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Abstract

The diffusion of innovation is a paradigmatic complex-systems phenomenon: ag-
gregate S-curves emerge from the interaction of heterogeneous agents, evolving
technologies, institutions, and media. This thesis uses tools from complexity science
to connect three levels of description that are usually treated separately: parsimo-
nious aggregate diffusion curves, micro-founded kinetic models, and empirically
grounded agent-based simulations. The first part takes a deliberately reduced-form
perspective. Building on the diffusion literature in operations research and marketing,
it fits a Bass-type model to SDG Index trajectories (2000-2021) for each country,
treating the parameters as mechanics-agnostic summaries of aggregate dynamics.
Diagnostics such as saturation time and the timing of peak annual improvement
reveal that most trajectories follow the familiar pattern of slow start, acceleration,
and saturation, with systematic differences across income groups and regions. This
provides a quantitative baseline that complements the largely qualitative work on
national innovation ecosystems and sustainability. The second part moves from
description to mechanism via kinetic theory. Inspired by the kinetic modeling of
socio-economic systems, it develops a Kinetic Innovation Diffusion (KID) model
in which individuals carry a perceived value for the product and a binary adoption
state. Social interaction, media exposure, and experience are modeled as “colli-
sions” that update perceived values; in a suitable limit, the Boltzmann description
yields a closed-form adoption law where the S-curve arises as a regularized in-
complete gamma function with explicit dependence on media, performance, and
heterogeneity. Calibrated on four benchmark consumer durables, the KID model
matches or outperforms standard Bass-family models and supports an early-stage
forecasting scheme that combines pre-launch belief data with a small number of
sales observations. The third part extends this kinetic framework to expectations
and technological performance, providing a micro-founded model of the Gartner

Hype Cycle, whose original formulation remains largely heuristic and empirically



vi

debated. Mean perceived value among non-users (expectations), adoption, and re-
alized performance are coupled in a dynamical system: media and word-of-mouth
raise expectations; adoption exposes users to realized performance; if performance
lags expectations, negative feedback generates a crash and subsequent recovery. In a
deterministic limit, this structure yields transparent conditions on the relative growth
of media, adoption, and performance for the peak and the trough; reintroducing
heterogeneity restores smooth S-shaped adoption. A Direct Simulation Monte Carlo
implementation shows that hype-disappointment-recovery patterns persist without
artificial time-scale separation and even under constant media, turning the Hype
Cycle from a descriptive curve into an emergent behavior with falsifiable impli-
cations. Finally, the thesis grounds these mechanisms in an agent-based model
of Connected, Communicative, Automated Moblity diffusion in Europe, using a
synthetic population derived from focus-group data on socio-demographics, mobility
habits, and attitudes. Agents have mobility priorities and a sentiment toward CCAM;
the service is characterized by performance and communication parameters. The
model jointly captures mode choice and adoption/abandonment of CCAM, with sen-
timent evolving through experience and word-of-mouth, echoing the hype dynamics
analyzed earlier. Scenario analysis shows that increasing CCAM speed alone yields
progressively more successful diffusion but limited and fragile mode shift away from
cars; to meaningfully reduce car use, CCAM must also improve reachability and
comfort, which are dominant priorities for car users. More broadly, the ABM acts
as a scenario laboratory where product design and communication strategies can
be stress-tested against heterogeneous preferences and expectations. Overall, the
thesis advances a unified view: diffusion of innovation is best modeled as a complex
system. Aggregate S-curves, kinetic equations, and agent-based simulations are not
competing paradigms but complementary lenses on the same process, enabling richer
description, mechanism-based explanation, and policy-relevant experimentation

under uncertainty.
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Chapter 1
Introduction

In this dissertation we use the lens of complexity to look at how new ideas and
technologies spread. Rather than treating innovation diffusion and adoption as a
simple curve on a chart, we follow the many small interactions that add up to visible
change. First, we show when a compact description well captures the shape of
innovative processes. Then, we open the process up, tracing how expectations and
experience interact, and building population-level scenarios to see how outcomes
change when conditions change. The goal is a coherent, readable account of why the
diffusion of innovation takes the paths it does, and how that understanding can be
used fruitfully.

1.1 Diffusion of innovations

How new things are adopted by people and spread in a population is a complex
and fascinating phenomenon that is studied in a broad and diverse literature that
spans different fields. Its earliest roots are sociological: Gabriel Tarde argued that
social change propagates via imitation, the micro-to-macro process through which
practices and ideas spread across a population that today we call adoption. His Laws
of Imitation (Tarde, 1903) framed diffusion as a patterned, contagious behavior rather
than isolated decisions and paved the way to the scientific study of the diffusion of
innovations. He went as far as recognizing the typical S-shaped curve that describes
the number of adopters of an innovation in time and to observe that the takeoff
occurs when the opinion leaders in the system adopt, foreshadowing the relevance
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that network theory has today in diffusion studies. Albeit seminal, Tarde’s ideas
could not rely on the quantitative methods that support modern diffusion studies, and

remained marginal for half a century.

It was the rural sociology tradition that, in the 1940s, re-ignited the interest
in the study of the diffusion of innovations with a seminal study on hybrid corn
diffusion in Iowa, United States. Working in two farming communities, Ryan
and Gross (1943) reconstructed who first heard about hybrid seed corn and from
whom, and when farmers moved from trialing a few rows to planting most of a field.
What emerges is not a tale of instantaneous conversion but a decade-long relay in
which communication channels shift over time: early awareness often arrived via
seed salesmen and extension agents, but adoption decisions crystallized through
conversations with known adopters: neighbors whose credibility is earned by harvests
rather than the promises of salespersons and media campaigns. The aggregate curve
they documented is again the S-curve: a long, hesitant beginning, a sharp middle
acceleration as interpersonal influence compounds, and a late saturation as the
remaining holdouts convert. By placing interpersonal ties at the center, without
denying a role for mass media, the study demonstrated that diffusion is a social
process unfolding through social contact, and it seeded the field’s canonical ideas
about adoption stages and categories that Rogers (2003) later systematized. This
is the moment when diffusion research became a coherent paradigm rather than

scattered anecdotes.

Parallel to the sociological tradition, marketing science developed aggregate,
model-based descriptions of sales and adoption. The touchstone is Bass (1969),
which explains the typical S-curve as the interaction of two forces: an innovation
effect (external influence) and an imitation effect (internal/social influence). The
Bass model is a simple and parsimonious model that, using just three parameters, fits
a wide range of product classes and remains a baseline for forecasting peak timing
and market saturation. Over time, the Bass family expanded to handle realities of
modern markets: marketing-mix covariates, competition and network externalities,

and multi-generation product lines.

Since the 1990s, diffusion research has broadened from “word-of-mouth on a
homogeneous market” to a networked, multi-market, multi-generation view. Peres
et al. (2010) synthesize this shift. Inside a market, diffusion studies now foreground

social networks, network externalities, takeoffs and saddles, and technology gener-
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ations. Agent-based models (ABMs, for short) and choice—diffusion hybrids (e.g.,
Markov chains) connect individual rules to aggregate growth and separate inter-
personal influence from externalities; saddles and chasms emerge naturally from
heterogeneity and interactions rather than from noise. Across markets, research
models cross-country lead-lag effects, systematic growth differences by culture or
economy, and competition’s imprint on category and brand growth. The common
thread is a re-framing of diffusion as social interdependence of all kinds, studied

with network data, ABMs, and multinational models.

In sum, the diffusion research gives us two complementary insights that cut
across all fields: first, there is rich evidence that adoption is fundamentally social and
context-dependent; and second, parsimonious aggregate models are extremely useful
to summarize and forecast diffusion, but they do not expose the complexity of the
underlying social mechanisms. This is precisely why later work often pairs aggregate
models with micro- or meso-level mechanisms such as agent-based models, network
theory, or, as we will see in chapter 3, kinetic theory. This is where the science of
complex systems comes into play: it offers the methods to keep those mechanisms
explicit while remaining analytically disciplined and rigorous. It is through the
lenses of complexity that diffusion of innovation appears as an emergent property of
a far richer system.

1.2 The science of complex systems

Complex systems science begins from the observation that when many interact-
ing parts update in response to one another, the collective acquires properties one
cannot deduce by inspecting the parts in isolation. These emergent behaviors —
phase changes, self-organization, persistent path-dependence — arise because local
interactions and feedback loops amplify small differences and create nonlinear cause-
and-effect: a tiny perturbation can trigger a qualitative shift, while large shocks may
be absorbed with little visible change. The field’s original purpose was exactly this
unification: to provide a common, predictive language for interacting systems on the
premise that similar patterns recur across domains once heterogeneity, feedback, and
topology are modeled explicitly. The aim is not a grand theory of everything, but
a disciplined framework that (i) specifies how elements influence one another, (ii)
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derives the emergent macrostates that follow, and (iii) connects those macrostates to

testable predictions.

The logic of complexity recurs across very different arenas. In biology, local
biochemical interactions and cell to cell signaling generate organism-level form and
function: from morphogenesis to neural coordination, macroscopic order (organs,
behaviors) arises without a central designer, via self-organization and cascading feed-
backs that amplify tiny molecular asymmetries into qualitative shifts in phenotype.
In epidemiology, micro-level contacts and behavioral responses produce epidemic
curves whose timing and height depend nonlinearly on small changes in exposure,
precaution, or environment. In financial markets, heterogeneous traders reacting to
each other’s moves drive volatility clustering and regime switches: modest informa-
tional shocks can either dissipate or snowball into large swings depending on state
and feedback. What ties these domains together is the same structure (local interac-
tions, feedback, and nonlinearity), which explains why similar phenomena (S-shaped
build-ups, oscillations, abrupt transitions) appear despite different constituents and
domains.

Methodologically, the study of complex systems lives at the intersection of math-
ematics and computation. On the mathematical side, network theory gives a compact
way to say who interacts with whom and how influence accumulates; statistical
mechanics translate many small interactions into mathematically tractable laws for
the whole, where non-linear and dynamical systems analysis often reveals thresh-
olds, phase changes, and long-lived regimes. On the computational side, modern
power and data have shifted the center of gravity: agent-based models (ABMs)
let us write simple local rules for heterogeneous agents and watch macro patterns
emerge; Monte Carlo methods navigate nonconvex fitting problems, solve non-linear
differential equations and quantify uncertainty; large datasets make calibration and
out-of-sample testing of large models possible. Together, these methods let us move
smoothly between micro rules and macro regularities, preserving the essence of
complexity — the way wholes acquire properties irreducible to their parts — without

sacrificing predictive discipline.

To conclude, complex systems science gives us a way to think clearly about
phenomena whose visible regularities are born from invisible interactions. It explains
why smooth aggregate curves can hide sharp local shifts, why timing matters as

much as magnitude, and why the same few ingredients reappear across fields. With
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that lens in hand, it is natural to treat diffusion of innovation as a complex process in

which expectations, experience, and behavior coevolve.

1.3 The diffusion of innovation is a complex system

If you watch a market from close enough, it refuses to sit still. Consumers com-
pare experiences and share information, firms improve products, journalists and
influencers broadcast partial truths, prices move, and yesterday’s decision becomes
today’s prior. The moving parts are many and none of them act in isolation. Signals
provoke behavior, behavior feeds back into signals, and network structure quietly
shapes what becomes visible. What we call the diffusion of an innovation is the
visible trace of all this hidden motion. This is the natural habitat of complex systems.
In markets, a single enthusiastic review can trigger a local cascade; a disappointing
early experience can poison a cluster for months. The same advertising budget can
accelerate adoption in one community and backfire in another, depending on who is
connected to whom and how credibility flows. Complexity is not a flourish added to

diffusion; it is the ambient condition under which diffusion takes place.

What follows in the thesis is a progressively sharper look at diffusion-as-a-
complex-system, where we employ a combination of analytical and computational
tools typical of the science of complex systems. We exploit the parsimonious macro
descriptors of the Bass model to show that, even in messy, multi-actor environments
such as national innovation ecosystems (NIE), simple S-curves can summarize
trajectories and forecast turning points. This is an innovative field of application
of the Bass model, that still yields good results. Crucially, this exposes the fact
that such top-down aggregated models are mechanics-agnostic and, albeit useful, do
not provide insights on the microscopic mechanisms of a rich, non-linear process.
Consequently, we employ methods from statistical mechanics to model the diffusion
of an innovation from the bottom up. Starting from the microscopic interactions
between boundedly rational agents in a population, we use the kinetic theory to
draw a closed-form equation for the adoption of a new product in a market. To
show the good descriptive power of the model, we test it against state of the art
Bass-type models on four benchmark products. The calibration of the parameters
is performed using a Markov Chain Monte Carlo algorithm for Bayesian inference.

The same model can be expanded to account for other social and technological
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processes related to diffusion: the dynamics of people expectations towards an
innovation and of technology performance development are added to the picture.
The resulting dynamical system provides a rigorous mathematical explanation for
an influential observed pattern in innovation studies, the Hype Cycle, which lacked
such a formalization. A Direct Simulation Monte Carlo of such a model is also
employed as validation of the analytical results and to investigate peculiar parameter
combinations. Additionally, to fully account for heterogeneity and the use of large
datasets, we present an example of agent-based model for the diffusion of automated

mobility in Europe.

In sum, diffusion is a complex system: boundedly rational heterogeneous agents,
interactions, and feedback generate patterns no top-down curve can explain alone.
We use different tools for different scales — S-curves, kinetic theory, Monte Carlo
computation, dynamical systems and ABM — to make those mechanisms visible and
testable.

1.4 Structure of the thesis

This dissertation moves from macro description to micro-founded mechanism and is
organized in thematic chapters. In each chapter, the relevant literature is presented
contextually to the topic of the discussion, the methodology is thoroughly explained,
and the contributions and results for each chapter are clearly stated. The structure of
the thesis is the following:

* Chapter 2 introduces the classic Bass framework and applies it to the forecast-
ing of levels and times of fulfillment of the Sustainable Development Goals
(SDGs) by different nations. It is shown how, apart from a few specific cases
and after pre-processing and smoothing of the raw data, the S-curve typical
of the Bass model well describes the progress in time of the global SDG
score for a majority of countries. The point is not to claim mechanism, but to
extract stable diagnostics such as takeoff, peak improvement, and saturation

that policy makers can read.

* Chapter 3 takes an inverted perspective with respect to the Bass model. The
process of diffusion is modeled from the bottom up to expose the microscopic

mechanics that let the S-curve emerge. The kinetic theory is introduced
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and used to obtain a differential equation for the adoption in time. Then,
computational results of parameter estimation via Bayesian inference and

forecasting performance are shown.

* Chapter 4 expands the model of the previous chapter to the dynamic of expec-
tations in the population, to provide a mathematical model for the formation
of Hype Cycles. First, the concept of Hype Cycle is introduced and then it is
explained as an emergent behavior produced by the interplay of expectations,
adoption and technology performance.

* Chapter 5 constitutes an example of agent-based model of diffusion of in-
novation. Data on consumer and transportation habits from SINFONICA,
the flagship European-funded project that aims to foster the diffusion of Con-
nected, Communicating and Automated Mobility (CCAM) systems in Europe,
are used to build a synthetic population of agents that then is left to interact
and take action following a set of simple rules. Two scenarios, with different
performance levels of the CCAM service that produce qualitatively different

diffusion patterns are discussed.

* Chapter 6 concludes the dissertation delineating the perimeters of the research,
synthesizing the original contributions, and indicating the directions for future

research.



Chapter 2

The Bass model for SDG Saturation

In this chapter, we show how a top-down, aggregated model such as the Bass model
can be successfully employed to capture the visible trace of a complex system
different from the one that was originally intended. We use the Bass S-curve not to
explain mechanisms, but to summarize how national innovation ecosystems (NIEs)
advance toward the Sustainable Development Goals (SDGs). The claim is modest and
useful: if many heterogeneous actors, feedbacks, and policies collectively produce
an S-shaped trajectory at the country level, a parsimonious curve can still forecast
turning points and saturation, even though the underlying machinery differs from

consumer adoption. The content of this chapter is taken from Masali et al. (2026).

2.1 General Context and Related Literature

A national innovation ecosystem (NIE) is best understood as an open, adaptive ar-
rangement of legally independent actors such as public agencies, firms, universities,
financiers, and civil society, whose ongoing collaboration and exchange of knowl-
edge generate and scale innovations. Rather than a top-down hierarchy or a static
system, an NIE behaves like a complex adaptive system: it self-organizes, adapts
to shocks, and exhibits emergent properties (synergy, path dependence) because
interactions and feedbacks among participants continuously reshape capabilities and
incentives. In this view, innovation is co-created through complementary assets,
shared infrastructures, and relational contracts and not simply produced by isolated
champions. Policy shifts worldwide reflect this turn from supporting individual
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agents to orchestrating collaborative entities (clusters, platforms, multi-stakeholder
partnerships) that link localized networks into economy-wide ecosystems. Forma-
tion is thus bottom-up and top-down at once: local collaborative networks (e.g.,
clusters) accumulate and interlink; national strategy, institutions, and enabling rules
lower coordination costs and stabilize cooperation; together they yield a multi-level

ecosystem that evolves over time.

Mechanistically, NIEs work through repeated interaction and complementarities:
shared standards and data, co-specialized investments, joint problem-solving, and
iterative learning. These features generate nonlinearity (small coordination wins can
unlock large diffusion effects) and make governance context-dependent: outcomes
hinge on how well incentives align, how credible partners are, and how flexibly

institutions support collaboration.

The Sustainable Development Goals are the UN’s universal agenda for 2015-2030:
17 goals with 169 targets, designed to be integrated and indivisible across three pil-
lars (economic, social, and environmental) while advancing a broader vision often
summarized as people, planet, prosperity, peace, and partnership. They build on the
Millennium Development Goals, pairing outcomes (e.g., poverty, health, education,
climate) with means of implementation and a revitalized Global Partnership to mobi-
lize finance, technology, and policy coherence. Countries commit to nationally led

strategies and shared monitoring to ensure progress.

NIEs can accelerate technological, social, and economic progress toward achiev-
ing SDGs by fostering collaboration, innovation, and entrepreneurship (Azmat et al.,
2023; Bras and Robaina, 2024; Iizuka and Hane, 2021; Liao et al., 2024; Liu and
Stephens, 2019; Nylund et al., 2021). Specifically, a study on 131 countries demon-
strates that NIEs improve the achievement of SDGs (Wei et al., 2025) through the
development of eco-innovations and green technologies (Abdullai et al., 2022; Yikun
et al., 2023) entrenched with the tackling of societal issues and grand challenges
(Ritala, 2024). Nevertheless, their effectiveness in regard to SDGs can be constrained
by various barriers as well as complexity issues, including contingent approaches in
innovation-as-a-context ecosystems, institutional inertia, resource limitations, and
inadequate and nonlinearly intertwined efforts among the multiple agents in NIEs
(Gifford et al., 2021; Grama-Vigouroux et al., 2023; Huang et al., 2024; Ponsiglione
et al., 2021; Ponta et al., 2023; Qiao et al., 2024; Thomas et al., 2025). For instance,

high-income countries show 2.3 times grater SDG progress per dollar invested in
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innovation activities than low-income countries, due to better institutional frame-
works that mitigate the complexity of NIEs (Prokop et al., 2021). This trend is
confirmed by the overall dominance of the agenda for implementing circular ecosys-
tems in the Global North (Aryee et al., 2025). The same research indicates that
southern/emerging economies are both under-studied and largely necessity-driven
arenas for circular innovation ecosystems, and that implementation tends to be more
turbulent. The key differences concern how these ecosystems emerge, are orches-
trated, and are governed. Telling examples relate to sectors such as organic food
in Brazil (Ferrari et al., 2023), textiles and apparel in Romania (Staicu and Pop,
2018), biochemical energy in India (Mukherjee et al., 2021), and construction in
Ghana (Gyimah et al., 2025). Evidence from complex contexts—such as Brazil and
Pakistan—shows that participation in NIEs can lift SME productivity by 22-40%
and cut resource waste by 15% (Jan et al., 2025). Additionally, the World Economic
Forum links weak emphasis on sustainability-oriented innovation to deteriorating
SDG performance (World Economic Forum, 2025).

Conversely, NIEs are most effective at driving sustainability when they embed
inclusive, structured governance that coordinates multiple actors within complex
systems (Wei et al., 2025; World Economic Forum, 2020). Over the past decade,
work on innovation ecosystems has increasingly adopted a complexity lens, treating
them as evolving configurations of actors, activities, and relationships, and has asked
how structure and dynamics translate into outcomes. The emphasis has been on map-
ping who does what with whom, how those interactions change over time, and how
these patterns drive performance and growth (Ancona et al., 2023; Marinelli et al.,
2023; Neto et al., 2024). Moreover, several definitory efforts have been undertaken
in order to identify the differentiating elements of innovation ecosystems, such as
actors’ heterogeneity, actors’ interdependence, and system-level outcomes, all of
them calling for a specific focus on complexity issues (Thomas et al., 2025). Inno-
vation ecosystems rest on coevolutionary microfoundations: repeated interactions
among firms, institutions, and other actors generate nonlinear feedbacks that produce
emergent outcomes (Breslin et al., 2021). The resulting system-level patterns vary
by ecosystem type — innovation, business, platform/technology, entrepreneurial, or
knowledge and open-innovation — because each type organizes complementarities
and coordination differently. In the same spirit, Reed et al. (2025) reject linear
pipeline views, arguing for approaches that foreground policy shocks and adaptive

strategies as triggers of cascading transformations across interconnected ecosystems.
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Zhang et al. (2024) prove that green innovation spreads through unequal connection
nodes in complex networks, arising nonlinearly from actors’ micro-interactions (e.g.,
firms, universities, policymakers). Such interactions may include different agents’
activities, such as pollution taxes or default costs altering opportunity costs, thus
incentivizing green cooperation in NIEs, policy shifts, or startup disruptions. They
can also set off disproportionate effects across the ecosystem, catalyzing learning
and co-evolution among firms, governments, and universities that yields emergent
behaviors that challenge linear forecasts. In parallel, growing emphasis on the sus-
tainability transition in policy and corporate strategy fosters self-organization around
shared goals, enabling organic reconfiguration of roles and complementarities (Han
et al., 2021).

Recent work converges on a clear view: innovation ecosystems and sustainability
are inseparable, and effective practice requires adaptive strategies that accommo-
date organizational and ecosystem complexity (Pham and Vu, 2022; Ritala, 2024).
Sustainability rises on the research agenda because collaborative innovation gen-
erates environmental and social externalities alongside benefits (Liu and Stephens,
2019; Nylund et al., 2021), demands cross-sector coordination such as industrial
symbiosis (Liu et al., 2025), and must navigate shifting policies and markets (Agasty
et al., 2023). It also calls for embedding sustainability in business models and
regional strategies (Oskam et al., 2021; Penarroya-Farell et al., 2023). Yet the lit-
erature remains fragmented: governance and operating logics are under-specified
(Thomas et al., 2025; Xu and Li, 2025), and a coherent framework for nonlinear, co-
evolutionary interactions and their triple-bottom-line consequences is still emerging.
A parallel strand highlights a dark side: some innovation pathways can impede SDG
progress (Berry et al., 2024; Islam, 2025). Empirically, findings differ by context
(high- vs. low-income, stable vs. post-conflict) producing mixed assessments of
how NIE complexity affects SDG attainment (Grama-Vigouroux et al., 2023; Jan
et al., 2025; Prokop et al., 2021). Consensus is narrow but meaningful: collaboration
enables sustainability, while outcomes hinge on context-specific governance and

ecosystem complementarities that shape system-level value creation.

A practical gap motivates what follows: despite the surge of interest in inno-
vation ecosystems, quantitative methods remain underused. Much of the field still
privileges conceptual mapping and narrative reviews over empirical testing and
prediction, leaving open how far data-driven models can organize evidence and

forecast trajectories. In this chapter, we take a deliberately reduced-form approach
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and ask whether a simple aggregate diffusion law can capture the visible trace of
national progress on the SDGs, without pretending to identify the full micro-causal
machinery beneath it. Concretely, we assemble country-level SDG Index trajectories
(2000-2021) and fit a Bass-type S-curve to each series, treating the parameters as
summaries of aggregate dynamics. The central diagnostic is the saturation time —
when progress approaches a country-specific ceiling — alongside the timing of the
maximum year-over-year improvement. The value of this exercise is comparabil-
ity: a common curve, estimated in a disciplined way, yields a baseline that travels
across countries and makes planning and prioritization more coherent, even when
underlying mechanisms differ. The preview of results is straightforward. For most
countries, SDG progress displays the familiar sequence of slow start, acceleration,
and saturation; a small subset (13) lacks a clear S-shape. Cross-country differences
cluster along geographic and socioeconomic lines: places with stronger innovation
capacity and policy effort tend to reach acceleration earlier, while those already
near the ceiling exhibit lower remaining potential despite high inputs. In short, a
mechanics-agnostic S-curve offers a useful, quantitative baseline for national SDG

progress, precisely the kind of empirical scaffold the literature has been missing.

2.2 Data and Methodology

2.2.1 Data

The dataset analyzed for this research is the online database for the Sustainable
Development Report 2022 by Sachs et al. (2022), which is a yearly report that
reviews the progress made periodically by UN member states with regard to the
level of SDG achievement since their adoption. The data used for this study span
22 years, from 2000 to 2021, and the dataset contains 120 indicators covering the
17 SDGs, which generate the overall score for each country. Overall, 193 countries
are included in the Sustainable Development Report 2022. The dataset includes
several data on the SDGs, such as the overall results for all countries, including
the Index Score, goal dashboard, and trend dashboard for all indicators and goals,
spillover scores, raw values, normalized scores, dashboard ratings, trends, and goal
scores. The SDG Index Score and all other indicators are retroactively calculated
across time using time series data. Missing data are treated by carrying forward



2.2 Data and Methodology 13

time series data. Data come from international and rigorous organizations that
operate extensive validation processes, like the World Bank, the Organisation for
Economic Co-operation and Development, the World Health Organization, the Food
and Agriculture Organization, and the International Labour Organization. Therefore,
the dataset characteristics limit any biases related to single-source utilizations, and
the complete coverage of UN members avoids sample selection issues.

2.2.2 The Bass Diffusion Model

The Bass diffusion model (Bass, 1969) helps in understanding innovation adoption
processes within populations by analyzing commercial product uptake through its
characteristic S-shaped adoption curve. This temporal pattern reflects the general
transition from slow adoption to rapid acceleration and eventual market saturation
across diverse innovation contexts. The model’s theoretical foundation rests on
two complementary adoption mechanisms: innovation-driven adoption (external
influence parameter) and imitation-driven adoption (internal influence parameter).
It is important to situate the Bass model (BM for short) in relation to innovation
diffusion theory (Rogers, 2003), which conceptualizes the adoption of innovations
through five adopter categories (innovators, early adopters, early majority, late ma-
jority, laggards) and emphasizes the role of communication channels, social systems,
and time in shaping diffusion patterns. Rogers’ framework is highly influential in
providing a qualitative, sociological account of how innovations spread; however, it
does not provide a direct quantitative mechanism for forecasting adoption dynamics
or for estimating parameters from empirical data. By contrast, the BM translates
Rogers’ qualitative insights into a parsimonious mathematical formulation. This
quantitative specification allows researchers to fit empirical time series, estimate
country-specific parameters, and make predictions about saturation dynamics, which
is essential for the analysis of SDG trajectories. The adaptation of the Bass diffusion
model to SDGs represents a paradigmatic shift toward complex socioinstitutional
transformation processes (Wonglimpiyarat, 2025). As such, this recontextualization
requires careful consideration of the unique characteristics that distinguish SDG
implementation from traditional innovation diffusion. The innovation parameter
in the SDG context encompasses exogenous drivers, including governmental pol-
icy frameworks, complex international agreements and multilateral initiatives, and

institutional mandates that independently promote SDG-aligned practices. These
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external influences are manifested through mechanisms such as renewable energy
subsidies, carbon pricing policies, environmental regulations, and international de-
velopment assistance programs. The imitation parameter captures endogenous social
dynamics, including policy coherence, knowledge spillovers, normative convergence,
and complex cross-border learning processes, that increase SDG implementation
through peer effects. This parameter encompasses regional adoption of successful
sustainability models, South—South cooperation mechanisms, and knowledge trans-
fer networks that facilitate the diffusion of best practices (Collste et al., 2017). The
market potential translates to SDG saturation potential, i.e., the maximum feasible
level of sustainable development achievement a country can attain given its structural
constraints (Marzouk et al., 2022). These constraints may include economic capacity,
institutional quality, natural resource endowments, demographic characteristics, and
geopolitical complexity and stability. Hence, the adapted Bass diffusion model
provides a theoretically grounded foundation for modeling SDG achievement trajec-
tories across heterogeneous country contexts (Fu et al., 2020). Its reformulation —
incorporating dynamic saturation potentials, country-specific heterogeneities, and
complex system feedback — enables robust predictions of SDG saturation timing and

identifies leverage points for accelerating global sustainability transitions.

Mathematically, the Bass model reads:

dF (1)
dt

= (p+4qF(1))(M = F(1)), 2.1

where originally F(¢) denoted the cumulative fraction of adopters at time ; p repre-
sented the proportion of adopters driven by forces exogenous to the social dynamics
of diffusion, such as advertisement or personal inclination towards innovation; and ¢
represented the proportion of adopters driven by social pressure, i.e., the fact that
many other people have adopted. The parameters p and g are referred to as an
innovation parameter and an imitation parameter, respectively. Parameter M is the
market potential, i.e. the total amount of adoption registered at the end of the process.
The solution to this differential equation describes the S-curve, characterized by an
initial period of slow adoption dominated by innovators, followed by rapid adoption
driven by imitators, and finally a saturation phase when M is approached. The Bass
model has traditionally been applied in contexts such as consumer product adoption,
technology diffusion, and innovation management. However, the overall flexibility

of innovation diffusion models and theories, enables adaptation to other domains
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where a diffusion-like process occurs (Wonglimpiyarat, 2025). In this chapter, we
have applied the Bass framework to data related to the SDGs for a large number
of countries. The S-curve generated by the BM seems well suited to deriving in-
sights into this process. Similarly to innovation diffusion, national efforts toward
SDG targets often begin slowly due to limited resources, institutional inertia, or
other structural barriers, but over time, as progress accelerates through increased
investment, policy implementation, and knowledge sharing, the rate of improvement
may rise sharply before eventually stabilizing as the full potential of the country is
approached.

2.2.3 The Adaptation of the Bass Diffusion Model

To carry out this analysis, we fitted the Bass curve (equation 2.1) to the time series
of the SDG results for each country. The dataset includes data on the aggregate
SDG Index Score as well as indicators for the 17 different goals. The database also
contains highly granular data with time series for single measures contained in each
goal, but no analysis has been carried out for these subgoals. The time span of
the dataset covers 22 years, from 2000 to 2021, with one data point for each year
corresponding to the level of fulfillment of the SDG on a scale ranging from O to
100. With respect to the SDG Index Score time series, we performed a curve fitting
of the S-curve produced by the BM using nonlinear least squares. In particular,
this means searching for the set of parameters (p, g, M) that produces the S-curve
that minimizes the squared difference between the curve itself and the data points
of the time series. It should be noted here that the canonical Bass has null initial
condition and grows to M. Hence, to apply the Bass framework in this case, we had
to shift the SDG Index Score properly and later readjust the fulfillment potential
level M. Depending on the case and on the quality of the fitting, some precautions
have been adopted to ensure the best fitting of the data points. First, a Monte Carlo
exploration of the space of the parameters was performed in case of an unsatisfactory
result of the fitting for stiffer cases. In some cases, the high fluctuations in the data
resulted in poor fitting of the curve. In these cases, a moving average smoothing
or an exponential smoothing was performed prior to the application of the least
squares algorithm, depending on which led to the best performance. For a minority
of countries, the best fitting curve seems to underestimate the actual curve, likely
due to idiosyncrasies in the trajectories of the Index Score. For these countries,
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we applied a case-specific fine-tuning of the parameters—a common practice when
fitting Bass curves to real data. For a small subset of countries, the time series
appears highly linear. In these cases, the least squares method over the full set of
parameters (p, g, M) led to a meaningless overestimation of parameter M, which far
exceeded the cap value of 100. For these countries, we forced the market potential to
100. Moreover, for some countries, the trajectory of the SDG Index Score does not
follow an S-shaped growth. For these nations, it is pointless to apply the described
method as one cannot retrieve useful insights from the Bass framework. For each
country, after having applied the corrections and assessed the best fit parameters, the
time of the peak in the performance and the expected saturation time were computed.
The former refers to the time—which can be either in the past or in the future—when
the maximum increase in the year-to-year score is detected. Since this refers to the
Bass S-curve rather than the real data, it is not influenced by random fluctuations in
the dataset. The latter refers to the time in which the country is expected to reach
a satisfactory proportion of its fulfillment potential. In this work, the satisfaction
threshold for computing the saturation time is 100%, but of course, this can be
modified to be less demanding. This method can be applied in the same way to
the time series for the single goals for the countries in the dataset. Due to these
case-by-case exceptions, though, doing so is time-consuming. As a preliminary
study, we report in the next section some results derived from the application of this
method only to the aggregated SDG Index Score. If needed, more granular analysis

can be performed.

2.3 Results

Using the SDG Index Scores as the target series, the Bass curve provides a compact
and informative description of national progress for the bulk of entities. Evaluated by
the RMSE normalized by each country’s observed range, fits are typically tight: many
countries land well below 0.10, with a large mass clustered between roughly 0.03
and 0.08. In practical terms, average errors are on the order of only a few percent of
each country’s total movement over 2000-2021. That is consistent with what the eye
sees in the plots, where the fitted S-curve tracks the slow-start/acceleration/saturation
pattern closely. A smaller group sits in the 0.10-0.15 band, where phase/timing

errors become visible but the macro shape is still captured. Only a minority (30
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out of 177 entities) exceed 0.15, and a very small set (13) crosses 0.20; these latter
cases are the ones where the S-curve is visibly deviating from the data, or where
the series exhibits shocks and stalls that a single-regime curve is not designed to
follow. Four countries (Azerbaijan, Cuba, Gabon and Luxembourg) exhibit invalid
Bass parameters and a concave improvement. Figure 2.1 shows the plot of the Bass
curve fitted to the SDG Index Score for four notable cases. In particular we show the
plots of China as the best fitting case (2.1a), USA as an example of fit with moving
average smoothing (2.1b), Japan as an example of fit with fulfillment potential M
fixed (2.1c), and Venezuela as an example of country that does not follow an S-curve
in its SDG Index Score progression (2.1d).
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Fig. 2.1 SDG Index Score progression and fitted Bass curve for four countries between years
2000 and 2021.

Aggregates behave as expected. Regional and income-group composites — for
example, Middle East & North Africa, OECD members, high-income countries
— display very low normalized errors, often around two to three percent of their
observed range. This is the signature of idiosyncrasy smoothing: aggregation mutes
local year-to-year noise and irregularities, revealing a clean S-shaped backbone that
the Bass curve can summarize with little ambiguity. Figure 2.2 shows the plots
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for these aggregates. By contrast, individual countries with volatile trajectories or
structural breaks (conflict, policy shocks, measurement changes) are over-represented
among the weakest fits; the very high RMSE values for some fragile states and crisis
economies reflect genuine departures from a single smooth diffusion path rather than
a mere estimation defect. Table 2.1 contains the estimated parameters and errors for
the plots shown in figures 2.1 and 2.2. The whole set of results is summarized in
appendix A.
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Fig. 2.2 SDG Index Score progression and fitted Bass curve for four aggregates between
years 2000 and 2021.

2.4 Discussion

Clustering by socioeconomic status and by geography yields complementary angles
on SDG diffusion. Socioeconomic tiers — high-, middle-, and low-income — sort
countries by the very capacities that condition diffusion: economic capacity, institu-
tional quality and complexity, and human capital. In those tiers we see predictable
differences in pace, consistent with work showing that innovation ecosystems and

SDG progress are mediated by wealth, education, and institutional robustness, which
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Entity p q M Peak Saturation RMSE
China 0.0025 0.3571 729148 2013 2033 0.0222
Japan 0.0067 0.0144 100.0000 2036 2121 0.0493
United States | 0.0056 0.4218 74.2381 2010 2024 0.0550
Venezuela 0.0001 0.5000 58.2483 2018 2000 0.7109
High-income | 0.0239 0.1799 77.7987 2009 2032 0.0229
Low-income | 0.0192 0.1589 52.0185 2011 2039 0.0246
ME. & N.A. | 0.0125 0.1879 67.8083 2013 2039 0.0204
OECD 0.0266 0.1693 77.7033 2009 2032 0.0215

Table 2.1 Estimated Bass parameters, relative peak and saturation years and RMSE for the
countries and aggregates in figures 2.1 and 2.2

in turn shape both “innovation” and “imitation” effects (Nylund et al., 2021). The
heterogeneity in Bass parameters across these groups is therefore not a curiosity
but an expected reflection of foundational constraints and advantages. Geographic
clustering, by contrast, picks up cohesion and spillovers: shared cultural, political,
and environmental contexts that ease knowledge transfer and normative convergence
(Owen and Vedanthachari, 2022). Yet large within-region spreads persist, underlining
that proximity does not dissolve structural barriers such as resource gaps, fragmented
and complex governance, and inequality still dominate outcomes (Grama-Vigouroux
et al., 2023). This echoes the literature’s warning that ecosystem collaboration often
runs into implementation frictions where capacities are uneven and institutions are
weak (Berry et al., 2024; Chaparro-Banegas et al., 2024). Regional cooperation
(SDG 17) can accelerate diffusion through partnerships and policy harmonization
(Owen and Vedanthachari, 2022), but the binding constraint remains socioeconomic.
These patterns align with our fit diagnostics. High-income countries and OECD
members, coincident as a socioeconomic cluster, show stronger Bass fits and higher
apparent saturation potential, consistent with advanced innovation ecosystems and
dense policy infrastructures (Husainy et al., 2024; Jiitting, 2022). Many low-income
countries remain in slower-diffusion clusters even when adjacent to better performers,
in line with documented digital divides and resource constraints that widen SDG
disparities (Chaparro-Banegas et al., 2024; Yuan et al., 2023). The upshot is not that
ecosystems are optional; rather, their effectiveness on climate/energy (SDGs 7, 13),
circularity (SDG 12), and inclusion (SDG 10) is conditional on overcoming those
structural barriers (Brds and Robaina, 2024; Song, 2025). Clustering patterns also

register the spatial unevenness of innovation benefits. Urban-centric hubs concen-
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trate capital, skills, and complementary assets, while rural and marginalized areas
are left with thinner infrastructures and weaker connectivity. These mechanisms
reproduce spatial inequality even as national averages improve (Yuan et al., 2023).
In low-income clusters, digital ecosystems can unintentionally deepen exclusion:
infrastructural deficits restrict access and slow the imitation channel that would
otherwise diffuse sustainable practices beyond early adopters (Chaparro-Banegas
et al., 2024). Misalignment between national innovation priorities and local SDG
needs compounds the problem: policy that privileges generic competitiveness over
context-critical goals such as water security or biodiversity can yield measurable
gaps in places where resources are scarce and trade-offs bite hardest (Albitar et al.,
2023).

These results echo the dual nature of innovation ecosystems emphasized in
recent work. On the one hand, ecosystems enable systemic collaboration (SDG
17), the scaling of green technologies (SDG 9), and adaptive resilience (SDG 3)
by coordinating multi-stakeholder efforts, mobilizing digital tools, and aligning
incentives. On the other hand, they can amplify disparities (SDG 10) and generate
environmental or social trade-offs (SDGs 7, 15), particularly where capabilities
and safety nets are thin. A salient illustration is the negative correlation reported
between some green innovation waves in G7 economies and poverty alleviation,
as high capital costs crowd out social investment — an aggregate pattern consistent
with the heterogeneity we observe in diffusion clusters (Islam, 2025). In sum, the
clustering evidence points to an interaction rather than a hierarchy: socioeconomic
capacity sets the feasible envelope for diffusion; geography and regional cooperation
shape spillovers within that envelope; and governance choices determine whether
ecosystems translate capability into equitable SDG progress (United Nations, 2015).
Effective policy therefore has to move on both margins: reinforce foundational
capacities (infrastructure, inclusion, local problem-fit) while orchestrating regional
mechanisms that lower coordination costs and propagate workable solutions across
borders.

2.5 Conclusions

This chapter demonstrates that the Bass diffusion model can be effectively adapted

to analyze national progress toward Sustainable Development Goals, capturing
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the characteristic S-shaped adoption curves of SDG achievement across diverse
countries. The model’s parameters reveal significant heterogeneity influenced by so-
cioeconomic and geographic factors, reflecting the complex dynamics of innovation
ecosystems. While high-income countries tend to approach saturation earlier, lower-
income nations face structural constraints limiting their SDG fulfillment potential.
These findings highlight the importance of innovation ecosystems and governance in
accelerating sustainable development. Overall, the Bass model provides a valuable
quantitative framework for forecasting SDG saturation timing and informing policy

interventions.

The application of the Bass diffusion model in this study extends its traditional
use from product and technology adoption to the complex domain of achieving SDGs
at the national level. The model’s foundational premise—that adoption dynamics
arise from two complementary mechanisms, namely innovation-driven external
influences and imitation-driven internal social interactions—offers a parsimonious
yet powerful lens through which to understand the nonlinear progression of SDG
fulfillment. By reinterpreting the market potential parameter as the SDG saturation
potential, this adaptation accounts for structural constraints and capacities that
are unique to each country, such as economic resources, institutional quality, and
geopolitical stability. Theoretically, this reformulation bridges innovation diffusion
theory with complexity science by acknowledging that SDG progress emerges from
the interplay of multiple heterogeneous agents within national innovation ecosystems.
These ecosystems are characterized by adaptive, nonlinear feedback loops among
governments, firms, and civil society actors, which influence the acceleration and
eventual saturation of sustainable development efforts. The Bass model’s S-shaped
curve effectively captures the transition from initial slow progress — often hindered
by institutional inertia and resource limitations — to rapid acceleration driven by
policy coherence, knowledge spillovers, and normative convergence, culminating in

a plateau as countries near their fulfillment ceilings.

Moreover, the model’s parameters provide insight into the relative strength of
external policy drivers versus internal social dynamics across different socioeco-
nomic and geographic clusters, highlighting the importance of context-dependent
governance frameworks. This aligns with the emphasis of complexity theory on
emergent behaviors arising from microlevel interactions within complex adaptive
systems. While the BM simplifies some aspects of these interactions by aggregating

adopters, its successful application here suggests that even relatively simple diffusion
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models can yield meaningful insights into complex socioinstitutional transformations
when carefully adapted. Theoretically, this study invites further integration of the
Bass framework with network-based and agent-based models that explicitly cap-
ture heterogeneity and multilevel interactions, enhancing the understanding of how
innovation ecosystems evolve and influence SDG trajectories. It also underscores
the need to consider dynamic saturation potentials and threshold effects to better
reflect the evolving capacities and constraints within innovation ecosystems. In sum,
this work contributes to the theoretical literature by demonstrating the Bass model’s
flexibility and relevance for modeling complex, multi-actor sustainability transitions

in national contexts.

From a practical standpoint, the adapted Bass diffusion model offers policy-
makers, innovation managers, and development practitioners a quantitative tool
for forecasting the timing and extent of national SDG achievement, enabling more
informed strategic planning. By estimating the innovation and imitation parame-
ters, decision-makers can discern the relative impact of external policy initiatives
versus internal social dynamics, guiding the allocation of resources and the design
of interventions to accelerate sustainable development. For instance, a higher inno-
vation parameter suggests that strengthening external drivers — such as regulatory
frameworks, subsidies for green technologies, and international cooperation — can
effectively stimulate early SDG adoption. Conversely, a higher imitation parameter
highlights the critical role of endogenous factors like peer learning, knowledge
spillovers, and regional cooperation networks, suggesting that fostering collaborative
governance and multi-stakeholder partnerships can increase progress. Understand-
ing these dynamics allows governments to tailor policies to their specific contexts,
focusing on either enhancing policy incentives or facilitating social diffusion mech-
anisms. The ability of the model to predict saturation times also assists in setting
realistic targets and monitoring progress, as it helps to identify countries or regions
at risk of stagnation due to structural barriers or governance challenges. This insight
supports the prioritization of capacity-building efforts, institutional reforms, and
investment in innovation ecosystems where they are most needed. Furthermore,
recognizing the heterogeneity of diffusion patterns across socioeconomic clusters
enables international organizations and donors to customize support strategies, ad-
dressing disparities between high-income and low-income countries. In addition,
the Bass model’s framework can inform private sector actors and innovation hubs

by signaling market readiness and potential demand for sustainable technologies,
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thereby optimizing investment decisions and scaling strategies. It also aids in antici-
pating the impact of disruptive events or policy shocks on SDG trajectories, enabling
the use of adaptive management in complex and uncertain environments. Overall,
this practical application of the Bass diffusion model equips stakeholders with a
robust, data-driven approach to enhance coordination, improve policy coherence,
and accelerate the diffusion of sustainability innovations within national innovation

ecosystems, ultimately advancing the global 2030 Agenda.

2.5.1 Limitations and Future Research Directions

Despite its valuable insights, this study acknowledges several limitations inherent in
applying the Bass diffusion model to complex socioinstitutional phenomena like SDG
achievement. The model’s assumption of homogeneous adopter populations and
constant parameters over time simplifies the diverse and evolving nature of national
innovation ecosystems. Some countries exhibited poor model fit or anomalous
parameter estimates, reflecting sociopolitical instability or data quality issues that

the model cannot fully capture.

Future research should explore methodological enhancements by integrating
the Bass framework with agent-based and network diffusion models to explicitly
represent heterogeneous actors, multilevel governance structures, and dynamic feed-
back loops. Incorporating time-varying parameters would enable the model to better
reflect changing policy environments, shocks, and adaptive behaviors. Additionally,
leveraging richer, higher-frequency data sources, such as real-time policy implemen-
tation metrics or social network analyses, could improve parameter estimation and
model validation. Further empirical studies could extend the analysis to subnational
levels or specific SDGs to uncover more granular diffusion patterns and contextual
factors. Investigating the interplay between innovation ecosystems and negative
externalities, such as inequality or environmental trade-offs, would also deepen
understanding of the “dark side” of innovation. Future research efforts should also be
devoted to coordination-level efforts in platform ecosystems and innovation ecosys-
tems in general, with a view to grand challenge resolution. Finally, interdisciplinary
approaches combining complexity science, behavioral economics, and sustainability
transitions theory hold promise for refining theoretical frameworks and developing
more comprehensive models to guide policy and practice in achieving sustainable

development.



Chapter 3

The statistical mechanics of
innovation diffusion

Chapter 2 looked at the observable outcome of a complex system — the SDG Index
as produced by national innovation ecosystems — through a wide-angle lens. Using a
compact S-curve model, it summarized country trajectories and offered comparable
diagnostics across contexts. That choice was deliberate — such curves travel well —
but it left the underlying machinery implicit. Here, we return to the original landscape
of the diffusion of an innovation and we open the black box. We start from simple
behavioral rules for many interacting, boundedly rational agents and show how their
local updates aggregate into a tractable adoption equation. In doing so, the levers
that matter for diffusion remain explicit rather than folded into a pair of parameters,
and the familiar S-shape becomes an emergent outcome rather than a premise. The
discussion in this chapter follows the paper from Masali et al. (2025).

This shift from description to mechanism is also a shift in what we can learn.
A micro-founded law allows disciplined estimation and uncertainty assessment,
and it clarifies which forces — information, experience, heterogeneity — are needed
to reproduce observed paths. It also sets up the next step in the thesis: chapter
4 will build on the model introduced here adding expectations and technological

performance to explain rise—peak—trough dynamics.
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3.1 General Context

In the operations research literature, to which this chapter primarily refers, the Bass
model (Bass, 1969) remains the most widely adopted framework for modeling new
product diffusion. It counts hundreds of successful applications ranging from satellite
TV to smartphones (Bass, 2004), from medical technologies (Simon and Sebastian,
1987) to commerce platforms (L1 et al., 2020). As explained in section 2.2.2, the
Bass model divides buyers into two categories: innovators and imitators. Innovators
purchase the product independently of others, typically driven by intrinsic interest or
exposure to advertising. These people are pivotal in the early stages of the diffusion
process, since their purchase does not depend on previous sales of the product.
Imitators buy the product under social pressure—whether framed as word-of-mouth,
contagion, or internal influence. This pressure grows with the number of buyers,
becoming more and more dominant as time goes by. Being the population limited,

the process then slows down when approaching the saturation point.

The BM is an aggregate model: it starts from the observed macro-pattern (typi-
cally an S-shaped adoption curve) and models the phenomenon accordingly. Aggre-
gate models are favored by managers and decision-makers for their simplicity and
interpretability. They provide a compact, analytical summary of sales dynamics and
can be estimated from readily available aggregate data. However, they rely on strong
assumptions on the underlying behavioral processes, and they are less equipped to
capture heterogeneity or psychological nuance at the individual level. Despite the
descriptive power of the BM and its many variants, it remains an aggregate-level
approach, often disconnected from individual-level behaviors. Our work in this
chapter aims to fill this gap by deriving an aggregate adoption curve from micro-level

rules, grounded in agent interaction dynamics.

Agent-based models are based on a bottom-up approach that can overcome
some of the aforementioned shortcomings. In AB modeling, no assumptions are
made on the whole system: individual-level rules are set for the agents and the
population-level behavior emerges from the interactions of those agents. This makes
it possible to model differences in behavior, preferences, and psychological traits.
However, most ABMs in the literature are simulation-based, which limits their
analytical tractability. They typically simulate a population of agents over time and
track adoption at each step, which can require significant computational resources.

Moreover, calibration can be difficult because the available data is often aggregate,
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while the model parameters operate at the micro-level. In this chapter, we propose an
agent-based new-product diffusion model that combines the flexibility of agent-based
models with the analytical clarity of aggregate models. Our approach is based on a
version of the Boltzmann equation, originally developed in kinetic gas theory, but
adapted to describe social interactions. The idea is to draw a parallelism between the
molecules interacting in a gas and the people interacting in society, in order to be able
to use the same mathematical formalism. When molecules collide, they exchange
kinetic energy following the laws of mechanics and this modifies their position and
velocity, i.e. their microscopic state. In this model, we set the microscopic state of
our agents to be the perceived value of the new product. When people interact with
each other (or with the advertisement campaign), they exchange information and
change their perceived value. We will assume people follow a compromise dynamics:
when they interact, they move partially toward each other’s beliefs.

This modeling approach offers several advantages:

* It adopts a bottom-up perspective, linking aggregate outcomes to micro-level
behavioral rules.

* It performs competitively against state-of-the-art extensions of the Bass model

(Cosguner and Seetharaman, 2022).

* Its parameters are directly interpretable in terms of marketing levers (e.g.,

price, advertising intensity), making it useful for managerial decision-making.

* [t provides a flexible framework: by adjusting the agent-level rules, one can
model repeat purchases, abandonment, segmentation, and more—without

needing to assume a specific functional form for the aggregate adoption curve.

The chapter is organized as follows. In the next section, we review the literature
on on Bass-type aggregate models, agent-based models, and the use of kinetic
theory in social systems. Section 3.3 describes the Boltzmann equation and the
kinetic framework that are the foundations of the model. Later, section 3.4 presents
the kinetic diffusion model and section 3.5 evaluates its performance. Section 3.6

concludes the chapter.



3.2 Related Literature 27

3.2 Related Literature

This section provides a focused review of the innovation diffusion literature in
operations research. For a broader overview in sociology and economics, see Rogers
(2003). The success and wide range of applications of the BM are clear if we look
at the number of extensions developed to address a range of challenges marketers
face when launching new products. These include, but are not limited to, product
substitution, pricing, and advertisement calibration. For a complete review of the

literature on new-product diffusion models up to 2010 see Peres et al. (2010).

The first adaptation of the BM to product substitution appeared in Norton and
Bass (1987) and was later refined in several improved versions (Jiang and Jain, 2012;
Singh et al., 2012). The problem of dynamic pricing for new products has been
studied both within and outside the BM framework — see, for instance, Bass and
Bultez (1982), Kalish and Lilien (1983), Dockner and Jgrgensen (1988). Because
the original BM lacks explicit marketing levers, it was extended by Bass et al.
(1994) into the Generalized Bass Model (GBM), which incorporates price and
advertising as part of the marketing mix. Since then, many versions of the GBM
have appeared to address the various decision-making needs, particularly around
pricing and advertising. Important contributions in this area include Robinson and
Lakhani (1975), Krishnan et al. (1999) and Krishnan and Jain (2006). Other aspects
of the diffusion process that have been studied inside the BM framework are its
dependence on opinion distribution in a population (Fan et al., 2017; Han et al., 2022)
and supply restrictions (Ho et al., 2002; Kumar and Swaminathan, 2003; Shen et al.,
2011). For the sake of completeness let us stress that both these topics have been
extensively studied outside the BM framework as well, see as examples Assenova
(2018) and Iyengar et al. (2011) for opinion-based models and Keith et al. (2017) for
supply constraints. Some authors have criticized the GBM as a prescriptive model for
marketing strategy (Bass et al., 2000; Fruchter and Van den Bulte, 2011). The recent
work by Cosguner and Seetharaman (2022) overcomes some of these limitations

using a utility-based approach.

Because the BM is an aggregate model, it requires strong assumptions about
system behavior. This has motivated efforts to disaggregate the diffusion process,
by modeling individual-level adoption and deriving the resulting aggregate patterns.
These efforts went through different paths: Sinha and Chandrashekaran (1992) used
hazard models to incorporate different timing in adoption for different buyers; a
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spatial dimension is taken into account in the works by Bronnenberg and Mela (2004)
and Bell and Song (2007) while the work by Li et al. (2014) is based on network
theory. Our approach falls under the broader class of agent-based models, which
trace back to Goldenberg et al. (2000). Aggregate models and ABMs represent
two opposite approaches to the same problem and can be used in parallel to satisfy
different needs (Rahmandad and Sterman, 2008). The vast majority of ABMs for
new-product diffusion are simulation-based, built to explore the diffusion of specific
products or behaviors in particular market contexts. Notable applications include
Palmer et al. (2015) on private photovoltaic in Italy; Stummer et al. (2015) on
repeat purchase modeling; Bastani et al. (2016) on energy-savings behaviors, Zhang
et al. (2022) on photovoltaic adoption in Singapore; Rotaris and Scorrano (2023)
on car-sharing diffusion in an Italian region. Important exceptions to simulations
in agent-based modeling exist. Fibich and Gibori (2010), for example, aggregate
agent dynamics on a network to derive analytical expressions for product diffusion.
Another promising direction is the mean-field game (MFG) approach,which leverages
game theory to model strategic multi-agent behavior. In this stream of literature,
Chenavaz et al. (2021) study price optimization in a multi-firm new-product diffusion
process; while Chaab et al. (2022) imagine a Stackelberg game between a firm and
a large number of strategic consumers and draw the diffusion dynamics from the

mean-field approximated Nash equilibrium.

In this chapter, we adopt an alternative kinetic approach grounded in the mathe-
matical formalism of statistical mechanics. Inspired by the kinetic theory of gases,
this approach models the population as a system of interacting agents whose beliefs
and behaviors evolve over time—analogous to molecules exchanging energy upon
collision. By treating interactions as belief-updating events, we derive closed-form
differential equations for aggregate quantities from individual-level rules. For a
comprehensive introduction to this methodology, see Pareschi and Toscani (2013).
In recent years, the kinetic framework has been successfully employed to describe a
wide variety of social and biological phenomena. Of particular interest for this case
are the applications regarding opinion formation (Diiring and Wright, 2022; Toscani,
2006) and epidemiology (Della Marca et al., 2021; Loy and Tosin, 2021).
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3.3 Kinetic Framework

In this section, we reinterpret the classical mathematical framework of the Boltzmann
equation from the perspective of operations research and economics. Our goal is
to model how individual beliefs about the value of a new product evolve due to
interaction and information flow. Inspired by kinetic theory, which studies how
microscopic interactions in gases lead to macroscopic behaviors, we borrow the
structure of those models and apply it to agent-based settings where individuals
update their beliefs through social and media interactions.

Rather than modeling particles in a gas, we view our agents as consumers or
market participants who revise their evaluation of a product over time. This revision
is influenced by peer interactions (e.g., word-of-mouth), background signals (e.g.,
advertising), and stochastic fluctuations that represent individual differences or
unmodeled factors.

3.3.1 The Boltzmann equation

Let f(z,v) > 0 denote the distribution of agents over perceived product values v at
time ¢. The function f can be interpreted as a probability density over a continuum of
belief states in the market, in the sense that the quantity f(z,v) indicates the number
of agents with perceived value v € [v,v + dv] at time . Its evolution is modeled
through an interaction-based dynamic equation inspired by models of collective
behavior, namely the Boltzmann equation (Boltzmann, 1872), which, in this context,
captures the effect of interactions on agents’ beliefs:

af(t,v)

S — wo (. (). (3.1)

Where Q(f, f)(t,v) represents the effect of pairwise interactions on the belief distri-
bution, and u is the frequency of the interactions. The evolution of f is driven by

two components:

* Peer influence: when two agents interact, they influence each other’s perception

of the product.

» External signals: agents may also adjust their perception based on external

campaigns or real-world experience.
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An important feature of the interaction mechanism is that it preserves the total

number of agents. This implies:

/VQ(f,f)(t,v)dv:o Vt. (3.2)

This property allows us to give the density f(¢,v) a probabilistic sense. If we start
with a density f(0,v) such that [, f(0,v)dv = 1, we will be sure that this will
continue to be true for all subsequent times. Hence

/f(t,v)dv:l vt > 0. (3.3)
Vv

Using this, we can compute expectations of relevant market quantities. Let ¢(v)
denote any measurable characteristic of an agent as a function of their valuation.

Then the average value of ¢(v) at time ¢ is given by:

(o)) = [ oWfev)a, (34

where we omit the dependency on time ¢ to lighten the notation. Two specific

statistics will be central in our analysis:

* p(t) = [ f(t,v)dv: the total number of agents in the population,

e m(t) = [v- f(t,v)dv: the average perceived value of the product across the

population.

Note that it is not trivial to compute the number of agents because we will employ a
label switch mechanism: while the whole population remains constant, the population
associated with the different labels will change. For a comprehensive discussion on
the Boltzmann equation see Cercignani (1988).

3.3.2 Binary interactions

The interactions correspond to every moment in which value v may change due to
external inputs, namely word-of-mouth, advertising or actual usage. We assume that
when two agents interact, their perceived values shift toward a compromise. This

mechanism reflects bounded rationality: agents cannot compute optimal decisions in
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isolation, so they rely on peer comparisons. Mathematically, if v and v, represent the

pre-interaction valuations, the post-interaction value is:

vl = I(v,vy)
VPOt = I(v,,v), (3.5)

where I(-,-) is the interaction function encoding how beliefs are exchanged or
adjusted during interaction. It will be symmetric and stochastic. To capture the
dynamics of this belief-updating process at the population level, we consider the
effect of a small time interval Az, during which interactions may or may not occur. We
assume that a binary interaction takes place with probability ttAt, where Ll represents
the interaction rate between the agents. This is modeled using a Bernoulli random
variable, independent of the specific content of the interaction. Under this setup, an

agent’s valuation is updated with probability ptAr and left unchanged otherwise:
Vi=1(v,vs) - At +v- (1 — uAte), (3.6)

and hence
(@(v)) = (@(I(v,v4))) - pAL + (@(v)) (1 — uAr). (3.7)

Re-organizing the members and computing the limit for small time intervals it is

easy to prove the following equality (Pareschi and Toscani, 2013):

Z(eM) = n({e()) = (9(v)). (3.8)

If we explicit the average through equation (3.4) we obtain

d

[ owirenar=n([[  (o6)-0w)rnrer i) 39

where we have assumed statistical independence between the interacting agents—i.e.,
the joint distribution f)(¢,v,v,) factorizes as f(¢,v)f(t,vs).

To reflect heterogeneity in information processing and judgment, we introduce a
stochastic noise term into the interaction function /(-,-). This captures private signals,
unobservable traits, and random deviations from strict imitation or compromise. With
a change in the notation, (-) indicates now the expected value over the stochastic
interaction function.

This represents the weak form of the Boltzmann equation. The meaning of this
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formula is that the variation in time of the average of an observable quantity in an

interacting system is equal to the mean variation of that quantity in the interactions.

Interaction with a background

Agents are not influenced only by peers, they are also exposed to marketing signals.
We model this using a background distribution G(v), representing the message
conveyed by an advertising campaign. The strength and content of the campaign are

encoded by the weight and position of peaks in G(v).
n
G(v) =Y wib(v—vi), (3.10)
i=0

where w; (such that Y yw; = 1) are the weights of information and J(-) is the
Dirac delta function (Hassani and Hassani, 2009). This background influence can be
incorporated in the same interaction formalism, treating it as a one-sided interaction

with a fixed signal:

& Lotisena=u( [ (o0)-o0)fanGodudv). Gy

Although G(v) is assumed to be fixed, it can be generalized to a time-dependent

function to reflect dynamic advertising strategies.

3.3.3 Label switch process

To model the decision to adopt or not adopt the innovation, we divide the population
into two groups: users and non-users. Agents transition from non-user to user status
when their perceived value exceeds the product price. This is formalized through
a Markovian label-switching process similar to Loy and Tosin (2020), where the
transition probability depends on individual valuation. We equip each agent with a
label i € .# = 1,2 and define a transition event as an event where a purchase may
occur. This will happen according to frequency A. If such an event occurs, the

transition probability from one label to the other will be:

T (v;i

) €l0,1] eV, je /. (3.12)
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We have defined a Markov process where the transition probability is belief-dependent.To
ensure the process is well-defined and the total population remains constant, we
require:
Y T(vii]j)=1 We Vyye.s. (3.13)
1

If we plug this into the kinetic framework for a distribution f(z,i,v) of agents with
label i, we obtain:

n ) d n

Y o) gp i) =2 L Y0 T (L) f(0), (3.14)
i=1 i=1j=1

where the subscript indicates the distribution restricted to some label. If we choose

o(i)=1forie . and ¢(j) =0 Vj € .# i we are counting agents that belong to

group i. Thus, we can compute the evolution of density for group i as

—f, = (ZT ilj)fi() f,-(t)) i=1,..,n. (3.15)

We now combine this label-switching mechanism with the belief-updating inter-
actions described earlier, leading to a joint evolution of agents’ beliefs and their
adoption status. Let us take distribution function f;(z,v), we will have, from mass

conservation:

Zn:/vfi(t,v)dv:l Vi > 0. (3.16)
i=1

The addends of the sum are the masses of the agents with label i:

) :/Vfi(t,v)dv. (3.17)

If we consider the label switch process and the interaction process (both with other
agents and with the background) happening in parallel with frequencies A and u,
respectively, and with a time interval Az small enough to neglect the second order

contributions we will obtain a non-conservative weak Boltzmann equation for a
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single group i of the form:

%/Vgo(v)fi(t,v)dv:l/v(p (i“]T Nfitv)— fi(t,v))dv

]J=

+HZ/// WD) fi(t. )5t v:)G()dvdv,dd  (3.18)

In this case, the interaction rule is the same for every agent, regardless the group it
belongs to. From here, it is easy to describe a situation where the interaction rule
depends on the label of the interacting agents by differentiating the cases in the
second sum.

Of course, the mass conservation property holds only for the whole system and not
for each group. If we take ¢@(v) = 1 in (3.18) we can compute the evolution of the

mass of agents with label i as

d - [
PO =AY [T =2pi0), (3.19)

This approach connects the micro-level belief dynamics to the macro-level adoption
curve: as more agents update their beliefs and find the product worthwhile, the
adoption rate increases.

3.3.4 Time-scale separation

The description of the evolution of a system by means of the Boltzmann equation
is tied to the microscopic quantities that form this equation. On the one hand, this
means that it may not be best suited to understand the long-term behavior of the
analyzed system. On the other hand, if two events occur on very different time
scales, separated dynamics may better capture the phenomenon’s essence. In this
model, agents revise their beliefs about the product’s value relatively frequently,
whereas actual adoption decisions — once beliefs cross a threshold — occur less often.
Capturing this time-scale separation is essential for modeling innovation diffusion in

a realistic and tractable way.

We address this by distinguishing between two types of dynamics:
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* Belief dynamics: how agents update their perceived value of the product

through interaction and information flow.

* Adoption dynamics: how agents decide to switch from non-user to user status

once their belief crosses a threshold.

Formally, let us consider a system where two types of interactions occur: frequent
updates to valuation (e.g., social influence, advertising), and infrequent decisions to
adopt. Each of these processes contributes differently to the overall evolution of the
system. Let f(z,v) be the distribution of agents over valuations at time 7. The full
model includes two terms: one governing fast (frequent) interactions and another

governing slow (infrequent) transitions:

“F7) = 20U £)(1.3) + BP(. ) 1), (320

where Q(f, f) describes belief updates, P(f, f) describes label transitions such as
adoption and A ~ 1 and u ~ 8!, § — 0 are the respective frequencies, representing
time-scale separation. Furthermore, let us define a new time scale 7 := 8~ !¢ and refer
to it as the fast time. The slow time will be . We can now re-scale the distribution

function as

f(z,v) = f(t,v). (3.21)

Using this definition, we can split the equation (3.20) in the two scales, given that
the contribution of P(f, f) is of the same order as delta, as

fo(T,V) :P(f,f)(T,V)
D f(t,v)=0Q(f, /)(t.v) . (3.22)

The interpretation of this is the following. The system evolves by the action of the
fast process P(f, f) on the fast time T toward its possible equilibrium configuration,
undisturbed by the slow process Q(f, f). On the slow time scale 7 this configuration

evolves by action of the slow process.

3.3.5 Quasi-invariant limit

It is difficult to use the Boltzmann equation to analytically evaluate the equilibrium

distribution of an observable. The quasi-invariant interactions limit allows us to do
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so. If we assume that each binary interaction produces a small shift in the value of
the perceived value v and we re-scale the time in such a way that one unit contains
many of those interactions, we can study how the system behaves asymptotically.

Mathematically, we re-write the binary interaction as
Vi=v+el(v,vi) +1, (3.23)

with 1 random variable of null mean and variance ¢ and we assume &, 62 —
0". We then define a new time scale 7T := & and a re-scaled distribution function
g(7,v) := f(%,v). Boltzmann equation now reads:

;_f/VWV)g(T’V)dV: é<//VXv(<P(V’)—<P(V))g(T,V)-g(f,v*)dvdv*>. (3.24)

Quantity o7 is related to the contribution to the shift in the microscopic value of the
stochastic fluctuations due to self-reasoning, personal preferences of the agents and
other unaddressed influences. Quantity € is related to the contribution to the shift in
the microscopic value of the interactions with the outside world. Let us call the limit
value %2 —y>0as €, 62— 07. If we take the series expansion and we perform
the limit for €, 6> — 0 it is possible to write the so-called Fokker-Planck equation
(Risken, 1996):

drg(T,v) = —0, (g(r,v) /vl(v, v*)g(T,v*)dV*> + %/avzg(r,v). (3.25)

We will use this equation to investigate the asymptotic behavior of the distribution of

the perceived value of the new product in the population.

3.4 Multi-agent Bass model

Let us assume the market consists of N agents. Each agent is either a non-user or
a user. We encode this status with a label i € {1,2} where i = 1 corresponds to
non-user and i = 2 to user. Every agent is also equipped with a microscopic state
v eV C R, that represents its perceived value of the product. We employ the weak
Boltzmann equation (3.18) for the label-restricted distribution function f;(z,v) to
study the evolution of the mass and mean perceived value in the population. We
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report the equation here for clarity:

%/st(vm(m)d”)“/v(” (Z

+u121/// ()it 0)f5(1,v:) Gi(P)dvdvsd . (3.26)

NFitv) = ﬁ(t,v))dv

The first term in the right-hand side of the equation accounts for the changes in
evaluation in group i due to purchases; the second term accounts for changes in
the evaluation due to interactions between agents, i.e. word-of-mouth, or with a
background G;(V), i.e. advertisement for non-users and actual usage of the product
for users. Let us first focus on the evolution of group sizes. From equation (3.19) we
have:

—p, AZ/ (t,v;i]j) fi(t,v)dv—Api(t) i=1,2. (3.27)

In this dissertation, we do not allow agents to abandon the innovation. The transition

probability matrix thus becomes:

T(v;

y=1—-H(v—P) T(v;2|]1)=H(v—P)

T(v; 1|2) =0 T(V;2|2) —1 (3.28)

Where P is the product price and H(-) is the Heaviside step function (Weisstein,
2002). The presence of the step function as a transition probability means that
the agents behave as rational entities and as soon as their perceived value matches
the real price of the product and a transition event occurs, they become user. The
evolution of the mass in the two groups is therefore:

d T d

sz() A . f1<t,v)dV=—Ep1(t). (3.29)

This functional form of the differential equation governing the diffusion is different
from those appearing in Young (2009), where contagion, social influence and social
learning are considered. Given the presence of the integral over the perceived values,
we can think of this model as an opinion-dynamics based model for innovation

diffusion.

Next, we specify the interaction rules used in the second term of the right-hand
side of equation (3.26). These rules differ for users and non-users:
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* Non-users update their valuation based on word-of-mouth and external infor-

mation (e.g., advertising):
Vij=v—ai(v—v.) —b(v—7)+vn. (3.30)

a; captures the strength of peer influence (word-of-mouth), and b captures the
effect of external signals (advertising). Parameters a; and b can be stochastic
but the mean-field approach of equation (3.9) will average out any distri-
butional effect. The structure of the interaction allows for different word-
of-mouth parameters depending on the group of the interacting agent. This
models, for instance, the situation where agents value more the opinion of a
direct user rather than the opinion of a non-user. The stochastic term 7 is a
random variable with (n) = 0 and variance ¢?. It accounts for unobserved
mechanisms that influence the perceived value, such as personal preferences,
internal reasoning or external events. Here, v, represents the perceived value

of the interacting agent and ¥ the advertisement and is sampled from G (7).

» Users revise their valuation based solely on usage experience and product
quality:
vy =v—c(v—">)+vE. (3.31)

c is the experience-driven adjustment parameter, and & is the stochastic term
(random variable with (&) = 0 and variance 6%). Here, ¥ represents the actual

value of the product and is sampled from G, (7).

The background G (V) in this model reflects both the content of the advertising
campaign and individual skepticism about it. For simplicity, we model it as a

distribution with two point masses:

G1(5) = (1—w)8(v) + wd(v—P), (3.32)

where &(-) is the Dirac delta function, P is the product price,, and w € [0, 1]
represents the effectiveness or credibility of the campaign. Conversely, background

G, () represents the actual value of the technology. We assume:

Gy (9) = 8(v—rP), (3.33)



3.4 Multi-agent Bass model 39

where r > 0 is a coefficient capturing the perceived quality or real value of the
product relative to price. We need to ensure that the interactions do not bring the

perceived value outside its domain, i.e. v} > 0,i = 1, 2. This holds for

n>a+b—1 (3.34)
E>c—1. (3.35)

In this chapter, we focus on regimes where a;, b, ¢ and o2 are sufficiently small
to guarantee non-negativity. While this interaction rule may appear mechanical, it
captures a compromise-based updating process similar to bounded rationality models
in behavioral economics. Each agent updates its valuation by averaging with others,
reflecting limited cognitive processing and social influence.

Let us focus on the non-users and assume that decision-making occurs on a
slower timescale than information acquisition. Hence, agents make up their minds
before buying the product and impulse purchase is ruled out. This time lag is realistic
and reflects the cognitive and logistical delays between forming an opinion and acting
on it. Under this assumption, we can employ the hydrodynamic limit described in
subsection 3.3.4 and divide into two temporal scales the label switch process and
the interaction process. If we take A = 1 and u = 81,8 — 0, the weak form of the
split Boltzmann equation (3.22) for the first group reads:

= [ owitean = by J[ 0010 = 0 E 0w )G G)dvav.ai
(3.36)

%/V(P(V)ﬁ(t,v)dv: —/V(p(v)H(v—P)fl(t,v)dv (3.37)

In the same way, we can write them for group 2. The interpretation is as follows:
the distribution f;(7,v) will quickly evolve and reach equilibrium following the
interaction dynamics. Once this equilibrium is reached, the slow adoption process

updates the group composition, prompting a new belief adjustment cycle, and so on.
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The evolution of mass and mean perceived value on the fast scale will read:

d d

Epl(f) = Epz(f) =0 (3.38)
d
Eml(f) = —agpz(ml — mz) — b(m1 — WP) (3.39)
d
EmZ(T) = —c(mp —rP). (3.40)

Let us note here that the dynamics of the mean perceived value for the non-users m
does not depend on the intra-group word-of-mouth parameter a;. On the slow scale
t, the evolution of the mass for the two groups is the same as in (3.29):

d )= " t,v)dv = d ! 341
e = [ flivdy=—Tpi0). (341)

where the distribution f(¢,v) is the equilibrium distribution reached by the fast
process.

In order to evaluate the equilibrium distribution fi(¢,v) we employ the Fokker-Planck
equation introduced in subsection 3.3.5. The quasi-invariant limit is satisfied for
a;,b and 6> — 07. We set y = %2 and o; = 9. The interpretation of this is that y
represents the ratio between the importance of the self-reasoning process and the
interactions and o the ratio between the word-of-mouth effect and the advertisement
effect. In this case, Fokker-Planck equation (3.25) reads:

9efi(T.) = =, [ﬁ(m)( T[] lostve =) 6=

FiT,v.)G(9)dv.dv) +%’83(v2- 7). (3.42)

We are looking for stationary solutions. Hence, we impose the time derivative to 0
and integrate:

0=0, [—ffo(v) . (a1p1m1 + 0 pomy+wP — (1+a1p1 +a2p2)v)+%/8v(v2-ff°(v))] .

(3.43)
This holds if the left-hand side of the equation under the derivative is constant. Let

us assume it to be null to allow f;°(v) = 0 to be a solution. We obtain, as a stationary
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solution on the fast time scale:

2 a1p1m1+OQp2mz+wP
(>} C e ’y v
V)= .
fl ( ) 2+2(1+a1p1+002p2)
v Y

(3.44)

Where C = Kp; is the normalizing constant over p;. If, on the fast time, we solve

equation (3.39) we obtain that the mean perceived value for group 1 is:

arprrP + bwP

3.45
ap2+b (5.43)

mi(7) = Cy- e~ (@2P2tb) 4.

aprr+bw

wpy+h P as T goesto infinity. Similarly,

This means that the value of m; will go to
my will go to rP.

Equation (3.44) is now fully defined: the steady state is reached with respect to the
fast time 7 and thus the curve is parameterized by macroscopic quantities py (¢), p2(t)
and m;(t), that evolve on the slow time ¢. Quantity m; is expressed as a function of
p2 and my. Quantity my goes to rP. In conclusion and by re-integrating the market

size N, we can write the equation for the slow time as:

d +oo e—%€ [06101 aﬁsf,;f;’,w-i-azpzﬁvv]
Epz(t) = N(l — pz)K/P 2+2(1+(x1p1+(x2p2) dv. (346)
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Fig. 3.1 Example of perceived value distribution in the population.

The expression under the integral sign represents the equilibrium profile of the
statistical distribution of the perceived value in the population. Figure 3.1 shows an
example of this distribution. This profile exhibits a fat tail for high values of v.

For clarity, let us recap here the quantities forming this equation:
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N is the size of the market.

* yis linked to the variance of the distribution of perceived value among the

non-users. It is a measure of the divisiveness of the product.

* P is the price of the product. It can vary over time to model different pricing

strategies of the product.

* a, is the word-of-mouth parameter between groups. It affects how much each
interaction with a user agent has the power to change the perceived value of
non-users.

* b is the advertisement parameter. It affects how much each interaction with
the advertisement campaign has the power to change the perceived value of

agents.
* ris the real value of the product, as the mean value perceived by the users.

* w is the strength of the advertisement campaign. By spending more money or
better designing the campaign, managers can modify this number over time.
However, it is outside the scope of this dissertation to design a ready-to-use

mapping tool to convert actual advertising effort into parameter w.

* o is the ratio %, with i = 1,2.

Equation (3.46) describes the evolution of the non-users population in time. It
states that the number of agents that become user in a given instant is equal to the
number of agents whose perceived value in equilibrium is higher than the sale price
of the product in that instant.

The kinetic approach proposed in this chapter shares some structural similarities
with the mean-field game model introduced by Chaab et al. (2022), but also presents
important conceptual and methodological differences. Both frameworks operate at
the mean-field level, where each agent is influenced by the aggregate state of the
population. However, while Chaab et al. adopt a mean-field game approach - mod-
eling a Stackelberg game between a forward-looking firm and strategic consumers
- our model follows a kinetic perspective rooted in statistical mechanics. In their
framework, the firm (leader) commits to a dynamic pricing and advertising policy,

while consumers (followers) are segmented into individualists, influenced mainly by
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advertising, and conformists, who respond to social forces. Each consumer solves
an optimization problem to determine the optimal time of adoption within a finite
horizon. In contrast, the agents in our kinetic model are behaviorally simpler: they
adopt the product as soon as their perceived value exceeds the price. This assumption
reflects bounded rationality and informational frictions more typical of early-stage
market behavior, where optimization over a full time horizon may be unrealistic.
Heterogeneity, such as the distinction between individualists and conformists, can
be incorporated in the kinetic model by assigning different interaction parameters
(e.g., different coefficients a; and b) to different agent classes. However, doing so
may complicate closed-form solutions. One of the main advantages of the kinetic ap-
proach lies in its ability to yield an explicit adoption curve derived from micro-level
behavioral rules. Unlike MFG-based models, which require numerical solutions, the
kinetic model provides a continuous-time diffusion law in closed form. This makes

it particularly useful for forecasting and estimation in data-sparse environments.

This chapter develops a micro-founded diffusion model aimed at explaining
aggregate adoption dynamics through a parsimonious behavioral mechanism. In
doing so, it deliberately abstracts from the marketing literature that treats adoption as
a function of managerial levers, controllable decisions typically organized as prod-
uct, price, place (distribution), promotion and related launch and channel strategies
(Kotler et al., 2014). As a consequence, the parameters estimated here should be
interpreted primarily as reduced-form summaries of underlying behavioral hetero-
geneity and social interaction, conditional on an implicit and unmodeled marketing
environment, rather than as direct prescriptions for marketing interventions. At the
same time, a subset of parameters can be mapped to simplified policy proxies (e.g.,
the advertising term as a representation of promotional pressure), but only at a high
level of abstraction and without the institutional detail emphasized in marketing

practice.

If we solve the integral in equation (3.46), we obtain an operative equation for

the evolution of the diffusion process:

d - 2(1+oyp)+ 2 +b
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(3.47)
Here, ¥(-) is the regularized lower incomplete gamma function. Let us note here that

the explicit price parameter P cancels out explicitly, but the adoption dynamics still
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depend on marketing levers through the real value parameter r and the advertisement
parameter w. Equation (3.47) is computationally tractable and produces an S-shaped
adoption curve, a hallmark of innovation diffusion. While equation (3.47) is the most
general form of the model, simpler variants can be used in practice. For example,
in subsection 3.5.3, we consider the case where users and non-users exert equal
influence on others (a; = a). Another tractable simplification assumes that only
user interactions are effective (a; = 0). In the next section, we evaluate the empirical
performance of the Kinetic Innovation Diffusion (KID) model using sales data from

four real-world products.

3.5 Results

3.5.1 Nonlinear Least Squares

We now evaluate the performance of the Kinetic Innovation Diffusion (KID) model
on real sales data for four benchmark consumer products: color televisions, air
conditioners, clothes dryers, and freezers. These products are commonly used in the
diffusion modeling literature and have appeared in several foundational studies (Bass
et al., 1994; Cosguner and Seetharaman, 2022; Jiang et al., 2006). We use the data
for these products contained in Cosguner and Seetharaman (2022), and we report
for reference the fittings obtained in the same paper, the most recent work on this
topic. Model fitting was conducted using a nonlinear least squares method applied to
the general form of the KID model, implemented in Python. The emphasis of this
section is on the out-of-sample forecasting performance of the model, rather than
the quality of the in-sample fit. Given the KID model’s larger parameter space, a
lower sum of squared errors (SSE) is expected compared to the benchmark models.
This expectation is confirmed in table 3.1, which reports the in-sample SSE from
the best-fitting KID model alongside the SSE values reported by Cosguner and
Seetharaman (2022), and highlights in bold the smallest errors. We report in table
3.2 the parameters that yield these best fits, for completeness.

To obtain optimal parameters, we used a Monte Carlo parameter space explo-
ration, repeatedly fitting the model from randomly sampled initial conditions. This
stochastic approach reduces the risk of converging to local minima and ensures a

more robust fit.
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KID BM GBM BGDM BLDM
TV 130,740 996,421 402,514 457,051 457,387
AC 53,635 341,468 294,659 90,727 89,550
Dryer | 76,886 212,777 210,770 129,485 129,227
Freezer | 123,521 242,672 209,251 136,767 136,728
Table 3.1 The SSE for the four products of the compared models.

ay ar b Y w r N

TV 349 1e-3 9.581e-2 7.491e-3 0.165 0.533 0.989 51775
AC 4.04 1e-2 1.461e-3 4301e-5 1.296 0929 0966 21694
Dryer | 7.38 1e-3 3.831e-2 4.111e-3 0.069 0.7636 0.931 28182
Freezer | 4.32 1e-3 3.561e-3 1.601e-5 1.691 0.834 0.893 63746

Table 3.2 The parameters of the kinetic diffusion model for the four products.

It is important to stress that the parameter estimates reported here should not
be interpreted as accurate representations of the underlying behavioral parameters.
Instead, they serve to demonstrate the model’s fitting and forecasting capability. For
a more accurate estimation of real-world mechanisms, ensemble methods should be
preferred over point estimates.

3.5.2 Bayesian Inference

In order to obtain an ensemble parameter calibration for this model, we implemented
a Metropolis-Hasting type Markov Chain Monte Carlo (MCMC) algorithm to per-
form Bayesian inference on the parameter set 6. At heart, Bayesian inference is a
disciplined way to learn from data under uncertainty. It combines two ingredients: a
likelihood, which encodes how plausible the observed data are under a given model
and parameter vector, and a prior, which encodes what is known (or ruled out) before
seeing the data. Bayes’ theorem turns these into a posterior — an updated distribution
over parameters that quantifies what the data have taught us and how uncertain we
remain. In complex, nonlinear models, this framework is especially useful: it lets us
encode constraints and knowledge about the phenomenon, propagate them through
the model, and obtain uncertainty-aware estimates and predictions rather than point

fits that ignore identifiability and noise.
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The theoretical foundation of this technique is the Bayes theorem (Bayes, 1958),
that reads:

P(6). (3.48)

Here, P(0) is called the prior distribution over parameters 6 € ® and encodes the
experimenter’s knowledge and beliefs about the problem and appropriate values for 0,
before the observation of the data. P(y|0) is the likelihood function and represents the
probability of obtaining the observed data y given parameters 6. P(y) is the marginal
likelihood that normalizes the posterior and becomes central when comparing models.
Bayesian inference aims to estimate the entire posterior distribution P(6|y), not
just a single point from it. Doing so yields uncertainty quantification that is both
accurate and meaningful, because it reflects the experimenter’s prior beliefs and
the information contained in the data y. Most commonly, we achieve that with
Markov Chain Monte Carlo (MCMC), which constructs a Markov chain whose
long-run distribution is the target posterior. When the likelihood function is not
known, it can be approximated using a number of techniques (Turner and Van Zandt,
2012), in this case we talk about approximated Bayesian computation, or ABC.
The Metropolis—Hastings (MH) algorithm (Hastings, 1970) used in this dissertation
works following a simple random walk scheme with an acceptance-rejection rule at
each step. The chain converges to the posterior and we can approximate expectations

by ergodic averages of the draws.

Bayesian methods have recently become standard in complexity settings, and
especially in agent-based modeling (Dyer et al., 2022; Grazzini et al., 2017), because
they let us encode constraints on interpretable parameters and carry uncertainty

through to predictions, while offering a principled basis for comparing specifications.

Operatively, we first used global variance-based sensitivity analysis (Sobol in-
dices) to assess the influence of each structural KID parameter on the sum of squared
errors between the model and the observed adoption trajectories. Within plausible
parameter ranges, the interaction coefficients a; and a, displayed negligible first-
order and total indices, indicating that the available sales data do not carry enough
information to identify them. By contrast, the imitation parameter b, the divisiveness
parameter 7, the advertising strength w, the real value r, and the market potential N
all exhibited non-trivial total Sobol indices, with N emerging as the dominant driver
of the fit. We therefore fixed (aj,ay) at the non-linear least squares estimates re-

ported in subsection 3.5.1 and restricted Bayesian calibration to the five-dimensional
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Algorithm 1: Approximated Metropolis-Hastings sampling scheme

Input: Prior distribution P(0), proposal distribution Q(-|0), observed data y,
initial set 6y, number of iterations n.
for r=1,..,R do
‘ Simulate x(") given 6p;
end
for i=1/,..,ndo
Sample 6* from Q(-|6;—1);
for r=1,...R do
‘ Simulate &) given 6*%;
end
Evaluate approximated likelihood Py« (y) using ) R

r:1;

Set 6; < 6%, Py.(y) < Po+(y) and 1" «— %) (accept) with probability:
— mi P(67)0(6,1|67) .

o = min (1. 76 0 )

Otherwise, set 6; < 6;_ (reject);

end

parameter vector 0 = (b,y,w,r,N). Table 3.3 reports the Sobol indices for each

product. The negative indices are to be intended as noise.

TV AC Dryer Freezer

S1 \ ST S1 \ ST S1 \ ST S1 \ ST

0.005 0.022 | 0.001 0.020 | 0.001 0.025 | -0.003 0.015
-0.008 0.029 | -0.008 0.025 | -0.007 0.025 | -0.005 0.019
0.005 0.056 | 0.004 0.056 | 0.003 0.054 | 0.000 0.046
0.052 0.154 | 0.048 0.156 | 0.047 0.154 | 0.040 0.135
0.048 0.149 | 0.039 0.134 | 0.037 0.132 | 0.024 0.100
0.036 0.121 | 0.025 0.109 | 0.024 0.110 | 0.019 0.098
0.662 0.779 | 0.694 0.800 | 0.698 0.805 | 0.728 0.830

Table 3.3 The Sobol analysis results for each product.

ZY IR S5 8

For each of the four benchmark products (TV, AC, dryer, freezer), we constructed
weakly informative priors on 6 centred at the corresponding NLS point estimates,
using scaled Beta distributions for the bounded parameters and Gamma distributions
for y and N. This choice respects the structural bounds of the model, regularizes
poorly identified directions, and encodes prior information only at the level of means
and coarse relative dispersion. The resulting priors are proper and product-specific,

but share a common structure across technologies.
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Given these priors, we defined a Gaussian likelihood for cumulative adoption,
with the observation variance estimated from the residuals at each parameter value.
The posterior distribution of 8 for each product was explored using a two-stage
Metropolis—Hastings random-walk algorithm. A pilot chain with diagonal proposal
covariance provided an empirical estimate of the posterior covariance, which was
then used to define an efficient proposal for a long main run. The proposal scale was
adaptively tuned during warmup to achieve an acceptance rate in the range recom-
mended by MCMC theory for random-walk Metropolis, i.e. 0.234 (Von Toussaint,
2011). The resulting chains yield approximate samples from the full joint poste-
rior of the KID parameters for each product, enabling both parameter uncertainty

quantification and posterior predictive analysis.

The posterior summaries confirm that the data are informative about the market
potential N and, to a lesser extent, about the imitation intensity b and the real value r,
while the posteriors for y and w retain significant spread for some products. Posterior
predictive adoption curves closely track the observed diffusion trajectories and
provide credible intervals for key managerial quantities such as time to peak sales,
peak magnitude, and saturation levels. Compared to the analysis based on point
estimates, this Bayesian treatment makes explicit the range of plausible parameter
configurations and forecasts compatible with the data, and thereby moves from single
best fits to ensemble-based inference. Figure 3.2 plots the diffusion curves for the
four products obtained by this ensemble method. The posterior distributions for each

product and each parameter are reported in appendix B.

In the next section, we shift focus from in-sample fitting to the managerial
relevance of the KID model, particularly in terms of forecasting future adoption

trends—arguably the most critical use case for practitioners.

3.5.3 Early Stage Forecasting Method

Forecasts on future sales, to have managerial value, need to be reliable as early as
possible in the diffusion process. Even a very accurate prediction of the peak in
the sales or the market potential is useless for managers and decision makers, if
it becomes available when it is too late to properly program production, stocking
and distribution of the product. Forecasting the final 20% of a diffusion curve, as

done in some prior studies (Cosguner and Seetharaman, 2022, e.g.) provides little
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Fig. 3.2 Possible diffusion S-curves obtained by Bayesian inference of the parameters on the
available data points (in black).

actionable insight for decision-makers. In practice, early-stage parameter estimation
is often conducted through expert judgment or qualitative techniques (Lawrence
and Lawton, 1981). The structure of the KID model supports this early estimation
task. In particular, its theoretical formulation offers a direct expression, namely
equation (3.46), for the distribution of perceived value in the population—even before
the product has launched. At a pre-launch phase, where the number of users is zero

and we have assumed a; = a» = a and hence o = 0 = «, that reads:

B B (l+a)
ffo(V) :CW (349)
Vv Y

This insight opens the door to parameter inference from pre-launch surveys: one can
administer a survey to a target population exposed to the advertising campaign and

fit equation (3.49) to the resulting distribution of perceived values. This procedure

Ita
Y
tial NV is typically known or can be reasonably estimated by experienced marketing

allows estimation of the advertising strength w and the ratio . The market poten-

analysts. The real value r can be approximated using focus groups exposed to prod-
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uct samples. Even if only one of the parameters a and b is known, the model remains
usable by fixing one at a plausible level (e.g. b =0.001), and computing the other via
the relationship a = b - ¢@. This framework allows practitioners to simulate alternative
adoption trajectories under different strategic assumptions—making it a powerful
tool for early-stage decision-making. We tested this hypothesis via a Monte Carlo
implementation of this method. While actual belief data was unavailable for the
benchmark products, we simulated the early-stage estimation process by perturbing
the parameters obtained from the full-sample fit with random noise of +20% of
amplitude. These perturbed values were then used as initial estimates for fitting
the model to only 3 or 5 early data points. We repeated this process 1000 times
and computed mean and standard deviation of some significant quantities, namely
market potential, time of the sales peak, sales peak and market saturation (calculated
as the moment when 95% of the market potential is reached). These are key strategic
quantities to plan production, stocking and distribution.

Market Potential Saturation
Mean STD Full S. | Mean STD | Full S.
TV 63560 25946 | 53562 | 21 2 20

Pts | Prod.

5 AC 32820 11679 | 25319 | 25 4 30
Dryer | 16353 4945 | 15598 | 19 3 18
Freezer | 21240 7182 | 17059 | 22 3 20
TV 58610 13481 | 53562 | 22 4 20

3 AC 38697 24940 | 25319 | 38 9 30

Dryer | 15205 2657 | 15598 | 16 4 18
Freezer | 32627 34652 | 17059 | 38 18 20
Table 3.4 Mean and standard deviation of forecast values of market potential and market
saturation with 5 and 3 years of data compared with the values evaluated with the full sample,
for the four products.

Tables 3.4 and 3.5 show the results for the considered products. Predictions made
after the first 5 years are generally accurate within an acceptable statistical error
(the only exceptions are freezer’s peak sales and AC’s saturation point). Predictions
made after only 3 years are accurate for TV and dryer, while the standard deviation
for AC and freezer is too large to derive accurate information. These findings
demonstrate that the KID model is well suited for early-stage forecasting and can
support managerial decisions at a time when such insights are most valuable. It offers
quantitatively grounded predictions of the most critical planning parameters—without
requiring the entire adoption trajectory to unfold.
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Pts | Prod. Peak Flex
Mean STD | Act. | Mean STD | Act.

vV 7244 4316 | 5982 | 8 1 8

5 AC 2925 1250 | 1828 | 9 1 8
Dryer 1536 760 | 1523 | 10 2 8
Freezer | 1598 828 1205 | 12 3 13
TV 6493 2775 | 5982 | 8 1 8

3 AC 2386 2446 | 1828 | 12 4 8
Dryer | 2308 1037 | 1523 | 8 2 8
Freezer | 680 225 1205 | 4 7 13

Table 3.5 Mean and standard deviation of forecast values of sales peak and flex point with 5
and 3 years of data compared with the actual values, for the four products.

3.6 Conclusions

This chapter has introduced a novel methodology for modeling new-product diffusion,
grounded in the tools of statistical mechanics. The proposed Kinetic Innovation
Diffusion (KID) model is a utility-driven, agent-based framework in which agents
decide to adopt based on their individual perceptions of product value. These
perceptions evolve through both peer interactions and exposure to advertising, with
updates governed by a compromise-based rule. Unobserved individual variability
is captured through stochastic noise. The model provides a closed-form analytical
expression for the adoption curve, derived directly from micro-level behavioral
assumptions. Importantly, it bridges the gap between aggregate diffusion models
and simulation-based agent-based models. Unlike aggregate models, which rely on
top-down assumptions about market dynamics, the KID model builds diffusion from
the bottom up, treating it as an emergent phenomenon of individual belief dynamics.
The results shown in section 3.5 confirm the validity of the model. The KID proved
to explain better than the compared methods, namely BM, GBM, BLDM and BGDM,
the sales data of four key products: color TV, air conditioning, clothes dryer and
freezer. Additionally, an ensemble parameter calibration provided data-informed
statistical distributions on the parameter set. Moreover, the structure of the KID
model allows a new method for pre-launch or early-stage sales forecasts. This
enables managers to use this model for strategic planning.

Conceptually, the KID model offers a synthesis between system dynamics and

agent-based modeling. It retains the analytical tractability of aggregate models while
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preserving the flexibility of micro-founded simulations. Features such as consumer
segmentation, product abandonment, leader-follower dynamics, or nonlinear inter-
action rules can be naturally incorporated within this framework without requiring

assumptions about the aggregate adoption curve.

Nonetheless, the model’s analytical richness comes at the cost of mathematical
complexity. As additional behavioral features are introduced, the model may become
less tractable and the notation more cumbersome — an inherent trade-off relative to
purely simulation-based ABMs.

In the next chapter, we further develop this model by adding an explicit perceived
value dynamic and a non-stationary technology performance level. The resulting sys-
tem is used to provide a rigorous mathematical formulation of a diffusion framework
that is largely used by innovation professionals but has been somewhat overlooked
by academic literature: the Hype Cycle.



Chapter 4

The Hype Cycle as an Emergent
Behavior

4.1 General Context

In the mid-1980s, “expert systems” promised to bring machine intelligence into
factories, finance, and medicine. Research groups scaled rapidly, venture funding
flowed, and software and hardware companies were founded. The ever-increasing
computational power of personal computers delivered promising results to the com-
panies that invested in Al, in the form of cut-costs in testing and manufacturing. The
"Live Experts on a Floppy Disk" (Kupfer, 1987) were bringing into the market the
future that the space shuttle and Star Wars brought in the imagination of the public.
But soon, the rule-based architecture of expert systems crumpled onto itself. Brit-
tleness, opacity and increasing maintenance costs broke the dream of human-level
intelligence in machines and by 1987 an entire industry had collapsed. Thousands
of jobs and millions of dollars were lost. Budgets were cut, labs rebranded, and
the term “AI” became a liability in grant applications. With time, expert systems
were embedded into conventional models and made their way back into the market,
with calmer and more realistic expectations upon them. This was not the first time
artificial intelligence related enthusiasm faded after a period of excitement: in the
early 1970s, the Lighthill report (Lighthill, 1973) in the UK and DARPA’s frustration
with the Speech Understanding Research in the US put a stop to the enthusiasm that
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earlier research on perceptrons and machine translation had sparked (see Crevier,

1993, for a complete and compelling history of research in artificial intelligence).

Artificial intelligence is not the only field where oscillations like this were
observed. In the history of innovation, countless new technologies underwent
fluctuating trajectories in the exposure to the public and in the enthusiasm of the
people. New products and ideas from different domains followed a tumultuous path
from the cradle to the general success and adoption, or to oblivion. From fuel cells
(Konrad et al., 2012) to e-commerce (Konrad, 2006), from gene therapy (Van Lente
et al., 2013) to hydrogen (Alkemade and Suurs, 2012), many innovations shared
the same causal structure in this oscillating path: (i) an exogenous trigger (a launch,
a program, a media wave) initiates an expectations surge; (ii) boundedly rational
actors update on noisy signals and local feedbacks and build up expectations; (ii1)
real performance adjusts on slower, constrained timescales: inflated expectations are
disappointed by reality; (iv) the correction produces negative effects that can impair
capability accumulation; (v) if the innovation proves valid, a new and better-informed
wave of attention rises driven by the actual development of the technology. This
pattern is often looked at through the lenses of the Hype Cycle framework (Linden
et al., 2003), introduced by the technology research and consulting firm Gartner Inc.
in 1995.

Despite the many appearances of this pattern and the possibly material conse-
quences it carries, we lack a formal, mathematically rigorous model that considers
its complex nature. In this chapter, we show how the kinetic approach based on
statistical mechanics presented in chapter 3 can fill this gap, providing a micro-
founded mechanism — and a tractable dynamical system — for the emergence of the
hype-disappointment-stabilization pattern, among other possible behaviors. This
deeply non-linear path in the expectations of the public towards an innovation has
its roots in the intertwined dynamics of different aspects of the introduction of a
new product in a market: the adoption curve, the technology performance curve and
the expectations curve itself. Each one of these phenomena is extensively studied
in its own literature, but is the interplay of the three that produces the oscillating
dynamic suffered by, for one, expert systems in the 1980s. The model allows for
an exogenous initial media impulse but shows how endogenous amplification and
correction emerge from the joint dynamics of perceived value (expectations), realized
value (performance), and adoption. This results in a tractable dynamical system

that is then studied with analytical and numerical methods to gain insights on the
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determinants of peculiar behavior such as hype cycles, hype-disappointment curves,

multiple peaks, or other observed patterns.

The chapter is organized as follows. The next section describes the Hype Cycle
framework as introduced by Gartner Inc. and analyzes its criticalities and possibilities
as expressed in the related academic literature. Section 4.3 builds on the model from
the previous chapter by adding an explicit perceived value dynamic and a technology
performance curve. Section 4.4 presents the analysis of the dynamical system that
the model provides and studies its behavior, showing some numerical simulations.

Section 4.5 concludes the chapter and discusses future directions.

4.2 The Hype Cycle Framework

Gartner’s Hype Cycle (HC for short) is an influential framework that describes
the early stages of technology deployment in terms of expectations or visibility
to the public. By visualizing the phases through which the enthusiasm toward a
new technology goes, it serves as a decision heuristic for companies to plan the
engagement with the innovation (Fenn and Raskino, 2008). Gartner defines five
sequential stages on the HC, from the initial event that sparks the enthusiasm to

relative maturity of the technology, when adoption is around 20% to 30%:

1. Technology trigger: some public event generates public interest in some emer-
gent technology. Typically, no commercial product exists at this stage, early

investors might provide funding.

2. Peak of inflated expectations: the first generation of products come out and
media interest increases, the still unclear potentialities of the new technology
drive up the expectations of the public. As the number of users grows, the first
problems with first-generation products become visible. Negative reviews start

pulling enthusiasm down.

3. Trough of disillusionment: the technology does not live up to the inflated
expectations and is discredited, media lose interest. However, the product

improves thanks to early feedback and some users find useful applications.
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Fig. 4.1 The Hype Cycle formed by the hype curve and the technological S-curve and the
five phases. Adapted from Fenn and Time (2007).

4. Slope of enlightenment: experimentation and real-world experience lead to a
better understanding of the technology, better products are developed and a

more realistic wave of interest rises.

5. Plateau of productivity: the benefits of the technology are accepted and main-

stream adoption begins.

The HC is obtained as a superposition of two effects: a human-centric bell-shaped
hype curve, product of attraction to novelty, social contagion and heuristic decision
making; and a technological S-curve that describes the performance evolution of the
product (Fenn and Raskino, 2008). Figure 4.1 shows this superposition of curves and
the five phases of the HC as explained by Gartner. The speed at which technologies
go through the HC varies from one case to the other, and Gartner publishes every
year a report where it positions developing technologies on the curve, assessing the

estimated time for each technology to reach the plateau of productivity.

Despite practitioners have been using the Hype Cycle model for almost thirty
years, academic literature has highlighted some criticalities that limit its applicability
and repeatability. At a closer look at figure 4.1, two of such criticalities clearly appear.
First, while the x-axis represents time, it is not well-defined what is represented on
the y-axis; and second, it is not clear how can one perform a superposition, or a
sum, of two quantities such as hype and technological performance, that differ in
nature and, even if well-defined, surely would differ in units of measure (Steinert and
Leifer, 2010). Fenn and Raskino (2008) ambiguously refer to what lays on the y-axis

both as expectations and visibility, without giving an operational definition. This has
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led different academic studies to use different concepts and proxies to rigorously
assess technological hype cycles. The number of articles appeared on mainstream
or technical newspaper, both with (Konrad et al., 2012) and without (Alkemade
and Suurs, 2012; Jarvenpaa and Makinen, 2008a,b; Konrad, 2006; Van Lente et al.,
2013) sentiment assessment, the number of academic papers published (Campani
and Vaglio, 2015; Rachul and Zarzeczny, 2012), the number of new patents granted
(Dehghanimadvar et al., 2022; Khodayari and Aslani, 2018), the amount of search
traffic registered (Jun, 2012a,b; Jun et al., 2014), and the count of comments posted
on social media (de Cuveland et al., 2025) all appear in the literature as proxy
for expectations or visibility. Additionally, Dedehayir and Steinert (2016) observe
several empirical incongruences in the positioning of the innovations on the curve
in Gartner reports: excessive duration, multi-year peaks, entries at plateau and
removals before completion. These criticalities result in a limited repeatability of the
results displayed by Gartner, and in an overall non-scientific method that yields little

forecasting reliability.

In the model described in chapter 3, the perceived value v serves us as well-
defined expectations and we show how, under certain conditions, its trajectory in
time draws the shape typical of the Hype Cycle, without the need of factitious sums
of different quantities. This novel approach differs from the other — rare — works that
attempt to formalize the microscopic dynamic beneath hype cycle formation, but
also shares some similarities. Silvestrini et al. (2017) use a method from quantum
physics, namely rate equation, to describe the movements of agents in a population
on levels of interest towards a technology. They define visibility as the the number
of new users per time unit and show parameter combinations that yield hype cycle
curves. Hashemi et al. (2018) focus on the microscopic mechanism of hype creation.
They propose a multi-agent model that shows how rational interacting technology
experts can produce social bubbles that reads like hype cycle dynamics. The interplay
between hype, adoption and performance is investigated by Shi et al. (2023). Here,
authors build an agent-based model for green energy technology diffusion that take

into account these three aspects, and show simulations where hyped dynamics appear.
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4.3 Model

We have argued that Hype Cycles emerge when expectations adjust faster than
realizations, and that their foundations lie in the interplay between the social sphere
— opinion dynamics and adoption — and the technological sphere — performance
trajectories. Hence, people and technology are the main components of this model.
Let us recap here the kinetic model for innovation diffusion described in the previous
chapter and add an explicit perceived value dynamics to it. Each agent in the model
is equipped with a positive perceived value of an innovation v(f) € R, and with a
binary adoption status i(¢) € {1,2}, where i = 1 denotes agents who have not bought
the technology, or non-users, and i = 2 denotes agents who have, or users. State
variable v(¢) will change in time through interactions between agents and with the
media and possibly self-reasoning; while state variable i(¢) will change according
to a purchase mechanism. On the other hand, the technology is characterized by
a positive price P(f) € R, that we now take non-stationary, and by a real value
P(t) - r(t), being r(t) the real value coefficient, also non-stationary. The media
campaign that can influence agents’ perception is defined by two parameters: the
frequency with which agents come into contact with it, ,.4i,(2); and the value
conveyed by it, P(z) - w(t) — here expressed for convenience in relation to the price
of the technology P(t). We define f;(¢,v) as the distribution function of agents with
adoption status i over perceived values v at time 7. This allows us to calculate the
number p;(¢) and the mean perceived value m;(¢) of agents with adoption status i
by integration. Being p(¢) = 1Vr and m(t) the respective quantities in the whole

population:

p(t):/R f(tvv)dVZ/R [fl(t,v)—|—f2(t,v)]dv:p1(t)—|—p2(t)7 (41)
m(f)Z/R v-[fi(t,v) + fa(t,v)]dv = pi(t)m () + pa(t)ma(2). (4.2)

+
Quantity m (¢) denotes the mean perceived value of the innovation among the non-
users at time ¢ and represents in this model the expectations that lie on the y-axis
in the HC. Quantity p;(¢) denotes the number of agents who have adopted the
innovation at time ¢ and constitutes the adoption process. Although both users and
non-users update their perceived value over time, we define the hype cycle using
the non-users mean perceived value because it is the variable that most closely

corresponds to the Gartner narrative of market-wide pre-adoption expectations.
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Agents interact with their environment and update their perceived value according
to the set of rules described in chapter 3. This is a compromise-based rule that updates
the perceived value of the agents with specific probabilities (that become frequencies
when considering a large number of agents) and following different mechanisms
according to the adoption status of each agent. Table 4.1 summarizes the update
rules for clarity.

Table 4.1 Perceived value updates (v — V') by group and channel.

Adoption Status  Type Update rule Frequency
Agent—agent interaction Vi=v—a; (v —v) 1

Non-users Agent-media interaction V' =v—b(v—P-w(r)) Hinedia(t)
Self-reasoning process V=v+v-1
Usage V=v—c(v=P-r(t)) 1

Users Self-reasoning Vi=v+v-& 1

v, is the interacting agent’s perceived value. Coefficients a;,b,c > 0.

Agents that think the technology is valuable can make a purchase and change
their adoption status from non-user to user. Purchase events occur with frequency A
and finalize if the perceived value of the interested agent v(¢) at time 7 is higher than
the price P(t) of the technology.

Together, the update rules and the purchase mechanism define a twofold dynamic
where perceived values in a population of non-users initially distribute around the
value conveyed by the media (agent-media interaction), with a variance that de-
pends on the variance of 1 (self-reasoning). As adoption p, grows (purchases), the
users start to communicate (agent-agent interaction) the real value they experience
(usage) and, given their higher credibility as first-hand testers of the technology
(ap > ay,b), move the mean of the distribution of the perceived value among the
non-users m; towards the real value r(z) - P(¢). If this is high enough, the adoption
process is successful and the users population continues to grow following an S-
shaped curve until it reaches saturation, as it is described in chapter 3. Let us re-write
for clarity the results of the previous chapter: the time-scale separation described in

3.3.4 yields, for the updating mechanism happening on the fast time, equations 3.38,
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3.39 and 3.40. The solution of those yields:

d d

- . =0 4.3

JoP2(0) = ——pi(7) =0, (4.3)

m1(T _ a2p2r+;umediabw _P+Ke—(a2p2+.umediah)77 (44)
a2 + Uediab

my(t) =rP+K'e™ . (4.5)

On the slow time scale, the solution of equation 3.36 reads:

d __ 4 =2 s d 4.6

G0 =—2pO=2 | Ry (4.6)
_ aP2r (1) + Hmedia(t)bw(1)

. (t, pZ) B aspr + Hmedia (t)b P(t), (47)

my(t) =r(t)-P(t). (4.8)

Where f(t,v) is the equilibrium distribution that results from the fast process. We
have defined at this point the intertwined dynamics of adoption and expectations in
the population, let us now discuss how to plug the technology performance curve

into the system.

A large empirical literature characterizes technological improvement either as a
time trend or as a experience effect. The Moore’s law treats performance or cost as
improving exponentially in time. Wright’s law (Wright, 1936) states that unit cost
falls as a power law of cumulative production. In a seminal reconciliation, Sahal
(1979) showed that when cumulative output itself grows approximately exponentially
in time, the two views become observationally hard to distinguish: Wright’s law in
cumulative production space induces a Moore-like exponential decline in time, and
vice-versa. Modern tests on multi-technology panels (Nagy et al., 2013) confirm
the practical equivalence under rapid output growth and quantify forecast errors.
This equivalence does not imply unbounded improvement. Both relationships are
local regularities useful to make predictions (Lafond et al., 2018): they say nothing
about ultimate limits or design ceilings; S-curve models (Foster, 1986) take these
limits into consideration, introducing a saturation effect in the growth as they are
approached. They depict a slow takeoff, rapid gains as a design is exploited, de-
celeration as constraints appear, and possible succession to a new S-curve when an
architectural change occurs (Dosi, 1982). The exponential trends effectively pool

together successive S-curves across paradigms, even as each individual trajectory
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saturates. According to Fenn and Raskino (2008) and to figure 4.1, we model realized
performance r with a technology S-curve. This representation captures diminishing
returns and a practical upper bound in performance. Technology S-curves are often
plotted with performance against time, but this is accurate only if the amount of
effort is relatively constant over time. "If the amount of effort invested in a tech-
nology decreases or increases over time, the resulting curve could appear to flatten
out much more quickly, or not to flatten out at all" (Schilling and Esmundo, 2009).
It is sensible then to use R&D cumulative investment as independent variable in
the definition of r. In this paper, the focus is on how the interplay of different
social and technological dynamics can produce the observed pattern of HC, and a
precise empirical evaluation of the investment strategies of firms and of the causal
relation between investment and growth is out of scope. Consequently, we model the
cumulative investment as a function of adoption (cumulative sales) and cumulative
expectations, with a exogenous positive investment term that account for unmodeled

adjustments. Realized performance follows a sigmoid function of this investment.

Mathematically:
Too
r(I) = oo il (4.9)
[ —_—
I—k /0 my (s)ds +kapa +1(1). (4.10)

Here, 7. is the maximum performance, v the growth rate and [y the mid-point of the
sigmoid; k; and k; are weights and I(¢) is the exogenous investment.

We have now all the ingredients that we need to write the complete dynamical

system for the three curves:

" azpPz 'l"f‘b,umedia(l) 'W(t)
) = -P(t
ml(Pz 7') azp2+bumedia(t) ( )
P =2 , ity |
( ) . Voo
U p2,my) = 1 + e— VI g mu(s)ds-+hopa-+1(t)—Io)

With Weqia(t), w(t) and P(f)exogenous functions. System 4.11 lives on the slow
time scale and its meaning is the following. Mean perceived value m instantaneously
collapses on the T-asymptotic value parametrized by the slow moving variables p;

and r, and by the exogenous parameters. The evolution of the mass of the adopters



62 The Hype Cycle as an Emergent Behavior

p2 is regulated by the purchase mechanism and depends on the fraction of non-
users whose perceived value is higher than the price at time ¢. Distribution f (¢, v)
depends on the microscopic updating rules and can be explicitly computed as an
equilibrium distribution on the fast time scale. We will distinguish two cases: a
deterministic case where stochastic self-reasoning is tuned down and the distribution
f1(z,v) collapses into a Dirac delta on m; a noisy case with self-reasoning where
distribution f(z,v) is calculated via a Fokker-Planck equation (see subsection 3.3.5).
Realized performance r grows with the investment that is proportional to cumulative
mean perceived value and adoption. Price P and media/advertising parameters
Umedia and w are taken as exogenous signals. In the next section, we will show what

conditions are to be satisfied for the Hype Cycle or other patterns to emerge.

4.4 Analytical Results and Simulations

We analyze the system in a deterministic case, where the stochastic self-reasoning
update rule is turned off. This generates a simplified dynamics where the conditions
for the emergence of interesting patterns can be easily derived analytically. The cost
for this is a piece-wise exponential adoption, different from the canonical S-curve.
A smoothed dynamics with S-shaped adoption is retrieved when self-reasoning is
turned back on, and agents behave with some individuality.

4.4.1 Deterministic case

Turning self-reasoning off results in agents all behaving deterministically in the same
way, and hence the distribution function of the perceived value in the population
collapses to the Dirac delta f;(v) = 8(v —my). The second term in 4.11 reduces to:

P2(1) = A(1 = p2)Lmy (1) = P(2)]. (4.12)

This yields an adoption process that is piecewise exponential under a hard threshold.
Adoption abruptly stalls when m; < P and is purely exponential when m; > P. This
is consistent with the inertial case discussed by Young (2009). The deterministic
assumption does not directly affect the evolution of m; or r. We have defined a

HC as a peak in expectations followed by a slow recovery later on, so it comes
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natural to study the first derivative of m; to find conditions on the formation of
hyped-dynamics. We can calculate the total derivative with respect to time as sum of
partial contributions:

omy . om; om; om; d

. . . . mp .
= P i 4.1
ny P + &.umedia Hmedia + dw W+ Ir 7+ apz P2 (4.13)

Our interest lies in the relationship between realized performance, conveyed value,
and price in relative terms. Accordingly, we normalize the price to P = 1 and analyze
the dynamics in terms of ,,.4iq, W, r and p;. To compute each partial derivative,
it is useful to define a positive quantity D = ayps + blyeqia, that represents the

denominator in the definition of m;. It is straightforward to obtain:

dmy  aybpy(w—r)

, higher media exposition raises m; if w >r.  (4.14)

a.umedia B D 2
a b media . 3
M _ OHmed , stronger media content raises 7. (4.15)
ow D
0
% = az_pz, higher realized performance raises m;. (4.16)
.
0 b a(r—
mi _ @bH ’"ed’;(r W), higher adoption lowers m if w > r. 4.17)
Ip> D

We now isolate the mechanism producing a peak—trough—recovery in non-user
expectations m. Under monotone adoption and monotone performance, the cycle
arises from a competition between media growth, adoption growth, and performance
catch-up. At the beginning of the cycle p, ~ 0 and so m; =~ P-w. A sufficient trigger
is simply w(0") > r(07), that reflects an initial overestimation of the capabilities
of the technology by the media. The first part of the dynamic is dominated by the
update of the perceived value on the fast time scale that exponentially collapses to
P-w(0T). If w(0") > 1, this sparks adoption and the evolution of the system on
the slow time scale. The majority of the studies that aim to empirically assess hype
cycles through media exposure (see section 4.2 for references) focus on the evolution
of number of appearances of the technology in articles on mainstream or technical
newspapers. They agree that a hyped dynamic takes place when this count, that
in our model can be reasonably linked to L,eqiq, first rises to the peak of inflated
expectations and later falls down in the trough of disillusionment. We analyze the
system assuming this type of unimodal behavior for p,,,.4i,(¢) and and a fixed value
w(t) = w(0T) > 1,Vr. Let us note here that both adoption p, (exponential) and
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realized performance r (sigmoid) are non-decreasing V¢. With these assumptions,

the evolution of mean perceived value reduces to

A . A .
iy o< =5 (Pabtmedia — Hnedia2) + 27, Ai=b(w=1r) >0, (418)

Re-arranging the equation in growth-rate form

. A .
mj &< l_),umediaPZ(g,u _gp) + par, (4.19)

with gy := [nedia/ Wmedia a0d gp := P2/p2, makes the hype cycle mechanics trans-
parent. Early hype rise occurs when the media-adoption race favors media growth:

gu > &p» with 7 initially small. The peak (si7y = 0) arrives when

e (a2p2 + b,umedia)
A.umedia

8u—8p=— , (4.20)
so a larger gap w — r postpones the peak, while faster performance catch-up 7 brings
it forward. Immediately after the peak, expectations enter the disillusionment phase
whenever ri1; < 0. Using the growth—rate form, disillusionment occurs when the
media—adoption race turns sufficiently negative to overwhelm performance catch-up,
1.e. _

gu—8p < — r- (GZZZ "’b.umedia) ‘ 4.21)

Umedia

This refines the narrative condition g, < 0 and g, > 0: media decay and rapid

adoption growth pull expectations down, but a trough is reached only if the negative
drift generated by (g, — gp) dominates the positive term 7.

The trough of disillusionment corresponds to the next zero-crossing of 1y after
the peak (with 7171 > 0), which typically occurs once media influence has weakened
and/or the gap w — r has narrowed enough that the performance term can compensate
the negative media-adoption drift. Finally, recovery follows as user-informed word-
of-mouth overcomes media influence due to increased adoption and performance
approaches claims. In particular, as w — r — 0 (so that A = b(w — r) — 0), the first
term % Umedia(8u — gp) vanishes and the dynamics of m; becomes dominated by
7> 0, implying a return to growth and, in the long run, m; — r, consistently with
Gartner’s description of the HC.
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These conditions are general within the present setting, in the sense that they
do not require explicit functional forms for p(¢) and r(¢), and they hold as long
as adoption and realized performance are non-decreasing and [meqia(f) exhibits a

unimodal profile.

4.4.2 Noisy case

When we re-introduce self-reasoning, agents no longer share the same perceived
value and we find that the distribution of perceived value in the population is again
equation 3.44:

] e

filv)=C

1;)(061/)1 %szpzﬂrw)

2(1+O€1P1+(X2p2) ’ (4'22)
v2+7y

where y > 0 parametrizes self-reasoning variance, o = a; /b, 0p = ap/b and C > 0
is a normalizing constant. The intuition is that idiosyncratic reflection and heteroge-
neous information make some people more optimistic and some more skeptical at

any given time.

Noisy Hype Cycle

Peak

0.8 1 \

0.6 1 Trough
[0)
=
8 0.4 1

0.2 4 )

Realized performance r(t)
—— Adoption pa(t)
0.0 1 Expectations m;(t)
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Time

Fig. 4.2 The evolution of expectations, adoption and realized performance in the dynamical
system.

This heterogeneity turns the hard purchase threshold into a smooth adoption

hazard. Instead of adopting if and only if m; > P, the adoption rate is proportional
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to the tail probability that an agent’s perceived value exceeds the price. Formally,

oo
pr=(=p)A [ Filv)av (4.23)

This tail behaves like a regularized incomplete gamma function: it rises smoothly
with m; and falls with P, and depends continuously on adoption p, and realized per-
formance r through the parameters of the distribution. Two immediate consequences
follow: the adoption becomes broadly sigmoidal and the activation threshold relaxes,
smoothening the dynamic.

Crucially, the hype cycle conditions derived in the previous subsection carry over
unchanged in structure. The only change is that p> now comes from the smooth
hazard rather than an on/off switch, but retains its non-decreasing property. This
is more realistic: even when m is slightly below price P adoption still progresses
rather than stalling abruptly. The deterministic case can be seen as a limit case of this
broader form: as the self-reasoning variance parameter 7y tends to zero, the perceived
value distribution collapses to a point mass, the tail probability converges to an
indicator function and the deterministic adoption law is recovered. Figure 4.2 shows
a realization of the Hype Cycle with the complete (noisy) dynamic and time-varying
WUmedia- We omit a picture for the deterministic case as the hard threshold results in

poorly informative and frankly quite ugly plots.

Heterogeneity at the fast scale smooths the adoption decision and delivers
the empirically observed S-curve without changing the core mechanism behind
hype—disappointment that emerged in the deterministic case: the initial overshoot is
media-driven, with the increasing attention toward the technology pumping the hype,
the correction arrives when media recedes faster than performance catches up, and
the recovery as promised performance realizes. This is consistent with the findings
of the majority of works that empirically assess technological hype cycles. In the
next subsection, we will challenge this thesis by arguing that hyped dynamics can, in
fact, emerge even if the exogenous media signal is fixed. The need for increasing
media interest driving up the expectations derives from the fact that, in the time-scale
separation approximation, perceived value adjusts instantly on the slow time. Using
an agent-based simulation, we are able to relax the time-scale separation and retrieve

a hype cycle dynamic with fixed w and ;,,04i4-
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4.4.3 Agent-based simulation

The analytical system is the right tool to extract clean conditions for the formation
of HCs, but it rests on simplifying assumptions such as time-scale separation, mean-
field closure for the perceived-value distribution, infinite N. A Direct Simulation
Monte Carlo (DSMC) implementation lets us relax these: we can let interaction,
self-reasoning, and adoption operate on comparable time-scales and we can expose
finite-N stochasticity. In short, the simulation is a robustness check that the HC
mechanism is not an artifact of the particular assumptions necessary to formulate a

closed-form dynamical system.

We adapt the kinetic DSMC used for Boltzmann-type models to our two-population
setting (non-adopters/adopters with perceived value v). The scheme follows the
uncoupling principle: in a small step A¢, we apply interaction (‘“collisions”) and
self-reasoning and label switching as two sub-moves. The idea of the simulation
scheme (from Nanbu, 1980) is to update one particle at a time, sampling whether it
collides and with whom; this preserves molecular chaos and is provably convergent

in Babovsky’s variant (Babovsky and Illner, 1989).

The simulation and the dynamical system are equivalent: with the same param-
eters and with small Az and u > A, they produce the same curves for m (t), p2(t)
and r(t) (see figure 4.3a). This validates that the aggregate model is the mean-field
limit of the micro rules (Krook and Wu, 1977). The simulation allows us to relax the
time-scale separation hypothesis by setting i and A on the same order of magnitude.
Figure 4.3b shows the outcome of such run, where we also kept the media signal
constant in time. A clear HC pattern is still visible with this assumptions: even
with all the exogenous signals fixed, the Hype Cycle emerges as a product of the
intertwined phenomena of early optimistic promises, adoption and delayed realized

performance.

4.4.4 Figures Generation

The figures in this section are illustrative, not calibrated. Their purpose is to demon-
strate that the proposed model can generate the canonical hype-disappointment-
recovery pattern under economically interpretable conditions; they are not fits to any

specific historical episode. We selected parameter values by guided tuning within
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Algorithm 2: Nanbu-Babovsky scheme for Direct Simulation Monte Carlo

Input: Number of agents N, initial perceived values Vy = v(l), o V?v and
adoption states X = x(]), ..,xlov, time step Az, number of steps nror;
fort=1,...nror do
Compute p(t), my(t) and r(z);
repeat
Randomly select a pair of agents i and j;
forh=i,jdo
Sample ® ~ Bernoulli(lLAt);
if ® = 1 then
Update v/, < v}, according to adoption states x/ ' and xtj_l
and update rules 3.30 and 3.31;

else

| v vl
end
Sample E ~ Bernoulli(AAt);
ifE=1Ax, '=0Av,">Pthen

| X, 1
else

| X
end

end
until no unused pairs are left;

end

plausible ranges reported in subsection 3.5.1. In particular, coefficients governing
(i) media influence and content, (ii) interaction/usage coefficients, (iii) the purchase
rate A, and (iv) the performance map r(-) were adjusted to produce a single, clearly
interpretable hype cycle with recovery. No attempt was made to match magnitudes,

dates, or peak widths to data; all axes are normalized and shown in model time.

The media strength ,;,.4i, 1S modeled as a unimodal bump in the noisy case
plot and held constant in the simulation, the media content w(t) is kept above price
at launch to trigger the hype, and P(r) is normalized to 1 for readability. Initial
conditions set low adoption and performance below claims; the realized-performance

ceiling 7. 1s set to 0.8 in the noisy case plot and to 0.9 in the simulation.

Because these curves are not empirical fits, they should be read as existence
proofs and mechanism demonstrations. A natural continuation is to assemble data

on people perceived value via survey, media volume/content, adoption proxies, and
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technology performance and then estimate the model (e.g., via MLE or Bayesian
methods) and validate out of sample. That calibrated exercise falls outside the scope

of this dissertation and is left for future work.

4.5 Conclusions

In this chapter, our goal was to deliver a rigorous, micro-founded model that explains
hype-disappointment-recovery dynamics as an emerging property of intertwined
social and technological phenomena. Existing Hype Cycle narratives are descriptive,
conflate distinct processes (media attention vs. user experience vs. adoption), and of-
fer no testable conditions for when a hype—disappointment—recovery sequence should
emerge. We addressed these shortcomings by separating—and then coupling—three
dynamics: (1) perceived value (expectations) generated through social interaction,
media, and self-reasoning; (ii) realized performance evolving with learning and scale;

and (iii) adoption as a purchase rule.

We showed how a kinetic model delivers a tractable two-state system for adop-
tion, performance, and perceived value. In the deterministic limit, the purchase
rule reduces to a hard threshold, yielding piecewise exponential adoption and sharp,
interpretable conditions for a hype peak and a trough: expectations fall when me-
dia/content unwind faster than performance. Re-introducing heterogeneity via the
Fokker-Planck stationary distribution yields a smoothed adoption hazard—recovering
the empirically observed S-curve—while preserving the same mechanism and in-
equality structure for the onset of disappointment. We further showed, via a concise
DSMC agent-based simulation, that the mechanism is robust to relaxing time-scale
separation and even persists under constant media: endogenous feedback and het-
erogeneity suffice for HC emergence. Taken together, these results provide (1) a
micro-to-macro derivation of the hype cycle, (ii) explicit, testable conditions for its
appearance, and (iii) a coherent way to interpret policy or managerial levers. The
model yields an explicit condition for the emergence of a hype peak, i.e. equation
4.20: market expectations rise while media influence grows faster than adoption
and peak once adoption growth and performance catch-up dominate, producing a
correction when promised value exceeds realized performance. This condition is
empirically testable using proxies for media exposure and message content, adoption

rates, and objective performance indicators. The same structure provides an inter-
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pretable set of levers: increasing media conveyed value w can accelerate early takeoff
but also increases overshoot risk when w — r is large; lowering the effective price P
(via pricing or subsidies) shifts the adoption threshold; and increasing the respon-
siveness of investment to adoptions (i.e. k1) mitigates disillusionment by narrowing
the expectation-performance gap. These mappings suggest concrete managerial and
policy trade-offs between accelerating diffusion and avoiding excessive expectation

overshoot.

The approach has limits. First, the realized performance function r(¢) is specified
in a modular way (sigmoid in cumulative perceived value and adoption); while
convenient for analysis, the exact form is not pinned down and is likely technology-
specific. More empirical and theoretical work is needed to identify functional
classes for r(-) that match engineering evidence (S-curves with shifting ceilings,
scale-learning terms, or path dependence) and to determine when different forms
qualitatively change the dynamics. Second, in the current presentation we normalize
or exogenize some drivers (e.g., media content level), which helps isolate the core
mechanism but understates strategic behavior and endogenous mechanics in media
behavior. Third, identifiability is nontrivial: media, adoption, and performance are
intertwined, so parameter inference will require careful priors and multiple data

sources.

In sum, the chapter advances the literature by turning the HC from a descriptive
curve into a derivable, analyzable phenomenon with clear microfoundations and
falsifiable conditions. Its strength is the combination of analytical clarity and modu-
larity; its main weakness is the current agnosticism about the precise form of ().
Resolving the latter will turn this from a compelling theory into a practical toolkit

for anticipating and managing hype—disappointment dynamics.

The DSMC scheme employed in this chapter to numerically solve the system
provided a very simple example of how agent-based simulations can be used to
explore with great flexibility regimes that are not easily fathomable with analytical
tools. In the next chapter, we present another example of ABM applied to innova-
tion diffusion. Using the data from the SINFONICA European Project, we show
how ABMs can reflect the complexities of reality and model heterogeneity at the

maximum granularity.
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Analytic vs DSMC trajectories
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(b) Simulated Hype Cycle without time-scale separation and with fixed media signal.

Fig. 4.3 The evolution in time of expectations (blue), adoption (red) and performance (green)
obtained with the DSMC.



Chapter 5

An Agent-based Model for the
Diffusion of Automated Vehicles

Having moved from descriptive S-curves to micro-founded dynamics, we now lean
fully into computation. This chapter, following Masali and Perboli (2024), sets aside
analytical tractability to leverage modern computation and rich data, building an
agent-based model that mirrors the heterogeneity of real populations — who people
are, what they value, and how they respond to experience and information. The goal
is not a new closed form, but a faithful playground: a place to watch diffusion play out
under plausible rules and to see how small differences in people and circumstances

add up to the large, uneven patterns we measure.

5.1 General Context

The concept of a smart city plays a central role in addressing urban challenges
and complexities through digital transformation strategies. This necessitates active
involvement from all stakeholders, ranging from the private and public sectors to

city residents, alongside municipal bodies (Perboli and Rosano, 2020).

The rapid evolution of urban environments into smart cities is driven by the
need to improve efficiency, sustainability, and quality of life for their inhabitants.
Central to this transformation is the integration of innovative transportation ser-

vices that leverage cutting-edge technologies (Apruzzese et al., 2023; Brotcorne
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et al., 2019). One such innovation is Connected, Communicating, and Automated
Mobility (CCAM) systems, which promise to revolutionize urban transportation
by enhancing connectivity, reducing congestion, improving safety, and lowering
pollutant emissions. CCAM systems rely heavily on advanced technologies such as
edge and fog computing, Artificial Intelligence, and IoT to process vast amounts of
data in real-time, enabling vehicles to communicate with each other and with urban
infrastructures. These technologies collectively support the complex data flows and

real-time decision-making required for effective CCAM deployment.

In this chapter, we present an agent-based model (ABM) that simulates the diffu-
sion of CCAM in the context of the Noord-Brabant region of the Netherlands. The
model is informed by data from the SINFONICA project, the flagship European
initiative aimed at facilitating the deployment of innovative CCAM services in an
inclusive and equitable way (SINFONICA Consortium, 2023). By characterizing
agents based on sociological, demographic, and behavioral data, our model provides
insights into how CCAM can be adopted and scaled in urban and suburban envi-
ronments. The findings from these simulations offer valuable implications for city
planners, policymakers, and technology developers working towards the realization

of smart cities.

Agent-based modeling has been extensively employed in the study of both
transportation and innovation diffusion, as it allows to model the behavior of people
in the population at the individual level. Here, we propose a model that merges
these two aspects and captures both the transportation-related behavior and the
consumer behavior of the population. Notable works that employed ABM to predict
the diffusion of innovative products include the application to the diffusion of
photovoltaic solutions in Italy (Palmer et al., 2015; Schiera et al., 2019); diffusion
of energy-saving behaviors (Bastani et al., 2016; Hesselink and Chappin, 2019);
and diffusion of electric cars (Kangur et al., 2017). The authors in Shi et al. (2023)
employed ABM to create a framework to predict the diffusion of green technologies
in general, with a particular focus on the agents’ sentiment towards innovation. In
this work, the sentiment towards CCAM will play a pivotal role, and the evolution of
that sentiment recalls the framework of the the Hype Cycle (Dedehayir and Steinert,
2016), also subject of Shi et al. (2023).

The ability to model traveling habits at the individual level has made ABM

popular in the transportation community as well. Many studies have focused on
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modeling various aspects of automated vehicles on the economic and urban system
(Boesch et al., 2016; Fagnant and Kockelman, 2014; Lokhandwala and Cai, 2018).

For a comprehensive review of the literature in this field, see Bastarianto et al. (2023).

The chapter is organized as follows: Section 5.2 explains the methodology
employed for both the data analysis and the creation of the agent-based model.
Section 5.3 presents the results obtained for some specific configurations of the

model parameters. Finally, Section 5.4 concludes the chapter.

5.2 Methodology

5.2.1 Data

The data and the problem setting used come from the context of the European-
funded project SINFONICA (SINFONICA Consortium, 2023). The data collection
consisted of interviews with people from four different cities or provinces in Europe
(Trikala, Greece; Hamburg, Germany; West Midlands metropolitan area, UK; and
Noord-Brabant province, Netherlands). The model is built using only the data from
the Noord-Brabant province, for consistency. The interviews were conducted on
small focus groups with diverse socio-economical background, and the subjects
could express personal comments on multiple aspects of the questionnaire. The

questionnaire is divided into four main sections:

* Socio-economical information, such as age, gender, education level, and

income;

* Current transportation habits, priorities and limitations. The possible prior-
ities were time savings, availability at any time, safety and security, travel
cost, reliability, environment, reachability, comfort, health-related issues and

cleanness;
* Inclination toward innovation and technology and digital skills;

* Opinion on CCAM.

Many questions allowed for a 5-point Likert scale response. Firstly, preliminary
data cleaning and preparation have been conducted on the dataset. We discarded
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all personal comments and extra information that were too specific to be used to
characterize agents in an agent-based model. We then re-arranged information
on preferred modes of transportation to isolate the two overall favorite modes for
each interviewed person. The final dataset consisted of 39 items with a list of 42
relevant attributes. In order to build an informative agent-based model, we enlarged
the sample with a synthetic population generation procedure based on statistical
analysis and clustering. In particular, we standardized the dataset and applied a
Gaussian Mixture clustering algorithm (Xu and Wunsch, 2005) to the standardized
data, with the creation of tuples of attributes to preserve the statistical correlation
among key columns, such as the ones containing information on the preferred modes
of transport and the travel priorities of people. To optimize the number of clusters,
we used the Bayesian information criterion (BIC) (Neath and Cavanaugh, 2012).
The optimal number of clusters is the one producing the lower BIC score. Figure
5.1 shows that the optimal number of clusters in the dataset is four. To obtain the
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Fig. 5.1 BIC score for different numbers of clusters.

synthetic population, we generated new instances by sampling from the multivariate
normal distribution fitted to the numerical data within each cluster, or based on
the value distribution for categorical attributes. Finally, we deleted outliers and
unrealistic instances. The synthetic population we ended up with is composed of
10000 individuals with a set of attributes statistically distributed as the attributes
in the original sample. We used this population to characterize the agents of an
agent-based simulation of the adoption of CCAM.



76 An Agent-based Model for the Diffusion of Automated Vehicles

5.2.2 Agent-based model

To build an agent-based model from the data collected through the SINFONICA
survey, we needed to define behavioural rules based on the available information.
As a preliminary informative tool, we ran some statistical tests on the attributes to
assess correlations among them. In particular, we created a correlation matrix among
numerical values, that did not reveal strong correlations. For categorical values we
performed a chi-square test that unsurprisingly showed correlations among attributes
that refer to the same domain. In our model, agents represent individual city residents
who interact with their environment and make decisions based on predefined rules.
Each agent is characterized by socio-economic attributes, behavioral attributes,
technological attributes and sentiment attributes. The decision-making process for
adopting CCAM is influenced by factors such as perceived benefits, social influence,

innovativeness and accessibility. Figure 5.2 shows the attributes of the synthetic

|ID |Age \Gender\# Cars \# Mbikes |# Bikes|Education |Emp|oyment|PpI in household \Children |Income |Nationa|ity\Area|

|ID|Age‘Gender‘ |Education |Emp|oyment|PpI in household ‘Children|Income|NationaIity‘Area|
Mode 1]Mode 2 Distance Priority 1|Priority 2 Priority 3|Satisfaction 1 Satisfaction 2 Limitt |Limit2 Limit3 Limit4[Limits _[Limit6[Limit7|
‘Mode l‘Mode 2 |Distance‘Priority 1 |Priority Z‘Priority 3 ‘Satisfaction 1 ‘Satisfaction 2| |Health issues| Digital limit ‘

|PC ‘SmartPh ‘App usage |Tech trust|Tech interestl |Tech interest2 ‘Tech interest3 |Tech interest4‘Tech interest5 ‘Tech confidence|Data attitude‘

| Access ‘ Tech attitude ‘

‘CCAM awareness |CCAM past use |CCAM sentiment|

‘CCAM awareness| CCAM sentiment |m1p1|m1p2|mlp3|m2p1‘m2p2‘m2p3|

Fig. 5.2 The attributes of the survey data (first and third lines) and the corresponding attributes
of the agents (second and fourth lines).

population and the attributes of the agents that were calculated from them, different
colours correspond to different domains. The socio-economic data (in blue in the
figure) were directly assigned to the agents, except the number of vehicles owned,
which has been neglected. The behavioral data (in red in the figure) were also
transferred unchanged, except data on the limitation to mobility, that are highly
correlated with the priorities and so have been neglected. The last three questions
regarding the limitations concerned health problems and digital limitations and
have been included into the “Health issues” and the “Digital limit” attributes. The
technological data (in violet in the figure) have been condensed into the two attributes



5.2 Methodology 77

Priority Walking Bike Car Publ. transp.
Time savings 5 20 30 15
Availability at any time | 0.5 05 1 0
Safety & Security 1 0 0.5 0.5
Cost 0 0 150 100
Reliability 1 05 1 0.5
Environmental reasons | 1 1 0 0.5
Reachability 1 1 1 0.5
Comfort 0.5 05 1 0.5
Health-issues 0 0 1 0.5
Physical activity 1 1 0 0.5
Cleanness 1 1 1 0.5

Table 5.1 Satisfaction thresholds for mode-priority pairs.

“Access”, a binary attribute that encodes if the agent has access to any type of digital
device, and “Tech Attitude”, which contains information on the attitude of the agent
towards innovation and new technologies and is a number between 0 and 1. The
awareness of the existence of CCAM and the sentiment towards it (in yellow in the
figure) are contained into the “CCAM awareness” binary attribute and the “CCAM
sentiment” attribute, respectively. Lastly, six attributes (in green in the figure) are
calculated that encode the performance threshold that the innovative CCAM vehicles
have to reach in order to satisfy the agent. These attributes depend on the preferred
transport mode and the travel priorities of each agent, plus information on her or his

health issues. In this work, they have been calculated following table 5.1.

These are key attributes that determine the shape of the diffusion curve. If data
on the actual diffusion of CCAM will be available, these attributes calibrated in order
to reproduce the actual diffusion curve could give insights on the actual performance
requirements of the population. In this study, the parameters have been assigned
placeholder values, with the primary focus being on the relationships between them.
Note that “Health issues” and “Physical activity” both correspond to the “Health-
related issues” option for the priorities: in one case the ‘“Health issues™ attribute of
the agent is 1, in the other case it is 0. Hence, each agent is equipped with three
threshold values corresponding to one of its preferred modes and three corresponding
to the other, all calculated according to its travel priorities. The CCAM service will
be characterized by a score in each priority category and this will determine its
actual diffusion in the area. CCAM service will also have a minimum digital skill
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requirement to be used. An additional attribute of the agents that does not come
directly from the survey data is the status of the agent, that gives information on
the fact that the person has not adopted yet, has adopted but is not convinced yet, is
a convinced user or has abandoned the innovation. The actual agent-based model
has been developed using the software NetLogo (Wilensky, 2015). This software
allows to simulate the behavior of an adequate number of agents and to easily derive
insights on the evolution of the system by plotting graphs and computing statistics.
If the number of agents gets significantly higher than 10000, it might be too slow to
run a simulation on NetLogo. Once the world is populated with 10000 agents with
the described attributes, interaction and behavioral rules have to be implemented.
We created four different mechanisms that drive the behavior of the agents and
the diffusion of the innovative transport system, namely interaction, advertisement,
purchase, and abandonment. At every simulation time-step (or tick), all the agents
that are non-users interact with another agent and possibly purchase, all the agents
that are on trial decide whether to become users or abandon the innovation and
become haters. The interaction mechanism controls how agents interact with each
other and how this interaction changes their beliefs and status. In this work, a social
network structure that underlies the interactions between agents is not present, as
no information about social structure was present in the SINFONICA dataset: each
agent can equally interact with every other agent in the simulation. It would be
interesting to enrich the model with a network structure that could create bubbles of
faster or slower diffusion or perhaps reveal key nodes with higher influence. When
an interaction between agent A and agent B occurs, agent A can change some of its
attributes:

 If agent A is not aware of the innovation and agent B is, then agent A becomes
aware.

» If agent A has a sentiment towards CCAM lower than the maximum value
(which is 4) and agent B is a user, then agent A increases its sentiment towards
CCAM by 1.

 If agent A has a sentiment towards CCAM higher than the minimum value

(which is 0) and agent B is a hater, then agent A lowers its sentiment towards
CCAM of 1.
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» If agent A has access to a digital device and it is aware of the existence of

CCAM and if agent B is a user, then a purchase event occurs.

The fact that the purchase may occur only after the interaction with a user models
the “word of mouth” effect. The purchase mechanism controls how non-users go
into on trial period. If the digital skill of the agent is higher than the required
digital skill the agent might adopt the innovation: this will depend on its level of
satisfaction (0, 1 or 2) with one of its current transport modes and on its sentiment
towards CCAM (0, 1, 2, 3 or 4). These attributes have been built so that if the
sentiment is higher than the satisfaction level with one of the modes +1, the agent
replaces that mode with CCAM with a probability that is proportional to its “Tech
attitude”. If this happens it also changes its status from non-user to on trial. This
mechanism has been thought so that an agent that is not satisfied with its current
transportation habits is more likely to try the new system even if he or she has some
reservations on CCAM. Furthermore, the adoption of the new technology is more
likely the higher the agent’s inclination towards technology is. The advertisement
mechanism controls how agents interact with marketing campaigns and how higher
investments in advertisement can influence the diffusion of an innovation. Every
time an agent interacts with advertisement, the same thing as if it interacted with
a user happens and a purchase event might occur. The probability of an agent
interacting with advertisement is proportional to parameter ADV-strength, which
represent the investments and effectiveness of the advertisement campaign. The last
rule that governs the agents’ behaviour in the model is the abandonment rule. After
a trial period, newcomers decide whether they like or not the CCAM system and
become either users or haters. This will happen based on the performance levels
of the system and on their personal performance thresholds. Given a transportation
mode that has been replaced with the CCAM system, each agent has three threshold
values associated with it. The algorithm computes the number (0, 1, 2 or 3) of
requirements that the CCAM system fulfills, according to its performance attributes.
The agent will decide whether to buy or not based on its satisfaction level with the
old transportation mode and on the number of requirements that the new system

satisfies. In particular:

 If the CCAM service satisfies all three requirements the agent becomes a user
no matter the satisfaction level with the old mode.
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 If the CCAM service satisfies two requirements the agent becomes a user if

the satisfaction level with the old mode is O or 1. It becomes a hater otherwise.

 If the CCAM service satisfies only one requirement the agent becomes a user

if the satisfaction level with the old mode is 0. It becomes a hater otherwise.

 If the CCAM service does not satisfy any requirements the agent becomes a
hater no matter the satisfaction level of the old mode.

These four rules enable the agents that populate the simulation to interact with each
other and with the environment, to create their own ideas on the new transportation
system and to act accordingly, adopting or not the innovation based on their priorities
and the performance level of the technology. The simulation allows to reproduce
various scenarios of technology readiness and advertisement investment and to
compute various performance indicators, such as the number of users of the CCAM
service, the number of users of each traditional transportation mode, the average
sentiment towards CCAM. In the next section, we will show the outcomes of some
of these scenarios and discuss the potentiality of the model for policy makers and
and stakeholders.

5.3 Results

The scope of this chapter is to present the agent-based model that we have built based
on the dataset of the SINFONICA project, and to show some of its potentialities.
The results we describe in this section are aimed to illustrate different kinds of
scenario that can be tested inside the agent-based framework. Let us stress here
that the threshold levels we set following table 5.1 are important parameters that
control the outcome of the simulation. In this case, they have been set to placeholder
values and the only important thing is where, between the classical transportation
modes, the innovative system positions its performance parameters. We will illustrate
two different scenarios, with different combinations of parameters, that will show

qualitatively different diffusion processes.
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5.3.1 Scenario 1

With the first scenario, we are going to investigate the effects of different average
speeds of the CCAM system on its diffusion. In the dataset we are using, “time
savings” is the most common priority indicated by the respondents, both overall and
by car users (which the SINFONICA project aims to reduce). For this purpose, let us
set the parameters of the technology to mimic the performance level of an excellent
public transportation service. This means to set the parameters according to the
first column of table 5.2 and to vary the average velocity to outperform traditional
transportation modes, progressively. CCAM speed values are set to 10, 18, 25 and

35, respectively.

Priority Scenario 1 ~ Scenario 2
Speed - 10
Availability at any time | 0.8 0.4
Safety & Security 0.8 0.4
Cost 90 160
Reliability 0.8 0.4
Green-nes 0.8 0.4
Reachability 0.8 0.4
Comfort 0.8 0.4
Physical activity 0.8 0.8
Cleanness 0.8 0.4
ADV strength 0.0015 0.004

Table 5.2 CCAM system parameters for different simulations.

We show in figure 5.3 the diffusion curves of this scenario, along with the
evolution of the number of car users. This is an example of progressively more
successful diffusion processes. In the final case the new technology is accepted
by the population, there is a good number of users, a contained number of haters
and every person has tried the innovation before deciding whether to adopt it. The
small number of non users that had not tried it are persons without access to a digital
device, that cannot adopt the innovation. If we observe the evolution of the number
of users of the various modes, it is easy to see how the car users are the category
that is the most disappointed in the CCAM service and how the car levels return
almost to initial levels after a short drop in users that were trying the new service. In
fact, the percentage of old car users among the adopters compared with the initial

number is the lowest, together with the number of walker adopters (who make up
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Fig. 5.3 Evolution of the diffusion process with number of users (non users in blue, users
in red and haters in yellow) and travel mode usage (car users in red, bike users in orange,
public transport users in blue and walkers in yellow), for different values of Speed of the

CCAM system.



5.3 Results 83

the smallest fraction of users and are of little concern). This indicates that, according
to the dataset from SINFONICA and to this model, reducing car levels in the area
is a difficult task and that car users are not easily convinced to switch to a more
sustainable mobility. To design a CCAM public transport system that appeals to
car users would mean to increase the reachability and the comfort of the service,
which are the most common priorities of car users according to the interviews, as
well as its velocity. This will bring up the levels of old car users among the adopters
and consequently reduce the number of cars in the area. The agent-based model
presented in this chapter enables decision makers to test different configurations of
parameters to understand the effects on the diffusion process of different product

designs, or communication campaigns.

5.3.2 Scenario 2

The Bass model (Bass, 1969) divides the adopters of an innovative product into
innovators and followers, where innovators independently adopt the innovation, while
followers adopt under the pressure of a “social force”, or “word of mouth”, that grows
as the number of users grows. Arguably, the innovators do not act autonomously
but are convinced to purchase by the communication campaign that the company
selling the innovation has funded. The second scenario aims to investigate the
effects of advertisement on the shape of the diffusion curve and on the evolution
of the mean sentiment towards CCAM in the population. As the effectiveness or
the magnitude of the communication campaign grows, the less important the social
force effect becomes, and the S-shaped diffusion curve straightens. Furthermore,
if the technology is not ready, advertisement may drive the expectations towards a
technology up to a point where they are not met by the actual performance of the
product, and disappointment might happen, letting the Hype Cycle emerge.

Figure 5.4 shows the evolution of the average sentiment in the population towards
CCAM and has been obtained by setting the parameters as in the second column
of table 5.2, corresponding to a bad service. The strength of the advertisement
campaign has been set to 0.004, higher than the previous case. The oscillating shape
of the curve shows that the agent-based model is able to recreate, under specific
circumstances, the hype phenomenon. Note that, if the performance level of the new
system is not high enough, a subset of agents does not adopt it in the long run without
having tried it, but because they were told of the poor performance and have a low
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Fig. 5.4 The evolution of the average sentiment following the Hype Cycle pattern.

sentiment towards the technology. This is observable in the model even without an
underlying social network structure, that may enhance this effect. For example, the
simulation that produces the hype cycle effect described above ended with 3104
non-users, of which 1462 with low sentiment value and access to digital devices.

5.3.3 Scenario Generation

The scenarios above are illustrative, by design. Our only empirical foundation is
the population characterization from SINFONICA’s Noord-Brabant focus groups: a
small but carefully cleaned sample that we expanded into a 10,000-agent synthetic
population preserving the joint distribution of key attributes. What we do not observe
are two crucial objects: (i) the realized performance trajectory of a CCAM service
that would actually operate in the region, and (ii) an observed adoption path for
CCAM to calibrate the diffusion curve. In the absence of those data, the model is used
as a controlled thought experiment: we hold the empirically grounded population
fixed and vary a small set of CCAM service attributes and communication intensity
to examine how a plausible, data-informed society would react. The thresholds in
Table 5.1 and the service parameters in Table 5.2 are therefore placeholders chosen

for internal consistency and contrast, not measurements of any existing deployment.

This choice is consistent with the purpose of this chapter. The goal here is not to
forecast the exact adoption of a specific CCAM product, but to map mechanisms: how
sentiment, word-of-mouth, and trial-abandon decisions interact with heterogeneity
in priorities and access; how raising one performance dimension (e.g., speed) shifts
adoption across user types; how stronger advertising can straighten an S-curve and
amplify disappointment when performance lags. The scenarios are counterfactual
probes that show what the empirically characterized population would do under
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specified, hypothetical technology profiles. When richer data on CCAM performance
and early adoption become available, the same framework can be re-estimated, the
placeholder parameters replaced with measured ones, and the exercise upgraded

from illustrative exploration to calibrated policy analysis.

5.4 Conclusions

In this chapter, we have given an example of the potentiality of an agent-based
model for the diffusion of an innovative transportation system. The model has been
populated with agents characterized by attributes that define both their travel and
their consumer behavior. The attributes are informed by data from the SINFONICA
project, a European funded project with the goal of facilitating the adoption of
Connected, Communicative and Automated Mobility (CCAM) systems in Europe.
The SINFONICA dataset consisted in interviews with a panel of 39 people from
the Dutch region of Noord-Brabant. The dataset has been cleaned and analyzed
and a 10000 people synthetic population has been generated, maintaining the same
statistical properties of the original sample. The agents in the model have attributes
defining their socio-economic status, their preferred travel mode, their travel prior-
ities, their technological skill level, their inclination towards innovation and their
sentiment towards CCAM. Once the simulation is populated by the agents, we set
the rules that control the different behaviour of those agents, namely interaction,
purchase, advertisement and abandonment. The agents interact between one another
and exchange information and opinions on the innovative system and they change
their sentiment towards it. The advertisement campaign is another mechanism that
can influence the opinion of the population on the product. The agents then decide
whether to try the innovation based on their level of satisfaction with their usual
modes of transportation and their sentiment towards the new mode. The purchase
is always triggered by the interaction with the advertising campaign or with a fel-
low agent who is a user of the innovation. This ensures the model to account for
both spontaneous innovation and word of mouth effect. After a period of trial, the
agents decide whether to abandon the innovation and return to their old mode of
transportation or to integrate the new mode into their habits. This decision is taken
based on the performance level of the service and the satisfaction of the agent with

its usual modes. If an agent decides to abandon, it becomes an hater and spread bad
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reviews of the technology in the population. We showed two possible scenarios for
the diffusion of CCAM in the area. The first scenario is an example of successful
diffusion, where the technology is well accepted by the population. We show how
the car users are hardly seduced by the CCAM service and that the ABM can provide
insights for informed product design and/or communication strategies. The second
scenario shows the effects of advertisement and poor performance product on the
diffusion process. We showed how, under specific circumstance, the evolution of the
mean sentiment towards the innovation in the population follows the Gartner hype
cycle, rising to a peak of inflated expectations and then falling when compared to the
actual performance of the service. This aspect of the model has not been thoroughly
investigated and is an interesting future development worth pursuing. In general, the
model is able to reproduce a variety of qualitative diverse adoption patterns and can
be a precious tool for decision makers to test different diffusion scenarios. Future
improvements include the introduction in the model of the social network structure.
In addition to that, the dataset it was built on is limited. In the future, SINFONICA
will provide larger datasets and we will be able to better characterize our agents and

to run more sophisticated simulations.



Chapter 6
Conclusions

In this dissertation, we have investigated how the lens of complexity can improve
our understanding of how innovations diffuse in societies. This approach places
the focus on the hidden mechanics that govern the observable outcomes, on the
interactions, the feedbacks, the non-linearities that shape the spread of new things,
and their acceptance. In practical terms, that means treating aggregate S-curves
as summaries rather than mechanisms, and making explicit the micro- and meso-
processes that bend those curves: heterogeneous agents exchanging information
with unequal credibility, media signals rising and waning, and realized performance
catching up (or failing to) with early claims. When these ingredients are modeled
explicitly, familiar deviations — stalls, overshoot, and “hype-disillusionment” — are
not anomalies but expected regimes of a multi-scale system. The pay-off is twofold:
cleaner explanations and decision-relevant forecasts that respect uncertainty and
identification limits. Accordingly, the thesis progressively zooms in on the underlying
mechanics of diffusion. In the following, the main contributions from each chapter

are clearly stated.

6.1 Main Contributions

In chapter 2, we showed that a disciplined adaptation of the Bass model can summa-
rize national progress toward the SDGs and extract timing diagnostics (take-off/peak
improvement/saturation) from country trajectories. The contribution is intentionally

modest and practical: treat the S-curve as a summary of a many-actor system, not as
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a mechanism. The analysis highlights heterogeneity across countries—consistent
with structural capacities and constraints—and argues that, despite shocks and policy
complexity, a compact curve still travels well enough to support comparable timing

forecasts.

In chapter 3, we moved from description to mechanism by deriving an operative
adoption equation from a kinetic (Boltzmann) model of interacting, boundedly ra-
tional agents. The closed-form law (with the regularized lower incomplete gamma)
links macro S-shapes to micro updating rules and keeps interpretable levers — media
strength w and realized performance r — explicit. Empirically, the model matches
classic benchmarks (TV, AC, dryer, freezer) and is shown to be suitable for early-
stage forecasting: using only the first 3—5 years of data, it delivers planning quantities
(market potential, peak timing/height, saturation) with quantified dispersion; results
improve with five points and are product-specific where uncertainty remains. Distri-
butional fitting via Bayesian inference of the parameters is also performed to provide
a more informative and reliable fitting of the empirical data. The kinetic innovation
diffusion model is framed as a bridge between aggregate Bass-type models and

simulation-only ABMs.

In chapter 4, we extended the lens from adoption to expectations, coupling
perceived value, adoption, and performance to turn the Hype Cycle from a picture
into a set of testable conditions. The chapter states the peak condition linking media
and adoption growth to performance catch-up, shows how heterogeneity smooths
adoption via the kinetic/Fokker-Planck route, and uses a DSMC scheme to confirm

that hype-like dynamics arise even with fixed media once the feedbacks are in place.

In chapter 5, we provided a data-informed ABM of CCAM diffusion to show
what a micro-level, policy-tunable model can deliver. Using SINFONICA interviews
from Noord-Brabant, we built a 10000-agent synthetic population via Gaussian
mixtures, we endowed agents with socio-economic and travel attributes, technology
attitude, and sentiment, and we implemented interaction, advertising, purchase,
and abandonment rules in NetLogo. Two scenarios illustrate qualitatively distinct
regimes. With strong performance, diffusion succeeds and sentiment stabilizes; with
weaker performance and stronger advertising, the mean sentiment oscillates in a
pattern consistent with hype and disillusionment; car users prove hardest to convert,
invoking ad hoc strategies to ensure a successful diffusion process.
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6.2 Limitations

The methodologies presented in the dissertation have limits that must be taken into
consideration and are tied to the scale and purpose for which they are intended. The
value of the chapter 2 is descriptive: it treats the S-curve as a compact summary of
multi-actor dynamics, not a structural mechanism. That choice has trade-offs. First,
results depend on preprocessing choices (shifts of the initial condition, smoothing
in noisy series, Monte-Carlo restarts) and on guardrails like forcing M = 100 in
near-linear cases; these steps are necessary for stable timing diagnostics but also
introduce operator judgment. Second, the framework cannot accommodate structural
breaks or regime changes except by excluding non-S trajectories or refitting; as a
result, countries with instability or shocks are precisely those where the method is
least informative. Third, because the Bass layer is mechanism-agnostic, it cannot by

itself attribute changes in slope to policy, institutions, or network effects.

Chapter 3 explains the S-shape from micro rules and yields a closed form, but
it pays a cost in identifiability. Early in diffusion, different parameter bundles
(e.g., media strength w vs. interaction parameters, or total number of agents N
vs. steepness via y) can fit the same partial trajectory; point estimates risk over-
confidence. Interpreting fitted parameters as literal behavioral quantities can be
dangerous and ensembles are to preferred over single fits. A second limitation is
model parsimony in heterogeneity of the agents: multi-class extensions (different
a;, b by segment) are natural but can compromise the neat closed-form hazard that
makes equation 3.46 tractable, and have not been implemented in the dissertation.
Finally, mapping real advertising effort into w is out of scope, so w remains an

abstract control rather than an operational spend-to-impact function.

Chapter 4 isolates a clear mechanism and delivers testable peak-trough conditions,
but it does so by making cleaning assumptions. Most importantly, the realized-
performance path r(¢) is kept generic and its form is not thoroughly investigated;
the analytic clarity this buys comes at the price of technology-specific fit and leaves
open which functional classes of r(-) best align with engineering evidence. In places,
media intensity is normalized or treated as exogenous to focus on the mechanism;
this tempers claims about strategic media behavior and co-movement with adoption.
Finally, joint identification of media, adoption, and performance is hard: without

informative priors and multiple data sources, parameters will be entangled.
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The model described in chapter 5 is informative as a calibrated playground, but
several limits remain. The thresholds that gate adoption/abandonment are placehold-
ers in the illustrative runs; different settings would change quantitative outcomes.
Interactions are well-mixed in the reported experiments (no explicit network), so
cascade patterns and targeting strategies are only partially explored. External validity
is inherently bounded by the data: the synthetic population is learned from a small,
local sample (Noord-Brabant focus groups), and larger SINFONICA waves are
needed to refine agent heterogeneity and to test portability. Finally, the mapping
from advertising intensity to outcomes is stylized (a single “ADV-strength” knob),
which is adequate for scenarios but not yet a market-ready media model.

6.3 Future Developments and Final Remarks

The results obtained in this dissertation suggest several natural continuations. They
all follow the same logic that guided the thesis: use each layer for what it does best,
and each tool for the right purpose.

A first direction is to extend the investigation on the relation between NIEs
and SDG development by leveraging tools such as agent-based and network dif-
fusion models. This would allow to model explicitly the interactions — funding
ties, knowledge flows, supply-chain links, public attention — that happen among the
heterogeneous actors of innovation ecosystems — ministries, agencies, regions, firms,
universities, financiers, NGOs, media, citizen groups. This would mean to build
a multilayer network over which capabilities, practices, and technologies diffuse.
Agents would follow simple decision rules — investment, collaboration, adoption,
imitation, lobbying — and the synergies, bottlenecks, and feedback loops would
emerge from how layers interact. This would allow to ask structural questions that
a Bass fit cannot answer: which missing connections produce stagnation, which
coalitions unlock SDG progress, and where coordination failures create fragility in
otherwise promising trajectories.

A second line concerns the extension of the kinetic diffusion model to move it
closer to real markets. To incorporate richer heterogeneity of agents, design more re-
alistic engaging mechanisms with the innovation (abandonment, repeated purchases),
or adopting an endogenous media signal would go in that direction. Heterogeneity
can be encoded in a finite set of segments — enthusiasts, pragmatists, laggards — with



6.3 Future Developments and Final Remarks 91

segment-specific credibility, media sensitivity, and thresholds. The macroscopic
law then becomes a mixture of segment hazards that still retain the regularized-
gamma structure. Engagement should also move beyond one-shot adoption: add
abandonment so the adoption stock can contract when expectations fall or perfor-
mance disappoints, and introduce an age-dependent replacement process to separate
penetration from sales and produce realistic multi-peak sales without inflating ulti-
mate adoption. A light multi-unit layer covers categories with repeated purchases.
Finally, one could close the media loop by making attention an endogenous state that

responds to adoption acceleration and performance improvements.

A third direction is to create a data-informed realized performance function r(-)
to plug into the system of chapter 4 and to collect coherent data to inform a useful
fitting of that model. This would turn r(-) from a placeholder into a data-informed
driver, tightening identification and making the Hype Cycle mechanism estimable

and decision-relevant.

Finally, an immediate extension to the ABM described in chapter 5 is to embed
agents in explicit networks (small-world, modular, spatial) and to study how topology
changes cascade patterns, targeting efficiency, and the conditions under which hype-
like sentiment persists or is damped. The synthetic population pipeline is already
in place; adding network structure and running sensitivity analyses would test

robustness without altering the behavioral rules.

This work closes where it began: with the claim that diffusion belongs to the
natural habitat of complex systems. Heterogeneous actors, interactions, and nonlinear
feedbacks generate patterns that no top-down curve can fully explain on its own. The
thesis responded by mixing parsimony and mechanism — keeping summaries where
they are informative, and bringing in structure where they are not. In doing so, it
aligned innovation studies with a broader tradition in complexity science that moves
smoothly between microscopic rules and macroscopic emergent behavior, without
losing rigor and predictive discipline.

The result is not a unified theory but a useful set of instruments: innovation
diffusion should be investigated with the tools of complexity, matched to the scale
of the question and tied back to evidence. National trajectories can be summarized;
expectations and performance can be modeled as coupled dynamics; ecosystems

can be explored as interacting heterogeneous agents. Together, these choices make
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diffusion intelligible and actionable, acknowledging limits while extracting the

structure that matters for policy and management.
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SDG Index Peak and Saturation
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Fig. A.1 Legend.
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Fig. A.2 The fitting parameters, peak and saturation times and fitting error for the first third
of the analyzed entities. The RMSEs in yellow are between 0.15 and 0.2, the ones in red
exceed 0.2.
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Fig. A.3 The fitting parameters, peak and saturation times and fitting error for the second
third of the analyzed entities. The RMSEs in yellow are between 0.15 and 0.2, the ones in

red exceed 0.2.
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Fig. A.4 The fitting parameters, peak and saturation times and fitting error for the last third
of the analyzed entities. The RMSEs in yellow are between 0.15 and 0.2, the ones in red

exceed 0.2.
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Posterior Distributions

Posterior distribution of b (TV) Posterior distribution of b (AC)

Z 20000
10000
o
3 4 s 6 7 s H
1es

Posterior distribution of gam (AC)

0
e
Eo

s
o

Posterior distribution of w (AC)

®
Lo
E 20

.

0008 0010 0012
Posterior distribution of gam (TV)

020 025 030
Posterior distribution of w (TV)

Posterior distribution f r (AC)
20
0

1
z -
fo g
3 i =

B s

ol ol

0350 0ors Loo0 o e 0300 asozs as030 g7 asm0 a9z
s Posterior distribution of N (TV)
s a000s
B

00000 4
0000 %000 100000 15000 20000 21000 22000 23000 24000 25000
............

Fig. B.1 The posterior distributions of the parameters obtained through the Metropolis-
Hastings algorithm, for the products color TV and air conditioner.



109

Posterior distribution of b (Freezer)
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Fig. B.2 The posterior distributions of the parameters obtained through the Metropolis-
Hastings algorithm, for the products dryer and freezer.
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