The literature shows an insufficient answer concerning
how these advanced methods work together concerning modeling
inter-firm collaboration, resource flow exchanges, and IS networks
evolution. This gap in methodology constrains the ability of re-
searchers to explain or simulate the processes of formation, adapta-
tion, and reactive behaviors of IS networks under external changes
like policies and market shifts [7, 8].

1.2 Research Question
To fill this gap, the main research question is defined as follows:

How can the integration of Social Network Analysis and Agent-
Based Modeling improve the understanding and facilitation of In-
dustrial Symbiosis networks?
To better answer this question, the following sub-questions are

formulated:

• What kind of metrics from Social Network Analysis (SNA)
can be translated into behavioral rules for agents in an Agent-
Based Model (ABM) of industrial symbiosis?

• How does trust and/or acceptance among firms influence the
formation and/or evolution of industrial symbiosis networks
in agent-based models?

• What are the advantages, challenges, and gaps in combin-
ing SNA and ABM methods in the context of IS networks
formation and/or evolution?

2 Systematic Literature Review
This section explains the methods and steps to conduct a System-
atic Literature Review (SLR). It describes the research synthesis
approach, including the search strategy and selection criteria as
well as the coding system used. The approach attempts to preserve
transparency, rigor, and replicability in answering the given research
questions.

2.1 Methodology
This research uses an SLR. The goal is to integrate and critique
the existing scholarly work at the nexus of SNA, ABM, and IS. All
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research questions and sub-questions are answered through the
analysis of peer-reviewed literature.
An SLR was conducted due to its predetermined approach that

minimizes bias and enhances reliance on existing documents. Fol-
lowing Denyer and Tranfield’s five-stage framework (problem artic-
ulation, searching, selection, extraction, synthesis, and reporting),
the literature review focused on literature combining SNA and ABM
in the context of IS. Only Scopus was selected because it was suf-
ficiently multidisciplinary, had detailed TITLE-ABS-KEY indexing,
and contained adequate resources relevant to the overarching thesis
while being efficient to screen [41].

Fig. 1. Steps of SLR by Denyer and Tranfield

The queries which were constructed by keywords to yield the
most relevant results are presented as such:

• RQ1: ("Social Network Analysis" OR sna) AND ("central-
ity" OR "structural holes" OR "community detection") AND
("Agent-Based Model*" OR abm OR "agent-based simulation"
OR "multi-agent system" OR "agent simulation")

• RQ2: ("trust" OR "acceptance" OR "collaboration" OR "co-
operation" OR "partnering" OR "mutual understanding" OR
"willingness" OR "engagement") AND ("Agent-Based Model*"
OR abm OR "agent-based simulation" OR "multi-agent sys-
tem" OR "agent simulation") AND ("industrial symbiosis" OR
"industrial ecology" OR "resource exchange" OR "waste ex-
change" OR "eco-industrial park")

The queries extracted 35 papers for RQ1 and 22 papers for RQ2.
Then, a three-stage funnel was applied to further refine the results:
1. Title/abstract relevance - retained only studies that contained an

SNA metric linked to an ABM (RQ1) or model trust/acceptance
within an ABM (RQ2).

2. Full-text eligibility – retained peer-reviewed English articles pub-
lished in journals from 2002 to 2025 that mapped the focal con-
struct to agent behavior, excluding conference papers at this
stage to maintain methodological depth and peer-review scrutiny
across the sample.

3. Conceptual fit – eliminated papers where ABM was treated as
background or where SNA metrics/trust appeared to be descrip-
tive. In every article that was retained, the construct was embed-
ded directly into the agents’ decision rules.

Fig. 2. Process of selection and evaluation of literature

Applying these criteria reduced the sets to 18 papers for RQ1 and
10 for RQ2. Each remaining study was coded with templates aligned
to the research questions:

• RQ1 fields: Metric Used → Agent Rule → Behavior Type →
Interaction Type

• RQ2 fields: Behavior→Decision rule→ Interaction structure
Aligning search strings, eligibility filters (including the exclusion of
conference papers) and extraction dimensions ensures conceptual
continuity throughout the SLR pipeline and makes the subsequent
synthesis directly traceable to the screening rationale.

2.2 Descriptive analysis
Conference proceedings, while useful for quickly testing emerging
ideas, rarely rack up the attention journals get.Conference papers
usually rely on a single citation and skip over the detailed model
code, unlike journal articles that include dozens of sources and go
deeper. This citation gap, reinforced the earlier decision to exclude
conference items during qualitative screening.

The temporal profile of the corpus spans 2002-2025 but lean heav-
ily toward the last few years. Roughly two-thirds are published
after 2017, with noticeable spikes in 2020 and 2021 followed by a
post-COVID surge of interest in network resilience and agent-based
simulation. The median publication year is 2018, indicating that the
evidence base is predominantly contemporary, as shown in Figure
3.
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2.3 Findings for Research Question 1
The eighteen journal papers that met the screening criteria can
be examined through three interrelated perspectives: (i) the SNA
metric applied, (ii) the incorporation of that metric within an agent’s
decision rule (Agent Behavior), and (iii) the overarching category
of phenomena the model attempts to replicate (Behaviour Type).
Analyzing the corpus along these dimensions reveals what structural
information authors find important, how they operationalize it at
the agent level, and what kinds of macro-behavior they ultimately
investigate.

2.3.1 SNA Metric Used

Most studies gravitate toward well-established centralities because
these metrics are both easy to interpret and computationally practi-
cal. Thirteen papers rely on degree to capture a firm’s immediate
resource reach, eight papers employ betweenness to quantify bro-
kerage potential, five invoke eigenvector or PageRank for global
prestige, four adopt closeness to model accessibility, and only two
resort to explicit structural-hole measures like effective size or
constraint. Community-detection appears once. The dominance
of classical centralities suggests a cautious methodological culture:
researchers prefer familiar metrics that are supported by standard
software, even though more discriminating measures, such as bro-
kerage or dynamic modularity, would more accurately reflect real
eco-industrial-park dynamics[11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21,
22, 23, 24, 25].

In all the studies examined, centrality measures - degree, between-
ness, closeness, eigenvector, and strength centrality - have proven
to be essential for organizing agent behavior in ABMs derived from
SNA. Each metric is capable of measuring some dimension of impact
and relative importance within a network. As an example, De La Paz
and Estuar et al. (2017) used degree, betweenness, and eigenvector
centrality to assess the impact of media and individual agents on the
public discourse regarding gender violence. These metrics enabled
the ABM to model the dissemination of information based on a
node’s centrality in constructing the narrative, illustrating, albeit
outside the IS framework, the transferable nature of the methodol-
ogy[11].
In their study, Askari Sichani and Jalili et al. (2017) developed a

centrality framework using degree, betweenness, and closeness to
infer social power. They proved that those metrics could be applied
as agent influence weights in an opinion formation model as a so-
phisticated estimate of the power relations between agents, even in
absence of structural details. This helps to reinforce the relationship
between SNA and behavioral modeling in ABMs [12].
The epidemiological studies of primate and chimpanzee disease

networks further emphasize the significance of centrality. Romano
et al. (2016) implemented eigenvector, strength, and betweenness
centrality to assess the infection risks of Japanese macaques. Their
results highlighted that central individuals not only disseminated
infections more effectively but also became infected more rapidly,
which emphasizes centrality’s dual role as risk and transmission
factor. Pierron et al. (2024) extended this work by simulating disease
transmission in chimpanzees using degree, strength, and eigen-
vector centrality, reinforcing the association between individual

centrality and epidemiological outcomes. The study stressed differ-
ent centrality types (e.g., direct vs. indirect measures) were more
or less predictive depending on pathogen parameters such as the
infectious period [13, 17].

In the e-commerce setting, Piao et al. (2010) studied buyer-seller
relationships using degree and betweenness centrality in a multi-
agent simulation framework. They transformed two-mode transac-
tion networks into one-mode projections from which they derived
network centrality metrics in order to reveal hidden structures of ne-
gotiation and influence. This proved that SNA metrics could extend
beyond theoretical frameworks into real-world agent simulations
[23].

The combination of these studies demonstrates that SNA metrics
are not only descriptive, but also constitutive elements within the
designing processes of agent behavior algorithms. These measures
capture as rigorous quantifiable bases to encode agent roles, risks
and decision making power across various domains. Through de-
gree showing direct connection, betweenness showing brokerage
position and eigenvector showing systemic significance all serve as
rigorous quantifiable bases to encode agent roles risks and decision
making power across various domains[11, 13, 17, 23].

2.3.2 Agent Behavior

In ABMs pertaining to industrial symbiosis and other sociological
simulations, agent behaviors are often shaped by positional metrics
obtained through SNA, converting static structures into dynamic
actions. A notable recurring theme across all studies is the influ-
ence of centrality on behavior. As an example, in health behavior
intervention modeling by Blok et al. (2023), agents selected using
in-degree, betweenness, and closeness centrality were intervened
on (physically motivated) and later on influenced others through
peer interactions. This behavior was akin to real-life peer modeling
and diffusion phenomena in which central individuals assumed the
primary propagator roles within the network [18, 19, 22, 23].
In a prior study, Shinoda et al. (2007) proposed a voting proto-

col in which agents picked links with utility evaluations based on
centrality metrics like closeness, betweenness, or PageRank. This
work demonstrated that diverse preferences of centrality yielded
different network topologies which highlighted the fact that central-
ity was a non-spatial input to agents’ algorithms for link creation
and influence adjustment. In the same spirit, Piao et al. (2010) used
centrality as a decision criterion in a buyer-seller networks where
agents decided to accept or reject transactions given the engage-
ment history and their position of centrality in the network. Here,
centrality acted as a measure of trust and reliability, determining
agents’ adaptive strategies for partnership [19, 23].

Other researchers have used SNA-ABM to model social behavior
and the dynamics of crisis response. Rodrigueza and Estuar (2018)
studied disaster management by assigning agent roles as coordina-
tors and connectors depending on their level of centrality in the
communication network. Decisions made by agents regarding mobi-
lization and information dissemination were based on dynamically
updated belief states, knowledge states, task alignment mechanisms,
and certain alignment heuristics. During emergency communication,
centrally located agents acted in a dominant leadership capacity. In
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contrast, Abbas (2013) investigated how online friendships devel-
oped on Facebook, where agents created links according to rules
of homophily — social preferences such as interest or residence —
and structural geometry like mutual friendships. The agent-based
simulation captured essential features of realistic network growth
demonstrating the role of structural centrality together with social
cognition in the development of social networks [20, 22].

The diverse cases outlined here highlight that agent behaviors, be
it in diffusion of health behaviors, disaster response, formation of
social ties, or negotiation in e-commerce, are fundamentally influ-
enced by their positions in the network. Hence, centrality transcends
being a mere abstract metric and becomes a functional, operational
element of reasoning at the agent level decision making framework
which shapes decisions such as forming links, intervening, or allo-
cating resources. The behavioral rules embedded in these models
go beyond simple reactivity. They are often proactive in nature and
reflect how network topology defines possibility and limitation in
social systems [18, 19, 20, 22 ,23, 25].

2.3.3 Behavior Type in ABM Translations of SNA Metrics

When adapting SNA metrics within the context of an ABM, classi-
fying agent behaviors as reactive, deliberative, or hybrid is critical.
These differences affect the realism and the degree to which the
ABM can mimic intricate, emergent industrial symbiosis dynamics.
Reactive behaviors stem from “signal” responses within a network,
for example, collaboration gained through an increase in degree
centrality. Deliberative behaviors are strategic reasoning processes
that stem from a network’s accumulated knowledge. Hybrid behav-
iors are a combination of both. Agents may act reflexively while
taking into account memories or goals [11, 18, 19, 20, 25, 26].

Reactive agent behaviors have been examined in numerous stud-
ies. Rodrigueza and Estuar (2018) gave agents in a disaster response
model functions such as “critical relayers” based on betweenness
and degree centrality, simulating real-time response urgency. Blok et
al. (2023) also modeled the dissemination of physical activity among
school children through peer influence, selecting central figures
using centrality criteria, which exemplifies a reactive propagation
mechanism [18, 20].

Deliberative actions emerge in frameworks where agents consider
centrality as a part of strategic decision making. In a voting-based
ABM by Shinoda et al. (2007), agents created links based on central-
ity optimized utility functions applying degree and betweenness
centrality, among others. Similarly, van Woudenberg et al. (2019)
assessed the impact on long-term behavioral diffusion of close or
betweenness centrality on agents, highlighting a more orchestrated
than organic form of influence [19, 26].

The most flexibility is observed in hybrid behaviors. For example,
in Simões et al. (2020) models, dairy farmers functioned as agents
shaped by peer centrality (reactive) and their personal adoption
thresholds (deliberative) illustrating multilayered complexity of dif-
fusion. De La Paz and Estuar (2017) also blended immediate shifts in
networks alongside changing social frames in agent responses to dis-
course on gendered violence illustrating the interplay of centrality
and context over time [11, 25].

Ultimately, choosing a specific type of behavior will significantly
influence the validity and relevance of the ABM. Reactive models
are best suited for quick, localized workflows, though they tend
to oversimplify complex decisions. Deliberative models are geared
toward strategic planning. Hybrid models offer a balanced mixture
of realism and responsiveness, making them ideal for simulation of
inter-firm relations and adaptive planning in industrial symbiosis
contexts [11, 18, 19, 20, 25, 26].

2.4 Findings for Research Question 2
The creation and development of industrial symbiosis networks
(ISNs) rely on social elements such as trust and inter-firm acceptance,
along with economic incentives. Many agent-based models (ABMs)
of ISNs still work with a resource optimization and cost-benefit
approach. However, trust—whether built through previous inter-
actions, reputation, or mediation by a platform—has been shown
to be vital for enduring collaboration and adaptability. The second
research question investigates the impact of trust and/or acceptance
on inter-firm relations and agent actions within the framework
of industrial symbiosis ABMs. This question aims to demonstrate
the importance of socially realistic simulations that account for
social variables into the logic of modeling cooperative industrial
ecosystems.

2.4.1 Behavior

In the context of ISNs, agent behavior models how firms react to
economic, social, or environmental stimuli. Many models operate
under the assumption that trust is irrelevant, and decisions are
driven solely by cost-effectiveness or profit expectations. As an
example, in Saghafi and Roshandel et al. (2024), firms “learn” the
payoffs of adopting clean technologies and renegotiate contracts
based on those payoffs, but their agreement is purely for economic
reasons and does not involve trust. In the same way, Chen et al.
(2025) model participation in wastewater treatment cooperatives
with trust left out. Agents join or leave the cooperative based solely
on costs [30, 36].
Unlike other studies, Ghali et al. (2017) integrates social mecha-

nisms. They simulate firms that accumulate trust, reputation, and
knowledge, which increases the likelihood of proposing or accepting
symbiotic exchanges. Trust operates as a dynamic variable shaped
by social interactions and previous engagements. Mollica et al. (2025)
embed a trust parameter that accounts for expectations regarding
the reliability of other firms participating in an industrial symbio-
sis platform. In this case, trust positively affects the likelihood of
participation and creates feedback loops that cultivate accelerated
ISN formation. Fraccascia et al. (2020) also incorporate behavioral
adaptation through redundancy strategies where trust developed
from historical reliability buffers against link dissolution. Batten
(2009) emphasizes behavioral co-evolution showing trust is culti-
vated in participatory workshops and allows adversarial firms to
transform into cooperative actors. Thus, across models, trust either
remains absent—treated as a future research gap—or becomes a
critical behavior-shaping variable that enhances cooperation, risk-
taking, and network resilience over time [28, 32, 33, 34].
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2.4.2 Decisions

Decision-making processes in ISN-focusedABMs range from straight-
forward economic calculations to complex choices moderated by
social and historical variables. For instance in Yazan et al. (2018),
firm decisions are based on ROI thresholds. They keep cooperation
till ROI exceeds a certain mark which allows them to treat economic
acceptance as a form of trust. In Yazan and Fraccascia et al. (2020)’s
case, firms pay and negotiate until a certain fitness score surpassed
an internal preset threshold. This continues to mount further evi-
dence to self-centered, individualistic behavior devoid of any social
structures [27, 36].

Trust often acts as a buffer and moderates decision-making frame-
works. In Fraccascia et al. (2020), trust functions as inertia resisting
relationship dissolutions - network stability is maintained even
when profits fall. Ghali et al. (2017) explain that firms with stronger
reputational capital are more inclined toward synergistic exchange,
implying reputation drives participation alongside eco-profit mea-
surement. Mollica et al. (2025) propose a two-stage decision pro-
cess: firms opt to register to an online platform first, then accept
or reject specific matches. Trust enhances both stages by raising
the chance of beneficial relationships. Meanwhile, participatory
decision-making, in which agent preferences and ABM rules merge
and evolve through role-play and stakeholder feedback, is empha-
sized by Batten et al. (2009). Decisions are rooted in deepening inter-
personal and inter-organizational trust. Taken together, these stud-
ies demonstrate that while many models still prioritize economic
rationality, the addition of trust enables more resilient, cooperative,
and strategically sound decisions [28, 32, 33, 34].

2.4.3 Interaction

Agent interactions in ISNs range from simple two-sided bilateral
negotiations to more intricate multilateral dealings that involve bro-
kers or platforms. Trust, more often than not, acts as the connective
tissue that either facilitates or stifles connectivity. In models where
there is no trust component included, interactions will be limited to
a transactional nature. For instance, Saghafi and Roshandel (2024)
model firm–ESCo–firm loops based on only price negotiations and
adoption benefits. Chen et al. (2025) use a single wastewater treat-
ment agent to manage participant interactions solely on the basis
of operational efficiency and temporal order [30, 36].
Other models showcase more complex interaction structures,

highlighting sociocultural embeddedness. Ghali et al. (2017) pro-
pose dual-layer networks: one capturing material flows and an-
other capturing social relations, where trust and reputation influ-
ence search costs and the pace of symbiotic exchange formation.
Ruiz-Puente (2021) describes the evolutionary phases of interac-
tions: initial, intermediate, and advanced, enabled by multi-agent
engagement through councils, databases, and platform-based syn-
ergy matching. In Yu et al. (2021), the link between demolition firms,
recyclers, and ready-mix plants is framed as tri-partite and coordi-
nated by a GIS-optimized broker. Trust is assumed in the platform
but is not explicitly modeled, which serves as a key oversight in
integrating behavioral realism [29, 34, 38].
Fraccascia et al. (2020) illustrate in greater detail how trust miti-

gates the effect of waste-market shocks by reducing link break-up

probabilities and bolstering ISN resilience. Likewise, Batten (2009)
and Mollica et al. (2025) demonstrate that interaction quality and
frequency are enhanced through participatory modeling and pos-
itive trust feedback, respectively. These findings suggest that in
cases where trust is modeled intentionally, agents move away from
low-level, economically motivated interactions toward more robust
and adaptive relations resembling the interdependence found in
sustainable industrial network ecosystems [28, 32, 33].

3 Findings and Insights
This part aims to address Research Question 3 (RQ3): What is the
value, problems, as well as the shortcomings of integrating SNA
and ABM in consideration of the formation and/or evolution of
IS networks? RQ3 is pivotal in this thesis because it captures the
conclusions derived from RQ1 and RQ2 through applying synthesis
analysis evaluation on the methods in question (RQ1) and utilized
(RQ2). The literature selected was reviewed based on two primary
criteria—advantages and challenges—to assess the effectiveness and
shortcomings of the approach. These subsections provide a summary
of these conclusions and examine the consequences, constraints,
and gaps in research that result from the SNA-ABM integration in
IS context.

3.1 Advantages
Integrating SNA and ABM creates more opportunity for in-depth
understanding of the relationships as well as behaviors involved
in IS networks. SNA provides a static image of inter-firm relations,
useful for initializing ABMs with real-world network structures
rather than random ones, improving model credibility. This was
demonstrated by Fraccascia and Yazan (2019) who showed that SNA-
derived key players acted as informants to agents’ behaviors in the
ABM simulations, improving model realism [34, 37].

Integrated frameworks have been used to study the complex
impacts of a particular position in the network on innovation dif-
fusion and the impact of network structure on system resilience.
For example, Shinoda et al. demonstrated that incorporating SNA
into agent rule designs can produce emergent behaviors that mimic
real-world complex systems. While SNA provides static structural
analysis, ABM offers dynamic change simulations. Their integration
facilitates feedback modeling where behavior shapes structure and
structure shapes behavior [19, 37].

Moreover, the collaborative method augments the analysis of pol-
icy scenarios. Implementing SNA metrics such as centrality within
the framework of ABMs makes it possible to simulate certain ac-
tions and analyze their consequences on the entire network. This
approach has been shown to aid in strategic decision-making within
dynamic systems as demonstrated Rodrigueza et al (2018) [19, 20].

3.2 Challenges
Combining SNA andABMwithin ISmodeling has several challenges,
not least of which is the availability of data. Detailed network data
is often sparse, which limits the accuracy of SNA metrics and the
realism of ABM initialization. Fraccascia and Yazan et al. (2020),
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along with many other authors, have noted that trust and transac-
tion histories between firms are vital for calibration but extremely
difficult to quantify [33].
Static SNA metrics and dynamic ABM processes pose another

challenge as the two need to be aligned, resulting in one static-snap-
shot design choice, such as whether centrality gets recalculated at
every timestep. Model behavior sensitivity, as demonstrated by Shin-
oda et al., impacts design choices, interpretability, and outcomes.
Furthermore, simulation of large and richly connected networks
incurs a significant computational load, rendering the models ana-
lytically intractable [19].
There is also an interdisciplinary dimension to consider. Effec-

tive integration requires both network analysis and agent-based
modeling, which creates gaps in research teams. This can lead to
behavioral assumption oversimplifications and static network use,
counteracting the hybrid approach’s full potential [16, 40].

3.3 Gaps
Integration of SNA and ABM within IS research is lacking in several
areas, as the systematic review shows. To begin with, there are no
standardized integration frameworks. The vast majority of designs
only make use of SNA metrics in an ABM design in an inconsistent
manner to construct some framework that ‘makes’ sense for the
study at hand. This makes thework difficult to replicate and compare
across different cases [19, 20].
Empirical validation is still an area lacking coverage. Although

many models simulate some plausible behavior, very few are val-
idated against real-world IS data, posing a challenge for external
credibility [33].
The literature does not explore multi-level or multi-scalar dy-

namics much. Most of the IS systems cut across organizational,
regional and policy domains, yet a large portion of the models are
still targeted at firm-to-firm interaction. By ignoring multi-level and
multi-scalar frameworks, they fail to capture systemic drivers and
valuable insight regarding the large-scale development of symbiosis
[19, 39].

Governance, informal collaboration and even trust are more often
than not oversimplified or completely excluded. Although SNA is
capable of depicting relational patterns, the rules of ABM appear
to integrate very few of the richer dimensions of behavior, such as
institutional incentives or cultural norms [34, 40].

4 Research Findings
In this section, the results from the Systematic Literature Review
were synthesized and presented. The findings are structured accord-
ing to each research question outline so that it can be shown how
key concepts were put into practice, what models came forth, and
which exceptional patterns still exist. All of these together provide
more insight into the intersection of SNA with ABM and IS and
their combining state of research.

4.1 Translation of SNA Metrics into Agent-Based Be-
havioral Rules (RQ1)

The review tracked a clear pattern of putting SNA scores-degree, be-
tweenness, closeness, and eigenvector centrality-into ABMs. These

metrics, often regarded as proxies for influence, access, and broker-
age potential, were translated into agent behavior rules by modulat-
ing interaction preferences, influence spread, and decision pathways.
Degree often served to dictate resources or peer influence, while
betweenness was employed to simulate brokerage roles and infor-
mation gatekeeping [11, 12, 13, 17, 23] .
Behaviors shaped by these scores sorted into three categories:

reactive, deliberative, and hybrid. Reactive agents jumped on ob-
vious network signals, such as a spike in links, while deliberative
ones used SNA logic reasoning in strategic decision-making. Hybrid
designs, seen in Simões et al. (2020) and De La Paz and Estuar (2017),
wove short-term reactivity with long-term memory and adaptation
and tweaked rules, so they captured more nuanced social dynamics
and emergent phenomena in IS [11, 19, 20, 25].

4.2 Influence of Trust and Acceptance on IS Network
Evolution (RQ2)

Trust and acceptance appear as key forces steering the growth
of industrial symbiosis networks, though researchers model them
unevenly. Some ABMs, such as those by Saghafi & Roshandel (2024)
and Chen et al. (2025), stick to strictly economic logic, setting rules
around cost-benefit cut-offs, while other models incorporating social
dynamics demonstrated greater behavioral richness and network
realism [28, 34].
Ghali et al. (2017) and Mollica et al. (2025), for example, built

models where agents slowly piled up trust and let that stock guide
both forming and keeping links. In their setup, trust doubles as
a catalyst and a buffer:accelerated symbiotic formation in stable
environments and protected existing ties under uncertain conditions.
Batten (2009) took a different route with participatory modeling,
showing that direct stakeholder input not only built trust quickly but
also nudged agents toward steadier, less selfish behavior. Together,
these studies argue that adding trust moves agent-based models
away from mere static utility maximizers toward behaviorally rich,
socially grounded simulations [28, 30, 34, 36].

4.3 Integration Benefits, Challenges, and Gaps (RQ3)
Putting SNA and ABM together offers significant benefits. It links
the big-picture structure with everyday behavior, starts the model
with realistic network initialization, and lets us track how someones
role shapes what they do, and vice versa. It supports simulation of
emergent IS patterns and strategic planning under policy scenarios.
[19, 20, 33, 37].

However, several challenges remain. Reliable cross-company net-
work records are still hard to find, and static SNA scores rarely
capture the fluid decisions of agents. Heavy computation also slows
things down, while researchers from different fields tend to use
their own, often incompatible conventions. On top of that, existing
studies overlook links across multi-level modeling, weak empirical
validation of ABM outcomes, and treat governance, institutional
norms, and cultural context as simple add-ons rather than integral
drivers [20, 33, 38, 39].
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5 Conclusion
The concluding segment captures the primary conclusions drawn
from the review and considers their potential impact. Additionally,
it emphasizes the most prominent gaps of this study and offers
actionable strategies for further exploring the fusion of SNA and
ABM within industrial symbiosis frameworks. Collectively, these
ideas provide foundational steps toward broadening both theoretical
understanding and practical engagement in this area.

5.1 Discussion
This study underscores the significant value of integrating SNA and
ABM to advance the modeling and understanding of IS. When SNA
scores are turned into rules for agents, each agent gains a sense of
its place in the network and shows how that position shapes choices
and wider results. As a result, models portray exchanges, broker
roles, and diffusion of symbiotic opportunities far more realistically
[11, 18, 19, 37].
Adding trust and acceptance as motives paints a fuller picture,

showing that ISNs grow from shared relationships as much as
from profit. Simulations that embed trust demonstrate improved re-
silience and adaptability, essential traits when ecological constraints
and policy-driven transformations loom [28, 32, 34].
Together, these findings suggest that combining SNA and ABM

creates a powerful analytical approach for exploring the complexity
of IS systems, from emergent behaviors to governance and policy
interventions.

5.2 Limitations
A number of constraints shaped the scope and depth of this study
that were designed to maintain methodological rigor and repro-
ducibility. As an initial step, the SLR was limited to journal litera-
ture published in peer-reviewed journals because of their upheld
quality standards and academic credibility. Even though early-stage
concepts from gray literature and conference abstracts could be in-
novative, these documents lack consistent, rigorous methodologies
which make them challenging to evaluate systematically. Also, Sco-
pus was chosen as the only database due to its extensive coverage
of interdisciplinary journals with significant impact in industrial
ecology, network analysis as well as simulation modeling. Although
this may have disregarded some niche or regional contributions,
it allowed for a streamlined and replicable search strategy. Finally,
differences in how individual studies define trust or SNA measures
make side-by-side comparisons tricky and broad generalizations
risky [20, 33, 39, 41].

5.3 Future work
Future studies need to build clear, shared blueprints that weave
social-network ideas directly into agent-based-model logic. These
guides should show how static network scores become moving rules
of behavior, making models easier to read and repeat [19, 38].
Models should also widen their scope to follow decision chains

across many multi-level governance structures and multi-scalar
interactions so it enables a clearer understanding how changes at
one tier ripple through the others. Integrating empirical calibration

from field studies, sensors, or company databases, will strengthen
every prediction the model makes.

Lastly, because digital platforms now steer most industrial team-
work, new ABMs ought to mock up platformed ecosystems that use
AI suggestions, live trust scores, and real-time negotiating tools [21,
28].
Moving forward, research should create clearer shared frame-

works that incorporate social-network concepts into the logic of
agent-basedmodels to simplify the conversion of static networkmet-
rics to dynamically modeled behavioral rules which are observable
and metricable.

Encompassing decision chains across multi-level governance and
multi-scalar relationships will clarify how some levels’ actions in-
fluence others. Several authors have insisted that this is critical
for realism [32, 34]. Strengthening model validation by integrating
empirical calibration with field studies, sensor data, or corporate
records would enhance the credibility of model predictions and ad-
dress existing gaps in validation. Lastly, platform-based ecosystems
entwined with algorithmic trust scores and real-time negotiation
tools await exploration in future ABMs as industrial collaboration
becomes more driven by digital platforms. Ideas advanced by Mol-
lica et al. and others serve as a foundation for such endeavors [21,
28].
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