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Abstract

How fast can every country benefit from renewable cost declines? Using the largest cross-
country panel dataset assembled to date, this paper analyzes 34 years of cost observations
for 72 countries to ask whether all nations benefit equally from the global renewable learning
curve. After adjusting for purchasing power parity, we document two findings: (i) country
price dispersion is widening, roughly twice as fast for wind as for solar; (ii) country cost rank-
ings are highly persistent (Spearman year-to-year p > 0.75). Decomposing total CAPEX and
assessing experience curves indicates that global learning accounts for 60-75% of country solar
cost declines but virtually none of wind’s, with local price pressures negating most wind power
learning. multivariable regressions reveal contrasting drivers: solar costs are most sensitive to
sovereign bond yields and exchange-rate pass-through, whereas wind costs decrease with GDP
per capita and foreign direct investment. These findings carry just-transition implications.
They suggest that without targeted finance and procurement support, lower-income countries
may pay a lasting premium for clean energy, deepening global inequality. An analysis of cli-
mate policy shows that market-trading instruments (auctions, renewable certificates) correlate
with 7-12% lower solar costs, while overall policy intensity has no significant effect on ei-
ther technology. We conclude by outlining four policy levers—regional procurement consortia,
FDI facilitation, finance de-risking, and market-based support schemes—that could narrow
cross-country cost gaps.

Highlights:
Country-level solar and wind CAPEX examined (1990-2023)

Price heterogeneity grows over time; cost rankings are stable year-to-year

Local experience curves explain minority of solar declines, none for wind

Bond yields and currency shifts drive solar CAPEX; GDP and FDI drive wind

Market-based solar support (auctions/RECs) reduces costs 7-12%
Keywords: Solar PV, Onshore Wind, Price Dispersion, Wright’s Law, Policy Impact



1 Introduction

Over the past two decades the levelised cost of electricity from solar photovoltaics and on-shore wind
has fallen faster than almost any other energy technology on record (Timilsina 2021; Way et al.
2022)). Such low-cost renewables promise to propel the energy transition through market signals
and private-sector investment rather than by government policy alone. This promise is tempered by
technical, economic, regulatory, and social frictions that mediate how the headline decline is felt in
each country (Moorthy, Patwa, and Gupta 2019; Spiess and De Sousa [2016)). This paper addresses
a cross-country distributional question: do all nations benefit equally from global learning, and what
does the answer imply for an equitable transition?

Cost heterogeneity matters on several fronts. Innovation incentives depend on local profitability;
energy-security planning hinges on national cost competitiveness; and at the household level uneven
prices reinforce energy-poverty risks (Grubb [2014; Ang, Choong, and Ng [2015; Rahut et al. 2018}
Halkos and Gkampoura 2021)). Internationally, the price of green technologies shapes development
trajectories and can widen or narrow inequality across countries (Adom et al.|2021). Understanding
the size, persistence, and drivers of cost gaps is therefore a prerequisite for “just-transition” policy
design.

Most empirical work links national variables—GDP, policy, trade openness—to deployment vol-
umes of solar and wind (Abbas et al.|2020; W. Przychodzen and J. Przychodzen 2020; Khezri, Hesh-
mati, and Khodaei 2021)).Far fewer studies treat cost as the outcome, and those that do often stop
at global learning-curve estimates (Frangois Lafond et al.|[2018) or focus purely on Wright’s/Moore’s
law learning, such as Elshurafa et al. [2018; Baumgartner and J. Doyne Farmer 2025/ Because Solar
and Wind CAPEX comprises both technology hardware and a diverse bundle of balance-of-system
(BOS) costs and fiscal charges, we need a framework that nests learning effects within a broader
set of macro-financial and policy drivers.

Leveraging a newly harmonised panel of Solar and Wind cost observations across 72 countries
(1990-2023) (Baumgértner and J. Doyne Farmer 2025; International Renewable Energy Agency
(IRENA) 2024)), we report three findings and probe their causes:

(a) After adjusting for purchasing power parity (PPP), price dispersion is widening for both tech-
nologies—roughly twice as fast for wind as for solar.

(b) National cost rankings are sticky: year-to-year Spearman correlations exceed 0.75 for both
total CAPEX and BOS, indicating limited mobility between high- and low-cost clusters.

(c) For solar, 70%—plus of apparent learning is explained by a common global time trend; for wind,
local price pressures often erase global gains.

We then estimate fixed-effects regressions that disentangle the roles of several variables, including
GDP per capita, sovereign financing costs, foreign direct investment (FDI), exchange-rate pass-
through, and climate-policy mix. The results yield four potential levers—regional procurement,
FDI facilitation, financing de-risking, and market-based support schemes—that could narrow cost
gaps without slowing deployment.

The paper is organised as follows. Section 2] situates our work within existing price-dispersion,
learning-curve, and policy literatures. Section [3| describes the data. Section 4| decomposes CAPEX
into modules and balance-of-systems (BOS). Section [5| documents the first two preliminary find-
ings—widening dispersion and high persistence. Section [6] details the econometric framework used
to probe the preliminary findings; Section [7] presents results of the econometric analysis. Section
discusses policy, limitations, and future research.



2 Literature review

This review surveys the main explanatory lenses—capital-goods pricing, learning effects, policy
instruments, and macro-market dynamics—and highlights the research gaps our study fills.

2.1 Capital goods price and variation over time

The trajectory of the general capital prices of capital goods has been shown to decrease over
time (Lian et al. 2020,J Doyne Farmer and Francois Lafond [2016). For technologies this is often
attributed to Moore’s law (J Doyne Farmer and Francois Lafond 2016) (or conversely Wrights law -
where incremental investment in technologies leads to price decreases). Lian et al. (2020) attributed
cost decreases to productivity growth in goods-producing sectors and deeper trade integration.

Price convergence was observed across OECD countries between 1870-1950 (Collins and Williamson
2001). The price variation measured here is not industry specific and focuses on only 11 rich coun-
tries more than 75 years ago. This context makes it difficult to generalise these results to the Solar
and Wind scenario.

2.2 Learning-by-doing and learning-by-searching

Several studies have suggested a strong relationship between declining costs of green technologies
and a combination of learning-by-doing and research and development (R&D). While there is an
intuitive link between cost reductions and deployment, it is challenging to prove that learning rates
stem directly from a causal relationship. However, it can be argued that causal relations can be
inferred (Grubb et al. 2021)).

The role of R&D, or "learn-by-searching,” has become less significant compared to deployment-
induced innovation, particularly in the renewable energy sector. Initially, from 1980 to 2000, R&D
played a major role in cost reductions, accounting for about half of the observed declines. However,
since the early 2000s, the driving force behind cost reductions has shifted towards economies of
scale and learning-by-doing, with R&D contributing approximately 25% and deployment nearly
50% (Kavlak, McNerney, and Trancik 2018)).

In addition to reductions in module costs, learning-by-doing effects are evident in support costs
for renewable energy installations, which include BOS costs (support hardware, installation, and
inspection) as well as costs such as capital, permitting, and customer acquisition. These support
costs can be as large as the module costs themselves and follow different cost trends over time
(Barbose, Darghouth, and Wiser 2010)). Elshurafa et al. (2018) analysed learning rates across 20
countries for both support costs and Solar modules, noting that while prices have declined for both,
the rate of decrease for modules has been faster. Support costs vary across countries and have
decreased at different rates, with learning rates also differing by installation type (residential vs.
utility-scale).

Therefore, to understand variations in installation costs across countries, it is essential to study
both technology and support costs, as both can significantly influence overall cost trends.

2.3 Policy’s impact on costs

Policy measures can significantly stimulate the deployment of renewable energy technologies, and
the literature on this is vast (Polzin, Egli, et al. 2019; Qadir et al. 2021). Liu, Zhang, and Feng (2019)
analyzed various policy instruments and found strong effects from fiscal and financial incentives,



market-based instruments, policy support (such as institution building and strategic planning),
and R&D. Direct investments and regulation, as well as information and education measures, had
weaker effects. These findings align with Polzin, Migendt, et al. 2015|, who similarly investigated the
impact of policy on investment in renewables. Abolhosseini and Heshmati (2014) examined Feed-in
Tariffs (FITs), tax incentives, and tradeable green certificates as mechanisms to stimulate private
investment and increase deployment, but only hypothesized that these could also reduce costs.

There are three additional insights regarding policy design that could affect costs. Firstly, it
matters at which level policy mechanisms are set, for example in the US, local permitting procedures
(Burkhardt et al. 2015) and city level policies (Dong and Wiser 2013)) impact Solar costs. Secondly,
general environmental policies may be complemented by technology-specific policies (Groba and
Breitschopf 2013)), however, there are diminishing marginal returns from increased complexity and
quantity of policies (Zhao, Tang, and Wang 2013). Lastly, commitment to policies and stringency
might be more crucial than the policy portfolio proposed (Lipp [2007; Johnstone, Hasci¢, Poirier,
et al. [2012).

While policy instruments are crucial, the relationships between policy and costs are more com-
plex than with other variables. Penasco, Anadén, and Verdolini (2021) reviewed the impacts of
ten individual decarbonization instruments and found varied outcomes. For instance, there was
significant disagreement about the cost-related outcomes of quotas, while R&D funding showed
more consistent effects. Although policy mixes can affect green technology diffusion, quantitative
studies on their impact are limited (Schmidt and Sewerin 2019), and there is a notable lack of
studies focusing specifically on technology costs.

2.4 Market dynamics and macroeconomic context

The competitiveness, structure, and maturity of the energy technology market, along with consumer
heterogeneity and firm costs, influence price variation (Baye, Morgan, and Scholten 2006). Addi-
tionally, the type of technology and the innovative capacity of firms play significant roles (Groba
and Breitschopf |[2013)).

Solar and Wind are technologies with significantly high upfront costs. Varying cost of capital,
financing conditions, and interest rates have the potential to lead to different investment outcomes
for these technologies by changing levelized cost projections (Egli, Steffen, and Schmidt 2018, Polzin,
Sanders, et al. 2021)).

The macroeconomic environment is strongly linked to the costs and deployment of green tech-
nologies, especially renewables. GDP, as a measure of economic strength, population size as an
indicator of demand, and labor and resource costs are critical factors affecting the cost of renew-
ables (Dai et al. 2016; Yao, Xu, and Sun [2021)).

The relationship between renewable industries and the economy is symbiotic. While the macroe-
conomic environment influences renewable industries, these industries, in turn, impact the broader
economy (e.g., through employment as discussed by Proenga and Fortes (2020) or industrial goals
as noted by Komor and Bazilian (2005) and Schmidt, Schmid, and Sewerin (2019). Government
efforts to improve macroeconomic conditions have been linked to cost reductions in renewables in-
dustries. Given this interconnection, the potential link between the macroeconomic environment
and installed cost disparities in renewable energy technologies merits further investigation.

With several variables thought to influence the costs and deployment of Wind and Solar, out-
lined theoretically (with few empirical results) individually, our study pools these together and
investigates them all empirically.



Table 1: Summary cost statistics. Cost values denominated in (USD/MW)

Technology Solar Wind Solar Wind
(Years) (1990-2023) | (1990-2023) | (2023) | (2023)
datapoint count 556 800 37 37
mean 6812 2409 886 1618
std 7147 676 256 500
. min 629 803 629 803
Total installed costs 25% 1293 1972 714 1408
50% 3386 2367 801 1579
75% 11055 2793 969 1739
max 65430 5011 1883 4017
datapoint count 556 769 37 35
mean 4194 872 685 698
std 4882 419 259 476
min 265 119 430 208
BOS 25% 873 590 512 478
50% 2281 798 601 623
5% 5907 1027 773 776
max 55569 3061 1687 3061

3 Data

This section describes the construction, coverage, and validation of the Solar- and Wind-cost panel,
along with key summary statistics for the variables analysed.

We collected panel data from a series of source. Cost data containing module, BOS and total
installed costs data was primarily obtained from Baumgértner and J. Doyne Farmer (2025)). This
dataset was supplemented with Solar and Wind adoption and cost data from IRENA 2022 and
International Renewable Energy Agency (IRENA) 2024, The data was checked and validated
extensively, ensuring harmonisation across datasets and methodologies.

Our combined dataset contains 1683 installed costs datapoints across 72 countries from 1990—
2023. There are 49 and 55 countries with utility-scale Solar PV and Onshore Wind cost data,
respectively. These jurisdictions capture 93% and 95% of total global installed Solar and Wind
capacity respectively. With 32 advanced and 35 emerging economies, the dataset is well balanced.
However, significant parts of Africa and parts of Asia are missing from the data] This does bias
our results somewhat; however, this is still the most comprehensive dataset examining country-level
Solar and Wind investment costs to date. Table [1| provides summary statistics for the cost data.

We collect several data dimensions for our explanatory variables, which we explain further in
Section [6] A full description of this data, along with summary statistics, is available in Appendix
[E] The collection of explanatory factors was driven by existing literature and theory on technology
adoption and costs. We limit our full dataset to the period for which we have reliable cost data
(1990-2023).

4 Decomposing Solar and Wind CAPEX

Here, we clarify how installed costs are split into module and balance-of-system components and
justify our purchasing power parity adjustments for cross-country comparability.
Solar and Wind installed costs (CAPEX) can be broken down into Module costs and BOS costs.

Z=M+B8, (1)

IThis is exacerbated by inconsistent measurement of key indicators—such as electrification—across parts of sub-
Saharan Africa, which can yield misleading national statistics (Hirmer et al. |2024]).



Where Z are the Investment costs, M are the module costs and B are the BOS costs - all mea-
sured in (USD/kW). The costs in our database are local inflation-adjusted to 2022 USD to ensure
comparability across time.

Module costs are the country average costs of a Solar module in the case of Solar and a turbine
in the case of Wind. These Module costs include costs of production and supplier margin. Balance
of Systems costs include transport, import tariffs, and the costs for support equipment (inverters,
cabling, mounting etc.), engineering, procurement and construction (EPC), labour (electrical, me-
chanical installation etc.), permitting, land, grid connection, and other soft costs (margin, financing
costs, system design, customer acquisition etc.). It typically does not include the cost of integrating
that asset into the public grid by providing additional system flexibility to balance out variable
renewable generation.

Globally, most solar modules are manufactured in China and exported worldwide. By con-
trast, wind turbines deployed in Brazil, India and China tend to come from domestic or Chinese
suppliers (for example, Goldwind, Envision and Suzlon), whereas projects in Europe and North
America typically use Western manufacturers such as Vestas, Siemens-Gamesa and GE OEMs (see
Baumgértner and J. Doyne Farmer 2025). Sharp declines in module prices have shifted the locus
of cost variance to balance-of-system (BOS) expenditures for both solar and wind (see Appendix
Figure . Today, BOS accounts for roughly 75 % of solar CAPEX (up from under 60 % twenty
years ago) and about 35 % of wind CAPEX (up from under 30 %), although these shares vary
significantly across countries.

We also acknowledge that raw total costs are not a good indicator of the relative costs facing
investors in each regional market - as investors need to factor in local cost and local revenues in their
analysis. Therefore, in our analysis we control for the Balassa-Samuelsonf| effect by adjusting Z, B,
and M by price level (we indicate explicitly each time we make a price level adjustment with the
subscript p such that we have Z,, B,, and M,). This ensures that prices reflect purely technology
and supply-chain heterogeneity rather than country price-level differences.

We can observe several trends in the national installed-cost data (Figure[l)). Without price-level
adjustment, solar costs decline steadily and significantly (by over an order of magnitude), while
wind costs fall only marginally. Adjusting for purchasing-power parity increases the spread of both
series, and raises their median and global averages. Solar costs plateaued between 2003 and 2010,
whereas wind costs actually rose from 2005 to 2010. After PPP adjustment, wind CAPEX maintain
relatively high cost levels into the 2020s. For both technologies, before adjustment, lower-income
countries generally exhibit lower inflation-adjusted costs—but upon PPP adjustment, this pattern
reverses: poorer countries face higher real costs and wealthier countries benefit from lower costs.

5 Initial observations: Price dispersion and national cost
ranks

We begin with descriptive evidence—dispersion trends and rank persistence—to establish the em-
pirical puzzles that the subsequent econometric analysis seeks to explain.

2Countries with higher GDPs tend to have higher price levels — i.e., broader market basket (Balassa |1964; Samuel-
son [1964; Costa et al. [2019). Adjusting for price level allows for analysis where we have purchasing power parity
across countries. The true impact of costs felt by investment and consumers can be observed.
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Figure 1: Demonstration of installed costs (CAPEX in USD/MW) trends over time for Solar and
Wind. Top and bottom rows are Solar and Wind costs, respectively (left: raw inflation-adjusted
costs, right: purchasing power parity adjusted costs). In each plot the global capacity weighted
average costs are shown in blue and the median costs in black with a 25th-75th percentile band
shaded in gray. Select countries are highlighted.



Price dispersion of solar and wind costs
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Figure 2: Price dispersion (gcd) of Z, (PPP-adjusted installed costs) and B, (PPP-adjusted BOS
costs) for Solar (left) and Wind (right). For each plot we show the best-fit line and corresponding
significance level: *p<0.1; *p<0.05; **p<0.01.

5.1 Price dispersion increasing over time

We measure price dispersion using the quartile coefficient of dispersion (gcd) which is the interquar-
tile range divided by the midhinge. This is written as

ety — D= o)

Q@s, + Q1,
where @)1, and @3, are the first and third cross-sectional cost quartiles at each time ¢. This measure
accounts for the cross sectional variance and normalizes across time so that different intervals are
comparable.

This measure is similar to the coefficient of variation, often used as a measure of economic
inequality (Champernowne and Cowell ; Campano and Salvatore , to highlight regional
differences over time (Huang and Leung , and to measure price dispersion in capital goods
across countries (Collins and Williamson and Solar installations in the US (Nemet et al.
) The major difference is that gcd does not assume costs are normally distributed at each
time, which makes it a more stable statistic to use in this instance|

Over the 1990-2023 record, every scale-free statistic we compute points to steadily widening
cost heterogeneity (see Figure [2/ and Appendix [C) —but the pattern differs sharply between
Solar and Wind:

e Solar. The inter-quartile coefficient of dispersion measured on installed costs (gcd(Z,)) rises
by about 0.0066 points per year (p < 0.001, R?> ~ 0.36). The same metric on BOS costs
drifts upward more modestly—approximately 0.0041 points per year (p < 0.05, R* ~ 0.10).

3For robustness, we cross-validate our study of inequality with other metrics such as the coefficient of variation
in raw costs, standard deviation and interquatile range in log costs (since taking the logs tends to reduce temporal
variation - in this case we can take standard deviation and iqr directly)



These slopes translate into roughly a 0.18-point increase in ged(Z,) and a 0.11-point increase
in qcd(B,) over the 28-year span (approximately 50% and 30% wider central-50% ranges,
respectively). A pause in all metrics between 2000 and 2010 is evident, but after 2010 the
qcdseries resume a climb, indicating that the mature-utility market has not converged; instead,
site-specific and soft-cost factors are quietly stretching the distribution 1]

e Wind. The picture is cleaner and more monotonic. Both gcd(Z,) and qcd(B,) climb at
approximately 0.0086 points per year and 0.008 points per year, respectively (both p < 0.001;
R? =~ (.67 for turbine costs and R* a~ 0.61 for BoS). Cumulatively, the middle-of-the-pack
spread among Wind projects has expanded by just over 0.24 points for turbines and 0.22 points
for BoS since 1990 (approximately 80% and 70% wider relative spreads). Importantly, this
trend survives even when we remove every project that uses a Chinese-manufactured turbine:
among the “Western OEM” subset, the gcd slopes are still 0.0086 and 0.0080, respectively
(both p < 0.001, R? > 0.45). The implication is that whatever drives the widening—whether
differing site classes, tower heights, or financial structures—it is pervasive across the industry
rather than being an artefact of a single low-cost supply chain.

Importantly, the increase in PPP-adjusted cost dispersion does not arise from greater variation in
price levels across countries. On the contrary, country-level price-level dispersion has declined for
both Solar and Wind over the same period (Appendix Figure .

Taken together, the qcd lines provide a parsimonious, cross-technology summary: Solar hetero-
geneity has grown modestly and unevenly, dominated by post-2010 soft-cost divergence, whereas
Wind heterogeneity has risen smoothly and at roughly double the annual rate, even within the in-
cumbent OEM group. The explanatory layers behind these findings are unpacked in the regression
analysis that follows; for now the empirical regularities are clear and robust to how dispersion is
measured.

5.2 High persistence in cost position

We convert each country’s cost level C; ,—whether expressed as installed cost Z, ; ; or balance-of-system
cost B, ;;—into a cross—sectional percentile

P, = Percentile (Cz',t); (3)

thereby mapping all observations to the unit interval [0, 1]. Year—to—year persistence is first gauged
by the Spearman rank-correlation

Pt = COITSpearman (Pi,ta B,t—l)a (4)
computed for each adjacent pair of years t — 1 — t. Averaging these correlations (Figure [3)) yields
pr = 0866, pon..=0827,  pw . =0.908, pur . =0.769,

demonstrating a high degree of rank stability for both cost components.

Persistence is formalised econometrically via the dynamic fixed—effects regression

Pi=0; +0P; 1 +¢ei4, (5)

4Baumgirtner and J. Doyne Farmer 2025 find that raw BOS costs converge, but our conclusions differ for two
reasons. First, we use the interquartile coefficient of dispersion (qed) to compare the middle 50% of costs, whereas
std(log costs) fails to remove early high-cost outliers. Second, we also analyse PPP-adjusted costs (similar to Collins
and Williamson 2001)), while Baumgértner and J. Doyne Farmer (2025|) consider only real costs.
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Figure 3: Demonstration of high persistence in country cost percentile. Plots show year-to-year
Spearman correlation p; in cost percentiles for Solar (left) and Wind (right). Blue lines correspond
to installed costs Z,; orange lines to balance-of-system costs B,. Dashed horizontal lines mark the
long-run averages p. Insets report p and the persistence coefficient 0.
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implying that roughly two—thirds of a country’s previous-year installed—cost rank, and about one-
half of its BOS rank, persist into the current year.

Figure|3|visualises the time path of p;. The mild dip in 2008-2010 aligns with the well-documented
pause in global module price declines; the corresponding trough for Wind is sharper, suggesting a
temporary cost “catch-up” for late-adopting countries. BOS persistence is uniformly lower than in-
stalled—cost persistence, consistent with the notion that modules are traded on an integrated global
market whereas BOS costs remain more sensitive to local supply-chain and project-management
conditions.

To quantify large discrete movements, we discretise F;; into quartiles and form the one-step
transition matrix

P,, = Pr(next-year quartile = b | current quartile = a). (6)

The associated rank—mobility index

M1 trace(P) 7)
4
equals Mg, = 0.37 and Mg = 0.27, indicating that only about one-third of countries change
quartile in any given year. Appendix @ (Table [8]) shows that M remains within a comparable range
when calculated over successive decade-sized windows, confirming that the headline mobility figures
are not an artefact of any single subperiod.

Taken together, (i) the average rank-correlation p, (i) the autoregressive coefficient 6, and (iii)
the mobility index M consistently point to the strong observation of high persistence in relative
cost positions. Subsequent sections exploit this persistence when interpreting policy shocks and
technology-diffusion dynamics.
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6 Econometric framework: Assessing cost drivers

This methods section sets out the econometric framework, from Wright-law learning models to
multivariable regressions, and defines all explanatory variables and identification strategies.

Local learning by doing effects

Experience curves indicate that each time cumulative production doubles, costs tend to drop by
a predictable amount. In other words, there is a straight-line relationship between log C; (the
logarithm of cost at time t) and logS; (the logarithm of cumulative production at time ¢). This
relationship is commonly written as

log Ct = SQ + 510g St + €&, € iid. (8)

where S is a constant intercept, 8 captures the slope of the log—log curve, and ¢, is an independent
error term. We can also compute the learning rate r the percentage cost reduction per doubling
capacity as

r=1-2° (9)

This formulation of the experience curve requires doing country-by-country regressions to estimate
£ independently. To control for unobserved country heterogeneity we can estimate a pooled fixed
effects model written as

log Cjt = 0. + 0 + Bilog Si¢ + €, (10)

where
e i indexes countries and ¢ indexes time [years],

e (' is the cost variable such that C ={Z,Z,, B, B,},

e S is the cumulative capacity,

B is the country-specific learning parameter (5; = > ;BiDj; where D is a country dummy),

0. are country fixed effects,

0; are time fixed effects,

® ¢;; Is an error term.

Additional variables as drivers of costs disparities

To estimate the influence of these variables, we build on equation by adding a term for the
explanatory variables. To avoid overfitting the model, we reduce the (; term to § such that we
capture the average learning effect across countries. This is sensible since we observe from fitting
equation (10| that global learning dominates learning effects at local level. We also add the term ¢,
which captures the endogenous element of deployment, so that the remaining log S term captures
the exogenous element of capacity.

lOg Ci,t = (Sc + 615 + 5 IOg S@t + Z Vj‘/;',i,t + nﬂi,t + €it) (11)
J

where
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e i indexes countries and ¢ indexes time [years],

C' is the cost variable such that C' = {Z,Z,, B, B,},

S is the cumulative capacity,

[ is the country-specific learning parameter,

e V/ is a country-level variable such as GDPPerCapita,

v; is the coefficient of the explanatory variable,

0. are country fixed effects,

0; are time fixed effects,

U;,4is the residual of log.S;, regressed against exogenous macro drivers at time ¢t — 1 with
corresponding coefficient 7,

® ¢;; Is an error term.

In our regression model estimation the errors are clustered by country to account for serial correla-
tion within a country (cost shocks or measurement error that persist from one year to another) and
cross-sectional correlation within a year (a global commodity-price spike hits many countries in 2008
- this is partially absorbed by the time fixed effect though not all country response heterogeneity is
absorbed), and sampling design uncertainty since our data are not globally comprehensive (Abadie,
Athey, G. W. Imbens, et al. |2020; Abadie, Athey, G. Imbens, et al. 2023).

Below is a list of our choice of variables and the indicators we use for those variables:

e [nnovation. This is commonly measured by patenting activity in renewable energy studies
(Johnstone, Hasci¢, and Popp2010); R&D per GDP for a macro-level assessment of innovation
(Khezri, Heshmati, and Khodaei 2021))

o Renewable Industry Competitiveness: for this we have 2 proxies (1) technology production
—prozimity; and (2) technology export — Revealed Comparative Advantage (RCA) (Andres
and Mealy [2021))7]

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 Macro-level investment dynamics. We use gross-fixed capital formation (Abbas et al. [2020)),
Bond Yields (as a proxy for cost of capital), Foreign Direct Investment (FDI inflow) as an
indicator of foreign investment levels.

5 Prozimity and RCA are indicators of economic complexity and competitiveness of renewable energy production
and dispersal capabilities of a country. Specifically, prozimity for renewables can be thought of as a computation
of the similarity of renewable products to a country’s productive capabilities and as correlated with the probability
of developing future competitiveness in renewables — it, therefore, makes sense as a measure of internal renewable
energy market strength. RCA for renewables is an indicator of whether a country exports renewables technology
competitively. A more detailed description of how RCA and prozimity are calculated is available from Mealy and
Teytelboym (2020)). Together, cumulative patenting, prozimity, and RCA work to highlight the competitive strength
of a country’s renewables industry.
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e [nequality measured by the GINI index is a determinant of energy consumption (Churchill,
Ivanovski, and Munyanyi 2021)

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.

o [ossil fuel dependence. Oil rents per GDP are used to represent a country’s dependence on
fossil fuels - and reluctance to invest in renewables and drive costs down.

e Country size. Population is used as a proxy for the size of the country (labour force, market
size, political weight etc.).

e Political environment. These factors are well represented by governance indicators. We select
Government Effectiveness (other factors such as Voice and Accountability, Regulatory Quality
etc. are not selected since they are highly correlated with Government effectiveness).

e Policies. We obtain country-level harmonized climate policy data with stringency measures

Several of these proxies are similar to those used in other panel studies of renewables adoption such
as Abbas et al. 2020 and W. Przychodzen and J. Przychodzen 2020, All together we collect 18
theoretically sound explanatory variables and 57 policy variables.

Given that we have a large set of explanatory variables, we apply a dimension-reduction ap-
proach to reduce multi-colinearity in our model. This entails removing variables that share high
correlation with other variables and using the method of variance inflation factors to filter even
further. Variables such as population that are strictly necessary from a theoretical perspective are
group centered to reduce multi-colinearity issues (Hofmann and Gavin 1998|)

From the 57 climate policy variables available in the OECD dataset (Organisation for Economic
Co-operation and Development (OECD) 2025). The policy data is a panel that contains a list of
policy variables for 55 OECD+ countries from 1990-2022 with a calculated stringency metric for
each policy (Kruse et al. [2022)). We shortlist policies with energy implications (direct renewable
policies e.g. Feed-in-tariffs, Renewable Auctions etc., electricity-broadly e.g. Emissions trading
scheme - electricity, carbon tax - electricity, and direct fossil fuel asset phase-out e.g. bans on coal
export credits) with sufficient country (at least 10 countries) and temporal (at least 10 years of
data) representation, narrowing our list to 6 variables. A principal component analysis (PCA) is
conducted on the remaining policies — the principal components are then used in the analysis of
cost drivers.

7 Econometric results

The results section presents sequential findings—learning-rate diagnostics, macro drivers, and policy
effects—linking each back to the preliminary findings.

7.1 Cross-sectional price impacts renewable learning

We first compare real and PPP-adjusted learning rates to show how local price levels distort apparent
experience-curve slopes.

A key takeaway from Figure {4 is that the real learning rate (r) systematically exceeds the PPP-
adjusted learning rate (r,), revealing how local price indices can distort cost-decline narratives. In
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Figure 4: Comparison of Real versus PPP-adjusted Learning Rates. Each panel plots the PPP-
adjusted rate r, on the vertical axis against the difference » — r, on the horizontal axis. The left

panel shows learning rates based on total installed costs, while the right panel shows BOS learning
rates. Solar data points are shown in blue and Wind data points in orange. Dashed vertical lines

at r —r, = 0 and solid horizontal lines at r, = 0 divide each plot into four quadrants. Within

each quadrant, the percentage of observations for Solar and Wind is indicated; for example, in the

upper-right quadrant of the BOS plot (where r — r, > 0 and 7, > 0), 63% of the Solar data points

lie in that region.
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the installed-cost panel, 70% of Solar observations maintain positive PPP learning even though
r > r, in nearly all cases. By contrast, Wind exhibits positive PPP learning in only 53% of
observations, while 32% of Wind datapoints actually register cost increases once PPP adjustment
is applied. This divergence underscores that Wind’s global learning curve is fragile: local price
pressures—such as labor, equipment, and regulatory costs—can negate the benefits of increased
cumulative capacity. Solar, by comparison, appears structurally more stable. 96% of its installed-
cost observations have non-negative r,, meaning that doubling capacity yields some real, local cost
reduction even after PPP adjustment.

The BOS panel intensifies this narrative. Solar’s BOS components translate into local markets
more effectively: 63% of Solar BOS points sit in the “r > r,, r, > 0” quadrant, and another 26%
lie in “r < r,, r, > 0.” Only 9% of Solar BOS observations have r, < 0, indicating that global
improvements in BOS technology and economies of scale largely withstand local PPP adjustments.
Wind BOS tells the reverse story: a striking 68% of Wind BOS points lie in the quadrant where
rp < 0 even though r > 7,. This contrast highlights that Wind BOS’s heavy reliance on local
civil works, site-specific engineering, and imported turbine components can more than offset any
global manufacturing efficiencies once PPP is applied. This observation mirrors Baumgartner and
J. Doyne Farmer (2025), who noted that Wind BOS shows no learning, although here we observe
it in both real and PPP-adjusted terms.

Finally, comparing advanced economies (AEs) versus emerging market and developing economies
(EMDESs) shows that Solar’s PPP-adjusted learning is remarkably uniform across different economic
contexts. EMDEs experience slightly more positive r, for installed costs, likely reflecting lower local
wages or land costs that amplify global Solar cost improvements. For Wind, EMDEs display a few
more positive r, BOS observations than AEs, but Wind still registers negative PPP learning in the
majority of cases regardless of economy type. In sum, PPP adjustment exposes two critical insights:
Solar’s global cost-decline trajectory remains largely immune to local price effects, whereas Wind’s
learning curve is frequently undermined by country-specific price structures, differential labor costs,
and import dependencies.

7.2 Most of the apparent learning in Solar reflects global time trends

Adding year fixed effects isolates within-year cross-country learning signals, revealing that Solar
cost declines are dominated by global rather than local learning.

Figure [5| contrasts country—by—country Wright-law estimates (blue dots) with the corresponding
slopes obtained after adding year dummies, d; (red dots and 95% ClIs). Because ¢; absorb any cost
movement common to all countries in a given year—global supply-chain shocks, commodity cycles,
and technology break-throughs—only the within-year, cross-country covariance between cost and
cumulative capacity identifies the red estimates.

For Solar the adjustment is substantial E]:

e Installed cost (PPP): median Ar = r — r;, = —0.157, a 76% reduction in the implied
learning rate.

e BOS (PPP): median Ar = —0.120, a 62% reduction.

Hence roughly three-quarters of the cost decline for solar modules and two-thirds of the decline in
BOS were driven by factors that were simultaneous across countries rather than by local experi-
ence. Total CAPEX—which combines module and BOS components—therefore partly reflects a

6Full histograms of Ar for each cost component are provided in Appendix Figure |8| (a)—(d); they confirm that the
shrinkage is pervasive across the entire country sample, not driven by a handful of outliers.
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common, technology-wide innovation trajectory. Surprisingly, BOS costs, which we typically asso-
ciate with local installation and supply-chain dynamics, which are diffusion processes, are nearly
as synchronised internationally, underscoring the dominance of global drivers even in ostensibly
domestic expenses.

For Wind we already showed that learning signals are weak or even negative. The year fixed
effects mainly compress that distribution further: installed-cost slopes fall modestly (median Ar =
—0.024, a 21% drop) while BOS slopes inch upwards—becoming less negative but still statistically
indistinguishable from zero in most countries. The pattern reinforces the Solar result: to the extent
that costs do fall, the driver is a global component rather than country-specific learning-by-doing.

This globalised cost decrease is consistent with our earlier finding of high cost rank persistence.
When costs fall together (global shock), every country moves down the cost ladder in lockstep, so
their relative ordering is unchanged. Only if some countries truly learn faster would we see them
leapfrog in the ranking—and we do not. Hence, the observed cost declines are overwhelmingly
global, not country-specific.

7.3 Solar cost drivers

This subsection quantifies which macro and financial variables significantly move Solar CAPEX and
BOS after controlling for country-year effects.

Table [2| reports fixed-effects regressions for four variants of utility-scale Solar CAPEX. After
absorbing country—year effects, three predictors remain economically and statistically significant.
First, a one-standard-deviation increase in GDP-per-capita reduces real installed costs by 34%
(column 1). Decomposing installed CAPEX reveals that roughly three quarters of this effect acts
through the module invoice rather than balance-of-system spending, pointing to scale-driven pro-
curement advantages rather than lower domestic soft costs.

Second, tighter sovereign financing conditions raise costs and are a first-order BOS driver: a
one-sigma increase in the sovereign-bond yield lifts log B, by 15-26%. The effect attenuates—but
does not disappear—when regressors are lagged one year (Appendix Table and Table ,
suggesting that capital-market shocks transmit quickly to several soft costs such as engineering and
procurement and interest during construction ﬂ

Third, local-currency depreciation vis-a-vis the US dollar makes imported hardware costlier. The
exchange-rate elasticity of one-sigma raises log B3, by 45% in the lagged specification, consistent with
pass-through occurring over a 12-month horizon. This suggests that a weaker currency inflates the
USD-denominated price of imported inverters, mounting steel, and specialized BOS components.

All other macro controls—trade openness, patents, FDI, unemployment—are insignificant in
the baseline, though FDI becomes strongly negative in the long-panel subsample (Appendix Table
. FDI and population density deliver second-order BOS discounts in a longer, stable panel,
whereas Oil-rent/GDP induces a persistent +9% to +15% price penalty. Interacting predictors with
an Advanced-economy dummy leaves coefficients unchanged, indicating that the within-country
dynamics uncovered here are common to both income groups.

Lastly, we note that endogeneity is under control. Across all regressions, u is never significant,
and log S itself is small and insignificant once the @ residual is included. This implies that there is
no remaining unobserved shock in capacity that directly pushes up cost [f|

"Bond Yields dispersion amongst countries is increasing (Appendix Figure . This raises concerns about cost
dispersion given the criticality of cost of capital in both BOS and CAPEX

8The coefficient on ;4 is insignificant, indicating that our control-function has purged the endogeneity from
lgCapacity, so the reported S(logS) may be interpreted causally.
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Table 2: Solar multivariable regression with country—year fixed effects®

Variable®d logl'pb’e*f’g log pr’e’f’g log Zb:*f8 log BP-e:f:g
1lgGDPPerCap -0.397*** -0.306 0.084 0.175
(0.132) (0.210) (0.137) (0.224)
BidYield 0.156** 0.228** 0.154** 0.226**
(0.073) (0.109) (0.076) (0.113)
lgCapacityResid 0.551 0.844 0.649 0.942
(0.427) (0.700) (0.486) (0.765)
OilRentsPerGDP 0.127 0.182 0.115 0.170
(0.086) (0.142) (0.094) (0.150)
ExchangeRateUSD 0.078 0.103 0.033 0.058
(0.069) (0.145) (0.089) (0.166)
TradePerGDP 0.073 0.105 -0.022 0.010
(0.142) (0.235) (0.136) (0.231)
GINI 0.008 -0.000 -0.001 -0.009
(0.039) (0.066) (0.038) (0.066)
FDIInflowPerGDP -0.014 -0.030 -0.017 -0.032
(0.017) (0.027) (0.018) (0.028)
lgCapacity -0.037 -0.070 -0.032 -0.065
(0.088) (0.151) (0.097) (0.161)
GrossFixedCapForm -0.044 -0.115 -0.077 -0.148
(0.050) (0.095) (0.063) (0.111)
UnemploymentPerLabor -0.056 -0.093 -0.065 -0.101
(0.038) (0.067) (0.043) (0.073)
lgPopCentered -0.083 -0.141 -0.064 -0.121
(0.059) (0.092) (0.065) (0.098)
RCA -0.086 -0.117 -0.109 -0.139
(0.097) (0.174) (0.102) (0.179)
Patents -0.598 -0.933 -0.720 -1.055
(0.446) (0.733) (0.508) (0.801)
R? 0.969 0.907 0.971 0.916
Adj. R? 0.962 0.887 0.965 0.899
N 367 367 367 367
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 All independent variables are standardised (mean = 0, SD = 1) before estimation. ~ ” Robust standard errors

clustered by country are reported in parentheses. ¢ All specifications include country and year fixed effects.
dRows are ordered by absolute magnitude and statistical significance in the log Z, column.

¢ Interpretation. Dependent variables are logs; coefficients are semi-elasticities: a coefficient 8 implies an approx-
imate 100 x 3 percent change in the cost measure for a one-SD increase in the predictor.  fCost measures. Z
= total installed (investment) cost; M = module cost; B = balance-of-system (BOS) cost in (USD/kW).

€ Price basis. All costs are deflated to constant 2022 USD using national price indices; subscript p denotes PPP
price-level adjustment relative to USD (i.e, Z,, B,). Significance: * p<0.10; ** p<0.05; *** p<0.01.

18



Table 3: Wind multivariable regression with country—year fixed effects®

Variable®d longb*e’f’g log pr’e*f’g log ZP-e:f8 log BP-e-f:8
1lgGDPPerCap -0.807*** -0.646%** -0.270%** -0.138
(0.116) (0.187) (0.086) (0.183)
FDIInflowPerGDP -0.023** -0.079%** -0.029%** -0.085%**
(0.009) (0.020) (0.008) (0.020)
TradePerGDP 0.090 0.079 -0.046 -0.066
(0.101) (0.191) (0.106) (0.202)
GrossFixedCapForm 0.074 0.024 0.052 0.010
(0.046) (0.071) (0.034) (0.069)
BidYield 0.073 0.088 0.041 0.073
(0.046) (0.105) (0.047) (0.102)
Patents 0.032 0.494 -0.005 0.464
(0.179) (0.362) (0.166) (0.357)
GINI 0.008 0.006 -0.007 -0.006
(0.029) (0.074) (0.029) (0.072)
lgCapacityResid 0.004 -0.421 0.019 -0.408
(0.168) (0.340) (0.156) (0.335)
OilRentsPerGDP -0.005 -0.068 -0.023 -0.082
(0.024) (0.054) (0.025) (0.055)
RCA -0.010 -0.213 -0.062 -0.258
(0.086) (0.237) (0.086) (0.242)
UnemploymentPerLabor -0.014 -0.019 -0.007 -0.013
(0.033) (0.081) (0.031) (0.082)
lgPopCentered -0.031 -0.036 -0.027 -0.031
(0.044) (0.095) (0.043) (0.096)
lgCapacity -0.044 -0.096 -0.070 -0.131
(0.068) (0.132) (0.054) (0.130)
ExchangeRateUSD -0.124 -0.224 -0.382 -0.467
(0.526) (1.416) (0.583) (1.453)
R? 0.848 0.590 0.676 0.403
Adj. R? 0.822 0.519 0.620 0.299
N 410 405 410 405
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 All independent variables are standardised (mean = 0, SD = 1) before estimation. ~ ” Robust standard errors

clustered by country are reported in parentheses. ¢ All specifications include country and year fixed effects.

4 Rows are ordered by absolute magnitude and statistical significance in the logZ, column.

¢ Interpretation. Dependent variables are logs; coefficients are semi-elasticities: a coefficient 8 implies an approx-
imate 100 x 8 percent change in the cost measure for a one-SD increase in the predictor.

fCost measures. Z = total installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

€ Price basis. All costs are deflated to constant 2022 USD using national price indices; subscript p denotes PPP
price-level adjustment relative to USD (i.e., Z,, Bp). Significance: * p<0.10; ** p<0.05; *** p<0.01.

7.4 Wind cost drivers

Parallel regressions for Wind identify GDP per capita and FDI as the primary correlates of cost
variation, contrasting sharply with Solar’s financing sensitivities.

Table |3| reports country—year fixed-effects regressions for two variants of utility-scale Wind
CAPEX: real installed cost (Z,) and real balance-of-systems cost (8,). Even after absorbing nearly
all country and year-level heterogeneity, two predictors remain both economically and statistically
significant. First, a one-standard-deviation increase in GDP per capita reduces real installed Wind
CAPEX by 55% (column 1) and BOS by 48% (column 2). Unlike Solar, where much of the income
effect operates through cheaper modules, Wind’s GDP-per-capita advantage is felt almost equally
across hardware and on-site expenditures, implying that higher-income markets not only negotiate
steeper discounts on turbine hardware but also benefit from more efficient permitting, logistics, and
labour markets.

Second, foreign direct investment (FDI) inflows emerge as a robust driver of lower Wind CAPEX,
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especially on the BoS side. A one-sigma increase in FDI trims installed cost by 2.3% and BOS by
7.9% (both p < 0.05). These effects persist in the longer-panel subsample (Table and un-
der lagged regressors (Table , suggesting that sustained FDI pipelines strengthen local service
markets—fostering competitive EPC firms, anchoring green financing, and accelerating skill trans-
fer—which in turn compresses installation margins and other balance-of-systems overheads.

By contrast, neither financing conditions nor exchange-rate movements significantly shift real
Wind costs in any specification. Sovereign bond yields and lagged exchange-rate elasticities both
fail to reach even weak significance for Z,, or B, indicating that Wind-turbine procurement (often
under long-term USD-denominated contracts) and balance-of-systems components (large cranes,
speciality cable, grid interconnection) are largely insulated from short-term domestic interest-rate
and foreign-exchange volatility. This stands in stark contrast to Solar, where financing frictions and
currency pass-throughs are first-order BoS drivers.

All other macro controls—trade openness, gross fixed-capital formation, oil-rent dependence,
revealed comparative advantage (RCA), patent intensity, unemployment, income inequality, and
population density—remain statistically indistinguishable from zero in the baseline. In the long-
panel (> 10 years of data), gross fixed-capital formation exhibits a weakly positive correlation with
log Z,, (+8% per sigma, p < 0.10), possibly reflecting that periods of high domestic investment crowd
local resources and push hardware prices up slightly. However, this effect disappears once regressors
are lagged, and no other nominal or PPP-adjusted indicator ever reaches significance. Interacting
these covariates with an advanced-economy dummy and a Western-vs-Chinese turbine dummy leaves
all slopes and p-values largely unchanged, confirming that the within-country dynamics uncovered
here are common to both income groups and are insensitive to turbine manufacturer.

Lastly, we confirm that endogeneity is under control. Across all four panels, the capacity residual
(@) is never significant, and log S itself is small and insignificant once @ is included. In other words,
there is no remaining unobserved capacity shock that mechanically drives up CAPEX, lending
confidence that our GDP and FDI coefficients can be interpreted causally.

7.5 Asesssing policy variables

Finally, we use PCA-based policy indices to test whether policy intensity or market orientation
explains residual cost differences.

Our shortlist of policy variables fall in three categories: targeting renewables directly, electricity
broadly, and fossil fuels. To assess policy variables, we first conduct a principal component analysis
of the shortlisted policy indicators. We obtain 2 principal components (chosen using the “elbow
method”) that explain more than 60% of the variance. We can use a single bi-plot of the principal
component loadings to interpret the principal components.

The emergent principal components are PC1 pointing to overall policy intensity, and PC2 high-
lighting the spectrum between Fixed-price and market-trading instrument. Figure [0] replots each
of our six main Solar-policy instruments in the space of PC1 (‘Overall Policy Intensity’) and PC2
(‘Fixed-Price vs Market-Trading Orientation’). In that biplot, instruments such as FIT (feed-in
tariffs) and carbon tax lie in the upper-right quadrant (both positive PC1 and strongly positive
PC2), indicating that they not only occur alongside many other Solar policies (high intensity) but
also tilt the regime firmly toward a fixed-price design. By contrast, Renewable Energy Certificates
(RECS) and competitive auction mechanisms lie in the upper-left half (positive PC1 but negative
PC2), indicating that a country using RECS or auctions has a similarly broad slate of policies but
is more market-oriented. Ban/phase-out of coal and Trading Scheme (ETS) load heavily on PC1
yet sit near PC2=0, signifying strong co-occurrence with other policies but a neutral stance along
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Figure 6: Bi-plot of PCA loadings for the two principal components obtained from scree-plot. PC1
and PC2 are labeled with their corresponding interpretation

the fixed-price vs market-trading axis.

In Table [4] and Table |5[ we observe the relationship of policy intensity and price-setting flavor
on costs of Solar and Wind. Once we hold constant country-year fixed effects, and control for other
variables that influence costs —and thus everything that makes a country “broadly policy-active”
in a given year—there is no further systematic downward (or upward) pressure on Solar CAPEX
simply from having more policies in place. This applies to both Solar and Wind.

Only PC2 (Fixed-price vs market-trading) for Solar is statistically significant and positive sug-
gesting that implementing more market trading instruments leads to correlate with lower short-term
costs. This is consistent for both installed costs and BOS costs. Economically, a one-standard-
deviation shift toward a more fixed-price regime (e.g. heavier FIT or pure carbon tax) raises real
Solar CAPEX by roughly 7% and BOS costs by roughly 12%. Conversely, shifting toward a market-
trading regime (e.g. RECS, auctions, ETS) correlates with 7-12% lower costs. In short, it is not
the sheer number or strength of policies that matters, but which kind of policy bundle you choose.
Fixed-price instruments—though useful for jump-starting an immature market—tend to lock in
higher costs, particularly on the balance-of-system margin. Market-trading instruments unleash
competitive pressures throughout the supply chain and thus accelerate cost reductions. This sug-
gests that in this early of adoption for Solar (just out of the formative phase of the technology),
policy mix flavor has an impact on costs.

Table |5| repeats our Solar-policy analysis for Wind. Once again, we include PC1 (Overall Inten-
sity) and PC2 (Fixed-Price vs Market-Trading)—both standardised—alongside country-year fixed
effects and macro controls. Whereas PC2 was highly significant for Solar (a +1 sigma shift toward
fixed-price raised Solar CAPEX by ~ 7% and BOS by ~ 12%), PC2 is now empirically indistin-
guishable from zero for Wind (coefficients between +0.014 and 40.052 with large standard errors).
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Table 4: Solar multivariable regression of policy variables with country—year fixed
effects®

Variable® log Z,,P-def log Bp,P-d-ef log ZP:d-e:f log BP-d-e;f
PC1 (Overall intensity) 0.004 0.032 0.023 0.050
(0.033) (0.061) (0.040) (0.068)
PC2 (Fixed-Price vs Market-Trading)  0.061*** 0.109%*** 0.068%*** 0.116%***
(0.023) (0.039) (0.023) (0.039)
R? 0.971 0.913 0.973 0.921
Adj. R2 0.965 0.893 0.966 0.903
N 335 335 335 335
Time fixed effects Yes Yes Yes Yes
Other controls Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes

& All independent variables are standardised (mean = 0, SD = 1) before estimation.

b Robust standard errors clustered by country are reported in parentheses.

¢ All specifications include country and year fixed effects. 4 Interpretation. Dependent variables
are logs; coeflicients are semi-elasticities: a coefficient § implies an approximate 100 x 3 percent
change in the cost measure for a one-SD increase in the predictor. ¢ Cost measures. Z = total
installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

fPrice basis. All costs are deflated to constant 2022 USD using national price indices; subscript p
denotes PPP price-level adjustment relative to USD (i.e., Z,, Bp).

Significance: * p<0.10; ** p<0.05; *** p<0.01.

Table 5: Wind multivariable regression of policy variables with country—year fixed
effects®

Variable® longb’d’E’f log pr’d'e’f log ZP-d-e-f log BP»d-e-f
PC1 (Overall intensity) 0.011 0.086 0.031 0.104
(0.031) (0.070) (0.033) (0.073)
PC2 (Fixed-Price vs Market-Trading)  0.014 0.042 0.023 0.052
(0.021) (0.052) (0.019) (0.051)
R2 0.882 0.596 0.701 0.404
Adj. R? 0.859 0.518 0.643 0.289
N 371 370 371 370
Time fixed effects Yes Yes Yes Yes
Other controls Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes

2 All independent variables are standardised (mean = 0, SD = 1) before estimation.

b Robust standard errors clustered by country are reported in parentheses.

© All specifications include country and year fixed effects. 9 Interpretation. Dependent variables
are logs; coefficients are semi-elasticities: a coefficient 5 implies an approximate 100 x 8 percent
change in the cost measure for a one—SD increase in the predictor. ¢ Cost measures. Z = total
installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

fPrice basis. All costs are deflated to constant 2022 USD using national price indices; subscript p
denotes PPP price-level adjustment relative to USD (i.e., Z,, Bp).

Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Similarly, PC1 remains insignificant for Wind, just as it was for Solar. Notably, Wind R?s (0.40—
0.88) are much lower than Solar’s (0.91 — 0.97), signalling that Wind cost variation is driven more
by global turbine learning and project-specific factors than by a country’s choice between tariffs
versus market-trading policies. By contrast, Solar developers still feel every tariff or auction tweak,
leading to economically and statistically significant cost differentials along PC2.

8 Conclusions

This section distils the empirical findings, translates them into policy guidance, and flags study
limitations and future research priorities.

8.1 Key findings

The dramatic cost declines in renewable technologies have fuelled optimism about a rapid, equitable
energy transition. Yet global averages can mask large country-level disparities. This study dissected
national trends for Solar and Wind, asking whether individual countries reap the full benefits of
global learning.

Persistent—and diverging—cost spreads. Regional cost differences are sizable for both
technologies and rising sharply for Wind. Persistence in cost rank is high: year-to-year Spearman
correlations exceed 0.75 for both total CAPEX and BOS costs, implying that countries rarely
leapfrog one another in the cost distribution.

The magnitude of cost dispersion is significant. For Solar, using a median deployment of 460
MW (Denmark, 2023) and taking the lower and upper quartiles of CAPEX (36% -real and 70%-
PPP price difference), the difference in investment costs amounts to roughly $117M in real terms
(~$367M in PPPS$). For on-shore wind, with a median deployment of 300 MW (Morocco, 2023) the
gap between lower- and upper-quartile costs (25% -real and 110%-PPP price difference) is about
$99M in real terms (~$684M in PPP$).

Global versus local learning. For Solar, 76% (CAPEX) and 62% (BOS) of Wright’s-law
learning is attributable to cumulative global learning, while local learning effects are modest. Wind
shows no statistically significant learning, including when PPP adjustments are applied, indicating
that local price dynamics and site conditions erase global cost gains.

Taken together, these findings imply that how countries experience the transition depends on
the technology: Solar benefits are broadly shared, but cost gaps linger - countries may ride the cost
curve to an extent, whereas Wind costs diverge even in real terms. The policy recommendations
below follow directly from these findings and a multivariable analysis that extends beyond Wright’s
law learning effects.

8.2 Policy implications

Four actionable levers—regional procurement, FDI, financing de-risking, and market-based instru-
ments—were revealed by our regression results.

1. Regional procurement and industrial policy. GDP per capita strongly predicts cost lev-
els for both technologies, reflecting superior purchasing power in wealthier markets. Low- and
middle-income countries can mimic this advantage by forming regional Solar or Wind procure-
ment consortia that pool demand and unlock volume discounts. Complementary industrial-
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policy tools—e.g., local content requirements linked to logistics upgrades—can further compress
costs.

2. Leveraging foreign direct investment (FDI). FDI acts as a soft-cost and EPC accelerator,
trimming BOS costs by roughly 4% for Solar and 8% for Wind. Streamlined permitting, bankable
power-purchase agreements, and co-investment in shared infrastructure (e.g., port dredging for
80-m towers) reduce perceived risk and attract global developers.

3. De-risking domestic finance. Diverging sovereign bond yields widen the cost of capital,
feeding straight into CAPEX (this is a double cost-effect given that it also directly affects
levelised cost of energy (LCOE)). Instruments such as concessional “green” bonds, blended-
finance facilities, credit guarantees for EPC contractors, and foreign-exchange hedging pools
designed to reduce cost of capital in some contexts can lower financing spreads. A 200-bp cut
in the bond yields, coupled with a 10% foreign exchange risk guarantee, could shave 15-25% off
project CAPEX. Because cost-of-capital spreads disproportionately burden emerging economies,
addressing them is imperative to ensure a just transition.

4. Market-based policy orientation. For Solar, gradually shifting from administratively set
feed-in tariffs to market-trading instruments—auctions and renewable energy certificates—could
drive costs down by 7-12%. Strengthening these markets also mitigates distortions in hydrocarbon-
rich economies with high oil rents. (For Wind, we find no significant cost response to policy
stringency or market orientation indicators.)

8.3 Limitations

We acknowledge data gaps, measurement caveats, and modelling constraints that qualify our con-
clusions.

This analysis uses country-level averages, which can conceal substantial intra-national cost vari-
ation. Additionally, we focus on utility-scale deployment, however, the type of solar/wind segment
(e.g. residential/offgrid solar and distributed wind) matters - we reserve this for future work.

Limited data coverage—especially for Sub-Saharan Africa and parts of Asia—may bias results
toward higher-income contexts, understating heterogeneity in low-income contexts. PPP adjust-
ments rely on national price indices that may not fully capture project-specific factors (e.g., turbine
logistics), and similarly, GDP per capita aggregates several factors that pool together advantages
for rich countries that, require significant inferencing to distil and unpack to technology-specific
policy levers.

Additionally, Wright’s-law decompositions are sensitive to measurement error in both cumulative
capacity and costs - specifically disaggregating BOS and installed costs.

Our climate-policy taxonomy is necessarily coarse: it codes instrument type and stringency but
omits timing, policy mix interactions, and strategic foresight—elements that influence investment
behaviour but were beyond the scope of this paper.

8.4 Future work

Future research should prioritise (i) collecting sub-national cost data and expanding coverage in
under-represented regions, (ii) extending the dispersion analysis to other transition-critical technolo-
gies such as battery storage, and (iii) mapping feasible policy portfolios that account for countries’
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income levels, skills bases, and institutional capacities—thereby unpacking the “justice” dimensions
of cost divergence.

A final avenue is to embed empirically grounded cost trajectories—linked to drivers such as
GDP growth, financing conditions, and learning effects—into empirical forecasts (e.g., Way et al.
2022). Doing so would reveal the true cost of the transition for different countries and sharpen
global decarbonisation scenarios.
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A List of abreviations

Table 6: Abbreviations

CAPEX
BOS
LCOE
OEM
PPP
PPA
FIT
ETS
RECS
PCA

Capital expenditure or total installed costs for a solar/wind installation
Balance of systems

Levelised cost of energy

Original Equipment Manufacturer

Purchasing Power Parity

Power Purchase Agreement

Feed-in-tariff

Emissions Trading Scheme

Renewable Energy Certificates

Principal Component Analysis
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B Module and balance of systems trends

Solar module costs over time 0 Wind turbine costs over time
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Figure 7: Demonstration that BOS costs are an increasingly influence in Solar and Wind costs.
(a) Shows the declining module costs for Solar (left) and Wind (right). The Wind plot also shows
the disaggregation between Chinese turbines and Western turbines. (b) Shows the ratio of Balance
of System to Total installed costs over time. Blue and Orange bars represent the median ratio of
(B/Z) for utility Solar and Wind, respectively. Error bars show the 95% confidence interval of the
ratio (B/Z)
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Table 7: Price dispersion statistics over time comparing different metrics and time ranges

C Price dispersion statistics

‘ Technology ‘ YearRange ‘ B: cv(Zp) ‘ B: iqr(log Zp) ‘ B: qcd(Zp) ‘ B: std(logZp) ‘
Solar 19952023 | 0.014*%(0.14) | 0.011%%%(0.24) | 0.0053***(0.24) 0.005%(0.11)
Solar 2000-2023 0.0061 (0.019) 0.0032 (0.019) 0.0014 (0.019) -0.0016 (0.011)
Solar 2010-2023 |  0.02 (0.041) 0.019%(0.25) 0.0087%(0.26) 0.0064 (0.048)
Wind 1095-2023 | -0.018%%%(0.73) | 0.017%%*(0.57) | 0.0077**%(0.53) | -0.0067+**(0.42)
Wind 2000-2023 | -0.014%%*(0.55) | 0.02%*¥(0.52) | 0.0086***(0.45) | -0.0042 (0.16)
Wind 2010-2023 -0.0031 (0.17) 0.011**(0.36) 0.005**(0.36) 0.0024 (0.15)

| | | B: cv(T) | B iar(logZ) | B: qed(T) |  B:std(logZ) |
Solar 10952023 | 0.014**(0.17) | 0.0071%%*(0.3) | 0.0034***(0.3) | -0.0058%**(0.25)
Solar 2000-2023 | 0.013 (0.092) | 0.0018 (0.024) | 0.00085 (0.023) | 0.0031 (0.063)
Solar 2010-2023 | 0.019 (0.043) | -0.005 (0.081) | -0.0024 (0.081) | 0.0041 (0.024)
Wind 1095-2023 | 0.0063%**(0.66) | 0.0078***(0.77) | 0.0039%**(0.77) | 0.0058%**(0.71)
Wind 2000-2023 | 0.0055%%%(0.49) | 0.006***(0.63) | 0.003%**(0.63) | 0.0053***(0.58)
Wind 2010-2023 0.0074**(0.41) 0.0057**(0.36) 0.0028**(0.36) 0.0031 (0.18)

| | | B cv(Bp) | B:iqr(logBp) | B:qed(Bp) | B: std(logBp) |
Solar 1995-2023 0.012%(0.1) 0.0035 (0.014) | 0.0019 (0.02) 0.0016 (0.0082)
Solar 2000-2023 0.0044 (0.0087) -0.012*%*(0.16) -0.0052*%(0.15) 0.0032 (0.049)
Solar 2010-2023 | 0.026 (0.068) 0.021%(0.26) 0.0097%(0.27) 0.0053 (0.03)
Wind 1095-2023 | -0.018%%%(0.43) | 0.018%*%(0.52) | 0.0083***(0.53) | -0.0054*(0.13)
Wind 2000-2023 | -0.0064 (0.097) | 0.02%*%(0.44) | 0.0088***(0.44) | 0.0025 (0.035)
Wind 2010-2023 -0.0057 (0.085) 0.0044 (0.025) 0.002 (0.027) -0.0042 (0.13)

| | | B: cv(B) |  B:iqr(logB) | B: qed(B) |  B:std(logB) |
Solar 1995-2023 |  0.011%(0.12) 0.0068*(0.13) | 0.0032*(0.13) -0.0076*(0.16)
Solar 2000-2023 | 0.0066 (0.028) | -0.0037 (0.047) | -0.0018 (0.049) | -0.0034 (0.057)
Solar 2010-2023 | 0.016 (0.037) | -0.0082 (0.095) | -0.0038 (0.099) | -0.00026 (9.3¢-05)
Wind 1095-2023 | 0.011%%*(0.38) | 0.014**%(0.46) | 0.0069%**(0.47) | 0.0076%**(0.3)
Wind 2000-2023 0.01%**(0.3) 0.0086**(0.24) 0.0041**(0.25) 0.006**(0.19)
Wind 2010-2023 | 0.0056 (0.041) | -0.0048 (0.074) | -0.0022 (0.07) | -0.0044 (0.054)

Demonstration of price dispersion statistics evolution over time based on when we start measuring
it. Each column represents the coefficient 8 when the dispersion metric (cv, qed, std, iqr) applied
on a cost variable (Zp, Bp,logZy,log By, Z,B,logZ,log B) is regressed with time i.e. dispersion; =
dispersiong + Bt + €:. In each cell we show the (3 value, its statistical significance and corresponding
goodness of fit (R?) in brackets.

Comparing metrics enriches the assessment of price dispersion change over time. Quartile-based
measures (qcd, log-iqr) consistently show positive slopes, signalling genuine broadening in the body
of the distribution. Tail-sensitive log-SD tells a concordant story for Solar but is flat to mildly
negative for Wind in the early years, reflecting the disappearance of a handful of ultra-expensive
pioneer projects. Mean-normalised CV, finally, highlights scale effects: it is positive for Solar,
because the absolute SD shrinks more slowly than the plunging mean, and negative for Wind over
the long horizon, where mean costs fell faster than dispersion. These contrasts confirm that the
sign of CV is not a reliable barometer of underlying heterogeneity when the mean itself follows a
steep learning curve.

Repeating the exercise on non-PPP-adjusted (real) costs leaves the qualitative message intact but
inflates short-run volatility and bumps up R? values—country price-level differences and exchange-
rate swings add noise but do not reverse the upward drift.
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D Mobility index by subperiod

Table |8 reports the rank-mobility index M for installed-cost percentiles (I,) and balance-of-system
percentiles (B,) in five non-overlapping year buckets chosen to balance the number of country—year
observations (npp). To ensure that our quartile-mobility index M is not driven by the choice of
rolling Window or uneven sample sizes, we re-compute M over five non-overlapping year-ranges
chosen so as to roughly balance the number of country—year observations npp).

Table 8: Subperiod rank-mobility indices M (quartiles) and sample size npp

Year range

1995-2004  2005-2009  2010-2014  2015-2019  2020-2023

Solar, Installed cost percentile (Ip)

Mobility M 0.3383 0.3755 0.3865 0.3297 0.4275
npp 110 84 107 101 143
Solar, BOS percentile (B))

Mobility M 0.3578 0.4088 0.4389 0.3434 0.4588
npp 110 84 107 101 143
Wind, Installed cost percentile (I,,)

Mobility M 0.2873 0.3572 0.2751 0.2158 0.2189
npp 124 97 183 204 148
Wind, BOS percentile (B,)

Mobility M 0.3605 0.6054 0.5222 0.3107 0.5006
npp 116 91 176 204 145

We observe that:

e For Solar installed costs, M ranges from 0.33 to 0.43 across subperiods, with a slight uptick
in the most recent bucket (2020-2023). BOS mobility is consistently a few percentage points
higher.

e For Wind installed costs, mobility is lower overall (0.22-0.36) and dips to its minimum in
2015-2019. BOS mobility shows greater volatility, peaking at 0.61 in 2005-2009.

e The stability of these patterns across buckets—despite varying npp—confirms that our quartile-
mobility estimates are robust to the choice of subperiod definitions.
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E Local learning analysis supplement

Histogram of Ar = r — rs, with summary stats for 7, Histogram of Ar = r — r, with summary stats for 5y

Solar Wind Solar Wind
median Delta r =-0.157, median Delta r =-0.024, median Delta r =-0.120, median Delta r =0.046,
median percDiff(r)=-76.21% median percDiff(r)=-21.16% median percDiff(r)=-61 46% median percDiff(r)=-27.33%
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Figure 8: Histograms of Ar = r — rs, for Solar (left of each subpanel) and Wind (right of each
subpanel), showing how the country-level Wright-law slope r falls once year fixed effects §, are
included. Panel (a) reports Ar for PPP-adjusted installed costs Z,; panel (b) for PPP-adjusted
balance-of-systems costs B,; panel (c¢) for unadjusted installed costs Z; and panel (d) for unadjusted
balance-of-systems costs B. In each histogram, the vertical black line marks Ar = 0, and the text
annotation gives (i) the median Ar across countries and (ii) the median percentage reduction
(Ar/r). For Solar, median Ar ranges from —0.120 to —0.173 (i.e. 61 — 80 % of the raw learning
disappears), whereas for Wind, Ar is much smaller (or even slightly positive for BoS), confirming

that most of the observed cost decline is absorbed by common time trends rather than by country-
specific experience curves.
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F Description of explanatory variable data

Table 9: Explanatory variable description and sources

‘ Variable ‘ Description ‘ Source
BidYield Annual average 10-yr Bond Yields Baumgartner 2025
Capacity (MW) Total installed capacity IRENA 2024
CleanEnergyPatents Total clean energy patents IRENA 2024
Climate Policies Climate Policies OECD 2022
ExchangeRateUSD Exchange rate relative to USD World Bank 2025
FDIInflowPerGDP Foreign Direct Investment inflow per GDP | World Bank 2025
GDPGrowth GDP Growth World Bank 2025
GDPPerCap GDP Per Capita World Bank 2025
GINI GINT coefficient World Bank 2025
GovEffectiveness Government Effectiveness World Bank 2025
GrossFixedCapForm Gross Fixed Capital Formation World Bank 2025
OilRentsPerGDP Oil Rents Per GDP World Bank 2025
Patents Patents for solar or wind IRENA 2024
Population Population World Bank 2025
Proximity Product-Country Proximity Andres and Mealy 2025
RCA Revealed Comparative Advantage Andres and Mealy 2025
RnDPerGDP RnD Per GDP World Bank 2025
TaxesOnlnternationalTrade | Taxes On International Trade World Bank 2025
TradePerGDP Trade Per GDP World Bank 2025
UnemploymentPerLabor Unemployment Per unit Labor World Bank 2025
Urbanization Urbanization rate World Bank 2025
Table 10: Explanatory variable summary statistics
Variable | datapoint count |  mean std min 25% 50% 75% max
BidYield 1550 4.76E-02 4.36E-02 -0.005267 2.14E-02 3.88E-02 6.13E-02 6.70E-01
Capacity (MW) 1345 1.02E+04 | 3.56E+04 0 1.74E+02 | 1.41E403 | 5.91E4+03 | 6.10E405
CleanEnergyPatents 996 1.17E403 1.78E+403 2 7.45E+01 2.30E4+02 | 2.02E+03 1.11E+404
ExchangeRateUSD 1554 4.78E400 | 3.02E401 0.002607 9.03E-03 1.64E-02 1.47E-01 4.20E4-02
FDIInflowPerGDP 1554 3.48E-02 1.32E-01 -1.031567 1.04E-02 1.96E-02 3.59E-02 2.79E+00
GDPGrowth 1554 2.43E-02 3.46E-02 -0.111673 9.82E-03 2.36E-02 3.98E-02 2.45E-01
GDPPerCap 1554 3.10E+04 | 2.19E+04 | 301.500791 1.13E4+04 | 2.99E4+04 | 4.66E+04 1.28E+05
GINI 1205 5.04E-01 9.16E-02 0.319525 4.44E-01 4.88E-01 5.61E-01 7.56E-01
GovEffectiveness 1349 9.67E-01 7.87E-01 -0.886558 2.55E-01 1.23E4+00 | 1.61E400 | 2.35E4-00
GrossFixedCapForm 1545 2.32E-01 5.72E-02 0.106874 1.99E-01 2.22E-01 2.53E-01 5.43E-01
OilRentsPerGDP 1406 7.93E-03 2.18E-02 0 1.06E-04 9.36E-04 6.82E-03 2.81E-01
Patents 996 1.07E+402 1.71E+402 0.17 5.31E4+00 | 2.35E+01 1.31E402 | 9.49E+402
Population 1554 1.73E+08 | 3.41E+08 515332 1.62E+07 | 5.69E4+07 | 1.26E4+08 | 1.43E409
Proximity 1361 2.73E-01 1.27E-01 0.008021 1.71E-01 2.88E-01 3.79E-01 5.27E-01
RCA 1361 1.04E+400 5.31E-01 0.041168 7.06E-01 1.11E4-00 1.28E4-00 | 3.34E+00
RnDPerGDP 1227 1.82E-02 1.00E-02 0.000621 1.01E-02 1.73E-02 2.70E-02 4.93E-02
TaxesOnlInternationalTrade 898 2.98E-02 4.66E-02 -0.158417 9.54E-03 1.48E-02 3.10E-02 3.83E-01
TradePerGDP 1548 6.92E-01 4.07E-01 0.155063 4.23E-01 6.06E-01 8.46E-01 3.94E4-00
UnemploymentPerLabor 1545 7.13E-02 4.30E-02 0.00576 4.37E-02 6.17E-02 8.54E-02 2.88E-01
Urbanization 1554 7.33E-01 1.54E-01 0.17735 6.74E-01 7.84E-01 8.27E-01 9.82E-01
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G Explanatory variable dimension reduction

To mitigate multicollinearity among predictors, we first examine pairwise correlations and drop
variables with correlations above 0.6 (following Akoglu [2018). Figure [0 shows the full correlation
matrix. Based on this threshold, we remove the following variables:

e CleanEnergyPatents, because it is highly correlated with separate Solar and Wind patent
counts.

e GovernmentEffectiveness and Urbanisation, both of which correlate strongly with 1gGDPPerCap.

Next, we compute Variance Inflation Factors (VIFs) on the within-transformed data to identify
remaining multicollinearity. For each predictor X, we fit a regression of X, on all other predictors

and calculate 1

1—R%

J

where R? is the coefficient of determination for that auxiliary regression. Common guidelines suggest
that VIF; < 5 indicates acceptable collinearity, whereas values above 5 warrant further attention.
Theory-driven controls should only be dropped or combined if they do not affect identification.
From this VIF analysis, we remove:

e TaxesOnlInternationalTrade
¢ RnDPerGDP

Table [11] confirms that all remaining predictors have VIF < 5, indicating that multicollinearity is
now substantially reduced.

Although 1gPopulation inflates the VIFs of some other variables, we retain it to avoid omit-
ted variable bias. To dampen its inflationary effect, we centre population by country according
to

| N
CentredlgPop,, = lgPop,, — NzlgPOPz‘,t'
i=1

Table 11: Variance Inflation Factors for Final Predictor Set

Variable VIF
Intercept 1194.01
BidYield 2.34
ExchangeRateUSD 1.30
FDIInflowPerGDP 1.87
GINI 3.27
GrossFixedCapForm 2.21
OilRentsPerGDP 1.37
Patents 1.63
RCA 1.35
TradePerGDP 2.38
UnemploymentPerLabor 1.75
lgCapacity 2.12
lgGDPPerCap 3.16
CentredlgPop (country-level) 1.91
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Figure 9: Correlation matrix of all candidate covariates (including log-costs). Darker cells indicate
stronger pairwise correlations; the 0.6 threshold is marked.
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H Policy data review

From the 57 LEV3 climate policy variables in the Organisation for Economic Co-operation and
Development (OECD) 2025 database, we filter policies that are relevant for our study. First we
do a key words search “Renewables”, “Coal”, “Fossil fuels”, “Electricity” (Table . Next we
find common policies used to stimulate renewables e.g. feed-in-tariffs and auctions. We then select
policies with sufficient country (at least 10 countries) and temporal (at least 10 years of data)
representation. The remaining policies are analysed using a PCA.

Table 12: Policies identified in the first filter

Policy Code

Description

AUCTION
BAN_CREDIT
BAN_PHOUT_COAL
CARBONTAX_E

Renewable energy auctions

Banning government’s export credits for unabated coal power plants
Ban and phase out on the construction of coal-fired power plants
Carbon Tax — Electricity

ETS_E Emissions Trading Scheme — Electricity

EXCISETAX_E Excise taxes — electricity

FFS_E Fossil Fuel Subsidies

FFS_PRODUCER Fossil Fuel Subsidies — producer support
FIT Feed-In-Tariffs

RDD_RES RD&D Expenditure — Renewable energy
RECS Renewable energy certificates

RENEWABLE_EXP

Planning for renewables expansion

Principal component analysis (PCA) of policies

Our steps in this analysis are as follows: (i) Determine the number of principal components using the
elbow method (in our analysis, we determine that there are 2 principal components). (ii) Interpret
the principal components based on the loadings. (iii) Apply the dimension reduction to the full
panel dataframe.
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Figure 10: Scree plot showing the amount of variance accounted for by each principal component

Our interpretation of the principal component loadings in Figure [0] is as follows:

e PC 1 loads positively on every remaining policy, but most heavily on cap-and-trade (ETS) and
hard bans (export-credit ban, coal-power phase-out), then on reverse auctions and certificates.
In effect, PC 1 is your “how many and how stringent” axis—a higher PC 1 score flags countries
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that deploy both bans and market-cap mechanisms broadly, whereas lower scores (still positive
but smaller) reflect fewer or weaker instruments.

e PC 2 separates guaranteed-price supports (especially FITs, strongly positive) and, to a lesser
extent carbon taxes, from market-auction and certificate schemes (negative). High PC 2:
countries that lean on fixed-price instruments (Feed-In-Tariffs) and direct carbon taxes. Low
PC 2: countries that prefer renewable-energy certificates and reverse auctions—i.e., more
“competitive” or “market-trading” procurement models.

Limitations of policy findings

We also note the limitations of using thematic approaches to thinking about policies and incentives.
Governments tend to apply strategic thinking to policy formation, and the mere presence of a
specific type of policy may not indicate much. For example, according to REN21, "India put
forward an expedited manufacturing plan to incentivize domestic Solar cell manufacturing capacity
and planned to impose new tariffs of 40% on imports of Solar modules and 25% on Solar cells
starting in April 2022. The Indian government also approved a ’production-linked incentive’ plan
to enhance the country’s manufacturing capabilities and exports, including domestic high-efficiency
Solar module manufacturing and advanced chemistry cell batteries” (REN21, 2021).

This type of policy proposal might have the effect of increasing the costs of renewables in the
short term, as the nation builds up its manufacturing capabilities. The price would be higher due to
the tariff and possibly shorten supply before the domestic manufacturing market builds up capacity.
Such nuance would not be captured in our type of analysis.
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I Dispersion of most critical covariates

iqr for 6 critical covariates
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Figure 11: Dispersion of shortlisted covariates (variables shown to be statistically significant for the
earlier regression analysis). The interquartile range (iqr) is calculated for all variables for both the
Solar and Wind countries. We do not need to use a scale-invariant measure like qcd in this case
since the variables tend to remain at similar levels through time.
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J Regression tables

J.1 Pooled OLS results

Table 13: Pooled OLS results for Solar®

Variable®d longb’C*f’g log prvc’f*g log,‘l’b*c’f*g log Bhefe
BidYield 0.199%** 0.173*** 0.140%* 0.113**
(0.050) (0.054) (0.055) (0.057)
GrossFixedCapForm 0.094%** 0.078%* 0.105%** 0.089**
(0.035) (0.039) (0.037) (0.041)
OilRentsPerGDP -0.080*** -0.046 -0.129%** -0.096**
(0.018) (0.034) (0.023) (0.038)
TradePerGDP -0.095%*** -0.099*** -0.163*** -0.166***
(0.023) (0.024) (0.029) (0.028)
RCA -0.134%%* -0.167*%* -0.136%** -0.170%**
(0.020) (0.025) (0.023) (0.029)
1lgGDPPerCap -0.167*** -0.108*** 0.167*%* 0.227%%*
(0.035) (0.042) (0.040) (0.046)
lgPopCentered -0.393%** -0.349%** -0.400%** -0.356%**
(0.035) (0.037) (0.042) (0.043)
lgCapacityResid 2.091%* 1.488 1.538 0.934
(0.874) (0.945) (1.002) (1.039)
ExchangeRateUSD -0.111%* -0.043 -0.121%* -0.052
(0.053) (0.058) (0.061) (0.063)
Patents -2.106** -1.495 -1.481 -0.870
(0.920) (0.995) (1.053) (1.092)
GINI 0.031 0.081%** 0.018 0.068%*
(0.030) (0.032) (0.030) (0.033)
FDIInflowPerGDP 0.026 -0.004 0.034 0.005
(0.023) (0.030) (0.025) (0.032)
UnemploymentPerLabor  -0.014 -0.007 0.008 0.015
(0.024) (0.030) (0.030) (0.035)
lgCapacity -0.182 -0.274 -0.401%* -0.493%**
(0.158) (0.168) (0.180) (0.183)
R? 0.839 0.792 0.833 0.794
Adj. R? 0.833 0.784 0.826 0.786
N 367 367 367 367
Time fixed effects No No No No
Country fixed effects No No No No

@ All independent variables are standardised (mean = 0, SD = 1) before estimation.

b Heteroskedasticity-robust (HC) standard errors in parentheses. ¢ Pooled OLS specifications without country
or year fixed effects. 4 Rows are ordered by absolute magnitude and statistical significance in the log Z,, column.
¢ Interpretation. Dependent variables are logs; coefficients are semi-elasticities: a coefficient 8 implies an approx-
imate 100 x 8 percent change in the cost measure for a one-SD increase in the predictor.

fCost measures. Z = total installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

g Price basis. All costs are deflated to constant 2022 USD using national price indices; subscript p denotes PPP
price-level adjustment relative to USD (i.e., Z,, Bp). Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 14: Pooled OLS results for Wind®

Variable®d longb*e’f’g log pr’e*f’g log ZP-e:f8 log BP-e-f:8
TradePerGDP 0.100%*** 0.105%** 0.037%** 0.044
(0.015) (0.030) (0.013) (0.028)
GINI 0.053*** 0.042 0.023 0.014
(0.018) (0.034) (0.016) (0.031)
RCA -0.036*** -0.087*** -0.026** -0.077***
(0.012) (0.025) (0.010) (0.023)
FDIInflowPerGDP -0.040%** -0.099%** -0.020%* -0.079%**
(0.014) (0.031) (0.009) (0.027)
GrossFixedCapForm -0.050*** -0.090*** -0.003 -0.043
(0.017) (0.032) (0.013) (0.027)
lgGDPPerCap -0.342%** -0.380%** 0.087*** 0.048
(0.024) (0.049) (0.019) (0.044)
ExchangeRateUSD 0.037* 0.071 0.006 0.040
(0.021) (0.045) (0.015) (0.040)
lgCapacityResid 0.061 -0.112 0.080 -0.093
(0.215) (0.415) (0.157) (0.362)
lgPopCentered 0.015 0.117%** -0.049%** 0.046*
(0.017) (0.029) (0.012) (0.025)
UnemploymentPerLabor  0.005 -0.062%* 0.009 -0.059%*
(0.016) (0.032) (0.014) (0.030)
Patents -0.015 0.184 -0.028 0.175
(0.229) (0.443) (0.168) (0.387)
BidYield -0.018 -0.086 0.017 -0.044
(0.044) (0.067) (0.028) (0.054)
OilRentsPerGDP -0.028 -0.098%* -0.048%** -0.120%**
(0.018) (0.039) (0.011) (0.030)
lgCapacity -0.053 -0.105 -0.078%* -0.133
(0.062) (0.117) (0.046) (0.102)
R? 0.662 0.370 0.375 0.200
Adj. R? 0.650 0.347 0.353 0.171
N 410 405 410 405
Time fixed effects No No No No
Country fixed effects No No No No

2 All independent variables are standardised (mean = 0, SD = 1) before estimation. P Heteroskedasticity-robust
(HC) standard errors in parentheses.  ©Pooled OLS specifications without country or year fixed effects.
dRows are ordered by absolute magnitude and statistical significance in the logZ, column.  ©Interpretation.
Dependent variables are logs; coefficients are semi-elasticities (approx. 100 x 5% change per one—SD increase in
predictor).  fCost measures. Z = total installed (investment) cost; B = BOS cost (USD/kW). & Price basis.
Constant 2022 USD via national price indices; subscript p = PPP price-level adjustment (e.g., Z,, B,).
Significance: * p<0.10; ** p<0.05; *** p<0.01.

J.2 Regression of each variable with fixed effects

Here we answer the question: within a given country, after purging the common global shocks of
each year, how is log C' associated with a 1-standard-deviation move in this single variable? In
Table [15], we show the average effect across Wind and Solar since we pool the technologies together.
In Table [16] and Table [I7, we show the effects for Solar and Wind, respectively.
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Table 15: One-variable technology fixed-effects regressions

Variable®d:h longb’e*f’g 10,&;l3pb’evf*g log ZP-ef:8 log BP-e:f:8
lgCapacity -0.526%** -0.601%** -0.504%** -0.578%**
(0.067) (0.079) (0.065) (0.077)
[0.712; 1280] [0.683; 1257] [0.752; 1280] [0.698; 1257]
lgGDPPerCap -0.602%** -0.575%** -0.056 -0.048
(0.076) (0.096) (0.095) (0.105)
[0.636; 1300] [0.620; 1272] [0.662; 1300] [0.626; 1272]
RnDPerGDP -0.351%%* -0.329%* -0.297%** -0.267**
(0.133) (0.163) (0.090) (0.125)
[0.626; 1011] [0.623; 997] [0.651; 1011] [0.633; 997]
Patents -0.125%* -0.144%* -0.092%* -0.109%*
(0.063) (0.076) (0.044) (0.056)
[0.612; 813] [0.600; 809)] [0.672; 813] [0.638; 809]
TradePerGDP 0.251%* 0.373%** 0.024 0.155
(0.110) (0.114) (0.098) (0.105)
[0.624; 1294] [0.618; 1266] [0.663; 1294] [0.629; 1266]
CleanEnergyPatents -0.122%* -0.098 -0.047* -0.020
(0.051) (0.074) (0.025) (0.046)
[0.607; 813] [0.593; 809] [0.667; 813] [0.632; 809]
lgPopulation -1.817* -3.648%** -0.143 -2.037*
(1.067) (1.238) (0.904) (1.070)
[0.621; 1300] [0.617; 1272] [0.662; 1300] [0.629; 1272]
BidYield -0.054* -0.069** -0.039 -0.055%*
(0.030) (0.030) (0.026) (0.025)
[0.618; 1297] [0.610; 1272] [0.663; 1297] [0.627; 1272]
Proximity -0.039 -0.224 -0.004 -0.147
(0.311) (0.315) (0.159) (0.188)
[0.622; 1117] [0.608; 1103] [0.651; 1117] [0.620; 1103]
OilRentsPerGDP 0.026 0.034 -0.033 -0.029
(0.070) (0.080) (0.053) (0.064)
[0.639; 1169] [0.639; 1143] [0.664; 1169] [0.645; 1143]
GrossFixedCapForm -0.034 -0.032 0.032 0.035
(0.069) (0.082) (0.052) (0.065)
[0.619; 1291] [0.611; 1263] [0.662; 1291] [0.627; 1263]
TaxesOnlnternationalTrade  0.055 0.034 0.007 -0.009
(0.062) (0.073) (0.042) (0.050)
[0.691; 723] [0.677; 703] [0.716; 723] [0.689; 703]
GovEffectiveness -0.186 -0.171 -0.054 -0.027
(0.173) (0.207) (0.094) (0.126)
[0.611; 1105] [0.595; 1089] [0.644; 1105] [0.610; 1089]
UnemploymentPerLabor 0.033 -0.014 0.004 -0.042
(0.048) (0.068) (0.046) (0.067)
[0.617; 1291] [0.606; 1264] [0.662; 1291] [0.626; 1264]
GDPGrowth 0.037 0.028 0.006 -0.000
(0.025) (0.025) (0.019) (0.024)
[0.618; 1300] [0.609; 1272] [0.662; 1300] [0.626; 1272]
FDIInflowPerGDP 0.007 -0.014 0.010 -0.012
(0.010) (0.016) (0.011) (0.017)
[0.618; 1300] [0.609; 1272] [0.662; 1300] [0.626; 1272]
Electrification -0.224 -0.242 -0.111 -0.126
(0.162) (0.181) (0.082) (0.115)
[0.617; 1160] [0.593; 1144] [0.650; 1160] [0.608; 1144]
RCA -0.036 -0.141 -0.028 -0.124
(0.147) (0.231) (0.117) (0.198)
[0.623; 1117] [0.608; 1103] [0.651; 1117] [0.620; 1103]

& All predictors are standardised (mean = 0, SD = 1) before estimation.

b Robust standard errors clustered by country are reported in parentheses.

¢ Each cell reports a separate univariate regression that retains country and year fixed effects. 4 Rows are ordered
by absolute magnitude and statistical significance in the logZ, column.  ©Interpretation. Dependent variables are
logs; coefficients are semi-elasticities (approximately 100 x 3% per one—SD increase in the predictor).

fCost measures. T = total installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

&€ Price basis. All costs are in constant 2022 USD using national price indices; subscript p denotes PPP price-level
adjustment relative to USD (e.g., Z,, B,). h'Square-bracketed entries following SEs are [adjusted R?; number of
observations] for that row’s regression. Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 16: One-variable Solar fixed-effects regressions

Variable®d:h longb’e*f’g log pr’e’f*g logIb*e’f’g log Bbete
lgCapacity -0.287*** -0.405%** -0.249%** -0.367***
(0.097) (0.132) (0.078) (0.119)
[0.947; 525] [0.888; 525] [0.967; 525] [0.921; 525]
lgGDPPerCap -0.564%** -0.596*** -0.069 -0.101
(0.107) (0.147) (0.111) (0.163)
[0.954; 536] [0.891; 536] [0.964; 536] [0.912; 536]
TradePerGDP 0.394%** 0.488*** 0.132 0.226
(0.106) (0.155) (0.100) (0.162)
[0.951; 534] [0.890; 534] [0.965; 534] [0.915; 534]
GDPGrowth 0.065%* 0.076** 0.019 0.030
(0.032) (0.036) (0.022) (0.034)
[0.944; 536] [0.879; 536] [0.964; 536] [0.912; 536]
Patents -0.107** -0.132%* -0.048%* -0.073**
(0.042) (0.052) (0.020) (0.037)
[0.951; 391] [0.878; 391] [0.968; 391] [0.909; 391]
lgPopulation -3.079* -3.759 -0.984 -1.664
(1.646) (2.289) (1.442) (2.107)
[0.947; 536] [0.884; 536] [0.964; 536] [0.913; 536]
OilRentsPerGDP 0.209%* 0.261 0.105 0.156
(0.124) (0.164) (0.075) (0.123)
[0.949; 472] [0.884; 472] [0.962; 472] [0.907; 472]
RnDPerGDP -0.135 -0.169 -0.065 -0.099
(0.115) (0.166) (0.079) (0.132)
[0.944; 420] [0.876; 420] [0.961; 420] [0.903; 420]
Electrification -0.210 -0.250 -0.096 -0.136
(0.180) (0.220) (0.084) (0.138)
[0.939; 492] [0.870; 492] [0.959; 492] [0.902; 492]
Urbanization -0.165 -0.198 -0.049 -0.082
(0.293) (0.354) (0.116) (0.187)
[0.943; 536] [0.879; 536] [0.963; 536] [0.912; 536]
TaxesOnlInternationalTrade -0.014 0.005 -0.013 0.006
(0.055) (0.063) (0.047) (0.051)
[0.958; 308] [0.919; 308] [0.969; 308] [0.935; 308]
BidYield -0.166 -0.159 -0.131 -0.124
(0.135) (0.149) (0.122) (0.129)
[0.945; 536] [0.880; 536] [0.965; 536] [0.913; 536]
RCA -0.040 -0.022 -0.052 -0.034
(0.140) (0.228) (0.117) (0.207)
[0.941; 469] [0.872; 469] [0.960; 469] [0.902; 469]
CleanEnergyPatents -0.084 -0.086 -0.012 -0.014
(0.064) (0.087) (0.030) (0.055)
[0.949; 391] [0.874; 391] [0.967; 391] [0.907; 391]
GrossFixedCapForm -0.083 -0.069 0.023 0.036
(0.085) (0.120) (0.054) (0.090)
[0.945; 533] [0.880; 533] [0.964; 533] [0.913; 533]
GovEffectiveness -0.018 -0.004 0.089 0.103
(0.226) (0.284) (0.120) (0.183)
[0.940; 458] [0.872; 458] [0.960; 458] [0.904; 458]
GINI -0.105 -0.229 -0.181 -0.305
(0.183) (0.287) (0.164) (0.269)
[0.938; 431] [0.861; 431] [0.960; 431] [0.897; 431]
FDIInflowPerGDP -0.008 -0.015 -0.005 -0.012
(0.017) (0.027) (0.016) (0.026)
[0.943; 536] [0.878; 536] [0.963; 536] [0.912; 536]
ExchangeRateUSD -0.402 -0.528 -0.384 -0.511
(0.340) (0.427) (0.328) (0.418)
[0.943; 536] [0.878; 536] [0.964; 536] [0.912; 536]
Proximity -0.144 -0.170 -0.078 -0.104
(0.272) (0.347) (0.136) (0.225)
[0.941; 469] [0.873; 469] [0.960; 469] [0.902; 469]

& All predictors are standardised (mean = 0, SD = 1) before estimation.

b Robust standard errors clustered by country are reported in parentheses.

¢ Each cell reports a separate univariate regression that retains country and year fixed effects. 4 Rows are ordered
by absolute magnitude and statistical significance in the logZ, column. € Interpretation. Dependent variables are
logs; coefficients are semi-elasticities (approximately 100 x 8% per one-SD increase in the predictor).

fCost measures. Z = total installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

& Price basis. All costs are in constant 2022 USD using national price indices; subscript p denotes PPP price-level
adjustment relative to USD (e.g., Z,,, B,). ! Square-brpgketed entries following SEs are [adjusted R?; number of
observations] for that row’s regression. Significance: * p<0.10; ** p<0.05; *** p<0.01.



Table 17: One-variable Wind fixed-effects regressions

Variable®d:h longb’e*f’g log pr’e’f*g log Zb-e:f:8 log BP-e-f:8
lgPopulation -2.878%** -4.540%** -1.481%* -3.284%%*
(1.106) (1.411) (0.865) (1.155)
[0.815; 785] [0.701; 754] [0.667; 785] [0.393; 754]
lgGDPPerCap -0.859%** -0.745%** -0.304*** -0.217
(0.115) (0.167) (0.096) (0.157)
[0.875; 785] [0.709; 754] [0.682; 785] [0.373; 754]
ExchangeRateUSD -0.134%* -0.150 0.007 -0.012
(0.067) (0.119) (0.048) (0.099)
[0.797; 785] [0.679; 754] [0.652; 785] [0.367; 754]
Urbanization -0.614** -0.389 -0.207 0.036
(0.259) (0.348) (0.128) (0.226)
[0.813; 785] [0.682; 754] [0.658; 785 [0.367; 754]
TradePerGDP 0.214%** 0.203* 0.015 0.017
(0.092) (0.112) (0.052) (0.094)
[0.806; 781] [0.682; 750] [0.651; 781] [0.367; 750]
lgCapacity -0.142* -0.093 -0.076 -0.043
(0.085) (0.083) (0.049) (0.065)
[0.811; 776] [0.681; 750] [0.680; 776] [0.370; 750]
RCA -0.073 -0.239 -0.039 -0.188
(0.136) (0.225) (0.094) (0.189)
[0.800; 666] [0.664; 649] [0.599; 666 [0.373; 649)
Electrification -0.170 -0.165 -0.056 -0.044
(0.117) (0.136) (0.048) (0.114)
[0.801; 689] [0.652; 670] [0.629; 689] [0.375; 670]
TaxesOnlInternationalTrade  0.151 0.174 0.088 0.115
(0.102) (0.126) (0.086) (0.102)
[0.867; 429] [0.729; 407] [0.737; 429] [0.444; 407]
RnDPerGDP -0.050 0.033 0.005 0.096
(0.200) (0.210) (0.097) (0.127)
[0.776; 604] [0.644; 587] [0.546; 604] [0.344; 587]
BidYield -0.026 -0.006 -0.012 0.006
(0.020) (0.024) (0.013) (0.020)
[0.796; 782] [0.678; 754] [0.652; 782] [0.367; 754]
CleanEnergyPatents -0.100 -0.055 -0.018 0.031
(0.065) (0.084) (0.033) (0.057)
[0.705; 426] [0.525; 421] [0.640; 426] [0.367; 421]
Patents -0.036 -0.008 -0.008 0.026
(0.070) (0.077) (0.029) (0.053)
[0.688; 426] [0.522; 421] [0.638; 426] [0.367; 421]
OilRentsPerGDP 0.038 0.008 -0.009 -0.044
(0.041) (0.049) (0.026) (0.038)
[0.808; 714] [0.698; 685] [0.605; 714] [0.376; 685]
GrossFixedCapForm -0.081 -0.084 -0.032 -0.035
(0.060) (0.084) (0.035) (0.069)
[0.802; 779] [0.680; 748] [0.649; 779] [0.366; 748]
GovEffectiveness -0.175 -0.152 -0.016 0.028
(0.171) (0.204) (0.081) (0.126)
[0.804; 665] [0.662; 646] [0.605; 665] [0.368; 646]
GINI -0.182 -0.245 -0.160 -0.204
(0.151) (0.204) (0.103) (0.175)
[0.774; 608] [0.672; 581] [0.645; 608) [0.390; 581]
GDPGrowth 0.022 -0.007 -0.003 -0.029
(0.017) (0.028) (0.011) (0.028)
[0.797; 785] [0.678; 754] [0.652; 785] [0.369; 754]
FDIInflowPerGDP -0.014 -0.023 -0.014 -0.024
(0.015) (0.042) (0.017) (0.046)
[0.797; 785] [0.679; 754] [0.653; 785] [0.368; 754]
Proximity -0.051 -0.406* -0.002 -0.274%*
(0.356) (0.226) (0.183) (0.150)
[0.800; 666] [0.666; 649] [0.598; 666) [0.373; 649)

& All predictors are standardised (mean = 0, SD = 1) before estimation.

b Robust standard errors clustered by country are reported in parentheses.

¢ Each cell reports a separate univariate regression that retains country and year fixed effects. 4 Rows are ordered
by absolute magnitude and statistical significance in the logZ, column. € Interpretation. Dependent variables are
logs; coefficients are semi-elasticities (approximately 100 x 8% per one-SD increase in the predictor).

fCost measures. Z = total installed (investment) cost; B = balance-of-system (BOS) cost (USD/kW).

& Price basis. All costs are in constant 2022 USD using national price indices; subscript p denotes PPP price-level
adjustment relative to USD (e.g., Z,,, B,). ! Square-byprketed entries following SEs are [adjusted R?; number of
observations] for that row’s regression. Significance: * p<0.10; ** p<0.05; *** p<0.01.



J.3 Robustness checks

Here we present two sets of robustness checks - lagged regressors and long panel sample checks. The
lagged regressions help us solidify the causal arguments, whereas the long panel sample (countries
with > 10 yrs of data) applies population definition tests (this also serves as a outlier elimination
test since the majority of countries with more than 10 years of data tend to be closer to the middle
quartile over the time series). We also conduct other tests such as adding dummies to control for
economy-group (Advanced vs Emerging and Developing Economy), and OEM manufacturer for
wind turbines (e.g. Chinese vs Western turbines). These do not change the results (the magnitude
and significance of the coefficients does not change) and are therefore not shown.

Table 18: Solar multivariable regression with lagged regressors (FE)°

Variable®d log Z, 08 log B, h:8 log ZP¢:f:8 log BP-e-he
ExchangeRateUSD,_1 0.206*** 0.373%** 0.246%** 0.413%**
(0.071) (0.134) (0.077) (0.141)
lgGDPPerCap,_1 -0.377*** -0.321 0.062 0.119
(0.142) (0.239) (0.152) (0.252)
BidYield,—1 0.068 0.122 0.111* 0.166*
(0.069) (0.099) (0.067) (0.099)
TradePerGDP,_; 0.062 0.113 0.014 0.065
(0.138) (0.222) (0.128) (0.213)
GINI,_1 0.046 0.063 0.037 0.055
(0.040) (0.065) (0.038) (0.063)
lgCapacityResid,_1 0.022 0.006 -0.020 -0.036
(0.054) (0.082) (0.056) (0.086)
Patents, 1 -0.004 -0.020 -0.032 -0.048
(0.039) (0.075) (0.045) (0.082)
FDIInflowPerGDP,_; -0.013 -0.020 -0.016 -0.022
(0.012) (0.019) (0.013) (0.020)
UnemploymentPerLabor,_;  -0.019 -0.035 -0.025 -0.041
(0.037) (0.061) (0.040) (0.064)
OilRentsPerGDP,_; -0.040 -0.041 -0.013 -0.014
(0.047) (0.077) (0.050) (0.082)
GrossFixedCapForm 1 -0.053 -0.079 -0.048 -0.074
(0.036) (0.057) (0.036) (0.058)
RCA,_; -0.069 -0.102 -0.105 -0.138
(0.105) (0.174) (0.104) (0.173)
lgPopCentered,_1 -0.100 -0.170 -0.093 -0.163
(0.072) (0.104) (0.071) (0.104)
lgCapacity,_1 -0.170 -0.244 -0.136 -0.209
(0.127) (0.207) (0.136) (0.218)
R?2 0.964 0.902 0.971 0.922
Adj. R? 0.957 0.882 0.965 0.905
N 358 358 358 358
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). b Country-clustered robust SEs in parentheses.
¢ Country and year fixed effects included. 4 Rows ordered by absolute magnitude/significance in log Z,.

° Interpretation: log DVs; semi-elasticities.  fCost measures: T installed; B BOS (USD/kW).
& Price basis: constant 2022 USD; p subscript = PPP adjustment. Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 19: Wind multivariable regression with lagged regressors (FE)®

Variable®4 log Ipb’e’f*g log pr’e’f’g log ZP-ef:8 log Bb-e:f:8
FDIInflowPerGDP,_; -0.032%** -0.066*** -0.036%** -0.071%**
(0.008) (0.015) (0.008) (0.015)
lgGDPPerCap,_1 -0.566%** -0.340 -0.156 0.071
(0.099) (0.285) (0.098) (0.286)
TradePerGDP,_; 0.065 0.168 -0.050 0.051
(0.093) (0.193) (0.101) (0.209)
GrossFixedCapForm 1 0.052 0.074 0.047 0.068
(0.037) (0.091) (0.030) (0.085)
Patents, 1 0.025 0.068 0.033 0.076
(0.025) (0.083) (0.028) (0.087)
UnemploymentPerLabor-—;  0.010 -0.026 0.004 -0.031
(0.030) (0.083) (0.030) (0.083)
OilRentsPerGDP,_1 0.006 0.003 -0.002 -0.005
(0.027) (0.056) (0.021) (0.051)
lgCapacityResid,_1 -0.013 -0.031 0.015 -0.004
(0.039) (0.066) (0.029) (0.069)
GINI,_1 -0.024 -0.006 -0.032 -0.014
(0.027) (0.066) (0.024) (0.064)
BidYield,_1 -0.051 0.186 -0.039 0.188*
(0.040) (0.113) (0.035) (0.103)
lgPopCentered,_1 -0.055 -0.104 -0.031 -0.079
(0.043) (0.104) (0.043) (0.106)
lgCapacity,—_1 -0.058 -0.013 -0.102 -0.055
(0.082) (0.136) (0.069) (0.140)
RCA-_; -0.079 -0.285 -0.110 -0.315
(0.088) (0.245) (0.087) (0.243)
ExchangeRateUSD,_1 -0.117 -0.329 -0.169 -0.378
(0.142) (0.355) (0.115) (0.335)
R? 0.835 0.575 0.743 0.448
Adj. R? 0.806 0.499 0.698 0.349
N 392 390 392 390
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). b Country-clustered robust SEs in parentheses.
¢ Country and year fixed effects included. 4 Rows ordered by absolute magnitude/significance in log Z,.

° Interpretation: log DVs; semi-elasticities.  fCost measures: T installed; B BOS (USD/kW).
& Price basis: constant 2022 USD; p subscript = PPP adjustment. Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 20: Solar multivariable regression (FE)®, long-panel subset®

Variable®d longb’e’f’g log pr’e*f’g log ZP-e:f8 log BP-e-f:8
1lgGDPPerCap -0.383*** -0.263 0.127 0.247
(0.131) (0.202) (0.130) (0.210)
BidYield 0.164** 0.243** 0.167** 0.246**
(0.080) (0.120) (0.083) (0.123)
FDIInflowPerGDP -0.022%** -0.042%* -0.025** -0.045%**
(0.011) (0.017) (0.011) (0.017)
OilRentsPerGDP 0.090* 0.137* 0.092%* 0.139%*
(0.048) (0.078) (0.048) (0.079)
lgCapacityResid 0.577 0.877 0.682 0.982
(0.440) (0.723) (0.498) (0.788)
TradePerGDP 0.086 0.122 -0.001 0.035
(0.125) (0.208) (0.118) (0.202)
ExchangeRateUSD 0.086 0.125 0.051 0.090
(0.072) (0.149) (0.090) (0.169)
GINI 0.005 -0.003 -0.000 -0.008
(0.039) (0.065) (0.036) (0.063)
lgCapacity -0.049 -0.090 -0.040 -0.081
(0.093) (0.160) (0.102) (0.173)
UnemploymentPerLabor  -0.059 -0.102 -0.075% -0.118
(0.039) (0.069) (0.044) (0.075)
GrossFixedCapForm -0.069 -0.179 -0.135* -0.246*
(0.064) (0.119) (0.073) (0.133)
lgPopCentered -0.072 -0.124 -0.056 -0.108
(0.052) (0.081) (0.056) (0.084)
RCA -0.092 -0.131 -0.120 -0.159
(0.096) (0.174) (0.101) (0.179)
Patents -0.628 -0.973 -0.762 -1.108
(0.463) (0.761) (0.523) (0.829)
R? 0.969 0.907 0.970 0.913
Adj. R? 0.963 0.889 0.964 0.897
N 340 340 340 340
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). " Country-clustered robust SEs in parentheses.

¢ Country and year fixed effects included. 9 Rows ordered by absolute magnitude/significance in log Z,,.

¢ Interpretation: log DVs; semi-elasticities.  f Cost measures: Z installed; B BOS (USD/kW).  &Price basis:
constant 2022 USD; p subscript = PPP adjustment. " Only countries with at least 10 years of data included.
Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 21: Solar multivariable regression (FE)¢ with lagged regressors, long-panel subset®

Variable®d log Ipbvc’f*g log pr’cvf’g log zbefg log Bbefe
lgGDPPerCap,—_1 -0.402%** -0.353 0.043 0.093
(0.153) (0.251) (0.158) (0.258)
ExchangeRateUSD,_1 0.209** 0.377** 0.242%** 0.410%**
(0.081) (0.148) (0.086) (0.154)
FDIInflowPerGDP,_1 -0.019%* -0.029** -0.021%** -0.030%**
(0.008) (0.012) (0.007) (0.011)
lgPopCentered, 1 -0.100* -0.160* -0.078 -0.138
(0.061) (0.089) (0.062) (0.091)
BidYield,_1 0.103 0.181 0.154** 0.231%*
(0.085) (0.119) (0.076) (0.110)
TradePerGDP,_; 0.086 0.148 0.048 0.111
(0.129) (0.207) (0.117) (0.197)
GINI; 0.043 0.059 0.032 0.048
(0.042) (0.068) (0.040) (0.066)
OilRentsPerGDP,_; 0.008 0.031 0.035 0.058
(0.053) (0.085) (0.051) (0.082)
lgCapacityResid,r—1 -0.011 -0.034 -0.033 -0.056
(0.055) (0.084) (0.058) (0.087)
UnemploymentPerLabor,_;  -0.019 -0.039 -0.033 -0.053
(0.039) (0.065) (0.043) (0.070)
Patents, _1 -0.021 -0.039 -0.038 -0.057
(0.043) (0.081) (0.048) (0.086)
GrossFixedCapForm 1 -0.021 -0.043 -0.036 -0.058
(0.061) (0.104) (0.069) (0.113)
RCA,_; -0.058 -0.084 -0.091 -0.117
(0.103) (0.173) (0.100) (0.170)
lgCapacity,_1 -0.124 -0.190 -0.122 -0.188
(0.138) (0.223) (0.143) (0.229)
R2 0.965 0.903 0.970 0.918
Adj. R? 0.959 0.885 0.964 0.902
N 328 328 328 328
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). P Country-clustered robust SEs in parentheses.
¢ Country and year fixed effects included. 4 Rows ordered by absolute magnitude/significance in log Z,.

¢ Interpretation: log DVs; semi-elasticities.  fCost measures: 7 installed; B BOS (USD/kW).
& Price basis: constant 2022 USD; p subscript = PPP adjustment. " Only countries with at least 10 years of data
included. Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 22: Wind multivariable regression (FE)¢, long-panel subset"

Variable®d longb’C*f’g log prvc’f’g log;Ib’C’f*g log Bhefe
lgGDPPerCap -0.817%** -0.672%** -0.286%** -0.170
(0.120) (0.193) (0.090) (0.188)
FDIInflowPerGDP -0.023%* -0.079%** -0.029%** -0.086***
(0.010) (0.021) (0.009) (0.021)
GrossFixedCapForm 0.081%* 0.026 0.057 0.012
(0.048) (0.074) (0.036) (0.072)
TradePerGDP 0.082 0.078 -0.053 -0.068
(0.110) (0.203) (0.116) (0.216)
BidYield 0.078 0.088 0.045 0.072
(0.048) (0.114) (0.049) (0.111)
Patents 0.028 0.517 -0.001 0.494
(0.183) (0.371) (0.170) (0.366)
RCA 0.009 -0.174 -0.036 -0.213
(0.082) (0.248) (0.082) (0.254)
lgCapacityResid 0.009 -0.443 0.015 -0.438
(0.172) (0.351) (0.161) (0.347)
GINI 0.000 -0.002 -0.014 -0.014
(0.029) (0.075) (0.029) (0.072)
OilRentsPerGDP -0.008 -0.063 -0.023 -0.076
(0.025) (0.057) (0.026) (0.057)
UnemploymentPerLabor -0.016 -0.023 -0.009 -0.017
(0.034) (0.081) (0.032) (0.082)
lgPopCentered -0.034 -0.043 -0.032 -0.040
(0.044) (0.096) (0.044) (0.097)
lgCapacity -0.045 -0.074 -0.062 -0.102
(0.066) (0.137) (0.054) (0.136)
ExchangeRateUSD -0.144 -0.173 -0.375 -0.400
(0.559) (1.519) (0.623) (1.562)
R2 0.843 0.571 0.674 0.388
Adj. R? 0.816 0.496 0.618 0.281
N 396 391 396 391
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). " Country-clustered robust SEs in parentheses.

¢ Country and year fixed effects included. 9 Rows ordered by absolute magnitude/significance in log Z,.

¢ Interpretation: log DVs; semi-elasticities.  f Cost measures: Z installed; B BOS (USD/kW). & Price basis:
constant 2022 USD; p subscript = PPP adjustment. " Only countries with at least 10 years of data included.
Significance: * p<0.10; ** p<0.05; *** p<0.01.
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Table 23: Wind multivariable regression (FE)¢ with lagged regressors, long-panel subset"

Variable®d log Ipbvc’f*g log pr’cvf’g log zbefg log Bbefe
FDIInflowPerGDP-_; -0.030%** -0.063*** -0.033*** -0.067***
(0.006) (0.014) (0.006) (0.014)
lgGDPPerCap,_1 -0.590%** -0.369 -0.175% 0.046
(0.105) (0.300) (0.104) (0.300)
GrossFixedCapForm,_1 0.058 0.086 0.056* 0.082
(0.038) (0.093) (0.032) (0.087)
TradePerGDP,_; 0.050 0.135 -0.075 0.008
(0.102) (0.203) (0.109) (0.219)
Patents,_1 0.028 0.075 0.037 0.084
(0.027) (0.087) (0.030) (0.091)
UnemploymentPerLabor-_;  0.008 -0.027 0.004 -0.030
(0.031) (0.082) (0.031) (0.082)
OilRentsPerGDP_1 -0.002 -0.006 -0.011 -0.014
(0.030) (0.061) (0.025) (0.055)
lgCapacityResid,_1 -0.007 -0.023 0.019 0.003
(0.039) (0.061) (0.027) (0.063)
GINI,_1 -0.029 -0.009 -0.038 -0.018
(0.028) (0.068) (0.025) (0.066)
BidYield,_1 -0.053 0.183 -0.043 0.184*
(0.042) (0.117) (0.035) (0.105)
lgCapacity,—1 -0.054 -0.025 -0.102 -0.071
(0.083) (0.150) (0.071) (0.155)
RCA,_; -0.055 -0.261 -0.088 -0.293
(0.085) (0.253) (0.083) (0.250)
lgPopCentered 1 -0.057 -0.104 -0.031 -0.078
(0.046) (0.109) (0.043) (0.111)
ExchangeRateUSD,_1 -0.092 -0.312 -0.162 -0.378
(0.134) (0.348) (0.114) (0.330)
R2 0.825 0.550 0.740 0.434
Adj. R? 0.794 0.469 0.694 0.332
N 377 375 377 375
Time fixed effects Yes Yes Yes Yes
Country fixed effects Yes Yes Yes Yes
2 Predictors standardised (mean = 0, SD = 1). P Country-clustered robust SEs in parentheses.
¢ Country and year fixed effects included. 4 Rows ordered by absolute magnitude/significance in log Z,.

¢ Interpretation: log DVs; semi-elasticities.  fCost measures: 7 installed; B BOS (USD/kW).
& Price basis: constant 2022 USD; p subscript = PPP adjustment. " Only countries with at least 10 years of data
included. Significance: * p<0.10; ** p<0.05; *** p<0.01.
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