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Abstract

Understanding national-level technology adoption is critical for addressing economic, societal, and
environmental challenges. This study analyzes 27 technology datasets with good temporal and re-
gional coverage to understand national-level technology diffusion, and identifies the logistic S-curve
as a robust, parsimonious model for capturing adoption patterns. We show that technology adop-
tion speeds have increased over time, especially in Information and Communication Technologies
(ICT). While early-adopting countries (leaders) often have slower diffusion, later adopters (follow-
ers) benefit from imitation and de-risking, supporting a national-level “fast-follower” hypothesis.
Structural factors also shape these outcomes: adoption speed grows with GDP growth but falls with
population size; technology leadership is influenced by GDP per capita, government effectiveness,
distance to a technology’s inventor, and population size. Our findings reinforce established theories
while providing new insights into cross-country variation, shifting adoption sequences, and increas-
ingly rigid country rankings, particularly in ICT. This evidence helps policymakers and researchers
better understand technology diffusion and can inform strategies that guide technological progress.

Highlights:
e We compile a novel national-level technology diffusion dataset
e Logistic S-curve is a good approximation of technology diffusion at national levels
e Accelerating diffusion is observed in Information-Communication technology
e Leadership is not fixed, nations can climb the adoption sequence

e Influence of factors on technology leadership can change over time

Keywords: S-curves; National-level data; Technological progress; Technology leadership; Drivers
of technology



1 Introduction

The dynamics of technology adoption have long been central to understanding economic growth
and technological progress (D. Comin and Hobijn 2004; Fagerberg and Srholec 2008). Technology
innovation and diffusion are critical drivers of economic productivity (Benhabib, Perla, and Tonetti
2021)) and offer promising solutions to many anthropogenic environmental challenges (Aydin and
Degirmenci 2023). Moreover, improvements in economic and societal conditions can create a re-
inforcing feedback loop, accelerating technology diffusion (D. Comin and Hobijn 2004, Halkos and
Skouloudis [2021)). By examining technological diffusion at the national level and identifying its
drivers, we can better understand, predict, and respond to the diverse national contexts that influ-
ence economic and environmental objectives, ultimately supporting beneficial technology adoption
and diffusion.

While technological progress has been extensively studied at a global level (e.g., Griibler, Nakic¢enovié,
and Victor 1999; Farmer and Lafond 2016), national contexts can reveal important nuances that
merit closer attention. Countries follow distinct trajectories in adopting technologies, shaped by
economic, institutional, historical, and geographic factors. Despite this variation, these trajectories
often converge toward a broader, “natural” long-run process of diffusion that can be analyzed and
understood. This paper advances the literature by providing a comprehensive analysis of national-
level technology diffusion, with a focus on adoption speed, sequencing, and leadership, offering
insights into the mechanisms and contexts that drive these processes.

A key contribution of this paper lies in demonstrating that the logistic S-curve is not only a robust
model for global diffusion but also for understanding national-level patterns. Previous critiques,
such as those by D. Comin and Mestieri (2014)), suggested that more complicated multi-parameter
models are necessary to capture the complexity of national adoption trends. However, while such
models fit historical data well, they typically result in over-fitting and poor generalization—a central
issue in the bias-variance trade-off (Briscoe and Feldman [2011]). Our work shows that the logistic
S-curve offers a parsimonious and meaningful approximation, balancing the trade-off by minimizing
over-fitting through model simplicity while maintaining sufficient flexibility to capture key diffusion
dynamics, even in noisy data contexts. This finding aligns with literature emphasizing the utility
of S-curves for modeling aggregate adoption (Meade and Islam [1998; Rao and Kishore 2010) and
extends its application to cross-country comparisons. By leveraging methodically calibrated curve-
fitting techniques and “collapse” plot analysis, we provide evidence that the logistic model captures
the speed and shape of diffusion across diverse technologies and countries, enabling meaningful
insights into the drivers of adoption.

The study also revisits the concept of “universal technology leaders,” which has been a corner-
stone of the literature (e.g., D. Comin and Mestieri [2014). We challenge this notion by showing
that technology leadership is not fixed. Instead, it is dynamic and contingent on factors such as GDP
per capita, governance quality, and geographic proximity to inventors. While developed countries
often lead in some technologies, the order in which countries adopt frequently shifts across tech-
nologies and sectors. These findings align with frameworks like Lee and Malerba [2017's “windows
of opportunity”, which emphasize the role of policy, demand-pull factors, and strategic investments
in reshaping leadership. Importantly, our work demonstrates that technology leadership depends
not only on a country’s structural advantages but also on sectoral characteristics, highlighting the
nuanced interplay between context and adoption dynamics.



Sectoral differences further underscore the complexity of technology diffusion. For example, In-
formation and Communication Technologies (ICT) exhibit exponential increases in diffusion speed,
driven by modularity and consumer demand (Weber and Kauffman 2011; Wilson et al. 2020)),
while energy and transportation technologies face structural and regulatory barriers that slow their
adoption (Karakaya and Sriwannawit [2015). These sectoral variations emphasize the importance
of tailoring theoretical frameworks and policy approaches to account for the unique barriers and
enablers of each technology type.

This paper systematically examines national-level technology adoption data using a newly com-
piled comprehensive dataset, which merges 551 individual datasets representing 135 technologies
across 14 sectors. To capture the dynamics of technology adoption across a diverse array of tech-
nologies that have achieved significant uptake in multiple countries, we focus on 27 technologies
spanning 161 countries over a period of three centuries. This approach enables a comprehensive
exploration of adoption patterns with unprecedented depth and breadth. We explore how economic,
institutional, and geographic factors interact to shape diffusion dynamics, highlighting the implica-
tions of these findings for theory and policy.

By addressing longstanding debates about diffusion models, leadership, and sectoral dynamics, this
study advances our understanding of technology adoption in significant ways. It provides a robust
empirical foundation for analyzing national-level diffusion, offering valuable insights for researchers
and policymakers interested in fostering technological progress and understanding the dynamics of
adoption in a rapidly changing global landscape.

The paper is organized as follows. Section [2] reviews the literature on technological progress, chang-
ing technology leadership, the drivers of technology diffusion, and S-curves. Section [3| outlines the
data and methodology, focusing on national technology diffusion datasets and evaluating the extent
to which the logistic curve can model historical diffusion trends. Section {] presents the results,
including an analysis of technological progress, leadership shifts in technology diffusion across coun-
tries, and the factors influencing diffusion order. Section [5| concludes with implications for policy
and directions for future research.

2 Literature Review

2.1 Technological progress

An important element of this paper is our commentary on technological progress as measured
through technology adoption. In this section, we discuss other approaches to understanding tech-
nological progress and highlight major conclusions from these studies. One approach is to study
technological progress from a functional perspective (Martino [1985; Martino |1993). Koh and Magee
(2006) and Koh and Magee (2008) analyzed energy and information technologies, concluding that
technological progress often accelerates over time. They suggest that such progress exhibits expo-
nential growth, similar to Moore’s Law (Moore 2003), though subject to long-term limits, ultimately
resembling logistic curve behavior.

Alternatively, technological progress can be studied through innovation metrics, such as patents.
Research in this area has identified cross-country and temporal variations in technological progress,



particularly for green technologies (Grubb et al. 2021; Malhotra and Schmidt 2020). Glavackij
et al. (2022) examined progress through academic citations, finding evidence of accelerating trends.
However, these studies primarily focus on technology creation—research and development—while
largely ignoring access to and use of technologies.

Lastly, some studies examine technological progress through the lens of cost reduction. Cost de-
creases can arise from learning-by-searching (research and development) or learning-by-doing (ex-
perience), often modeled by Wright’s Law (Nagy et al. [2013; Farmer and Lafond 2016; Way et al.
2022)). These studies frequently focus on global dynamics, with regional studies, such as Elshurafa
et al. (2018)), being the exception. Where regional studies exist, they have analyzed a narrow set
of technologies or countries. Although cost reductions are important, they do not fully capture the
dynamics of adoption, as the relationship is not strictly causal (Grubb et al.|[2021). By focusing on
diffusion, this study seeks to provide a more comprehensive understanding of technological progress.

2.2 Fluctuating technology leadership

The nature of leadership in technology adoption remains contested. At the firm level, studies show
that leadership can shift when firms seize “windows of opportunity” through demand-pull, enabling
policies, or advances in base technologies (Lee and Malerba [2017; Malerba and Lee 2021; Giachetti
and Mensah 2023). However, findings at the national level often paint a different picture. For
instance, D. Comin and Mestieri (2014 concluded that technology leadership is largely fixed, based
on analyses of country adoption levels. This apparent tension between firm-level flexibility and
national-level persistence highlights the need for a deeper exploration of leadership dynamics in
national technology adoption. Specifically, while existing studies have focused on industrial sectors
and supply-side innovations, little is known about whether leadership shifts can occur at the na-
tional level when adoption speeds, sequencing, or broader economic contexts are taken into account.

Another important concept is “leapfrogging”, which posits that countries can bypass intermedi-
ate technological stages to adopt advanced systems directly (Races |1983). This has been proposed
as a strategy for developing nations to accelerate progress and compete with established leaders.
Although leapfrogging has received considerable attention, it is not clear under what conditions
such strategies succeed in different technologies or how they affect long-term leadership dynamics
at the national level.

Similarly, the “fast-follower” hypothesis provides an alternative perspective to the first-mover ad-
vantage. Studies such as Hidding and Williams (2003) and Mathews, Hu, and Wu (2011)) highlight
cases in which countries or firms entering a market later gain a significant competitive advantage by
leveraging prior technological advancements. While these studies emphasize the role of timing and
adaptability, they primarily examine firm-level competition or specific industries, raising questions
about how “fast-follower” strategies play out at a broader national scale.

Despite the theoretical advances provided by these frameworks, significant gaps remain. The lit-
erature often focuses on technology production and firm-level competition, leaving national-level
patterns of technology adoption and leadership under-examined. While factors such as economic
conditions, institutional quality, and policy interventions are commonly studied, the ways in which
these drivers interact with sectoral characteristics to influence leadership dynamics across technolo-
gies are less understood. Addressing these gaps is critical for developing a more comprehensive view



of how leadership in technology adoption evolves over time and across different national contexts.

2.3 Drivers of technology diffusion

A variety of factors at multiple levels (global, national, firm, individual) have been studied and
found to impact technology diffusion. Aggregate demand (often measured by income) was shown
by D. Comin and Hobijn (2004) to influence adoption elasticity at national level. Schmookler (1966))
demonstrated that demand-pull significantly influenced technological progress, particularly in in-
dustrial sectors experiencing the highest demand-pull. D. Comin and Hobijn (2010) decomposed
GDP and analyzed business cycle effects, illustrating their impact on technology diffusion. Insti-
tutional and policy factors are also crucial for technology adoption: at the level of international
institutions (Benioff et al.2010); the governance structure of a country (D. Comin and Hobijn |2004));
trade policy and openness to freer trade (D. Comin and Hobijn (2004))); and at the firm level, par-
ticularly industrial, regulatory, and financing policies (and conversely, lobbying) (D. Comin and
Hobijn [2009). Li, Ji, and Zhang (2020) showed that innovation and diffusion could be induced
by exogenous cost and performance trends, along with policy mechanisms, to advance firms and
countries up the adoption ladder. Knowledge contained within people, organizations, and sectors
influences adoption. Jobs, skills, and expertise associated with technologies vary, but they signifi-
cantly impact technology adoption (Benhabib and Spiegel 2005). Knowledge diffuses spatially, and
this diffusion can be mapped onto technology diffusion (D. A. Comin, Dmitriev, and Rossi-Hansberg
2012)). Technologies are also likely to build on one another, as knowledge from one domain may be
applied in another, leading to “convergence” with spillovers in functionality and application (Jeong,
Kim, and Choi [2015). Conversely, knowledge (e.g., education level) also increases with technology
diffusion (Skare and Soriano 2021). By synthesizing these factors, we can initiate our assessment
of the drivers of technology adoption speed and technology leadership with some robust hypotheses.

A recurring theme in studies on the drivers of diffusion is the overwhelming focus on diffusion
levels and, to a lesser extent, diffusion speed. Diffusion sequence (i.e., the factors influencing the
ordering of countries in time) has far less literature dedicated to it. While we might infer sequencing
from studies of diffusion overall, it remains unclear how a country’s relative standing on these fac-
tors influences diffusion. Historical sequencing may be more critical for determining future diffusion
patterns. The “windows of opportunity” framework suggests that changes in demand-pull, policy
(technology-specific or neutral), and foundational technologies or knowledge (e.g., sub-technology
improvements within a sector) create opportunities for shifts in technology leadership (Malerba
and Lee 2021} Lee and Malerba 2017)). However, existing studies on this topic focus on the supply
of technology and firm-level innovations (i.e., technology production) rather than country-specific
adoption (Malerba and Lee 2021, Lee and Malerba 2017, Li, Ji, and Zhang 2020). Sala-i-Martin
and Barro (1995) theorized that technology leadership is influenced by the attractiveness of a lo-
cal environment for technology innovation, production, and diffusion. However, this proposition
has not been empirically tested. We propose that it is beneficial to explore in greater detail how
these drivers of diffusion across countries—and at relative levels—impact the technology diffusion
sequence among nations.

2.4 S-curves literature

S-curves are widely used as models to represent the temporal adoption of technologies (Heymann
et al. |2020)). Various types of S-curves have been applied in the literature (Tsoularis and Wallace



2002)); however, the standard three-parameter logistic curve offers the most suitable attributes for
a study like this. First, it performs better than other similar S-curves, such as the Gompertz func-
tion, in producing reliable parameter estimates when tested on synthetic datasets of varying lengths
(Meade and Islam [1998). Second, its parameters are straightforward to interpret: an inflection point
parameter (mid-point when growth begins to slow), an asymptote parameter (saturation level), and
a growth parameter. Given that the national-level datasets used in this study are inherently noisy,
the standard logistic curve provides the highest confidence in our results. It is less sensitive to
parameter estimation errors compared to alternative S-curves, making it a robust choice for com-
paring technologies and countries (Petropoulos et al. 2022, Massiani and Gohs 2015).

Rao and Kishore (2010))’s review of diffusion models highlights the diverse applications of S-curves,
ranging from studying the cumulative adoption of technologies to examining technology adopters
(e.g., Rogers’ diffusion of innovation theory) and the intersection of the two applications (e.g., the
Bass model, which incorporates parameters for innovation and imitation behavior among adopters).
Some studies aim to disaggregate adoption behavior at different levels. For instance, Geroski (2000)
distinguishes between epidemic models, where diffusion originates from a single source and branches
outward, and probit models, which analyze individual adoption decisions made by different agents
within a system (Meade and Islam 2006). For our purposes, we will focus on examining S-curves
primarily at the national level, while also demonstrating that S-curve diffusion behavior is evident
at multiple levels—globally and nationally.

3 Methods and Data

3.1 Data

Our dataset consists of a panel of time-series data on technology deployment across countries, com-
piled from a variety of publicly available sources, including the Cross-country Historical Adoption of
Technology (CHAT) database (D. Comin and Hobijn [2010), Center for Global Development (CGD)
data (Kenny and Yang 2022), HATCH data and supporting databases (Nemet et al. 2023)), World
Bank data, Our World in Data, International Renewable Energy Agency, and various United Na-
tions agencies such as the World Health Organization (see Appendix |A| for a comprehensive list).
The initial dataset integrates 551 variables compiled from multiple sources to form a comprehensive
foundation for national-level technology adoption studies. After harmonizing technology names and
removing duplicates, the complete dataset represents 135 technologies across 14 industrial sectors,
encompassing areas such as energy, transport, and communication.

To refine the dataset for technology diffusion studies, we applied systematic data filtering. First, we
excluded datasets that were irrelevant or poor proxies for technology adoption (e.g., visitor rooms
in hospitals). Second, we selected technologies that measured stocks rather than flows, ensuring
they aligned with our focus on cumulative technology adoption. Third, we prioritized technologies
with sufficient cross-country and temporal coverage to reflect global diffusion patterns, acknowledg-
ing that some technologies diffuse universally (e.g., mobile phones) while others are geographically
constrained (e.g., nuclear energy).

We further examined the temporal integrity of the data to identify systematic availability issues,
such as insufficient early-phase records or missing significant later diffusion periods. Technologies
with territorial shifts, such as those diffused prior to the collapse of the Soviet Union, were treated
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Figure 1: Country representation in technology data for 3123 country-technology pairs across 27
technologies and 161 countries. The dataset contains deployment data from technologies from the
year 1720 to 2022 collectively. This map shows all country-technology pairs that pass our filtering
procedure detailed in Appendix [A] We use these country-technology pairs in the following analysis.
Missing countries such as Namibia, People’s Democratic Republic of Korea, and Turkmenistan are
shown in gray.

carefully—data from early phases were attributed to Russia, while late-phase records from post-
Soviet states were removed to avoid misrepresentation. Lastly, we focused on the upward trajectory
of technology diffusion, excluding the periods after technology stocks collapse. The final cleaned
dataset provides a robust foundation for analyzing global and cross-country technology diffusion
dynamics (see Figure |I| and Appendix [A|for further details).

We also required data for national-level indicators used for the study of factors influencing technol-
ogy diffusion. We obtain this data from the World Bank and Our World in Data (see Appendix
for more detail).

3.2 The logistic curve

There are several different diffusion functions that are often used to model technology diffusion. As
we have explained above, the logistic curve is useful for our analysis as the different parameters
have meaning (each of the three parameters are easily to interpret), and for noisy data of varying
lengths it produces better quality parameter estimates than similar models. It is written

L

S0 = e mw

(1)

where:



e S(t) is the cumulative deployment /stock of a technology at time ¢,

L is the asymptotic level: the point at which deployment saturates,

k is the rate of increase: the growth rate of cumulative diffusion,

to is the time corresponding to the inflection point: the midpoint in the symmetric logistic
curves (50% of L).

Fitting this curve to data involves using nonlinear least squares optimization to minimize the resid-
uals of a curve to the given points of the time-series to find the optimal set of parameters of a curve.
We vary the initial conditions and greatly increase the convergence time limit to improve the search
for optimal parameters within our constraints. We set parameter limits for L, k and t, that we
believe are justifiable to allow the fitting algorithm to converge on sensible parameter estimates.
For more detail on the fitting procedure (see Appendix .

In addition to the logistic curve parameters, we also obtain a parameter ¢; which points to the
entry point for a technology and the end of the formative phase when the diffusion level reaches
10% of the asymptotic level. This is the variable we use to determine the diffusion order of countries
for any given technology and the order of technologies over time (see Appendix [E| for an extended
explanation).

ti=tat S(t) = 10% L (2)

This variable is directly obtained from the data whenever possible. However, when early records are
missing—typically because data collection began after the initial stages of diffusion—we estimate
the variable using a backtesting procedure. This approach is applied only when the earliest available
data point is sufficiently close to the estimated value, ensuring reliability (see Appendix |B|for more

detail).

3.3 Determining if the logistic curve is a good approximation of national-
level technology diffusion

For each country-technology diffusion curve we fit parameters by conducting a non-linear least
squares fit of the logistic curve. We conduct experiments where we vary initial conditions, increase
the number of search space iterations, and adjust the tolerance of the optimization algorithm. These
steps improve the convergence of the fitting algorithm. The cases where the parameters of the lo-
gistic curves do not converge are due to data limitations, specifically in cases where there are fewer
than 3 data points so the convergence of a 3-parameter logistic curve is impossible ﬂ These are
filtered out. Next, we examine the goodness of fit scores (R?) of the individual curves.

To determine how well the logistic curve approximates our data we make a “collapse” plot . This
is done by using non-dimensional coordinates, which automatically adjust the time scale and mag-
nitude scale so that we can compare diverse technology-country pair adoption curves to each other
and to a standard logistic curve. We analyze the residuals to assess the fit of the logistic curve for
each technology-country pair.

!There are only 8 technology-country curves that are the exception here. For these, the peak is reached within 2
data points such that when we trim at the peak, we remain with insufficient data points for convergence



3.4 Assessing regional diffusion trends

The variables of the logistic curve (L, k, and ty or ¢;) each represent key aspects of technology
adoption—Ievel, speed, and timing—with meaningful applications for understanding diffusion. k,
indicative of cumulative diffusion growth rates (or diffusion speed), provides a stable and consistent
measure for cross-technology and cross-country evaluation, unlike percentage growth rates, which
vary significantly across different phases of the diffusion curve (high and volatile during formative
phases, slowing at ¢, and stabilizing to zero at saturation). We use t; as the main variable to mea-
sure diffusion time as it indicates the point when a technology exits its formative phase and enters
the market for growth. t; is also used to determine the rank order of countries and for classifying
countries into adoption groups (leaders, majority or laggards). A more detailed discussion on the
use of ¢; for rank order is available in Appendix [E] The asymptote L indicates diffusion level at
saturation, which is not a focus of this paper.

To assess adoption order and make meaningful cross-technology comparisons we use the percentile
of a country’s adoption time. This places the countries in an ordered sequence. This is written

Prj = Percentile(t;, ), (3)

where Pr; is the percentile that the ¢; value of the country j in technology 7" occupies in the or-
dering of all countries. This assigns a higher percentile for earlier ¢; values.

Rogers (2003)’s diffusion of innovation theory on technology adopters suggests that technology
adopters fit into five categories (Innovators = 2.5%, Early Adopters = 13.5%, Early Majority
=34%, Late Majority =34%, and Laggards = 16%) and they form a roughly normal distribution.
We use a simpler version of this, separating countries into three adopter groups: leaders, majority,
laggards, such that the majority occupies 68% of the population and the leaders and laggards each
occupy 16%E]. In other words, this means that each technology-country pair (T, j) is classified as
follows:

o Pr; > 0.84 = Leader,
e 0.16 < Pr; < 0.84 = Majority,

o Pr; <0.16 = Laggard.

3.4.1 Assessing consistency of technology leadership

To determine the consistency of technology diffusion order (Pr ;) across technologies we study tech-
nology pair-wise rank correlation across countries using Pr; (i.e. p = Spearman_r(Pry ;, Pro;)
where T7 and T3 are two technologies). We compute p between technology pairs and observe how it
varies with separation of technologies across time. Additionally, we examine the overall distribution

2We use only 3 categories compared to Rogers’ 5 categories as it is difficult to distinguish, with a high degree of
certainty, between sub groups at a country level e.g. innovators and early adopters. It is unclear if they would have
materially different characteristics. Technology diffusion order ¢; does not strictly follow a normal distribution. Some
technologies e.g. Cars, Steel, Fertilizer, and Electricity are more normal, while others have skewed distributions e.g.
Mobile and ATM’s - with most skewed distributions having a negative skew, and a smaller subset e.g. Internet and
Mail follow flat or non-standard distributions. We put forward that even though not all ¢; histograms for the 27
selected technologies are strictly normal we can still use Rogers’ theory on adopters in this context as our analysis
does not rely on very strict application of the Rogers’ thresholds nor the normal distribution condition



of p values across all pairs to understand the prevalence of weak, moderate, and strong correla-
tions. We categorize the strength of the relationships using Akoglu (2018)’s guide for correlation
coefficients with the function

e |p| < 0.1 - Negligible,
e 0.1 <|p| < 0.4 - Weak,
e 0.4 < |p| <0.7 - Moderate,

e 0.7 <|p| <1- Strong.

3.5 Assessing the drivers of technology leadership and diffusion speed

We use national-level indicators to examine the influence of technology drivers on diffusion. The
analysis is conducted using a set of multiple regressions. For the study of technology leadership we
use a Poisson pseudo-maximum likelihood estimation logistic regression

1
PTJ - 1 + ePo.r 2 Bm.r*Vim 1 j+er,; (4)

where:

e Pr; is the percentile of ¢y of country j in technology T,

e V.1 is the explanatory variable m for technology (7") and country j. (See Appendix for
more detail on variable sampling),

e (1 is the coefficient of the explanatory variable V,, 1 ;,

e cr; is the technology-country pair logistic error term.

The regression equation |4 is repeated across multiple technologies and we observe how each factor
influences diffusion order in each technology and comment on the aggregated observation.

For the case where we study the variables that explain k£ we use a linear regression with fixed
effects characterized by the equation

krj = Zﬁm * Vin1,j + 01 + €1, (5)

where:

kr; is the diffusion speed k of country j in technology 7,

Vi1 is the explanatory variable m for technology (7') and country j. (See Appendix for
more detail on variable sampling),

Bm is the coefficient of the explanatory variable V,, 1 ;,

07 is a technology fixed effect,

e cr; is the technology-country pair.

Equation [o| is applied for all technology-country parameter pairs to observe how each factor influ-
ences diffusion speed.
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4 Results and Discussion

Our results are presented as follows. First, we show that a logistic curve is a good approximation
for technology diffusion at a national level by comparing national data to an idealized logistic curve.
Second, we analyze national technology diffusion speed and assess differences in speeds of leaders
and followers across multiple technologies. Third, we assess technology diffusion ordering showing
that adopting countries form a sequence ladder with some countries leading and others following.
We comment on the consistency of technology adoption rank order and its variation over time.
Finally, we assess the drivers of technology adoption, examining the impact on k and Pr ;. We also
show how the influence of different drivers changes over time.

4.1 The logistic curve is a good approximation of technology diffusion

It is a non-trivial assertion that a logistic curve is a reasonable approximation of national-level
technology diffusion. We might expect this to be true at a global level due to the aggregated nature
of technology diffusion and the data being less noisy. However, the common hypothesis is that
countries follow different adoption patterns at the national level, and form a logistic curve only
when they are aggregated to the global level. However, our analysis shows that long-run national
technology diffusion can be represented as a logistic curve with noise for a diverse array of tech-
nologies across many countries.

We make two key observations. Firstly, despite the fact that the data are noisy, the logistic curve
provides a good approximation of the average behavior. The median of the box plots in Figure
u(c) has a very high R?. Secondly, the noise is strongly heteroscedastic: the noise is small for
early times and large around the inflection point #o; it then shrinks, but grows again for later timeg?|

The growing noise in large times is due to our data not being perfectly monotonic, while the
function we fit to the data is a monotonic logistic curvd’] This does not negatively impact con-
fidence in our ¢; parameter estimates since, on average, the deviation of our L estimate from the
ideal curve is small. The spread of country entry times in historical technologies is larger for older
technologies, where we have less data and higher uncertainty, than for more recent technologies,
where countries are closer together (but where we also have richer data — see Appendix , , and
for more detail). The percentile Pr; provides a more robust statistic than the entry time ¢,.
This helps ensure that the growing noise at large times does not significantly affect our findings.

While there is significant noise in the national data, some technologies have more consistent lo-
gistic curve behavior than others. For example, Radio and ATM data very closely mimic a logistic
curve, whereas Coal diffusion contains more noise and Fertilizer diffusion is noisier particularly at
the asymptote (see Appendix |C|for the collapse plot analysis disaggregated by technology).

This analysis demonstrates the value of collapse plots as a robust approach to evaluating whether
a logistic curve is a meaningful approximation of technology diffusion at the national level. In con-

3This is likely because, in later stages, close to saturation, technology additions and subtractions do not perfectly
match the stable saturation level. Over supply additions are met with corrections, while declines lead to corresponding
corrections due to demand.

4Fitting a monotonic function to non-monotonic data can result in values exceeding the L estimate. This does
not imply that technology diffusion surpasses the asymptotic limit, except in unique cases like mobile phones, where
penetration may exceed the assumed asymptote of population size.
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Figure 2: Demonstration of a logistic curve providing a good approximation of noisy national-
level data despite data being far from monotonic. Collapse plot and residuals plot are shown for
n=3015 country-technology pair diffusion profiles. The data are normalized by fitting a loglstlc
curve and using non-dimensional coordinates y +— % and x — k * (t — t), where L, k and £
are estimates of the corresponding parameters. The idealized logistic curve is plotted as a black
line and colored lines represent collapsed curves for each individual technology-country curve in the
dataset. Top left (a) shows the collapse plot for each country-technology time-series, bottom left
(b) shows the residuals from the ideal logistic curve. Right (c) shows the collapse plot when data
is binned for each time stamp (gray box plots) to show how well the combined national data aligns
with a logistic curve. Goodness of fit of the median values of the collapsed data to the ideal plot is
shown (Significance levels: *p<0.1; **p<0.05; **p<0.01.). Outliers beyond the box whiskers (more
than 1.5*Interquartile Range outside the quartiles) are removed from the box-plots to improve the
visibility of the trend.
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trast to relying solely on goodness-of-fit metrics like R?, which can be misleading due to overfitting
or spurious correlations, collapse plots allow us to test the functional form directly. Goodness-of-fit
metrics alone, as used by D. Comin and Mestieri 2014 and D. Comin, Hobijn, and Rovito 2006
to critique logistic models, can be problematic; increasing the number of model parameters may
improve R? but fail to represent the underlying phenomenon or provide causal insights. Our results
demonstrate that, for mature technologies, the logistic curve is a robust and parsimonious approx-
imation of national-level diffusion, with high R? values further corroborating this conclusion (see

Appendix [B.1)).

4.2 Accelerating progress with fastest growth in Information-Communication
technologies

We start with a result that is consistent with other findings from the literature: diffusion speed
of technologies is increasing with time. In Figure |3| we observe the median diffusion speed across
countries is increasing. This suggests that older technologies, such as Newspapers and Tractors,
diffused from their formative phases to the mass market to saturation over longer time frames than
newer technologies such as Mobile phones and the Internet. This finding builds on D. Comin and
Mestieri (2014)) by showing that not only is the time from invention to diffusion shrinking, but that
diffusion time for technologies is decreasing tod’}

Increasing diffusion speed over time is most pronounced in Information-Communication technolo-
gies, which exhibit exponential growth in & when technology-specific effects are excludedE]. Among
the four grouped sectors in Figure |3| (b), only Information-Communication technologies show a
statistically significant increase in national-level diffusion speed} By contrast, transport-energy
technologies show a much smaller upward trend, with the slope for energy technologies being sta-
tistically significant but only a quarter of the magnitude observed for Information-Communication
technologies. Industrial metals exhibit modest growth, while agriculture technologies show little
improvement, despite earlier technologies like tractors and harvesters diffusing faster than expected
relative to newer technologies such as electricity or cars. These findings indicate that Information-
Communication technologies account for most of the observed acceleration in diffusion speed over
the last century.

We see no strong trend in the variation in k values of technologies between countries over time.
However, we do see some sector differences. For example, Information-Communication technologies
such as mobile phones and mail have smaller variations between countries, whereas energy, trans-

"We also find that technology diffusion speed at a global level (k7) is increasing with decreasing dispersion
of country entry times (o(t;)) (see Appendix [F.1)). While it is difficult to disaggregate the impact of technology
diffusion speed increasing through time, and speed increasing due to countries moving closer together, we observe
that dispersion of countries is a stronger explanatory variable for global diffusion speed while diffusion time better
explains national diffusion speed. This is observed in the regressions of kr or medianr(k) with o(t;) and ¢, as
explanatory variables. Unpacking this relationship further is outside the scope of this paper

6We observe exponential growth in k for Information-Communication technologies when technology-specific effects
are ignored. Other technologies show only linear or negligible growth in k over time (see Appendix .

"Apart from the telephone (a technology that had an incomplete diffusion pathway, experiencing premature
collapse by substitution with mobile phones) we see a strong upward trend for Information-Communication technology
diffusion speed. Telephones initially diffused slowly but behaved more like consumer technologies only in the later
years of diffusion. This is likely due to the cost of the technology being substantially higher for consumers relative to
wages, with demand picking up when wages overcame the costs. Unlike other technologies, telephones showed little
evidence of supply-side cost learning (Flynn and Preston [1999))
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Figure 3: (a) Demonstration that diffusion speed is accelerating. Median(k) (median diffusion
speed across countries for a given technology) vs ¢;. (Global technology entry time) for a mixture
of technologies that entered the market over the last century (from the 1920s onward). (b) Demon-
stration that accelerating diffusion is driven by Information-Communication techs. Median(k) vs
ti, for technologies in different sectors (Information-Communication, Transport-Energy, Industrial,
and Agriculture technologies). The associated one standard deviation error in the median value
of k is shown using error bars highlighting the distribution of k values for each technology. Each
plot shows a line of best-fit, it’s equation, and the corresponding goodness of fit score (R?) and
statistical significance of the relationship (Significance levels: *p<0.1; **p<0.05; **p<0.01.). We
also show that the trends here are consistent by examining the slopes of the k values for individual
countries across technologies, for all technologies and across sectors and find similar results. While
these plots only show a few data points at an aggregate scale, they are supported with a large
robust dataset at a national level (see Appendix .
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portation and industrial technologies such as air freight, natural gas, and steel manufacturing have
larger differences in diffusion speeds across countries. We do not test for granularity here (Wilson et
al.|2020), but note that smaller, more modular communication technologies with direct-to-consumer
applications have smaller variations in diffusion rates than industrial technologies with larger, more
complex processes and assembly procedures.

While this is not a forecast, these findings indicate that we might expect subsequent technologies
such as renewable technologies, engineered carbon dioxide removal, and Artificial Intelligence/digital
technologies to diffuse faster than historical technologies. This suggests that we might expect their
diffusion speed and cross-country spread to be influenced in part by whether they behave like mod-
ular consumer technologies or like more rigid and complex production technologies (as Wilson et al.
(2020) predicted).

4.2.1 Substitution and activation influence diffusion sequence and speed

The extent to which one technology builds on others influences diffusion. This can influence the
sequence of technologies and the uptake of a technology between different countries. If we examine
one functional technology in isolation — steel manufacturing for example - we observe the impact of
substitution and activation. Early methods of steel manufacturing such as acid and basic Bessemer
processes (and open hearth furnaces, processes that complemented the Bessemer process) diffused,
peaked and collapsed over the 20th century. Electric arc furnaces that complemented and improved
on the Bessemer processes and open hearth furnace processes entered the market when historical
Bessemer process steel manufacturing was in the decline (see Appendix . We might expect
faster growth to be ushered in by efficiency and functionality improvements in newer technologies.

The technologies on our list are largely general purpose and baseline enabling technologies; that is,
they activate other technologies and enable their use. For example, coal partially enables electric-
ity and steam engines, while mobile phones enable software products in addition to being end-use
products themselves. As such, the infrastructure and capabilities involved in the production of
one technology may lead to spillover effects in another technology (Hogendorn and Frischmann
2020, Ayerst 2022). For example, the invention of Mobile phones came before the Internet (1973
vs 1983), however, t; ordering flipped (2001 vs 1999). Although Mobile phones were invented and
commercialized before the Internet, their diffusion was accelerated by the incorporation of Internet-
use capabilities in the 2000s. Similarly, within the Information-Communication sector, Telephone
infrastructure was transferred to Internet provision. Additionally, cross-sector enablers such as elec-
tricity availability enabled several electronic-based technologies. Telephones were invented in 1876
but only reached 10% diffusion in 1975 as electricity became more widely available globally. We
test the effect of enabling infrastructure in Section [4.5

4.3 Diffusion speed and market adoption: Laggard market entrants
adopt technology fastest

Countries that adopt a technology later tend to have higher diffusion speeds, i.e. in general
krLaggards = Kknajority = KLeaders (Figure . One possible explanation is that for most technolo-
gies, the leaders (innovators and early adopters) must deal with the novelty of a technology when it
is first introduced and create an environment that is conducive for the diffusion of the technology,
improving cost, infrastructure, policy, and other barriers to adoption. The majority and laggard
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Figure 4: Demonstration that diffusion happens more quickly for later adopters (a) Scatter plot

of k vs Pr; (Percentile ¢; for each country in a technology) and a line of best-fit for k vs Pr; for
kr.;
meanT(JkTyj)

speeds from different technologies can be compared. The rank correlation coefficient (p), goodness
of fit R?, and statistical significance of the relationship between k and Pr; are shown. (b) Box-
plot of k across the adopter groups. Outliers are removed from the box plots. We also show the
Kruskal-Wallis (KW) test p-value score to highlight the statistical significance of the difference in
k between adopter groups. Significance levels: *p<0.1; **p<0.05; *p<0.01. (Note: Our results are
robust to different types of normalisation of k).

27 technologies. k is a normalization of k such that k;,j = so that the relative diffusion
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groups benefit from the diffusion of the technology in leading countries because the risks to adopting
the technology have dropped and the knowledge and support required for use are available. This
finding contradicts Sala-i-Martin and Barro (1995)’s theoretical conclusion that in the long-run
costs increase for technology followers, which leads to slower growth rates. In our data, we see
faster diffusion rates for countries outside the leader adoption group, which suggests that factors
that influence diffusion improve for countries outside the leadership group.

Our findings lend support to the “fast-follower” hypothesis, suggesting that just as companies
can secure a competitive advantage by swiftly adopting and refining innovations pioneered by oth-
ers, nations can replicate this success. For instance, Sweden, entering the internet market in 1996,
achieved a faster diffusion speed and an earlier inflection point in 1999 compared to the USA, which
entered in 1995. In the realm of oil production, despite starting later, Nigeria reached its inflection
point much quicker than Argentina, due to a significantly higher diffusion speed. This pattern,
where later entrants often surpass earlier ones in diffusion speed, is observed across many different
technological domains and adopter categories.

This relationship is fairly consistent, even when we observe each technology separately (Appendix
. However, there are some notable exceptions. Some technologies such as Mobile phones and
Measles immunization had a more even spread of diffusion speeds across different adopters. This
is likely due to the small dispersion of entry times for different countriesﬂ Because these entry
times were so close, we see the effect of imitation materializing much less i.e. leaders are still slower
than laggards, but majority group countries tend to be the fastest. These technologies are likely
influenced by different diffusion dynamics between leaders, laggards, and the majority. Nuclear tech-
nology is an example where leaders adopted the technology much faster than others. Nuclear energy
is a state-driven technology that was influenced by geopolitical competition for nuclear weapons,
while follower countries were subjected to anti-nuclear proliferation efforts. Global cooperation has
the potential to speed up or slow down the diffusion of a technology for separate adopter groups.

4.4 Significant movement in technology adoption order with some in-
ertia in leadership

By ranking countries based on their technology adoption percentiles (Pr ;) and calculating me-
dian ranks across technologies (median;(Pr;)), we observe clear patterns of leadership, majority
adoption, and laggard behavior (Figure . Advanced economies like the UK, Netherlands, Swe-
den, France, and the USA dominate the leadership group, while poorer countries such as Burundi,
Armenia, and Tajikistan are concentrated in the laggard group, characterized by low governance
indicators. Emerging markets in Latin America, Asia, and Eastern Europe form the majority
group, which exhibits the largest deviations from the median rank, highlighting significant variabil-
ity within this category.

While technology adoption rankings are not static, movement within the sequence is notably visible
in the majority group and near group boundaries, showcasing considerable volatility as nations
oscillate in their relative positions. These volatile patterns do not yield direct transitions from
laggards to leaders, but the overall trend reveals upward mobility linked to economic development,
strategic national policies, and institutional quality.

8Dispersion of entry times (¢;) is moderately correlated with dispersion in k. Dispersion in ¢; for Measles immu-
nization is very low.
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Figure 5: Countries can be placed in adoption categories based on adoption sequence despite changes
in the sequence across technologies. This gives a horizontal bar chart of median country percentile
of t;s (Pr;) across multiple technologies placed in percentile order. The horizontal black bars
indicate the 25th and 75th percentile of each country’s Pr; across multiple technologies. The
median transition percentiles from leader-majority adoption groups and majority-laggard adoption
groups are shown as vertical lines at 0.26% (brown) and 0.72% (blue) respectively.
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Figure 6: Demonstration of different technology adoption stories over time across 27 technologies.
The plot shows Pr; for technologies arranged in incremental order t;,. We highlight a few key
countries; consistent leaders e.g. the USA and Netherlands, some that occupy the majority box
but with significant fluctuations e.g. South Africa, Argentina, some on an upward trend but from
different levels and different times e.g. Singapore and China, and some that have historically been
laggards e.g. India and Ethiopia. The fragmentation in some of the lines is due to missing raw
data for calculating the t; parameter. Technologies like Nuclear also have few countries due to low
implementation across countries - this is the exception not the rule.
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The extent of upward mobility on the ladder varies significantly across countries (see Figure @
Notable examples include Singapore, the Czech Republic, and the United Arab Emirates. Singa-
pore approaches the leadership group, the Czech Republic stabilizes in the middle of the majority
group, and the UAE transitions from a laggard to the lower end of the majority group. However,
these shifts rarely lead to permanent leadership. Iceland is the sole exception, having moved from
the majority group to a sustained position as a leader, driven by its rapid industrialization during
the 20th Centuryﬂ.

In contrast, the laggard group exhibits limited upward movement. China represents a notable
outlier, a historical laggard that has achieved remarkable progress in recent technologies. Con-
versely, countries like Afghanistan show consistent downward trends, consolidating their positions
at the lower end of the majority group or firmly within the laggard category. These patterns high-
light persistent structural barriers that inhibit progress for many nations.

These findings underscore the dynamic yet constrained nature of technology adoption rankings.
While upward mobility is possible, it is often influenced by entrenched economic and institutional
factors. Section further explores the determinants of these patterns, analyzing the drivers of
diffusion speed and adoption rank across countries and technologies.

4.4.1 t; rank correlation between technologies is mostly weak

By obtaining pair-wise comparisons of technology diffusion across countries we can better under-
stand the consistency of technology leadership. We obtain Spearman’s rank correlation coefficient
(p) between technologies. Taking Percentile(t;) across all countries that have deployed any two
given technologies (71, 73), we compute

T T
p(T1,Ty) = Spearmanr(Percentile(T}), Percentile(Ts)) = cov(R(T), 2)),
OR(T1)9 R(T?)

where the rank order is computed based on the entry time ¢;.

The histogram shown in (Figure 7)) shows that approximately 60% of all technology pairings have p
classified as Negligible or Weak. Moderately strong relationships account for most of the remaining
pairings, with very strong correlations comprising only 2%.

Interestingly, a small proportion of pairings (6%) exhibit negative p(77,73). These negative corre-
lations primarily involve cross-sector pairings that include transportation technologieﬂ. Examples
include pairings such as cars and pesticides, air freight and tractors, or air freight and railways,
illustrating both cross-sector and within-sector cases where p(7T7,7T5) < 0. Within the majority,
technology diffusion for transportation technologies contained very different sets of countries oc-
cupying leadership positions compared to other technologies. This observation underscores the
non-stationary nature of technology leadership, and through this example we observe that this flex-
ibility can be quite extreme from one technology to another.

9Tceland’s rise reflects its rapid economic transformation from a poor agrarian society to an industrialized nation
before and after the world wars (Jonsson [1992; Central Bank of Iceland |2008])

100ther notable cases of p(Th,T5) < 0 occur with pairings that contain Measles Immunization and Pesticides
adoption. These are too few to note any significant trends
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Figure 7: Demonstration of technology adoption sequence varying across technologies even though
it is slightly more consistent for technologies in the same sector. We use p(77,T2) which is the
Spearman’s rank correlation coefficient on the adoption order (on Pr;) to compare similarity of
adoption order across technology pairs (a) Histogram of p(77,T3) with bin widths set to Akoglu
(2018)’s guide for correlation coefficients where classifications are made on Spearman’s rank corre-
lation coefficient (p). The number of technology pairs, mean and standard deviation of p(T},T5)
are shown. Technology pairings are conducted on all matching countries for each technology pair
for which we have data. (b) Boxplots of p(7},T») for technologies in different sectors (crossSector -
blue) and in matching sectors (sectorMatch - orange). Kruskal-Wallis (KW) test p-value shown and
corresponding statistical significance for the difference in rank correlation between the two groups.
Significance levels: *p<0.1; **p<0.05; **p<0.01.
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Technologies within the same sector tend to have stronger similarity in country adoption order
than technologies in different sectors. For example, leaders in Transport-Energy technologies are
more likely to lead again in future Transport-Energy technologies but are less likely to lead in Agri-
culture or Information-Communication technologies. While some cross-sector technologies share
strong positive correlations - such as MobileCellular and ATMs, ATMs and Nuclear, or Inter-
net/MobileCellular and Nuclear - these are the exceptions rather than the norm.

This result highlights the influence of sector-based learning that occurs within countries. Within
sectors we thus might consider technology leadership being more fixed - even though there is still
significant variation. This finding is best observed in Information-Communication technologies
where technologies that are closer in time and are newer tend to have higher rank order correlations
between countries (see Section [1.4.2])

4.4.2 Country adoption order depends on technology separation in time

The sequence in which countries adopt a technology is more consistent for technologies that are
closer in time than those further apartE] (Figure . This decline underscores the decreasing rel-
evance of older technologies in predicting the adoption sequence for newer ones. The decay in
p(T1,T,) with time separation is most evident in Information-Communication technologies, but this
happens in many sectors, and in general recent technologies are more reliable indicators for under-
standing the diffusion patterns of emerging technologies.

Technologies within the same sector exhibit stronger rank correlations than those across sectors.
Additionally, when we use the average t;,. between technology pairs as the independent variable (to
evaluate the “newness” of technologies), Information-Communication technologies show the steepest
upward trend, indicating that adoption order within this sector is becoming increasingly fixed over
time. Historical shifts in leadership that characterized earlier communication technologies, such as
mail and newspapers, have diminished in the electronic era, where established infrastructure allows
leading countries to maintain dominance in newer technologies. In contrast, Transport-Energy tech-
nologies show little evidence of increasing rigidity, suggesting that the influence of time on adoption
order is less significant in this sectoif

Our results here have significant implications for industrial planning. Countries seeking to lead
in future technologies should be aware of their position in the adoption sequence of recent tech-
nologies, which is an important indication of their institutional and technological capabilities. The
reinforcing loops at play—where leaders prioritize industrial gains and later adopters benefit from
rapid diffusion of tested technologies—create an environment where recent adoption trends, rather
than historical patterns, are critical for understanding future diffusion.

"The relationship between p(T%, Tz) and time separation of technologies is consistent even across technologies with
different diffusion mechanisms. For example, the cross-technology adoption order similarity (p(71,75)) between Nu-
clear (a state-driven energy and military technology) and TVs or the Internet (market-driven technologies) decreases
as time separation increases.

L2p(T1,Ty) vs |Atiy. .| is more strongly correlated for technologies within the same sector than across sectors.
While Transport-Energy technologies show no notable trend, Information-Communication technologies and others
drive the overall negative relationship.

22



HEE

LER

Tzh

Ty,

.14

044

Figure 8: The correlation in adoption order tends to slightly decrease with increasing separation of
technologies in time. We use the Spearman’s rank correlation coefficient p(77,T3) for the adoption
order (on Pr ;) to compare similarity of adoption order across tech-pairs. p(17,73) is plotted against
time separation). A line of best-fit (red) is shown with its corresponding equation. The
goodness of fit score R? is shown and the statistical significance of the relationship (Significance
levels: *p<0.1; **p<0.05; **p<0.01.). Left shows technology pairs with separation < 25 years;
top-right shows Information-Communication technologies; bottom-right shows Transport-Energy
technologies. For each plot, the best-fit line is shown (red) with its corresponding equation. We
observe a negative linear relationship. With a low R? and only 5% level of statistical significance, the
relationship is weak, except within the Information-Communication technologies. Nonetheless, the
relationship shown to be consistent when tested using different measures of separation e.g invention

At

iy, Ty ’ (

s CIoEsSechod

Infcemna ion-Communicaton

" [y L]

PlTy, Tzhws |AF, | | acoss counines ior 167 technology pairs
pe 0005 A | +038
(R =003
. Intiririar-Maobda
o At iniermat .
b " o e P e S el LR ¥
" " "
A & - 3 o MR TOO-Pss papes
1 = - - - " "
T | _|'.;5i.1ﬂ'.;é'ﬁi‘5ﬂ;'g‘°' o 0 PN N Ok NIG
e i ¥ El'la'h.'e-,ler Farshaes
.Fmtn?ﬂrm'l't:l‘ﬁ-1 . L M R L . E
% il - e e ) Sl BIOE
JO#Teagger I_n'f"‘l‘"‘“ﬁ'-—_
SENRPod - . L] - . AirFreight. Atadio

f_...‘rr"__rgh._ﬂm‘ma_ [ ¥ i hl_clrlnl-llmmu'n‘-.'iu.:ls

L] '
=
*

0 3 10 15 0 25
I, . | [vears]

p=0004 ¥ |af |+ 083
R =037"
Jrierat-Mobde
.7 Jniwtnt-Tw
T = nbsrmelFadio
= Siufrint -F G
_“I 1. Ferampapaa
5 Sierrund
L %
0.4- .
*. : JntemalMal
8 20 40 60 &
IAL, |, | Drmars]
Transpoan-Enrgy
@ = 0.000 * [At, .| # 0.25
07 (R= =0.00)

fingeRaad
04T e

= . farfreghiCoal
- . eI
= &
0y o "
H ﬁFlHrsj'l’!-ﬁ!:‘mﬂ
014, S
D 2 40 80 B0 §00120
WAL, . | Bvean]

year, mean national-level time separation, or difference in global #.

23



4.5 Drivers of technology diffusion as factors influencing adoption speed
and leadership

Next we explore the influence of potential drivers of technology diffusion on k and Pr ;. The drivers
are first analyzed one at a time by constructing a correlation table to reduce the set of explanatory
variables (see Appendix Figure . We examine the extent to which the variables change over
time. For example, some countries such as Singapore or China have dramatic changes in GDP per
capita over the implementation of the technologies in our dataset. Then we examine the influence
of the explanatory variables on the pace and order of technology adoption. We study each factor

individually and comment both on it’s overall influence and on its technology-specific influence. We
also conduct robustness checks (see Appendix |G.3]).

We tested the following explanatory variables that emerged from our literature review and are
plausible drivers for technology adoption speed and leadership:

e Income influences diffusion and can be measured by GDP per capita (an indicator for the
ability and willingness to pay for new technologies and overall wealth of a country)

e Policy and institutional factors influence diffusion order. These factors are well represented
by governance indicators. We select Voice and Accountability, Government Effectiveness, and
Regulatory Quality as our indicators for policy and institutional factors %]

e Trade and the flow of goods. We represent this through the amount of trade (trade per GDP),
the exchange rate of the country’s currency relative to the USA dollar, and taxes applied on
goods and services - which we also consider a policy factor.

e Knowledge also influences diffusion order and this is measured by education level (propor-
tion of population obtaining advanced education) and investment in education (education
expenditure per GDP).

e We also consider the prozimity and similarity of economic and knowledge drivers of countries

with the source country of the innovation. For this, we study the conventional economic

gravity metric (GDPgravityj = g:ﬁiﬁé?g;’g?;*Gij) and geographic distance (km) away from
J,Inventor

the inventing country. This builds on D. A. Comin, Dmitriev, and Rossi-Hansberg 2012

e Historical infrastructure stock. Railways and Electricity are used as proxies for general infras-
tructure stock in a country.

o Inequality. The GINI coefficient is used as an indicator of within-country economic inequality.
We test the hypothesis that more equal countries adopt technologies earlier and/or faster than
less equal countries.

4.5.1 Factors influencing diffusion speed (k)

The regression analysis in Table [1| and Table |2 highlight several statistically significant relation-
ships between diffusion speed (k) and key variables, though the interpretation of these results is not
always straightforward. Population size shows a negative association with k (Table 1), suggesting

13We observe through correlation analysis (Appendix , that these variables are highly correlated so only one
is selected in the regression equation to improve the reliability of the output.
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Table 1: Demonstration of the impact of drivers of technology adoption on diffusion speed. Re-
gression results for multiple linear regression on k£ as the dependent variable. Multiple variables
included in the regression with their corresponding coefficients.

k
Intercept 0.349%**
(0.05)
GDPGrowth 0.013*
(0.01)
GDPPerCap -0.018*
(0.01)
Population -0.014*
(0.01)
DistanceInventor 0.011
(0.01)
GovernmentEffectiveness -0.013
(0.01)
EdAdv -0.005
(0.01)
PatentApplications 0.007
(0.01)
TaxOnGoodsServices 0.005
(0.01)
EdExpenditurePerGDP -0.004
(0.01)
GINI -0.004
(0.01)
infraElectricity -0.012
(0.02)
ExchangeRate 0.002
(0.01)
gravityGDP 0.003
(0.01)
PercTrade -0.002
(0.01)
FDIInflow 0.002
(0.01)
GDP 0.002
(0.02)
infraRailline -0.001
(0.01)
Technology Fixed effects Yes
N 2271
R-squared 0.123
R-squared Adj. 0.108

Significance levels: *p<0.1; **p<0.05; ***p<0.01.

Regression table showing the § coetlicients for the multiple lin-
ear regression on k. (1) is the case when multiple independent
variables are included together. Variables were normalized
through standard scaling (z-scores) before fitting the regres-
sion model. Factors arranged in order of p-value in regression
(1). Fixed effects were included (though we test the impact of
removing fixed effects - not shown - and find similar results -

see Appendix |G.3]).

25



Table 2: Demonstration of the associative relationship of drivers of technology adoption on diffusion
speed when observed individually. & is the dependent variable for each regression with a particular
independent variable.

Regression ID  Independent variable Coefficient Intercept Technology Fixed effects N R-squared R-squared Adj.

(1) GovernmentEffectiveness  -0.036***  (0.299%** Yes 1046 0.247 0.242
(0.007) (0.02)

(2) GDPPerCap -0.031%¥**  (0.334%** Yes 2439 0.117 0.11
(0.006)  (0.04)

(3) infraElectricity -0.019%**  (.342%** Yes 2439 0.112 0.104
(0.006) (0.04)

(4) Distancelnventor 0.018%**  (.334*** Yes 2439 0.111 0.104
(0.007) (0.04)

(5) GDP L0.017FF (.340%% Yes 2439 0.111 0.104
(0.006)  (0.04)

(6) GDPGrowth 0.016** 0.338%** Yes 2439 0.111 0.103
(0.006) (0.04)

(7) gravityGDP -0.015%F  0.358%** Yes 2271 0.111 0.102
(0.007) (0.05)

(8) EdExpenditurePerGDP -0.012%*  (.342%** Yes 2439 0.11 0.103
(0.006)  (0.04)

(9) infraRailline -0.012* 0.3427%*%* Yes 2439 0.11 0.102
(0.006) (0.04)

(10) Population -0.01 0.343%+* Yes 2439 0.11 0.102
(0.01) (0.04)

(11) GINI 0.01 0.343%** Yes 2439 0.109 0.102
(0.006)  (0.04)

(12) TaxOnGoodsServices 0.01 0.344%** Yes 2439 0.109 0.101
(0.006) (0.04)

(13) ExchangeRate 0.00 0.3427%+%* Yes 2439 0.109 0.101
(0.006) (0.04)

(14) EdAdv -0.01 0.393*** Yes 1272 0.1 0.094
(0.010)  (0.03)

(15) FDIInflow -0.003 0.3417%%* Yes 2439 0.109 0.101
(0.006) (0.04)

(16) PatentApplications -0.005 0.3427%+%* Yes 2439 0.109 0.101
(0.006) (0.04)

(17) PercTrade -0.007 0.339%** Yes 2439 0.109 0.101

(0.006) (0.04)

Significance levels: *p<0.1; *p<0.05; **p<0.01.

Regression table showing the § coefficients for the linear regression on k. Regressions (1)-(17) are for regressing each independent
variable on k individually to determine it’s associative relationship. Variables were normalized through standard scaling (z-scores)
before fitting the regression model. Factors arranged in order of p-value and size of coefficient. For each of the cases we include
fixed effects (though we test the impact of removing fixed effects - not shown - and find similar results - see Appendix . We can
see the number of data points (n technology-country logistic curves) included in each regression which is limited by the range of our
independent variable (see Appendix
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that larger populations slow technology diffusion. In contrast, GDP growth positively influences
k, indicating that improving economic conditions foster faster adoption. However, it is difficult to
determine why GDP per capita has a negative coefficient. It appears that this result is merely a
correlation that serves to confirm our earlier finding that leaders have slower diffusion speeds than
followers (see Section since leaders tend to have bigger economies and higher income levels (see

Section |4.5.2)).

Further analysis of the relationships between the variables and k individually (Table , reveals
associations that are challenging to interpret. For instance, Government effectiveness (a proxy for
policy and institutional factors), is highly significant with a negative coefficient on the regression
with k. Countries that have better regulatory environments, contract enforcement, and accountabil-
ity are technology leaders, however, these factors are correlated with GDP per capita. The levels
of existing infrastructure also play a similar role. Railway and electricity infrastructure are not
statistically significant when controlling for other variables, but show a negative correlation with
k when analyzed independently. We would expect countries with more developed infrastructure to
experience faster technology diffusion. While the negative 8 coefficient supports this earlier finding
on leader/laggard relative speeds, it also hints at a potential role of socio-technical lock-in. Coun-
tries with advanced and sophisticated regulatory regimes might take longer to adapt these settings
to new technologies. And infrastructure built for one purpose, while potentially useful for a new
technology, might be converted over a longer time horizon due to regulatory push-back and other
factors. These effects should be studied in future work.

4.5.2 Factors influencing technology leadership (Pr ;)

The regression results in Table [3| reveal that GDP per capita, electricity infrastructure, and popu-
lation are the most influential variables driving technology leadership (Pr ;). With a coefficient of
0.371 and significance exceeding eight standard deviations, GDP per capita emerges as the dom-
inant factor, reaffirming the critical role of national wealth in shaping adoption order. Similarly,
electricity infrastructure has a strong and highly significant positive effect (coefficient of 0.273),
emphasizing the foundational role of infrastructure readiness in fostering leadership in technology
adoption.

Population exhibits a statistically significant negative coefficient (-0.189), highlighting the logistical
and economic challenges that larger countries face in adopting technologies early. This suggests
that scaling new technologies across larger populations introduces delays, even when other factors,
such as economic wealth, are favorable. Secondary variables like GDP growth (-0.107) [[1] distance
from the inventor (-0.102), and patent applications (-0.095) contribute to the adoption sequence but
with smaller coefficients and moderate significance, indicating their more limited roles compared to
the dominant drivers.

Notably, the effects of GDP per capita and electricity infrastructure are not only statistically sig-
nificant but also quantitatively larger than other variables, underscoring their central importance.
This result aligns with prior literature on the role of economic and technological capacity in shaping
adoption order. However, our analysis diverges in showing that geographical proximity, while signif-

14The negative coefficient on GDP growth is likely due to the relationship between k and Pr ;. It is not due to the
relationship between GDP growth and GDP per capita since they are not negatively correlated. GDP growth more
likely explains faster adoption speeds but does not have a significant influence on leadership.
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Table 3: Demonstration of the impact of drivers of technology adoption on adoption sequence.
Regression results for logistic regression on Pr; as the dependent variable. Multiple variables
included in the regression with their corresponding coefficients.

PT,]
Intercept 0.080
(0.246)
GDPPerCap 0.371%**
(0.075)
infraElectricity 0.273***
(0.099)
Population -0.189***
(0.062)
GDPGrowth -0.107**
(0.043)
Distancelnventor -0.102%*
(0.050)
PatentApplications -0.095*
(0.056)
EdAdv 0.036
(0.042)
EdExpenditurePerGDP -0.003
(0.042)
ExchangeRate 0.014
(0.039)
FDIInflow -0.016
(0.043)
GINI 0.024
(0.044)
GovernmentEffectiveness 0.093
(0.064)
PercTrade 0.018
(0.048)
TaxOnGoodsServices 0.052
(0.043)
gravityGDP 0.078
(0.065)
infraRailline -0.062
(0.061)
Technology Fixed Effects Yes
N 2271
R2 0.08

Significance levels: *p<0.1; **p<0.05; ***p<0.01.

Regression table showing the 5 coefficients for the logistic re-
gression on Pr ; where all the independent variables are in-
cluded together. Variables were normalized through standard
scaling (z-scores) before fitting the regression model. Factors
arranged in order of p-value in regression. GDP is excluded
due to its high correlation with other variables. While Gov-
ernment effectiveness and and GDP per capita are correlated,
we keep both variables since they test for different things -
statistical significance and coefficients do not change when we
do the regression with either variable removed.
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icant, maintains a stable effect over time, challenging previous findings that its influence diminishes.
These insights reveal how enduring structural advantages, such as wealth and infrastructure, shape
leadership, while challenges like population size and distance serve as persistent barriers.

4.5.3 Important technology leadership drivers can change over time

By conducting regression analysis on Pr; on a technology-by-technology basis, we identify clear
time trends in the explanatory variables (Figure @ Average coefficients highlight the dominant
influence of GDP per capita (0.81), Government effectiveness (0.87), and GDP gravity (0.72), while
geographical distance to the inventing country has a smaller but significant negative coefficient
(-0.37). These results emphasize that countries with strong economies, effective governance, and
geographic proximity to inventors consistently lead in technology adoption.

Both GDP per capita and Government effectiveness exhibit increasing influence over time, un-
derscoring their growing importance for modern technologies. Consumption technologies, such as
Internet and Mobile, are slightly more sensitive to GDP per capita compared to bulkier production
technologies like Steel and Natural Gas, reflecting the differing impact of technology type on income
disparities{T_EI. For earlier technologies, GDP per capita alone was the dominant explanatory variable,
but newer technologies demonstrate the rising importance of institutional quality.

Geographical proximity and GDP gravity also remain significant and stable over time, facilitat-
ing earlier adoption by fostering trade, migration, and knowledge exchange. Contrary to D. A.
Comin, Dmitriev, and Rossi-Hansberg (2012), who posited that proximity’s influence diminishes
with technological evolution, we find that its impact remains constant for both k¥ and Pr;. This
persistence underscores the enduring role of geographical and economic proximity in shaping tech-
nology diffusion. These findings raise critical questions about whether emerging technologies will
continue to reinforce these structural advantages or disrupt existing diffusion patterns.

4.5.4 Robustness checks

We conducted a series of robustness checks to evaluate the reliability of our regression results for
k (diffusion speed) and Pr; (adoption order), covering sampling variations, scaling methods, pop-
ulation definitions, and outlier elimination (see Appendix for details). These tests assessed
whether changes in statistical significance or coefficient size materially impacted our findings.

Among the tests, the variable sampling check had the largest effect. Sampling explanatory variables
(Vin,;) at different points in time, such as throughout the logistic curve duration, near ¢y, or at
t;, revealed notable differences. For instance, Population was significant for & when sampled for
relative measures (Appendix|G.21-3) but not for activation thresholds (Appendix[G.24-5), indicat-
ing that relative population size affects diffusion speed, but absolute thresholds do not. Similarly,
GDP, GDP growth, and Government effectiveness significantly influenced Pr; when sampled for
relative measures, but were less significant when focusing on activation thresholds. This suggests
that relative economic conditions and institutional quality better explain adoption order than abso-
lute levels. Conversely, GDP per capita and Trade percentage remained robustly significant across
all sampling tests, indicating their consistent influence on Pr; both in relative terms and over time.

15This sectoral variation highlights how different technologies rely on distinct drivers of diffusion, with consumption
technologies benefiting more from economic strength.
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Figure 9: Demonstration of changes in influence of technology drivers on leadership over time.
Plots show regression coefficients 5y vs time (t;,. for each technology) for each explanatory variable
Vm,r; With Pr; as the dependent variable. Each plot shows the technology where the variable being
investigated is statistically significant (with statistical significance shown for each technology). The
number of significant technologies is shown and the proportion of available technologies in the
dataset available within the bounds of the data of the explanatory variable e.g. there are 22
technologies in the GDP per cap data timeline of 1960-2022, only 12 are statistically significant
(55%). A line of best-fit (red) is shown indicating the trajectory of the 8 value over time with a
corresponding equation. The goodness of fit score R? is shown and the statistical significance of the
relationship. Significance levels: *p<0.1; **p<0.05; **p<0.01.
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Additional robustness tests provided further insights. Variables like GDP growth and GDP per
capita maintained their significance across scaling adjustments, population definitions (e.g., focus-
ing on OECD+BRICS countries), and outlier elimination tests. However, Population failed both
variable sampling and fixed-effects tests for k, indicating that its effect is more context-dependent.
The group-wise fixed-effects test revealed that removing sector fixed effects or introducing dummies
(e.g., Invention Year) had minimal impact on the results. Notably, backward stepwise regression
confirmed that GDP growth’s positive effect on & and GDP per capita’s positive influence on Pr;
were robust, even when variables with high multicollinearity were excluded.

Overall, these robustness checks confirm the consistency of our findings for most variables, partic-
ularly GDP growth, GDP per capita, and Government effectiveness. However, they also highlight
context-specific nuances, such as the dependency of Population’s influence on the sampling regime.
This nuanced analysis strengthens confidence in the main results while identifying areas for future
investigation.

4.6 Limitations of the study

This study was limited in large part due to the availability of data. Firstly, for the technology data,
even for the technologies with good data, there are still some collection issues when we examine
each country individually. Small countries and those in the global south often have missing data,
either at random or due to systematic collection gaps. Additionally, some earlier data for western
countries is unavailable, requiring us to estimate t; through a backtesting procedure for certain
technologies (see Appendix . This involves fitting a logistic curve to the available data and using
the curve to infer ¢; in cases where the early phases of adoption are missing. To ensure the robust-
ness of our findings, we conducted a sensitivity test by rerunning the analysis without backtesting
t;. The results showed no significant changes in our main conclusions, reinforcing confidence in the
validity of our approach despite data limitations. While reducing sampling bias could improve the
precision of the results, we do not believe it would materially alter the key findings.

Secondly, the quality and length of explanatory variable data e.g. GDP, Government effective-
ness etc was a limitation. Given that we do not have explanatory variable data that stretches
temporally from 1720 to present, we had to modify our time sampling approaches in order to test
our hypotheses. With longer time-series we could do these tests more broadly.

Thirdly, our indicators for aggregate demand, knowledge, and policy and institutional factors were
not precise measurements of these factors but proxies. For instance, we could have examined the
influence on technology diffusion of specific regulatory measures, not just institutional quality. This
could be a topic for future research, but was beyond the scope here.

For much of this study, we assume technologies are independent, meaning one technology’s adoption
does not directly influence another. While Section briefly comments on interdependencies, we
do not explore them rigorously. Similarly, country-level adoption is treated as independent, assum-
ing no direct influence between countries. This simplifies the analysis but may overlook spillover
effects. A more complex approach could consider co-movement among countries or technologies,
though this risks overfitting the data.
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5 Conclusions

This study represents a significant step toward deepening our understanding of how technologies
diffuse across countries, offering both enhanced empirical foundations and new theoretical insights.
Our analysis shows that the logistic curve can effectively capture national-level technology adoption
patterns even when data are noisy or incomplete. By constructing a comprehensive dataset spanning
a wide range of technologies and time periods, we have established robust grounds for identifying
key drivers of uptake and for making meaningful cross-country comparisons. This empirical effort
not only addresses longstanding data gaps but also provides a strong basis for reconsidering cri-
tiques that suggest more complex models are invariably required to understand diffusion processes.

A central insight emerging from this work is that global technology diffusion is accelerating. Coun-
tries tend to adopt newer technologies in tighter clusters, indicating that the diffusion landscape is
becoming increasingly synchronized. This trend is accompanied by evolving patterns of global lead-
ership and laggardness—while a few countries remain consistently ahead or behind, others reposition
themselves as new technologies are adopted. The interplay of economic conditions—most notably
GDP per capita, GDP growth, and population size—further enriches our picture of how these shifts
occur. Our findings highlight that wealthier nations tend to adopt early but at a more measured
pace, whereas countries experiencing rapid economic growth embrace technologies later but move
quickly once they do. At the same time, larger populations seem to impose structural drag on both
speed and timing of adoption, suggesting that demographic and infrastructural factors cannot be
overlooked when assessing global technological change.

These insights have important policy implications. For decision-makers seeking to accelerate national-
level technology uptake—whether in energy, information and communication technologies, or trans-
port—our results emphasize that interventions must consider the broader economic and demo-
graphic context. Simply boosting aggregate demand may speed adoption, but enduring structural
conditions and sector-specific lock-in effects can moderate expected gains. Recognizing that some
sectors, such as ICT, exhibit increasingly rigid adoption rankings over time also underscores the
challenge of reshuffling established orders. Policymakers who aim to reposition their countries as
technological leaders or even “fast-followers” must grapple with entrenched patterns that become
more difficult to disrupt as diffusion accelerates and clusters.

Looking forward, our findings set the stage for several avenues of future research. First, incor-
porating national-level technology cost data could provide valuable insights into the role of learn-
ing effects and feedback loops between cost declines and adoption rates. Second, extending our
analyses to formally forecast future diffusion patterns—using logistic curves or related functional
forms—could yield practical decision-support tools for governments, investors, and development
agencies. Finally, improving the precision and breadth of global technology adoption datasets will
facilitate more rigorous testing of these hypotheses and help identify the conditions under which
countries can best capitalize on rapid global technological change. In doing so, future work can
bridge the gap between historical analysis and forward-looking prediction, thereby offering more
concrete guidance in an era of accelerating innovation and complex global challenges.
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Table 4: Technology data sources and number of technology datasets represented

Dataset N datasets | Source

AHRI 1 Air-Conditioning, Heating, and Refrigeration Institute (AHRI) p.d. |
BP 9 BP/Energy Institute n.d. B
BTS 2 U.S. Bureau of Transportation Statistics n.d.

CGD 180 Kenny and Yang 2022

CHAT 105 D. A. Comin and Hobijn n.d.

Cisco 1 Sumits n.d.

EIA 2 U.S. Energy Information Administration (EIA) n.d.

FAOSTAT 3 FAOSTAT [n.d.

FHWA 1 U.S. Federal Highway Administration (FHWA) |n.d.

GESDB 28 U.S. Department of Energy Global Energy Storage Database n.d| |
IPCC 2 International Panel on Climate Change (IPCC) n.d. T
IRENA 18 International Renewable Energy Agency (IRENA) 2023

Isard 1 Isard 1959

Jones et al. 1 Jones et al.|2019

Kurzweil 7 Kurzweil 2005

League of Nations 1 League of Nations n.d.

Lund & Toth 1 Lund and Toth [2020

Mitchell 14 Mitchell [2013]

Norris & Kristensen 1 Norris and Kristensen 2010

OWID 35 Our World in Data |n.d.

PCDB 35 Product Characteristics Database (PCDB) |n.d.

Santa Fe Institute 1 Santa Fe Institute n.d.

Taylor, Rubin, & Hounshell | 1 Taylor, Rubin, and Hounshell 2005

UIC 1 Railisa International Union of Railways (UIC) n.d.

UN 7 United Nations n.d.

UNICEF 14 UNICEF 2023

UNOOSA 1 United Nations Office for Outer Space Affairs (UNOOSA) n.d.
USADA 5 U.S. Department of Agriculture (USDA) [n.d.

USAGS 21 U.S. Geological Survey (USGS) n.d.

WB 9 World Bank Group |n.d.

WHO 27 World Health Organization n.d.

Wilson & Grubler 16 Grubler and Wilson [2013]

Appendices

A Historical technology adoption datasets: compilation,
cleaning and handling

A.1 Acquiring a well-curated selection of technologies

The CHAT dataset, while expansive, contains significant limitations that most likely invalidate the
conclusion about logistic curve diffusion processes. Firstly, the dataset contains several missing
countries for many technologies e.g. kidney transplant technologies only have 36 countries which
makes global aggregation unreliable, and cross-national studies insignificant. Secondly, the dataset
contains some indicators for which it is unclear what technology they represent e.g. hospital beds
- such "technologies” are not filtered from the analysis. Thirdly, there are temporal issues in many
technologies in the CHAT dataset i.e. data collected too late in the diffusion process, data ending
early before full diffusion can be observed, data containing upward diffusion through to downward
collapse of a technology. Fourthly, there is no commentary on significant global/country events such
as shifting territories that alter technology adoption data (e.g. Soviet Union collapse).

We started off with the CHAT dataset then built on it to include other datasets to improve the

spatial and temporal comprehensiveness of our national level technology diffusion dataset. The
Center for Global Development (CGD) dataset by Kenny and Yang (2022)) was compiled to im-
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Table 5: Table

of selected technologies that pass the filtering process

Technology Group Sector Stock | Number Invention Invention Year Year OECD BRICS Phase
clas- of year coun- start end | adop-| adop-| summary
sifica- | coun- try tion tion
tion tries

railline_CHAT Production | Transport 1 125 1825 GBR 1750 2004| 4 3 31 All dif-

fusion +
collapse
steel_bof_CHAT Production Metals 1 52 1950 AUT 1960| 2001| 6 62 Growth
steel_eaf CHAT Production Metals 1 89 1907 USA 1929| 2001| 2 3 12 Growth
nucleaProdTWh_OWID Production Energy 1 36 1882 GBR 1965| 2022 30 02 All  diffu-
sion
mobile_cellular_WB Consumption Communication 1 212 1973 USA 1980| 2021| 3 3 All  diffu-
sion
internet_user_pop_-WB | Consumption Communication 1 207 1983 USA 1990 2021| 31 1 Diffusion
near satu-
ration
GasProdTWh_.OWID | Production | Energy 1 98 1882 USA 1900| 2021| 03 01 Growth
CoalProdTWh_OWID | Production | Energy 1 86 1882 USA 1900 2021 07 02 Near satu-
ration
air_freight_'WB Production | Transport 1 181 1903 USA 1970| 2020| 3 0 Growth

BeerProd_Mitchell Consumption Agriculture 1 96 1912 USA 1750 2007| 3 12 All  diffu-

sion

MilkProd_Mitchell Consumption Agriculture 1 93 1917 USA 1889| 2010| 3 12 All  diffu-

sion

CrudeOil_Mitchell Production | Energy 1 58 1859 USA 1860| 2008| 4 0 32 Near satu-

ration

ag_harvester .CGD Production | Agriculture 1 137 1835 USA 1961| 2009| 5 01 Growth +

Saturation

ag-tractor.CGD Production | Agriculture 1 200 1889 USA 1961| 2009| 96 3 Growth +

Saturation

ATM_CGD Consumptiony Financial 1 181 1967 GBR 1988| 2020| 10 3 All  diffu-

sion

fert_total_.CGD Production | Agriculture 1 165 1910 GBR 1961| 2018| 7 3 Growth +

Saturation

mail CGD Consumption Communication 1 79 1840 GBR 1830| 2000| 2 12 Growth +

Saturation
newspaper_CGD Consumption Communication 1 149 1814 USA 1946| 1999| 97 01 Growth —+
Saturation
pctimmunizmeas_CGD | Consumption Healthcare 1 190 1963 USA 1980| 2019| 96 96 All  diffu-
sion
pest_total CGD Production | Agriculture 1 166 1920 GBR 1990| 2018| 9 90 Growth +
Saturation
radio_.CGD Consumption Communication 1 152 1907 GBR 1923| 2000| 3 2 23 Diffusion
near satu-
ration
tv_CGD Consumption Communication 1 154 1922 GBR 1946| 2002| 2 23 Diffusion
near satu-
ration
vehicle_car_.CGD Consumption Transport 1 168 1885 DEU 1895 2019| 23 13 Diffusion
near satu-
ration
vehicle_com_CGD Consumption Transport 1 159 1885 DEU 1904| 2015| 21 13 Diffusion
near satu-
ration
aluminum_CGD Production Metals 1 52 1886 FRA 1859| 2012| 4 2 Growth
road_CGD Production | Transport 1 177 1834 GBR 1950| 2002| 3 12 All  diffu-
sion
fixed_telephone_WB Consumption Communication 1 214 1876 GBR 1960| 2021 2 2 All dif-
fusion +
collapse
Summary of the select technologies that pass the filtering process. Each technology is shown with it’s given original dataset e.g railline_CHAT

is railline data from the CHAT database. Stock Classification coding: 1 - stock or a good representation of a stock; 0 - not a stock or a
good representation of a stock. Diffusion phases coding: 0 - flat trend at zero; 1 - formative; 2-formative + growth; 3 - formative 4+ growth
+ saturation; 4 - formative + growth + saturation + collapse; 5 - growth + saturation + collapse; 6 - growth + saturation; 7 - saturation
+ collapse; 8 - collapse; 9 - saturation; 10 - growth only
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prove on CHAT in a similar way to what we envisioned. Therefore, for cases where this dataset
made improvements on CHAT, we used the diffusion data from CGD, however, where there were no
changes we kept the CHAT dataset. Other datasets included IRENA, World bank, and Our World
in Data, and HATCH data and supporting databases (Nemet et al. 2023). Altogether, we compiled
data from the 32 sources shown in Table [4l

Next we filtered the 551 variables in our full technology database to arrive at the list in Table
[l based on these criteria:

e We classified each technology as either a production, consumption or infrastructure technology
similar to Kenny and Yang (2022)) and non-technologies. Non-technologies e.g. number of beds
were removed from the dataset.

e Technology stock or a good representation of a stock. Our interest here is in reporting the
quantity of a technology present in any given country or a reasonable approximation /representation
of that technology and showing the temporal change. For example, we determine that mobile
phone contracts are a good-enough proxy for the number of mobile phones in a country, even
though there may be slight differences between this number and the actual number of mobile
phones. For other technologies where the annual production is a good indicators of the overall
stock of the underlying technology being studied, we consider these to be stocks as well. For
example, steel production is measured by the total output of steel in a given country. While
we do not have the number of steel factories, or the machinery used to produce steel, we
determine that the total steel output in a given year will be largely correlated with these
underlying technologies - it will increase until some saturation point and perhaps decrease
as we transition to a different steel manufacturing process. We are interested in technology
stocks and not flows, because technology diffusion is usually studied through stocks, and the
conventional functional forms that are used to fit diffusion data are stock-functions e.g. the
logistic curve which is a monotonic function fitted to the total stock where instantaneous
birth-death effects show up as emergent properties.

e We check for country representation. Firstly, we check the country count with n > 80 (as
a strong initial threshold for obvious passes) and n > 50 (a weaker threshold for finding
the diamonds in the rough), were we evaluated if the quality of the datasets that passed
more rigorously to find other quality datasets. We run through the rest of the technologies
that fail this screening to observe if the small country count is still offers ”good-enough”
representation of the diffusion of that technology. For example, for Nuclear energy, only 38
nations are recorded simply because only those nations have implemented the technology so
it passes the text. Next, we check if no more than 3/5 important (historically leaders or
countries with significant population sizes) countries are missing (USA, UK, China, Russia,
India) that occupy different categories of technology diffusion and are important enough to
impact global diffusion and consequently diffusion of technologies in other countries.

e We check for missing data and error values remove technologies where excessive and incorri-
gible.

e Next, we assess whether a significant portion of diffusion (i.e., formative, growth, saturation
phases, or a distinct form for specific technologies) is observable. While we do not presuppose
that technology diffusion inherently follows a logistic curve, this framework provides a useful
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reference point for identifying technologies that may have undergone full diffusion by exam-
ining how many element’s of a technology’s life cycle are present in a given diffusion profile.
This builds on the work by Griibler, Naki¢enovi¢, and Victor (1999)) and supported by various
other texts including (e.g. Heymann et al. |2020, Christodoulos, Michalakelis, and Varoutas
2010, Gutiérrez, Nafidi, and Sanchez 2005) that shows that technologies have different adop-
tion phases including stagnation and collapse.

To explore regional variations, we analyze OECD and BRICS countries separately. Some
technologies do not initially exhibit clear logistic curve behavior, and for these cases, we use
the invention year as a benchmark for verification. Specifically, we first check whether the
diffusion dataset spans more than 100 years from the technology’s invention to the last data
point; if so, the technology is considered to pass this initial check. We then reduce this time
frame incrementally, applying closer scrutiny at each step[’] Generally, we find that diffusion
datasets with less than 25 years of data for older technologies are too short to capture their
full diffusion process. However, we expect this time frame to decrease as newer technologies
diffuse more rapidly.

e Finally, we employ the harmonized technology names to identify and eliminate duplicate
entries across datasets, selecting the dataset that offers the most comprehensive temporal
and geographic coverage for each detailed technology name. This approach ensures that our
analysis is conducted using the most representative datasets available for each technology.

Although this methodology is not without its limitations, it provides a more rigorous approach to
utilizing technology diffusion datasets compared to previous methods. Given the inherently complex
and multi-dimensional nature of technology diffusion, achieving complete objectivity is challenging.
However, we maintain that this rigor is essential for the proper application of these datasets.

A.2 Example cases of technology substitution

When we sum the national level data to obtain a global estimate, we can see the different stages
of diffusion at a global level and some technology transitions. In steel manufacturing, we have
early processes that diffuse and enter the mainstream before being replaced by more functional and
cheaper methods. Some methods stay relevant even as others are implemented, especially in the
early stages - when the sector is still new, but over time, the more superior process prevails. We
can make similar observations for ships and the different systems used to propel them. Sail ships
dominated the seas and were later replaced by steam ships and eventually motor ships took over
and dominated the market.

A.3 Cleaning and handling

To obtain the global technology value for each of our technologies we use an aggregated sum of the
individual countries. While this is not a precise measure, we rely on the comprehensiveness of our
country set and our data for each technology containing many large countries that contribute most
to the global profile (as we have shown in the section above). As a result, the global profile is more
noisy and less monotonic than we would expect for some technologies; attributable in large part to

16The invention year data is compiled from multiple sources, following a procedure similar to D. Comin and
Mestieri (2014)), where we consider either the first patent or the first commercial application of the modern version
of the technology.
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(a) (b)

Figure 10: (a) Cumulative diffusion of 4 steel manufacturing processes: steel_acidbess (acid Besse-
merprocess - an early steel process), steel_basicbess (basic Bessemerprocess - an early steel process),
steel_ohf (open hearth furnaces - a process that complemented the Bessemer process), steel_eaf (elec-
tric arc furnaces - a process that complemented and improved upon Bessemer and OHF processes).
Each process shows the number of countries in the dataset i.e. significant steel manufacturers. The
year 1991 is removed from the data due to a data error showing zero steel manufacturing. (b)
Cumulative diffusion of 3 types of ships that diffused over different timelines. We can see the rise
and fall of different propelling mechanisms from sail ships, steam ships and motor ships. Number
of countries in the dataset for each technology are shown.

noise in the national datasets e.g. one big country with bad data.

We treat all zero values as either errors in the data so we drop the values. This entails that
we drop values of deployment that occur before the start of deployment - which is fine because the
fitting procedure accounts for this. If zeroes are found later, they can greatly influence the fitted
parameters. For example, the year 1991 is removed e.g. in the steel dataset it appears there is an
error in the data as all values drop to zero in 1991, such cases are eliminated from our data.

Cleaning post soviet states data - we remove data for cases where the post soviet technology data
is not representative of the county’s adoption and for cases where there is an adoption jump. We
do this these countries are significant contributors to regional differences and global data overall
and erroneous values in this case would be more harmful than the regional diversity these countries
would offer.

Measles immunization in the CHAT dataset is measured in percentage terms of children aged
between 12-23. To compute the global average, we take the population weighted average immu-
nization rate. This is a crude way of computing the global rate, however, we find that it produces
plausible results. Vaccination data is generally a poor proxy for the diffusion of the technology as
most countries tend to only report data when the vaccine coverage is quite high. The case of measles
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immunization appears to be an outlier in this case with better statistics than most vaccination data.
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B Fitting procedure

To obtain logistic curve parameters on each country-technology time-series diffusion curve, we fit
the standard logistic curve using OLS optimization. If the curve contains fewer than 3 datapoints
we remove it from the sample (i.e. a three parameter model requires more than 3 datapoints to
obtain the parameters.) Next we trim the dataset to the time at which the curve hits its maximum
value i.e. the assumed asymptotic level. We do this because we are primarily interested in exam-
ining the the diffusion part of the logistic curve (as deployment goes up) not the collapse. We also
check if ¢y is contained in the dataset i.e. if the maximum technology level is greater than 2x the
lowest value. If we find that the majority of the logistic curve is in collapse i.e. k < 0 after fitting
we filter these cases out (this step is done after fitting).

To obtain good estimates of the logistic curve parameters we conduct the fitting process with a
varied set of initial conditions for the variables and setting parameter bounds. This is done because
the OLS optimization algorithm at times settles on a local optima rather than a global optima
within the number of permitted run cycles. To ensure that we obtain global optima fit parameters,
we vary the initial conditions and greatly increase convergence time and set limits on the param-
eters to obtain the best-fit parameters for each logistic curve. We set parameter limits for L are
the highest recorded value as a lower bound and an infinite upper bound. This suggests that for
each curve fit, L is at least as large as the highest value, for technologies that have saturated and
for those still growing. We set parameter limits for {3 to be the start and the end of the global
time-series for the data. Since we are not using the logistic curve to provide a forecast or a hind-cast
of the full curve these parameter limits for ¢, are justified, i.e. we keep ty within our known values.
Finally we constrain k to within -1 and 5. We have a very high upper bound to allow us to capture
cases where technologies grow quite rapidly in some given countries e.g. for countries that installed
ATMs with inflection points in the mid 2000s or TVs in the 1990s.

As stated earlier, we apply some post-fitting filters. Logistic curves with £k < 0 are removed
since we are only interested in the upward part of the diffusion curve. We filter out cases when t; is
not reached i.e. data is in the formative years. Logistic curves with fewer than 15 data points (i.e.
15 years) greater than zero are removed. We believe this is a reasonable estimate for the minimum
time for a country to have exited it’s formative phases for many of the technologies and is roughly
half the full diffusion time for mobile phones - the newest technology. Countries which have fewer
than 10 technologies are filtered out. This ensures that our study of k£ and ¢; are obtained from a
more robust dataset with fewer outliers that distort the rank and diffusion speed trends.

We experimented with fitting the data under a series of transformations i.e. in linear-scale, log-scale,
and under the Fisher-Pry transformation but settled on linear-scale fitting. Transforming data to
log-scale results in a two stage process with lower sensitivity to large values (i.e. closer to the
asymptote) however, there are no benefits for the earlier stages of the logistic curve i.e. linear-scale
and log-scale appear to provide similar results for obtaining k£ and ¢, values. In the log-scale, we
have more of fitted logistic curves not converging to an optima even as we vary initial conditions, so
we rejected this approach. Under the Fisher-Pry transformation, we have to use the L value from
either the log-scale or linear-scale fit. Using this parameter added more uncertainty to our k£ and ¢,
parameter estimates even though they appeared more precise due to the uncertainty in L obtained
under a different transformation.
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The variable ¢; is obtained by sampling the value before we reach the peak at which S(t) = 10%x*L.
Firstly, we try to obtain the estimates within a 10% sensitivity. If a value is not found we increase
the sensitivity to 20%. In the case where we do not obtain good estimates even after reducing
the sensitivity, we backtest the logistic curve with our given parameter estimates from the OLS
fitting procedure and obtain an estimate for ¢;. We only do this for cases where £ > 0 and keep
only t; values that are no further away than 25% of the earliest value obtained in the dataset. The
backtesting procedure was tested in-sample and produced good estimates for ¢; (mode = 0 with
51% of the values and RMSE=4.5). The quality of the OLS fitted parameter estimates only mod-
estly correlate with better estimates for ¢;, which only improved our confidence in our backtesting
procedure given that we have very high goodness of fit values for the OLS fit parameters.

B.1 Analysis of fitting quality

Figure 11: Goodness of fit scores for the various technology-country diffusion datasets

The majority of the fits obtained have R? values that are very high. There are no cases where
R? scores are negative suggesting that we have specified the wrong model. We submit that the
technology dataset chosen contained only technologies that have reaches sufficiently high levels of
diffusion and were well represented in the dataset in terms of diffusion time and country diversity.
We would expect less complete datasets to have weaker goodness of fit scores.

B.2 Error and uncertainty

For each of our variables it is important to consider the error propagation. Firstly, there is pa-
rameter estimation error in fitting the logistic curve to the data. For each of these we obtain error
estimates. The OLS fit of the data assumes residuals are normally distributed, therefore, the er-
ror in parameter estimation also follows a normal distribution and the confidence intervals on our
parameter estimates are symmetric. This is a suitable assumption for our research given that we
are aggregating several different technologies that in theory could have differing diffusion patterns;
determining a more precise distribution of the residuals is beyond the scope of this paper. We will
observe later that the residuals are approximately normally distributed.
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It follows that:
Az = oorLsfit (6)

where x € L, k or t

For cases where we have a mean we use the standard sampling error:

on(z)

N (7)

Where x € L, k or tg, N is the sample size and oy is the standard error of the sample variable x
of length N.
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Where x € L, k or tg, N is the sample size and oy is the standard error of the sample variable z
of length N.
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Figure 12: Collapse plots for different technologies plotted separately. The data are normalized by
fitting a logistic curve and using non-dimensional coordinates y +—> % and x — k *x (t — to), where

l:, k and i, are estimates of the corresponding parameters. The idealised logistic curve is plotted
as a black line and coloured lines represent collapsed curves for each individual technology-country
curve in the dataset
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Figure 13: Histogram of residuals from the collapse plots in Figure [12| for the subset of technologies
used in our analysis. Residuals calculated from fitting a standard logistic curve and computing the
collapse plot by country for multiple technologies. Each technology plot also highlights the residuals
for each country curve in different colours; the number of countries in each technology collapse plot
is also shown.

We can observe that the residuals tend to have varied shapes, with most approximating a normal
distribution (Figure . Those that have normal distributions are indicative of good fit as noise is
normally distributed. We find that all technologies, the centre of the distribution or the peak lies
at zero with most residuals concentrated around 20% of zero (+0.2). There are some outliers and
some technologies have more outliers than others e.g. Coal and Mobile, however the residuals are
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Figure 14: Residuals vs time for each country for multiple technologies in Figure For each
technology the number of countries is also shown.

still mostly normal. We see that odd distributions are concentrated on technologies with a large
number of countries increasing the diversity of the dataset. However, for the majority of the outlier
distributions, we have much larger bin width - distributions concentrated around zero are more
precise with smaller bin widths.

When we plot our residuals over time we see a pattern (Figure . This suggests that a logis-

tic curve does not capture the entire deterministic aspect of technology diffusion. Instead, we see
that residuals tend to be largest around the inflection point, which suggests that we have high

47



uncertainty in this variable. Identifying an improved functional form to capture this residuals’
pattern is beyond the scope of this paper and will likely require adding more variables to the equa-
tion (perhaps using a 5-parameter logistic curve). Since our residuals are relatively small (close to
zero) across time, and we are comfortable with the bias-variance trade-off that our interpretable
3-parameter model gives, we can continue with our assertion that the 3-parameter logistic curves
are a good representation of technology diffusion.
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Figure 15: Diffusion speed (k) of various countries in each technology dataset - blue. KDE plot
superimposed on the histogram - black. The distribution of ky (Global k) is shown - red. The
distribution of global k& sampled from a log-normal distribution where p is the mean value of kr
and o is the standard deviation obtained from the OLS fit on the global data.
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Firstly, we note that the distribution of kfor each technology follows a log-normal distribution
(Figure [15). Given that our parameter bounds for k are such that k& > 0 this result makes sense.

It is not a straightforward assertion that the regional diffusion speed of a technology differs from
the global speed. It is plausible to believe that technology diffuses the same way across different
countries and that the only differences are in the timing of diffusion and speed variations that are
accounted for by noise in the data. We find that for the technologies in our dataset, the global
diffusion speed and regional diffusion speed are different and that global diffusion tends to be slower
than the average speed across the countries B Additionally, the variation in regional diffusion speed
is significantly large (see Appendix). These findings carry an instrumental implication. Critically,
we deduce that differences in regional vs global k£ are not simply attributable to regional data con-
taining significantly more noise than the global data. We are forced to find alternate explanations
for the differences in regional diffusion speed.

D.1 Accelerating progress at country level - k increases with time over-
all

In Figure [16| we compute the slope of k for each country’s diffusion multiple technologies. By dis-
aggregating the analysis of diffusion speed to country level we can observe the trends in k£ over time
with more data points. The acceleration is visible across all technologies, however, Communication
technologies have the largest median slope, and similarly, consumption technologies have a large
slope as we state in the main text. In all cases we see a positive median slope except for Industrial
Metals - however, for these technologies, the number of statistically significant cases is quite low.
Additionally, when we take only the statistically significant cases, we see that the slopes are all
positive in all categories except industrial metals with a few negative cases.

In Figure we show how k is growing across time independent of technology. We can observe
that the trend is k growth is more than linear but is not quite exponential in the overall case or
for any other technology except Information-Communication technologies. Technology diffusion
appears to be much faster in recent times i.e. more rapid growth from the 1990s and even faster
rates in the 2000s and beyond. This is observed even in Transport and Energy technologies where
there is not much growth but a sudden upsurge in the 2000s (albeit with significant variation). We
expect technologies that enter the market later to have faster diffusion speed, regardless of their
sector, but more pronounced if they behave like Information-Communication technologies as we
stated earlier.

Much like in the aggregated case where we compare k growth at a technology level (see ,
we observe a similar trend even when we do not consider the individual technology but just k at
a country-technology level. Information-Communication technologies have an exponential increase
in £ where whereas the other technologies show more linear growth if any. This trend suggests that
the increase in technology diffusion is universal, but some sectors are experiencing faster growth
than others.

"Nuclear, SteelBOF and Railway look like exceptions to this rule since global diffusion speed roughly matches
regional diffusion speed. For Nuclear and SteelBOF, this is likely because a very small set of countries have im-
plemented the technology. It is unclear why the global and regional diffusion speeds for railway are similar. This
relationship was possibly spurious - it may be a subject for further study
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Figure 16: Bar plots of slopes of k vs ¢, for individual countries for all technologies, by sectors, and
technology groups. ICT - Information Communication Technologies, TE - Transport and Energy,
IM - Industrial Metals, Ag - Agriculture. We show the median slope in k for each bar plot and the
proportion of countries with statistically significant slopes in k for each category

D.2 Diffusion speed and technology type

We find diffusion speed for consumption technologies is increasing over time, whereas production
technologies’ diffusion speed shows no upward trend™]

18We follow Kenny and Yang in defining ‘production technologies’ as those that create goods and services for
consumers, like robots in manufacturing or water wheels for milling. These technologies improve product quality or
production efficiency. ‘Consumption technologies,” such as washing machines or vaccines, directly enhance consumer
utility. While production technologies focus on increasing output relative to cost, consumption technologies increase
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Figure 17: Plots of k vs t; grouped into boxplots for each country-technology data point for all
technologies (left), by sectors (right). A line of best-fit is drawn through the medians and with
its corresponding equation and goodness of fit Ry are shown. ICT - Information Communication
Technologies, TE - Transport and Energy, IM - Industrial Metals, Ag - Agriculture. We show the
median slope in k for each bar plot and the proportion of countries with statistically significant
slopes in k for each category

This reinforces the work of Wilson et al. finding that energy technologies (a mix of genera-
tion and energy efficiency technologies) diffuse faster with increased granularity, where granularity
is measured using a series of variables including cost, size, modularity etc. Production technologies
(steel manufacturing, tractors etc.) tend to be bulkier and more expensive, whereas consumption
technologies (Mobile, TV etc.), are more modular.

While we cannot comment in detail on the granularity of technologies in this study, we nonethe-
less build on Wilson et al. (2020)’s finding that there is accelerating technological progress when
measured by diffusion

D.3 Diffusion speed vs rank order by technology

Here we can observe that k decreases with leadership (Figure . This is mostly consistent across
technologies. We test the robustness of this relationship by filtering outliers in k, and varying
country selection e.g. selecting only countries with longer time series e.g. more than 15 data points
(i.e. those that have passed their entry time at least and the values of k are more stable). We

utility relative to cost. Some technologies, like engines and mobile phones, serve both roles, but we classify each
technology according to the category it fits most closely

52



can observe that this is consistent for older and newer technologies alike. Additionally, we note no
statistically significant difference in the trend across sectors and technology groups.
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Figure 18: Scatter plot of k vs Py (Percentlle t; for each country in a technology) (blue) each with

a line of best-fit (red) for 27 technologies. k is a normalization of k such that kr; = #(ka)

that the relative diffusion speeds from different technologies can be compared. The rank correlation
coefficient (p), goodness of fit R?, and statistical significance of the relationship between k and Py J
are shown. Slgnlﬁcance levels: *p<0.1; *p<0.05; **p<0.01. (Note: k is a normalization of k such
that k = . Our results are robust to different types of normalisation of £ but are not shown

here).
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E Choosing a variable for determining rank order

We use t; as a variable to place countries in a rank order. At 10% deployment, we can expect
that a technology has overcome initial volatility usually associated with the formative phases of
deployment. Bento and Wilson (2016) examine the formative phases of energy technologies in more
detail and determine that 10% of L is sufficient for all dynamics usually associated with the early
stages of a technology’s diffusion to have lapsed. We also note through further assessment that
10% of L allows for a more instrumental assessment of a country’s entry time. Small countries
that deploy less of a technology are no more at an advantage than larger countries since the value
is normalized by L. For large countries, they are judged by the measure of their population or
eventual deployment they will serve at an asymptote. Should a large country take a long time to
reach the entry time, and should a technology remain in the hands of a select few or an elite in a
country, this assessment of entry time justifiably penalizes this.

Conversely, this definition can be only slightly misleading particularly, in the cases where some
countries heavily invest in a particular technology with a very high saturation level than another
country that chooses to invest very little with a lower L but starts deployment later than the
higher investment country - this could be due to need for the technology or barriers to access as
an example. In this case, country that eventually deploys more may reach ¢; later, but would be
considered a follower in that technology. We tested for the sensitivity of our approach to this my
varying the threshold of ¢; (i.e. 2.5% of L - much close to the start deployment, 10% of L - our
selected threshold, 50% of L - the inflection point) and assessing how rank correlation. We find
that at 2.5% of L we have high correlation (91%) with countries ranked at 10% of L, but we lose
some countries (82 from 155) due to the additional sensitivity of the variable (i.e. data availability
at 2.5% L may not exist for many countries). When we compare rank correlation of 10% of L to
to we observe much lower correlation (/=60%) - this is expected because at to we have observed the
effects of having different k£ values on the diffusion curve.

However, we are not interested in the needs-based assessment of a technology, we simply observe the
logistic curves as we know it to have occurred. For instance, some countries may not participate or
"under” participate in the adoption of a technology say one form of steel manufacturing, however,
we are only interested in the logistic curves we are able to see, not what was the potential. This
departs significantly from D. Comin and Mestieri (2014))’s reasoning in that they try to estimate the
market potential using some proxy e.g. population, number of households etc., thereby claiming
to know how much of a technology ought to diffuse into a country. We think this is flawed for
two reasons, firstly, the proxies used for market potential are fairly blunt, secondly, with increasing
populations, economies etc. and because we live in a dynamic world, using static measures for the
overall saturation of a technology will lead to incorrigible issues.
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F Diffusion time supplement

F.1 Adoption dispersion and global diffusion speed

Technologies that have countries adopting technologies in closer time intervals tend to have faster
global diffusion rates[] (Figure[20] (a)). This trend was not only limited to Information-Communication
technologies. While we do observe the relationship to be stronger in Information-Communication
technologies, we also observe it in Transport-Energy technologies. Technologies such as Coal and
Mail where countries were more spread out in their entry time had slow rates of global diffusion,
but more recent technologies such as Immunization and Mobile were countries adopted the tech-
nology closer together experienced more rapid growth. This emergent phenomenon highlights the
impact of countries learning from each other. And with country dispersion decreasing over time
(i.e. countries moving together - see Figure [20| (b)), we can expect that global diffusion of future
technologies will be faster than historical technologies.

This result is consistent with D. Comin and Mestieri 2014 and Kenny and Yang 2022 who find
that coefficient of variation between countries is decreasing and countries are moving closer to-
gether as technology adopters. Their analyses differ in how they determine convergence: D. Comin
and Mestieri 2014|look take diffusion data, compute intensive margin and compare the quantity of
diffusion at saturation; Kenny and Yang|2022| using income per capita as an outcome of technological
catch-up to show convergence. Nonetheless, we find a similar result when we track standard devia-
tion or coefficient of variation in entry time over a series of technologies implemented across time.
The standard deviation of entry times decreases which suggests that countries are implementing
technology closer together and there is convergence.

19While it is difficult to disaggregate the impact of technology diffusion speed increasing through time, and speed
increasing due to countries moving closer together, we observe that dispersion of countries is a stronger explanatory
variable for global diffusion speed while diffusion time better explains national diffusion speed. By regressing kr
and median(k) separately with o(¢;) and ¢;,. as explanatory variables, we note that the statistical significance of the
variables switches.
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Figure 19: Histograms of country ¢;s across multiple technologies. A distribution plot is fitted on
top of the histogram data. The mean, median, standard deviation and Fisher’s moment coefficient
of skewness of each distribution are shown.
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Figure 20: (a) log(kr) vs adoption time dispersion o(t;) across multiple technologies. Error bars
for log(kr) are shown for each technology and are much smaller than the errors for the national
case. Line of best-fit shown in red highlighting a downward trend.The goodness of fit score R? is
shown and the statistical significance of the relationship. (Significance levels: *p<0.1; **p<0.05;
**p<0.01.) (b) Dispersion of ¢; vs diffusion time ¢;,. of technologies
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G Regression and variable considerations

G.1 Studying the variables

The variables below are used for V,,, r; shown in equation [5| and equation El While these variables
do not necessarily depend on T, they are sampled at different ¢; values corresponding to different
technologies. As a result of the sampling method leads to different values of V' that correspond to
different technologies. ~We can observe the cross-correlation of each of our explanatory variables
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Figure 21: Correlation matrix of our explanatory variables and ¢; (i.e. tiFit) and k

with each other and with our target dependent variables t; and k. We use this correlation table
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Figure 22: Plots of explanatory variables at an earlier date vs a more recent date to show the change
over time. The earlier date is at or less than 5 years from the start of the dataset and the later
date is at or less than 3 years from the end of the dataset - this is done to improve the number of
represented countries

to filter out some variables from regression analysis. Regulatory quality is removed in favor of
Government effectiveness. Coal production is removed from the set of infrastructure variables since
it is highly correlated with Railways and Electricity. We keep population and Electricity, and GDP
and Government effectiveness even though they are highly correlated because they test for different
effects.
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By examining our explanatory variables through time, we can observe whether there is a scal-
ing effect on the variables i.e. when we sample over time we expect relatively similar effects with
the only difference being the scale of the effect (i.e. there isn’t much difference in sampling variables
at to vs at t; (which are highly correlated), except for the relative scale of the variables. We find
that this is the case for most of our variables as historical values are highly correlated with more
recent levels of the variables (Figure . Some variables follow different patterns i.e. GDP growth,
FDI inflow, Tax rates on goods and services, and to a lesser extent Trade percentage and Education
expenditure per GDP. For these variables, we expect temporal effects, particularly in regression
testing to have a more varied effect.

G.2 Sampling the variables

We adopt a series of sampling methods for the explanatory variables and test them for our re-
gression. This is done for two reasons. Firstly to study the difference in effect of the absolute
value variable activating the deployment of a technology as compared to the relative value to other
countries i.e. we ask the question does technology leadership depend on some GDP threshold or do
technology leaders emerge as GDP leaders regardless of the absolute value of GDP at a particular
time. Secondly, we face limitations in the time-series of the data for the explanatory variables when
we compare with our technology set. Some technologies such as Railway began implementation in
the 1800s while our variable data mostly runs from the 1960s. Therefore, our variable sampling
method must consider these limitations.

Vm,r,; is the explanatory variable m taken at or averaged across a given sampling window.

L Viurj = Vin(median(to) —1)+Vin(median(to)) +Vin(median(to)+1) ~ [y this case we sample variables at

3

median(ty) + 1 for the regiona diffusion of the technology (T') for country j

2. Viurj = v’i(tOT_1)+‘4{L(§°T)+V’zl(t°T+l). In this case we sample variables at ty £+ 1 for the global
diffusion of the technology (7") for country j

3. Viur, = ﬁ ttOOT Vi, dt. In this case we take the integral of the variable for all the available
T T T

values of V,,, 1; between ¢;, and to,

4. Viurj = Vi (tor,). In this case we sample variables at the , value for the national diffusion
of the technology (7') and country j

5 Vinr, = V,fl(tiTﬂj). In this case we sample variables at the ¢; value for the national diffusion
of the technology (T') and country j

1-3 are helpful for assessing the impact of the relative values of the variable on the diffusion of a
given technology (speed or diffusion order) with 3 being a more smoothed sample of the variables.
4-5 are helpful for assessing whether threshold or some exact values of a variable are associated
with diffusion speed or diffusion order.

The number of countries sample logistic curves in the in each regression sequence is limited by
the number of technologies with t0 values within the range of the explanatory variable. For exam-
ple, if we we only have GINI coefficient data from the year 1960-2022. With technologies where
the minimum sampling time i.e. t0Global or mediant0 or in the case where we consider t0 or ti
activation, is before 1960, we remove these from the regression testing the GINI coefficient as an
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explanatory variable. The number of datapoints is still greater than 600 with high degrees of free-
dom for each of our analyses which gives us good confidence in the statistical significance of our
results.

The GDP gravity measure is computed as

G *xGDP, x GDP;
D )

n7j

GDPgravityT,j -

where:

e T is the given Technology,

7 is the given country,

n is the inventing country where the technology originated,

e GDP, and GDPF; is the GDP of country n and j sampled at our given variable sampling
method above,

D is the geographic distance in km between country n and j.

G.3 Robustness checks

A series of robustness checks are conducted for the regression analysis both for Pr; - Logistic
Regression and for kp; - Multiple regression with fixed effects. We do the following:

1. Alter the sampling of V,, r; i.e. sample throughout the duration of the logistic curves, at ¢,
(i.e. within tp £ 1 and at ¢;. We run the regression tests with each of the three V,, r; samples
for each of the regressions

2. Rescaling test - changing the scaling method. We conduct two types of scaling:

e min-max scaling such that 7 = —Fme—=_

maz —Tmin

e standard scaling such that 7 = z;ﬂ
3. Population Definition and Sample Tests

e Running scenarios with different country sets e.g. removing large countries, using only
OECD+BRICS

4. Outlier elimination test
o filtering large values of ki.e. £k < 1.5 and k <3
5. For kr; Group-wise fixed-effects test

e Adding or removing the technology or sector fixed effects

e Adding a dummy variable e.g. Invention year
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6. Removing variables from regression equation with multiple independent variables - backward
step-wise regression. For instance, a variable like GDP that correlates with multiple other
variables was removed and reinserted into the regression equation to observe the robustness
of the output.

We find that the results are fairly consistent when we examine the influence of each explanatory
variable on the dependent variable (k or Pr ;) individually. Qualitatively, we note that some ex-
planatory variables for k& (GDP, GDP growth, GDP per capita, Population, GDP gravity and Coal
infrastructure, Education expenditure per GDP) are consistently significant across a large number
of robustness tests maintaining the same relationship with k. Education expenditure per GP fails
the most robustness tests (variable sampling tests, and group-wise fixed effects tests) but still passes
close to half the robustness tests. With variables that are not included in the final regression, most
have sporadic significance but not enough to investigate further.

For Pr; we find similar consistency for the influence of our explanatory variables. GDP per capita
and Government effectiveness have increasingly positive coefficients on Pr ;, distance from the inven-
tor and GDP gravity have a constant effect, while GDP growth has increasingly negative coefficients.
These insights hold across all the robustness tests except the variable sampling tests. The statistical
significance of the explanatory variables per technology is also maintained for all robustness tests
except the variable sampling tests.

When variables are taken together, we find that the results are less robust in the case of the
linear regression for k as we would expect due to the interaction of the variables with each other.
GDP growth’s effect is significant and robust, whereas, Population is significant but fails variable
sampling tests and group-wise fixed effects tests and the scaling tests. Other variables such as
patent applications and GDP per capita were significant in for some robustness check scenarios,
however, they add no meaningful new explanatory power. Both have negative coefficients with &
but may serve only to show that countries with higher GDP per capita and patenting are leaders.

On the other hand, the logistic regression on Pr; with variables put together is remarkably ro-
bust. GDP growth, GDP per Capita, Population, Tax rate, Government effectiveness, and distance
from the leader are consistently significant and the direction of their influence remains the same
across our robustness tests even as we vary the variables included. GDP and GDP growth fail
the variable sampling test for activation thresholds 4-5) which suggests that relative GDP
and GDP growth and not the levels of GDP and GDP growth influence a county’s likelihood of
technology leadership. We find strong consistency for the insignificant variables as well (they stay
insignificant throughout our robustness checks).

The altering of the sampling of V, r; appeared to be a very strong robustness test with a large ef-
fect, specifically on the influence of population for k£, and GDP, GDP growth, GINI and Government
effectiveness for Pr;. When variables are sampled to assess the relative impact of the variables
1-3), the population was statistically significant but insignificant when sampled to assess a variable
threshold 4-5). This suggests that relative population sizes influence diffusion speed, but there
are no population thresholds that influence diffusion speed. For the impact of altering the sampling
regime on Pp;, we find that GDP, GDP growth and Government effectiveness are significant for
sampling for relative measures 2-3) but significant for activation thresholds 4-5). The
effects of GDP, GDP growth and Government effectiveness on Pr ; is the same as that of Population
on k in which the relative measures are good explanatory factors of Pr; but there are no thresholds
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of GDP that determine Pr ;. Conversely, GDP per capita and Trade percentage remain significant
whether we sample for relative values or activation thresholds which suggests that these variables
influence Pr; when countries are compared with each other at a point in time and over time.

References

Air-Conditioning, Heating, and Refrigeration Institute (AHRI) (n.d.). AHRI Statistics. https :
//www.ahrinet.org/analytics/statistics. (accessed November 2023).

Bento, Nuno and Charlie Wilson (2016). “Measuring the duration of formative phases for energy
technologies”. In: Environmental Innovation and Societal Transitions 21, pp. 95-112.

BP/Energy Institute (n.d.). Statistical Review of World Enerqy — Energy Economics — Home.
https://www.bp.com/en/global/corporate/energy-economics/statistical-review-of-
world-energy.html. (accessed October 8, 2023).

Christodoulos, Charisios, Christos Michalakelis, and Dimitris Varoutas (2010). “Forecasting with
limited data: Combining ARIMA and diffusion models”. In: Technological forecasting and social
change 77.4, pp. 558-565.

Comin, Diego and Marti Mestieri (2014). “Technology diffusion: Measurement, causes, and conse-
quences”. In: Handbook of economic growth. Vol. 2. Elsevier, pp. 565-622.

Comin, Diego A. and Bart Hobijn (n.d.). The CHAT Dataset. Harvard Business School Working
Papers 10-035, 2009.

FAOSTAT (n.d.). FAOSTAT. https://www.fao.org/statistics/. (accessed November 2023).

Grubler, Arnulf and Charlie Wilson, eds. (2013). Energy Technology Innovation: Learning from His-
torical Successes and Failures. Cambridge University Press. DOI: 110.1017/CB09781139150880.

Griibler, Arnulf, Nebojsa Naki¢enovi¢, and David G Victor (1999). “Dynamics of energy technologies
and global change”. In: Energy policy 27.5, pp. 247-280.

Gutiérrez, R, A Nafidi, and R Gutiérrez Sanchez (2005). “Forecasting total natural-gas consumption
in Spain by using the stochastic Gompertz innovation diffusion model”. In: Applied Energy 80.2,
pp. 115-124.

Heymann, Fabian et al. (2020). “Forecasting energy technology diffusion in space and time: model
design, parameter choice and calibration”. In: IEEE Transactions on Sustainable Energy 12.2,
pp. 802-809.

International Panel on Climate Change (IPCC) (n.d.). IPCC Data. https://www.ipcc.ch/data/.
(accessed November 2023).

International Renewable Energy Agency (IRENA) (2023). Renewable Energy Statistics 2023. https:
/ /www . irena . org/ - /media /Files / IRENA / Agency / Publication / 2023 / Jul / IRENA _
Renewable_energy_statistics_2023.pdf. Abu Dhabi.

Isard, Walter (1959). Industrial Complex Analysis and Regional Development. Cambridge, MA: MIT
Press.

Jones, Edward R. et al. (Mar. 2019). “The State of Desalination and Brine Production: A Global
Outlook”. In: The Science of The Total Environment 657, pp. 1343-1356. DOI: 10.1016/7 .
scitotenv.2018.12.076.

Kenny, Charles and George Yang (2022). Technology and Development: An Exploration of the Data.
Tech. rep.

Kurzweil, Ray (2005). The Singularity Is Near: When Humans Transcend Biology. (accessed Novem-
ber 2023). New York: Viking.

League of Nations (n.d.). Armaments Year-Book 1924, 1926, 1931, 2nd ed. Geneva: Publications of
the League of Nations.

64


https://www.ahrinet.org/analytics/statistics
https://www.ahrinet.org/analytics/statistics
https://www.bp.com/en/global/corporate/energy-economics/statistical-review-of-world-energy.html
https://www.bp.com/en/global/corporate/energy-economics/statistical-review-of-world-energy.html
https://www.fao.org/statistics/
https://doi.org/10.1017/CBO9781139150880
https://www.ipcc.ch/data/
https://www.irena.org/-/media/Files/IRENA/Agency/Publication/2023/Jul/IRENA_Renewable_energy_statistics_2023.pdf
https://www.irena.org/-/media/Files/IRENA/Agency/Publication/2023/Jul/IRENA_Renewable_energy_statistics_2023.pdf
https://www.irena.org/-/media/Files/IRENA/Agency/Publication/2023/Jul/IRENA_Renewable_energy_statistics_2023.pdf
https://doi.org/10.1016/j.scitotenv.2018.12.076
https://doi.org/10.1016/j.scitotenv.2018.12.076

Lund, John and Aniko Toth (Nov. 2020). “Direct Utilization of Geothermal Energy: 2020 Worldwide
Review”. In: Geothermics 90, p. 101915. DOI: 10.1016/j.geothermics.2020.101915.

Mitchell, B.R. (2013). International Historical Statistics: Furope, 1750-2010. New York: Palgrave
Macmillan.

Nemet, Gregory et al. (2023). “Dataset on the adoption of historical technologies informs the scale-
up of emerging carbon dioxide removal measures”. In: Communications Earth & Environment
4.1, p. 397.

Norris, R. S. and H. M. Kristensen (2010). “Global nuclear weapons inventories, 1945-2010”. In:
Bulletin of the Atomic Scientists 66.4, pp. 77-83. DOI: 10.2968/066004008.

Our World in Data (n.d.). Our World in Data. https://ourworldindata.org/. (accessed Novem-
ber 2023).

Product Characteristics Database (PCDB) (n.d.). PCDB. https : //www .ncm-pcdb . org . uk/.
(accessed November 2023).

Railisa International Union of Railways (UIC) (n.d.). UIC Statistics. https://uic-stats.uic.
org/. (accessed November 2023).

Santa Fe Institute (n.d.). Santa Fe Institute Performance Curve Database. https://pcdb.santafe.
edu/. (accessed October 8, 2023).

Sumits, Arielle (n.d.). The History and Future of Internet Traffic - Cisco Blogs. https://blogs.
cisco.com/. (accessed November 2023).

Taylor, Margaret R, Edward S Rubin, and David A Hounshell (2005). “Regulation as the mother
of innovation: The case of SO2 control”. In: Law & Policy 27.2, pp. 348-378.

U.S. Bureau of Transportation Statistics (n.d.). U.S. Bureau of Transportation Statistics. https :
//www.bts.gov/. (accessed November 2023).

U.S. Department of Agriculture (USDA) (n.d.). U.S. Department of Agriculture. https://www.
usda.gov/. (accessed November 2023).

U.S. Department of Energy Global Energy Storage Database (n.d.). Global Energy Storage Database.
https://gesdb.sandia.gov/statistics.html. (accessed November 2023).

U.S. Energy Information Administration (EIA) (n.d.). U.S. Energy Information Administration.
https://www.eia.gov/. (accessed November 2023).

U.S. Federal Highway Administration (FHWA) (n.d.). U.S. Federal Highway Administration. https:
//highways.dot.gov/. (accessed November 2023).

U.S. Geological Survey (USGS) (n.d.). U.S. Geological Survey Data. https://www .usgs . gov/
products/data/. (accessed November 2023).

UNICEF (2023). Immunization Dataset. https : //data . unicef . org/ resources / dataset /
immunization/. (accessed November 2023).

United Nations (n.d.). UNdata. https://data.un.org/. (accessed November 2023).

United Nations Office for Outer Space Affairs (UNOOSA) (n.d.). United Nations Office for Outer
Space Affairs. https://www.unoosa.org/. (accessed November 2023).

Wilson, Charlie et al. (2020). “Granular technologies to accelerate decarbonization”. In: Science
368.6486, pp. 36-39.

World Bank Group (n.d.). World Bank Group DataBank. https://databank .worldbank.org/.
(accessed November 2023).

World Health Organization (n.d.). World Health Organization. https://immunizationdata.who.
int/. (accessed November 2023).

65


https://doi.org/10.1016/j.geothermics.2020.101915
https://doi.org/10.2968/066004008
https://ourworldindata.org/
https://www.ncm-pcdb.org.uk/
https://uic-stats.uic.org/
https://uic-stats.uic.org/
https://pcdb.santafe.edu/
https://pcdb.santafe.edu/
https://blogs.cisco.com/
https://blogs.cisco.com/
https://www.bts.gov/
https://www.bts.gov/
https://www.usda.gov/
https://www.usda.gov/
https://gesdb.sandia.gov/statistics.html
https://www.eia.gov/
https://highways.dot.gov/
https://highways.dot.gov/
https://www.usgs.gov/products/data/
https://www.usgs.gov/products/data/
https://data.unicef.org/resources/dataset/immunization/
https://data.unicef.org/resources/dataset/immunization/
https://data.un.org/
https://www.unoosa.org/
https://databank.worldbank.org/
https://immunizationdata.who.int/
https://immunizationdata.who.int/

	1e2cfc0c-27fc-4d9f-960e-3c34fa853009.pdf
	Introduction
	Literature Review
	Technological progress
	Fluctuating technology leadership
	Drivers of technology diffusion
	S-curves literature

	Methods and Data
	Data
	The logistic curve
	Determining if the logistic curve is a good approximation of national-level technology diffusion
	Assessing regional diffusion trends
	Assessing consistency of technology leadership

	Assessing the drivers of technology leadership and diffusion speed

	Results and Discussion
	The logistic curve is a good approximation of technology diffusion
	Accelerating progress with fastest growth in Information-Communication technologies
	Substitution and activation influence diffusion sequence and speed

	Diffusion speed and market adoption: Laggard market entrants adopt technology fastest
	Significant movement in technology adoption order with some inertia in leadership
	ti rank correlation between technologies is mostly weak
	Country adoption order depends on technology separation in time

	Drivers of technology diffusion as factors influencing adoption speed and leadership
	Factors influencing diffusion speed (k)
	Factors influencing technology leadership (PT,j)
	Important technology leadership drivers can change over time
	Robustness checks

	Limitations of the study

	Conclusions
	Historical technology adoption datasets: compilation, cleaning and handling
	Acquiring a well-curated selection of technologies
	Example cases of technology substitution
	Cleaning and handling

	Fitting procedure
	Analysis of fitting quality
	Error and uncertainty

	Supplementary analysis of collapse plots in collapse plots
	Diffusion speed supplement
	Accelerating progress at country level - k increases with time overall
	Diffusion speed and technology type
	Diffusion speed vs rank order by technology

	Choosing a variable for determining rank order
	Diffusion time supplement
	Adoption dispersion and global diffusion speed

	Regression and variable considerations
	Studying the variables
	Sampling the variables
	Robustness checks
	References



