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Integrated assessment and energy system models are challenged to account
for societal transformation dynamics, but empirical evidence is lacking on

whichfactorstoincorporate, how and to what extent this would improve the
relevance of modelled pathways. Here we include six societal factors related
toinfrastructure dynamics, actors and decision-making, and social and
institutional context into an open-source simulation model of the national
power system transition. We apply this modelin 31 European countries and,
using hindcasting (1990-2019), quantify which societal factors improved
the modelled pathways. We find that, if well-chosen and in most cases,
incorporating societal factors canimprove the hindcasting performance

by up to 27% for modelled installed capacity of individual technologies.
Public acceptance, investment risks and infrastructure lock-in contribute
the most to model performance improvement. Our study paves the way to
asystematic and objective selection of societal factors tobeincludedin
energy transition modelling.

Integrated assessment models of climate change and energy system
models are widely used to quantify low-carbon pathways at global
and national scales. For the power sector, which needs to decarbonize
earlier than other sectors', the models represent electricity supply,
end-use technologies, service demands and their interlinked dynam-
ics to assess the sector’s transformation to enable broader carbon
neutrality. In practice, this transformation depends on the co-evolution
oftechnical, social, economic, institutional or political factors, which
may induce lock-ins or tipping point dynamics and change feasibility
space for the emergence of new technologies” *. Modellers are now
increasingly requested to account for societal transformation dynamics
intheir modelled pathways toinform policymakers aboutintervention
designs, their feasibility and impact™ . Integrating the societal elements
inmodels is crucial to avoid biased policy recommendations that are
based on technical or economic criteria only’ and to better assess the
plausibility of achieving future climate objectives™.

Socialscientific knowledge on energy and climate mitigation has
so far evolved in parallel to modelling and analysis of pathways" with
rare links done either ex ante with informed storylines' or ex post by

evaluating pathways’ outputs on different societal indicators®. The few
articles that have attempted to represent societal factors of power sec-
tor transitions in technology-rich models have focused on one factor
atatime, suchas cost of capital', actors’ behaviour™" or social accept-
ance”. Asaresult, critiques of models have emerged in the meantime
about their poor ability to produce solutions-oriented outcomes or to
inform about feasibility”*"*, On the one hand, optimization models,
which are based on an intertemporal cost minimization with perfect
foresight approach, have shortcomings to capture any societal factors
and especially processes that influence investment decision-making,
such as mutual influence between actors and path dependency®’?.
Ontheother hand, analyses that endogenize multiple societal factors
into simulation rather than optimization models could contribute to
responding to these critiques, but such models, although commonin
policy analysis?, are at the early stage of development'®*?,

Most of all, it is unclear whether some societal factors should
be given priority over others for inclusion in models and how these
factors should be endogenized (see, for instance, recent methodol-
ogy description for the integration of capital costs®). Critiques have
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pointed out the limited performance of modelsin capturing real-word
transitions®®”, but it is unclear to what extent the incorporation of
societal factors would improve it or not. This relates to model evalua-
tion, which is an emerging topic in the energy and integrated assess-
ment modelling community to improve robustness and usefulness
of models for policymakers?. Hindcasting—assessing model ability
to reproduce past dynamics—is one relevant evaluation method to
assess the appropriateness and credibility of a model structure, The
few hindcasting exercises that have been done so far”?°~*' highlight
that the difficulty to capture investment dynamics in power sector
models is a general issue, regardless of the model type. To the best
of our knowledge, no hindcasting exercises have yet considered the
integration of societal factors.

Here we provide empirical evidence using an open-source
techno-economic simulation model of the power system transition
with a similar structure to some integrated assessment and energy
system simulation models (for example, BLUE*, GCAM*?, IMACLIM®,
IMAGE** or POLES*) where we incorporate, one by one and in combina-
tion, six societal factorsrelated to infrastructure dynamics, actors and
decision-making, and social and institutional context (Table 1). We set
up this model for 31 European countries (EU27, Switzerland, Iceland,
Norway and the United Kingdom) to allow generalizable insights and
conduct ahindcasting evaluation of power capacity expansion, renew-
able generation and CO, emissions from 1990 to 2019. This approach
allows us to conclude on which societal factors and how should be
ideally incorporated in future modelling.

Societal factors improve the model’s hindcasting
performance
We find thatincorporating societal factors in the model one by one or as
combinations mostly improves the hindcasting performance in terms
of installed capacity dynamics for most of the 31 European countries
studied (Fig.1). Only in the cases of Iceland and Latvia, the model ver-
sionwiththebest hindcasting performance (thatis, lowest error) is the
techno-economic one without societal factors incorporated. For the
rest, the model version with the best hindcasting performanceincludes
at least one societal factor. We obtain high heterogeneity between
countries in terms of hindcasting performance gain compared with
the techno-economic model. Minor gainin hindcasting performanceis
achievedfor Greece, Lithuania, Norway, Slovenia and Switzerland (less
than 1% of symmetric mean absolute percentage error (SMAPE)) and
low gain (less than 5%) for another eight countries (Belgium, Bulgaria,
Croatia, Ireland, Malta, Poland, Portugal and Romania). Countries with
minor gains are characterized by low cumulative installed capacities
in1990, below 10 GW, and a limited diversity of technologies, or by a
high proportion of hydroelectric power plants, whichinducesinertiain
the evolution of the system owing to long lifetimes. Values for Austria,
Cyprus, Denmark, France, Germany, Hungary, Italy, Luxembourg, Neth-
erlands and Slovakia lie in between 5% and 15%. We obtain the highest
hindcasting performance gain of more than 15% of SMAPE for six coun-
tries (Czech Republic, Estonia, Finland, Spain, Sweden and the United
Kingdom). This is mainly because, contrary to the techno-economic
model, the inclusion of some societal factors in the model allows to
better capture the increase in installed capacities of decentralized
renewable technologies (for example, biomass, offshore and onshore
wind and solar photovoltaic) observed in these countries from 2010.
Eveniftheinclusion of one or several societal factors canimprove
the hindcasting performance for most of the countries, there are many
cases when including some specific factors or their combinations,
the hindcasting performance gets worse than the performance of
the techno-economic model (Fig. 1). Societal factors hence need to
beincludedinanevidence-based way to avoid worsening the model’s
performance and hindcastingis arelevant approach to do so. We also
observealarge spread in terms of absolute hindcasting performance
(Fig.1). Onthe one hand, for Belgium, France, Lithuania, Luxembourg,

Malta, Netherlands, Portugal and Switzerland, the model version with
the worst hindcasting performance has abetter performance thanthe
average of the whole simulation set, all countries considered. Except
for France, Luxembourg and Netherlands, low performance gains are
obtained for these countries as well, pointing to a tiebreak between
additional modelling efforts and actual gain. On the other hand, for
Bulgaria, Norway and Sweden, the model version with the best hind-
casting performance gives more errors than the average value of the
whole hindcasting simulations set. For this second group of countries,
this suggests a potential for improving the model structure and the
way that societal factors are incorporated to improve the model per-
formance to capture capacity dynamics.

Inrelation to this statement, we also perform a sensitivity analysis
on the key assumptions used to represent the actors heterogeneity,
lock-in, fast transition, public acceptance and governance societal
factors (Table 1). For lock-in, fast transition, public acceptance and
governance societal factors (Table 1), we find that the direction of
accuracy variationinrelation to the techno-economic model remains
the same except with public acceptance for Estonia, Norway and Por-
tugal and with governance for Norway (Supplementary Figs. 3-6).
For Estonia, integrating public acceptance, with the assumption of a
40% population threshold supporting a technology below which the
technology in question can no longer be built, improves the hindcast-
ing performance. The hindcasting performance is reduced when a
30% population threshold is used because investmentsin nuclear start
earlier inthe model, whereas there is no nuclear capacity in historical
observations. For Portugal, the hindcasting performance decreasesin
the 50% population threshold case butincreasesin the 40% population
threshold case because the latter allows more investmentsin onshore
wind capacities, which is more in line with historical observations.
For Norway, integrating public acceptance with a 40% population
threshold decreases the hindcasting performance but increases it
with a 50% population threshold because it prevents investments in
nuclear capacity such as in historical observations. The hindcasting
performance decreases for governance when wind investment costs
arereduced by 20%, butincreases when reduced by 10% becausein the
first case, there are investments in both offshore and onshore wind
whereasthereis noinstalled offshore wind capacity in historical obser-
vations. For actors heterogeneity, the accuracy ismore sensitive to the
parameter we vary, the cost sensitivity of investments, compared with
the parameters varied for other societal factors (Supplementary Fig. 7)
because cost sensitivity drives the shares of new investments for all
technologies. Also, the direction of accuracy variation compared with
the techno-economic modelis modified for seven countries according
to the cost sensitivity value chosen. This calls for carefully calibrating
in future scenarios this parameter, widely used in some established
models****, to obtain consistent capacity dynamics.

Societal factor’s contribution differs by country
and factor

Theselection of societal factorsleading to the best hindcasting perfor-
mance differs between countries (Fig. 1). First, there is a difference in
terms of the number of societal factorsincorporated, ranging from one
for Croatia, Cyprus, Lithuania, Malta, Norway, Romania and Switzerland
to five for Netherlands. Except the latter, there is no country where
theintegration of more than four factorsleadsto anadditional gainin
performance. This suggests thatincreasing the complexity of the model
does not necessarily increase its accuracy, supporting previous find-
ings on complexity of technology representation in models*. Second,
the best combinations differ interms of societal factorsincorporated.
Eachsocietal factoris present for at least eight countriesin the model
version giving the best hindcasting performance, which suggests that
all societal factors analysed are potentially relevant to incorporate in
integrated assessment and energy system models. Public acceptance,
investment risks and lock-inare the societal factors most presentin the
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Table 1| Societal factors included in the model one by one and in combination

Aspects Societalfactors  Approach how this factor is represented in the model
included
Lock-in (L) Power capacity lifetime is extended by up to 10 (20; 30) years after the end of technical lifetime if this capacity is

economically profitable to keep using in the future at the same utilization rate.

Infrastructure dynamics  paet transition M

Existing capacity is retired before the end of the technical lifetime if it is economically profitable to build and use

alternative technologies at the same utilization rate. This capacity that is retired earlier for each technology is
limited annually to 2% (5%; 10%) of the total installed capacity.

Actor Lower cost sensitivity is assumed for investment choices?. Between two available technologies, a cost saving of
eorsEnd heterogeneity (A) 20% results in a 75% (60%; 90%) market share instead of 100%.
decision-making Investment Different weighted average costs of capital are used per country and technology’®.
risks (1)
Public Incumbent technologies and wind power capacity cannot be built when more than 60% (50%; 70%) of the
acceptance (P) population has a negative perception of them®. For wind power, the local acceptance is assumed to be 35% lower

than overall public acceptance to
Social and institutional

represent disamenity costs'**. Wind and solar power investment costs are

reduced by 20% if more than 80% of the population has a positive perception of these technologies.

context Governance (G)

The combination of electricity market liberalization and state-owned utilities facilitates the emergence of

renewable technologies®**°. When entry barriers are low and public ownership is high, a 20% (10%; 30%) decrease
in renewable investment costs is assumed. Conversely, when entry barriers are high and public ownership is low, a
20% (10%; 30%) increase in investment costs is assumed.

Methods provides more details on model implementation of these factors. Numbers in brackets refer to alternative parameter values tested for sensitivity analysis.

® Techno-economic

T Societal factors included

17.5
@
°
8) 15.0 _ "'y
3o
c C
© <
EQ
o -
»a_—)T: 12.5 4 T
Qg
0)5 L
c et - —— — JR [ _d |- - _ ¥ L _1_1__]- —
Zu Techno Lip { T Thp I LAIP e
2 -
$3 100 7 Sooneme ! LGy P TAIP T ap TAIP
£D I h G hd LAGTAPG
) P TAP LAIPG
E ® L LG Tl PG LAP
3 T L Lip
757 LAIP
o ® ) b
Tedl ‘HO'?COHO‘mIC‘ T T T T T T T T T T T T T T T T T T T T T T T T T T T
TN ORI DAL NN LLAR QDR ER_TFTFOTO AR R L
N LR F ST CFLP FEE FHFIIT SR TR IFHF P @ S

Fig. 1| Comparison of the hindcasting performance of the techno-economic
model and all model versions with societal factors included for 19990-2019 in
terms of installed capacity. Hindcasting performance corresponds to the values
of SMAPE over the years summed over all technologies. The lower (higher) is the
value, the better (worse) is the hindcasting performance. Red dots refer to the
techno-economic model version without societal factors incorporated. Black
bars refer to the range of model version with societal factors included one by
one and as combinations. With each societal factor represented or not, the range
of hindcasting performance for each country is based on 7 to 64 hindcasting
simulations depending on data availability (see Supplementary Fig. 1for details
about the combinations of factors considered). Data are presented as the range

between the minimum and maximum values. Countries are ordered by gainin
hindcasting performance induced by the inclusion of societal factors compared
with the techno-economic model. Country names are represented with three-
letter codes defined by the International Organization for Standardization

(ISO) 3166-1 Alpha-3 country codes. The blue line represents the average
hindcasting performance of all combination cases of countries and societal
factors. For each country, the combination of societal factors leading to the best
hindcasting performance s highlighted. Each letter refers to one societal factor
incorporated: L, lock-in; T, fast transition; A, actors heterogeneity; I, investment
risk; P, public acceptance; G, governance.

model versions giving the lowest errors, with respectively 18,15and 14
occurrences over 31 countries (Fig. 1).

Model hindcasting performanceis more sensitive to theincorpora-
tion of some societal factorsin the model than others, both positively
and negatively. Actors heterogeneity has the highest influence in most
countries (Fig. 2b), whichis expected since this factor accounts for cost
sensitivity, which, in turn, drives the shares of new investments for all
technologies. The second most influencing factor overall is the fast
transition factor, which represents more than 20% of the variance for
ten countries (Fig. 2b) but tends to decrease the hindcasting perfor-
mance for them (Fig. 2a). Public acceptanceis the third most influential

factor representing more than 10% of the hindcasting performance
variance in six countries (Austria, Germany, Netherlands, Portugal,
Romania and Switzerland), but with a negative effect on model hind-
casting performance for Switzerland and Romania (Fig. 2a,b). This
highlights theimportance to be cautious when introducing or omitting
these three factors because they are not always beneficial.
Interactions of certain societal factors also have a high influence
on hindcasting performance for Italy and Netherlands for which they
represent more than25% of the variance (Fig. 2b). Inthe case of Italy, this
ismainly due to asynergistic effect of fast transition and actors hetero-
geneity thatgives anoverall hindcasting gaingreater than the sumofthe
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Fig. 2| Influence of societal factors on model hindcasting performance
forinstalled capacity. a, The direction and size of the effect of each societal
factor.b, The analysis of variance on model hindcasting performance.
Hindcasting performance corresponds to the SMAPE over the years summed
over all technologies. Ina, the triangle represents the average relative model

performance across the hindcasting simulation subset with the considered
societal factor included. The point represents the average relative model
performance across the hindcasting simulation subset without the considered
societal factor included. Only the three mostinfluencing factors are represented
for readability. All factors are represented in Supplementary Fig. 2.

effects of each factor individually (Supplementary Fig. 1). Conversely,
for the Netherlands, we obtain antagonistic effect with the combination
of public acceptance and governance and with actors heterogeneity and
governance, which together give lower performance than the sumofthe
effects of each factorindividually (Supplementary Fig.1). Remarkably,
theintegration of any societal factor, one by one or in combination, has
limited influence on the model hindcasting performance for Lithuania
and Portugal (Fig. 2a). Lithuania is characterized by an oversized sup-
ply system compared with its electricity demand with low technology
diversity, creating a locked dynamics in all modelled pathways. For
Portugal, the much lower costs for coal and wind power compared with
other technologies drive the capacity dynamics in the model.

Hindcasting performance trade-offbetween
model outputs

For most countries, the combination of societal factors giving the
lowest deviation from historical data for capacity dynamics is not

the same as giving the lowest deviation for CO, emissions and the
share of renewable electricity production (Fig. 3). We hence obtaina
trade-offin hindcasting performance between model outputs but to
adifferent extent between countries. For afirst group of 17 countries
composed of Austria, Bulgaria, Croatia, Cyprus, Czech Republic, Esto-
nia, France, Germany, Hungary, Italy, Malta, Netherlands, Norway,
Poland, Portugal, Spain and the United Kingdom, the model version
giving the best hindcasting performance for installed capacity also
improves the model performance for the 2 other outputs compared
with the techno-economic model. For the second group of 11 coun-
tries composed of Belgium, Denmark, Finland, Greece, Ireland, Lux-
embourg, Romania, Slovakia, Slovenia, Sweden and Switzerland, the
model version giving the best hindcasting performance for installed
capacity gives more errors than the techno-economic model for at
least 1 of the other outputs. This suggests the need to use a combi-
nation of societal factors, like a country-specific pareto-optimal set
of factors, that altogether would allow to improve the hindcasting
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Fig. 3| Comparison of the hindcasting performance (relative to the techno-
economic model) for installed capacity, share of renewable electricity
production and CO, emissions for each country studied. Each dot referstoa

model version with one combination of societal factors incorporated. The black
dot represents the model version with the best hindcasting performance for
installed capacity.

performance for the three metrics, and other relevant model metrics
too. For Belgium, Denmark, Finland, Luxembourg and Sweden, there
are combinations of societal factors that are relevant toimprove the
performance for the three model outputs. Conversely, this is not
the case for Greece, Ireland, Romania, Slovakia, Slovenia and Swit-
zerland suggesting the need for these countries to better represent
the societal factors or to further modify the original structure of
the model.

Discussion

Thisstudy provides systematic evidence to further incorporate soci-
etal factors into integrated assessment models and energy system
models to construct low-carbon transition pathways. By doing a
multi-country hindcasting exercise with a simulation model of the
power sector with a similar structure to integrated assessment and
energy system simulation models (for example, BLUE*, GCAM™,
IMACLIM*, IMAGE** or POLES*), we draw implications for the future
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development of these models and related scenarios. We find that
incorporating societal factors related to infrastructure dynamics,
actors and decision-making, and social and institutional context
has the potential to improve the model performance to capture the
real-world dynamics of installed capacities of individual technologies
in the power sector. This finding is valid for most of the European
countries studied, but the combination of societal factors incorpo-
rated toincrease the hindcasting performance differs between coun-
tries. Actors heterogeneity influences the model outputs the most,
but publicacceptance, investment risks and lock-in of infrastructure
are most likely to be associated with abest hindcasting performance.
Modellers should hence focus their future research on these four
societal factors for integration into models.

We show that the gaininmodel performance induced by the inte-
gration of societal factors to capture power system dynamics depends
strongly on the national energy context. Low performance gains are
obtained for countries with small cumulative installed capacities and
with high shares of hydroelectric production in their electricity mix.
Conversely, high performance gains are obtained for countries that
tend to have high cumulative installed capacities and that have expe-
rienced in the past decade rapid growth in decentralized renewable
technologies. During the period 1990-2019, various technologies
were also at different stages of maturity and were therefore influenced
by societal factors in different ways. As the uptake of new electricity
technologiesis oftenerratic”’ and highly dependent on context-specific
factors®, theintegration of societal factors could help to better capture
this formative phase. We also highlight that a performant model struc-
ture forinstalled capacities is not necessarily relevant to capture other
output dynamics, such as renewable generation or CO, emissions, with
apotential accuracy trade-off. Going further, these elements suggest
that there is no one-size-fits-all approach and that models that repre-
sent national energy transitions should be more country specific in
buildingtheir structure and should be evaluated on different outputs
to choose one or several adequate model structures. Hindcasting
exercises are key here to provide evidence for model construction. Hav-
ing said that, our results also reveal that this high variation in country
contexts poses challenges to drawing generalizable explanations for
model hindcasting performance.

Our hindcasting study was limited to six societal factors frequently
mentioned in the literature as influencing investments and installed
power capacity dynamics. Our results are naturally sensitive to the
chosenindicators to proxy these factors andin the future one could test
alternative modelimplementations’. For instance, we chose two indica-
torsto proxy governance, namely entry barriers for access to competi-
tive electricity markets and ownership by state entities since there is
empirical evidence to relate these factors with investment patternsin
electricity generation®**°, But one could also test other indicators such
as state’s functioning capacity*' or functioning-of-government index*,
usedinrecentresearch on coal capacity dynamics. Inthe future, testing
theimpact of other societal factors or other model implementations of
the same societal factors could also be relevant, not only for countries
where societal factors decreased the model performance but also to
improve the model performance simultaneously on multiple outputs
for countries where we obtain a high-performance trade-off. Second,
including the factorsinfluencing electricity demand would be interest-
ingtobetter capturethe co-evolution of electricity demand and supply
that hasled to high overcapacity for some European countries*. Cap-
turing this co-evolutionis allthe moreimportantatatime whenenergy
security and demand reduction are backin the spotlight because of the
conflictin Ukraine. Finally, future work should include societal factors
and test the hindcasting performance of the whole energy system
models and eventually of integrated assessment models of climate
change. Beyond simulation models, endogenization of societal factors
into optimization models** could also be tested to potentially extend
these insights to another family of models.

Energy modellers are always torn between proposing the most
realisticmodel structure possible for policy relevance and at the same
time making simplifications to be able to interpret and communicate
theresults. This study confirms thatincreasing model complexity (that
is, incorporating more societal factors) is not equal to increasing model
accuracy and performance®. The hindcasting methodology could be
replicated during any model building phase** to obtain a parsimonious
model using as few explanatory variables as possible while still ensuring
that the model is ‘good enough’ for its specific purpose***°. Moreover,
this study highlights that the modellers’ decisions to incorporate
or not to incorporate societal factors are impactful for results. The
hindcasting methodology allows to disentangle the societal factors
that mostinfluence the model performance by themselves orininter-
actionwith other factors. The exercise done here hence paves the way
toreduce subjectivity of modeller’s decisions* and to be transparent
on the structural uncertainties of the model*. We also provide tools
and datasetsin this paper and elsewhere?**® to enable informed choice.

This study supports that further efforts should be devoted to two
aspects on model building methodology. First, introducing societal
factorsinintegrated assessment and energy system models can sub-
stantially improve their performance, which calls for a stronger coop-
eration of this community with social sciences to have representations
of societal factors more empirically based. This can be challenging in
practice because it implies bringing together researchers from dif-
ferent epistemic communities and methodological approaches. For
instance, some model structures coming from engineering may not be
easily adaptedintheir current state forincluding societal factors and,
whenrelevant, may raise issues of computational demand and results
tractability. There is also a potential issue of data availability in some
geographical areas, notably in the Global South where political and
social aspects of energy transition have been understudied so far®.

Second, integrated assessment and energy system models have
been mostly ‘diagnosed’ so far through prospective intercompari-
son exercises to identify their main assumptions, characteristics and
behaviour>®*'. To go further, we argue that this should be completed
by common hindcasting exercises, as done in this Article, to highlight
their (in)ability to capture sectoral and national dynamics and adapt
the modelstructure. However, aresearch project with large-scale hind-
casting experiments would not necessarily produce policy-relevant
outputs, which may be challenging for raising funding. Reproducing
past trends in hindcasting is not the guarantee of a better model per-
formance because energy-economy-social systems do not exhibit
structural constancy over time***2, However, a model that is good
enough to capture past trends can produce reference case scenarios
within a similar context to better define the feasibility space*. This is
crucial to give elements for discussing not only the techno-economic
but also socio-political feasibility of achieving climate targets**** and
to highlight how current socio-technical dynamics potentially hinders
climate ambition in the short term and what policies are needed™.

Methods

Summary

In our paper, we set up an open-source model of the power system
transition (‘The STONES model’ section) and followed a two-step mod-
elling approach. In the first step, we developed a set of hindcasting
simulations of national power generation and capacity expansion in
31 European countries (EU27, Switzerland, Iceland, Norway and the
United Kingdom) from 1990 to 2019. Each simulation corresponds to
amodel version where one or acombination of several societal factors
fromTablelareincluded (‘Representation of societal transformation
factors’section). Inthe second step, from each scenario, we extracted
the trends in terms of dynamics of installed capacity, generation and
CO, emissions and compared them to historical pathways to evaluate
the hindcasting performance. The ‘Hindcasting performance’ section
describes the metrics used to evaluate hindcasting performance.
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The STONES model

For the purpose of this study, we built an open-source simulation model
ofthe power system, called Socio-Technical Outlook of National Energy
System (STONES).STONES is abottom-up, technology-rich, simulation
model with a recursive dynamic of 1 year time step. The model can be
considered as a socio-technical energy transition model since it rep-
resents techno-economic detail, actor heterogeneity and transition
pathway dynamics®®. It includes 14 different electricity production
and storage technologies. The model takes as inputs national energy
systems data such as costs, resource potentials and flexibility con-
straints for each technology. The outputs are the installed capacities
of individual technologies and electricity production for every year
foralltechnologies. The STONES modelis composed of three distinct
modulesused consecutively at each time step: the electricity demand
module, the dispatch module and the capacity expansion module, all
described in detail in Supplementary Section 1.

The electricity demand module builds load duration curves for
the current year and the expected onesinthe future. It allows to obtain
hourly electricity demand values for the observed year to feed the
dispatch module, and for 5 years ahead to feed the capacity expan-
sion module. The model uses as inputs the hourly electricity demand
profiles and the hourly load factors of non-dispatchable renewable
technologiesfor the current year. The annual time series are aggregated
using clustering into six representative days to reduce calculation time
because of computational constraints.

The dispatch module determines the system-wide cost-optimal
dispatch by minimizing the sum of variable costs for all technologies
while satisfying hourly electricity demand constraints over the six
representative days obtained from the electricity demand module.
This optimizationis done satisfying different constraints on electricity
production, adequacy and transmission capacities.

The capacity dynamic module determines the evolution of
installed power capacity to satisfy the projected electricity demand
Syears later. As main inputs, the model uses technology costs, age of
installed capacity and expected load duration curves obtained from
the electricity demand module. First, the module estimates the total
capacity needed to satisfy the expected peak demand 5 years later
based on the expected capacity retirement over the following years.
Then, since only a part of the installed capacity generates power at
full load all year, the module divides the load duration curves into
load investment segments (that is, peak load, intermediate load and
base load) to make the link with dispatch decisions, following previ-
ous approaches®?**, The total needed capacity is then split between
technologies using amultinomiallogit equation,acommon approach
inenergy simulation models®**. To do so, for eachinvestment segment,
the technologies are compared based on their annualized levelized
costs. Finally, the capital stock evolves at each time step and for each
technology, based on new investments made and retirement of the
existing capacity according to the lifespan.

Representation of societal transformation factors

In the STONES model, we integrated six societal transformation fac-
tors related to three influencing aspects of energy transition, namely
infrastructure dynamics, actors and decision-making, and social and
institutional context (Table 1). Infrastructure dynamics influence the
transition speed of existing capital towards new technologies. On the
one hand, power infrastructure has long lifespan and is characterized
by lumpiness and a path-dependent evolution®”*®, This lock-in effect
factor incentivizes the usage of existing capacity for a longer time. On
the other hand, the market environment can incentivize earlier retire-
ment of capacities, inducing a more flexible infrastructure dynamics
and allowing a fast transition towards alternative power technologies.
We incorporate these two factorsin the model for coal, gas and nuclear
technologies since they have represented an important share of the
electricity mix in the past decades and because capacity age data were

available. Werepresent lock-inin the model by allowing a lifetime exten-
sionof 10 years. We also performa sensitivity analysis by testing the cases
with a lifetime extension of 20 and 30 years. To do so, at the expected
lifespan end of incumbent capacity, the model compares the costs of
continuing to use the incumbent capacity (that is, annual operational
costs) with the costs of building and using new capacity of alternative
technologies (thatis, annuallevelized costs). Torepresent fast transition,
asimilar comparison is done in each year in the model. In main model
runs, the earlier retired capacity is limited annually for each technol-
ogy to 2% of the total installed capacity. We also perform a sensitivity
analysis by testing the cases with a 5% and a 10% annual limit. The cost
comparisons are done for both societal factors, assuming that potential
alternative technologies would produce electricity in a similar pattern
toavoid, forinstance, inconsistent replacement of abase load technol-
ogy by a peak technology. We use a multinomial logit equation for this
comparisontoallow partial replacement and extension of the capacities.

When incorporating the aspects of actors and decision-making,
we modified the perceived technology costs and hence influenced the
direction of power capacity transition. First, there are various actors
involved in the process of capacity investment decision-making, and
some of themallocate alower weight to technology cost for their deci-
sion. Werepresent actors heterogeneity inthe model by decreasing the
cost sensitivity of investment choices in the multinomial logit equa-
tion’. Inthe main runs, we assume that between two available technolo-
gies, acostsaving of 20% resultsina75% market shareinstead of 100%.
We also performasensitivity analysis by testing the cases where a cost
saving of 20% results in a 60% and 90% market. Second, investment
risks quantified by the cost of capital appear as an important driver
of investment choices, especially for technologies with high upfront
costs, such as renewable generation®’, and it evolves over time and
differs between countries®. Following the methodology of Steffen™,
we represent risk in the model by replacing the discount rate with the
weighted average cost of capital in the levelized cost calculation dif-
ferentiated by country, technology and observed year.

The social and institutional contexts create nonlinear change in
energy transition by either continuing past trends of investments or,
with changes beyond a certain threshold, speeding up the uptake of
new technologies. First of all, public acceptance influences the emer-
gence of renewable generationin the energy landscape. Wind energy
diffusion has recently slowed downin some countries owing to public
acceptance issues®. Negative public opinion about incumbent tech-
nologies can lead to atechnology phase-out such as nuclear power in
Germany during the 2010s, creating a window of opportunity for the
emergence of renewable technologies. Torepresent this stylized fact,
we assumed that a technology cannotbe builtin the model for agiven
year when more than 60% of the population has a negative perception
of it, following Cotterman et al.*>. We also performasensitivity analysis
by testing the cases with 40% and 70% population thresholds. For wind
power, local acceptance of wind projects is a more important factor
than overall public opinion because of potential disamenity costs”®.
Based ondata from previous studies'**, we assumed that local accept-
ance is 35% lower than overall public acceptance for wind power and
thenused this figure to apply the same approach as for other technolo-
giestorepresent power technologies rejection. Conversely, widespread
positive opinion about renewable generation technologies over the
population creates pressure on governments for the adoption of sup-
port policies®. To represent the variation in perception of adoption
costs, we assumed that wind and solar investment costs are reduced
by 20% if more than 80% of the population has a positive perception
of these technologies. Public opinion data on electricity generation
technologies come from Eurobarometer surveys carried out by the
European commissionin1991,1993,1997,2002,2006,2007,2010 and
2012, the European Social Survey Round 8 carried outin 2016 and the
Global Snap Poll carried out by WIN-Gallup International in 2011 (see
detailed sources by technologies in Supplementary Table1).
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Second, governance of national power infrastructure and markets
tends to modify the investment patterns. Energy liberalization has
increased public support for renewable energy in Organisation for
Economic Co-operation and Development (OECD) countries, mainly
because of reduction in entry barriers*’. State-owned utilities show
higher tendency to invest in renewable generation®. We represent
these trends in the model by modifying as well the investment cost for
solar and wind technologies in relation to two governance indicators
obtained fromthe OECD Product Market Regulation database®: legal or
administrative barriers for third-party access to competitive electricity
markets (entry barriers) and ownership or direct control of transmis-
sion and generation enterprises by state entities (public ownership).
Indicator values range from 0 to 6. When entry barriers are low (<2) and
public ownership is high (=4), we assumed a 20% decrease of invest-
ment costs. Conversely, when entry barriers are high (>4) and public
ownershipislow (<2), weassumed a20%increase of investment costs.
We also perform a sensitivity analysis with a 10% and a 30% decrease
of investment costs.

Historical data

Most of the historical data about costs, generation and capacity
dynamics come from the same data package*:. It covers the period
0f1990-2019 for the 31 European countries used in this Article. Origi-
nal data sources were identified using a literature review focused on
open-access sources, energy company statistics and national agency
statistics. These original data sources were then harmonized to ena-
ble their use as input parameters for power system modelling. This
approach produced four types of processed datafile for each country:
a country file documenting nationally aggregated variables, such as
annual time series of electricity demand, transmission and distribution
losses, and peak load; technology files describing techno-economic
variables for each major generation technology in the country’s elec-
tricity mix, such as annual time series of investment costs, installed
capacities and actual generation; resource files describing CO, emis-
sionsintensities and annual time series of costs for each generation fuel
or input resource; and load profiles describing 24-hour national load
curves for each available year. The data package includes an annotated
list of all used original data sources, describes harmonization and
processing steps for each variable, and provides the final processed
data files in comma-separated format. Other input data and sources
used to represent the societal factors are described in the main text
(Table 1), Methods and Supplementary Table 1.

Hindcasting performance

For each country, we ran hindcasting simulations using model versions
with different combinations of societal factors included, following
the model development methodology of Wen et al.**. By each soci-
etal factor being either represented or not, if all data were available,
we obtained 64 (2°) hindcasting simulations per country. For each
hindcasting simulation, we quantified for different outputs (installed
capacity, CO,emissions and renewable generation share) the deviation
between simulation outputs and historical values over the 1990-2019
period. Todoso, wefirst calculated the SMAPE over the years, whichisa
relevantindicator to evaluate hindcasting performance interms of the
absolute magnitude of the deviations®. This indicator is also an abso-
luteindicator without cancelation effect, which allowed us to sum the
values obtained over the different technologies for installed capacity
toobtainanoverall accuracy indicator. We then quantified the relative
performance gainor loss brought by the inclusion of societal factorsin
the model compared with the techno-economic model version without
societal factorsincluded. We finally identified the societal factors that
contribute the most to the variability of hindcasting performance. To
doso, we performed analysis of variance on hindcasting performance
to compare the contributions to variance of societal factors and their
interactions. We also captured the effect direction of each societal

factor inclusion by comparing the average values of performance
over the simulation subsets with and without the considered societal
factorincluded®.

Data availability

Historical data about costs, generation and capacity dynamics are
available via Zenodo at https://doi.org/10.5281/zenodo.6696776 (ref.
68).0therinput dataand sources used torepresent the societal factors
are described in the main text (Table 1), Methods and Supplementary
Table 1. Output data from hindcasting simulations are available via
Zenodo at https://doi.org/10.5281/zenod0.14258386 (ref. 69).

Code availability

The code for the version of the STONES model used for this analysis can
be obtained via Zenodo at https://doi.org/10.5281/zenodo.14258386
(ref. 69).

References

1. Méjean, A., Guivarch, C., Lefévre, J. & Hamdi-Cherif, M. The
transition in energy demand sectors to limit global warming to
1.5°C. Energy Effic. 12, 441-462 (2019).

2. Jewell, J. & Cherp, A. On the political feasibility of climate change
mitigation pathways: is it too late to keep warming below 1.5°C?
WIREs Clim. Change 11, €621 (2020).

3. Geels, F. W.,, Sovacool, B. K., Schwanen, T. & Sorrell, S.
Sociotechnical transitions for deep decarbonization. Science 357,
1242-1244 (2017).

4. Jewell, J. & Cherp, A. The feasibility of climate action: bridging
the inside and the outside view through feasibility spaces. WIREs
Clim. Change 14, e838 (2023).

5. Pianta, S. & Brutschin, E. Emissions lock-in, capacity, and public
opinion: how insights from political science can inform climate
modeling efforts. Polit. Gov. 10, 186-199 (2022).

6. Krumm, A., Susser, D. & Blechinger, P. Modelling social aspects of
the energy transition: what is the current representation of social
factors in energy models? Energy 239, 121706 (2022).

7. Peng, W. et al. Climate policy models need to get real about
people—here’s how. Nature 594, 174-176 (2021).

8. Keppo, I. et al. Exploring the possibility space: taking stock of the
diverse capabilities and gaps in integrated assessment models.
Environ. Res. Lett. 16, 053006 (2021).

9. Trutnevyte, E. et al. Societal transformations in models for energy
and climate policy: the ambitious next step. One Earth 1, 423-433
(2019).

10. Moore, F. C. et al. Determinants of emissions pathways in the
coupled climate-social system. Nature 603, 103-111 (2022).

M. Hirt, L. F., Schell, G., Sahakian, M. & Trutnevyte, E. A review of
linking models and socio-technical transitions theories for energy
and climate solutions. Environ. Innov. Soc. Transit. 35, 162-179
(2020).

12. van Sluisveld, M. A. E. et al. Aligning integrated assessment
modelling with socio-technical transition insights: an application
to low-carbon energy scenario analysis in Europe. Technol.
Forecast. Soc. Change 151, 119177 (2020).

13. Brutschin, E. et al. A multidimensional feasibility evaluation
of low-carbon scenarios. Environ. Res. Lett. 16, 064069
(2021).

14. Steffen, B. Estimating the cost of capital for renewable energy
projects. Energy Econ. 88, 104783 (2020).

15. Verrier, B., Li, P.-H., Pye, S. & Strachan, N. Incorporating social
mechanisms in energy decarbonisation modelling. Environ. Innov.
Soc. Transit. 45, 154-169 (2022).

16. Li, F. G. N. Actors behaving badly: exploring the modelling of
non-optimal behaviour in energy transitions. Energy Strategy Rev.
15, 57-71 (2017).

Nature Energy | Volume 10 | April 2025 | 460-469

467


http://www.nature.com/natureenergy
https://doi.org/10.5281/zenodo.6696776
https://doi.org/10.5281/zenodo.14258386
https://doi.org/10.5281/zenodo.14258386

Article

https://doi.org/10.1038/s41560-025-01719-7

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Koecklin, M. T., Longoria, G., Fitiwi, D. Z., DeCarolis, J. F. & Curtis,
J. Public acceptance of renewable electricity generation and
transmission network developments: insights from Ireland.
Energy Policy 151, 112185 (2021).

Stern, P. C., Dietz, T., Nielsen, K. S., Peng, W. & Vandenbergh, M. P.
Feasible climate mitigation. Nat. Clim. Change 13, 6-8 (2023).
Braunreiter, L., van Beek, L., Hajer, M. & van Vuuren, D.
Transformative pathways—using integrated assessment models
more effectively to open up plausible and desirable low-carbon
futures. Energy Res. Soc. Sci. 80, 102220 (2021).

Pye, S. et al. Modelling net-zero emissions energy systems
requires a change in approach. Clim. Policy 21, 222-231

(2021).

Mercure, J.-F. et al. Modelling complex systems of heterogeneous
agents to better design sustainability transitions policy. Glob.
Environ. Change 37, 102-115 (2016).

IAMC. Models and Documentation. https://www.iamconsortium.
org/resources/models-documentation (2024).

Freeman, R. Modelling the socio-political feasibility of energy
transition with system dynamics. Environ. Innov. Soc. Transit. 40,
486-500 (2021).

Li, F. G. N. & Strachan, N. Take me to your leader: using
socio-technical energy transitions (STET) modelling to explore
the role of actors in decarbonisation pathways. Energy Res. Soc.
Sci. 51, 67-81(2019).

Lonergan, K. E. et al. Improving the representation of cost of
capital in energy system models. Joule 7, 469-483 (2023).
Creutzig, F. et al. The underestimated potential of solar energy to
mitigate climate change. Nat. Energy 2, 1-9 (2017).

Gilbert, A. Q. & Sovacool, B. K. Looking the wrong way: bias,
renewable electricity, and energy modelling in the United States.
Energy 94, 533-541(2016).

Wilson, C. et al. Evaluating process-based integrated assessment
models of climate change mitigation. Clim. Change 166, 3
(2021).

Wen, X., Jaxa-Rozen, M. & Trutnevyte, E. Accuracy indicators for
evaluating retrospective performance of energy system models.
Appl. Energy 325, 119906 (2022).

Fujimori, S., Dai, H., Masui, T. & Matsuoka, Y. Global energy model
hindcasting. Energy 114, 293-301(2016).

Trutnevyte, E. Does cost optimization approximate the real-world
energy transition? Energy 106, 182-193 (2016).

Wise, M. et al. Representing power sector detail and flexibility in a
multi-sector model. Energy Strategy Rev. 26, 100411 (2019).
Bibas, R. et al. IMpact Assessment of CLIMate Policies with
IMACLIM-R 1.1. Model Documentation Version 1.1. HAL (2022).

de Boer, H. S. & van Vuuren, D. P. Representation of variable
renewable energy sources in TIMER, an aggregated energy
system simulation model. Energy Econ. 64, 600-611(2017).
Després, J. et al. Storage as a flexibility option in power systems
with high shares of variable renewable energy sources: a
POLES-based analysis. Energy Econ. 64, 638-650 (2017).
Priesmann, J., Nolting, L. & Praktiknjo, A. Are complex energy
system models more accurate? An intra-model comparison of
power system optimization models. Appl. Energy 255, 113783
(2019).

Zielonka, N., Wen, X. & Trutnevyte, E. Probabilistic projections of
granular energy technology diffusion at subnational level. PNAS
Nexus 2, pgad321(2023).

Brutschin, E., Cherp, A. & Jewell, J. Failing the formative phase:
the global diffusion of nuclear power is limited by national
markets. Energy Res. Soc. Sci. 80, 102221 (2021).

Steffen, B., Karplus, V. & Schmidt, T. S. State ownership and
technology adoption: the case of electric utilities and renewable
energy. Res. Policy 51,104534 (2022).

40.

4.

42.

43.

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54.

56.

56.

57.

58.

59.

60.

61.

Nicolli, F. & Vona, F. Energy market liberalization and renewable
energy policies in OECD countries. Energy Policy 128, 853-867
(2019).

Brutschin, E., Schenuit, F., van Ruijven, B. & Riahi, K. Exploring
enablers for an ambitious coal phaseout. Polit. Gov. 10, 200-212
(2022).

Jewell, J., Vinichenko, V., Nacke, L. & Cherp, A. Prospects for
powering past coal. Nat. Clim. Change 9, 592-597 (2019).

Moret, S., Babonneau, F., Bierlaire, M. & Maréchal, F. Overcapacity
in European power systems: analysis and robust optimization
approach. Appl. Energy 259, 113970 (2020).

Wen, X., Jaxa-Rozen, M. & Trutnevyte, E. Hindcasting to inform the
development of bottom-up electricity system models: the cases
of endogenous demand and technology learning. Appl. Energy
340, 121035 (2023).

Schwanitz, V. J. Evaluating integrated assessment models of
global climate change. Environ. Model. Softw. 50, 120-131 (2013).
Oreskes, N. Evaluation (not validation) of quantitative models.
Environ. Health Perspect. 106, 1453-1460 (1998).

Muttitt, G., Price, J., Pye, S. & Welsby, D. Socio-political feasibility
of coal power phase-out and its role in mitigation pathways. Nat.
Clim. Change 13, 140-147 (2023).

Jaxa-Rozen, M., Wen, X. & Trutnevyte, E. Historic data of the
national electricity system transitions in Europe in 1990-2019 for
retrospective evaluation of models. Data Brief 43, 108459
(2022).

Apfel, D., Haag, S. & Herbes, C. Research agendas on renewable
energies in the Global South: a systematic literature review.
Renew. Sustain. Energy Rev. 148, 111228 (2021).

Harmsen, M. et al. Integrated assessment model diagnostics: key
indicators and model evolution. Environ. Res. Lett. 16, 054046
(2021).

Krey, V. et al. Looking under the hood: a comparison of
techno-economic assumptions across national and global
integrated assessment models. Energy 172, 1254-1267 (2019).
DeCarolis, J. F., Hunter, K. & Sreepathi, S. The case for repeatable
analysis with energy economy optimization models. Energy Econ.
34,1845-1853 (2012).

Vinichenko, V., Vetier, M., Jewell, J., Nacke, L. & Cherp, A. Phasing
out coal for 2°C target requires worldwide replication of most
ambitious national plans despite security and fairness concerns.
Environ. Res. Lett. 18, 014031 (2023).

Cherp, A., Vinichenko, V., Tosun, J., Gordon, J. A. & Jewell, J.
National growth dynamics of wind and solar power compared

to the growth required for global climate targets. Nat. Energy 6,
742-754 (2021).

Gambhir, A. Powering past coal is not enough. Nat. Clim. Change
13, 117-118 (2023).

Li, F. G. N., Trutnevyte, E. & Strachan, N. A review of
socio-technical energy transition (STET) models. Technol.
Forecast. Soc. Change 100, 290-305 (2015).

Fisch-Romito, V., Guivarch, C., Creutzig, F., Minx, J. C. & Callaghan,
M. W. Systematic map of the literature on carbon lock-in induced
by long-lived capital. Environ. Res. Lett. 16, 053004 (2021).
Fouquet, R. Path dependence in energy systems and economic
development. Nat. Energy 1, 16098 (2016).

Hirth, L. & Steckel, J. C. The role of capital costs in decarbonizing
the electricity sector. Environ. Res. Lett. 11, 114010 (2016).

Egli, F., Steffen, B. & Schmidt, T. S. A dynamic analysis of financing
conditions for renewable energy technologies. Nat. Energy 3,
1084-1092 (2018).

Cousse, J., Wistenhagen, R. & Schneider, N. Mixed feelings on
wind energy: affective imagery and local concern driving social
acceptance in Switzerland. Energy Res. Soc. Sci. 70, 101676
(2020).

Nature Energy | Volume 10 | April 2025 | 460-469

468


http://www.nature.com/natureenergy
https://www.iamconsortium.org/resources/models-documentation
https://www.iamconsortium.org/resources/models-documentation

Article

https://doi.org/10.1038/s41560-025-01719-7

62. Cotterman, T., Small, M. J., Wilson, S., Abdulla, A. & Wong-Parodi,

G. Applying risk tolerance and socio-technical dynamics for more
realistic energy transition pathways. Appl. Energy 291, 116751 (2021).

63. Ruhnau, O, Eicke, A., Sgarlato, R., Trondle, T. & Hirth, L.
Cost-potential curves of onshore wind energy: the role of
disamenity costs. Environ. Resour. Econ. https://doi.org/10.1007/
s10640-022-00746-2 (2022).

64. Harold, J., Bertsch, V., Lawrence, T. & Hall, M. Drivers of people’s
preferences for spatial proximity to energy infrastructure
technologies: a cross-country analysis. Energy J. 42, 47-90 (2021).

65. Stokes, L. C. & Warshaw, C. Renewable energy policy design and
framing influence public support in the United States. Nat. Energy
2,1-6 (2017).

66. Product Market Regulation Network Sectors Indicators: Methodology
for Calculating the 1975-2018 Time Series (OECD, 2018).

67. Guivarch, C. & Monjon, S. Identifying the main uncertainty drivers
of energy security in a low-carbon world: the case of Europe.
Energy Econ. 64, 530-541(2017).

68. Jaxa-Rozen, M., Wen, X. & Trutnevyte, E. Historic data of the
national electricity system transitions in Europe in 1990-2019
for retrospective evaluation of models. Zenodo https://doi.
0rg/10.5281/zenodo.6696776 (2022).

69. Fisch-Romito, V., Jaxa-Rozen, M., Wen, X. & Trutnevyte, E. Model
code and outputs for the manuscript "Multi-country evidence on
societal factors to include in energy transition modeling". Zenodo
https://doi.org/10.5281/zenodo.14258386 (2024).

70. Polzin, F. et al. The effect of differentiating costs of capital by
country and technology on the European energy transition. Clim.
Change 167, 26 (2021).

Acknowledgements

This work received funding from the Swiss National Science
Foundation Eccellenza Grant for the project ‘Accuracy of long-range
national energy projections’ (grant number 186834, V.F.-R., X.W. and
ET.) and from the Swiss State Secretariat for Education, Research, and
Innovation (SEFRI) for the project ‘Net-zero pathway research through
integrated assessment model advancements (PRISMA)’ (project
number 101081604, E.T.). We thank B. Steffen and F. Polzin for having
provided the dataset of weighted average cost of capital.

Author contributions
Methodology, V.F.-R. and ET; software, V.F.-R.; investigation, V.F.-R.;
data curation, M.J.-R., XW. and V.F.-R.; conceptualization, V.F.-R. and

E.T.; writing (original draft), V.F.-R.; writing (review and editing), V.F.-R.,
M.J.-R., XW. and ET.; visualization, V.F.-R.; supervision, E.T.; funding
acquisition, E.T.

Funding

Open access funding provided by University of Geneva.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41560-025-01719-7.

Correspondence and requests for materials should be addressed to
Vivien Fisch-Romito.

Peer review information Nature Energy thanks Karlo Hainsch and the
other, anonymous, reviewer(s) for their contribution to the peer review
of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2025

Nature Energy | Volume 10 | April 2025 | 460-469

469


http://www.nature.com/natureenergy
https://doi.org/10.1007/s10640-022-00746-2
https://doi.org/10.1007/s10640-022-00746-2
https://doi.org/10.5281/zenodo.6696776
https://doi.org/10.5281/zenodo.6696776
https://doi.org/10.5281/zenodo.14258386
https://doi.org/10.1038/s41560-025-01719-7
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Multi-country evidence on societal factors to include in energy transition modelling

	Societal factors improve the model’s hindcasting performance

	Societal factor’s contribution differs by country and factor

	Hindcasting performance trade-off between model outputs

	Discussion

	Methods

	Summary

	The STONES model

	Representation of societal transformation factors

	Historical data

	Hindcasting performance


	Acknowledgements

	Fig. 1 Comparison of the hindcasting performance of the techno-economic model and all model versions with societal factors included for 1990–2019 in terms of installed capacity.
	Fig. 2 Influence of societal factors on model hindcasting performance for installed capacity.
	Fig. 3 Comparison of the hindcasting performance (relative to the techno-economic model) for installed capacity, share of renewable electricity production and CO2 emissions for each country studied.
	Table 1 Societal factors included in the model one by one and in combination.




