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The Paris Agreement calls for net anthropogenic CO2 emis-
sions to be halved within a decade and eliminated by 20501. 
Widespread adoption of renewable power generation is crucial 

to this effort1, with key synergies provided by end-use electrification 
for transport and heat2. Recent development of solar photovoltaic 
(PV) technology has been remarkable, with installed capacity rising 
from 25 to 600 GW from 2010 to 2019—the largest net growth of 
any generation technology3. A key to this expansion has been PV’s 
growing cost competitiveness: the benchmark levelized cost of PV 
electricity fell by 81% in 2009–2019 (ref. 3), twice the reduction fore-
seen for the decade by the International Energy Agency4.

PV prospects are especially relevant for decision-makers and 
investors concerned with stimulating the adoption of renewable 
generation for climate action. Solar resources largely exceed global 
energy demand5, and several observers expect PV technology to 
reach a dominant role by mid-century in the electricity sector, with 
a global installed capacity of more than 20 TW6–8. Others anticipate 
limited prospects for PV expansion due to land use constraints or 
grid flexibility9,10. In either case, further PV deployment requires 
addressing challenges such as grid integration and adoption of 
complementary storage technologies3,11.

Energy systems models and scenarios are common tools to 
quantify the potential uptake of technologies for guiding invest-
ments, planning infrastructures and evaluating policies12,13. Over 
the past decade, these model-based scenarios projected values of PV 
generation in 2050 from nearly zero to above 300 EJ yr−1, equivalent 
to capacity exceeding 60 TW (Fig. 1a). Such diversity is expected, 
given various expert views on PV prospects14, and it is helpful to 
avoid false confidence in the face of irreducible uncertainties15,16. 
Nonetheless, given that energy scenarios shape expectations and 
strategic choices for emerging technologies17,18, it is essential to 
explain the origins of this disparity in projected PV outcomes.

Some uncertainty in scenarios until now was attributed to 
techno-economic parameters: for a given energy model, different 
cost assumptions can more than double projected PV generation19,20. 
Across multiple models with consistent parametric assumptions, 
structural choices on power system modelling can similarly shift 

PV generation by a factor of two21,22. More broadly, the institutional 
background of models and scenarios has been argued to shape their 
assumptions and results23. For example, global scenarios published 
by fossil fuel firms tend to depict higher fossil energy demand than 
equivalent scenarios from non-governmental organizations (NGOs), 
possibly reflecting vested interests24. A quantification of the impact 
of these assumptions on projected PV outcomes is still lacking.

We therefore systematically analyse a new ensemble of 1,550 
long-term energy scenarios published since 2010 in peer-reviewed 
scientific publications, grey literature and two latest scenario data-
bases of the IPCC, focusing on PV global capacity over 2030–2050. 
We apply a new methodology based on statistical learning methods, 
where we identify archetypes of scenarios and scenario publications 
using spectral clustering and topic modelling. We then link general 
characteristics of scenarios, such as the type of organization, model 
and structural assumptions, with the projected growth of PV capac-
ity by using a non-linear classifier. The results indicate that general 
properties of the models and publications are associated with a large 
portion of the variation in projected PV outcomes. On the basis of 
these properties alone, the scenarios can be classified into quintiles 
in terms of PV capacity growth with 73% accuracy. Other scenario 
properties, such as explicit assumptions on PV costs or, in the case 
of non-IPCC scenarios, climate and technology policy, are left with 
a secondary contribution to projected PV adoption.

A framework for analysing uncertainty in global PV scenarios
The new scenario ensemble created in this study combines 1,360 
scenarios included in the IPCC SR1.5 and Fifth Assessment Reports 
(AR5)25,26, and 190 other systematically selected scenarios published 
since 2010 in peer-reviewed and grey literature (Supplementary 
Data 1). Figure 1b,c shows time series for installed PV capacity 
and generation in the subsets of IPCC and non-IPCC scenarios. 
Remaining analysis focuses on the equivalent compound annual 
growth rate (CAGR) of global installed PV capacity, computed 
from the scenario end date relative to 2010, so that scenarios can 
be compared across different horizons. We restricted the timeframe 
of the analysis to 2050, given the scarcity of non-IPCC projections 
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beyond this date. We use a framework that records three groups of 
categorical indicators (Fig. 2 and Supplementary Table 1), obtained 
from the publications or model documentations. First, we record 
meta-indicators for the date and type of publication, and the type 
and location of organization. A second group of model indicators 
tracks categorical data about the model, such as whether it is limited 

to the PV sector or covers broader energy system dynamics. Finally, 
policy indicators document general climate mitigation and technol-
ogy policies assumed in the scenario, if specified.

We extend this framework with additional properties, using 
statistical methods for clustering and topic modelling (detailed in 
Methods). Most PV scenarios in our ensemble are embedded in 
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Fig. 1 | Overview of the analysed scenario ensemble. a, a range of estimates of global technical PV potential5, projected TPED in 2050 (ref. 1) and 
projected PV generation in 2050 in the scenarios compiled in this study. Box plots show the mean (black marker), median (black line), interquartile range 
(box) and the minimum–maximum range (whiskers). b,c, Time series of PV generation and capacity grouped by the type of organization, for 1,360 IPcc 
scenarios (b) and 190 non-IPcc scenarios (c) compiled in this study. The y-axis values for PV generation and PV installed capacity are related with an 
average energy yield of 1,370 kWh kWp

−1 (ref. 7).
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long-term scenarios of the global energy system, and PV deploy-
ment is therefore conditional on assumptions of energy demand 
or technological development. To assess the impact of this wider 
scenario context, we use spectral clustering to group the scenarios  
across their projected CAGR for three other indicators: share of 

electricity generation in total primary energy demand (TPED), 
TPED itself and total energy-related CO2 emissions. In the subset  
of 1,392 scenarios that include these three indicators, we identify 
four representative scenario archetypes that we assign as an addi-
tional policy indicator. We then use probabilistic topic modelling 
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Fig. 3 | Visualization of projected PV growth in the overall ensemble, grouped by indicators. Boxplots show projected capacity caGR across 
meta-indicators (green), model indicators (orange) and policy indicators (blue). The projected caGR is computed from the end year of the scenario 
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to identify dominant text perspectives in the publications and to 
provide additional context on the points of view that may shape  
scenarios. We apply latent Dirichlet allocation (LDA) to identify 
eight dominant topics, based on the abstracts or summaries of the 
publications. We assign a corresponding meta-indicator for the 
dominant text perspective.

To understand sources of uncertainty in PV scenarios, we 
apply the XGBoost non-linear classification algorithm (detailed in 
Methods) to link these three groups of indicators with the CAGR 
of global PV capacity. As our analysis focuses on interpreting gen-
eral patterns, we group the scenarios into equal quintiles, based on 
their projected CAGR. We then use XGBoost to identify the most 
influential indicators towards this classification, based on Shapley 
additive explanation values27.

Projected PV growth and properties of the scenarios
Figure 3 shows the distribution of CAGR across the meta-indicators 
as well as model and policy indicators of the scenarios over the full 
scenario ensemble (Supplementary Fig. 1 shows IPCC and non-IPCC 
scenarios separately; Supplementary Tables 1–3 report statistics). 
Overall, European organizations project statistically significantly 
higher CAGR values than Asian and North American institutions 
(μ = 11.3 versus μ = 8.5 and μ = 10.7, respectively; P < 0.001). The 
CAGR values in scenarios from universities and research institutes 
are distributed more broadly than in corporate scenarios, indicating 
that academic scenarios consider the widest range of uncertainties. 
Scenarios published in reports project higher CAGR values than sci-
entific articles (μ = 13.6 versus μ = 10.5; P < 0.001). CAGR in scenar-
ios from corporate organizations is statistically significantly higher 
than CAGR from research institutes and universities (P < 0.01;  
Fig. 3 reports the means), except for general energy firms (includ-
ing fossil fuel firms) versus universities. Although consultancies 
and renewable-energy-focused firms have higher mean CAGR than 
general energy firms, these differences are not statistically signifi-
cant. There is also no significant difference between universities and 
research institutes, while renewable-energy-focused firms are the 
only category that have a significantly different CAGR from inter-
national organizations, such as the International Energy Agency 

(μ = 15.6 versus μ = 12.5; P < 0.05). The scenarios published in the 
second half of the 2010s are more optimistic than earlier scenarios,  
probably owing to revised assumptions reflecting improved techni-
cal and economic PV performance3.

The type and boundaries of models play an important role for 
CAGR, with a substantial difference in means across categories. 
Scenarios based on analytical methods have higher CAGR than 
optimization or simulation models (μ = 16.8 versus μ = 10.8 and 
μ = 9.9, respectively; P < 0.001), and models that focus on only solar 
technologies foresee higher adoption than energy system models 
(μ = 16.3 versus μ = 13.7; P < 0.05) or global models (μ = 16.3 versus 
μ = 9.9; P < 0.001). Similarly, models that do not explicitly specify 
technological change or PV growth constraints project higher mean 
CAGR (P < 0.001; Fig. 3 reports the means). If models include con-
straints, then ‘hard’ constraints on relative PV growth across time 
steps are associated with lower mean CAGR than in other catego-
ries (P < 0.001; Fig. 3), indicating that exogenous constraints may 
lead to parametric conservatism28. Models with exogenous techno-
logical change have slightly higher mean CAGR than in the case 
of endogenized technological change (μ = 10.8 versus μ = 10.4; 
P < 0.05). There are no statistically significant differences between 
models with perfect and myopic foresight, or between partial equi-
librium and general equilibrium models. Non-IPCC scenarios 
cover diverse projection horizons, while IPCC scenarios uniformly 
report data to 2050. We find significant differences between these 
horizons (P < 0.05; Fig. 3), except for scenarios ending in 2035 and 
2040. This could originate in different growth patterns, such as early 
exponential growth in shorter-term scenarios versus a saturated 
logistic curve in long-term scenarios. For scenarios ending in 2050, 
non-IPCC scenarios have a higher mean CAGR than IPCC sce-
narios (μ = 14.0 versus μ = 10.3; Supplementary Fig. 1). This differ-
ence equates to an installed PV capacity that would be, on average, 
higher by a factor of 3.7 in non-IPCC scenarios by 2050. We fur-
ther investigate the impact of projection horizon in Supplementary  
Fig. 2. The difference between IPCC and non-IPCC scenarios is 
more pronounced at the near-term 2030 horizon and it is equiv-
alent to an average installed capacity higher by a factor of 4.5 in 
non-IPCC scenarios.
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All pairwise statistical comparisons for the policy indicators are 
statistically significant (P < 0.05; Fig. 3). As expected, stricter cli-
mate and renewable energy policies are associated with higher PV 
CAGR. Scenarios with a restricted technology portfolio have higher 
mean CAGR than full-portfolio scenarios, because PV emerges as 
a stronger mitigation option in the absence of negative emissions 
technologies. Explicit modelling of climate policies of any kind is 
associated with lower mean values of CAGR than the scenarios in 

which policies are not specified, probably because the latter scenar-
ios correspond to more optimistic analytical projections.

We also analyse a subset of 116 scenarios that report PV cost 
assumptions. We focus on overnight utility-scale capital cost, rather 
than annualized cost or levelized cost of electricity, because these 
two are reported in few scenarios (Methods). Projected capital costs 
in the scenarios decrease over the publication period, mirroring 
actual values (Fig. 4a). However, some scenarios still project higher 
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future costs than the actual benchmark cost for PV at the time of 
publication, probably owing to the well-known modelling issue of 
‘assumption drag’29. There is also a general link between projected 
capital costs and projected CAGR (Fig. 4b), where scenarios with 
high costs tend to project relatively low CAGR. The IPCC scenar-
ios that report PV costs (found in only SR1.5) have relatively high 
costs compared with non-IPCC scenarios (Supplementary Fig. 3). 
However, the scenarios still vary substantially: for a given level of 
PV costs, there is a broad range of CAGR values and vice versa, 
reflecting other parametric and structural assumptions.

Global PV scenarios that are the primary focus of this study con-
ceal differences in regional PV deployment patterns. Supplementary 
Figs. 4 and 5 disaggregate the outcomes for Asia and the Middle 
East with Africa in the scenarios that provide these values. As with 
global outcomes, some patterns emerge across the types of organiza-
tion: international organizations tend to foresee higher deployment 
of PV in Asia, relative to the region’s TPED, but comparatively low 
PV adoption values in Africa. IPCC scenarios show a more diverse 
range of regional outcomes, including more optimistic pathways for 
PV growth in Africa and some pessimistic pathways in Asia.

Scenario archetypes and text perspectives
Figure 5a visualizes CAGR across four scenario archetypes iden-
tified in a subset of 1,392 scenarios that record variables used for 
clustering: high electrification with low CO2 emissions, middle 
ground, high energy use with high CO2 emissions and low electri-
fication. These archetypes are visualized in Supplementary Fig. 7, 
including representative shared socioeconomic pathways (SSPs)30. 
An additional unspecified archetype includes the remaining 158 
scenarios, such as the analytical scenarios that do not report TPED. 
The high-electrification archetype presents the highest mean 
CAGR for PV among the identified archetypes, because it typi-
cally includes high deployment of renewable electricity. The lowest 
mean CAGR is found in the high-energy high-CO2 archetype, fol-
lowed by the low-electrification archetype. All pairwise statistical  
comparisons show a significant difference (P < 0.001; Fig. 5a), except 
between high-electrification and unspecified scenarios. IPCC 
scenarios are more strongly associated with middle ground and 
low-electrification archetypes (Supplementary Fig. 8). Non-IPCC 
scenarios overrepresent archetypes with high energy use and high 

electrification, and explore the highest values for CAGR of electric-
ity share (Supplementary Fig. 7), but under-represent the middle 
ground and low-electrification archetypes.

Figure 5b,c presents findings on text perspectives identified in 
the overall scenario ensemble (Supplementary Figs. 9–13 detail 
the performance of topic modelling). Publications focused on 
sustainability or renewable energy show the highest mean CAGR 
values, followed by publications focused on short-term climate 
policy or SSPs30. The last two perspectives are typically associated 
with more recent publications, such as the IPCC SR1.5 scenarios 
(Supplementary Fig. 14). Publications emphasizing carbon cap-
ture and storage have the lowest mean CAGR, which is signifi-
cantly lower than most other perspectives (μ = 8.7 versus μ ≥ 11.0; 
P < 0.05), except for bioenergy and long-term climate policy. There 
are no significant pairwise differences among publications with 
dominant perspectives on short-term and long-term climate policy, 
SSPs, bioenergy and fossil-fuel-related publications. We find consis-
tent relationships among organization types, scenario archetypes, 
text perspectives, and subsets of IPCC and non-IPCC scenarios 
(Supplementary Fig. 8). Publications with dominant text perspec-
tive on solar and renewable energy, for example, overrepresent 
the archetype of high electrification. The publications with fossil 
fuel perspective are strongly associated with the archetype of high 
energy use. Some of the text perspectives, such as SSPs and carbon 
capture and storage, are exclusively associated with IPCC scenarios 
(Fig. 5a,b, grey annotations).

linking scenario properties and projected PV growth
We find that the scenarios can be classified into quintiles of PV 
CAGR with a relatively high accuracy of 73% using the XGBoost 
algorithm, on the basis of general indicators from our framework. 
The model performs especially well for the bottom and top quin-
tiles with lowest and highest CAGR values, but the classification is 
less reliable for the middle quintiles (Supplementary Fig. 15). Using 
Shapley additive explanation values27 to estimate relative variable 
importance, we show that policy indicators—climate policy, sce-
nario archetypes and technology policy—are ranked among the 
five most influential variables for the full ensemble of scenarios 
(Fig. 6a). Other indicators in principle unrelated to scenario defini-
tions, such as publication date, the type of modelling constraints 
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on PV or renewable energy deployment and text perspectives, also 
play an important role. Despite findings on the role of organiza-
tion type shown earlier in Fig. 3, this indicator does not emerge to 
be very influential in the overall classification; the importance of 
this indicator is influenced by the prevalence of IPCC scenarios in 
the ensemble, which are dominated by research institutes and uni-
versities. When using the same classifier to predict outcomes in 
the more diverse subset of 190 non-IPCC scenarios (Fig. 6c), the 
model boundaries, organization type, date and scenario archetypes 
become most influential.

The relatively strong classification accuracy implies that sce-
nario characteristics kept out of our framework, such as specific 
techno-economic assumptions, are left with a minor marginal con-
tribution, or are at least not independent of the indicators in our 
framework. To test this, Supplementary Figs. 16 and 17 present 
results after including PV capital costs as an additional explanatory 
variable (detailed in Methods). Overall accuracy remains at 73%, 
but increases to 77% for the 116 scenarios that include cost data. 
For the latter scenarios, PV cost assumptions remain less impor-
tant for projected PV growth than date, scenario archetype, model 
boundaries and constraints, and climate policy. PV cost assump-
tions have a non-negligible correlation with several other indicators 
(Supplementary Fig. 18, last column), such as date, text perspective, 
archetype and organization type. This probably reflects the progres-
sive revision of scenario assumptions over time as well as organiza-
tional factors31.

implications for decision-makers and scenario modellers
Our analysis shows that corporate scenarios as well as simpler mod-
els are consistently associated with relatively optimistic expectations 
of PV growth. Scenarios from research institutes and universities 
span the widest range of uncertainties, including the highest and 
lowest CAGR, but scenarios with highest PV adoption are mostly 
found outside the IPCC ensembles. A large portion of the uncer-
tainty in the scenarios is associated with general scenario indicators, 
such as the type and boundaries of energy model, date of publication  
and text perspective. It is well recognized that techno-economic 
assumptions influence scenario outcomes, and that their systematic 
reporting makes scenarios more interpretable for users32, but our 
results also show that projected PV growth in scenarios should be 
interpreted through the lens of who created these scenarios, when and 
how. These background characteristics may shape specific assump-
tions and are ultimately associated with much of the uncertainty  
in published PV scenarios. Overall prospects for PV are thus best 
understood in such systematic reviews of scenarios.

The value of organizational and model diversity to gener-
ate robust insights from scenarios has been repeatedly under-
lined15,23. Our ensemble of 1,550 PV scenarios reveals multiple 
complementary perspectives that already exist in peer-reviewed 
and grey literature. As the next IPCC assessment report is being 
written, this could benefit from a more diverse set of models and 
PV scenarios. The IPCC AR5 and SR1.5 scenario ensembles are 
relatively uniform in their organizational provenance and mod-
elling approach, and they also tend to be relatively conservative 
about PV growth or capital costs, particularly in the near term. 
The past decade is already full of examples of PV outpacing expec-
tations19,33. This pattern, and the rapid adoption of variable renew-
able energy in general, points towards a possible structural shift 
in the energy system. Such a departure from historical trends 
poses a challenge for developing, evaluating and validating mod-
els34–36, which must acknowledge deep uncertainties37 surround-
ing socio-technical change. There is a certain unavoidable inertia 
in assessing real-world developments (such as PV capital costs), 
updating model assumptions and publishing revised scenarios. 
This is compounded by the difficulty of distinguishing short-term 
fluctuations from fundamental long-term trends34 and by limited 

organizational resources13. In this setting, ensembles of models 
that span different levels of complexity and organizational back-
ground would contribute to robust insights35.

Solar PV was an especially relevant case to study because it com-
bines rapid scalability with large technical potential and, as a result, 
can present a wide spectrum of adoption pathways by mid-century. 
Similar attributes are found in other granular technologies for cli-
mate change mitigation38, such as electric vehicles, battery storage or 
heat pumps, which are currently also being implemented in global 
energy models39. Future work could therefore assess large scenario 
ensembles with a focus on these technologies.

Online content
Any methods, additional references, Nature Research report-
ing summaries, source data, extended data, supplementary infor-
mation, acknowledgements, peer review information; details of 
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Methods
Scenario ensemble. We systematically selected peer-reviewed publications from 
the Web of Science and Google Scholar databases that at least minimally included 
scenarios for global installed PV capacity and/or PV electricity generation for 
the 2030–2050 horizon. We limited our search to most recent publications 
that appeared in 2010 or later. The following query was used with appropriate 
adjustments to the Boolean operators: ((global AND solar AND (pv OR 
photovoltaic) AND (forecast OR scenario OR scenario OR adoption OR growth 
OR development) NOT weather NOT irradiance NOT radiation NOT hourly NOT 
daily)). We used exclusion operators to avoid papers with a focus on, for example, 
short-term weather-based forecasting of PV irradiance instead of long-term global 
projections.

This query returned 488 documents in the Web of Science Core Collection and 
32,600 documents in the Google Scholar database, from which we retained 1,000 
documents with the highest relevance score. The abstracts of these documents 
were assessed to keep the subset of publications that contained the relevant 
PV scenarios. Additional publications from the grey literature were identified 
from earlier reviews of global energy scenarios24,31,40–42. This process yielded 190 
scenarios from 77 documents, listed in Supplementary Data 1. We combine all 
these scenarios with 952 scenarios from the IPCC AR5 ensemble that report global 
values for PV26 and 407 scenarios from the IPCC SR1.5 ensemble25. The total 
number of scenarios in our ensemble was 1,550.

Numerical values for projected PV capacity, generation and utility-scale PV 
costs were extracted from the publications by using tabular data when available, 
or with the WebPlotDigitizer otherwise43. In addition to global scenarios, we 
extracted regional outcomes for non-Organisation for Economic Co-operation 
and Development (OECD) Asia and the Middle East plus Africa, when available; 
regional definitions were matched with the standard definitions of these regions 
used in IPCC SR1.5 scenarios, when possible. We focused on these two regions 
owing to their large technical PV potential and a wide range of projected PV 
outcomes44. Where available, we also collected scenario data for TPED, total 
electricity generation and energy-related CO2 emissions. Only a minority of 
non-IPCC scenarios report final energy use and their energy accounting methods, 
and therefore the analysis cannot be done in terms of final energy. We used 
global and regional TPED to compute a dimensionless scaled regional share for 
PV capacity SRegion,year (%), shown in Supplementary Figs. 4 and 5 for IPCC and 
non-IPCC scenarios, respectively:

SRegion;year ¼
PVRegion;year=PVWorld;year

TPEDRegion;year=TPEDWorld;year
;

where PV values are in gigawatts and TPED values are in exajoules per year. 
Based on the installed PV capacity in the scenarios, we computed the equivalent 
CAGR for each scenario, and used this variable as a primary indicator for our 
analysis. To compare scenarios more easily across different time horizons, CAGR 
was calculated from the end year of the scenario (or from 2050, for scenarios 
reporting values beyond this date), relative to historical values for 201045:

CAGRCapacity ¼
PVWorld;year

PVWorld;2010

  1
year�2010

" #
� 1:

Supplementary Fig. 2 shows the CAGR computed at a fixed horizon of 2030 
instead of the scenario end date, to compare near-term outcomes in the subsets of 
IPCC and non-IPCC scenarios that report outcomes at this date.

For the subset of 116 scenarios that include capital cost data, we used a similar 
expression to compute the equivalent projected CAGR of utility-scale PV system 
capital costs:

CAGRCost ¼
CostRegion;year
CostRegion;2010

  1
year�2010

" #
� 1;

where cost values are in US dollars per kilowatt. These values are tested as 
an additional explanatory variable for classification (Supplementary Figs. 16 
and 17), after grouping them into quintiles to avoid overfitting. For scenarios 
that include cost data in multiple regions, we used costs for Europe if available, 
or OECD otherwise. We used a reference historical value for small utility-scale 
systems in Germany in 20103, and converted currencies to US$2010 using OECD 
data46. We used capital costs in our analysis, rather than annualized capital costs 
or the levelized cost of electricity, to increase the sample of useable scenarios; 
only 38 scenarios report data on the levelized cost of electricity (none in the IPCC 
databases).

Framework for analysing the scenarios. The scenarios were compiled in a 
framework detailed in Supplementary Table 1, which applied a categorical typology 
grouped by meta-indicators, model indicators and policy indicators. We used the 
Python pandas library47 to structure this framework, and the Matplotlib library48 
to visualize the scenarios. The meta-indicators recorded general information about 
the scenario and publication, such as the type and location of the organization 
that produced the scenario. The model indicators provide information about 

the underlying model used to generate the scenarios, such as its boundaries 
or geographic resolution, and were selected following previous reviews49,50. 
We adjusted the choice of indicators to reduce redundancies or overly specific 
indicators that would identify individual models or modelling experiments. For 
instance, rather than explicitly distinguishing between models that represent either 
overnight technology adoption or dynamic transition pathways51, we represented 
this distinction through the combination of indicators for the type of model, 
foresight and technology expansion constraints. We also did not include indicators 
for storage modelling, due to the scarcity of data, which would overfit the analysis 
to specific scenarios. Lastly, policy indicators recorded basic assumptions used 
in the scenarios in relation to climate mitigation and technology policies, such as 
the level of climate mitigation. The information required for these indicators was 
obtained from the publications or model documentation, where available.

For each indicator, we checked for statistical differences across categories, using 
the Python statsmodels library52 to run a Kruskal–Wallis test, followed by a post 
hoc Conover–Iman test with Bonferroni correction. We evaluated correlations 
between categorical indicator values using Theil’s U (Supplementary Fig. 18). 
This metric accounts for the asymmetry of correlations between indicators with 
different cardinalities. The resulting asymmetry of row and column pairings 
in the visualization should be noted; for instance, the text perspective row is 
quite strongly associated with the document type column (U = 0.47), as some 
perspectives are strongly associated with either academic papers or grey literature 
reports. The converse is not true (U = 0.08), as each document type is associated 
with multiple text perspectives.

Spectral clustering. We used cluster analysis to identify archetypes of scenarios, 
separately from their projected PV outcomes, based on the projected CAGR of 
three other scenario indicators: the share of electricity generation in TPED, TPED 
itself and energy-related CO2 emissions. We first retained the subset of 1,392 
scenarios that provided these three indicators, out of the total ensemble of 1,550. 
For each indicator, we computed the equivalent CAGR projected by the scenario 
from the end year of the scenario (or from 2050, for scenarios reporting values 
beyond this date), relative to historical values for 201045. The CAGR values for 
each indicator were linearly scaled over [0,1] across the subset of scenarios. Owing 
to the lack of information on the energy accounting methods used, we did not 
account for different equivalency factors in TPED.

We then applied a spectral clustering algorithm to group the scenarios. This 
approach performs well on irregularly shaped clusters, unlike, for example, 
centroid-based techniques such as k-means clustering53, which offered less 
consistent performance in our application as assessed by a silhouette metric54. 
Spectral clustering follows a graph partitioning approach, using an affinity matrix 
constructed from a pairwise similarity measure for the samples to be clustered. 
In this case, we used spectral clustering with a k-nearest neighbours measure as 
implemented in the scikit-learn Python package55.

Based on an exploratory visualization of the ensemble, we chose four clusters. 
This number is sufficient to yield interpretable groupings across the three 
indicators, and it led to relatively well-balanced cluster sizes. A larger number 
would have caused overfitting in the classification analysis by identifying individual 
scenarios or publications. We chose a number of neighbours at k = 800 using the 
silhouette metric54 to quantitatively assess the separation between clusters, finding 
stable scores for k ≥ 600. We then subjectively labelled the resulting clusters as 
scenario archetypes (Fig. 5a) and assigned the archetypes as an additional policy 
indicator in the scenario framework. Supplementary Fig. 7 visualizes these 
archetypes on the indicators used for clustering.

Topic modelling. Probabilistic topic modelling is an unsupervised learning 
approach that assumes that text documents are composed of mixtures of topics, 
where a topic is a probability distribution over the vocabulary of terms contained 
in the documents56. We applied the common LDA approach57, which is a 
hierarchical Bayesian model. Compared with deterministic methods for topic 
modelling, such as non-negative matrix factorization58, LDA requires choosing 
hyperparameters to set prior distributions. This can be helpful to adjust the relative 
salience of individual documents in the identified topics59, which suits this study 
due to the large variation in document lengths across shorter article abstracts and 
longer executive summaries.

To prepare the publications for our analysis, we extracted the title, abstract 
and keywords of each scientific article in the ensemble, and merged them into a 
single document per article. For scenarios in the IPCC databases, we referred to 
the publication cited in the metadata of the scenarios if available, and otherwise to 
the overview publication cited in the AR5 database for the corresponding model 
intercomparison project. For reports without abstracts, we extracted the executive 
summary or preface. As each document is typically associated with multiple PV 
scenarios, particularly in the case of the IPCC overview publications, the number 
of documents in our ensemble (n = 127) is smaller than the number of scenarios. 
We preprocessed this selection of documents using the Gensim Python package60 
to tokenize documents into lists of terms, and remove punctuation and standard 
stop words (that is, common words such as ‘and’, ‘or’ and so on). We removed 
numerical data except for climate change targets, which were converted to text 
(that is, ‘two_degrees’). We also manually removed words identifying individual 

NATuRE CliMATE ChANgE | www.nature.com/natureclimatechange

http://www.nature.com/natureclimatechange


AnAlysisNaTure ClImaTe CHaNge

documents, such as the names of model intercomparison projects, institutions 
and named scenarios. We then used the spaCy Python package61 to lemmatize 
remaining terms (for instance, converting verbs of different tenses into present 
form). Finally, we used the Mallet library62 to fit an LDA topic model, through the 
application programming interface provided in Gensim.

To quantify the impact of the selected number of topics and distribution 
parameters on the quality of the topics that are identified by Mallet, we used the 
CV topic coherence measure63 owing to its relatively strong correlation with human 
interpretability. Supplementary Fig. 9 presents the effect of the two values of the α 
distribution parameter on the topic coherence over a range of 5–15 topics, as well 
as dominant words identified for eight topics based on topic-term probability. The 
topics were relatively robust to the distribution parameter, which tends to have 
a smoothing effect so that greater values identify a greater number of significant 
topics per document. We used the distribution parameter of α = 50/T, where 
T is the number of topics, following earlier empirical assessments64,65, and this 
yielded subjectively consistent topics. Topic coherence tends to increase with the 
number of topics, both quantitatively and subjectively, as this allows the topics to 
be more specific. However, a larger number may cause overfitting, as the topics 
may then identify individual publications with a particularly salient set of terms. 
We retained eight topics for further analysis, ensuring that each topic is dominant 
(that is, has the greatest probability) in at least five documents. Supplementary 
Fig. 10 shows the count of scenarios and publications for which each topic is 
predominant. Supplementary Fig. 11 shows a document–topic probability matrix 
following, for example, ref. 66, indicating that the topics are relatively distinct across 
documents. We assigned the dominant topic of each scenario as an additional 
meta-indicator of text perspective in our scenario framework. Supplementary 
Fig. 12 uses multidimensional scaling67 to visualize distances between the term 
frequencies and relative prevalence of each topic within the text ensemble. For 
instance, the renewable and fossil fuel topics are counterintuitively similar on the 
multidimensional scaling visualization. Although they differ in the technologies 
they emphasize, these topics are both typically derived from documents that 
discuss global long-term energy system trends, and consequently share some 
vocabulary. Supplementary Fig. 13 details this aspect, using a relevance metric68 to 
rank terms associated with each topic, and comparing the topic-specific frequency 
of relevant terms with their overall frequency. Following empirical guidelines68 to 
improve human interpretability, we ranked the terms by setting a parameter λ = 0.7 
to interpolate between baseline topic word probability and the term lift value69, 
which highlights particularly rare terms. Figure 5c shows resulting word clouds.

Classification algorithm. To quantitatively link scenario characteristics with 
projected PV outcomes, we applied the XGBoost learning algorithm70. XGBoost 
is an ensemble method based on gradient-boosted decision trees, which typically 
provides robust performance on a variety of classification and regression tasks27. A 
tree-based approach is well-suited for this study as our collected scenarios form an 
ensemble of opportunity, rather than a systematic sampling across the categorical 
values described in the scenario typology. This causes multiple collinearities 
between indicators and missing combinations of values. For instance, research 
institute scenarios and their corresponding text perspectives are clustered around 
the publication dates that correspond to IPCC reports. In this setting, tree-based 
ensemble methods are more computationally efficient than neural networks, and 
more robust than linear regression methods27.

While XGBoost can be used for non-linear regression, the presence of multiple 
outliers in our scenario ensemble, such as counterfactual scenarios projecting 
near-zero PV capacity, tends to cause overfitting. As our analysis focuses on 
interpreting general patterns, we instead grouped the scenarios into quintiles 
based on their projected PV capacity CAGR. We then used XGBoost for multiclass 
classification, that is, predicting output quintile based on the input of scenario 
characteristics. We first encoded the categorical scenario framework indicators 
as integer variables. We then searched over a hyperparameter grid through 
the scikit-learn application programming interface to maximize classification 
accuracy and the area under the receiver operating characteristic curve for each 
quintile. This search relied on tenfold cross-validation with random shuffling 
across samples so that the subsets of AR5, SR1.5 and non-IPCC scenarios tended 
to be represented proportionally to their share in the ensemble. We obtained an 
ensemble of 300 trees with a maximum depth of four levels, a learning rate of 
0.15, a feature (column) sampling rate of 0.6 and a subsampling rate of 0.8. We 
kept default XGBoost parameters for shrinkage and regularization. We then used 
Shapley additive explanation values27 to estimate the importance of the policy 
indicators, model indicators and meta-indicators on projected PV outcomes. 
Compared with feature importance metrics based on permutation or on the mean 
decrease of impurity71,72, Shapley additive explanation values were found to be more 
robust across multiple evaluation metrics73, for instance, by properly accounting 
for higher-order interactions between features, correlated features, or categorical 
features with highly imbalanced classes.

We complemented the analysis by including PV capital cost assumptions as an 
additional explanatory variable (Supplementary Figs. 16 and 17). We implemented 
this variable using the CAGR of projected PV capital cost computed from the 
scenario end date, and grouped into quintiles to avoid overfitting to specific cost 
values and scenarios. Using the same hyperparameter search approach, we used a 

model comprising 300 trees with a maximum depth of four levels, a learning rate of 
0.8, a feature (column) sampling rate of 0.6 and a subsampling rate of 0.8.

Data availability
Data for IPCC SR1.5 and AR5 scenarios are available through the International 
Institute for Applied Systems Analysis portal25,26. Data for non-IPCC scenarios 
are available in the original sources; metadata for these sources are provided in 
Supplementary Data 1.

Code availability
The code used for analysis in this study is available from the corresponding author 
upon request. A code notebook presenting key steps of the analysis is available for 
download74.
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