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Understanding, measuring, and projecting technology growth in energy
transitions

AVI JAKHMOLA
Department of Environmental and Energy Sciences
Chalmers University of Technology

ABSTRACT

Meeting climate targets depends on how fast low-carbon technologies
replace fossil fuels. Wind and solar power are now among the cheapest
sources of new electricity, which many take to mean their growth will be rapid,
seamless and uniform. Techno-economic models, in which deployment is
largely cost-driven, project much the same. But how does growth actually
unfold, and how far ahead can it be anticipated?

This thesis shows that growth instead proceeds in four phases – formative,
accelerating, steady, and slowdown – each shaped by drivers and barriers
that shift as technology and policy co-evolve. It develops tools that ana-
lyse growth as it unfolds, without imposing a fixed shape or destination,
and locate shifts between phases directly in deployment data. The findings
contradict three common assumptions. Growth does not follow a simple
S-curve: for wind and solar, initial acceleration typically ends at around 3%
of a country’s electricity generation, far earlier than an S-curve’s midpoint
implies, giving way to prolonged steady growth punctuated by stalls and
re-accelerations. Learning rates are not constant: across 145 cost series, the
cost decline per doubling of deployment steepens as technologies mature,
yet annual cost reductions slow, because each doubling takes longer. And
technologies do not spread evenly: across more than 90 technologies in over
200 countries, later adopters pass through the phases in less time but deploy
more slowly and saturate lower, consistent with a weaker capacity to absorb
new technologies.

A hindcast-validated probabilistic model, PROLONG, projects a baseline
for what is likely given the growth observed across countries, rather than
what is cost-optimal or required by a target. Its central projections for wind
and solar grow much like the IPCC’s 2 °C-compatible pathways, and faster
than current policy scenarios. The COP28 pledge to triple renewables by
2030 sits near its 95th percentile, and would require major economies to
accelerate wind and solar growth by 1.4 to 5 times. Together these findings
replace a smooth, cost-driven picture with a phase-based one, in which
barriers change from phase to phase rather than fading as technologies
become cheap, and the support that sustains growth evolves with them.

Keywords: energy transitions, technology growth, technology diffusion,
probabilistic projections, climate change mitigation
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CHAPTER 1

Introduction

“The reader must not suppose that electric lighting by
means of [wind] power . . . is cheap because the wind costs
nothing. On the contrary, the cost of the plant is so great as
to more than offset the cheapness of the motive power.”

— Scientific American, on Charles Brush’s wind dynamo,
1890.

When reporting on one of the first attempts to generate electricity
using wind power, Scientific American cautioned readers against the
seductive appeal of a power source that appeared to cost nothing:
while the wind itself was ‘free’, the machine cost a lot of money and
was too unreliable to compete with cheap coal power [1]. This view
persisted through most of the twentieth century, when the case against
wind and solar power rested on their inability to compete not only
with fossil energy but also ‘cleaner’ alternatives like hydroelectricity
and nuclear power. For more than a hundred years, these relatively
expensive technologies remained confined to the fringes of energy
systems, even as the world awoke to the perils of climate change and
recognised the need to cut greenhouse gas emissions.

That age is firmly behind us. Following rapid technological improve-
ment and burgeoning demand in recent decades, wind and especially
solar PV are among the cheapest sources of new electricity in many
parts of the world [2, 3]. The very technology costs that prevented
them from breaking out of small niches are now used to argue in favour
of an unstoppable green energy transition [2–6].

Yet deployment has not been as effortless as that story implies. Des-
pite breaking new records every year, the world is not on course to
triple renewables capacity by 2030, nor to reach net-zero emissions
by 2050 [3, 7], with countries diverging sharply in how significant a
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Figure 1.1: Charles F. Brush’s wind dynamo, Cleveland, 1888. The 17-
metre wheel drove a 12 kW dynamo which charged 408 battery cells in
the basement of Brush’s house and supplied 350 incandescent lamps.
Engraving from Scientific American [1]
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SCIENTIFIC BACKDROP FOR ANTICIPATING TECHNOLOGY GROWTH

role new renewables (solar and wind) play in their respective energy
systems. For instance, in 2025, solar supplied close to a fifth of all
electricity in both Germany and the Netherlands – not the sunniest
places in the world – while it barely made a dent in Egypt and Algeria
which enjoy some of the best solar resources on the planet [2]. The
panels themselves are a globally traded commodity that cost roughly
the same in Cairo and Cologne, but there are other economic and
socio-political forces that have shaped the expansion of solar power
across countries. Thus, the decline in the cost of solar panels or wind
turbines, as remarkable a story as it has been, is only one chapter in
the energy story of our times.

It is what comes next that motivates this thesis. The bottleneck
has shifted from technology invention to expansion: the technologies
exist and are cheap, and the central question is no longer whether we
have the technologies to decarbonise energy, but how fast, and how
widely, they can be deployed. Especially so, given the threat posed
by climate change. Mitigating it requires a sweeping technological
transformation: the replacement of fossil energy with low-carbon
technologies across power, transport, and industry [8]. Meeting the
climate targets therefore depends on the rate of deployment, and that
rate is vexingly hard to anticipate. It is shaped not only by market
forces but by policy, and by financial, socio-political, and institutional
support. Understanding the patterns of technology growth, and the
degree to which its speed can be foreseen, is thus critical to climate
mitigation: it conditions the design of policy, the feasibility of targets,
and the credibility of different visions for the future.

1.1 Scientific backdrop for anticipating techno-
logy growth

If the speed of deployment is not a simple function of technology cost,
then there is a significant blind spot in integrated assessment and
energy system optimisation models (IAMs and ESOMs), which are
the dominant tools we use for anticipating technology futures and
exploring how the energy transition might evolve. IAMs and ESOMs
represent the growth of technologies largely through cost-optimal dy-
namics: deployment expands where and when it minimises the cost of
the system at large, subject to constraints that are mainly technical or
economic in nature [9]. Policy enters this picture only obliquely, most

3
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often as an exogenous input – a carbon price, technology mandate,
or emission constraint – rather than as a force that co-evolves with
the technology itself. The socio-political drivers that shape real-world
deployment, and the way those mechanisms shift as a technology
matures are represented scantily if at all [10–12].

The case of solar power demonstrates these limitations plainly. For
years, the models in this paradigm were too pessimistic about the pro-
spects of solar power, projecting slow uptake because they assumed
solar PV would remain too expensive to be widely adopted. The price
of modules collapsed and deployment broke successive records, leav-
ing those projections behind and attracting sustained criticism [6, 13,
14]. The risk now runs in the opposite direction. A technology that has
become cheap enough to outcompete all other sources can, in models
where cost drives deployment, be projected to expand with insuffi-
cient regard for the systemic, financial, and socio-political barriers
that govern how fast it can actually be built. The same suite of tools
that once projected deployment that was too slow can now project
too fast [15, 16], not for any lack of rigour, but because the cost-driven
approach is blind to much of what shapes diffusion.

A second family of tools directly extrapolates growth from historical
deployment. For decades, researchers have measured the growth of
technologies with S-curves, in which deployment accelerates, slows
and levels off at a ceiling [17–20]. The S-curve has proven remarkably
powerful as a theoretical lens through which to look at the past: one
can fit a curve to a technology whose growth is complete and measure
how long the transition took, even when the precise functional form
remains uncertain [21]. However, it is far less reliable as a guide to the
future [22–24], because the ceiling that anchors the curve cannot be
known until growth is nearly over [25, 26]. Without the ceiling, no one
can say where a still-growing technology is on its S-curve, how long its
growth will last, or where it will stop. Nor, while growth is still under
way, can anyone be sure that an S-curve describes it at all. Recent work
has advanced the frontier by testing which curves best fit the data, and
quantifying, through hindcasting, how wrong extrapolations based
on such fits have typically been [27, 28]. These methods show how
uncertain projections are if growth follows one S-curve or another,
but they retain the core assumption that it follows an S-curve.

Both approaches, in different ways, treat growth as a single process.
Yet technology growth unfolds within systems shaped simultaneously

4
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by technological, economic, social, and political forces, and the bal-
ance between these forces changes over the course of a technology’s
diffusion [15]. Anticipating how new technologies grow cannot, there-
fore, rely on a single mechanism operating identically across the whole
lifecycle, nor on a single curve.

This thesis advances an understanding of technology growth
which bridges techno-economic and socio-political forces without
privileging one over the other. It structures growth as a sequence of
distinct phases, each governed by a different configuration of drivers
and barriers, and each shaped by the co-evolution of technology
and policy. Because each phase produces a distinct growth pattern,
the transitions between them, such as takeoff and the end of initial
acceleration, can be detected in the deployment data itself. That
opens a different question. Rather than asking where a technology
is on a curve whose shape and ceiling must be assumed, I ask what
the data, as observed, tell us about the phase it is in, and develop
tools to answer it. Knowing which phase a technology is in matters
for two reasons: the policies that can accelerate its growth differ from
one phase to the next, and so do the dynamics we can reasonably
extrapolate into the future. This phase-based understanding of
growth makes it possible to characterise how technologies actually
grow and, in turn, measure and project that growth.

1.2 Building an empirical basis for analysing tech-
nology growth

Reading phases from the data, rather than from an assumed curve,
requires deployment data of a scope that could only recently be as-
sembled. This thesis draws on long-run records of deployment for
more than 90 technologies across over 200 countries, from the nine-
teenth to the twenty-first centuries – not only low-carbon energy tech-
nologies such as solar and wind, but a diverse set across sectors and
eras, from nuclear power and gas turbines to mobile phones. Many
of them have completed their growth, and so offer something the
still-unfolding energy transition cannot: the full sequence of phases,
from first deployment to saturation. To these I add an expanded data-
set linking cost and cumulative deployment for over 60 technologies,
which lets me ask whether costs fall at the same pace in every phase
of growth.
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Breadth of this kind changes what we can ask of the evidence we
have. One can fit almost any curve to the history of a single technology
retrospectively, but a single case cannot distinguish a recurring pattern
from one that happened by chance. Only across many technologies,
many countries, and the full course of their growth do robust regular-
ities, or ‘stylised facts’, become visible. Completed cases show what
each phase looks like, and the breadth of the sample shows which
of those patterns hold across contexts. This is where the aim and
questions of this thesis begin.

1.3 Aim and research questions

This thesis aims to develop a better understanding of how technologies
grow, to build methods that measure this growth without presuppos-
ing its shape, and to use them to project the future deployment of
low-carbon energy technologies and benchmark climate-mitigation
pathways against probabilistic baselines.

These three ambitions – to understand, to measure, and to project –
organise the thesis and its questions. Together they answer a single
overarching question:

What characterises the growth of technologies across their
lifecycle, and what can an empirically grounded under-
standing of it offer for measuring and projecting technology
growth in energy transitions?

I break this down into three research questions.
RQ1: Understanding growth. What patterns characterise the

growth of technologies: (a) how well do the smooth S-curves conven-
tionally used to describe deployment capture how it actually unfolds
over the lifecycle; (b) how do costs and learning dynamics evolve over
the technology lifecycle; and (c) how does diffusion differ between
early and late adopters, both in how quickly a technology reaches new
countries and in how it grows within each one?

RQ2: Measuring growth. What tools and metrics can identify
phases, turning points, and the speed of diffusion without assuming
a functional form in advance?

RQ3: Projecting growth. What methods can probabilistically pro-
ject the global growth of technologies from past data, and how do the
resulting trajectories compare with climate-mitigation pathways?

6
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1.4 Structure of this thesis

The remainder of the thesis proceeds as follows. Chapter 2 situates the
work within the study of energy transitions and technology diffusion,
drawing on the S-curve, socio-technical, and techno-economic tra-
ditions of analysing technology growth to distil the gaps it addresses.
Chapter 3 sets out the analytical framework – the four phases of tech-
nology growth – together with the data and the model-agnostic tools
developed to measure growth, and the probabilistic model developed
to project it. Chapter 4 presents the results along the three lines set out
above: understanding how growth unfolds, measuring its dynamics,
and projecting future trajectories. Chapter 5 draws out the thesis’s
contributions and their implications for modelling and policy, be-
fore turning to its limitations and to directions for future research.
Chapter 6 concludes.
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CHAPTER 2

Background

2.1 Energy transitions and climate change mitiga-
tion

Energy has always been fundamental to human society. The availab-
ility of abundant and useful energy underpinned industrialisation,
and with it the growth in economic output and living standards that
followed [29, 30]. Access to energy remains closely entwined with
human development, and its role in modern society is evident from
the sheer scale of the systems that supply it.

Those systems have been in flux for much of history. Human soci-
eties moved from traditional biomass to coal, and later from coal to
oil and gas, and each of these transitions reshaped economies, set-
tlements and ways of life [30–32]. Each also unfolded over decades,
rather than years, driven largely by the superior cost, convenience or
performance of the incoming energy source [30, 33, 34].

A further transition is now under way, from fossil fuels toward low-
carbon electricity led by wind and solar power. It differs from its
predecessors in two important respects. First, it is being deliberately
driven and sustained by public policy rather than emerging from cost
and convenience alone. Second, its pace is dictated by an urgent
deadline.

That urgency comes from the need to mitigate climate change
(Figure 2.1). Fossil energy produces most of the world’s greenhouse
gases [8], so no country can cut emissions far without decarbonising
how it generates and uses energy. This is reflected in government com-
mitments including the Paris Agreement, a growing set of national
net-zero pledges, and the COP28 promise to triple global renewable
capacity by 2030 [3, 7, 8, 35].

9



BACKGROUND

Figure 2.1: Total global emissions (a) and electricity generation (b) in the
International Energy Agency’s Net Zero Emissions by 2050 scenario [3].

Designing climate policy, and anticipating what it will achieve, there-
fore requires an understanding of how technologies grow. In the rest
of this chapter I examine three traditions, each of which has taken up
one of three questions: what growth looks like, what drives it, and how
it can be projected. The first, rooted in diffusion research and eco-
nomics, measures how technologies spread and how their costs fall
(section 2.2). The second, rooted in the socio-technical and political
study of transitions, explains what makes that spread possible (sec-
tion 2.3). The third, techno-economic modelling, draws on elements
of both to look forward (section 2.4). The first two study growth as it
has happened; the third anticipates it. Section 2.5 sets out the three
gaps these traditions leave, in what is known about growth, in how
it is measured, and in how it is projected, and those gaps frame the
research questions of this thesis.

2.2 Technology diffusion, learning, and the S-
curve

Researchers have studied how technologies spread for more than a
century, first as a sociological question and later as an economic one.
The earliest scholarly study of diffusion is usually credited to Gabriel
Tarde, whose Les lois de l’imitation (1890) described the spread of
social norms, laws, and customs through imitation and identified
the S-shaped curve of the adoption of an innovation [36]. One of the

10
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seminal empirical studies, however, is Ryan and Gross’ analysis of the
uptake of hybrid corn in two Iowa farming communities [37], which
advanced a theoretical exploration of diffusion as a social process in
addition to formalising the S-curve of adoption over time. Everett
Rogers, himself a rural sociologist trained at Iowa State, synthesised
and codified this body of work in Diffusion of Innovations [38], and it
is largely through his formulation that the paradigm entered the wider
social sciences.

The economic reading1 developed in parallel but drew different
conclusions from the same evidence. Griliches also examined the
hybrid corn case but explained the observed differences in adoption
timing by the profitability of the innovation to the individual farmer
rather than by social structure or communication [17]. That interpreta-
tion provoked an intense debate between sociologists and economists
which ran for decades [25, 43–45]. Mansfield extended the economic
approach from farmers to firms, modelling the rate at which an in-
novation is imitated across an industry and again finding diffusion
speed to be governed largely by the profitability of adoption [46]. The
disagreement was never resolved so much as institutionalised. The
two interpretations of the same Iowa data, one explaining adoption
through social structure and the other through cost, are the seeds of
the traditions I describe in sections 2.3 and 2.4.

The economic reading also gave rise to the literature on technolo-
gical substitution and modelling which most directly informs the study
of energy transitions. Fisher and Pry formalised the displacement
of one technology by another as a logistic substitution process [47],
which Marchetti and Nakicenovic later applied to the evolution of the
global primary energy mix [18]. This approach underpins a substan-
tial subsequent literature on the diffusion of innovations and energy
technologies emerging from the International Institute for Applied
Systems Analysis [19, 20, 31, 33, 34, 48–50]. Studies in this lineage
typically represent deployment with an S-shaped curve defined by a

1This belongs to a much larger economics of technological change, divided broadly
between a neoclassical account in which technical change enters growth as an exo-
genous shift in the production function, later endogenised as learning [39, 40], and an
evolutionary tradition built on firm routines, search and selection, and technological
trajectories [41, 42]. Its units of analysis are the firm, the industry and the innova-
tion system rather than, as here, the deployment of a specific technology in a specific
country. It nonetheless weaves through what follows, most visibly in Arrow’s learning
by doing and in the evolutionary roots of the socio-technical tradition (section 2.3).
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Figure 2.2: The S-curve of technology diffusion. Adapted from Grubler
(1998) [33].

ceiling or saturation level2, and characterise the speed of technology
growth by the time deployment takes to expand from one fraction of
the ceiling to another (Figure 2.2).

A transition’s duration is a span of calendar years; it says nothing
about how steeply deployment rises, or how high it finally reaches.
The distinction is especially important when the same technology is
compared across countries, and is at the heart of a longstanding de-
bate on whether latecomers gain from the experience, proven designs,
established supply chains and lower costs they inherit [31, 33, 53, 54],
or lose from the weaker financial, human and institutional capacity
with which they take a technology up [33, 34, 55, 56]. Technologies now
reach new countries far sooner than they once did [55–57]. Whether
their lifecycle within a country is also shorter once they arrive, and
whether deployment there grows as fast and as far, are separate ques-
tions, and the standard metrics do not separate the three.

The S-curve also divides growth into stages. At the very basic level,

2The S-curve has a parallel life in marketing, where the Bass model and its des-
cendants forecast new-product sales from an assumed market potential [51, 52]. I
do not engage this literature directly, though it contends with many of the same
parameter-estimation problems.
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its own geometry segments growth into acceleration up to the inflec-
tion point and deceleration after it. The diffusion literature addition-
ally delineates a period before technologies begin ascending along
the S-curve: a formative phase, lasting from the deployment of the
first commercial units to the onset of sustained growth [58]. Measured
across a range of energy technologies, that phase typically lasts two
to three decades [58, 59]. Transition studies use a similar sequence of
predevelopment, takeoff, acceleration and stabilisation [60], and re-
cent work argues that wind and solar have entered the “next phase” in
which the challenges of system integration replace those of cost [61].

Two shortcomings of this work matter here. First, the literature has
no concept of a middle phase between acceleration and slowdown:
once past the inflection point, growth can only decelerate. Second,
no formal method locates the shifts between phases. For instance,
existing methods to identify the end of the formative phase rely on
thresholds sensitive either to assumptions about the final deployment
ceiling [58], or the scale of analysis [62], so a still-growing techno-
logy cannot be placed reliably in any phase. This is relevant because
the mechanisms of later phases cannot be inferred from earlier ones
(Paper I). Whether the slower-than-exponential growth of solar PV
since the mid-2010s marks a temporary fluctuation or the end of ac-
celeration, for instance, has major implications for the projections of
its future. Moreover, explaining a transition, or comparing it across
countries, first requires identifying when it begins.

The vocabulary around technology growth and its description as
a diffusion process is worth pausing on, because it braids together
metaphors from three disciplines: physics, biology and anthropology.
From physics comes the image of a substance spreading passively
down a gradient, driven by nothing but its own properties and those
of the medium. The mathematics operationalising this metaphor,
though, comes from biology via two different routes. The logistic
curve originated in Verhulst’s work on population growth [63], which
was rediscovered a century later by Pearl and Reed, who fitted it to
human populations and defined it as growth constrained by a carrying
capacity [64]. It is in that ecological sense that the curve reaches the
substitution literature, where Marchetti would later treat technologies
as species filling niches under a fixed overall market [65]. It reaches the
economic diffusion literature by a different path, through epidemic
models in which technologies spread like contagions, with adopters
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‘infecting’ non-adopters [46]. Either way, the iconic S-curve at the
heart of the field comes from biology rather than physical diffusion.
The third sense comes from anthropology, whose diffusionist schools
of the late nineteenth and early twentieth centuries explained cultural
traits as emanating outward from centres of origin [66]. Each discipline
lends the word one implication. Physical diffusion implies passivity.
Biology, by either route, implies inevitability: a population filling its
niche and a contagion running its course both proceed to their end
once begun. Anthropological diffusionism implies a direction of travel
from centre to periphery. I return in section 5.3 to how well these
implications hold up to empirical scrutiny.

Whatever the metaphor, this diffusion strand tracks deployment.
A second strand, the technological learning literature, tracks costs
instead: not how far technologies spread but how their costs fall as
they do. Experience or learning curves relate what a technology costs
per unit to how much of it has been built, through the power law
known as Wright’s law [40, 67]; a parallel formulation makes cost a
function of elapsed time rather than of cumulative production [68–
70]. Past studies have estimated learning rates across a wide range of
energy technologies [71, 72]. Unlike the diffusion metrics, much of
this literature explicitly focuses on tracing the mechanisms underlying
cost dynamics. It decomposes observed cost declines into distinct
components, attributing them to factors such as plant scale, device
efficiency, input prices, research and development, and organisational
learning [73–75]. It also explains why some technologies exhibit faster
learning than others, by their design complexity and unit size [20, 76].
Cost and deployment drive one another in both directions, so the two
strands describe a single process from opposite sides, even though
they have largely developed apart.

Each strand has its own limitations for analysing energy transitions.
The diffusion strand has two. First, it is predominantly retrospect-
ive and mechanism-agnostic. It quantifies historical trajectories and
compares metrics across technologies with considerable rigour, but
generally does not identify and explain the mechanisms that produce
the observed outcomes. Put simply, it describes growth more than
it explains it. Second, its methods depend on knowing the ceiling.
Because the metrics rely on curve-fitting and estimating growth para-
meters which include the final deployment ceiling, they work best
on technologies whose diffusion is already complete [25, 26]. For
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a still-growing technology the ceiling is highly uncertain, and so is
everything anchored to it: where the technology is on its curve, how
long its growth will last, and where it will stop. The data can also be too
short to tell which functional form fits, or whether an S-curve fits at
all, and standard S-curves cannot reproduce the recurrent pulses that
technology deployment often shows (Paper I). Recent work quantifies
these uncertainties by comparing candidate curves and hindcasting
their extrapolations, a development taken up in section 2.4.

The learning strand faces a different difficulty. Having traced the
mechanisms, it has nonetheless treated the empirically observed
learning or cost-reduction rate as a stable property of a technology [72,
77], and most energy system models operationalise it as a technology-
specific constant [78], even though observed rates vary substantially
over time for a single technology [79–81]. Moreover, whether costs
fall because experience accumulates or because of other autonomous
mechanisms remains hard to separate [70].

Neither strand yields a reliable, forward-looking account of how
fast deployment itself proceeds. The learning strand explains what
a technology costs, not how quickly a country deploys it, and the
diffusion strand has developed largely apart from it. As a result, the
relationship between a technology’s position in its lifecycle and the
pace at which its costs fall has gone largely unexamined.

2.3 Socio-technical and political perspectives on
technology growth

Technological change has also been studied from very different start-
ing points, in a tradition rooted in the sociology and history of techno-
logy, evolutionary economics, political science and political economy.
Two perspectives within it matter most here, one socio-technical and
one political. Where the diffusion strand asks how fast and how far
a technology spreads, these perspectives ask what makes its spread
possible at all.

The socio-technical perspective treats technological change as a
social phenomenon rather than a purely technical one. Frameworks
such as the multi-level perspective and the technological innovation
systems approach situate a technology within a wider configuration of
actors, institutions, infrastructures, user practices and cultural mean-
ings, and explain change through the interaction of niche innovations,
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incumbent regimes and broader landscape pressures [82–86]. Ap-
plied to energy, this literature has produced empirical findings as well
as frameworks: that incumbent regimes resist displacement rather
than yielding to superior alternatives [87]; that emerging technologies
depend on protected niches in which they can develop before meet-
ing full market selection [82, 88]; and that transitions are contested
political processes whose outcomes depend on which actors can mo-
bilise [84, 89]. Seen this way, a technology succeeds not because it is
inherently superior to alternatives but because a system reorganises
around it.

The political perspective takes the state as its primary unit of ana-
lysis and asks how national policy shapes the evolution of energy
systems. Drawing on theories of policy learning and policy diffu-
sion, punctuated equilibrium, the advocacy coalition framework and
the politics of interest-group mobilisation, it examines how support
for a technology is built, sustained, contested and sometimes with-
drawn [90–94]. Technologies that depend on policy are exposed to the
volatility of politics in a way that technologies driven by cost alone are
not [95, 96].

Both perspectives converge on the idea that technologies and the
policies that govern them co-evolve [97, 98]. Cherp and colleagues
make that convergence the basis of a framework, conceptualising
national energy transitions as the co-evolution of three kinds of sys-
tem: the energy flows and markets studied by techno-economic ana-
lysis, the knowledge, practices and networks that constitute energy
technologies, and the systems of political action that produce energy
policy [90]. Each system has its own literature, and the framework’s
claim is that none of them can fully explain energy transitions in isol-
ation from the others.

The relationship between technology and policy runs in both direc-
tions: policy shapes deployment, and deployment in turn reshapes
the politics of support. The feedbacks this creates pull in opposite
directions. Some reinforce growth. Deployment lowers costs and
improves performance, which strengthens the case for continued sup-
port, which in turn enables further deployment [99]. Beyond costs,
deployment builds an industry with employment and revenue to pro-
tect, creates constituencies with an interest in continuity, and gener-
ates the operating experience that makes further support politically
defensible [100–102].
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Others resist growth. As a technology becomes pervasive it im-
pinges on incumbents, landscapes and existing systems, mobilising
opposition among the actors it displaces and sometimes leading to
the weakening or withdrawal of the support on which its growth de-
pends [89, 95, 103–105]. For wind and solar, grid integration challenges
grow harder as their share of generation rises; land use and visual im-
pact draw local opposition once deployment is dense; and the fiscal
cost of support becomes politically contested [105–107]. In politics,
these two kinds of feedback map closely onto a distinction historical
sociologists draw: reinforcing feedbacks produce self-reinforcing se-
quences, which entrench a trajectory, and resisting feedbacks produce
reactive sequences, in which each move provokes a countermove that
can slow or reverse it [108]. Reactive sequences offer one reason why
growth might stall and later restart, rather than rise smoothly towards
a ceiling. Which kind of feedback dominates is not fixed but depends
on how far the technology has already been deployed [61, 109, 110].

This tradition also thinks in phases. It identifies them by the mech-
anisms at work [60, 61], which is what makes its accounts explanatory,
but cannot measure when one phase ends and another begins. Thus,
even though the literature highlights how the challenges a technology
faces, and the policies that can help it, change as it moves from one
phase to the next, it cannot say when this shift happens for a given
case.

For all its explanatory strength, this tradition has a limitation that
mirrors the one identified in section 2.2. It relies predominantly on
qualitative methods and on detailed case studies of particular techno-
logies in particular places. This yields rich accounts of mechanisms
but makes generalisation difficult, and it leaves the insights hard to
operationalise in the forward-looking assessments that are required to
inform climate policy [10, 111]. Scholars within the tradition disagree
over how far this is a flaw. Critics argue that its frameworks organise de-
scription rather than supply causal explanation, and that single cases
cannot show which mechanisms were necessary to the outcome [112].
Proponents reply that for large, heterogeneous and slowly unfolding
change, mid-range frameworks and recurring mechanisms are the
appropriate form of generalisation, while conceding that many case
studies remain case histories [108]. Either way, where the diffusion
strand measures without explaining, this tradition explains without
readily generalising.
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2.4 Projecting technology growth

Despite all their attention to the past, none of these traditions has
ever been merely historical. In studying how technologies grew, each
has ultimately sought to say something about the future, and how
fast different technologies can grow to meet climate and other sus-
tainability challenges. Anticipating how fast technologies will grow is
a practical necessity: for policymakers setting targets and directing
resources, investors allocating capital, and bodies like the IPCC that
seek to synthesise knowledge and inform debate.

The task of performing assessments of technology futures has been
dominated by what Cherp and colleagues call the techno-economic
perspective, which treats energy systems as flows and markets and
studies them with the tools of energy systems analysis and econom-
ics [90]. Its intellectual roots lie in neoclassical economics. Much
of that literature treats energy and other scarce resources as flowing
toward an equilibrium, an optimal balance of supply and demand.
Markets reach that balance through transactions among rational, self-
interested agents; models without markets reach it through the de-
cisions of a perfectly efficient and omniscient social planner [9, 113].
Concerns over environmental degradation, resource scarcity and en-
ergy security in the 1970s, together with rapid advances in computing,
turned this analytical apparatus toward global problems. The Lim-
its to Growth study pioneered one of the first global models of the
co-evolving future of society and the environment [114], and the oil
crisis of 1973–74 lent urgency to the question of how finite fossil re-
sources should be allocated over time. Nordhaus built one of the first
energy-economy models in 1973 [115]. Such models spread quickly
through initiatives such as the Energy Modeling Forum in the United
States and the Energy Project at the International Institute for Applied
Systems Analysis, whose work informed the landmark Energy in a
Finite World [116].

Integrated assessment models (IAMs) grew out of this work, be-
ginning with Nordhaus’ coupling of an energy-economy model to
a simple emissions model [117, 118]. Over the following two dec-
ades the models added more complex climate representations and
modules for population and land use, while retaining the neoclas-
sical lens they had inherited [113]. Alongside IAMs, energy system
optimisation models (ESOMs) drew on economics and energy engin-
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eering to develop detailed representations of energy flows, and explore
optimal configurations to deliver energy services under different re-
source, technological, and policy constraints [119]. Together IAMs
and ESOMs now inform national policy, underpin agreements from
Kyoto to Paris, and increasingly shape public and political discourse
about the transition [113, 120–122].

Models of this kind distinguish endogenous variables, calculated
within the model as it runs, from exogenous parameters, which are
supplied from outside and held fixed [9, 123]. Deployment of a techno-
logy is typically endogenous, expanding where and when it minimises
system cost subject to constraints that are mainly technical or eco-
nomic. So, increasingly, is technological learning, though endogen-
ising it adds structural complexity and its effectiveness in reproducing
realistic cost dynamics remains contested [6, 70, 78, 124]. Policy, by
contrast, generally enters the models exogenously: a carbon price, a
technology mandate or an emissions cap is imposed as a condition,
and the model computes the cost-optimal response to it. This is an
explicit design choice, and it limits the feedback between policy and
technology inside the models, even though in reality the two co-evolve
in the manner described in section 2.3.

The models’ architecture also dictates what can be represented at
all. Geophysical processes and techno-economic quantities, such as
resource volumes, installed capacities and operating costs, are read-
ily expressed as quantitative parameters and are consequently well
represented [9, 10]. Socio-political factors are not: public acceptance,
resistance from incumbents and governance capacity have all proven
considerably harder to quantify and integrate, though recent work has
begun to do so [11, 123, 125–128].

Each such addition requires someone to translate a mechanism
into a form that fits the model’s architecture and logic. That trans-
lation is rarely straightforward. It obliges modellers to assume how
the mechanism should be parameterised and how it interacts with
everything else inside the model, and so far only a small share of the
mechanisms that shape real transitions has been carried across [12,
111, 123, 128]. Scholars disagree over why it is so. One view argues that
the barrier is one of principle: theories that explain change through
contested meanings, taken-for-granted cultural structures or conflicts
of interest rest on assumptions about social reality that the rational-
actor foundations of IAMs cannot absorb, so they can be set alongside
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models but not built into them [10]. The other holds it to be one of
evidence: a social process can be absorbed into models once it has
been measured as a generalisable, quantifiable pattern [11]. Three
strategies have been tried: bridging, in which models and qualitative
analysis run in parallel and meet only at defined moments, typic-
ally around shared concepts; iterating, in which storylines set model
inputs and, in some cases, are revised in light of the outputs; and
merging, in which social mechanisms are written into the model’s
structure [11, 111]. The three differ in how far they assume that social
mechanisms can be modelled at all, and in that sense map onto the
disagreement above, though none has been shown to outperform
the others [111]. The qualitative storylines of the Special Report on
Emissions Scenarios [129], and later the Shared Socioeconomic Path-
ways [130, 131], are the most widely used form of iterating, and in
practice its unidirectional version: they cover only a handful of socio-
economic variables, and because they are supplied from outside they
interact only weakly with the variables working inside the model [11,
113]. A further consequence follows from the spatial scale: typically
calibrated on long-run global or regional trends, these models obscure
the spatial unevenness of transitions and the divergent capacities and
characteristics of individual countries [15, 16, 132].

Two consequences follow for this thesis. First, these tools tell us
what a target requires, or what would cost least, but not what is likely
to happen [133]. That confines them to what-if questions, and their
outcomes are sensitive to what one assumes about which techno-
logies will be available, how cheap they become, and how tightly
emissions are capped. Those assumptions have driven successive
debates over the prospects of solar photovoltaics [6, 13, 134, 135],
negative-emissions technologies [136, 137] and, more recently, electro-
lytic hydrogen [138, 139]. Second, and more consequentially: a model
cannot contain every mechanism that shapes real-world change, so
showing that a pathway works inside a model does not mean that it
will work outside one. Models can rule a pathway out under a given
parameterisation, but among pathways in the “solution space” [140,
141] they cannot separate those the world could actually realise from
those it could not [120, 142, 143]. The most developed qualitative
response to this challenge comes from bridging. Socio-technical scen-
arios compare model pathways against analyses of recent niche and
regime dynamics, identify transition bottlenecks where the two are
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in conflict, and write storylines of the social and political change that
would allow the modelled pathway to be realised [144, 145]. But the
storylines are written to make a modelled pathway plausible rather
than to test it, their authors report having to stretch them to fit some
model outputs, and they assign no likelihood to one pathway over
another. Judging the real-world feasibility of the scenarios these tools
generate therefore remains an open methodological problem.

Kahneman and Lovallo distinguish an inside view, which reasons
forward from the particulars of a case, from an outside view, which
reasons by analogy from a distribution of outcomes across comparable
cases [146]. Jewell and Cherp bring that distinction to the assessment
of feasibility in the climate literature [12]. Making models more real-
istic by importing evidence from the social sciences takes an inside
view, and such additions do not necessarily improve realism. Building
more complex and more detailed models, they argue, “may paradoxic-
ally increase over-confidence in the likelihood of a given storyline and
is more likely to solidify the perception of scenarios as realistic, rather
than improve their actual realism” [12]. An outside view proceeds
differently. Rather than specifying the mechanisms at work in a given
case, it asks what has actually happened across many similar cases
and treats that distribution as evidence about what is plausible.

This distinction helps position two lines of work, each responding to
a different weakness in the modelling landscape. The first reforms the
models from within, and two reforms stand out. Simulation models
target the behavioural assumptions: drawing on the mechanism-rich
socio-technical view, complex-systems and agent-based models sim-
ulate heterogeneous actors, learning feedbacks and path dependence
rather than solving for a least-cost configuration [147, 148]. Some
import measured social factors such as public opinion or the cost of
capital directly into a model and test how well the model reproduces
history [126, 149]. Near-optimal methods instead move away from
deriving a single, cost-optimal configuration: modelling to generate
alternatives and related methods map the space of solutions lying
within a small cost margin of the optimum, and expose the trade-offs
among them [150–152].

Both reforms work from inside the modelling paradigm, and each
has a limit. Simulation models improve the representation of mech-
anisms and allow growth to be simulated from the bottom up, but
their realism is constrained by what modellers can specify in advance:
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which actors are relevant, how they are connected, what rules they fol-
low, and which parameters stay fixed while the model runs [153–155].
Testing models augmented with these additions against history illus-
trates both that they can pay off and what it takes. Across 31 European
countries, adding social factors improved how well a power-sector
model reproduced 1990–2019 in all but two, but some factors made
the fit worse, gains stopped after about four factors, and the combin-
ation that best reproduced installed capacity differed from country
to country and in eleven countries worsened the fit for emissions or
renewable share [126]. Social evidence improves realism when it is
chosen separately for each country, and even then, as the authors note,
a structure that fits the past offers no guarantee once the structure of
the system itself changes. Near-optimal methods explore the solution
space far more richly, but how far they explore is itself fixed in advance,
by the cost margin the modeller allows. Recent work uses hindcast-
ing to show how consequential that choice is: real transitions in 31
European countries departed from the cost-optimal path by a median
of 44 per cent over thirty years, and only one country fell within the
10 per cent margin commonly used in the literature [156]. Ensuring
projected futures encapsulate real-world outcomes may thus require
setting wider margins, which would make the range of admissible
futures very large. Either way the modelled outcomes define an envel-
ope, and do not assign likelihood to different pathways.

The second line of work takes something closer to the outside view,
and targets the gap between the required and the likely. Building
on the diffusion literature, data-driven approaches extrapolate from
observed trajectories, capturing the aggregate outcome of many mech-
anisms without needing to specify each one [15, 16, 49, 137, 157,
158]. This has the advantage of grounding expectations in what has
happened. But because the past is evidence about what is plausible
only while the conditions that produced it persist [10], how far an
observed pattern can be carried forward is itself an empirical ques-
tion. Such approaches have also generally inherited the assumption
of smooth trajectories from the S-curve tradition, and have typically
produced single, deterministic projections. That has begun to change.
A recent body of work pushes data-driven projection toward probabil-
istic, likelihood-based assessment [6, 27, 28, 77, 138, 139, 159], and it
is this frontier I set out to advance.
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2.5 Research gaps

The study of how technologies spread has come a long way from two
Iowa farming communities and a single crop. Along the way the field
divided, and its traditions have since developed largely in parallel. Dif-
fusion research measures growth and finds broad patterns, but does
not explain what produces them (section 2.2). The socio-technical and
political tradition explains the mechanisms, but struggles to general-
ise from one case to the next (section 2.3). Techno-economic models
answer a different question again: what would need to happen to meet
a target, or what would cost least, rather than what is likely to happen
(section 2.4). Between them, the three traditions leave three gaps, in
what is known about growth, in how it is measured, and in how it is
projected, and those gaps set the aim of this thesis (section 1.3).

The first gap, in understanding growth, has three parts. The middle
of the lifecycle falls between the two traditions that study growth as it
happens. The S-curve assumes acceleration is immediately followed
by slowdown, and while the socio-technical literature does identify
phases it reads them from the mechanisms at work in particular cases,
not from the deployment data itself. Neither says anything about the
long stretch after growth stops accelerating but before it saturates
(sections 2.2, 2.3).

The other two parts come from the field being split. Because the
diffusion and learning strands developed separately, no one has ex-
amined how the pace of cost decline depends on where a technology
sits in its lifecycle (section 2.2). And because the standard metrics
mix together three dimensions of diffusion (how quickly a technology
reaches new countries, how long it takes to pass through the lifecycle
within each one, and how fast and how far each one deploys it), the
evidence on whether latecomers gain or lose remains inconclusive
(section 2.2). Together these define the first research question: what
patterns characterise how technologies grow? Specifically, how well
do the smooth S-curves conventionally used to describe deployment
capture how it actually unfolds (RQ1a), how do costs and learning dy-
namics evolve over the lifecycle (RQ1b), and how does diffusion differ
between early and late adopters, both in how quickly a technology
reaches new countries and in how it grows within each one (RQ1c)?

The second gap, in measurement, follows from the first. Curve-
fitting methods work best when the ceiling is already known, leading
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to low reliability when used to study technologies which are still grow-
ing. Common threshold metrics need that same ceiling, and thus no
existing method can reliably locate the boundaries between phases
for technologies that are not approaching saturation (section 2.2). Yet
the phase matters because it shapes how trajectories are explained,
which policies can accelerate growth, and which dynamics can be
extrapolated into the future. This raises the second question: what
tools and metrics can identify phases, turning points, and the speed
of diffusion without assuming a functional form in advance (RQ2)?

The third gap, in projection, is the widest. The dominant models
say what a target requires or what would cost least, not what is likely.
The data-driven alternatives have mostly extrapolated a single smooth
trajectory (section 2.4). This raises the third question: what methods
can probabilistically project the global growth of technologies from
past data, and how do the resulting trajectories compare with climate-
mitigation pathways (RQ3)? Chapter 3 sets out the framework, the
data and the tools I use to take up these questions.
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Approach and methods

This chapter sets out the framework, data, tools and model developed
in this thesis. The framework and the data come first (sections 3.1
and 3.2); Table 3.1 then summarises the methods, and sections 3.3–3.6
describe them.

3.1 Analytical framework: the four phases of tech-
nology growth

This thesis analyses technology growth through a framework that
treats it as proceeding through distinct phases, rather than as a single
smooth curve with a presupposed functional form. The classical S-
curve tradition is retrospective: it studies technologies whose entire
lifecycle – and therefore the final trajectory shape – is already observ-
able. Instead, Paper I develops a framework that locates a technology,
at a given point in time, in one of four phases (formative, accelerat-
ing growth, steady growth and slowdown), each shaped by a distinct
configuration of drivers and barriers arising from the co-evolution
of technology and policy (Figure 3.1). The framework was built for
policy-driven technologies, whose deployment and growth are actively
promoted by public policy to meet societal objectives such as climate
change mitigation, energy security or industrial development. These
contrast with market-driven technologies, which grow mainly through
market forces with limited policy intervention (Paper I).

The first, formative phase is characterised by continuous experi-
mentation, frequent failures, and substantial uncertainty. It ends with
deployment ‘takeoff’, after which increasing economic and political
returns progressively raise the speed of deployment in an acceler-
ating growth phase. Acceleration ends at an inflection point, when
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Table 3.1: Methods developed in this thesis, and the conventional prac-
tice each replaces.

Method What it does

Measuring growth

FOBI
Section 3.3 · RQ2
Paper III

Detects takeoff from deployment data with
piecewise Bayesian regression and model averaging.
Instead of: fixed thresholds set as a deployment level or
share of the eventual ceiling.

DAIP
Section 3.3 · RQ2
Paper II

Detects the first inflection point and later growth
pulses from annual additions, and measures Gfip

and the cruising speed.
Instead of: fitting a logistic curve, which averages over
pulses and misdiagnoses the inflection point.

Analysing costs

Phase-resolved cost
analysis
Section 3.4 · RQ1b
Paper IV

Estimates learning and cost-reduction rates within
each growth phase, using segmented regression
mapped to phase transitions.
Instead of: one rate fitted over the whole lifecycle.

Comparing adopters

Three dimensions
of diffusion
Section 3.5 · RQ1c
Paper V

Measures spread between countries separately from
duration and magnitude within them, and relates
each to lateness.
Instead of: composite metrics that conflate the three.

Projecting growth

PROLONG
Section 3.6 · RQ3
Paper III

Projects global growth probabilistically from
national growth parameters, combining simulated
ensembles with quantile random forests. Validated
by hindcasting against withheld data.
Instead of: deterministic curve fits, scored on the same
data they were fitted to.

emerging barriers such as grid integration challenges, supply-chain
constraints, declining profitability and public opposition come to
counterbalance these drivers. In the steady growth phase that follows,
deployment continues at a quasi-linear rate, pulsing around a relat-
ively stable cruising speed. Finally, in the slowdown phase, growth
stalls as deployment approaches its ceiling: markets saturate, profit-
ability falls as deployment moves to less favourable sites, innovation
becomes incremental, newer technologies compete for market share,
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Figure 3.1: The four phases of policy-driven technology growth. Figure
2(a) in Paper I.

and public and political support can fade (Paper I).
Paper I treats policy-drivenness as a binary attribute, although it

more plausibly varies along a continuum and shifts as a technology
matures. This thesis applies the framework to policy-driven techno-
logies such as onshore wind and solar PV, and also tests how far it
holds beyond them, for market-driven technologies such as mobile
telephones and internet use. As Chapter 4 shows, the same phases
appear in both, but policy-driven technologies reach the end of initial
acceleration far earlier in their trajectories (Paper II).

3.2 Technology and country sample

This thesis analyses technology deployment at two levels: within indi-
vidual countries, and in aggregate at the global scale.

At its core is an unbalanced panel of long-run deployment data
for 91 technologies across 236 countries and dependent territories,
extending from the nineteenth century to the present (Paper V). The
series are compiled from statistics published by international organisa-
tions (the IEA, IRENA, the World Bank, FAOSTAT, UNICEF and the US
Geological Survey), historical and academic datasets (CHAT, HATCH,
the Banks cross-national timeseries archive and Mitchell’s Interna-
tional Historical Statistics), industry databases (S&P Global’s World
Electric Power Plants database and the Energy Institute’s Statistical
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Review of World Energy), and other reports and grey literature1. Each
observation records a technology’s deployment in a given country
and year, in physical units such as installed capacity, vehicles or sub-
scriptions, together with a matching market-size denominator such as
total electricity generation or population. Deployment can therefore
be analysed both in absolute terms and as a share of its market, and
findings can be checked against the choice of measure. The raw com-
pilation starts from 99 technologies in up to 243 countries; filtering
retains 91 in 236. It keeps only country series that are at least 90%
complete or have no more than five missing years, and only technolo-
gies for which at least five countries have an identifiable takeoff, so
that countries can be compared within the same technology. Income
and population from the Maddison Project, the World Bank and UN-
DESA are added as covariates in Paper V. Papers II and III draw on
subsets of this panel: electricity generation for wind, solar and nuclear
power from the IEA, IRENA and Ember; gas turbine capacity from S&P
Global; and mobile and internet use from the ITU and the World Bank.

The sample is deliberately broad. Alongside low-carbon energy tech-
nologies, it spans diverse sectors, eras and technology characteristics,
from nuclear power and gas turbines to consumer technologies such
as mobile phones and internet use. For Paper V, each technology is
classified by sector, complexity and need for customisation [76], so the
analysis can test whether a pattern holds across these characteristics.
This diversity is what lets the analysis identify general regularities in
technology growth, rather than the features of any single technology.

To study how technology growth co-evolves with cost, I use a second
dataset, compiled for Paper IV, that links cost to cumulative deploy-
ment. Its series come from 64 peer-reviewed studies, institutional
reports and public repositories. A technology is defined as a specific,
repeatable artefact or process with a stable measurement boundary
over time. This excludes broad sectors and fuel categories, whose
costs can reflect input prices or product mix rather than learning. Of
213 candidate series covering 125 technologies, 145 met three criteria:
cost and deployment refer to the same technology over the same years;
the series begins at a low enough level of deployment to capture early
or intermediate growth; and it contains at least five cost observations.
The final sample covers 61 technologies, in 34 global and 111 national

1Sources are named but not cited individually here. The complete list is available in
the supplementary information to Paper V; Papers I–IV document their own subsets.
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series, with deployment measured as cumulative production, installed
capacity or adoption.

3.3 Model-agnostic tools for measuring techno-
logy growth

Situating a technology within the four phases requires identifying
the transitions between them: the onset of accelerating growth, the
shift to the steady growth phase and the oscillations within it. Typical
curve fitting methods do not allow for this granular delineation of
phases: they measure an asymptote approximating the deployment
ceiling or ‘saturation level’, the inflection point marking a shift from
accelerating to decelerating growth, and occasionally define takeoff
at 2.5% of the final ceiling [58]. Given their reliance on knowing the
ceiling, they require a timeseries covering the entire lifecycle and are
thus unsuitable for technologies that are still growing. I therefore
develop tools that can identify the shifts between phases directly from
empirical data without presupposing a functional form.

The first, FOBI (FOrmative phase Bayesian changepoint Indicator),
is built atop the Rbeast [160] algorithm and identifies the takeoff that
signals the end of the formative phase and the beginning of sustained
accelerating growth using a combination of piece-wise Bayesian re-
gressions and model averaging to identify structural breaks in the
timeseries where deployment switches from erratic fluctuations char-
acteristic of the formative phase to consistent growth (Paper III).

The second, DAIP (Deceleration and Acceleration dynamics for
Inflection point and Pulse detection), operates later in the lifecycle
(Paper II). It identifies the first inflection point marking the shift from
accelerating to steady growth where the annual rate of additions first
peaks, and then locates subsequent pulses of deceleration and re-
acceleration that punctuate the steady growth phase. I operationalise
this in DAIP as follows. Starting from cumulative deployment Dt in
year t , I compute annual additions∆Dt , smooth them over a trailing
window ofω years to give the deployment speed vt , and take its first
discrete derivative as the acceleration at :

∆Dt =Dt −Dt−1, vt =
1

ω

ω−1
∑︂

i=0

∆Dt−i , at = vt − vt−1. (3.1)
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The first inflection point t0 is the first year after takeoff where acceler-
ation stays negative for n consecutive years, and a pulse begins at the
first year tp after t0 where deployment is expanding and acceleration
turns positive for n consecutive years:

t0 : at < 0 for t ∈ [t0, t0+n −1], (3.2)

tp : vt > 0 and at > 0 for t ∈ [tp , tp +n −1]. (3.3)

Paper II uses a three-year window (ω= 3) and a two-year persistence
criterion (n = 2); the persistence criterion prevents a single-year slow-
down from being read as a phase transition, and Paper II tests the
sensitivity of the results to both parameters. Because both criteria
look backwards, DAIP diagnoses a transition only once it has occurred.

These tools yield a set of model-agnostic metrics that characterise
a technology’s growth: the timing of takeoff, the timing of subsequent
growth pulses, and two rates. The first is the deployment speed at the
first inflection point, Gfip, which is the maximum rate of annual addi-
tions reached during the initial acceleration phase. The second is the
cruising speed v̄ , the mean annual additions from the first inflection
point to the onset of sustained slowdown ts , which Papers I–III use to
characterise the steady growth phase:

Gfip = vt0
, v̄ =

1

ts − t0

ts
∑︂

t=t0+1

∆Dt . (3.4)

Both rates are expressed in physical units per year or, when deploy-
ment is normalised, in percentage points of the relevant market per
year.

3.4 Quantifying cost and learning dynamics

There have long been parallel traditions studying the dynamics of
technology diffusion and the evolution of technology costs. This thesis
brings the two together and asks how cost dynamics unfold across the
phases of growth. Paper IV estimates two complementary measures
of technology progress, both from log-transformed regressions within
each phase. The learning rate follows Wright’s law, relating unit cost
Ct to cumulative deployment Qt , and the annual cost-reduction rate
follows Moore’s law, relating cost to time [69]:

log Ct =α−w logQt + ϵt , LR=
�

1−2−w
�

×100, (3.5)
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log Ct =α−m t + ϵt , CRR=
�

1− e −m
�

×100, (3.6)

where w is the learning exponent, m the annual cost-decline expo-
nent, LR the percentage cost-reduction per doubling of cumulat-
ive deployment and CRR the percentage reduction per year. The
two are linked through the growth rate of cumulative deployment,
g = d logQ/dt :

−
d log C

dt
=w

d logQ

dt
=⇒ m =w g . (3.7)

The two rates therefore track one another only while g is constant, that
is, while cumulative deployment grows exponentially2. Once growth
decelerates, a technology can keep learning at an undiminished or
rising rate per doubling while its costs fall more slowly each year.

Rather than following the conventional practice of fitting a single
rate over the full technology lifecycle, Paper IV estimates these rates
phase by phase. It uses segmented regression to detect structural
breaks in cost trajectories and map them to growth phase transitions
identified using FOBI and DAIP. This makes it possible to ask whether
learning and cost-reduction rates stay stable over the technology life-
cycle, as techno-economic models and analyses typically assume, or
shift as a technology matures.

Paper IV then examines how these patterns vary with the character-
istics of a technology, particularly its complexity and its need for cus-
tomisation [76]. Finally, because cumulative deployment and elapsed
time tend to rise together, learning-by-doing is difficult to separate
from progress that would occur over time regardless of deployment. A
learning rate that rises over the lifecycle could reflect genuine learn-
ing, or simply time-driven cost decline measured against slowing
deployment. To separate the two, Paper IV generates 10,000 synthetic
technologies, each following a noise-perturbed S-shaped deployment
trajectory, and simulates their costs under known mixes of the two
mechanisms. The mixes run from purely time-driven decline to purely
deployment-driven learning with an intensifying learning rate, plus a
control in which the learning rate stays constant. To test which mech-
anisms reproduce the observed patterns, the same phase detection
and rate estimation are then applied to the synthetic technologies as
to the empirical data.

2This relationship between Wright’s and Moore’s laws was first described by
Sahal [161].
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3.5 Analysing diffusion between and within coun-
tries

Technologies do not spread uniformly across the world, and the com-
monly used terminology around “diffusion” tends to bundle together
several distinct processes. I use diffusion as an umbrella term and
separate three dimensions of it, which differ in their unit of analysis.
I measure each with its own metrics, using deployment both in ab-
solute units and normalised to the size of the relevant market. The
first dimension, spread, is a process between countries: how quickly a
technology reaches new adopters. It yields one value per technology.
I identify the year each country takes off using FOBI, measure spread
as the 10th-to-90th-percentile range of country takeoff years t off,

Sj = t off,(90)
j − t off,(10)

j , (3.8)

and regress that span on the year the technology first took off any-
where.

The other two dimensions are measured within each country and
then compared across countries. The second, duration, is the length
of a technology’s passage through the lifecycle within a country. Using
DAIP to locate its first and last inflection points, I measure the length
of the formative, initial acceleration and steady growth phases, along-
side the conventional transition duration ∆t from 10% to 90% of a
fitted logistic ceiling, and the growth constant k of that fit. The third,
magnitude, is how fast and how far deployment goes within a country.
I measure it through the compound annual growth rate during initial
acceleration, the peak growth rate at the first inflection point, the
cruising speed through steady growth, and peak deployment.

To compare duration and magnitude between early and late adop-
ters, I measure each country’s lateness as the number of years between
its takeoff and that of the technology’s first adopter. I then regress
each within-country outcome Yi j , for country i and technology j , on
its relative timing T rel

i j , the number of years between that country’s
takeoff and the pioneer’s, absorbing technology fixed effects γ j :

Yi j =β T rel
i j +γ j + ϵi j , T rel

i j = t off
i j −min

i ′
t off

i ′ j . (3.9)

The fixed effects restrict identification to the between-country, within-
technology relationship, so that later adopters are compared only with
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earlier adopters of the same technology, and β is the change in out-
come per additional year of lateness. Rates and levels are analysed in
logs, so their coefficients read as semi-elasticities, while phase dura-
tions, the initial acceleration CAGR, k and∆t are analysed in levels.
Standard errors are clustered two ways, by country and by technology,
across 7,130 country–technology observations. I report three specific-
ations: pooled OLS without fixed effects, the fixed-effects specification
above, and that specification with log GDP per capita at takeoff added,
to test whether the timing effect is a proxy for income.

3.6 Projecting technology growth with PROLONG

The metrics and phase diagnostics developed so far describe how
technologies have grown in the past. To ask how they are likely to grow
in the future, I develop PROLONG (PRObabilistic modeL Of techNo-
logy Growth), a data-driven model that links the empirically observed
growth patterns of individual countries to eventual global outcomes
(Paper III). The relationship between early national trends and later
global diffusion is hard to establish directly from historical data, es-
pecially for technologies that are still in the early phases of growth.
PROLONG addresses this by combining Monte Carlo simulation with
machine learning to explore that relationship systematically. It form-
alises three of the regularities this thesis identifies: growth proceeds
through phases shaped by different mechanisms, so observations
must be segmented by phase before they can inform extrapolation;
technologies often show prolonged steady growth composed of sev-
eral pulses; and the mechanisms of growth are broadly similar across
early and late adopters, so front-runners can inform expectations for
the rest.

The model is built and applied in five steps (Figure 3.2). First, for
each technology, I simulate a large ensemble of 13,000 “virtual worlds”,
each composed of 150 countries which correspond to real-world sizes.
The technology takes off in every country in a different year and follows
a noise-perturbed logistic or bilogistic [162] trajectory:

y (t ) =
L

1+ e −k (t−t0)
, G =

k L

4
, ∆t =

ln 81

k
, (3.10)

y (t ) =
L1

1+ e −k1(t−t1)
+

L2

1+ e −k2(t−t2)
, (3.11)

33



APPROACH AND METHODS
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Figure 3.2: Five-step approach for PROLONG. a, Simulation and model
training (Steps 1–3). b, Projection and validation with empirical data
(Steps 4–5). Figure 3 in Paper III.

34



PROJECTING TECHNOLOGY GROWTH WITH PROLONG

where L is the growth asymptote or deployment ceiling, k the growth
constant, t0 the inflection point, G the maximum annual growth rate
and∆t the conventional duration of transition from 10% to 90% of the
ceiling. The growth parameters are drawn from broad distributions,
which let the ensembles span not only historically observed dynamics
but also as yet unseen but plausible ones. The bilogistic worlds split
growth into two pulses, so that it slows and rebounds to produce a
prolonged steady growth phase that a single S-curve cannot represent.
Second, I generate training data by truncating the simulated national
series at successive points and estimating two growth parameters
from each. FOBI first identifies takeoff, and the formative phase is
excluded because it carries no information about later growth. A
logistic function is then fitted to the post-takeoff data to recover the
growth constant k and, for countries whose fitted curve has passed
half its ceiling (the criterion by which Paper III identifies the inflection
point), the peak growth rate G = k L/4. The logistic serves here only to
read these two parameters. PROLONG does not use L because curve
fitting cannot reliably estimate the ceiling from an incomplete series.
It uses k and G because their distributions are stable under truncation.
Paper II also shows that G overlaps strongly with the model-agnostic
Gfip even where the two methods date the inflection point differently.
Third, I train quantile random forests [163] on these data to learn
how such early national signals map onto the eventual global growth
constant and peak growth rate, using the median and interquartile
range of k and G across mature countries, together with their number
and their combined share of the global market as training features.

Applied to real-world data (step four), the same features are estim-
ated from observed national series, and the trained forests predict
global k and G probabilistically. Sampling national parameters across
quantiles yields projection intervals rather than a single determin-
istic trajectory. PROLONG projects growth speed, not the ceiling: the
ceiling it reports, L = 4G /k , is an indicative by-product and not an
estimate. Finally (step five), I validate the model by hindcasting, split-
ting the timeseries and testing whether projections made from early
data reproduce withheld later data, for onshore wind and solar PV as
well as for reference technologies chosen to span diverse character-
istics and diffusion timescales (nuclear power, combined-cycle gas
turbines, mobile telephones). I benchmark it against global logistic
and exponential extrapolations, against the aggregation of national
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logistic projections, and against IEA and IPCC scenarios [3, 164, 165].
Variants trained on logistic-only, bilogistic-only and mixed worlds are
compared the same way, and the best-performing variant is retained
for each technology.

Beyond these probabilistic projections, I build counterfactual scen-
arios in which trajectories depart from PROLONG’s median projection
to reach, by 2040, the median of the IPCC AR6 1.5 °C pathways with no
or limited overshoot [164] or the IEA Net Zero by 2050 scenario [165],
and distribute the required growth across ten world regions under em-
pirical constraints on ceilings, growth and acceleration. I use these to
quantify how much faster growth would need to proceed in different
global regions to meet stated climate goals.
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CHAPTER 4

Results

4.1 Understanding how technology growth un-
folds

4.1.1 The four phases of growth and the co-evolution
of technology and policy (RQ1; Paper I)

Paper I proposes that the growth of policy-driven technologies pro-
ceeds through four distinct phases: formative, accelerating growth,
steady growth, and slowdown. Each phase is produced by a distinct
configuration of drivers and barriers arising from the co-evolution of
technology and policy. The phases are not merely descriptive stages of
a curve but the visible signature of an underlying interaction between
what a technology can do and how policy responds to it.

Technology and policy co-evolve through both reinforcing and coun-
tervailing feedbacks. In the early phases, deployment and policy rein-
force one another: deployment lowers costs and improves perform-
ance, which strengthens the case for support, which in turn catalyses
further deployment. Deployment also creates constituencies: the
takeoff of wind power in Germany in the 1990s built the interest groups
that later lobbied for stronger renewables policy [89]. But the same
expansion that sustains growth eventually generates resistance. As
a technology becomes more pervasive, it begins to impinge on in-
cumbents, landscapes, and existing systems, mobilising opposition
from the actors it threatens or displaces, and this can weaken, stall,
or reverse the support on which growth depends. Growth is therefore
neither self-sustaining nor self-limiting in any simple sense: it is the
moving balance of these forces, which shifts as a technology matures.

Policy support does not simply decline once a technology becomes
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commercially viable; it often expands and diversifies as new barriers
emerge. The barriers themselves change character across the phases:
from the research, demonstration, and market-creation challenges of
the formative phase, through the reinforcing feedbacks of accelera-
tion, to the integration, social, and political barriers that surface once
deployment reaches significant scale. Paper I traces this for onshore
wind in Germany and solar PV in India. In both countries the num-
ber and scope of active policies grew as the technology matured, and
the policy mix broadened from research and market creation to land
use, acceptance, system integration, and domestic manufacturing,
drawing in a wider set of ministries. Financial support per kilowatt-
hour fell, but more slowly than the levelised cost of electricity. Total
support fell more slowly still, because falling unit support was offset
by a growing deployment base. The one break in the pattern came
in Germany between 2022 and 2024, when the energy crisis pushed
wholesale prices above guaranteed tariffs and public support briefly
collapsed.

Because the phases differ in their dynamics, acceleration means
something different in each. In the formative phase it means earlier
takeoff. In accelerating growth it means a longer or steeper period of
quasi-exponential growth. In steady growth it means a faster cruising
speed, or the same speed sustained for longer. In slowdown it means
restarting growth. Paper I also singles out the steady growth phase
as the one in which technologies reach their fastest sustained growth
and in which most of their eventual deployment is decided.

4.1.2 Growth pulses and the departure from smooth
S-curves (RQ1a; Papers II, III)

If growth proceeds through phases, the next question is what those
phases look like in the data. Applied to national deployment traject-
ories, the diagnostic tools described in section 3.3 show that growth
departs from the smooth S-curve in two specific ways. Initially accel-
erating growth ends far earlier than classic S-curves like the logistic
model imply, and what follows is not a monotonic slowdown but a pro-
longed phase of steady growth punctuated by repeated decelerations
and re-accelerations (Figure 4.1).

The first departure concerns when acceleration ends. Takeoff, the
end of the formative phase, occurs at around 0.8% of national electri-
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b

a

Figure 4.1: Growth pulses lead deployment to deviate from smooth
S-curves. Adapted from Figures 1 & 2 in Paper II.

city generation for onshore wind (IQR 0.5–1.4%) and 0.7% for solar PV
(IQR 0.3–2.1%). Globally, both took off when they first exceeded 0.15%
of generation, wind in 1999 and solar in 2010. The first inflection point,
the year in which annual additions first peak, arrives about six years
after takeoff for wind (IQR 3–9 years) and three years for solar (IQR
2–5), when the technology has reached roughly 3% of generation (IQR
2–8% for wind, 1–7% for solar). A logistic curve places its inflection at
exactly half the eventual ceiling, so an inflection at 3% would imply
that wind and solar were destined to saturate at around 6%. For ceil-
ings of 30–50% of generation, the logistic model would instead expect
the inflection at 15–25%. Deployment already comfortably exceeds
6% in many countries, and Denmark generates more than half its elec-
tricity from wind. The first inflection point therefore does not mark
the midpoint of anything. It marks the end of initial acceleration.

The second departure concerns what happens afterwards. Under a
standard S-curve, passing the inflection begins a monotonic decline in
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annual additions that continues until deployment hits its ceiling. The
data show something else. Deployment settles into a prolonged steady
growth phase in which annual additions continue at a quasi-linear
rate, the cruising speed. That speed is about 0.7 percentage points of
generation per year (IQR 0.4–1.5 for wind, 0.3–1.9 for solar), slightly
below the rate reached at the first inflection point. The steady growth
phase is punctuated by recurrent pulses: episodes of deceleration
followed by renewed acceleration. The growth rates in secondary
pulses sometimes peak above those in the first, but mainly in countries
whose first peak was slow, so the average post-inflection rate stays
below the first peak in most countries. Italy’s solar boom of 2007–2012,
its collapse after retroactive tariff cuts, and its restart after 2020 is
one such pulse; Denmark’s onshore wind stagnation after the feed-in
tariff was cancelled around 2000 and its re-acceleration after support
returned in 2008 is another (Paper I). Growth after the first inflection
point is better described as sustained and episodic than as smoothly
decaying.

The two departures are not equally generalisable. Steady growth
around a cruising speed close to the first peak, with pulses, appears
across nuclear power, combined-cycle gas turbines, mobile tele-
phones, and internet use as well as wind and solar. However, mobile
telephones reach their first inflection at a median of 79% of per-capita
penetration and internet use at 38%, roughly an order of magnitude
later in the trajectory than the 3% observed for renewables, and
the post-inflection slowdowns of the older technologies are more
pronounced. Paper II hypothesises that the difference reflects the
larger influence of policy on renewables. Policy is more fluid and
adaptive than the techno-economic drivers, and the same volatility
that stalls growth through rollbacks or bottlenecks can restart it
through renewed commitment, producing early inflections and later
pulses rather than a single smooth curve.

4.1.3 Cost and learning dynamics across the phases
(RQ1b; Paper IV)

Paper IV structures cost data by growth phase rather than calendar
time. It assembles 145 cost and deployment series covering 61 techno-
logies, 34 at the global level and 111 at the national level, which more
than doubles the evidence base of earlier studies and, for the first

40



UNDERSTANDING HOW TECHNOLOGY GROWTH UNFOLDS

time, covers, for half the sample, all three phases before slowdown.
Two rates are estimated within each phase: the learning rate, the per-
centage cost decline per doubling of cumulative deployment, and the
cost-reduction rate, the percentage cost decline per year. The cent-
ral finding is that the two diverge once technologies enter the steady
growth phase (Figure 4.2). Global learning rates rise from a median of
15% (IQR 13–21%) in the formative phase to 26% (22–35%) in acceler-
ating growth and 32% (24–43%) in steady growth. Cost-reduction rates
rise from 10% (6–15%) to 14% (10–16%) and then fall to 3% (2–9%)
once technologies enter steady growth. The national sample shows
the same shape at lower levels: learning rates of 10%, 19%, and 23%,
and cost-reduction rates of 5%, 7%, and 5%. Within individual traject-
ories, 71% of paired series show a rise in the learning rate from the
formative to the accelerating phase and 59% from the accelerating
to the steady growth phase, while cost-reduction rates fall across the
second transition in 68% of series. The early rise in cost-reduction
rates is the less consistent half of the pattern: rates increase across the
first transition in only 49% of paired series, so it is the later slowdown
that the evidence supports most strongly. The rise in learning rates
between the formative and accelerating phases is significant in both
samples; the rise into steady growth is significant nationally but not
globally, where only five technologies have reached that phase.

The divergence is not obvious, because the two rates are often
treated as interchangeable. They are equivalent only under sustained
exponential growth, where the annual cost-reduction rate is simply
the learning rate multiplied by the annual growth rate of cumulat-
ive deployment. Deployment does not grow exponentially for long.
Year-on-year growth rates fall systematically across the phases: in the
global sample, the median drops from 58% (IQR 31–112%) in the form-
ative phase to 27% (16–53%) in accelerating growth and 8% (4–12%)
in steady growth, and the national sample falls from 76%, to 28%, to
9%. Once growth decelerates, each further doubling of cumulative
deployment requires larger absolute additions, and takes longer to
achieve.

Learning and deployment growth therefore operate as competing
feedback loops. A reinforcing loop drives costs down, as cheaper units
spur further deployment and further experience. A balancing loop
weakens that reinforcement as slowing deployment growth means ex-
perience accumulates more slowly against a larger base. Annual cost
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Figure 4.2: The evolution of learning rates (a, b), cost-reduction rates (c,
d), and year-on-year deployment growth rates (e, f) across the phases
of growth. Figure 3 in Paper IV.

reductions follow a hump-shaped trajectory: high in earlier phases
when deployment is growing fast, then declining even as learning per
doubling continues to improve. The empirical pattern alone cannot
say whether the rising learning rates reflect learning-by-doing or are
an artefact of time-driven progress measured against slowing deploy-
ment. Paper IV separates the two with computational experiments
on 10,000 synthetic technologies whose cost declines are generated
under known mixes of the two mechanisms. Only the scenarios com-
bining intensifying learning-by-doing with autonomous time-driven
progress reproduce the full pattern. Purely time-driven costs produce
a rising learning rate but a flat cost-reduction rate; purely learning-
driven costs with a fixed learning rate produce a monotonically falling
one.

Two further observations support a phase-based reading of these
dynamics. First, structural breaks in learning and cost-reduction rates
fall within a median of three to five years of a growth phase transition.
That is significantly closer than a Monte Carlo null in which break-
points are placed at random (p < 0.05 for all technology types). The
one exception is national series for complex, customised technologies
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such as nuclear power, where sparse deployment makes both trans-
itions and breaks harder to locate. Second, the reason this variation
went undetected is a data constraint, not its absence. Most earlier
analyses rested on series that capture only the formative phase, be-
fore any systematic pattern would be expected to emerge. Paper IV’s
larger sample also confirms, now with statistical significance, that
learning rates fall with design complexity, from 21% for standardised
mass-produced technologies to 15% for platform-based and 6% for
complex customised ones.

4.1.4 Early and late adopters: spread, duration, mag-
nitude and absorptive capacity (RQ1c; Paper V)

Section 2.2 described a long-standing debate on whether latecomers
adopting new technologies gain from the proven designs and lower
costs they inherit or lose from their weaker capacity to take them
up. The argument remains unresolved because the standard metrics
used to measure growth lump together different things. Paper V sep-
arates them into the three dimensions distinguished in section 3.5:
the spread of a technology between countries, and the duration and
magnitude of its growth within each one. Cross-country spread is
measured across technologies. Duration and magnitude are measured
for 7,130 country–technology pairs, covering 91 technologies in 236
countries and territories over two centuries, and compared between
early and late adopters. Analysed separately, the three dimensions
move in different directions. Technologies reach new countries ever
sooner, and later adopters pass through shorter lifecycles, but they
deploy more slowly and saturate at lower levels (Figure 4.3). Each side
of the old argument turns out to have been right about a different
dimension.

Cross-country spread is narrowing: technologies reach most ad-
opting countries within an ever shorter span of years. The span of
years within which the middle 80% of adopting countries take off has
shortened by 5.5 years for every decade later a technology first ap-
peared (n = 52 technologies, R 2 = 0.87). The telegraph took more than
a century to take off in most countries; mobile telephones and solar
PV managed it in little over a decade. Paper III measures the same
thing for solar PV and onshore wind directly. The time for the number
of countries past takeoff to grow from 10% to 90% of its estimated
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Figure 4.3: Technologies reach new countries ever sooner, and later
adopters pass through shorter lifecycles, but they deploy more slowly
and saturate at lower levels. Adapted from Figure 1 in Paper V.

maximum is 23 years for onshore wind and 15 for solar, faster than for
any other electricity technology in its sample.

Within countries, later adopters compress the technology lifecycle.
Each additional year of lateness is associated with a shorter form-
ative phase (β ≈ −0.30), a shorter acceleration phase (−0.15), and,
most strongly and most consistently, a shorter steady growth phase
(−0.55). Transition durations (the duration it takes deployment to
grow from 10% to 90% of the final ceiling) shorten accordingly (−0.26
years per year of lateness), and because duration and steepness are
inversely related, the fitted logistic growth constants of later adopters
are correspondingly higher (+0.004). This compression is behind the
optimistic reading, in which countries that adopt technologies later
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move through the lifecycle faster [34, 57].
The pattern reverses along the dimension of magnitude. Initially

accelerating growth shows no robust relationship with lateness. But
each year of lateness is associated with a roughly 0.8% lower peak
growth rate at the first inflection point and a 1.4% slower cruising
speed through steady growth. These penalties compound over time:
a country taking off twenty years after the pioneer grows about 25%
more slowly over the phase in which most deployment occurs. More
consequentially, later adopters saturate lower. Peak deployment falls
by about 2% per year of lateness, so a country with a twenty-year lag
peaks at roughly two-thirds the deployment share of an early adop-
ter. These associations are essentially unchanged when income at
takeoff is controlled for, so the penalty does not simply reflect dif-
ferences in country affluence, and they hold across the complexity
spectrum, from vaccines and radios to nuclear plants and steelworks.
The two findings together resolve the contradiction between late-
comers’ higher fitted growth constants and slower actual deployment:
the growth constant measures the steepness of a curve that is both
compressed in time and capped at a lower ceiling.

The data suggest that this ceiling is more strongly influenced by
countries’ absorptive capacities than by the timing of adoption. The
clearest evidence comes from mobile telephones, the exemplar of
leapfrogging. Across 163 countries, peak mobile penetration exceeds
100% almost everywhere, but it rises with prior landline penetration
(r = 0.32), and with income at takeoff, and the gradient is steepest
within Africa. Each predictor is significant on its own. Regressed to-
gether, income remains significant while prior landlines and timing
do not. The pooled regressions show that the lateness penalty sur-
vives controlling for income; the mobile case shows that, for ceilings,
income and prior infrastructure carry more of the explanation than
timing. Read together they say that what looks like a penalty for late-
ness is largely a penalty for low absorptive capacity. Leapfrogging is
real but relative. A country can leap over its own past, but not above
others with greater capacity to deploy and integrate a new technology.

These patterns are not confined to the past. Solar PV has taken off
in scores of countries, with most adopters taking off within a decade of
each other. Later adopters already finish initial acceleration sooner, by
around four years per decade of delay relative to the pioneer, without
any significant change in growth constant, acceleration phase growth
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rate, or peak growth rate. Electric vehicles show the same temporal
compression: the time for electric cars to go from 1% to 10% of new
sales fell from 5.2 years for countries crossing 1% before 2015, to 4.3
years for the 2015–2018 cohort, to 3.5 years from 2019 onwards. Be-
cause vehicle fleets turn over slowly, sales run far ahead of stock, at 97%
of new-car sales in Norway against 36% of its fleet, and meaningful EV
adoption is observed in only about 60 countries, presumably those
with the highest absorptive capacity. It is too early to observe where
either technology will saturate. If history is a guide, falling costs will
take them almost everywhere, and countries’ capacities will decide
how fast and how far they go.

4.2 Measuring the dynamics of technology growth

4.2.1 Detecting takeoff, inflection points, and growth
pulses (RQ2; Papers II, III)

The phases described in section 4.1 are only useful if they can be
identified for technologies whose growth is still under way. Applied
across the technology sample, the diagnostics of section 3.3 identify
each transition directly from deployment data, without an assumed
functional form and without knowledge of the eventual ceiling.

For takeoff, FOBI identifies country-specific estimates of when sus-
tained growth begins. FOBI thereby departs from the convention of
defining takeoff by a fixed threshold, such as a given share of the even-
tual market, which applies one criterion to countries of very different
sizes and starting positions (Paper III). Applied to 2023 data, FOBI
diagnoses takeoff in 63 countries for onshore wind and 90 for solar PV.

For the phases that follow, DAIP identifies the first inflection point
and the subsequent pulses of deceleration and re-acceleration, and
does so more reliably than curve fitting. Paper II systematically com-
pares DAIP and curve fitting using a confusion matrix. It finds that
curve fitting both reports “phantom” inflections in countries that are
still accelerating and misses real ones in countries whose inflection is
followed by a pulse. The reason is structural. A single logistic fitted
to a pulsating series averages across the pulses, and so either misses
the inflection or misplaces it. Fitting logistic curves to progressively
truncated series demonstrates how the fitted inflection point shifts
forward whenever a secondary pulse occurs. Curves with several in-
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flection points do not solve the problem, because they require the
number of pulses to be assumed in advance, and DAIP diagnoses a
transition only once two years of data confirm it. Smooth curves are
not merely imprecise about the timing of pulses, but are structurally
incompatible with them.

Not all growth metrics are equally reliable. The deployment ceil-
ing estimated from an incomplete series is highly unstable and shifts
substantially as the series is truncated at different points, whereas the
peak growth rate is comparatively robust and can be inferred reliably
from early national experience (Paper III). The growth rate at the first
inflection point (Gfip) approximates the maximum growth rate G of
classical growth models while being less sensitive to pulses, which
makes it the more dependable of the two (Paper II). Year-on-year
growth rates, and metrics resting on exogenously assumed asymp-
totes or transition durations, prove poor descriptors of growth in this
setting: the first because they are sensitive to short-run volatility, the
others because they are sensitive to the exogenous parameter assump-
tions. Projecting constant annual additions at Gfip tracked subsequent
deployment more closely than exponential extrapolation, than logistic
curves with empirically estimated ceilings, which systematically un-
derpredict growth, and than logistic curves with ceilings fixed at policy
targets, which perform almost as poorly as exponential fits. The res-
ults are robust to reasonable variation in DAIP’s smoothing window
and persistence criterion, although the number of pulses detected is
more sensitive than the distributions of Gfip and cruising speed. The
trustworthiness of a metric has direct implications for how reliably it
can inform projections.

4.2.2 Cruising speeds and the relationship between
national and global growth (RQ2; Paper II)

Most deployment happens in the steady growth phase, which makes
the cruising speed especially salient for anticipating how far a techno-
logy will grow. Section 4.1.2 showed that cruising speed sits close to,
but slightly below, the growth rate at the first inflection point. What
matters for measurement is that Gfip can be estimated robustly, and
long before the steady growth phase ends, so it serves as a reliable
predictor for the speed a country will sustain through that phase.

Countries that have already entered steady growth therefore consti-
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Figure 4.4: The relationship between national Gfip and global growth
rates. Adapted from Figure 5 in Paper II.

tute a sample of observed feasible cruising speeds. The distribution of
their peak rates is stable over time, and it defines an upper bound for
global deployment speed long before global deployment reaches its
own inflection point. The sample becomes reliable once two condi-
tions are met: at least five countries have passed their first inflection
point, and the technology has taken off globally.

Wind and solar in later-adopting countries rarely grow faster than in
front-runners, despite the advantages latecomers enjoy in technology
cost, supply-chain maturity, and accumulated experience elsewhere.
Those advantages appear to be offset by less favourable geographic,
infrastructural, economic, institutional, and political conditions. The
net result is that the upper bound of national growth rates has not
risen.

Taken together, these results link national and global growth. Global
deployment is the aggregate of national trajectories, so if the fastest
national cruising speeds stay stable, the median and upper quart-
ile of front-runner peak rates form an empirically grounded frontier
for plausible global growth (Figure 4.4). For onshore wind, nuclear
power, gas turbines, internet use, and mobile telephones, the median
national Gfip has consistently exceeded the observed global growth
rate once enough countries had passed their inflection, and the up-
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per quartile has provided a more optimistic ceiling. Solar PV is the
exception, for now. Global solar growth currently tracks the upper
quartile of the national distribution rather than its median, because
China accounts for the majority of global additions while growing
faster than the cross-country median on the strength of its manufac-
turing expansion. As growth in China and other large accelerating
economies stabilises, Paper II expects the solar relationship to settle
where the wind relationship already has. This has two implications.
Sustained exponential growth at the global level is inconsistent with
the evidence, in line with recent near-linear projections from the IEA
and BloombergNEF [3, 166]. And because a few large countries can
dominate global totals, moving from national distributions to global
aggregates requires weighting countries by their share of the global
system. Paper II also compares the national Gfip distribution against
the maximum annual additions in IPCC AR6 1.5 °C and 2 °C pathways,
a comparison that section 4.3.2 develops with PROLONG.

4.3 Projecting data-driven trajectories for techno-
logy growth

4.3.1 Probabilistic projections of global wind and solar
growth (RQ3; Paper III)

Paper III develops PROLONG (section 3.6) and applies it to onshore
wind and solar PV. Applied to observed national data through 2023,
PROLONG projects onshore wind at 13.4% of global electricity genera-
tion in 2030 (IQR 12.6–14.3%), 22.8% in 2040 (18.3–26%), and 25.6% by
2050 (20.5–33.7%), and solar PV at 12.3% in 2030 (10.6–14.8%), 19.6%
in 2040 (14–27.5%), and 20.8% by 2050 (14.5–29%). At the 95th per-
centile, wind could reach 17%, 34%, and 47% and solar 18%, 35%, and
47% at the same dates (Figure 4.5).

The projections are validated by hindcasting. Paper III withholds
later observations and projects forward from the data available at a
given point in time, then compares the projection with what happened.
It does this at horizons up to thirty years, for wind and solar and for
three reference technologies chosen to span the spectrum of com-
plexity and policy dependence: nuclear power, combined-cycle gas
turbines, and mobile telephones. Across all five, PROLONG outper-
forms global logistic and exponential curve fits and the aggregation of
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national logistic extrapolations. Its median projections keep a sym-
metric mean absolute percentage error typically below 0.5 and a sym-
metric mean percentage error close to zero across the full range of
horizons, which indicates accuracy without systematic bias. Global
exponential and logistic fits often exceed 1.0 on the first measure and
show biases that worsen with horizon.

For instance, projecting from data through 2015, PROLONG’s me-
dian put onshore wind at 7.8% of global electricity in 2023 (IQR 7.1–
8.8%) and solar at 4.8% (3.6–6.3%). The actual outcome was 7% and
5.3%. Over the same horizon the exponential fit gave 13% for wind and
12% for solar, and the logistic fit 5% and 1.5%: one far too optimistic,
the other far too conservative.

Paper III also assesses the calibration and sharpness of the inter-
vals, through coverage rates, interval scores, the continuous ranked
probability score, and diagnostics of tail behaviour. Out-of-sample
outcomes fall inside the predicted ranges at close to the nominal fre-
quencies. The intervals widen with horizon, as they should, but stay
well behaved rather than expanding without limit, and the distribu-
tions avoid the heavy tails that would make them uninformative.

Two limits define how the projections should be interpreted. They
are projections of growth rates rather than of saturation levels, so
they describe how fast deployment is likely to proceed rather than
where it will stop (section 5.4). And they are conditional on the future
resembling the past in structure, if not in detail. They extrapolate the
mechanisms visible in national experience, and cannot anticipate
discontinuities that break with it.

4.3.2 A baseline for benchmarking climate-mitigation
pathways (RQ3; Paper III)

By projecting what is likely given current trends, PROLONG offers a
benchmark for climate mitigation pathways and policy pledges that
describe what is required to meet the climate goals.

In hindcasts made in each year from 2008 to 2022, PROLONG’s
median projections were consistently higher, and more accurate, than
the IEA’s contemporaneous stated- and new policies scenarios and the
baseline scenarios of the IPCC’s Fifth Assessment Report and Special
Report on 1.5 °C. For its latest projections starting in 2023, the IEA’s
stated policies scenario [165] closely tracks PROLONG’s median for
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by 2040. Figure 5 in Paper III.

onshore wind, while most baseline and current-policy scenarios in
the AR6 database [164] fall below its 25th percentile. For solar, the AR6
baselines again fall below the 25th percentile and its current policy
scenarios start below the median before converging by 2040 and the
IEA’s WEO 2025 stated policies scenari [3]o falls inside the interquartile
range.

PROLONG’s interquartile range largely overlaps the 2 °C-compatible
pathways of AR6 for both technologies, and the 1.5 °C high-overshoot
pathways for onshore wind. The more ambitious 1.5 °C no- or limited-
overshoot pathways, and the IEA’s Net Zero scenario, exceed PRO-
LONG’s 95th percentile during 2030–2035, particularly for solar. The
gap narrows after 2035, as the pathways approach saturation while
PROLONG’s upper range continues to expand: by 2050 its 75th per-
centile encompasses even the most ambitious wind pathways and
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approaches the median of the stringent solar ones. In the median
projection, renewables grow more slowly, but over a longer period,
than many 1.5 °C pathways require. Paper III also compares PRO-
LONG to some of the more ambitious projections and scenarios in
the recent literature [5, 6, 165, 167, 168]. While the comparison is
mixed for onshore wind, for solar PV, all five of these lie above PRO-
LONG’s 95th percentile through 2040. This places PROLONG between
baseline scenarios that have run consistently too low, and ambitious,
cost-driven projections that now run above anything countries have
sustained. The COP28 pledge to triple renewable capacity by 2030
sits near the 95th percentile of PROLONG’s distribution. Reaching
it would require the growth of onshore wind in major economies to
accelerate by 1.4 to 3 times, and of solar PV by 2 to 5 times, relative to
recent rates.

Paper III constructs two acceleration scenarios against a baseline
aligned with PROLONG’s median. Early acceleration departs upward
immediately, meeting the COP28 pledge by 2030 and, by 2040, the
median of the AR6 1.5 °C no- or limited-overshoot pathways or the
IEA’s Net Zero scenario. Late acceleration follows the baseline until
2030 and must then rise more steeply to reach the same 2040 level.
Paper III distributes the required growth across ten world regions un-
der empirical constraints on ceilings, growth, and acceleration. For
onshore wind, early acceleration requires additions of about 1.8 per-
centage points of generation per year in Europe and East Asia and up
to 2.7 elsewhere, rates similar to the European Union’s REPowerEU
plan. East Asia and North America would have to accelerate to 1.4 to
1.6 times their previous peaks, and other regions to between 2 and 14
times. For solar, every major region would need to exceed 2.7 percent-
age points per year, two to four times its historical peak and above
China’s record additions of 2024. Such rates are not unprecedented:
India’s Central Electricity Authority targets about 2.4 percentage points
per year through 2030, up from 1 today. But they have been reached
only in exceptional episodes, and the scenarios require them to be
sustained over multiple years.
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CHAPTER 5

Discussion

5.1 Main contributions

Across five papers, this thesis shows that there is more to the growth of
new technologies than how much they cost. Each paper challenges a
different part of commonly held assumptions about how technologies
grow: growth co-evolves with policy and proceeds through phases and
pulses rather than smoothly (Papers I–III); costs do not fall at a con-
stant rate but decelerate even as learning intensifies (Paper IV); and
technology does not spread evenly but is shaped by the national capa-
city to absorb it (Paper V). Together they replace a smooth, cost-driven
picture of growth with an empirically grounded, phase-based one that
accounts for both techno-economic and socio-political mechanisms.

The conceptual contribution is a phase-based framework for ana-
lysing technology growth. Classical S-curves assume that acceleration
is followed immediately by slowdown, which can overestimate a tech-
nology’s prospects by extending the accelerating phase too far, or
underestimate them by mistaking a temporary deceleration for satur-
ation. This thesis proposes instead that the end of accelerating growth
is often followed by a prolonged steady growth phase, in which de-
ployment proceeds at a relatively stable cruising speed punctuated
by pulses of deceleration and re-acceleration (Papers I, II). Growth
thus falls into four phases – formative, accelerating growth, steady
growth and slowdown – which differ not only in their dynamics but in
the mechanisms that shape them. A second conceptual contribution
unpacks technology diffusion into three dimensions: the spread of
a technology between countries, and the duration and magnitude
(speed and eventual extent) of its growth within each one (Paper V).

The methodological contribution is a set of model-agnostic tools for
measuring technology growth and a probabilistic model for projecting
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it. FOBI and DAIP delineate growth phases directly from empirical
data, detecting takeoff (Paper III) and the first inflection point and
subsequent pulses (Paper II) without assuming that trajectories fol-
low a fixed functional form. PROLONG turns early national growth
signals into probabilistic, hindcast-validated projections of global
growth (Paper III). It occupies a middle ground between energy and
climate optimisation and simulation models on one side and bottom-
up industry forecasts on the other, telling us not what is required,
cost-optimal or planned but what is most likely.

The empirical contribution is the expanded evidence base and the
regularities it reveals. The thesis draws on long-run deployment re-
cords for more than 90 technologies across over 200 countries, and
adds 145 cost and deployment series covering 61 technologies, which
more than doubles the evidence base of earlier studies and, for the
first time, covers, for half the sample, all three phases before slowdown
(Paper IV). Across dozens of technologies, these data show regularit-
ies that no single case could: a cruising speed close to, and typically
bounded by, the peak growth rate at the first inflection point; learning
rates that rise over the lifecycle even as cost-reduction rates slow; and
later adopters that move through the lifecycle in less time but deploy
more slowly (Chapter 4).

5.2 Implications for modelling, policy, and devel-
opment

This thesis has implications for how technology growth is modelled,
how it is governed, and how the transition interacts with economic
development. The first two often co-evolve: models shape the targets
that policy is designed to meet, and the impact of policies is then
evaluated against modelled baselines [121, 122, 169]. Development
shapes the broader landscape in which technology and policy interact.

Three findings from this thesis bear directly on how technology
growth is represented in models. Because growth proceeds through
distinct phases, models that impose smooth deployment, whether
by cost optimisation or simple extrapolation, misrepresent techno-
logy trajectories (Papers II, III). Because learning rates rise over the
lifecycle while cost-reduction rates slow, two common ways of rep-
resenting cost dynamics carry a predictable bias (Paper IV). Models
that endogenise learning at a fixed rate [78] can understate how much
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is learned in later phases. Stochastic forecasts centred on a constant
rate of annual decline [6, 77] can overstate long-run cost reductions,
because their central trend extends early-phase rates into the steady
growth phase. Models could explicitly link learning to the phase a
technology is in, with FOBI and DAIP locating that phase directly
from deployment as it unfolds. Coupling both the learning rate and
the cost-reduction rate to the growth phase could correct the bias in
fixed-rate formulations.

Probabilistic projections such as the one developed using PRO-
LONG in this thesis open a further possibility. Such projections could
be soft-linked to integrated assessment models (IAMs) and energy
system optimisation models (ESOMs), as probabilistic priors on de-
ployment rates or as a check on the plausibility of modelled trajector-
ies. Doing so at scale would require comparable probabilistic projec-
tions for other technology types, which could build on those already
developed for mature technologies [27, 28] and on related work on
technologies in the formative phase [138, 139, 170, 171]. Section 5.5
outlines the research this would require.

For policy, the central message is that effort does not fall as a tech-
nology matures. Barriers evolve rather than disappear – from the
technological and economic barriers of the early phases to the in-
tegration, social, and political barriers of later ones – and thus sup-
port must be sustained and adapted even after a technology reaches
cost-competitiveness (Paper I). The impact of different instruments
shifts accordingly. Demand-pull helps catalyse growth in the early
phases [172], while sustaining cost declines and growth through the
steady growth phase depends on managing the barriers that emerge as
technologies expand and begin to reshape the socio-technical systems
they are embedded in (Papers I, IV). The shifting balance of mech-
anisms also reframes what acceleration means at different phases
of growth: inducing takeoff in the formative phase; extending initial
acceleration; countering emergent barriers to sustain and reintro-
duce pulses during the steady growth phase; and restarting growth –
by expanding or re-defining the market or stimulating new innova-
tion – after slowdown and saturation (Paper I). The finding that the
growth rate at the first inflection point is frequently predictive of the
overall cruising speed may also suggest that there are country- and
technology-specific limits to sustained policy-driven acceleration of
deployment. This is a hypothesis that future work should systematic-
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ally test.
The findings of this thesis also show that history can offer an em-

pirically grounded reality-check on targets. The frontier defined by
front-runner peak speeds shows that meeting the COP28 pledge and
longer-term Net Zero targets would require historically exceptional
effort (Papers II, III). The acceleration required to meet the most am-
bitious goals cannot rely on technological progress alone; it requires
sustained policy effort.

Whether that effort ultimately succeeds depends not only on policy
design or technology cost but on the capacity of countries to absorb
and deploy the technologies that the transition requires. Newer tech-
nologies reach latecomers sooner, but how far they grow within a
country is bounded by that country’s absorptive capacity. Paper V’s
finding reframes a longstanding debate about how technology late-
comers catch up. Against the optimistic expectation of leapfrogging
– that countries can vault over stages of development by adopting
mature, cheap technology – the evidence suggests leapfrogging is real
but relative: a country can leap over its own past, but not above fron-
trunners with higher absorptive capacity. The finding aligns with a
structuralist reading of development, in which catch-up has depended
less on access to technology than on the accumulated capabilities –
skills, institutions, finance – needed to use it [53, 55, 56, 173].

Paper V also raises questions about global equity. The history of
fossil-fuelled socio-economic development has long suggested a
tradeoff between development and decarbonisation [30, 174]. The
arrival of cheap low-carbon energy appears to have dissolved that
longstanding tension [4, 6]. But if the magnitude of deployment is
bounded by a country’s capacity, then the binding constraint on
equitable decarbonisation is not technology cost or carbon space but
capacity itself. Closing the gap between early and late adopters is
therefore, in large part, a development problem, and investment in
capacity is a precondition for deep decarbonisation. Such investment
spans human capital, including health, education, skills, as well as
institutions, domestic finance, and system-planning capacity. Such
investment also pays a second dividend, since the capacities that
enable mitigation are largely those that enable adaptation and help
build resilience to a changing climate [175, 176].

That investment is, however, in historic retreat. Contracting inter-
national aid, stalling progress on human development, and consistent
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shortfalls in climate finance jeopardise the ability of many countries
to take full advantage of this technological moment [177–180]. And
because the hardest-to-decarbonise sectors often require the most
complex, capacity-intensive technologies, without deliberate invest-
ment in capabilities, the clean-energy transition risks entrenching the
very divide between developed and developing economies it might
have helped to bridge.

5.3 Epistemological reflections

The implications I outline above lean on the regularities I identify in
this thesis. The five papers have produced a good deal of knowledge
about how technologies grow. In this section I step back and ask
what kind of knowledge it is and to what use it can be put responsibly.
The argument here runs in five steps: what kind of knowledge the
thesis produces; how that knowledge could be used; what turning
its patterns into explanations would require; what the vocabulary of
diffusion assumes about them; and what the models built on that
vocabulary, including this thesis’ own, can and cannot see.

The thesis abstracts from deployment and cost data for many tech-
nologies in many countries to find regularities in how they evolve. In
Sayer’s terms the study design is extensive rather than intensive: it
finds patterns common to a large population of cases, and trades the
concrete causal history of any single case for that breadth [181]. Such
a design does not yield laws. Following the critical realist tradition, I
read the patterns here as demi-regularities: partial, approximate and
context-bound tendencies of open socio-technical systems shaped
by human agency [112, 182]. They recur often enough, and in enough
contexts, to be informative, but they hold only while the conditions
that produce them persist. The thesis identifies patterns and proposes
explanations for them. It does not quantify causality.

Chapter 2 highlights the socio-technical tradition’s emphasis on
explaining why transitions happen (section 2.3). But even within the
tradition, scholars disagree about what an explanation requires. Some
ask for tested mechanisms and comparative designs [112]; others
defend mid-range frameworks and processual accounts built case by
case [108].

At first glance, this thesis appears to circumvent these debates by
siding with the broader diffusion literature and focusing on measur-
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ing growth. But there are two features of this work which also lean
towards explanation. First, a robust regularity already signals that
some mechanism is at work, even when it cannot say which. Second,
the regularities this thesis finds are temporal. Phases, turning points
and pulses describe how growth unfolds over time, the dimension
which variable-oriented statistics capture least well, and the one socio-
technical scholars place at the heart of explanation [108]. The thesis
measures that temporal structure across more cases than any single
process-tracing study could follow, but needs qualitative methods to
explain it.

Knowledge of this kind lends itself to three uses. The first, most com-
mon use is to translate a tendency into a parameter and build it into a
model. Wright’s law – a regularity between technology costs and cumu-
lative deployment – is a good example for how that happens. Observed
often enough across different technologies, experience curves are now
widely used to endogenise technology cost dynamics in integrated as-
sessment and energy system models [78]. Historical deployment rates
have travelled the same route and are often used to cap how fast new
technologies may expand in scenarios [183, 184]. Some findings in
this thesis, such as the phase-dependent learning and cost-reduction
rates, could take the same route. However, efforts at assimilation also
risk insulating a tendency from the conditions and contexts under
which it holds, and the places where it breaks. Paper IV shows how
commonly assumed constant, technology-specific learning rates are
inconsistent with empirically observed patterns.

A second use is as an empirically grounded benchmark for what
is plausible. A distribution of outcomes across comparable cases
can serve this purpose without needing an explanation of causality.
Section 5.2 used the frontier of front-runner growth this way, as a
reality-check on the COP28 pledge and the most stringent mitiga-
tion pathways, and PROLONG’s probabilistic projections rest on the
same logic (Paper III). A benchmark inherits the caveat attached to
every demi-regularity: it holds only while the conditions that produce
the data persist (section 2.4). I return to what that caveat means for
PROLONG at the end of this section.

The third use refers to what critical realists call retroduction: read-
ing the gap between what existing theory predicts and what the data
show as a clue to a mechanism the theory does not contain [112, 182].
For example, the S-curve’s geometry implies there are only two phases,
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acceleration and slowdown, with growth slowing as a technology nears
its ceiling. This thesis finds growth slowing far earlier, and then pulsing
between deceleration and re-acceleration rather than declining mono-
tonically (Papers II, III). On the one hand, this observation could be
used to specify a different functional form that yields a better-fitting
curve. But on the other, it could be read retroductively and used to
ask why this deviation occurs, and what begins to act on wind and
solar at around 3% of electricity generation that was not acting before
(Papers I, II).

Answering those questions means identifying mechanisms. This
thesis proposes that the phases and their growth dynamics emerge
from combinations of mechanisms whose causal powers may or may
not activate in a given context. Public opposition is one such mech-
anism. It acts as a barrier to growth, and it has activated for onshore
wind in parts of Northern Europe but has not for mobile phones. How-
ever, given that these processes play out over time, naming the causal
mechanisms that can act on growth is not enough [112]; one must
also trace how those actions unfold and interact over time [108].

Positing a causal mechanism is not the same as establishing it, and
here the extensive design [181] of this work reaches its limit. The
design can show where observations depart from expectation, but not
which candidate mechanism produced a departure in a given country,
nor whether that mechanism was necessary. Because mechanisms
activate in some places and not others, the same phase-specific mech-
anisms yield different outcomes across countries, and discontinuities
resist prediction. This is not for lack of data, but as a matter of onto-
logy [112, 185]. Instead, through its extensive design, the thesis locates
turning points, the onset of different phases across many countries,
and so tells intensive, case-based research where and when to look. It
also supplies the comparisons such research needs to judge whether
a mechanism found in one case recurs in others (section 5.5). It does
not dissolve the division between diffusion and socio-technical tra-
ditions described in Chapter 2 but facilitates an exchange in which
each side poses questions the other can help answer.

Mechanisms are not autonomous. There is agency involved in ac-
tivating them. Residents object, governments adjust support, firms
invest. The language used to describe technology growth must there-
fore leave room for agency. Section 2.2 discussed the origins of the
word diffusion and how it conjures images of a substance spreading
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passively down a gradient, a contagion spreading through a popula-
tion, or cultural traits radiating from a centre to a periphery. When
used to describe the spread of technology, it smuggles in three assump-
tions about the nature of growth: passivity (a technology spreads by
its own inherent properties), inevitability (an S-curve once begun al-
ways runs all the way), and a fixed direction of travel (what happens
in central frontrunners will in time happen at the periphery).

The findings in this thesis contradict all three. Growth is shaped
by a shifting balance of mechanisms rather than autonomous (Paper
I), pulsating rather than automatic or inevitable (Papers II–III), and
shaped by capacity rather than uniform across contexts (Paper V).
These patterns are better aligned with the alternative vocabulary of
translation where spread is not the frictionless propagation of a fixed
object but the work of many actors who continuously interact with
it [186, 187]. I retain “diffusion” to engage with the established tra-
dition [38], but prefer “growth,” “deployment,” “adoption,” “uptake,”
or “expansion” to better reflect the non-passivity of these processes.
The point connects back to the notion of “unstoppable” or “inevit-
able” transitions which strip these processes of human agency, and
risk trivialising the magnitude of socio-political effort that would be
required to bring these transitions to fruition.

The language used to describe the transition is in turn closely linked
to the tools used to analyse it. These typically include quantitat-
ive models of different kinds, and this thesis critically engages with
techno-economic optimisation models. The mismatch between the
technology trajectories produced by such models and empirically
observed outcomes [14, 126, 149, 156, 188] can be attributed to the
fact that such models are closed systems that do not contain all the
generative mechanisms shaping growth in the real world. But this
limitation is often lost in communication, especially to non-specialist
audiences, and it is not difficult to mistake the models’ internal logic
for reality, what Erica Thompson [189] calls staying inside Model Land.

In critiquing existing approaches, this thesis builds a model of its
own (Paper III). In important respects PROLONG is designed to es-
cape Model Land: it reports probabilities rather than point forecasts,
it declines to estimate the deployment ceiling it cannot reliably know,
it is validated against out-of-sample reality through hindcasting, and
it is scoped to a purpose – medium-term growth rates – with its unsuit-
ability for projecting saturation levels and for discontinuities stated
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plainly. Yet it does not escape entirely, and it would be misleading
(and ironic) to claim otherwise. PROLONG is trained on simulated
ensembles built from assumed logistic and bilogistic forms; that train-
ing universe is itself a model world, and no amount of hindcasting
can preempt real diffusion departing from the patterns the model is
trained on. This places a structural limit on what the model can and
cannot foresee. Its projection intervals, likewise, quantify the uncer-
tainty the model can see, but not the deeper uncertainty of futures
that are radically unlike the past and/or its training ensemble. This
motivates the interpretation of PROLONG’s projection as a probabil-
istic baseline for where existing trends might lead, conditional on not
only past data but also the simulated worlds that inform the model.

5.4 Limitations

Section 5.3 addressed the limits of the kind of knowledge this thesis
produces. The limitations set out here are of a narrower sort: they
concern the scope of the cases studied, the data on which the analysis
rests, the inferences the design can support, and the tools developed.
The framework is built on, and applied to, technologies that succeeded
in making it through the formative phase and spread widely. It is too
early to empirically measure if technologies central to deep decarbon-
isation (e.g. electrolytic hydrogen, green steel), which are still in the
formative phase also follow the same patterns. Much of the forward-
looking analysis is also focused on the power sector. The framework
and tools extend in principle to other technologies, as their applica-
tion to mobile phones and internet use shows, but their suitability for
use with technologies in sectors such as transport, industry, and heat
remains to be demonstrated.

The data are uneven. This thesis relies on datasets assembled from
deployment and cost records spanning two centuries and more than
200 countries, and their quality and coverage inevitably vary. They
are typically sparser and less reliable for early historical series and for
smaller and developing countries. The unavailability of certain kinds
of data also constrains the types of questions this thesis can ask and
confidently answer: the absence of R&D spending data restricts Paper
IV to one-factor learning models. In Paper V, the overall penalty that
later adopters pay is robust to controlling for national income. Dis-
entangling the distinct components of absorptive capacity is harder,
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because proxies such as national income and prior infrastructure are
collinear and coverage is patchy. Absorptive capacity is therefore in-
ferred from the combined effect of these proxies rather than isolated
as a single measurable cause.

The regularities are also conditional on the contexts and periods that
produced them. For instance, several of the conditions that shaped
renewables growth over the last two decades are now shifting (e.g.
higher interest rates, trade restrictions, the move from feed-in tariffs
to auctions). Whether the phases and cruising speeds identified here
persist in the future is an open question, and one that hindcasting
over the coming years can begin to answer. Abrupt change is even
harder to anticipate. Because the approach extrapolates from his-
torical experience, it cannot anticipate discontinuities arising from
geopolitical upheaval, radical technological breaks, or abrupt policy
shifts. As argued in section 5.3, this is a limit of ontology rather than
of data, and it is particularly important for PROLONG, whose training
universe of simulated trajectories constrains the futures it can foresee.

Some limitations are specific to the tools developed. FOBI’s
continuous-growth criterion can misread technologies that deploy
in large, discrete steps, such as nuclear power (Paper III); and DAIP’s
identification of inflection points and pulses can be sensitive to the
choice of smoothing and persistence criteria (Paper II). Both FOBI and
DAIP are designed for identifying takeoff, inflection points and pulses
as they occur, but cannot anticipate them in advance. PROLONG
projects deployment rates during the accelerating and steady growth
phases rather than saturation levels, which limits what it can say about
the developments in the formative phase, and about slowdown and
saturation in the final phase (Paper III). It selects mature countries by
the maturity of a fitted logistic curve, which Paper II shows disagrees
with DAIP in a quarter to a third of countries, and its random forests
cannot extrapolate beyond the logistic and bilogistic dynamics they
are trained on.

5.5 Future research

These limitations, together with the avenues opened by the papers,
point to three broad directions for future work: explaining the patterns
identified here, extending data-driven projection to other technolo-
gies, sectors, and spatial scales, and widening the unit of analysis from
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a single technology to the system it is embedded in.
The first direction is causal. Now that pulses can be detected, the

natural next step is to explain why they occur when they do by dis-
entangling the role of policy from market and societal forces across
different contexts, and weighing the reinforcing policy–technology
feedbacks that drive deployment upward against the countervailing
ones that slow it down. The diagnostic toolkit developed here can
support extensive inference, testing hypotheses about the effects of
different policy instruments and contextual factors across many cases.
Using an intensive rather than an extensive research design [181], the
analysis of contrasting pairs, such as ones in which the same techno-
logy experiences pulses in one country but not in a comparable one,
would let process-tracing follow the chain of cause and effect for par-
ticular pulses and recover the concrete causal history that an extensive
design trades away. Such comparisons would also show whether a
mechanism was necessary to induce a pulse, and would test the hypo-
thesis that pulses are reactive sequences of opposition and response.
Candidate mechanisms can also be built into simulation models to
see whether they suffice to reproduce the steady growth phase and its
pulses.

A related task is to make policy-drivenness itself measurable. Paper
I treats it as a binary attribute of a technology, but also acknowledges
that it more plausibly shifts along a continuum over the technology
lifecycle. Quantifying the degree to which growth is policy-driven,
and tracking how it changes as technologies mature, would sharpen
the analysis of past growth, assessment of the overall policy effort
expended on transitions, and the realism of projections. Extending
the cost analysis in the same spirit, by incorporating R&D and other
inputs where data permit, would allow the phase-structured decom-
position of Paper IV to distinguish learning-by-doing from learning-
by-researching [79, 190].

The second direction is to extend data-driven projection to other
technologies, sectors and spatial scales so that it can play a more
prominent role in modelling practice. That role requires projections
beyond the power sector, for transport, industry, and heat, since soft-
linking to IAMs and ESOMs needs coverage of the full portfolio of
technologies those models represent. That role also requires three
extensions to PROLONG itself, each following directly from its limita-
tions. It could be made fully model-agnostic by removing the residual
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assumptions about functional form in its training ensemble. It could
be adapted to technologies that have taken off but not yet settled into
steady growth. And its representation of the deployment ceiling could
be improved. Because PROLONG projects growth rates rather than
saturation levels, it can say little about how much a technology will
ultimately grow. Two things are needed here: better diagnostics to
distinguish a real approach towards saturation from the temporary
decelerations that punctuate steady growth, and a way to estimate
the ceiling itself a priori. Following Paper V, operationalising a coun-
try’s absorptive capacity, resource potentials, and demand growth as
variables conditioning national ceilings could enable PROLONG to
project not only how fast but how far technologies will spread.

None of these extensions applies to technologies in the formative
phase, where there are no consistent deployment trends to extrapol-
ate from. Probabilistic assessment there can instead draw on recent
approaches that use granular, project-level evidence on construction
pipelines, announcements, and failure rates [137, 139, 159, 170, 171].
These belong to a broader family of probabilistic, data-driven pro-
jection methods that has emerged in recent years [27, 28, 191], each
built around different data and questions. It is not yet clear how they
compare in projection performance, or which questions each is best
suited to answer. A systematic inter-comparison would help answer
this. This would benchmark these methods against a common set of
cases, with shared hindcasting protocols of the kind Paper III applies to
PROLONG. The same benchmark could also admit mechanism-based
simulation models alongside the data-driven methods. Run on shared
cases, it would test empirically what Chapter 2 could only frame as a
choice between an inside view, which builds mechanisms into models,
and an outside view, which reasons from what comparable cases did
(section 2.4) [12]. The comparison would give practitioners a basis for
choosing among them, and lay the foundation for their coordinated
use in integrated assessment and energy system modelling.

The third research direction would widen the unit of analysis from
a single technology to the system in which it is embedded, in two
respects. The first is the interdependence of new technologies. Deep
decarbonisation requires the near-simultaneous diffusion of many
interacting technologies including generation, storage, grids, heat
pumps, electrified transport and industry – which compete for the
same finance, infrastructure, and political attention in some settings
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and reinforce one another in others [98, 192–196]. An empirically
grounded understanding of these interdependencies would allow pro-
jections for a portfolio of technologies in a given system rather than
one technology at a time. The second is the coupling between growth
and decline. At the system level, the growth of low-carbon technolo-
gies is inseparable from the phase-out of the incumbents they displace
– coal plants, internal-combustion vehicles, gas boilers, fossil-based in-
dustry – and the two processes are often coupled. They unfold within
the same systems and compete for the same resources [197–199]. The
diagnostic tools developed here could be adapted to analyse decline,
asking whether phase-out follows its own characteristic phases and
pulses, and how policy effort shifts between accelerating the new and
retiring the old. Understanding that coupling – the sequencing and
coordination of build-up and phase-down – is central to designing
transitions that are not only fast but politically feasible.
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CHAPTER 6

Conclusion

When Scientific American reported on Charles Brush’s wind dynamo
in 1890, it warned its readers that the cost of the machine more than
offset the cheapness of the wind [1]. That verdict held for more than a
century: wind and solar power cost too much to be considered a real-
istic alternative to other sources. It no longer does. The technologies
are now cheap, and the question has shifted from whether the world
can decarbonise its energy to how fast it will. Chapter 1 called the fall
in cost only the first act in the energy story of our times. This thesis
has been about the acts that follow: how technologies grow, how that
growth can be measured while it is under way, and how far ahead its
speed can be anticipated.

Growth follows recurring patterns, but it is far from predetermined
(RQ1). Technologies do not trace a smooth S-curve to a ceiling. They
move through four phases, each shaped by a balance of drivers and
barriers that shifts as deployment and policy act on one another. For
wind and solar, initial acceleration ends at about 3% of national elec-
tricity generation, far earlier than a logistic curve would place it. What
follows is not decline but prolonged steady growth, punctuated by
pulses of slowing and renewed growth (RQ1a). Consumer technolo-
gies such as mobile phones show the same pattern but reach their
first inflection far later, a difference that plausibly reflects the larger
role of policy in the growth of renewables. Costs follow the phases too:
learning per doubling of deployment roughly doubles as technologies
mature, yet annual cost reductions slow, because each doubling takes
longer once growth stops compounding (RQ1b). And later adopters
move through the lifecycle faster but grow more slowly and saturate
lower, with ceilings that appear to depend more on a country’s capacity
to absorb a technology than on the timing of adoption (RQ1c).
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This thesis introduces tools which make growth measurable while
it is under way (RQ2). FOBI and DAIP identify takeoff, the first in-
flection point and the pulses that follow, directly from deployment
data, without assuming a curve or knowing its ceiling. They are dia-
gnostic rather than predictive: they show which phase a technology
has entered, but cannot anticipate when it will move on to the next
one. The peak growth rate at the first inflection point is a typical upper
bound on the cruising speed that follows, while estimated ceilings
and year-on-year growth rates, the metrics most often extrapolated,
are the least reliable.

These regularities also make it possible to probabilistically project
growth, for as long as the future resembles the past in structure (RQ3).
PROLONG turns the experience of countries already further along in
their trajectories into probabilistic projections for the world. Across
hindcasts made from different points in the past, PROLONG’s median
projections came consistently closer to what happened than contem-
poraneous baseline scenarios of the IEA and the IPCC, which ran too
low. Looking ahead, the central range from PROLONG puts global
wind and solar growth in line with 2 °C-compatible pathways. A gap
emerges against more ambitious targets. The COP28 pledge to triple
renewable capacity by 2030 sits near PROLONG’s 95th percentile, and
meeting it would require wind growth in major economies to accel-
erate by 1.4 to 3 times and solar growth by 2 to 5 times. The 1.5 °C
pathways with little or no overshoot exceed that percentile in the early
2030s, especially for solar. These conditional projections of where
current dynamics lead act as a baseline for assessing ambition: a way
of asking whether a target reflects what history suggests is achievable,
or demands effort the world has rarely sustained.

Together these findings replace one picture of growth with another.
In the old picture, a cheap technology diffuses on its own: passively,
like a substance spreading down a gradient; automatically, like a con-
tagion; and outward, from centre to periphery. History suggests oth-
erwise. Growth is driven by a shifting combination of policy, markets
and public response, not by cost alone. It pulses rather than proceeds
automatically, and the effort behind it does not fall as a technology
matures, because the barriers shift from cost and viability to integra-
tion, opposition and finance. And it does not flow evenly outward:
latecomers inherit technology, but not the capacity to deploy it at scale.
The decline in cost has removed an important obstacle to the trans-
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ition, but many remain. The acceleration that the most ambitious
pathways call for will depend on sustained policy where deployment
is already under way, and on investment in institutions and absorptive
capacity where they are weakest.

The speed at which the world deploys clean technology is not, in
the end, a story about megawatts or S-curves. Technology is only ever
a means. The end, as I see it, is the expansion of human capability, the
freedom of people to live lives they have reason to value [200], now
and for the generations who will inherit the climate we leave them.
The skills, knowledge and institutions that let a country absorb new
technology are themselves among those capabilities. Growth that is
fast but uneven, that reaches some and passes others by, does not
serve that end.

These questions reach beyond the energy transition, and beyond
this thesis. I began it during a pandemic that changed daily life al-
most overnight, and finish it amid a boom in artificial intelligence, a
technology described as a force that will remake the world whether
or not anyone chooses it. I set out to ask how far ahead the growth
of technology can be anticipated, and the honest answer is: only so
far. That uncertainty is usually treated as a problem to be modelled
away. I have come to think of it as the wiggle room in which societies’
choices still matter: in the design of policy, the building of institutions,
and the question of who benefits.
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