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Abstract

STI policies are key drivers of innovation but require context-specific approaches. While combining
technology-push, market-pull, and systemic policies is widely advocated, empirical evidence on their
effectiveness in agricultural innovation systems remains limited. This study applies the Adaptive
Innovation System Model (AdaptISM), an Agent-Based Model grounded in prior theory, to analyse
innovation in Antioquia, Colombia’s coffee and avocado production chains - two sectors with distinct
innovation patterns. Using empirical data for model validation, we test how different policy mixes
affect innovation performance and economic outcomes. The analysis reveals trade-offs and synergies
across policy instruments, offering practical insights for STI design. Our findings demonstrate how
established innovation models can guide evidence-based policymaking in developing economies,
particularly within diverse agri-food systems. This computational approach supports more targeted
resource allocation and strategy formulation, grounded in local dynamics.
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1. Introduction

Effective Science, Technology, and Innovation (STI) policies are essential for enhancing innovation
system performance, driving technological progress, and supporting long-term economic
development. Policymakers have long debated the optimal configuration of STI policies, oscillating
between technology-push (science-driven Mode I), market-pull (demand-driven Mode II), and
systemic (interactive learning-based Mode III) approaches (Jensen et al., 2007; Crespi & Dutrénit,
2014). While theoretical and empirical research suggests that a combination of these approaches can
enhance innovation system performance (Parrilli & Alcalde, 2016), the effects of specific policy mixes
remain highly context-dependent. Some studies highlight the success of science-based policies in
driving radical innovation, whereas others emphasise the importance of systemic approaches in
fostering inclusive and sustainable innovation (Lundvall, 2007).

Despite growing interest in STI policy integration, significant challenges remain. Policymakers face
resource constraints, trade-offs between short-term economic performance and long-term capability
building, and the inherent complexity of innovation systems. Traditional deterministic and
qualitative methods struggle to capture the dynamic and non-linear nature of innovation processes,
making it difficult to assess the causal impact of STI policies on system performance (Gilbert et al.,
2001). This gap requires more sophisticated modelling approaches that can account for
heterogeneous agents, emergent behaviours, and policy feedback mechanisms.

This paper addresses this gap by employing an AdaptISM - an ABM grounded in established
innovation theory - to analyze how STI policies differentially shape innovation outcomes in
Antioquia, Colombia’s coffee and avocado APCs. These sectors offer a natural experiment: coffee, a
traditional sector with path-dependent upgrading, contrasts sharply with avocado, a high-growth
export industry characterized by rapid technological adoption. By calibrating the model with
empirical data from both sectors, we move beyond theoretical abstractions to deliver context-specific
policy insights.

Our analysis makes three key contributions:

1. Sectoral specificity in policy design: We demonstrate how identical policy mixes (science-
push, market-pull, systemic) yield divergent outcomes in coffee versus avocado systems,
challenging one-size-fits-all approaches to agricultural innovation.

2. Empirically grounded ABM validation: Unlike purely theoretical ABMs, we test model
plausibility by replicating historical innovation patterns in both sectors, using data on actor
capabilities, R&D investments, and market trends from Antioquia, Colombia.

3. Practical trade-offs for policymakers: We quantify how policy prioritization (e.g., R&D
subsidies vs. market incentives) affects economic outcomes in each sector, providing
actionable recommendations for resource allocation.

This study shifts the focus from model originality to policy relevance, illustrating how computational
tools can tailor STI strategies to heterogeneous agricultural contexts. Our findings are particularly
salient for developing economies seeking to leverage innovation policies for rural development.



The remainder of the paper is structured as follows. Section 2 reviews the theoretical foundations of
STI policies and innovation systems. Section 3 describes the AdaptISM model, including its structure,
assumptions, and validation process. Section 4 presents the simulation results and policy scenario
analysis. Section 5 discusses the implications for STI policy design, and Section 6 concludes with
recommendations for future research.

2. Literature and Theoretical Framework

Science, Technology, and Innovation (STI) policy has evolved through different paradigms, reflecting
distinct theoretical foundations and policy objectives. The literature identifies three primary
approaches: technology-push (Mode I), market-pull (Mode II), and systemic innovation (Mode III)
(Jensen etal., 2007; Crespi & Dutrénit, 2014), followed by the Holistic Innovation Policy (HIP) (Borras
and Edquist, 2019).

Mode [ (Technology-Push), rooted in Rothwell’'s (1994) typology of innovation models,
conceptualizes innovation as a linear process where knowledge production progresses through
research, development, and market application. STI policies under this paradigm prioritize R&D
capacity building and formal knowledge production (Jensen et al., 2007), typically measured through
research investment, STEM employment, and university-industry collaborations (Asheim, 2012;
Isaksen & Nilsson, 2013). While fostering radical innovation, this approach tends to concentrate
benefits among a few highly capable actors, often neglecting broader system-wide interactions.

In contrast, Mode Il (Market-Pull) prioritizes demand-driven innovation, aligning innovation
processes with market needs to ensure new technologies respond to consumer demands and
competitive pressures. Though still largely linear, it incorporates feedback mechanisms to facilitate
applied research and commercialization (Rothwell, 1994), but its effectiveness depends on firms’
adaptive capacity and market efficiency, raising concerns about short-termism and underinvestment
in long-term knowledge production.

Mode III integrates Modes I and II into a Systemic Innovation and Interactive Learning framework,
linked to the rise of national and regional innovation systems (Freeman, 1987; Lundvall, 1992;
Nelson, 1993). It emphasizes non-linear, interactive learning, where innovation emerges through
collaboration between firms, research institutions, and policymakers (Jensen et al., 2007). The Doing,
Using, and Interacting (DUI) model exemplifies this approach, highlighting the role of tacit
knowledge, informal learning, and organizational networks in shaping innovation capabilities
(Jensen et al., 2007; Isaksen & Nilsson, 2013). This bottom-up framework fosters incremental
innovation, knowledge diffusion, and adaptive learning, requiring high coordination and institutional
support to facilitate actor collaboration.

While the categorisation into Mode I (technology-push), Mode II (market-pull), and Mode III
(systemic innovation) has served as a useful heuristic to understand STI policy evolution, recent
scholarship argues that these models remain insufficiently equipped to address the complexity of
contemporary innovation challenges. Borrds and Edquist (2019) advance this discussion by
proposing a Holistic Innovation Policy (HIP) framework that moves beyond linearity and
fragmentation. The HIP approach views innovation policy not merely as a set of discrete instruments
but as an integrated policy domain concerned with the diverse and interrelated problems that affect



innovation systems. It emphasises the need to account for multiple, coexisting rationales for public
intervention - including market, system, and capability failures - and stresses the importance of
coordination across multiple policy domains. Importantly, the HIP framework introduces a problem-
oriented perspective, advocating for the identification of systemic policy problems as a basis for
instrument choice and design, thereby providing a more operationalisable bridge between theory
and practice.

The HIP framework also highlights ten key innovation activities within the system - such as
knowledge creation, competence building, and demand articulation - and encourages policies to
address deficiencies across these functions. This multidimensionality aligns with the broader shift
toward mission-oriented and transformative innovation policy agendas, particularly in contexts
requiring structural change, inclusive development, or sustainability transitions. For emerging
economies like Colombia, where sectoral asymmetries and institutional fragmentation persist, a
holistic policy lens offers a valuable alternative to partial, siloed interventions. By recognising the
dynamic interplay between policy design, institutional context, and actor capabilities, HIP provides
a foundation for tailoring STI strategies to the complex realities of sector-specific innovation
processes, such as those found in Antioquia’s coffee and avocado chains. Thus, integrating HIP with
empirical modelling tools like AdaptISM strengthens the analytical capacity to design policies that
are both systemic and context-sensitive.

To dynamically analyze STI policy effects, we propose the Adaptive Innovation Systems Model
(AdaptISM), grounded in the resource-based view (RBV) of the firm (Penrose, 1959). Within this
framework, innovation outcomes depend on an agent’s capacity to accumulate and deploy tangible
and intangible resources. Capabilities - defined as “the ability to use resources to perform tasks”
(Hafeez et al.,, 2002, p. 40) - become core competencies when they are valuable, rare, and difficult to
imitate or substitute (Barney, 1991). Technological learning is conceptualized as the dynamic
accumulation and application of these capabilities (Robledo, 2020), where learning-by-doing and
interacting enables firms to gradually move toward more complex innovation activities. However,
innovation systems also involve unlearning - the loss of intentionally unused capabilities over time
(Quintero et al, 2017a) - highlighting the importance of strategy, continuity and sustained
participation in innovation dynamics.

AdaptISM conceptualizes innovation systems as complex adaptive systems (CAS), where
heterogeneous agents interact, adapt, and co-evolve through local rules, feedback loops, and
emergent behaviors (Gilbert et al., 2001; Holland, 2004; Ekboir et al., 2006). This framework reflects
the unpredictable, path-dependent, and multi-actor nature of innovation in real economies. One
critical element within these systems is trust, which shapes both the costs and benefits of
collaboration. Trust reduces transaction costs associated with finding partners, facilitates knowledge
exchange, and enhances the likelihood of successful joint innovation (Ruiz et al., 2016; Beckenbach
et al, 2009). Agents with high association and diffusion capabilities play a pivotal role in fostering
trust, transparency, and shared norms, enabling broader participation in innovation processes (Dyer
& Singh, 1998; Lundvall & Christensen, 2007).



The design of AdaptISM builds on four foundational computational models. First, the SKIN model
simulates innovation networks and knowledge flows across heterogeneous agents (Gilbert et al,,
2001; Ahrweiler et al., 2011). Second, hyper-cycle and catalytic models (Eigen & Schuster, 1979;
Kauffman, 2000) model self-reinforcing innovation mechanisms and emergent complexity. Third, the
SSRIS model (Ponsiglione et al., 2014) focuses on resilience and structural adaptation in innovation
systems. Finally, the Innovation Capabilities and Learning/Unlearning model (Ruiz et al., 2016;
Quintero et al., 2017b) provides the foundation for modeling capability evolution and association-
driven learning within innovation ecosystems. These approaches collectively inform the structure of
agents, the logic of coalition formation, and the innovation functions simulated in AdaptISM.

3. Explanation of the Adaptive Innovation Systems Model (AdaptISM)

The Adaptive Innovation Systems Model (AdaptISM) centres on agents - firms, organisations, or
individuals - whose capabilities must align with emerging innovation opportunities in a competitive
environment. By modelling the interactions between competing agents’ capabilities and the
innovation opportunities’ attributes, it provides a tool for policy assessment.

The model represents an innovation system with two key entities: (1) innovation opportunities and
(2) competing agents.!

Table 1. Correlation between the functions and innovation capabilities of innovation systems

Function Capability Application

Knowledge and Research Produce and adapt knowledge and technology
technology
generation Development Experiment with and develop new products and

processes.

Knowledge and Diffusion Disseminate R&D results and technologies.

technology
diffusion Association Build trust-based relationships for joint R&D and

innovation.

Appropriation  Operate and enhance productive infrastructure

Knowledge and for production  while adapting production technologies.

technology usage
Innovation Identify market needs, promote innovations, and

marketing establish distribution channels.

Source: Ruiz et al. (2016)

1 See Annex 1 details the model’s mathematical specification, including formal rules, processes, and
parameters.



Innovation opportunities represent potential avenues for technological progress, market growth, or
process optimisation that agents can leverage based on their capabilities. Each opportunity is defined
by a set of attributes that must align with agents' innovation capacities - such as research,
development, diffusion, or appropriation - shaping interactions and dynamics within the innovation
system. These opportunities are classified as market opportunities (MO) or technological
opportunities (TO). MOs arise unpredictably from market demand (market-pull), whereas TOs
originate from agents with advanced research capabilities (technology-push). As detailed in Table 1,
innovation opportunities are structured as six-dimensional Attribute Vectors (AV), specifying the
capabilities required for exploitation. Each dimension corresponds to a key innovation function -
research, development, diffusion, association, appropriation for production, and marketing - with
values ranging from 0 (no capability required) to 9 (state-of-the-art capability required). These
attributes define the complexity and resource demands of an opportunity, determining how agents
can effectively engage with it in a competitive environment.

Figure 1. Positioning and relationship between competing agents in AdaptISM
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In the model, competing agents - firms, universities, research centres, and intermediaries - engage
with innovation opportunities based on their capabilities. They perform core functions within the
innovation system, including knowledge and technology generation, diffusion, and utilisation, and
their ability to exploit opportunities depends on their specific innovation capabilities in research,
development, diffusion, association, appropriation for production, and marketing.

Operating in a dynamic competitive environment, agents align their capabilities with available
opportunities, either acting independently or forming temporary coalitions to address capability
gaps. The heterogeneity of agents, the distribution of innovation capacities, and the evolving nature
of opportunities shape the competitive landscape. Each agent’s Capability Vector (CV) represents its
innovation potential across six dimensions, with values ranging from null (0) to advanced (9),



reflecting different learning and accumulation stages (Dodgson, 1993; Lundvall, 2007; Helfat et al,,
2009). Maintaining these capabilities incurs a cost, met by the agent’s surplus, which depends on its
current innovation capacity (Hafeez et al., 2002).

Competing agents are classified into three broad categories (See Figure 1). Exploiter agents, such as
firms, focus on appropriation for production and innovation marketing; Intermediary agents,
including technology parks and incubators, specialise in association and diffusion; and Explorator
agents, such as universities and research centres, engage in research and development. Recognising
the complexity of real-world systems, AdaptISM allows agents to hold multiple capabilities, resulting
in more nuanced classifications. Gatekeepers combine exploitation and intermediation, engaging in
technology foresight, benchmarking, and experimental development. Introducer agents, such as
universities with technology transfer offices or business incubators, bridge exploration and
intermediation. Integrated agents, including firms with R&D departments and open innovation
strategies, simultaneously explore, intermediate, and exploit innovation outcomes. Ambidextrous
agents have R&D capabilities that enable them to explore and exploit innovation but with limited
engagement in system-wide interactions. Incipient agents, or latecomers, have underdeveloped
innovation capabilities and do not actively perform core innovation system functions.

Matching

The matching process between Attribute Vectors (AVs) and Capability Vectors (CVs) determines
whether a competing agent can exploit an innovation opportunity. Each opportunity's AV specifies
the required capabilities across six dimensions, while an agent's CV reflects its ability to meet these
demands. If fully aligned, the agent can exploit the opportunity independently; otherwise, it must
collaborate with others possessing complementary capabilities, forming temporary coalitions of up
to six agents, each contributing one capability dimension. Once all opportunity attributes are met,
benefits are distributed among participants.

Innovation opportunities fall into two categories: market opportunities (MOs), driven by demand-
pull forces, and technological opportunities (TOs), arising from research-intensive agents
(technology-push). In MOs, matching begins with marketing capabilities and progresses toward
research, following a demand-driven process. In TOs, matching starts with research and moves
toward marketing, adhering to a technology-push approach. When agents lack the full capability set,
associations form, enabling collaborative exploitation within the competitive innovation system.

The model unfolds through a sequence of events initiated by the random emergence of an innovation
opportunity. Market opportunities arise unpredictably due to shifts in consumer demand, industry
trends, or external economic factors, prompting a search for a competing agent capable of meeting
the opportunity’s attributes. These attributes - along with location - are assigned randomly to reflect
market uncertainty. The search follows a market-pull dynamic, prioritising marketing capabilities
and expanding geographically if no immediate match is found. Once an agent is identified, a link is
established, and the opportunity moves to the exploitation phase.

In contrast, technological opportunities originate from agents with strong research capabilities,
following a technology-push dynamic. These opportunities stem from advancements in knowledge
or technology, typically emerging from research institutions, R&D departments, or firms engaged in



experimental development. Unlike market opportunities, which seek external demand, technological
opportunities remain linked to the originating agent and undergo a validation process to ensure their
attributes align with the agent’s capabilities.

Figure 1. Model Flow Chart
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If an agent cannot fully exploit the opportunity independently, associations are formed following the
same collaborative logic. Once all attributes are met - either through individual exploitation or
cooperation - the opportunity generates economic benefits, which depend on its lifespan, modelled
as a Gaussian distribution, and the value of each fulfilled attribute. Beyond economic returns,
participation in innovation opportunities drives learning (or unlearning) among agents. This follows
a learning-by-doing principle, where sustained capability use enhances accumulation, while
inactivity leads to capability decay (unlearning by non-doing). The rate of learning and unlearning is
influenced by the competitive environment and the agent’s existing capabilities.

Innovation opportunities are not static but evolve based on learning dynamics and environmental
feedback. When an opportunity’s lifecycle concludes, it is replaced by a new one with attributes
shaped by previous interactions. At the end of each simulation period, the system updates as
competing agents adjust their surplus stocks, incorporating profits from exploited opportunities
while deducting capability maintenance and transaction costs from collaborative associations.
Agents that accumulate a negative surplus exit the system, representing firms or institutions that fail
to sustain innovation activity. As a new period begins, the system evolves to reflect the dynamic
nature of innovation. New competing agents enter, with capabilities assigned stochastically based on



prior system dynamics. Expired market and technological opportunities are replaced, ensuring
continuity in innovation processes. New opportunities emerge, shaped by the competitive landscape,
learning effects, and past interactions. Additionally, agents with advanced research capabilities may
generate new technological opportunities, driving further cycles of innovation. More details on the
formal model can be found on the Annex.

4. Application, data collection, and validation of the model

4,1. Empirical Context: Agricultural Innovation in Antioquia

The department of Antioquia, located in northwestern Colombia, represents a critical region for the
country’s agricultural innovation landscape. This section provides an overview of the empirical
context by characterising two of its most prominent agricultural value chains: coffee and avocado.
Both sectors demonstrate significant institutional coordination, investment in productive capacity,
and growing alignment with innovation and technological modernisation agendas.

Coffee Sector

Antioquia is a leading department in Colombia's coffee sector, comprising 94 coffee-producing
municipalities with approximately 131,000 hectares under cultivation. Over 112,000 farms -
operated by 84,286 growers - account for 15% of the country’s total coffee producers. As of 2014, the
department had advanced its production recovery, with 89% of its output stemming from plantations
less than five years old, reflecting strong uptake of technological renewal. The average planting
density reached 5,890 trees per hectare, underscoring the sector’s productive potential (FNC, 2014).

Coffee holds strategic importance in Antioquia's rural economy, both in terms of employment
generation and export capacity. Recognised as a vital productive chain, it is central to regional
development strategies. The Internal Agenda for Productivity and Competitiveness of Antioquia has
prioritised the modernisation of this chain while promoting social progress in coffee-growing
regions. Key policy recommendations include strengthening technical assistance and technology
transfer systems, tailoring cultivation to local agroclimatic conditions, improving the genetic quality
of coffee plants, and enhancing pest and disease control strategies (Mufioz, 2012). Furthermore,
institutional efforts focus on building organisational capacity among producers and advancing
business-oriented agricultural models.

Antioquia benefits from several structural advantages in coffee production, including favourable
agroecological conditions, robust infrastructure for threshing and marketing, proximity to major
export markets such as the United States and Europe, and the presence of cooperative networks and
international buyers. These strengths support the department’s participation in emerging global
trends such as the production of differentiated and speciality coffees (Mufioz, 2012).

According to the Strategic Plan for Science and Technology in the Colombian Agricultural Sector
(PECTIA), Antioquia is the second largest coffee-producing department, with an estimated annual
output of 127,367 tonnes (Corpoica et al, 2016). The institutional framework includes the
Departmental Coffee Growers Committee, democratically elected to represent the interests of the
department'’s 85,000 coffee-growing families across six coffee-growing zones.



The coffee value chain in Antioquia is marked by a high degree of institutional density, involving
actors across public, private, academic, and civil society sectors. Key stakeholders include:

e Public institutions: Ministry of Agriculture, National Government, departmental and
municipal governments, and ICA (Instituto Colombiano Agropecuario).

e Producer organisations: National Federation of Coffee Growers, Departmental Coffee
Committees, and local cooperatives.

e Research and training institutions: Cenicafé, universities (e.g., UNAL, UdeA, UPB, EAFIT), and
research groups.

e Support and certification bodies: Rainforest Alliance, UTZ, 4C, Nespresso AAA, Incontec.

e Value chain actors: seed suppliers (e.g., Café Terrén, Oro Molido), input distributors,
processors (e.g., Colcafé, Luker), national and international traders (e.g., Racafé, Outspan),
and packaging firms.

Avocado Sector

The avocado sector - particularly the Hass variety - has gained strategic relevance in Antioquia as a
high-value, export-oriented crop. The institutionalisation of the avocado value chain has served as a
coordination mechanism for aligning support services, facilitating consultation, and implementing
collaborative projects. As of 2010, the chain’s primary focus has been on production and marketing,
with increasing efforts to support technology transfer and capacity building (CaAmara de Comercio de
Medellin para Antioquia, 2010).

Institutional actors supporting the sector include Corpoica (research and transfer), ICA
(phytosanitary oversight), SENA and the National University of Colombia (training and technology
packages), and national development agencies such as ProColombia and the Colombian International
Corporation (CCI). At the regional level, SADRA acts as a coordination body between national and
subnational actors.

Academic and research institutions such as the University of Antioquia, Jaime Isaza Cadavid
Polytechnic, EAFIT, and others play a central role in capacity building and R&D. Additionally,
industry-specific organisations such as Corpohass and the Antioquia Avocado Corporation foster
industry alignment and producer representation (Siembra, 2017).

Despite this institutional foundation, the avocado chain, like much of Colombia's agricultural sector,
faces structural barriers in technology adoption. According to Velasco-Garcia and Mottram (2003),
these include limitations in the assimilation and appropriation of research outcomes, which hinder
the sector’s competitiveness. The fragmentation of public investment and institutional mandates,
redundancies in research efforts, and limited market-oriented R&D highlight systemic weaknesses.

A 2015 CORPOICA assessment revealed critical gaps: underdeveloped innovation systems,
disarticulated R&D processes, and a focus on short-term outputs with minimal long-term impact. The



analysis also noted a lack of coherent policies focused on translating technology into innovation
outcomes, further emphasising the need for integrated and inclusive innovation strategies.

Financial support is provided by institutions such as Finagro, Banco Agrario, the Chamber of
Commerce, and the CCI, though improved coordination and investment targeting remain essential
(Meneses, 2017).

Model application

The model was empirically applied and validated in Colombia's coffee and avocado agricultural
production chains (APCs) in Antioquia, selected for their economic significance and differing levels
of maturity, allowing for comparative analysis. Validation followed Sargent’s (2013) operational
technique, comparing simulation outputs with real-world observations to assess reliability. A field
study was conducted in Antioquia, involving interviews with key stakeholders to collect empirical
data. To calibrate the model, Nadler and Tushman’s organisational congruence model (1997) was
employed, structuring organisational dynamics into four dimensions: (1) formal organisation,
encompassing hierarchies and processes that coordinate tasks; (2) informal organisation, including
cultural norms, management styles, and social interactions shaping behaviour; (3) technological
dimension, covering core processes, tools, and transformation methods; and (4) human resources,
representing knowledge, skills, experience, and expectations influencing innovation and operational
effectiveness. These dimensions underpin the model’s innovation capabilities - research,
development, diffusion, association, appropriation for production, and innovation marketing -
assessed through interview questions designed to capture their evolution over time. Data collection
in 2018 involved 256 agents in the coffee APC and 74 in the avocado APC, with responses covering
2008, 2013, and 2018 to trace capability trends. The data were normalised for 100 agents and used
to calibrate parameters, ensuring that, after 10 simulation periods, the modelled APCs reflected real-
world innovation capability accumulation. To enhance accuracy, parameter adjustments were
validated through discussions with experts, aligning empirical data with existing literature on
innovation systems. The processed data provided a historical perspective on innovation capability
dynamics, allowing the simulation model to replicate real-world patterns systematically. The full
model parametrisation is detailed in Annex 2, and validation results are summarised in Table 2.

Table 2. Average innovation capability for APCs over time

APC Coffee APC Avocado

Average Innovation Capacity 2008 2013 2018 2008 2013 2018

Research 0.15 0.16 0.19 1.45 1.14 0.83
Development 0.16 0.15 0.16 1.29 1 0.77
Diffusion 1.00 1.06 1.19 2.97 3.11 2.8
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Association 1.31 1.41 1.58 3.74 4.47 4.25

Appropriation 0.99 1.19 1.52 2.72 3.07 2.75

Marketing 0.18 0.26 0.42 1.98 2.05 1.59

Source: Data obtained by the authors through field study

Selection, results and analysis of STI policy scenarios

We simulate the model for four scenarios. Scenario I focuses on doing-using learning, where APCs
accumulate research and development capabilities through experience-based routines (Nelson &
Winter, 1982) - This scenario represents the Mode [ discussed in the literature. Scenario Il enhances
market intelligence, providing funding and tools to improve the detection and interpretation of
market trends, benefiting agents in productive chains - representing Mode III from the literature.
Scenario III fosters interactive learning, addressing collective learning barriers through a doing-
using-interacting (DUI) approach (Ponsiglione et al.,, 2014). Scenario IV (Combined Mode) integrates
all three approaches, reducing capital costs, modernising technology, and strengthening research,
training, and innovation networks to enhance overall system performance, representing the Holistic
Innovation Policy (HIP) framework discussed in the literature.

Table 3. Summary of Simulation Scenarios, Policy Modes, and Parameter Characteristics
Scenario STI Policy Mode Model Focus / Key Parameters

[ Mode I - Prioritises research and development capabilities.
Technology-Push Stimulates  technological opportunities (TOs).
Capability enhancement begins with exploratory
agents. Lowers R&D costs (A* for R, D increased)
I1 Mode II - Market- Enhances marketing and appropriation capabilities.
Pull Prioritises market opportunities (MOs). Emphasises
response to market signals. Learning starts with
market-oriented agents (A" for M, A increased)

I1 Mode III - Systemic = Supports diffusion and association capabilities.
/ Interactive Fosters collaboration and coalition formation.
Learning Improves trust and coordination among agents.

Lower transaction costs (higher A* for D, A)

IV Combined / Holistic Integrates Modes [, I, and III (HIP framework).
Policy Balances capability development across all 6
dimensions. Applies weighted adjustments to all

learning/unlearning rates. Reduces capital costs

Avocado APC
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Significant differences in the avocado APC are observed in agent survival, market capacity, and
exploited market opportunities. Figure 3 shows that Scenario III and IV policies increase agent
survival rates. While economic performance and surplus stock levels remain similar across scenarios,
scenarios Il and IV ensure more active agents in innovation dynamics. In contrast, scenarios I and II
resulted in fewer agents benefiting from and participating in the innovation system. This suggests
that both a combined policy approach and a systemic policy enhance broader participation in
innovation activities.

Given resource constraints, full investment in all policy types is not feasible. Scenario III is the best
policy choice to maximise actor participation in innovation without negatively impacting economic
performance. It supports knowledge and technology diffusion, builds trust, and fosters collaboration,
enabling more agents to engage in innovation dynamics.
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Figures 3 and 4 show that the policy scenario I results in 49.07% fewer active agents and 14.90%
fewer exploited market opportunities than other scenarios. This suggests that policies focused on
fostering R&D have a limited impact on the innovation performance of the APCs, whereas scenarios
[T and III policies yield more balanced outcomes. During resource-constrained periods, implementing
scenarios Il or Il policies appears more effective for enhancing diffusion, association, appropriation
for production, and marketing capabilities within the Avocado APC.

The scenario I policy scenario fails to adequately integrate exploratory agents such as research
centres, universities, and technological hubs into the APC. This shortcoming reflects the APC's
structural reliance on numerous small growers, limiting the appropriation and adaptation of new
knowledge and technologies. As a result, the APC struggles to meet the demands of an increasingly
competitive and dynamic market.
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Figure 5 shows that scenario II leads to greater marketing capacity accumulation than scenario III
butinvolves fewer actors in innovation dynamics. This indicates that a smaller group of agents - those
with strong knowledge bases - appropriates and exploits market opportunities, developing processes
to meet demand and generate profits to sustain capacity costs and produce surpluses. This
underscores the need for policies that extend beyond market-based approaches by strengthening
linkages across the entire chain. Improved connections enhance innovation processes, enabling more
efficient market exploitation and better economic performance.

The scenario III STI policy scenario results in a 9.61% lower proportional difference in surviving
agents compared to the combined scenario IV scenario, suggesting that systemic policies enhance
APC stability by improving actor connections. This enables better responses to competitive market
demands, demonstrating that systemic approaches have a greater overall impact on chain
performance than scenarios I and II.

Coffee APC

Figure 6 shows that all policy scenarios exhibit similar behaviour in APC surplus stock until year 15,
after which scenarios I and II outperform the others. Figure 6 reflects a comparable economic
performance at year 15, with notable differences in surplus stock growth. The growth trend in
scenarios I and II suggests higher economic performance. However, this contrasts with the number
of surviving agents in the system (Figure 7), indicating that these policies provide stability for some
agents but not for the majority. The agents that benefited had previously accumulated capabilities
and, with greater connectivity, were better positioned to respond to and exploit market
opportunities.
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Figure 8 reveals a statistically significant difference in market opportunities exploited between
scenarios I and 111, underscoring the importance of STI policies that engage more actors. While mode
[ (technology push) enhances economic performance, as shown by higher surplus stock (Figure 6), it
excludes small producers and lower-capability actors, limiting their participation in interactions and
restricting access to market opportunities within the APC’s competitive environment.
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Figure 8. Agents Benefiting from Market Opportunities

This contrasts with the reality of the regional coffee APC, where few agents possess advanced
capabilities. Most actors focus on grain production rather than value addition or technological
adoption for transformation and marketing. Market opportunity exploitation does not require all
agents to access a market directly but depends on APC connections. Small producers initiate
marketing by selling coffee grain, while dealers or buyers complete transactions to meet market
demands.
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Innovation capabilities - including research (Figure 9), development (Figure 10), diffusion (Figure
11), association (Figure 12), appropriation (Figure 13), and market innovation (Figure 14) - followed
similar trends across policy scenarios, with scenario I exhibiting statistically significant differences.
This science-based approach reduced research and development costs, strengthening a few highly
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capable agents and raising the system’s overall average. However, interpreting scenario I as the most
effective policy would be misleading. While it improves system-wide performance, fewer than one-
fifth of agents engage in innovation dynamics compared to scenario IIl, and six times fewer than in
scenario [V. Although mode 1 enhances appropriation for production (Figure 12), boosting
competitiveness and market opportunities, it benefits only a small subset of agents, exacerbating
imbalances in the APC.

Scenario II (market pull) follows a similar pattern, with limited agent participation and no significant
capability gains over scenario 1. The coffee APC’s lack of basic research and development capacity
likely constrains its ability to accumulate innovation capabilities. In contrast, scenarios Il and IV do
not substantially increase innovation capabilities or surplus stocks but lead to a 496% rise in the
number of surviving agents compared to scenarios I and II. Given that Antioquia’s coffee APC
comprises more than 85,000 actors - 97% of whom are small producers with basic innovation
capabilities - diffusion processes are essential for bridging the gap between capabilities and market
opportunities, ensuring inclusion in a competitive environment.

Effective policies must address innovation capability gaps while recognising coffee’s economic and
social significance in Colombian rural development. Neglecting actor diversity risks marginalising
small producers and deepening systemic inequalities. While simulations III and IV do not maximise
economic or innovation performance, they foster broader participation, ensuring a more equitable
distribution of market opportunities. A steady accumulation of capabilities across a wider range of
agents enhances inclusion, reinforcing the APC’s long-term stability and competitiveness at regional
and national levels.

The comparative analysis between the coffee and avocado APCs underscores how policy
effectiveness is intrinsically linked to structural characteristics such as agent heterogeneity, baseline
capability levels, and network cohesion. While both chains benefit from systemic (Mode III) and
combined (Mode IV) policy approaches, the avocado APC - characterized by a more centralized
structure and stronger linkages to export markets - responds more dynamically to association- and
market-oriented stimuli. In contrast, the coffee APC, with its decentralized network of smallholders
and legacy infrastructure, shows greater vulnerability to exclusion under narrow policy modes,
particularly Scenario 1. This divergence highlights the need for differentiated STI strategies: sectors
with fragmented structures and high actor diversity require stronger systemic coordination and
diffusion support, while more concentrated sectors may respond effectively to targeted capability-
building interventions. Moreover, the interaction between initial innovation capability endowments
and policy design emerges as a critical determinant of whether STI policies reinforce or reduce
inequalities within the APCs.

Based on these findings, policy design in agricultural innovation systems should adopt a diagnostic-
first approach, tailoring STI interventions to the configuration and maturity of each sectoral system.
Policymakers should avoid one-size-fits-all prescriptions and instead implement adaptive policy
mixes that prioritize systemic instruments where capability gaps and institutional fragmentation
persist. In contexts like Antioquia, strengthening intermediary functions - particularly diffusion and
association - is essential for scaling innovation beyond a few high-capability agents. Additionally, STI
frameworks should embed equity and inclusion metrics to monitor whether policy benefits are
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equitably distributed or concentrated among a few actors. Given fiscal constraints, sequential policy
strategies may also be effective: beginning with systemic measures to build absorptive capacity,
followed by targeted support for appropriation and marketing once foundational capabilities are in
place. This layered approach can maximize both participation and performance, fostering more
resilient and inclusive innovation ecosystems.

5. Conclusion

Our model highlights how each APC's unique circumstances, such as its agents' baseline innovation
capacities, shape the effectiveness of STI policies, leading to outcomes that vary significantly across
contexts. This variability reflects real-world scenarios where regions and countries often achieve
divergent results despite implementing similar policies.

This study delivers a clear mandate for policymakers: STI interventions must be precisely calibrated
to a sector’s unique innovation ecosystem. Our analysis of Antioquia-Colombia’s coffee and avocado
chains reveals that even carefully designed policies generate counterintuitive outcomes when
applied to systems with differing technological baselines, actor networks, capabilities, and market
structures. The empirical validation through Antioquia’s agricultural data confirms these findings are
not theoretical abstractions, but reflect tangible, on-the-ground realities.

The coffee sector’s response different to avocado’s reaction to same STI policy, demonstrates why
standardized policy approaches often fail. These insights provide policymakers with a framework for
diagnosing sectoral innovation capabilities before deploying interventions - a crucial step for
maximizing limited STI resources in developing economies.

Notably, the scenario III emerged as a key policy approach, fostering knowledge and technology
diffusion, enhancing connectivity among agents, and narrowing capability gaps within the system. In
contrast, its direct economic and innovation outcomes may not surpass other policy scenarios; its
capacity to integrate more agents into the innovation dynamics positions it as an essential strategy
for inclusive and sustainable development. By bridging disparities among agents and promoting
widespread participation, Scenario III exemplifies the potential of systemic policies to generate long-
term benefits for innovation ecosystems, especially in developing country contexts.

The scenarios analyzed allow us to understand the potential implications of policies on APCs,
provided that the chain is adequately characterized to the innovation capacities of the agents that
comprise its different links. For example, in the case of the APSs studied, they present similar
behaviors concerning the proportion of agents involved in innovative dynamics. It is found that the
systemic policy scenario (Scenario III) and the combined one (all policy scenarios, Scenario 1V)
present the most desirable performances. However, under conditions of resource scarcity, as is often
the case in developing countries, where the entire policy mix cannot be implemented, prioritizing is
essential. Specifically, efforts such as Conpes 3866, Law 1876/2017, Conpes 3080, among others,
aimed at promoting the transfer of knowledge and technology to initiate and/or increase export
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activity, lead to coordination between producers and support entities, the implementation of
innovation management programs, motivation to initiate open innovation processes, and the
creation and strengthening of the National Agricultural Innovation System to connect and coordinate
science and technology stakeholders. Greater benefits are achieved when the policy objective focuses
on keeping as many APC stakeholders as possible connected to innovation dynamics and, in turn,
allowing a broader group of APC members to benefit from the transfer of knowledge and technology
through connections with other agents that allow for complementarity in their capabilities, enabling
them to take advantage of a greater number of innovation opportunities.

Another exemplary case is the innovative performance of the scenarios, where the behavior of
technology-push policies has completely different results in each of the APCs, showing better
performance in coffee than in avocado. This indicates the danger of general policies that are not
focused on a specific context, since the composition of the innovation capacities of the members of
each APC varies, and the results can, in addition to being unexpected, run counter to the initial
objective of the policy. In this case, we observe that cross-cutting initiatives such as Law 1731/2014,
which seeks to adopt measures, especially in terms of financing, to boost the reactivation of the
agricultural, fishing, aquaculture, forestry, and agroindustrial sectors and strengthen the Colombian
Agricultural Research Corporation (Corpoica); Conpes 3892, which stimulates private investment in
science, technology, and innovation through tax deductions; Conpes 3582, which finances projects
that include technological surveillance components for the productive sectors and supports research
in primary, secondary, and higher education institutions and technological research and
development centers, among others, does not generate homogeneous results in the two APCs studied.

These scenarios made it possible to observe the individual effects of the different policy models,
which are difficult to analyze in reality since they are applied in parallel and intermittently. In this
regard, with an emphasis on the social aspect, it was possible to identify how technology-push
(Scenario I) and market-pull (Scenario II) policies, such as Conpes 3582 and Decree 4390/2004,
respectively, end up favoring actors with innovative research and development capabilities in the
former, and appropriation and marketing capabilities in the latter, leaving out APC members with
less innovative capabilities, widening gaps and relegating the weakest links, who end up excluded
from the dynamics of innovation systems, disabling them from benefiting from policies and
innovations, and widening the inequalities present in the APC. Meanwhile, systemic policies are
found to be the ones that best prevent this type of unequal behavior. However, when the three types
of policies are combined (Scenario V), the APC performs better, as well as a fair distribution of these
benefits among most members.

At the same time, we recognise that the model rests on a set of simplifying assumptions and
abstractions that were necessary to simulate the dynamics of complex innovation systems. These
include behavioural assumptions, stylised agent interactions, and calibration constraints that limit
generalisability. The effectiveness of the model is highly dependent on the quality and granularity of
the empirical characterisation of agents within each APC. While some robustness checks were
conducted during calibration, a full sensitivity and uncertainty analysis is planned for future work.
We have included a note on this in the manuscript to ensure transparency about the model’s
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limitations and to clarify its use as a virtual learning laboratory for exploring context-specific STI
policy impacts.

Building on the findings of this study, the following steps involve refining and extending the model
to enhance its applicability and analytical depth. One immediate avenue for development is to
incorporate additional sectors and regional contexts, allowing for a comparative analysis of STI
policy impacts across diverse economic and institutional settings. This expansion will enable the
model to capture the dynamics of innovation systems in varying levels of maturity and development,
broadening its relevance for global policymaking. Furthermore, incorporating cross-sectoral linkages
and international trade dynamics could offer deeper insights into how global value chains and
transnational interactions influence local innovation systems. Future iterations of the model could
also integrate dynamic policy adjustments, enabling the simulation of adaptive STI strategies that
respond to evolving system conditions. Finally, collaboration with policymakers and stakeholders in
live case studies could further validate the model and provide actionable recommendations, ensuring
that its insights directly apply to real-world decision-making processes.
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Annex 1. Mathematical Appendix: Formalization of the Adaptive Innovation Systems Model
(AdaptiSM)

A1.1. Formal model

(1) Definitions and Variables
a. Innovation System §: A system defined § = (A, 0, R, P) where:
o A:Setofagents.
o 0O:Setof innovation opportunities.
o R:Setof rules governing agent behaviour.
o P:Policy environment.
b. Agents A: agents a; € A are heterogeneous and defined by the following characteristics:

e Location (x;): Agents are situated in a spatial or abstract d-dimensional space (R%). This
location can represent geographic proximity or network relationships, influencing how
agents interact with opportunities and other agents.

e (Capability Vector (CV;):
CVi = [Ci,li Ci2y ey Ci,6]) Ci,j € [0'9] (1)

where each element corresponds to a specific innovation capability: Research (c; 1),
Development (c; ,), Diffusion (c; 3), Association (c; 4), Appropriation for Production (c; 5), and
Marketing Capabilities (c; ¢).

e Surplus stock: Each agent maintains a surplus (S; € R), representing its available
resources. Surplus evolves dynamically based on the agent's actions and interactions:

Si(t + 1) = Si(t) + ASl(t) (2)
Agents with insufficient surplus (S;(t) < 0) exit the system.

c. Innovation Opportunities O: Each opportunity o, € O is characterized by:

e An attribute vector AV, = [ak,p Al 2r o ak'ﬁ], ag,; € [0,9], where j denotes an attribute
(e.g., brand).

AVy = [ak,1, A 2, ) Ak6], Ak, J € [0,9] (3)
e Avolatility v, representing its lifespan in the system. Opportunities have a finite lifespan,
modeled as volatility
Vi ~ U(Wmin Vmax) (4)

o Alifecycle (L, (t)) that governs the temporal distribution of benefits delivered to agents.
These benefits follow a Gaussian diffusion curve, characteristic of innovation diffusion
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patterns, ensuring that the opportunity delivers most of its benefits during the peak
period while tapering off before and after this peak.

_(twp? (5)
2
Lk (t) = e ch

where: wy, is the time at which the opportunity's benefit peaks. And ¢}, is the standard
deviation representing the spread of the lifecycle curve.

When an opportunity is exploited, it distributes benefits to the agents (or coalitions) that
fulfilled its attributes. The allocation is based on the Attribute Contribution (Benefits are
proportional to the specific attribute fulfilled by the agent, weighted by the magnitude of
the attribute and the associated capability involved) and the Lifecycle Influence (Benefits
are distributed over the opportunity's lifecycle, following the Gaussian curve).

¢ A benefit function B (t), Distributed across attributes and calculated using a Gaussian
function:

o \ < 1 _(t—uk)Z) (6)
By (t) = Z ay ;- incomej - ———e 20
= / / oxV2m

where income; is the calibrated income per attribute.

d. Policy Environment (P): Policy modes P,, € P modifies agent behaviour and opportunity
dynamics through:

e Capability Adjustment Rates (a;, §;): Policies influence how quickly agents learn («;) or
unlearn (f;) capabilities.

e Opportunity Generation Rates (py0, Pro): Policies affect the probabilities of generating
market (M0) and technological opportunities (T0): pyo ~ AX°, pro ~ A%°

e Capability Maintenance Costs (C;): Policies affect costs based on the emphasized
capabilities:

o Mode I: Prioritizes research and development capabilities. ag , =
high,ay opa = low

o Mode II: Enhances marketing and production capabilities. ay p = high, agp 4 =
low

o Mode III: Encourages diffusion and collaboration. ap 4 = high,ag yp =
moderate

o Mode IV (Combined): A weighted combination of all policies.
(2) Dynamics of the System

a. Innovation Opportunity Generation: Opportunities appear probabilistically at each timestep.
The policy environment influences market and technological opportunities. Opportunities oy,
appear at time t with probabilities:
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o Market Opportunities (MO): Triggered by market demand, activating agents from
exploitation to exploration (right to left in CV;).

Pmo = f(Pn,t) = f(Mpolicyr Demand) (7)

o Technological Opportunities (TO): Generated by agents with advanced research
capabilities, activating agents from exploration to exploitation (left to right in CV;).
Geographically, TOs emerge at the location of the generating agent - typically one
with high research capabilities. This spatial linkage underscores the localized nature
of technological innovation.

Pro = 9(Bn, t) = g(Tpolicyv CapabilitYR,D) (8)
Functions f and g depend on the policy environment.

b. Capability Matching: Agents match their capabilities (CV;) with opportunity attributes
(AVk):

6 9
M(a;, 0) = 1_[ I(c;; = ax,j)
j=1

where I is an indicator function. If no single agent can match, a coalition (C) is formed
based on proximity and complementary capabilities to pool capabilities: If M (a;, 0;) =
0, agents form a coalition C such that:

CVp = Z CV,, with | C1< 6 (10)
aneC
and:
Z Cnj = Qx,j, VJ (11)
an€cC

c. Capability Evolution: Capabilities c; ; evolve based on linkage, exploitation, learning and
unlearning. Agents’ capabilities evolve based on learning by doing:

_ Ci,'(t) + a; 'flearn(t) —Bj- Hunused(j)'if Si(t) >0 (12)
i+ = {0,1 ] ] if Si(t) <0
where:
_ (13)
frearn(O) = T =5z
And

I ] 1, if ¢;j was not used (14)
unused (/) = 0, if ¢;j was used.
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where fioarn (t) and I,seq4 (7), are indicator functions, and «, § are learning/unlearning
rates.

d. Surplus Dynamics: Surplus stock S; is updated based on benefits from exploited
opportunities, minus maintenance and transaction costs:

Si(t+1) =S;(t) (15)
+ Z[Bk(t) ' ]Iexploited (Ok) - COStcap (ai)

Ok

- COSttrans (C)]

e (Capability Maintenance Costs:

o (16)
Costeap(a;) = Z Yj - ¢ (t)
j=1
e Transaction Costs (Based on coalition structure):
K
Costirans(C) = 7= (17)
IC]
e. Agent Survival: Agents with negative surplus (S;(t) < 0) exit the system:
At +1) = A1) \{a; |5;(t) <0} (18)
f.  New Agent Entry: New agents a,, enter the system with stochastically assigned CV,;:
CV ~ N (Tcv, $cv) (19)

where 7.y and & are derived from empirical calibration according to the entrepreneurial
dynamics of the context under study. The entry process can be fully random, with location
and capability magnitudes determined arbitrarily, or stochastic, shaped by the composition
of the simulated environment. A hybrid approach is also viable, where attributes are
randomly generated within predefined ranges.

(3) Performance Metrics

a. Innovation Performance (I):

6

= .
= — Ci i
|A| s

a;€EA j=1

Innovation performance is measured as the number of innovation opportunities exploited, which
requires the capabilities of the participating agents or coalitions to fulfill all attributes of the
opportunity.

(20)

b. Economic Performance (E):
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E= Z Si(t) (21)

a;€EA
c. Survival Rate (n):
_ Maiive O (22)
A ()]
d. Collaboration Intensity (¢):
o ZocelC (23)
A

(4) Policy Dynamics
Policies influence:
i.  Learning and unlearning rates («a;, ;).

ii.  Opportunity generation rates (py0, Pro)-

iii.  Collaboration incentives (k).

iv.  Capability Maintenance Costs (Cost qp(a;))
Simulation and Analysis

e Simulate S over T periods for each policy scenario.

e Compare metrics I, E,n across scenarios to determine optimal policy interventions.
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A1.2. Agent Typologies and Capability Classification in AdaptISM

Capability Vector (CV) Classification Agent Type Focus Transaction Cost
Criteria
High ¢;; (Research) and c;, Ci1,Cip = 4.5, Explorer Exploration activities, Low with Explorer,
(Development) such as R&D. Diffuser, or Gatekeeper;
Rest < 4.5 High with Latecomer or
Exploiter; Medium with
Introductor or
Integrated.
High c; 3 (Diffusion) and c; 4 Ci3)Cig = 4.5, Diffuser Connecting and Low with Diffuser,
(Association) disseminating knowledge Explorer, Exploiter,
Rest < 4.5 and technologies. Gatekeeper, Integrated,
Ambidextrous, or
Introductor; Medium
with Latecomer..
High ¢; 5 (Appropriation) and c; ¢ CisiCig = 4.5, Exploiter Exploiting existing Low with Intermediary
(Marketing) knowledge, production, or Introductor; High
Rest < 4.5 and market outreach. with Latecomer.
High c; ; (Diffusion) and c; 5 Ci3/Cia Introductor Combines intermediation Low with Diffuser,
(Exploitation) > 4.5,¢5,Ci6 and exploitation Introductor, or
> 4.5 Rest < 4.5 capabilities to integrate Exploiter; Medium with
Research results into Explorer, Gatekeeper,
practical applications. Integrated, or
Ambidextrous; High with
Latecomer.
High ¢;; (Research) and/orc;; = | ¢;1,Ci» Gatekeeper Facilitates collaboration Low with Explorer,
(Development), and high ¢; 3 = 4.5,¢;3,Ciq and technology foresight Diffuser, or Gatekeeper;
(Diffusion) and/or ¢; , > 4.5 Rest < 4.5 between agents but lacks Medium with
(Association) strong exploitation Ambidextrous,
capabilities. Introductor, Integrated,
or Exploiter; High with
Latecomer.
High ¢;; (Research) and/orc;, = Ci1,Cin Ambidextrous | Balances exploration and | Low with Ambidextrous,
(Development), and high ¢; > 4.5,¢5,Ci6 Agent exploitation but lacks Diffuser, or Integrated;
(Appropriation) and/or c; > 4.5,rest < 4.5 strong intermediation. Medi.um with Explorer,
(Marketing) Exploiter, Introductor, or
Gatekeeper; High with
Latecomer.
High ¢; ; (Research) and/orc;, Ci1)Ciz Integrated Combines exploration, Low with Integrated;
(Development), ¢; 5 (Diffusion) >4.5,¢3,Ciy Agent diffusion, and High with Latecomer.
and/or ¢; , (Association), ¢; 5 >4.5,¢;5,Ci6 exploitation functions
(Appropriation) and/or c; >4.5 effectively.
(Marketing)
Low ¢; ; across all dimensions ¢;j <4S5forall j Latecomer Lacks specialized High with most; Medium

capabilities, representing
latecomers or nascent
entities.

with Diffuser due to
higher transaction costs.
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A1.3. Timeline of Events

(1) Start Simulation: Initialise the model with parameters and prepare for the first timestep.

(2) Initialize Simulation Parameters: Randomly assign Agents (Capability vectors, surplus, and
locations) and Opportunities (Attribute vectors, locations, volatility, product lifecycle and
benefits)

e Set the total number of timesteps T.

e Define policy parameters: Learning rates ; ; Unlearning rates f3;. Maintenance cost
coefficients y; .

e Transaction cost coefficient k, which depend on agent typologies in coalitions.
e Initialize performance metrics.
(3) Initialize Agents:
o Create a set of agents A.
e Foreachagenta;:
o Assign location x;.
o Initialize capability vector CV; = [ci, 1,ci, 2,...,ci, 6]
o Setinitial surplus S;.
(4) Initialize Innovation Opportunities
e C(reate an initial set of opportunities O.
e For each opportunity oy:
o Assign attribute vector AVy, = [ay 1,0k 2,..., Ak 6]-
o Setvolatility vy.
o Set Lifecycle Ly (t).
o Define the benefit function By (t) for each attribute.
(5) Loop Over Timesteps (t = 1 to T): Iterate through a defined number of timesteps.
a. Generate New Opportunities -

Differentiate between Market Opportunities (MO) and Technological Opportunities
(TO):

e Market Opportunities (MO):
o Driven by market needs (demand-pull).

o Activation follows a market pull mechanism, completing attributes right-
to-left (exploitation to exploration).

e Technological Opportunities (TO):

o Generated by agents with high research capabilities (supply-driven).
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o The Research attribute equals the generating agent's capability, while
other attributes are randomly assigned.

o Activation follows a technology push mechanism, completing attributes
left-to-right (exploration to exploitation).

e Localization in Opportunity Generation:

o Local proximity plays a significant role in link generation and coalition
formation, acknowledging regional innovation systems literature.

Evaluate Existing Opportunities - For each opportunity o, in O: - Check Opportunity
Lifespan - If v;, < 0, remove oy from O. - Else, decrement v, by 1. - Calculate Current
Benefit - Compute B, (t) for each fulfilled attribute j, reflecting its magnitude and the
agent's contribution.

Agent-Opportunity Matching - For each agent a; in A: - Capability Matching:
e Agents assess their proximity to opportunities and compare capabilities

to attributes.

e Matching proceeds sequentially based on MO or TO dynamics (right-to-
left for MO, left-to-right for TO).

e Ifthe agent's capabilities meet or exceed the attribute requirements, the
agent engages directly.

e Otherwise, proceed to coalition formation.

Coalition Formation - Form Potential Coalitions - Identify groups of agents whose
combined capabilities meet AV,. Consider proximity and complementary capabilities.
Limit coalition size to a maximum of 6 agents. - Evaluate Coalitions - For each potential
coalition C: - Check if Y a, € C ¢y j = ay j for all j. - If true, coalition can exploit 0.

Exploit Opportunities - Distribute Benefits:
¢ Benefits are allocated based on attribute contributions:

o Agents contributing more to fulfilling a specific attribute j receive a
larger share of By ;(t).

e Benefit distribution reflects attribute magnitudes and the agent's role.

- Deduct Costs - Capability Maintenance Costs - For each agent a;: Cost qp(a;) =
Z?:l Yj - ¢ (t)

- Transaction Costs - For each coalition C: Costpgns (C) = % Shared among coalition
members based on their link-specific costs. - Update Surplus - For each agent a;: S;(t +
1) = S;(t) + Benefit; — Costeqp(a;) — CoStirans(a;). - Update Capabilities -
Learning (Used Capabilities) - Increase capabilities used in exploiting opportunities:

¢ j(t+1) =c;;(t) + q  frearn(t), where fieq7 (t) is the learning function. - Unlearning
(Unused Capabilities) - Decrease capabilities not used: ¢; ;(t + 1) = ¢; ;(t) — f; -

Hunused (/)
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f. Agent Exit and Entry - Agent Survival Check - If §;(t + 1) < 0, agent q; exits the system.
- Introduce New Agents - With a certain probability, new agents enter the system with
initial capabilities and surplus (P, ).

g. Update Performance Metrics - Innovation Performance, Economic Performance,
Survival Rate and Collaboration Intensity.

(6) End of Simulation

(7) Analyse Results: Compare performance metrics across different policy scenarios and interpret
how policies impacted innovation capabilities, economic outcomes, and collaboration.
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A1.4. Variables of the AdaptISM model and Descriptions

Symbol | Name Meaning
S Innovation System The set of agents, opportunities, rules, and policies
defining the system.
A Set of Agents Collecting all agents
0 Set of Opportunities The collection of market and technological opportunities.
R Rules Behavioural rules govern how agents interact and evolve.
P Policy Environment External factors (policies) influence the system's
dynamics.
a; Individual Agent Its capabilities characterise a single agent within the
system.
Ok Individual Opportunity A single innovation opportunity within the system.
X; Location of Agent The spatial or abstract location of agent a;.
Xk Location of Opportunity | The spatial or abstract location of opportunity oy.
Ccv; Capability Vector A 6-dimensional vector representing the capabilities of
agent a;.
Cij Individual Capability The j-th capability of agent a;, where j € {1,...,6}
AV, Attribute Vector A 6-dimensional vector defining the requirements of
opportunity oy,.
Ay, Individual Attribute The j-th attribute of opportunity o, where j € {1,...,6}
S; Surplus Stock The economic resources available to agent a;.
Vi Volatility The lifespan of opportunity o,.
Ak Opportunity Generation | Probability of generating market (MO) or technological
Rates (TO) opportunities.
L (t) Lifecycle Temporal distribution of benefits for opportunity oy,
typically Gaussian in form
Wy Peak Benefit Lifecycle Time at which the lifecycle benefit peaks.
Time
Sk Standard Deviation of Standard deviation representing the spread of the
Lifecycle Benefit lifecycle curve
B, (t) Benefit Function The time-dependent benefit of exploiting opportunity oy,.
U Peak Benefit Time The timestep when the benefit of 0, is maximized.
O Standard Deviation of Controls the spread of the benefit function for o.
Benefit
a; Learning Rate Rate at which agents improve capability .
B Unlearning Rate Rate at which unused capabilities decay.
Yj Maintenance Cost Cost to maintain one unit of capability j.
Coefficient
K Transaction Cost Cost associated with forming and maintaining coalitions.
Coefficient
Pap, Birth Rate Agent Probability of new agents entering the system.
Probability
Pumo Market Opportunity Probability of generating a new market opportunity.
Probability
Pro Technological Depends on the magnitude of the agents’ research
opportunity generation capacity.
threshold
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I Indicator Function Evaluates whether a condition is met (1 if true, 0
otherwise).
M(a;, 0;) | Matching Function Determines if agent a; can exploit opportunity oy,.
C Coalition of Agents A group of agents pooling their capabilities to exploit an
opportunity.
C Set of Coalitions The collection of all coalitions formed in the system.
fiearn(t) | Learning Function A sigmoid function defining how quickly agents learn
from experience.
I1(t) Innovation Performance | Percentage of innovation opportunities exploited.
E(t) Economic Performance Total surplus of all agents at time ¢.
n(t) Survival Rate Proportion of agents that remain in the system at time t.
o(t) Collaboration Intensity Average size of coalitions relative to the number of

agents.
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Annex 2. Calibrating the AdaptISM Model: Insights from Antioquia's Agricultural Production
Chains

We calibrated the model using empirical data and qualitative insights from stakeholder interviews
in Antioquia’s agricultural production chains (APCs), including farmers, cooperative managers, R&D
professionals, and policymakers. These inputs shaped agent characterisation through six-
dimensional capability vectors, normalised to observed capacities, and influenced the distribution
and complexity of technological opportunities. The spatial arrangement of agents and opportunities
mirrored the geographically dispersed and heterogeneous innovation landscape described by
stakeholders. Interview data also informed key system dynamics, such as opportunity emergence
rates, learning and unlearning processes, and transaction costs, ensuring alignment with real-world
behaviours. For instance, the coffee APC’s high barriers to entry and limited R&D capacity resulted
in slower entry rates and fewer opportunities, whereas the avocado APC, characterised by more
exploratory agents and growing market demand, exhibited more frequent entry and higher
innovation capacity. These calibrations allowed the model to capture the structural and behavioural
diversity of Antioquia’s APCs.

Systems initial conditions:
Table A2.1 shows the initial parameters used to calibrate and validate the model for each APC.

Table A2.1. Coffee and Avocado APC parametrisation (Baseline)

APC APC .
Parameter Coffee | Avocado Technical Note
Initial n. of market Interview results for both APCs were
. 100 100 . . .
opportunities (O) normalised for scenario comparability.
Initial no. of firms Both markets show a high global demand for
100 100 . .
(A) innovations.
Market Both markets exhibit dynamic opportunities
opportunity 15% 20% o y PP ’
especially in the avocado market.
appearance rate
Entrepreneurial The avocado APC shows greater entrepreneurial
2% 8% .. .
rate activity due to market growth and pricing.
Learning  factor 0.4 0.3 Coffee APC agents require higher learning rates
(@) ' ' due to intense competition.
Unlearning factor Tradition in Antioquia APCs slows unlearning by
0.1 0.4 . . .
123 adhering to established routines.
Mark
arket s Avocado properties drive market learning and
opportunities 0.4 0.5 .
. increase demand.
learning factor
Random volatility Ves Ves Both m'ark.ets arc's highly volatile due to high
Innovation intensity.
Initial surplus The avocado APC requires a more significant
800 3000 1
stock (S;) initial investment for market entry.
Life-cycle time 10 10 Both 'APCs are dynamic in terms of new product
offerings and demand.
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Low transaction 01 1 Given its traditional component, trust in the

cost ' coffee APC is higher.

Medium Given its traditional component, trust in the
. 0.5 1.25 s

transaction cost coffee APC is higher.

High transaction 1 15 Given its traditional component, trust in the

cost ' coffee APC is higher.

Income per | 10 (per | 10 (per | Innovation is profitable in both APCs but less so

attribute unit) unit) for coffee commodities.

Capability 1 (per 1 (per | Public STI policies are similar in both APCs but

Maintenance cost unit) unit) mostly generic.

Technological

opportunity 45 7 Speciality coffee behaviours highlight the

generation ' stronger impact of STI policies in the coffee APC.

threshold (Pro)

Table A2.2. Parameters of different scenarios (Considering Baseline in Table A2.1)

Parameter Scenario | Scenario Il Scenario III Scenario IV

Initial Magnitudes

for capability (CV)

and attribute (AV)
vectors

Random between: 0 - 9

Coffee: Py, = 15%; pyo = 2%

Birth rates of agents Avocado: Py, = 8%; pao = 20%

Learning factors

0.M2 0.3
Life cycle 0.M y O.T Random between:
(L) 0-10years
Research and Production Diffusion and
development | and marketing bonding
capability: 1 capability: 1 capability: 1
C o unit unit unit All capabilities:
ost to maintain .
Capability (;) (monetary); (monetary); (monetary); 1 unit
J for other for other for other (monetary).
capabilities: 3 | capabilities: 3 | capabilities: 3
units units units
(monetary). (monetary). (monetary).
Random Random Random Random
volatility (vi) between: 0 -5 | between: 0-5 | between:0-5 | between: 0-5
years. years. years. years.

2 This lower value, compared to real-world supply chains, helps agents survive longer by learning as fast or
faster than the market and seizing new opportunities. It also extends their presence in the system, allowing
better assessment of long-term policy impacts on capability support.

35



Table A2.2 shows the average results after a series of simulations with the model parameters set as
described.

Table A2.2. Average innovation capability for each APC over time obtained through the simulation

model

APC Coffee APC Avocado
Average Innovation Capacity 2008 2013 2018 2008 2013 2018
Research 0.15 0.20 0.22 1.47 1.35 1.20
Development 0.16 0.21 0.22 1.31 1.32 1.17
Diffusion 0.99 1.07 1.12 2.91 2.97 2.80
Association 1.31 1.41 1.50 3.69 3.89 3.64
Appropriation 0.99 1.14 1.40 2.62 2.73 2.54
Marketing 0.19 0.32 0.48 1.87 2.05 1.90

The comparison between the simulation model and the real system is shown in Table 5.

Table A2.3. Difference between capabilities in the real system and the model in absolute terms

APC Coffee APC Avocado
Average Innovation Capacity 2008 2013 2018 2008 2013 2018
Research 0.00 0.04 0.03 0.00 0.21 0.34
Development 0.00 0.06 0.06 0.00 0.32 0.38
Diffusion 0.01 0.01 0.07 0.00 0.11 0.00
Association 0.00 0.00 0.08 0.00 0.58 0.60
Appropriation 0.00 0.05 0.12 0.00 0.36 0.14
Marketing 0.00 0.06 0.06 0.00 0.00 0.31

The analysis demonstrates that the model accurately replicates the real behaviour of the APCs,
particularly the coffee APC, where the largest deviation from the real value occurs in the
appropriation capability, with an error of only 1.33%. As a newer and more emergent system, the
avocado APC presents greater challenges for precise representation. Even so, the results are highly
satisfactory, with the association capability showing the largest deviation at 6.67%, while deviations
for other capabilities are approximately half this value.
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