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Abstract
Climate change mitigation scenarios generated by integrated assessment models have been 
extensively used to support climate change negotiations on the global stage. To date, most stud-
ies exploring ensembles of these scenarios focus on the global picture, with more limited atten-
tion to regional metrics. A systematic approach is still lacking to improve the understanding 
of regional heterogeneity, highlighting key regional decarbonisation measures and their rela-
tive importance for meeting global climate goals under deep uncertainty. This study proposes a 
novel approach to gaining robust insights into regional decarbonisation strategies using machine 
learning techniques based on the IPCC SR1.5 scenario database. Random forest analysis first 
reveals crucial metrics to limit global temperature increases. Logistic regression modelling and 
the patient rule induction method are then used to identify which of these metrics and their com-
binations are most influential in meeting climate goals below 2 °C or below 1.5 °C. Solar power 
and sectoral electrification across all regions have been found to be the most effective measures 
to limit temperature increases. To further limit increase below 1.5 °C and not only 2 °C, decom-
missioning of unabated gas plants should be prioritised along with energy efficiency improve-
ments. Bioenergy and wind power show higher regional heterogeneity in limiting temperature 
increases, with lower influences than aforementioned measures, and are especially relevant in 
Latin America (bioenergy) and countries of the Organisation for Economic Co-operation and 
Development and the Former Soviet Union (bioenergy and wind). In the future, a larger sce-
nario ensemble can be applied to reveal more robust and comprehensive insights.

Keywords Uncertainty · Energy transition · Machine learning · Scenario ensembles · 
Regional analysis

1 Introduction

To mitigate the threats posed by climate change, international delegates from 196 coun-
tries signed up to the Paris Agreement in 2015 to limit global warming to well below 
2 °C, preferably to 1.5 °C, above the pre-industrial levels (UNFCCC 2015). In order to 
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achieve these climate goals, it is essential to reach carbon neutrality by the middle of 
the century (IPCC 2018; IEA 2021), meaning that global energy systems must be dra-
matically transformed to reduce greenhouse gas (GHG) emissions, using a whole raft of 
radical policy interventions.

Integrated assessment models (IAMs) have been an important set of tools to explore 
how the transformation of the global energy system can be achieved to meet the climate 
targets. However, this system transformation is subject to multiple uncertainties, due 
to factors such as the rate of technology advancement, social acceptance, and politi-
cal priorities (Rotmans and van Asselt 2001; van Asselt and Rotmans 2002; Kirchner 
et  al. 2021). Analysis of a large ensemble of IAM scenarios provides an opportunity 
to capture a larger portion of that uncertainty than in conventional methods, like sce-
nario matrix, and such scenario ensembles can help draw robust insights into long-term 
transitions (Trutnevyte et al. 2016; Guivarch et al. 2017). For example, more than 400 
scenarios were collated for the evaluation of strategies to limit temperature increase to 
1.5 °C in the Intergovernmental Panel on Climate Change (IPCC)’s special report SR1.5 
(IPCC 2018).

In the past, however, studies aiming to gain insights from scenario ensembles have 
put a stronger focus on decarbonisation measures at the global level, paying less atten-
tion to regional heterogeneity of actions (Guivarch et al. 2016; Rogelj et al. 2018; Jaxa-
Rozen and Trutnevyte 2021), most likely due to the challenges in investigating highly 
complex high-dimensional datasets. However, regional heterogeneity in mitigation may 
be significant due to variation in regional energy mixes, renewable energy potentials 
(e.g. bioenergy and solar power), costs, and access to technology (Shiraki and Sugiy-
ama 2020; Azevedo et  al. 2021). Understanding such differences could provide new 
insights into the need for regional support, opportunities in the low-carbon transition, 
or dependencies on regional action for meeting global climate goals (Brutschin et al. 
2021).

Most current studies use visualisation (Meyer et  al. 2021; DeAngelo et  al. 2021) 
or simple statistics (Fujimori et  al. 2019; Abernethy and Jackson 2022) to reveal 
the impacts of a limited number of decarbonisation measures on global temperature 
increases. These approaches can only reveal linear relationships between a small num-
ber of options and a climate goal of interest, without considering non-linear interac-
tions between those options in complex energy systems. Hence, multiple-dimensional 
scenario ensembles cannot be well investigated by these simple approaches. Lately, 
more advanced methods, such as the patient rule induction method (PRIM), have 
been used to better reflect complex system dynamics in uncertain transition scenarios 
(Rozenberg et  al. 2014; Guivarch et  al. 2016). Nonetheless, in previous applications, 
only a small set of measures was selected for investigation based on expert judgement, 
which might be misleading and biased or might miss key influential factors. Therefore, 
a systematic approach that can simultaneously investigate the influences of numerous 
potential measures on global climate change is still lacking.

To assist policymakers and the research community to have a better understanding of 
regional actions in achieving global climate goals, we propose a systematic approach, 
based on machine learning techniques, to analysing high-dimensional scenario ensemble, 
comprehensively considering a wide range of plausible measures, along with non-linear 
interactions between those measures in the energy system transitions. A particular focus 
is on the influence of regional actions on reaching the climate goals of 2 °C and 1.5 °C. 
Hence, the contribution of this study is twofold.
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• A systematic approach based on machine learning techniques is introduced to gain 
robust insights from high-dimensional uncertain system transition ensembles, compre-
hensively considering a wide range of potential regional factors.

• The role of regional measures in global climate change mitigations is explored, and 
their relative importance is revealed.

2  Overview of methods

In the literature, gaining insights into global decarbonisation from IAM scenario ensem-
bles has tended to rely on the visualisation of plots or on descriptive statistics. However, 
this approach can only show relationships between two or three metrics at a time, ignor-
ing the influences of other metrics. It therefore relies heavily on researchers’ knowledge 
of global systems and interpretations of the plots. For instance, Meyer et al. (2021) used a 
series of box plots to analyse the influences of GDP, energy intensity, and emission inten-
sity on carbon prices in the IPCC SR1.5 scenario ensemble individually, without show-
ing the influences of multiple factors. Box plots were also widely used to reveal charac-
teristics of energy systems for different temperature targets. With this approach, Gambhir 
et al. (2019) revealed major characteristics of deep mitigation scenarios in the IPCC AR5 
database, such as low primary energy intensity and a high share of low-carbon electricity. 
Similarly, no interactions between factors have been investigated.

To better understand system dynamics in uncertain scenarios, simple statistical meth-
ods have also been applied to quantitatively analyse the influences of decarbonisation 
metrics. This approach can still only consider a limited number of pre-defined variables 
of interest. For instance, Abernethy and Jackson (2022) investigated the relationship 
between peak temperature and the year such temperature is reached across 213 scenar-
ios using linear regression. Likewise, a linear regression model was established to show 
that cumulative  CO2 emissions decrease as carbon prices increase based on the SR1.5 
scenarios (Fujimori et  al. 2019). Linear regression models have also been applied to 
explore how regional energy characteristics (e.g. total consumption and primary energy 
use) determine the deployment of carbon dioxide removal (CDR) in the SR1.5 scenario 
ensemble (Diniz Oliveira et al. 2021). Most of these studies only used one or two factors 
based on researchers’ judgements, without taking into account a wide range of potential 
factors.

Recently, more advanced techniques have been adopted to reveal complex, non-
linear system dynamics and uncertainties in scenario ensembles. For example, to 
uncover diverse drivers to specific scenario outcomes, Guivarch et  al. (2016) used 
a modified PRIM (Friedman and Fisher 1999) to identify various combinations of 
socio-economic drivers that can lead to two global decarbonisation archetypes, shared 
socio-economic pathways SSP4 and SSP5, based on 432 uncertain global transition 
scenarios. Similarly, PRIM has been successfully applied to discover challenges to 
mitigation and adaptation in the SSP framework (Rozenberg et al. 2014) and key driv-
ers to various global copper price scenarios under deep uncertainty (Kwakkel et  al. 
2013). CART (classification and regression trees) (Breiman et  al. 2017) is another 
widely adopted method to identify the main drivers for specific scenario outcomes. 
For instance, Gerst et al. (2013) used CART to determine how various conditions of 
technology innovation and energy intensity improvement lead to five typical global 
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transition scenarios, from 200 scenarios, using a hierarchical clustering algorithm. 
Lately, Jaxa-Rozen and Trutnevyte (2021) used a spectral clustering algorithm to 
categorise 1392 global scenarios from IPCC databases as well other academic and 
influential grey literature into four typical scenario archetypes, including high elec-
trification with low  CO2 emissions, middle ground, high energy use with high  CO2 
emissions and low electrification.

These studies using advanced techniques to gain robust insights into uncertainty on 
decarbonisation goals have majorly focused on the contributions of global system tran-
sitions but paid less attention to regional contributions. In addition, metrics were usu-
ally preselected based on existing knowledge and expert judgements rather than derived 
from the analysis itself. Such preselection of metrics, however, could be biased, ignor-
ing other potentially influential metrics. This study thus uses a systematic approach 
to selecting potential metrics for the discovery of key drivers for global and regional 
decarbonisation.

3  Research approach

3.1  Methodological approach

As shown in Fig. 1, we first adopted the most recent scenario ensemble available that 
was used in the IPCC’s special report on 1.5 °C (IPCC 2018). Proper metrics were then 
identified to represent decarbonisation strategies. These metrics were extracted from 
the ensemble at a regional level. Random forest analysis was used to choose a subset 
of regional metrics that are more likely to influence global climate goals for further 
analysis. This was followed by the application of logistic regression models to quan-
tify the potential influence of those metrics on limiting the global temperature increase 
to either below 2.0  °C or below 1.5  °C. Visualisation of the transition scenarios was 
further used to explain the findings from the analysis. In parallel, the PRIM was used 
to reveal the trade-offs between key metrics to further confirm the findings from the 
logistic regression analysis. The adopted statistical methods were implemented with 
open-source, extensively documented Python packages, such as scikit-learn (Pedregosa 
et  al. 2011) and EMA Workbench (Kwakkel 2017), and equivalent technical tools are 
available in other computational environments, such as R, to enable broad adoption and 
applications.

Fig. 1  Research flow
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3.2  Scenario metrics

3.2.1  IPCC SR1.5 scenario database

This database, hosted by the International Institute for Applied Systems Analysis (Hupp-
mann et  al. 2019), includes 411 scenarios. Nineteen IAMs were used to generate those 
decarbonisation scenarios, which vary based on assumed climate ambition, and the wide 
range of socio-demographic and technological assumptions. This diversity of scenarios 
from these IAMs produces an ensemble that represents uncertainty across long-term global 
transitions for five aggregated regions as listed in Table  1. For simplification, scenarios 
are classified according to their expected global temperature increases by 2100 into three 
categories, including “Above 2  °C”, “2  °C” (covering the original “Higher 2.’0  °C” and 
“Lower 2.0 °C” as defined in the database), and “1.5 °C” (covering original “1.5 °C return 
with high overshoot”, “1.5 °C return with low overshoot,” and “Below 1.5 °C” as defined 
in the database). Those more detailed categories listed in the database are then not reflected 
in the following analysis.

The number of scenario attributes reported across the ensemble varies considerably, 
especially for sectoral attributes and alternative fuels (e.g. hydrogen). For this analysis, 
only those scenarios with regional outputs for most of the reported attributes were kept 
for further analysis, resulting in 236 scenarios out of the original set of 411 scenarios. The 
contribution of individual IAMs to the final set of scenarios can be found in the Appendix 
(Fig. A). 

3.2.2  Regional metrics

In this study, 2010 is treated as the base year since attributes are more likely to be reported 
for this year than for more recent historical years. 2050 is used as the target year given its 
policy relevance in the UNFCCC negotiation process (to produce long-term low emission 
development strategies), and the conclusions of the IPCC special report that it is essential 
to reach net zero emissions around 2050 to avoid severe climate impacts (IPCC 2018).

To understand the contribution of regional decarbonisation measures to limit global 
temperature increases, a wide range of metrics were first identified, as listed in Appen-
dix B. These cover three metric types (Table  2). The “structure” type includes metrics 
that show the technology shares in energy mixes in different regions, ranging from 0 to 1. 

Table 1  Regions covered in the 1.5 °C database

* OECD stands for the Organisation for Economic Co-operation and Development which is an intergovernmental 
organisation to stimulate economic growth and to improve the well-being of all

Region Abbreviation Definition

ASIA A All Asian countries except those in OECD*
LAM L Latin America and the Caribbean
MAF M Middle East and Africa
OCED + EU O OECD 1990 countries as well as EU mem-

bers and candidate countries
REF R Countries from the Reforming Economies 

of the Former Soviet Union
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The “ratio” type represents the ratio of energy intensity (final energy consumption/GDP) 
in 2050 compared to that in 2010, indicating energy efficiency improvements across the 
time period. Finally, the “annual growth rate” type represents the pace of regional system 
changes, considering the technology shares in energy mixes in 2010 and 2050. Initially, 61 
global metrics were derived, leading to 305 regional metrics. However, some attributes, 
such as hydrogen usage and sectoral energy shares, are rarely reported. As a result, only 
26 metrics which had a more complete set of reported attributes were taken into account, 
reducing the total number of regional metrics to 130. For conciseness, only metrics men-
tioned in this study are listed in Table  2. The full list of these metrics can be found in 
Appendix C.

3.3  Statistical analysis of the metrics

3.3.1  Descriptive statistics

Scenarios are first divided into three temperature increase categories (i.e. above 2  °C, 
within 2 °C, and within 1.5 °C). The distribution of regional metrics across five regions 
is then shown in box and whisker plots for each of the scenario categories. As a result, the 
general trends of regional metrics over strengthening climate goals can be visualised for 
interpretation. These plots are then used to verify the findings from the following more 
advanced approaches.

3.3.2  Feature selection with correlation analysis and random forest (RF)

First of all, to reduce the number of regional metrics (130 in total) in the following analy-
sis, Pearson correlation coefficients between each pair of regional metrics are calculated 
to screen out some of the regional metrics as metrics might have strong correlations with 
other metrics across regions. Only those without high correlations with other metrics and 
the first one from each group of highly correlated metrics are taken into account in the RF 
analysis for the feature importance evaluation. A correlation coefficient larger than 0.85 
is regarded as highly correlated since the corresponding two metrics are more likely to 
increase or decrease together in uncertain scenarios. The correlation matrix of considered 
regional metrics can be found in Appendix D.

Then, the RF algorithm (Murphy 2012) was applied to further reduce the number of 
regional metrics to focus on those that are more likely to be influential in meeting climate 
goals. For a classification problem, first, this algorithm builds multiple decision trees to 
predict the class of a target variable (temperature increase of scenarios in this study) by 
reducing the variance (Gini index, explained below) of individual decision trees. Scenar-
ios are used as training data, with regional metrics as predictors. Second, in the sequence 
of constructing individual decision trees, the algorithm not only randomly selects subsets 
of the input dataset (scenarios in this study) but also randomly chooses subsets of input 
variables (metrics in this study). Therefore, this algorithm can evaluate the importance of 
individual variables to a classification problem and has thus been used widely in many 
fields, including energy, construction, and ecology, for feature selection to improve predic-
tion accuracy (Huo et al. 2021; Zhao et al. 2022; Kim et al. 2022). The procedure taken to 
determine three key RF parameters, including the number of trees, the maximum depth of 
a tree, and the maximum fraction of training samples, is explained in Appendix E.
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The Gini index is adopted to evaluate the performance of the constructed decision trees 
to classify uncertain scenarios into three temperature increase categories (i.e. above 2 °C, 
2 °C, and 1.5 °C). The Gini index is defined as follows:

where c is a category, which is the temperature target in this study; C is the total number 
of categories to be predicted, which is three (i.e. above 2 °C, 2 °C, and 1.5 °C); �c is the 
probability of an entry (scenario) in category c being correctly classified into category c; 
(1 − �c ) is the misclassification probability for category c. Hence, a higher Gini index indi-
cates a decision tree having a better classification performance. In other words, a subgroup 
of scenarios after divisions at input variables (metrics) is more consistent in categories.

Finally, the importance of a metric can then be evaluated by the average reduction in the 
Gini index by splits over the given metric, averaged over all trees. A high importance value 
for a metric means a change to the metric is more likely to divide scenarios into subgroups 
of scenarios with more consistent temperature increase categories. After ranking by feature 
importance, only metrics with high importance values, summing up to not higher than 0.8, 
were regarded as important for the following analysis.

Nonetheless, the importance can only be used to rank the potential influences of metrics 
on global temperature increases but cannot explicitly reveal the contribution of metrics to 
reach specific temperature targets (i.e. 2 °C and 1.5 °C), as the relationship between impor-
tance values is not linear. This algorithm, hence, is majorly applied to select key metrics for 
further consideration.

3.3.3  Logistic regression model

Since the scenarios are created by multiple IAMs with distinctive assumptions and model-
ling mechanisms, the temperature increases in 2050 could vary considerably, even with 
similar input assumptions. There is no clear cut between scenarios in different temperature 
increase categories, consequently. A probabilistic classification method that is not too sen-
sitive to the overlaps between climate categories is thus desirable to evaluate the influences 
of regional metrics. The logistic regression model (James et al. 2021) is used to determine 
the influences of those metrics identified with high importance by the RF algorithm. The 
model is one of the most widely-adopted probabilistic classification algorithms and has a 
relatively simple formulation as a nonlinear function with the mean parameters in terms of 
a linear combination of input assumptions (Murphy 2012). Its straightforward formulation 
makes the interpretation easier.

Logistic regression models use a logistic function, as defined by Eq. (2), for binary clas-
sification to predict the probability of a scenario belonging to a specific category, given 
values of input metrics in the scenario:

where X is the vector of chosen metrics, such as those listed in Table 2; �
0
 is the intercept 

and �
1
 is the vector of regression coefficients for input metrics. p(X) is the probability of 

a considered scenario falling into a category of concern (i.e. climate target in this study), 
with a value ranging from 0 to 1. The continuous value explicitly shows the prediction 

(1)
∑C

c=1
�c(1 − �c)

(2)p(X) =
e�0+�1X

1 + e�0+�1X
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uncertainty, which makes the logistic function an ideal method for classifying the climate 
target category of highly uncertain transition scenarios.

Two binary classification problems are considered, one for the probability of limiting 
the temperature increase to below 2  °C and the other for the probability of limiting the 
temperature increase to below 1.5 °C. Scenarios in the categories of 2 °C and 1.5 °C are 
regarded as reaching the below 2 °C target.

First, the temperature increases of the scenarios are regarded as target variables in two 
cases respectively, using the metrics identified by the RF as predictors. Second, a maxi-
mum likelihood approach (James et al. 2021) is then used to estimate the regression coeffi-
cients for the two models. To avoid potential biases from the random training dataset (80% 
of the highly uncertain scenarios), the model training procedure is repeated 10 times for 
each of the two climate targets (i.e. limiting temperature increase to 2 °C and 1.5 °C) to 
determine the average coefficient of individual metrics across ten built models. A positive 
average coefficient means an increase in the corresponding metric can increase the pos-
sibility of reaching the temperature target under consideration. A negative average coef-
ficient suggests the opposite. A higher coefficient indicates that the change of that metric is 
more likely to have stronger impacts on reaching specific climate targets.

Due to the non-linear relationship between input metrics and the probability function, 
as shown in Eq.  (2), the rate of change in the probability per unit change in the metrics 
depends on the current values of input metrics.

In other words, the estimated coefficients cannot show the linear influences of the cor-
responding metrics on the probability of direct comparisons (James et  al. 2021). Hence, 
this study only uses the coefficients to rank the importance of individual metrics to attain 
insights into the role of regional measures in global decarbonisation.

3.3.4  Patient rule induction method (PRIM)

To highlight trade-offs across the most influential scenario metrics within each temperature 
increase category, we then use the PRIM with those metrics deemed important by the RF. Since 
PRIM does not impose requirements on data distributions, the PRIM is well-suited for the 
unstructured ensemble of decarbonisation scenarios used in our analysis (Bryant and Lempert 
2010). This method not only provides additional policy-support information but also further 
confirms the crucial roles of key metrics identified by the logistic regression analysis before.

The PRIM uses a hill-climbing optimization algorithm to identify combinations and 
ranges of predictor variables associated with a certain value or region of an output vari-
able, by sequentially “peeling” ranges of each predictor variable (Friedman and Fisher 
1999). This yields a “box” described by k restrictions on the value of predictor variables Xi 
(Eq. 3), where i is the metric under consideration. These restrictions are defined as mini-
mum and maximum value bounds in the case of continuous predictor variables:

To identify combinations and ranges of regional metrics associated with above 2 °C, 2 °C, 
and 1.5 °C scenarios, we apply the PRIM separately for each type of metric and for each tem-
perature increase category. We consider the metrics as predictor variables and the member-
ship of a scenario in a specified temperature category as the output variable. Three standard 
statistical learning performance measures are used to assess resulting “boxes”: recall, preci-
sion, and F1 score (van Rijsbergen 1979). The recall is the fraction of all scenarios within a 

(3)
⋂k

i=1
min

i
≤ X

i
≤ max

i
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temperature increase category that shares the combinations of metrics described by the box. 
Precision is the fraction of scenarios described by the box that fall within the specified tem-
perature category. The F1 score combines these two metrics using their harmonic mean.

Our analysis is conducted with a constrained application of the PRIM (Kwakkel 2017). 
For simplicity, we choose boxes describing three restricted metrics for each type of met-
rics and each temperature increase category. We then select boxes that have a score above 
0.9 on at least one of the recall and precision performance measures, combined with a F1 
score above 0.7 to ensure balanced performance between recall and precision. The identi-
fied three metrics forming the boxes are thus more likely to be crucial for scenarios in the 
corresponding temperature category.

4  Results and discussion

4.1  Descriptive statistics

4.1.1  Overview of regional decarbonisation

The distributions of regional metrics across all scenarios by temperature increase (i.e. 
above 2 °C, 2 °C, and 1.5 °C) are shown in Figs. 2, 3, and 4. The relationship between met-
ric distribution and temperature increase reveals the general elements of the transitions for 
limiting temperature increases.

Fig. 2  Distribution of  CO2 emissions, final energy consumption, and share of electricity in final energy con-
sumption in 2010 and 2050 by temperature increase. Metrics in 2010 represent uncertain assumptions on 
initial status in models and are thus not illustrated by temperature increase. (FinElc, share of electricity in 
final energy consumption)
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The efforts to transform regional systems to meet the three climate goals vary consider-
ably across regions, as shown in Fig. 2. This is driven to a large extent by the differences 
in the current systems and their final state in 2050. Among the five regions, OECD + EU 
is the least carbon-intensive (about 0.08 Mt CO2/PJ) region in 2010 due to its higher elec-
trification level (around 22%), which is about 20% lower than most of the rest regions (i.e. 
ASIA, LAM, and MAF) and about 6% lower than REF in terms of carbon emissions per 
unit final energy consumption. By 2050, final energy consumption increases consider-
ably across five regions due to economic growth and increasing populations, compared to 
the base year. ASIA and OECD + EU remain the two regions that consume the most final 
energy; ASIA increases by a factor of two while OECD + EU consumes around the same 
amount of final energy in 2050 compared to 2010. All five regions dramatically ramp up 
their electrification levels to around 40% of the final energy supply in 2050.

4.1.2  Regional structural transformation

The contribution of detailed regional metrics to different temperature levels is illustrated in 
Figs. 3 and 4. The results for growth rate metrics are in Appendix F as the findings are sim-
ilar to those for structure metrics. Across decarbonisation measures, it is clear that some 
metrics play a more important role in meeting temperature goals based on energy mixes. 
For instance, to reach the 1.5  °C target, the share of primary bioenergy supply (PriBio) 
increases to more than 20% in most regions and up to 40% in LAM. Meanwhile, more than 
20% of electricity generation should be from wind power (ElcWnd). On the demand side, 

Fig. 3  Distribution of primary energy mix in 2050 and energy intensity ratio between 2050 and 2010 by 
temperature increase (PriBio, share of biomass; PriCoalCCS, share of coal usage with CCS; PriGas, share 
of gas; PriGasCCS, share of gas usage with CCS; EngInt.Ratio, ratio of energy intensity between 2050 and 
2010)
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energy efficiency is improved considerably as climate goals strengthen, reducing energy 
intensity (EngInt.Ratio) by 60% in LAM and OECD + EU and by 70% in ASIA, MAF, 
and REF, compared with 2010 levels. Understandably, metrics associated with fossil fuels 
are very constrained in both 1.5 °C and 2 °C scenarios. For example, the share of gas sup-
ply (PriGas) does not exceed 15% where carbon capture and storage (CCS) is not used. 
Even with CCS, gas usage for primary energy supply (PriGasCCS) and power generation 
(ElcGasCCS) remains at a low level (less than 10%) in most regions.

These metrics also reveal specific regional characteristics, with some mitigation actions 
deployed in a more heterogenous pattern than others. Those more heterogenous imply that 
certain decarbonisation measures may be more feasible in some regions than others, owing 
to higher resource availability, technology maturity, or even political preferences. For 
instance, in the 1.5 °C scenarios, bioenergy accounts for a much higher share of primary 
energy (more than 40%) in LAM than in other regions. Moreover, bioenergy can be used in 

Fig. 4  Distribution of power generation technologies in 2050 by temperature increase (ElcBio, share of bio-
mass power; ElcBioCCS, share of biomass power with CCS; ElcCoalCCS, share of coal power with CCS; 
ElcGas, share of gas power; ElcGasCCS, share of gas power with CCS; ElcGasCF, average capacity factor 
of gas power plants; ElcNuc, share of nuclear power; ElcSol, share of solar power; ElcWnd, share of wind 
power)
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power plants fitted with CCS (ElcBioCCS) to provide upwards of 10% of electricity gen-
eration in LAM, which is much higher than observed elsewhere.

In ASIA, nuclear power (ElcNuc) can contribute to more than 20% of electricity gen-
eration whereas other regions have lower shares. This is also the only region that uses 
coal with CCS (PriCoalCCS) to satisfy up to 10% of primary energy demand. Meanwhile, 
gas usage with CCS (PriGasCCS and ElcGasCCS) increases to a much higher level in 
MAF than other regions in the 1.5 °C scenarios. This diversity in regional action results 
from global climate targets determining where regional decarbonisation potentials can be 
utilised.

4.1.3  Difficulties in identifying influential metrics

The distribution plots often provide a clear distinction between the role of metrics in rela-
tion to different temperature goals. However, these box plots also overlap, obscuring the 
role of specific actions in limiting temperature rise. Significant overlaps between above 2 
and 2 °C scenarios can be found in several metrics, including the share of coal consump-
tion with CCS (PriCoalCCS), share of bioenergy power without CCS (ElcBio), share of 
coal power with CCS (ElcCoalCCS), capacity factor of gas power plants (ElcGasCF), and 
share of nuclear power (ElcNuc). This might be due to the larger carbon budgets for the 
2 °C target allowing models to have more choices for the decarbonisation measures to pick, 
resulting in the wide variation of these metrics. With the more ambitious 1.5 °C goal, the 
difference in metric distributions between temperature targets is more distinctive, as seen 
for bioenergy usage and solar power (PriBio, ElcBio, and ElcSol). Nevertheless, due to 
the uncertainties and trade-offs between decarbonisation measures, overlaps between 2 and 
1.5 °C scenarios across metrics are still evident.

In summary, the role of these metrics in limiting temperature increases is highly uncer-
tain, with evident overlaps between temperature targets. This implies that strengthening 
certain decarbonisation measures might not be necessarily the most effective way to reach 
more ambitious climate goals due to other more influential alternative measures. However, 
these trade-offs between metrics cannot be easily discovered with descriptive statistics, 
as shown here. Regional heterogeneity further complicates the strategies required for the 
1.5 °C target since a few measures might be more feasible or effective in specific regions. 
Similarly, the contribution of individual regional metrics to climate goals is not easily dis-
cerned with simple visualisation. Therefore, more systematic statistical approaches that can 
simultaneously consider system dynamics in the models and the trade-offs between metrics 
in uncertain scenarios are useful to reveal the decarbonisation patterns at the regional level, 
as discussed below.

4.2  Random forest analysis

The ranking of importance of regional metrics determined by the built RF model (with 
96% classification accuracy) is shown in Fig. 5 for structure metrics. Characters in brackets 
indicate regions. Regions that are highly correlated for a specific metric are listed together 
for clarification. For example, ElcGas(A.M.O.R) indicates gas generation in ASIA, MAF, 
OECD + EU, and REF is highly correlated. More information on metric correlations can 
be found in Appendix D. Only those with high feature importance are listed in the figures 
and are taken into account in the logistic regression analysis. The selected metrics are more 
likely to be critical for meeting decarbonisation targets.
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The RF analysis reveals that unabated gas generation (ElcGas) and share of electricity 
(FinElc) across all regions and share of bioenergy in LAM (PriBio(L)) are the most likely 
to affect final temperature increases in 2050, supported by previous figures. This is because 
of two reasons. First, metrics with a strong positive or negative correlation with increasing 
temperature targets have been emphasised. For example, Fig. 5 reveals the high influences 
of PriBio, that clearly increases as climate goals strengthen (Fig.  3). The potential high 
influences of FinElc are also identified (Fig.  5) to reflect its strong negative correlation 

Fig. 5  Feature importance of structure metrics to global temperature increases (above 2 °C, 2 °C, or 1.5 °C). 
L, A, M, O, and R refer to Latin America and the Caribbean, Asia, the Middle East and Africa, OECD + EU, 
and the Reforming Economies of the Former Soviet Union (REF) respectively. (EngInt.Ratio, ratio of energy 
intensity between 2050 and 2010; FinElc, share of electricity in final energy consumption; PriBio, share of 
biomass use; PriGas, share of gas use; PriCoalCCS, share of coal use with CCS; PriGasCCS, share of gas 
use with CCS; ElcBio, share of biomass power; ElcGas, share of gas power; ElcSol, share of solar power; 
ElcWnd, share of wind power; ElcBioCCS, share of biomass power with CCS; ElcCoalCCS, share of coal 
power with CCS; ElcCoalCCS, share of coal power with CCS; ElcGasCF, average capacity factor of gas 
power plants)
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with temperature targets (Fig. 2). Second, metrics with evident differences under different 
temperature targets mean the deployment of the measures also has a clear impact on global 
decarbonisation. For instance, ElcGas is also recognised as an important metric (Fig. 5) 
due to its large fall from above 2 to 2 °C and below 1.5 °C scenarios, as shown in Fig. 4.

Regional heterogeneity in meeting climate goals has also been shown. For example, 
actions in LAM that are likely to have a high impact on global temperature increases 
include bioenergy supply (PriBio), gas power (ElcGas), and BECCS power (ElcBioCCS). 
In ASIA and MAF, gas supply with CCS (PriGasCCS) has stronger impacts.

The RF analysis only ranks the importance of metrics to global decarbonisation, without 
explicitly showing the level of contribution of these metrics to reach specific climate goals 
(2 °C or 1.5 °C). The logistic regression analysis is thus essential to gain further insights 
into regional transition strategies to reach specific global goals (see Section 4.2).

4.3  Logistic regression analysis

Logistic regression models were then applied to determine those regional metrics indicat-
ing actions most effective in reaching specific climate goals across the scenarios (Fig. 6). 
The potential influences of metrics were analysed for two climate goals (i.e. below 2 °C 
and below 1.5  °C). The average prediction accuracies of the trained models for the two 
goals are 85% and 87% respectively. Average regression coefficients of the built models 
reflect the findings from descriptive statistics (Figs.  2, 3, and 4) but also go further by 
quantifying and ranking the impacts of individual regional metrics.

The most striking difference between the two cases of temperature targets is coefficient 
distribution. Coefficients are higher in the case of reaching 2 °C, compared with those for 
1.5  °C. This implies that an increase in any single decarbonisation measure has a lower 
contribution to reach the 1.5 °C target than it does to the 2 °C target, as much more carbon 
emissions should be reduced for 1.5 °C. For instance, the coefficient of bioenergy supply 
(PriBio) in LAM for 2 °C is around 2.2, compared to 1.4 for 1.5 °C. A unit increase of 
PriBio in LAM thus leads to a higher probability of reaching 2 °C than it does when the 
target is further tightened to 1.5  °C. Hence, multiple actions should be taken simultane-
ously to increase the probability of reaching the 1.5 °C target.

This analysis shows that specific metrics have a particularly strong contribution to cli-
mate goals across most regions. For example, electrification level (FinElc) and solar power 
generation (ElcSol) in ASIA, LAM, MAF, and OECD + EU have been found the most 
influential in limiting global temperature increases for both 2 °C and 1.5 °C. This is due to 
two reasons: (1) the higher levels of deployment of these measures relative to others and 
(2) the clear increase in the deployment of these measures over strengthening targets, as 
shown in Figs. 2, 3, and 4.

Even though bioenergy supply across three regions (LAM, REF, and OECD + EU) all 
show strong impacts, this metric has higher regional heterogeneity due to regional condi-
tions, with LAM being the most influential region. With high bioenergy potentials in LAM, 
bioenergy is used not only for electricity generation, but also to replace fossil fuels in the 
end-use sectors. This can be shown by its low correlation coefficient with ElcBioCCS (0.5) 
and high negative correlation coefficients with PriGas (− 0.7) in LAM (Appendix D).

Conversely, energy intensity (EngInt.Ratio) and unabated gas usage (including ElcGas 
and PriGas) see high negative coefficients, whereby their reduction sees temperature tar-
gets more likely to be met. These two metrics also have clear regional heterogeneity in 
respect of their contribution. The metric EngInt.Ratio in OECD + EU and ASIA has been 
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shown to be more influential than most supply-side measures given its particularly high 
negative coefficients for both temperature targets (Fig. 6). This reflects the clear decrease in 
energy intensity (i.e. final energy per unit of GDP) over strengthening temperature targets 

Fig. 6  Average regression coefficients represent the potential influences of corresponding metrics on reach-
ing a 2 °C and b 1.5 °C. L, A, M, O, and R refer to Latin America and the Caribbean, Asia, the Middle East 
and Africa, OECD + EU, and the Reforming Economies of the Former Soviet Union (REF) respectively. 
(EngInt.Ratio, ratio of energy intensity between 2050 and 2010; FinElc, share of electricity in final energy 
consumption; PriBio, share of biomass use; PriGas, share of gas use; PriCoalCCS, share of coal use with 
CCS; PriGasCCS, share of gas use with CCS; ElcBio, share of biomass power; ElcGas, share of gas power; 
ElcSol, share of solar power; ElcWnd, share of wind power; ElcBioCCS, share of biomass power with 
CCS; ElcCoalCCS, share of coal power with CCS; ElcCoalCCS, share of coal power with CCS; ElcGasCF, 
average capacity factor of gas power plants)
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in Fig. 3 and highlights the importance of energy demand reduction to reduce pressure on 
energy supply and associated carbon emissions.

The drops in gas supply (PriGas) and electricity generation from gas (ElcGas) from 
scenarios above 2 to below 2  °C are particularly evident, ranging from 10 to 30%, as 
shown in Fig. 4. Without CCS, gas consumption in LAM, MAF, OECD + EU, and REF 
(PriGas(L.M.O.R)) decreases dramatically for ambitious temperature targets. However, the 
contribution of PriGas in ASIA is not recognised as significant since the gap between sce-
narios above 2 °C and more stringent targets is smaller in ASIA than observed for other 
regions (Fig. 3). To further limit the temperature increase to below 1.5 °C, it is particu-
larly crucial to reduce the operational capacity of existing gas power plants (ElcGasCF) 
to around 30%, indicated by the high coefficient in Fig. 6 and a huge drop in Fig. 4. This 
implies numerous gas power plants will become stranded assets.

ElcBio in all regions has a negative coefficient, indicating that bioenergy use in power 
generation without CCS should decrease under stringent targets, with REF having a par-
ticularly high coefficient. Instead, bioenergy use should increase in combination with 
CCS for negative emissions, as suggested by the positive coefficients of ElcBioCCS in all 
regions. This is particularly the case for 1.5 °C across ASIA, MAF, OECD + EU, and REF 
(ElcBioCCS(A.M.O.R)), with the 10th largest coefficient in the case for 1.5 °C but the 17th 
for 2 °C (Fig. 6).

The analysis also highlights that strengthening some selected measures might 
not be always effective or desirable to meet temperature targets due to interlinkages. 
There are two specific cases observed. Firstly, some metrics, such as ElcWnd(L) and 
ElcGasCCS(R), might be only effective to reach the 2 °C target (suggested by their large 
coefficients) but become ineffective to further reduce temperature increase from 2 to 
1.5  °C. This is shown by the extremely small coefficients across specific metrics, and 
the large overlaps between metric distributions in the earlier box plots in Fig.  4. For 
ElcWnd, this might be because wind potentials are fully exploited even in the 2 °C sce-
narios driven by the cost-effectiveness and maturity of the technology. Further wind 
power deployment for 1.5  °C might considerably increase marginal costs for required 
system balancing measures or might be limited to feasible development sites. Secondly, 
some actions need to be increased by 2 °C (suggested by positive coefficients for met-
rics) but may need to be reduced by 1.5 °C (suggested by negative coefficients). This is 
evident for metrics associated with fossil fuel consumption with CCS. For 2 °C, residual 
emissions from CCS can still be incurred but not under the more limited carbon budg-
ets for 1.5  °C. This situation can be found in distributions of these metrics in ASIA, 
LAM, MAF, and REF, including PriCoalCCS(A), PriGasCCS(L), PriCoalCCS(M), and 
PriGasCCS(R). The corresponding power generation metrics (i.e. ElcGasCCS) see simi-
lar trends since these two types of metrics are highly correlated (with correlation coef-
ficients around 0.8). Compared to other metrics, these are less influential based on their 
lower metric values.

4.4  PRIM analysis

As the logistic regression analysis already hinted at interlinkages among the metrics, the 
PRIM results (Fig.  7) can further reveal the combinations of and trade-offs between the 
most important regional metrics for each temperature target. The PRIM results are aligned 
with the findings from the logistic regression analysis and thus confirm the robustness 
of the findings. Here, we provide the analysis for one representative region of a group of 
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highly correlated regions for simplification, as metrics in those regions have very similar 
trends.

For scenarios in the temperature category above 2 °C (n = 108), the PRIM identifies a 
box with high precision for structure metrics (Fig. 7, top subplot; P = 0.96), so that 96% of 
the scenarios that combine these restricted ranges of values fail to achieve the 2 °C target. 
This enables insights into specific combinations of regional scenarios that would “lock in” 
undesirable global outcomes. Scenarios with relatively limited shares of solar generation in 
ASIA (ElcSol(A.L.M.O) < 21%), combined with limited shares of primary energy in LAM 
for biomass (PriBio(L) < 20%), but higher for gas in LAM (PriGas (L.M.O.R) > 12%), 
nearly always lead to a temperature increase above 2  °C. This combination is consistent 
with regression coefficients (Fig. 6a) in which solar generation share in most regions and 
primary biomass share in LAM have the highest positive values towards the target above 
2 °C, while the primary gas share in most regions has the second-highest negative value. 
The PRIM results additionally emphasise the parallel regional transformations required: 
a high share of solar generation globally alone would not prevent outcomes above 2  °C 
if combined with a limited increase in biomass share in LAM and a limited decrease in 
global gas share in primary energy.

For the scenarios below 2 °C (n = 128), the PRIM finds a box with lower precision for 
structure metrics (Fig.  7, middle subplot; P = 0.78) but captures nearly all of these sce-
narios (R = 0.98 or 126 of 128 scenarios). This box thus highlights combined regional pre-
requisites for achieving 2 °C in the context of the scenario ensemble. Nearly all scenarios 
below 2 °C combine relatively low gas generation in ASIA (ElcGas(A.M.O.R) < 23%), rel-
atively high energy intensity improvement in OECD (EngIntRatio (O.R) < 61%), and rela-
tively low share of gas in primary energy for LAM (PriGas(L.M.O.R) < 27%). Compared 
with the box with scenarios above 2 °C, the results indicate that a certain level of unabated 
global gas use could potentially be compensated by sufficiently low energy intensity in 
OECD and global gas generation.

Fig. 7  Combinations of ranges 
of metrics associated with each 
temperature increase category, 
identified using the Patient Rule 
Induction Method (PRIM). The 
normalised uncertainty range 
shows the full range of metrics 
across the entire ensemble of 
decarbonisation scenarios. Grey 
lines denote constrained ranges 
of metrics associated with each 
temperature increase category. 
(R, recall performance measure; 
P, precision performance meas-
ure; F1, F1 score.) The definition 
of metrics can be found in 
Table 2
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As the number of scenarios below 1.5 °C is limited (n = 53) compared to the number of 
regional metrics, the precision of the box identified for structure metrics (Fig. 7, bottom 
subplot; P = 0.56) is lower than for the other temperature categories. Nonetheless, the box 
captures nearly all 1.5 °C scenarios (R = 0.98, or 52 of 53 scenarios). As such, the combina-
tion of minimal gas generation in ASIA (ElcGas (A.M.O.R) < 5.2%), even stronger energy 
intensity improvement in OECD (EngInt.Ratio (O.R) < 56%), and relatively high electrifi-
cation in ASIA (FinElc(A.L.M.O) > 36%) are additionally required to achieve 1.5 °C in the 
context of this scenario ensemble. Also, the additional effort required for 1.5 °C in relation 
to 2 °C is apparent in smaller feasible ranges for energy intensity in OECD and especially 
electricity generation from gas, compared to the 2 °C PRIM box.

5  Conclusions

To benefit from large existing IPCC SR1.5 ensembles of global climate mitigation sce-
narios to draw regional insights, a novel approach has been developed with three machine 
learning techniques of random forest algorithm, logistic regression model, and the patient 
rule induction method, to reveal the links between decarbonisation measures in five global 
regions and reaching two climate goals: below 2 °C and below 1.5 °C). Influential regional 
decarbonisation strategies, identified through random forest algorithm and logistic regres-
sion model, have also been verified and explained by descriptive statistics on the proposed 
metrics for three temperature increase categories, including above 2 °C, 2 °C, and below 
1.5  °C. The patient rule induction method has further shown the trade-offs between key 
regional metrics and revealed combinations of regional actions that are associated with the 
temperature targets considered. More powerful than just descriptive statistics, the devel-
oped approach can emphasise more influential regional measures for ambitious temperature 
targets, along with the strategies of those measures in specific regions in terms of increas-
ing or decreasing deployment. Moreover, the developed approach can also be applied to 
investigate high-dimensional uncertain system transition scenarios in other areas at various 
scales to gain robust insights to inform policymakings. It is worth noting that the regional 
heterogeneity among metrics is revealed by correlation analysis on regional metrics and 
the importance of individual regional metrics identified by the RF algorithm and logistic 
regression model.

Several insights into regional decarbonisation strategies have been found from the 
analysis:

1. Specific global actions should be prioritised across all regions to effectively limit tem-
perature increases, recognised as the most influential measures by the analysis. These 
decarbonisation measures are the deployment of solar power and electrification. Par-
ticularly, governments should propose effective policies to decommission unabated gas 
plants prematurely, which is one of the crucial measures for the 1.5 °C target.

2. Evidently, energy efficiency improvement can play an equally or even more important 
role than most other metrics in reaching 2 °C and 1.5 °C targets, which is especially 
crucial in OECD and countries of the Former Soviet Union for the 2 °C target and even 
across all regions for the 1.5 °C target.

3. However, some actions are specific to a region and not others, highlighting regional 
dependencies in meeting global temperature targets. Such insights are particularly rel-
evant as they raise questions about dependency on regions, and potentially questions of 
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equity in meeting global climate objectives. For instance, primary bioenergy supply in 
LAM is particularly influential (and to a lesser extent, bioenergy in OECD and coun-
tries of the Former Soviet Union), implying that without these regional actions, the said 
targets would be harder to meet. This may particularly relate to the role of bioenergy 
used with CCS as an option for CDR, offsetting emissions in other regions. The strong 
scale-up of wind power in OECD and countries of the Former Soviet Union could also 
be effective for climate targets, albeit with lower influences.

4. Some region-specific actions, on the other hand, need to be limited to increase the 
chance to reach ambitious climate goals, including reducing gas use in power genera-
tion in Latin America, or bioenergy without CCS for power in countries of the Former 
Soviet Union.

5. Finally, influential combinations of regional actions are essential to effectively limit 
global temperature increases, instead of only focusing on individual regional actions. 
Limiting temperature increase to below 2 °C requires a low share of unabated gas 
usage (for primary energy consumption and power generation) in most regions and a 
significant energy intensity improvement in OECD. Relatively high electrification and 
an even lower share of unabated gas power in global energy systems are further needed 
to reach the 1.5 °C target.

The findings from the use of these methods reveal how the changes to actions (repre-
sented by metrics) in a scenario ensemble can raise the probability of reaching 2 °C and 
1.5 °C targets, and whether actions in specific regions have a stronger bearing on outcomes. 
This information can help policymakers decide how to focus on more effective measures in 
specific regions or globally.

Nonetheless, this study only considers three temperature increase categories without 
reflecting on more detailed decarbonisation categories, including climate goals with and 
without overshoot. Those more detailed categories can also be considered in future stud-
ies, along with decarbonisation strategies by 2100. Second, this study uses a relatively 
small sample size of scenarios from the IPCC SR1.5 scenario database due to the missing 
reported sectoral attributes and alternative fuels in scenarios. This also limits the number 
of metrics that can be considered. Consequently, some extreme cases in the long-term tran-
sitions might not be well represented, and decarbonisation measures have not been fully 
considered in this study, such as land-based CDR and hydrogen consumption. In the future, 
a larger uncertain scenario ensemble, especially the IPCC AR6 ensemble, with more com-
pletely reported attributes, covering advanced decarbonisation measures, model character-
istics, and sociodemographic factors, can be analysed with the proposed approach to reveal 
more robust and comprehensive insights. Furthermore, other probabilistic classification 
algorithms can also be applied to investigate metric importance to verify the findings of 
this study.
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