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Ivan Ruiz Manuel∗ iD, Meijun Chen iD, Francesco Lombardi, Stefan Pfenninger-Lee iD
TU Delft, Faculty of Technology, Policy and Management, Department of Engineering Systems and Services, Jaffalaan 5, Delft, 2628 BX, South Holland, Netherlands

H I G H L I G H T S

• Quantitative assessment of Energy System Optimisation Model literature on long-term pathways published over recent decades.

• Theoretical synthesis of critical aspects to consider when evaluating pathway exercises.

• Evidence of a shift towards near-sighted model setups, driven by the increased use of myopic approaches and shorter model horizons.

• Models have achieved finer operational and spatial detail, but long-term aspects remain coarse.

• Better practices could reduce model distortions and misinterpretations of pathway model results.
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A B S T R A C T

Pathways that describe the optimal evolution of energy systems across multiple decades are important in energy 

system research and policy literature, with net-zero and similar climate policies being common drivers behind 

them. While there are many studies on aspects such as spatial and operational resolution, model features, and 

model transparency, there has been little attention on the methodological considerations of formulating pathway 

studies in mathematical optimisation terms, and how these methods have evolved over time. To address this, 

we conduct a systematic review of optimal pathway literature at or above the national level focusing on the 

following: i) the implications of model foresight choices, ii) end effects and related issues that may bias model 

outcomes, iii) trade-offs in model resolution, and iv) investment dynamics. We showcase how modellers have 

dealt with these aspects in a large sample of studies spanning multiple decades, and provide recommendations to 

both modellers and model users on identifying issues that can bias model results and how to improve upon them. 

In particular, we identify opportunities to better balance long-term anticipatory planning with high operational 

and spatial detail in models, and to improve the communication and systematic treatment of those mathematical 

design choices that potentially distort model decisions across time.

1 . Introduction

Pathways, i.e., trajectories that describe the plausible evolution of 

a system over a period of years to decades, are important means of 

planning and assessing changes in techno-economic and socio-technical 

systems, particularly in the context of mitigating climate change [1,2]. 

The concept of “pathways” is often used interchangeably with that of 

“scenarios” [3,4], although the latter can also be used to describe the end 

state of a possible future without necessarily detailing the developments 

that lead to it [5]. Pathways can be produced qualitatively by using 

narratives to describe the interactions between actors and the systems 

surrounding them [6], or quantitatively with the aid of computer models 

in combination with the aforementioned narratives [2].

The transition of energy systems to climate neutrality has been at the 

centre of many quantitative pathway exercises due to the large contri­

bution of such systems to greenhouse gas (GHG) emissions [7]. Given 

the highly complex nature of the energy transition, pathways detail­

ing energy investments several decades into the future have become 

ubiquitous, with governments and international bodies commissioning 

them as part of policy processes [8]. Examples of pathway exercises 

widely featured in research and policy documents include the Shared 

Socioeconomic Pathways (SSPs) [9] and Representative Concentration 
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\begin {equation}\label {eq:perfect-obj} \mathrm {Min :} \sum _{m} \mathbf {DF}_m(CAPEX_{m}+ OPEX_{m})\end {equation}
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\begin {equation}\mathbf {DF}_m = \frac {1}{{(1+\mathbf {d})}^{m-m_0}} \quad \forall \ m\in M \label {eq:discounting}\end {equation}
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\begin {equation}CAPEX_m = \sum _{i,r} \mathbf {IC}_{im}\,nc_{imr} \quad \forall \ m\in M \label {eq:capex}\end {equation}
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\begin {equation}CAPEX_m^{AF} = \sum _{i,r} \left (AF_{i}\,\mathbf {IC}_{imr}\,nc_{imr} \right )\forall m \in M \label {eq:capex-af}\end {equation}
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$\mathbf {ML}_m$


$\mathbf {LifeRem}_{im}$


\begin {equation}\begin {split} \mathbf {LifeExtErr}_{im} = (-\mathbf {LifeRem}_{im}) \bmod \mathbf {ML}_m \forall \ i\in I, m\in M \end {split} \label {eq:life-extension-error}\end {equation}


$r \in R$


$|M|$


$|T|$


$|T| = 12\cdot 24 = 288$


$|T| = 365\cdot 24 = 8760$


$|T| = 3\cdot 4 = 12$


$n=330$


$\pm 50.1$


$n=7$


$n=40$


$n=35$


$n=30$


$n=839$


$n=283$


$n=197$


$n=330$


$n=1445$


$n=308$


$n < 3$


$n=308$


$n=87$


$n=20$


$n=40$


$n=4$


$n=15$


$n=10$


$n=8$


$n=20$


$n=205$


$n=50$


$n=8$


$n=219$


$n=35$


$n=5$


$n=22$


$n=3$


$n=14$


$n=308$


$n=119$


$n=76$


$n=32$


$n=22$


$n=28$


$n=28$


$n=3$


$n=308$


$n=42$


$<$


$\kappa $


$p_o$


$p_e$


$\kappa _c$


$p_e = 1$


$\kappa $


$p_o$


$p_e$


$\kappa _c$


$n=181$


$\tau = 0.5$


$|T|$


$|R|$


$|M|$


$|M|\cdot |R| \cdot |T|$


$log_{10}$


$n=181$


$\tau = 0.5$


$|M|$


$|R|$


$|T|$


$n=145$


$n=36$


$|T|$


$n=181$


$n=36$


$n=145$


$|R|$


$-3.3$


$n=181$


$n=145$


$n=36$


$|M|$


$n=181$


$\mathbf {ML}=5$


$|M|\cdot |R| \cdot |T|$


$|T|$


$10^{2.81}$


$10^{2.16}$


$10^{3.81}$


$10^{5.49}$


$10^{3.52}$


$10^{5.72}$


$\mathbf {ML}_m > 1$


$n=181$


$n=6$


$n=3$


$n=1$


$n=1$


$n=181$


$n=181$


$\tau = 0.5$


$C_1$


$C_2$


$C_1$


$\sim 2027$


$n=330$


$n=305$


$\kappa $


$\kappa _c$


$r$


$p$


$r$


$p$


$r$


$n=181$


$|M| \cdot |R| \cdot |T|$


$n=181$


$|M| \cdot |R| \cdot |T|$

https://orcid.org/0000-0003-2288-6423
https://orcid.org/0000-0002-0126-5866
https://orcid.org/0000-0002-8420-9498
mailto:i.ruizmanuel@tudelft.nl
https://doi.org/10.1016/j.apenergy.2026.127980
https://doi.org/10.1016/j.apenergy.2026.127980
http://creativecommons.org/licenses/by/4.0/


I. Ruiz Manuel, M. Chen, F. Lombardi et al.

Pathways (RCPs) [10] produced as part of Intergovernmental Panel 

on Climate Change (IPCC) reports, the International Energy Agency 

(IEA)[’s] annually published World Energy Outlook [11] and the 

U.S. Energy Information Administration (EIA)[’s] International Energy 

Outlook [12].

One of the most commonly used methods to produce energy system 

pathways is bottom-up Energy System Optimisation Models (ESOMs), 

with the aim of minimising monetary investment and operation costs 

from a central planner perspective [13,14]. This type of goal-oriented 

— i.e., “normative” — pathway has a storied history in governmen­

tal and electric utility planning [15], with models such as TIMES [16], 

OSeMOSYS [17] and MESSAGE [18] being widely recognised in scien­

tific literature. The approach has also influenced international climate 

policy, as many of the Integrated Assessment Models (IAMs) used to 

investigate the long-term evolution of GHG emissions have an Energy 

System Optimisation Model (ESOM) at their core [19].

The application of ESOMs to highly uncertain long-term questions 

has been subjected to a range of criticisms, including how their in­

sufficient spatio-temporal resolution biases results against renewable 

technologies [13], their frequent use of highly subjective parameters and 

formulations [20], their use of inaccurate or outdated cost projections of 

renewable technologies [21,22], and a general lack of transparency that 

obfuscates the interpretation of their results [23,24]. Energy modelling 

literature has responded to these criticisms by, for example, develop­

ing and assessing novel techniques for time series aggregation to better 

represent the patterns of demand and renewable resources [25,26], 

by comparing the effects of different model formulations [27] or by 

classifying models by their scope or features [28–30].

Despite all this attention, the methods and particularities of path­

ways produced by ESOMs are seldom discussed with the same degree 

of detail. Nevertheless, producing quantitative pathways is one of the 

most important applications of such models, and a model’s long-term 

setup can affect outcomes just as much (or more) as the issues discussed 

above. For example, assessments of energy system models have noted a 

general lack of discourse on the topic of model foresight and its impli­

cations [20], which is reflected in how reviews of energy models often 

omit the topic entirely [31–34] or only discuss it tangentially [35]. Yet, 

studies assessing this aspect regularly highlight its significant influence 

on model results [36,37]. Similarly, despite the mounting evidence on 

the importance of models having adequate spatial and temporal reso­

lution [26,30,38], to date there is no systematic analysis of whether 

models have actually improved in that regard. Other nuances of long-

term optimisation model formulations, like the presence and prevention 

of modelling distortions such as end effects [39,40] or the implications 

of different technological learning approaches [41] have garnered even 

less discussion. To our knowledge, there is no systematic assessment of 

ESOM literature regarding how pathway exercises are conducted and 

the considerations therein, which is worrisome given that this lack of 

awareness could result in disconnects between the narrative modellers 

intend to create within their modelling exercises, the ways an optimisa­

tion model will behave in the presence of distortions and other modelling 

artefacts, and how model results may be interpreted by users who lack 

enough context on the impacts of modeller choices.

Here we conduct a systematic review of pathway studies using 

ESOMs with a focus on the methodological aspects of these exercises. 

In particular, we focus on: i) the assumptions and justifications given 

when using different types of foresight and their implications; ii) the 

concept of the decision horizon and how model distortions such as end 

effects can constrain it; iii) tradeoffs in model resolution; and iv) the 

techniques used by modellers to influence investment dynamics. By de­

scribing these aspects in an accessible way, we hope to provide model 

developers with insights on how to further improve their frameworks, 

and to aid model users in contextualising pathway results in the face of 

weaknesses that might be present in the models that produce them. Our 

focus is on discussing key aspects of pathway exercises and how they 

have changed over the years, not on evaluating the sectoral coverage of 

models, the quality of their data, or features that may improve the op­

erational or technological formulations within models. Finally, we limit 

our focus to ESOM studies at national or supernational scale to ensure 

a reasonably homogeneous sample of studies in terms of policy scope, 

and to focus on model formulation issues that might impact international 

pledges such as Nationally Determined Contributions (NDCs). Although 

this implies spatial mismatches between the nations featured in these 

models, we believe this is justified as subnational entities are subject 

to the goals of federal institutions. A comparison of the match between 

spatial resolution and nation size is outside the scope of this study.

The paper is organised as follows. We start by detailing several 

methodological considerations of pathway exercises in Section 2, which 

will serve as a lens to detect potential issues in the current practices 

emerging from our subsequent literature analysis. Section 3 provides an 

overview of our systematic review method, including research queries, 

the protocols and tools utilised, and a description of our approach 

to data collection. Section 4 compiles the results of our analyses, in­

cluding bibliometric approaches, and the resulting statistics of our 

sample of studies. Finally, Section 5 concludes with discussions and 

recommendations for pathway exercises going forward.

2 . Background and theory

Constructing an ESOM involves many choices and assumptions by 

model developers, which in turn affect the questions the said model is 

best suited to answer; these choices and assumptions are also important 

aspects to consider when interpreting results [42]. In this section, we 

detail multiple aspects we have identified as essential when it comes 

to pathway formulations in ESOMs, placing particular focus on details 

often ignored in the literature. Our aim is to sufficiently explain these 

methodological aspects while providing a consistent nomenclature to 

describe them. These concepts will guide us in our subsequent analysis 

of the literature, helping us to detect any current practices that may be 

overlooking important methodological considerations. In particular, we 

focus on i) describing model horizons and foresight, ii) detailing end 

effects and how to mitigate them, iii) explaining resolution tradeoffs 

with a particular focus on how models aggregate investment decisions to 

improve tractability, and iv) examining how models regulate investment 

dynamics.

2.1 . Time horizons and foresight

An important concept to keep in mind when evaluating pathways is 

the time horizon under study and how the model considers it when mak­

ing decisions. A distinction should be made between investment horizons, 

which are the periods when the model can decide to invest in or remove 

certain technologies, and operational horizons, in which the model can 

only decide how to best utilise the technologies already at its disposal 

(Fig. 1).

2010 20502030

Investment
milestones 

Operational
timesteps 

Investment horizon

Operational horizon

Fig. 1. The different horizons considered in a typical ESOM pathway exercise.
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2010 20502030

a)

Perfect foresight
Full investment horizon visible

c)

b) Limited foresight.
Investment horizon
split in groups.

d)

Myopic (no foresight).
Investment horizon
split into individual
milestones.

e)

Individual snapshots.
Not a pathway.

Rolling
horizon

Fig. 2. Classification of typical foresight approaches seen in ESOM pathways. 

Dots represent model milestones, with white dots representing reconsidered 

investments. Adapted from [35,37].

Modellers might want to limit a model’s ability to anticipate events 

depending on their research goals and the computational capabili­

ties at hand. For instance, when evaluating how delayed investment 

and systemic inertia can affect policy goals [36,43]. This means re­

ducing the model’s foresight—often called the planning or decision 

horizon [37,40]—which is the degree of visibility that the model has 

into future system conditions. Reduced foresight leads the model to ob­

tain suboptimal results within the bounds of the narrative constructed 

by the modellers. In general, three kinds of foresight approaches can be 

distinguished (Fig. 2).

Under perfect foresight the model has full visibility of the investment 

horizon, including price developments, future policies, and decom­

missioning requirements. It can be thought of as the most normative 

approach [5], since it is the only one that guarantees optimality within 

the bounds of the problem. However, perfect anticipation over multiple 

decades does not reflect reality, meaning this type of exercise is ill-suited 

to reproduce actual policymaker behaviour [44] and is often overly op­

timistic when exploring system disruptions [36]. A simplified version 

of most perfect foresight formulations is shown in Eq. (1), where the 

model minimises capacity and operational expenditures (𝐶𝐴𝑃𝐸𝑋𝑚 and 

𝑂𝑃𝐸𝑋𝑚, respectively) multiplied by a monotonically decreasing dis­

count factor (𝐃𝐅𝑚, discussed further in Section 2.2) for all the milestone 

years under consideration (𝑚): 

Min ∶
∑

𝑚
𝐃𝐅𝑚(𝐶𝐴𝑃𝐸𝑋𝑚 + 𝑂𝑃𝐸𝑋𝑚) (1)

Rolling horizon approaches mitigate an ESOM’s anticipatory be­

haviour by subdividing the investment horizon into groups and then 

passing—or “rolling”—results from one group to the next [35]. We can 

subdivide this category into two distinct methods: limited foresight and 

myopic foresight. Under limited foresight, models retain some anticipa­

tory ability and may even be allowed some overlap between groups 

of decisions to enable reconsideration in the face of new informa­

tion [37,43]. This means they are in essence a sequence of connected 

perfect foresight problems. In contrast, fully myopic models essentially 

lose all anticipatory ability, optimising only single investment periods. 

In essence, such models assume that agents do not know about or ac­

tively decide to ignore expected developments and instead face them 

as they occur [45]. Eq. (2) shows a simplified equivalent of a myopic 

model: 

Min ∶ 𝐶𝐴𝑃𝐸𝑋𝑚 + 𝑂𝑃𝐸𝑋𝑚 (2)

2010 20502030

 years

2030

Ye
ar

 in
st

al
le

d

end of the horizon

end effect distortion

2010

2050

Inter-milestone distortion

 years

Fig. 3. Simplified example of common model distortions caused by interactions 

between the lifetime of investments (𝐋𝐢𝐟𝐞𝑖), foresight horizon (40 years), and 

milestone length (𝐌𝐋𝑚) in a model with perfect foresight.

Although myopic models are sometimes seen as more realistic [46], 

one should keep in mind that these models often retain perfect antic­

ipation for their operational decisions (e.g., [47,48]). Whether or not 

forgoing anticipatory investment is a desired or realistic characteristic 

depends on the research question, as studies comparing the effects of 

foresight in ESOMs have highlighted both the dangers of using perfect 

foresight models with unrealistic “unicorn” expectations [36], and how 

myopic planning poses risks of locking-in undesirable system states [43].

2.2 . End effects and decision horizons

Another aspect complicating pathway exercises is the finite horizon 

of the optimisation itself and the distortions it brings. Energy system 

pathways, like all capacity expansion formulations, are a type of infi­

nite horizon problem because the period in which one needs to install 

and decommission investments is never-ending [49]. Since solving these 

models over an infinite horizon is intractable and would involve in­

creasingly uncertain assumptions, modellers are forced to choose a finite 

period to focus on instead [50–52]. Energy modellers rarely discuss the 

implications of this choice even though operations research literature 

has long acknowledged its importance [53].

Making an infinite horizon problem finite results in what is generally 

called end effects [51,52,54], which are distortions that cause the model 

to make increasingly short-sighted choices the closer it is to the end of 

its foresight horizon [54]. In the case of ESOMs, these will typically im­

pact investment decisions due to improper consideration of investment 

lifetimes (𝐋𝐢𝐟𝐞𝑖) versus their operational costs (Fig. 3), often artificially 

benefiting options with low initial investment costs but high operational 

costs such as natural gas turbines [40] or short-term decarbonisation so­

lutions such as co-firing and carbon capture and storage retrofits [52]. 

In turn, they negatively affect investments with higher installation costs 

but low operational expenses (e.g., solar photovoltaics or wind turbines), 

and investments with long lifetimes such as hydropower [52].

The longer a model’s foresight horizon is, the less its end effects 

will impact earlier decisions [53], meaning that it is necessary to ex­

tend the horizon of a model beyond the target year of interest in order 

to avoid distorted assessments [54]. Operations research often refers to 

the decision horizon as the minimum length of the foresight horizon that 

guarantees that the first choice of the model (i.e., the first investment 

year in the case of an ESOM) is unaffected by end effects [55]. This can 

make ESOMs intractable since they often deal with long-term targets and 

assets with long lifetimes [40]. Modellers often turn to alternatives to 

mitigate end effects, and thus reduce the decision horizon, in two ways: 

by discounting and by adjusting investment cost calculations [52].

Discounting implies using the aforementioned discount factor of 

Eq. (1) to reduce the present value of future costs based on an assumed 

Applied Energy 416 (2026) 127980 
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Fig. 4. Discount factor (𝐃𝐅𝑚) trends at different discount rates, relative to an 

assumed initial model year of 2010. For illustration, a €1000 investment cost 

incurred in 2050 corresponds to €671, €142, and €22 in 2010-equivalent terms 

under discount rates of 1%, 5%, and 10%, respectively.

social discount rate (𝐝), with values between 2–10% being commonly 

observed in the literature [56], and a typical formulation for 𝐃𝐅𝑚 as 

illustrated in Eq. (3): 

𝐃𝐅𝑚 = 1
(1 + 𝐝)𝑚−𝑚0

∀ 𝑚 ∈ 𝑀 (3)

The choice of the discount rate is complex and value-laden. From 

a mathematical perspective, higher discount rates will reduce the deci­

sion horizon required to make an initial choice by attenuating later costs 

relative to earlier ones (see Fig. A.1). However, discounting implies in­

tergenerational inequities which are particularly important to consider 

in the context of climate change [57,58]. ESOMs are particularly sensi­

tive to this parameter, with even small increments in the discount rate 

leading to significant changes in the discount factor between investment 

milestones, and thus in the options selected by the model (see Fig. 4). 

Higher discount rates often delay the implementation of decarbonisation 

technologies [56], leading to calls to use lower values [59], with some 

modellers even choosing to use no discounting at all [60].

To reduce artificial disadvantages affecting investments near the end 

of the horizon—both relative to earlier investments and between late 

investments themselves—discounting is often complemented by adjust­

ments to investment cost calculations. The most common approaches are 

salvage values and annuity factors, which influence the timing at which 

the model accounts for technology investment costs [27,61]. An ESOM 

without these adjustments will typically estimate total capacity expendi­

tures in a given year (𝐶𝐴𝑃𝐸𝑋𝑚) by multiplying the total newly installed 

capacity (𝑛𝑐𝑖𝑚𝑟) by its overnight installation cost (𝐈𝐂𝑖𝑚), as shown in 

Eq. (4): 

𝐶𝐴𝑃𝐸𝑋𝑚 =
∑

𝑖,𝑟
𝐈𝐂𝑖𝑚 𝑛𝑐𝑖𝑚𝑟 ∀ 𝑚 ∈ 𝑀 (4)

In this formulation, technologies closer to the end of the horizon 

will require installation expenses in full while seeing reduced use, lead­

ing to distorted estimates [39]. Studies evaluating end effects often 

call this method “truncation” [40,52] and, while problematic, it is not 

uncommon to see it in the literature (e.g., [36,62,63]).

The first adjustment method, salvage values, adjusts Eq. (4) by 

subtracting a residual for investments with a remaining lifetime at the 

end of the horizon (𝑆𝑉𝑖𝑚𝑟). These residual values attempt to represent 

the expected benefits that were not captured within the foresight hori­

zon, and are used by popular modelling frameworks such as TIMES [16] 

and OSeMOSYS [17]. Eqs. (5) and (6) show a simplified example of this 

method based on [17]:

𝐶𝐴𝑃𝐸𝑋𝑆𝑉
𝑚 =

∑

𝑖,𝑟

(

𝐈𝐂𝑖𝑚𝑟 𝑛𝑐𝑖𝑚𝑟 − 𝑆𝑉𝑖𝑚𝑟
)

∀ 𝑚 ∈ 𝑀 (5)

𝑆𝑉𝑖𝑚𝑟 =

⎧

⎪

⎨

⎪

⎩

if 𝑚 + 𝐋𝐢𝐟𝐞𝑖 − 1 ≤ 𝑚𝑚𝑎𝑥: 0,

else: 𝐈𝐂𝑖𝑚 𝑛𝑐𝑖𝑚𝑟

(

1 −
(1 + 𝐝)𝑚𝑚𝑎𝑥−𝑚+1 − 1

(1 + 𝐝)𝐋𝐢𝐟𝐞𝑖 − 1

) ∀ 𝑖 ∈ 𝐼, 𝑚 ∈ 𝑀, 𝑟 ∈ 𝑅

(6)

The second adjustment method, annuity factors (𝐴𝐹𝑖), subdivides ca­

pacity costs into annuitized yearly payments, often adjusted by some 

investment-specific weighted average cost of capital (𝐖𝐀𝐂𝐂𝑖) [27,64]. 

Technologies are compared only by accounting for the payments up 

to the end-of-horizon. This formulation is also popular, with modelling 

frameworks such as TEMOA [64] and PyPSA [60] making use of it. Eqs. 

(7)–(9) show an example of this method based on [64]: 

𝐶𝐴𝑃𝐸𝑋𝐴𝐹
𝑚 =

∑

𝑖,𝑟

(

𝐴𝐹𝑖 𝐈𝐂𝑖𝑚𝑟 𝑛𝑐𝑖𝑚𝑟
)

∀𝑚 ∈ 𝑀 (7)

𝐴𝐹𝑖 =
𝐖𝐀𝐂𝐂𝑖

1 − (1 +𝐖𝐀𝐂𝐂𝑖)
𝐋𝐢𝐟𝐞𝐄𝐨𝐇𝑖𝑚

∀𝑖 ∈ 𝐼 (8)

𝐋𝐢𝐟𝐞𝐄𝐨𝐇𝑖𝑚 =

{

𝐋𝐢𝐟𝐞𝑖 if 𝑚 + 𝐋𝐢𝐟𝐞𝑖 − 1 ≤ 𝑚𝑚𝑎𝑥

𝑚𝑚𝑎𝑥 − 𝑚 + 1 otherwise
∀ 𝑖 ∈ 𝐼, 𝑚 ∈ 𝑀

(9)

Even though the use of discounting, salvage values or annuity factors 

can help in mitigating end effects, they do not eliminate them. ESOM lit­

erature is scarce in evaluating the impacts of these formulations on end 

effects, but the few studies that exist confirm that end effects are still 

present even when both discounting and salvage values are used [40,51], 

and highlight that annuity factors are likely to suffer from similar is­

sues [52]. It is also important to keep in mind that investment lifetimes 

are just one aspect of end effects. Generally, the more complex a model’s 

long-term formulation is (e.g., decreasing technology efficiencies over 

time, long-term storage, constraints endogenously affecting technology 

costs or carbon budget allocation, etc.), the more likely it is that mod­

ellers will need to extend the model’s foresight beyond the target year 

of interest in order to avoid distorted results. Although longer horizons 

can introduce additional uncertainty into modelling exercises, it should 

be noted that end effects are primarily driven by structural limitations 

in the model. Keeping parameters constant beyond the target year of 

interest can generally reduce distortions without increasing parametric 

uncertainty beyond the target year [40,54].

2.3 . Spatial and temporal aggregation

Using an ESOM is often a balancing act between the computational 

power at hand and the model’s resolution, and modellers often turn to 

heuristics or clustering techniques to improve tractability. It is common 

to see models aggregating investment decisions to only a few milestone 

years (𝑀) within the full horizon under study (𝑌 ), and a reduced subset 
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Fig. 5. Illustrative example of different milestone interpolation methods seen 

in the literature. Black bars represent model decisions, grey bars represent 

interpolated estimations, and the red line is a linear interpolation case (for com­

parison). (a) No interpolation [17]. (b) Constant interpolation [64]. (c) Linear 

interpolation [69].

of timesteps (𝑇 ) within the hours of each year (𝐻) to keep an exercise 

tractable [26,64], as shown in Eqs. (10) and (11): 

𝑚 ∈ 𝑀 ⊆ 𝑌 (10)

𝑡 ∈ 𝑇 ⊆ 𝐻 (11)

Doing so comes at a cost in accuracy. The literature has long 

argued that overly coarse models distort the contribution of renew­

able technologies [13], yet aggregation to three timesteps per season 

(day/night/peak, roughly 16 timesteps) or to one day per month (288 

timesteps) remains a popular approach [30]. Accordingly, operational 

time series aggregation has received substantial attention, with studies 

highlighting how distortions induced by overly coarse time-series data 

can be significant [26,65]. Studies exploring spatial aggregation have 

reached similar conclusions when it comes to investments in renewable 

technologies and transmission networks [66,67], and have highlighted 

that higher spatial resolution is always preferred if one wishes to dimin­

ish distorted results in relation to costs, siting accuracy, and emission 

trends [68].

The aggregation of milestone years in pathway models has received 

much less attention, however. The need for it is simple: every year 

with new investments within the horizon of a model necessitates re-

calculation of operational decisions, which can quickly make a model 

intractable. Similar to other dimensions, aggregating investments im­

plies sacrifices to a model’s precision. Accounting for artefacts induced 

by year aggregation is not simple, and has led to models like TIMES 

reformulating their approach in order to reduce distortions [69].

The methods used by models to interpolate between milestones are 

diverse (Fig. 5). Some models, such as OSeMOSYS [17], forgo any kind 

of interpolation and only calculate costs for the requested milestones 

(Fig. 5(a)). Others such as TEMOA and PyPSA [60,64], assume capac­

ities and generation remain constant between milestones (Fig. 5(b)). 

Finally, models like TIMES and EFOM possess involved formulations that 

attempt to distribute new investments equally between milestones [70], 

with TIMES even offering multiple distinct approaches [69] (Fig. 5(c)).

Milestone aggregation has important implications for the cost estima­

tions of a model and may introduce additional distortions to its results, 

as it limits the capacity of a model to adequately assess decommissioning 

and similar investment dynamics [61]. This issue, which we call inter-

milestone effects, is rarely described in ESOM literature. In particular, 

it limits the capacity of a model to adequately assess decommission­

ing [61]. If unaccounted for, a model may arbitrarily benefit certain 

investments with an erroneous extended lifetime if the length between 

milestones (𝐌𝐋𝑚) and the remaining lifetime of an asset (𝐋𝐢𝐟𝐞𝐑𝐞𝐦𝑖𝑚) 

are misaligned (Fig. 3, Eq. (12)). 

𝐋𝐢𝐟𝐞𝐄𝐱𝐭𝐄𝐫𝐫𝑖𝑚 = (−𝐋𝐢𝐟𝐞𝐑𝐞𝐦𝑖𝑚) mod 𝐌𝐋𝑚∀ 𝑖 ∈ 𝐼, 𝑚 ∈ 𝑀 (12)

Corrections to these distortions vary per modelling framework and 

interpolation approach. For example, both TEMOA and MESSAGE scale 

down the distorted capacity by a factor of its remaining lifetime and the 

length of the distorted milestone: if the milestone length is 10 and the 

remaining lifetime of an investment is 7, its remaining capacity will be 

scaled down by 0.7 for that milestone [18,64]. Although this does not 

remove the distortion—the asset’s lifetime is still artificially extended—

it changes its nature in an attempt to reduce its influence.

2.4 . Investment dynamics

When evaluating cost-optimised pathways, one should keep in mind 

their general tendency to delay investments when exogenous perfor­

mance improvements can be anticipated [71]. In essence, if a model 

with enough foresight identifies that cost decrements or efficiency im­

provements occur due to external factors, it may delay deployment until 

said improvements materialise without representing the mechanisms 

that drive technological improvement in reality [36,43]. We can call 

this opportunistic investment behaviour.

As a way to counteract opportunistic behaviour, modelling exercises 

often incorporate constraints affecting investment trends with the aim to 

guide solutions towards what the modellers see as preferable or more re­

alistic. Examples include, first, constraints on deployment growth [37]; 

in other words, the amount of new capacity of a given technology that 

is considered realistic to deploy between two investment milestones is 

arbitrarily fixed. Second, knowledge stock effects [43], which consist of 

non-monetary expertise a given nation acquires or loses in relation to a 

technology, enabling a model to endogenously alter deployment growth 

based on recent trends. Third, endogenous learning [72], namely a math­

ematical relation between the amount of capacity deployment of a given 

technology and its cost, which reduces the more the technology becomes 

deployed, mimicking real-world technological learning and cost reduc­

tions [73]. Fourth and finally, endogenous early retirement [74]; where 

investments may be retired before the end of their technical lifetimes 

when doing so is financially attractive, allowing newer technologies 

to diffuse earlier. Their use varies across modelling frameworks and 

studies. For example, TIMES offers both endogenous learning and early 

retirement as optional features that depend on user configuration [16]; 

similarly, ESO-X, MESSAGE, and PyPSA have been employed both with 

and without endogenous learning as a feature [36,60,72].

3 . Methods

Building and expanding on the key methodological concepts outlined 

in Section 2, we conduct a systematic review of energy systems mod­

elling literature following the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) protocol [75], with the aim 

of quantitatively assessing how pathway modelling studies published 

across multiple decades approach such methodological dilemmas. Our 

protocol-based analysis also offers a structured and replicable approach 
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Table 1 

Terms used to query article titles, abstracts and keywords in the Scopus 

database [76].

Aspect Operator Query

System – (energy OR power OR electric* ) PRE/2 system

Model AND (energy OR power OR electri* OR planning )

PRE/2 model*

Approach AND optim* OR “bottom up” OR “cost competitive*”

Exercise AND pathway OR “multi* period” OR “multi* stage”

OR “long term” OR scenario OR “transition path”

OR “generation expansion” OR “capacity expansion”

to reviewing this field of research, which may be easily and consistently 

updated by others in the future. We build upon other reviews of en­

ergy systems modelling literature that take quantitative approaches [29,

34,41] by narrowing the subject to a particular aspect of ESOMs (i.e., 

pathway exercises) while ensuring our inclusion criteria capture a broad 

range of studies. The following sections detail our procedure: first, how 

our sample of studies was identified and filtered, and second, the data 

collection processes.

3.1 . Gathering the sample of studies

Data gathering started by developing an appropriate search string 

to capture terminology often used to describe pathway studies using 

ESOMs. As seen in Table 1, we combined queries related to four par­

ticular aspects of interest: (i) the systems under study, which were 

energy or power systems; (ii) the models used, namely power and energy 

planning models; (iii) the modelling approach, which was optimisa­

tion via mathematical programming; (iv) the type of exercise, in this 

case pathways or multi-stage investments. When relevant, a proximity 

operator—PRE/n—was used to capture cases where terminology might 

vary slightly due to sectoral scope or other particularities (e.g., energy 

PRE/2 model* will identify studies using energy systems model, energy 

modelling and energy-economy-environment models as valid). We purpose­

fully avoided restrictions on the publication date of papers, subject area, 

or journal ranking in order to diminish biases.

Fig. 6 depicts each stage in our study identification procedure. The 

Scopus database [76] was used as the primary source of data, resulting 

in a total of 3632 records after being consulted on the 6th of January 

2025. This sample was reduced to 2591 records by filtering out pub­

lications that were not written in English or that were not scientific 

articles or reviews. Although pathways are often featured in grey lit­

erature and government reports, both potentially valuable sources of 

information, the focus of this review is on assessing practices and meth­

ods in peer-reviewed scientific literature, meaning that such documents 

were outside the scope of this study.

To aid in the screening of this large sample of studies, we used 

ASReview LAB version 1.6.6 [77], a machine-learning tool that employs 

active learning to assist systematic reviews and meta-analyses in an ef­

ficient and transparent manner [78]. The tool has a human-in-the-loop 

approach, meaning reviewers are ultimately the ones guiding record se­

lection by reading article titles and abstracts; the tool re-arranges the 

order in which record titles and abstracts are presented to the reviewer 

to expedite the review process. During this stage, we selected studies 

mentioning the use of ESOMs in the context of pathways or capacity 

expansion. If the title and abstract of a study omitted such information, 

the main body of the text was briefly consulted to assess the study’s rele­

vance. To reduce the risk of the ASReview presets biasing our selection, 

we split the screening into three phases, with the first two using differ­

ent classifiers and feature extractors, and the third being an additional 

validation phase where random records were assessed to confirm the ef­

fectiveness of ASReview (see Fig. B.2). Our screening yielded a total of 

855 records, which we further reduced to 825 by removing 30 records 

that were inaccessible. To balance the study’s goals, timeliness, and the 

PRISMA 2020 flow diagram for systematic reviews
Identification via databases and registers

Records identified from:

-Scopus (n=3632)

Excluded records:

- Not article or review in
English (n=1041)

Records screened (n=2591)
Excluded records:

- By reviewers (n=1145)
- By ASReview (n=591)

Studies sought for retrieval
(n=855)

Excluded studies:

- Inaccessible (n=30)
- Above sample limit (n=325)

Studies assessed for
eligibility (n=500)

Studies included in review
(n=330)

Of which:

- Single model study (n=308)
- Inter-comparison (n=15)
- Review (n=7)

Studies excluded:

- Sub-national scale (n=113)
- Not self-contained (n=41)
- Not cap. expansion (n=10)
- Not a pathway (n=6)

Fig. 6. PRISMA diagram depicting each stage in the systematic review, including 

the number of studies and reasons for elimination. Adapted from Page et al. [75].

resources at our disposal (i.e., two coders), we established a cutoff of 

500 studies for further assessment, for which we selected the studies 

with the highest ASReview priority scores.

3.2 . Assessment and data collection

We developed a coded questionnaire, depicted in Table C.1, which 

was given to two coders to extract condensed data from each study. 

Coders were required to mark the sentence or paragraph that led them to 

provide a specific answer. Inter-coder reliability was assessed and is re­

ported in the results and in Appendix F. We subdivided the questionnaire 

into three stages, with studies that did not meet certain criteria being ex­

cluded from further analysis: (i) an eligibility stage aimed at improving 

the homogeneity of our sample; (ii) a classification stage aimed at sepa­

rating single-model studies from reviews and model inter-comparisons; 

and (iii) an analysis stage that extracted technical information from 

single-model studies.

The eligibility stage and the classification stage were utilised to im­

prove the comparability of the studies in our sample. To do so, we 

required studies to have a national or super-national scope, removing 

models depicting subnational entities like states [79] or cities [80]. We 

similarly removed studies that either did not use an ESOM or cases where 

its influence was difficult to establish in a self-contained way. This meant 

removing bi-directionally coupled models solved in iterations [81] and 

multi-model setups [82], since establishing cause-and-effect in these se­

tups is difficult and complicates comparisons. Models whose aim was 

tangential to energy planning, such as car stock models [83], were also 

removed. Finally, we ensured that studies that did not feature path­

ways were withdrawn (e.g., studies optimising one or several “snapshot” 

years [84]. The remaining sample of studies was classified into three cat­

egories: studies utilising a single ESOM, literature reviews, and model 

inter-comparisons.
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Fig. 7. Bibliographic trends in our full sample of studies (𝑛 = 330). (a) Study type by year of publication. (b) Citations per study by year of publication. Boxes show the 

median and interquartile range (25–75%), whiskers extend to 1.5 times the interquartile range, and outliers are omitted. (c) Author affiliation by country, counting 

each co-author per study separately. Countries in grey had no authorship in our sample.

Our analysis stage focused on extracting data from our sample of 

single ESOM studies by consulting their methodological descriptions, 

coding each item in our questionnaire across four topic areas (Table C.1) 

based on how it was described in the paper. First, we classified stud­

ies qualitatively on multiple details, including the modelling framework 

used, and the type of formulation employed (e.g., linear programming 

(LP), mixed-integer linear programming (MILP), etc.). Second, we ex­

tracted spatial details, including the region under study (see Table D.2) 

and the model’s spatial resolution (𝑟 ∈ 𝑅). Third, the temporal details of 

each study were identified, including: the foresight utilised, the horizon 

of the exercise from baseline to target year—noting modelling exten­

sions beyond said target year if stated—the total number of milestones 

modelled (|𝑀|), and the total number of timesteps (|𝑇 |). For milestones, 

we assumed that the baseline year was used only as a reference and was 

not included in the optimisations (e.g., if a study stated “modelled from 

2015 to 2050 in 5-year steps”, then |M| = (2050-2015)/5 = 7). For 

timesteps, we noted the cardinality implied by the aggregation method 

used in the paper (e.g., statements like “12 representative days at hourly 

resolution” were coded as |𝑇 | = 12 ⋅24 = 288, “full hourly annual resolu­

tion” was coded as |𝑇 | = 365⋅24 = 8760, and “three time bins per season” 

was coded as |𝑇 | = 3 ⋅ 4 = 12). Fourth, and last, we made note of the use 

of endogenous learning.

4 . Results

4.1 . Descriptive analysis

Our systematic review identified 330 publications: 308 single-ESOM 

studies, 7 review articles, and 15 model inter-comparisons. The publi­

cation years range from 1991 to 2025, with a persistent upward trend 

in publications over time (Fig. 7(a)). Studies published before 2000 are 

scarce, possibly due to terminology not being captured by our search 

strategy. After 2000, the number of studies increases from 2 in 2006 to 

46 in 2024, reflecting the growing scientific and policy interest in energy 

system decarbonisation. Our analysis showed a relatively steady mean 

citation count of 50.3 for studies between 2006-2020, with a wide spread 

of ±50.1 SD (Fig. 7(b)). Citations decline from 2021 onwards, which is 

to be expected due to recency. It should be noted that the search was 

conducted in January 2025, explaining the low number of studies in that 

year (𝑛 = 7).

Studies in our sample are distributed across 93 journal sources, 

mostly focused on disciplines such as energy research, policy, power 

systems, and sustainability. Among these, thirteen journals account for 

67% of the sample with Applied Energy (𝑛 = 40) and Energy (𝑛 = 35) 

holding the largest shares and exhibiting a relatively steady publica­

tion history (Fig. E.3). Conversely, Energy Policy (𝑛 = 30) was the 
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Fig. 8. Summary of model characteristics in single-model studies by year of publication (𝑛 = 308). (a) Model framework used. Frameworks with lower usage (𝑛 < 3) 

have been aggregated into the “Below 3 uses” category. (b) Model formulation as identified by coders. (c) Foresight approach as identified by coders. Cases where 

authors contrasted multiple foresight formulations have been given their own categories. (d) Technological learning approach as identified by coders.

third largest and showed a decreasing trend in publications within our 

sample in the latest half-decade. A total of 59 journals held a single 

article within our sample, and were composed mostly focused jour­

nals of on specialised technical topics (e.g., geothermal engineering, 

solar photovoltaics, buildings, etc.) or a dedicated regional scope (e.g., 

Türkiye, Canada, South Africa). Neither of these findings is surprising 

given the wide breadth of technologies included in ESOMs and our 

eligibility criteria.

We similarly assessed the distribution of author affiliation within our 

sample, which showed that a reduced number of countries hold sig­

nificant influence over this field of literature (Fig. 7(c)). Of the total 

of 1445 identified co-author counts, ten nations accounted for 62% in 

terms of author affiliation, with Germany (12.2%), the U.S. (9.1%), the 

U.K. (8.9%), China (7.1%) and the Netherlands (6.3%) being the largest 

among them. Co-authors with European affiliations are over-represented 

in studies, with a total share of 58.1% of the total (𝑛 = 839), followed 

by Asia with 19.6% (𝑛 = 283), and North America with 13.6% (𝑛 = 197). 

In contrast, Oceania, Africa and South America are under-represented 

with 1.1%, 2.1%, and 5.5% respectively (see Tables E.3 and E.4 for

details).

4.2 . General qualitative features of ESOMs

We evaluate single-model studies (𝑛 = 308) on multiple qualitative 

aspects including model framework and formulation, foresight, technol­

ogy learning approach and modeller region. This section reports sub­

stantive characteristics only; reporting completeness (i.e., indeterminate 

items) is analysed in Section 4.3.

Modelling frameworks. We identified 63 named modelling frameworks, 

14 of which were used more than three times (Fig. 8(a)). TIMES was the 

most used framework at 28% (𝑛 = 87), which expands to 34% when 

combined with its predecessor MARKAL (𝑛 = 20) [85]. OSeMOSYS was 

the second most used framework at 13% (𝑛 = 40), which increases to 

14% when accounting for GENeSYS-MOD (𝑛 = 4), which was based on 

the same codebase [86]. Other frameworks included MESSAGE (𝑛 = 15), 

LUT-ESTM (𝑛 = 10) and TEMOA (𝑛 = 8). Notably, the number of frame­

works below 3 uses increased sharply in the last half-decade (20%, 

𝑛 = 20), indicating growing diversification in the field.

Mathematical formulation. This category displayed a broadly consistent 

preference towards tractable formulations. Linear programming (LP) 

dominated (67%, 𝑛 = 205), followed by MILP (16%, 𝑛 = 50). Non-linear 

approaches were rare (2.5%, 𝑛 = 8), which is to be expected as it implies 
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Fig. 9. World regions modelled in single-model studies by year of publication 

(𝑛 = 308). See Table D.2 for further details on country assignment.

higher computational costs [35]. There is no strong evidence of complex 

formulations becoming more popular, with LP remaining the preferred 

approach across the years.

Foresight. Perfect foresight was the most used approach (71%, 𝑛 =
219), with myopic rolling horizon being a distant second (11%, 𝑛 = 35), 

and limited-foresight exercises a scarce third (2%, 𝑛 = 5). Myopic ex­

ercises have become more common in the past half decade, with 69% 

(𝑛 = 22) of such studies appearing between 2020 and 2025. Only a 

few studies compared foresight approaches directly (𝑛 = 3) [37,87,88]. 

Overall, foresight choice is quite binary between perfect and myopic 

foresight, with limited approaches remaining rare occurrences.

Endogenous learning. Endogenous learning was uncommon (5%, 𝑛 =
14), implying that most models have a weakened causal link between 

technology deployment and cost reductions from economies of scale. 

This type of setup is known to lead to delayed system change and a 

potential for the model to exhibit opportunistic behaviour [71]. The 

trend is unsurprising, as endogenous learning increases computational 

complexity, either by introducing non-linear relations or necessitating it­

erative model runs. Despite these challenges, our sample included cases 

where modellers employed more involved approaches—such as Benders 

decomposition—to enable endogenous learning in models with high 

operational resolution [89]. Such combinations of decomposition tech­

niques and endogenous learning have been highlighted by other studies 

as promising avenues for improvement [41].

Modelled region. Fig. 9 shows how the regional focus of these studies 

generally reflects the authorship trends identified in Section 4.1, with 

Europe (39%, 𝑛 = 119) and Asia (25%, 𝑛 = 76) being the main areas of 

focus, followed by global models as the third largest category (10%, 𝑛 =
32). North America (7%, 𝑛 = 22) had a lower share than its co-authorship 

counterpart, which may be explained as an artefact of our decision to 

exclude sub-national studies, which therefore excludes studies of sub-

national U.S. grids such as ERCOT [90]. Of the remaining regions, South 

America (9%, 𝑛 = 28), and Africa (9%, 𝑛 = 28) had larger shares 

than their co-authorship, and Oceania had a roughly equal amount

(1%, 𝑛 = 3).

4.3 . Degree of transparency

Our questionnaire assessed reporting clarity for 12 items, allowing 

coders to mark an item as indeterminate when a study did not facilitate 

Table 2 

Summary of indeterminate cases per question for single 

model exercises (𝑛 = 308).

Subject Question Total (%)

Model specification Modelling framework 42 (13.6%)

Model name 163 (52.9%)

Formulation 45 (14.6%)

Spatial detail World region 0 (0.0%)

Number of regions 46 (14.9%)

Temporal detail Foresight 46 (14.9%)

Baseline year 8 (2.6%)

Target year 6 (1.9%)

Horizon year 8 (2.6%)

Number of milestones 12 (3.9%)

Number of timesteps 85 (27.6%)

Investment dynamics Learning approach 55 (17.9%)

an unambiguous entry. Table 2 summarises the indeterminate shares by 

item.

Studies did not assign a name to the framework utilised in 14% of 

cases (𝑛 = 42). This is not necessarily problematic as models can be 

tailor-made for a specific study (making naming irrelevant), authors may 

prefer not to assign a name, or journal policies may discourage naming 

altogether. However, it implies that at least 86% of studies used or de­

veloped a framework intended for reuse, assuming that naming signals 

that intention.

Geographic scope was always identifiable—by design, as ambigu­

ous regions were excluded during screening. Items related to a model’s 

horizon (baseline year, target year, horizon year, number of milestones) 

were coded in most cases, each with <4% indeterminate.

Items central to determining computational tractability showed more 

opacity. Mathematical formulation (e.g., LP, MILP) and foresight were 

indeterminate in 15% of studies, which is compounded by additional 

opacity regarding the number of regions modelled (15%) and the num­

ber of operational timesteps (27.2%). These omissions hinder the ability 

of readers to interpret both operational detail and the computational 

burden of models.

Endogenous learning was indeterminate in 18% of studies, reflecting 

difficulties in confirming its absence. Despite previous reviews highlight­

ing its importance [42], it is not a widely used method, likely due to 

computational burden [41]. Most studies implicitly assumed exogenous 

learning, increasing the burden of proof for systematic exercises like this 

one.

The numbers in Table 2 also mask other difficulties that were hard 

to quantify. Studies frequently left key model aspects open to interpreta­

tion, and it was not uncommon for authors to cite a framework without 

specifying configuration or resolution, even though most frameworks al­

low multiple mathematical formulations, temporal/spatial resolutions, 

and optional constraints. In other cases, readers were referred to mul­

tiple model versions with differing configurations, or to grey literature 

that was effectively inaccessible due to link rot or access restrictions. 

Inter-coder analyses showed a similar pattern: model formulation, fore­

sight and learning approach produced disagreement, which completely 

disappeared when indeterminate cases were excluded (Table F.5). That 

is, coders disagreed about clarity rather than the feature itself when it 

was disclosed. Quantitative questions showed comparable issues, with 

the number of model milestones proving particularly challenging and 

often leading coders to report different counts when the long-term 

resolution was vaguely stated.

4.4 . Quantitative analysis of model resolution

Our large sample of studies provides a unique opportunity to assess 

the evolution of multiple aspects of ESOMs across the years. To do so, we 

isolate a subset of studies that provide sufficient data for the following 

items: model foresight, number of milestones (|𝑀|), number of regions 
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Fig. 10. Dimensional characteristics of single-model studies with sufficient transparency by publication year and foresight approach (𝑛 = 181). The solid black line 

represents a median quantile regression (𝜏 = 0.5) with 95% confidence bands from a paired bootstrap in grey. Side panels show kernel density estimates by publication 

year (top) and model dimension (right), subdivided by foresight category (colour). (a) Operational resolution (total timesteps |𝑇 |). (b) Spatial resolution (total regions 

|𝑅|). (c) Long-term resolution (total milestones |𝑀|). (d) Evolution of combined resolution (|𝑀| ⋅ |𝑅| ⋅ |𝑇 |)—an indicator of study setup, not computational burden. 

Y-axes use 𝑙𝑜𝑔10 scaling in a, b, and d; linear scale in c.

(|𝑅|), number of operational timesteps (|𝑇 |), baseline year, target year, 

and horizon year. This resulted in a reduced subset of 181 studies (59% 

of 308). We group studies into those with perfect foresight (𝑛 = 145) and 

those using myopic or limited foresight (𝑛 = 36).

We evaluate trends in the dimensionality of ESOMs in our sub­

set in recent decades (Fig. 10), revealing distinct trends despite the 

wide heterogeneity of these models. In particular, there is an increas­

ing preference towards higher short-term resolution—in both temporal 

and spatial aspects—and a decreasing trend in long-term resolution.

Short-term temporal resolution—measured as the number of opera­

tional timesteps |𝑇 |—shows clear increases over time (Fig. 10a), with 

an annual multiplicative change of 16.4% (95% CI [7.2%, 31.8%]; 𝑛 =
181), equivalent to doubling roughly every 4.6 years (95% CI [2.5, 10]). 

Despite this upward trend, dispersion remains large, indicating substan­

tial heterogeneity across modelling studies. Foresight strongly influences 

operational resolution: studies with myopic or limited foresight tend to 

favour near-hourly annual operation at a median of 2920 (IQR 31–8760; 

𝑛 = 36), with studies using myopic versions of PyPSA and LUT-ESTM 
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Fig. 11. Evaluation of long-term characteristics of single-model studies with sufficient transparency that relate to end effects (𝑛 = 181). (a) Length of the modelled 

investment horizon by year of publication and foresight approach. The solid black line represents a median quantile regression (𝜏 = 0.5) with 95% confidence bands 

from a paired bootstrap in grey. Side panels show kernel density estimates by publication year (top) and investment horizon length (right), subdivided by foresight 

category (colour). (b) Counts of each modelled year, subdivided into groups of close publication dates. Cases where authors extended the horizon beyond the target 

year of interest have been highlighted in black.

often favouring full hourly resolution (Fig. G.5). Conversely, perfect 

foresight models are more dispersed in their approach and use lower 

resolutions at a median of 16 timesteps (IQR 6–120; 𝑛 = 145). This 

variability also holds within frameworks: models built with OSeMOSYS, 

TEMOA and TIMES vary by over two orders of magnitude in this metric 

(Fig. G.5).

Spatial resolution—total regions |𝑅|—shows a modest upward ten­

dency over time. The median trend indicates an annual increase of 6.4% 

(95% CI −3.3–14.7%; 𝑛 = 181). Over a decade, this compounds to about 

86% higher on the median. Because the confidence interval includes 

0%, the evidence is suggestive rather than definitive (Fig. 10b). There 

is a clear trade-off between foresight and spatial detail: models either 

pursue finer spatial resolution at the cost of less or no anticipation in in­

vestments, or retain anticipation by neglecting energy transmission costs 

and weather differences across regions (Fig. G.4). By foresight type, per­

fect foresight studies tended to use single-region “copperplate” setups 

(median 1, IQR 1–10; 𝑛 = 145), a pattern that persists even in recent 

work, whereas myopic and limited foresight models were more spatially 

disaggregated (median 9, IQR 5.75–23.24; 𝑛 = 36).

Fig. 10c shows that long-term temporal resolution—milestones |𝑀|

across the investment horizon—declines over time. The median trend is 

−0.2 milestones per year (95% CI [−0.08, −0.27]; 𝑛 = 181). This corre­

sponds to roughly two fewer milestones per decade assuming milestones 

are spaced five years apart (𝐌𝐋 = 5). Aggregate metrics suggest that 

this is the only dimension in which models with perfect foresight utilise 

higher resolutions (median 8 milestones, IQR 6-16) than models with 

myopic or limited foresight (median 6 milestones, IQR 5.75-7), although 

in general this aspect remains coarse in both approaches (Fig. G.4).

To answer the question of whether or not there is a focus on increas­

ing resolution in these studies as a whole, we look at their combined 

resolution (the product |𝑀| ⋅ |𝑅| ⋅ |𝑇 |) in Fig. 10(d). Importantly, this 

measure reflects study setup rather than the computational burden of 

a model, since myopic and limited-foresight models do not resolve 

all milestones simultaneously. The increases in short-term resolution 

(|𝑇 |) dominate, leading to a similar annual increase of 18.4% (95% CI 

[10.53%, 34.59%], which would compound to about a 443% increase 

on the median over a decade. Dispersion is large (log10-MAE 1.13) due 

to the substantial heterogeneity across studies and years. This large in­

crease must be put into context, as this category has the most clear 

outlines between foresight categories (Fig. G.4). Perfect foresight stud­

ies had an aggregate median of 102.81 (IQR [102.16, 103.81]) which was 

about three orders of magnitude below that of myopic or limited fore­

sight models (105.49, IQR [103.52, 105.72]). Looking at specific frameworks 

(Fig. G.5) reveals a few outliers, with the IESA-Opt model [91] and the 

model of Komiyama and Fujii [92] as standout perfect foresight cases 

with a higher combined resolution than most myopic models solved at 

an hourly operational resolution.

4.5 . The heuristics of optimised pathways

Section 2 described two types of issues that can surface in long-term 

exercises: (i) end effects, which occur when models with foresight do 

not extend beyond the year of interest, and (ii) inter-milestone effects, 

which occur when years in the investment horizon are aggregated into 

groups (i.e., 𝐌𝐋𝑚 > 1). Although the presence of said issues broadly 

depends on the experimental setup of each study and the formulation of 

each model, we can assess modeller practices that surround them.

As noted in Section 2.2, end effects are mitigated—but not 

eliminated—by heuristics such as salvage values or heavy discounting; 

robust handling typically also requires extending the model beyond the 

target year [51]. To assess practice, we examine two indicators: (i) the 

length of the investment horizon (total years spanned; Fig. 1), and (ii) 

whether authors explicitly state an extension beyond the target year.

For the first indicator, Fig. 11(a) suggests a decrease in horizon length 

over publication years: a linear median regression estimates −1.11 years 

per calendar year (95% CI [−1.25, 0.00]). For the second, we grouped 

studies with close publication proximity and counted explicit horizon 

extensions (Fig. 11(b)). Only 15 studies reported an extension (8.2% of 
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Fig. 12. Long-term aggregation trends in single-model studies with sufficient 

transparency (𝑛 = 181) by year of publication and foresight approach. The solid 

black line represents a median quantile regression (𝜏 = 0.5) with 95% confidence 

bands from a pairs bootstrap in grey. Side panels show kernel density estimates 

by publication year (top) and average milestone length (right), subdivided by 

foresight category (colour).

𝑛 = 181), including frameworks with distinct approaches for end effect 

mitigation. These include models with both salvage values (OSeMOSYS 

𝑛 = 6, TIMES 𝑛 = 3), and annuity factors (SWITCH 𝑛 = 1, GridPath 

𝑛 = 1); see Table H.7 for details.

Taken together, these patterns suggest that explicit extensions are 

either uncommon or unreported, while planning horizons are likely 

shortening in the literature. There is a strong tendency to terminate anal­

yses at years prominently featured in policy targets (e.g., 2050, 2100), 

with 2050 being a standout across categories. Thus, ESOM studies ap­

pear increasingly short-term in scope, primarily handling end effects via 

heuristics (e.g., salvage values) rather than via a conscious re-structuring 

of the problem such as horizon extensions. These practices can bias re­

sults towards near-term solutions near important policy years, favouring 

technologies with short payback periods and undervaluing long-lived 

assets or variable renewable technologies [52].

Inter-milestone effects depend on interactions between model struc­

ture and exogenous parameters. For example, a model with no or 

very coarse milestone interpolation (i.e., Fig. 5(a) and (b)) will be 

ill-suited to evaluate technologies with short lifetimes if used in com­

bination with long milestone lengths. Thorough comparison between 

model formulations is beyond the scope of this review, as it requires 

a curated harmonisation between models to enable proper evaluation. 

Nevertheless, we can assess the need for such comparisons by looking at 

trends in model setup.

Fig. 12 suggests that time aggregation is typically chosen heuristi­

cally. Most studies either optimise every year—often intractable when 

other dimensions are highly resolved—or group years into multiples of 

five as a rule of thumb. The latter does not align with the expected de­

commissioning dynamics of the energy transition [93], and can lead to 

distorted results depending on the model’s structure and application. 

As an example, the second most popular framework—OSeMOSYS—does 

not interpolate or represent the period between investment milestones. 

Its core design goal was to have a straightforward formulation [17], 

so the choice to use discrete, non-interpolated periods is unsurprising. 

Nevertheless, this can lead to biased estimates of cumulative annual 

trends unless additional assumptions or a more detailed formulation are 

used to describe the evolution between milestones. If these are omitted 

or applied inconsistently, the resulting cumulative quantities may be 

systematically misestimated. This matters for common policy questions 

such as national carbon budgets [94].

5 . Discussion and conclusion

We conducted a systematic review of energy system pathway ex­

ercises using ESOMs in the academic literature, focusing on technical 

aspects of model setup that influence results, but are often left implicit. 

We highlight four critical aspects: i) the implications of model foresight

assumptions, ii) decision horizons associated with end effects that can 

distort model outcomes, iii) tradeoffs in model resolution, and iv) in­

vestment dynamics and the need to counteract opportunistic investment 

behaviour by incorporating endogenous learning.

From this review, we reveal four broad patterns corresponding to the 

critical aspects identified above. For i), long-term ESOMs generally fall 

into two categories: either perfect foresight exercises with strong antic­

ipatory capacity but relatively low spatial and operational resolution, 

or, increasingly, myopic exercises that offer high spatial and opera­

tional detail but struggle to account for long-term policy goals. For ii), 

modellers typically follow heuristic rules of thumb when choosing the 

investment horizon in pathway exercises, leading to a strong trend to­

wards shorter model horizons as key carbon-neutrality deadlines draw 

nearer; in many formulations, this can bias models towards short-term 

solutions because end effects distort investment choices. For iii), there is 

a clear trend towards higher operational accuracy, with finer short-term 

temporal resolution receiving particular attention, reflecting the need 

to model variable renewable technologies such as solar and wind with 

greater precision. For iv), the use of endogenous learning remains un­

common, likely because of computational and algorithmic complexity, 

leaving models with a tendency to delay investments in expectation of 

future price decreases, which goes against well-understood economies 

of scale.

This highlights several areas for improvement and further research. 

The choices of model foresight, combined spatial–operational resolution, 

and endogenous learning—points i, iii, and iv—are closely interrelated, 

in large part because of computational limitations, and different configu­

rations imbue models with different biases. The current binary between 

perfect foresight and full myopia suggests room for improvement, as 

limited foresight approaches might offer a better trade-off between a 

model’s anticipatory ability and its operational and spatial resolution, 

reducing the risk of lock in and stranded assets. A few examples within 

our sample show how methodological improvements can preserve per­

fect foresight even at high resolutions, either by selectively coarsening 

non-electrical sectors [95], or by using decomposition techniques to en­

able endogenous learning at these resolutions [89]. Recent work has 

already shown that substantial computational gains are possible by mak­

ing the temporal representation across the model more flexible [96], 

making this a promising area of study. Additionally, greater awareness 

is needed of potential model distortions caused by short horizons and 

coarse long-term aggregation. Although scarce, literature showcasing 

more rigorous treatment of end effects does exist [52], and established 

models like TIMES have documented the impacts of improper milestone 

aggregation [69]. Model developers and users stand to benefit from 

adopting more systematic approaches to evaluate and contrast these as­

pects. Finally, there is a pressing need for greater transparency in how 

the long-term setup of these models is communicated: pathway exer­

cises often leave out contextual details that are essential for interpreting 

their results, as has also been noted by other work on energy system 

modelling best practices [42,97].

This work has several limitations. Our search terms and article selec­

tion criteria were designed to capture and harmonise studies in order to 

Applied Energy 416 (2026) 127980 

12 



I. Ruiz Manuel, M. Chen, F. Lombardi et al.

identify modeller practices related to pathway setup, not to provide evi­

dence about the quality of those studies per se. Other important aspects 

affecting the quality of ESOM studies, such as operational formulations, 

approaches to uncertainty mitigation, and up-to-date model parameter­

ization, are outside the scope of this work. Furthermore, models are 

mutable pieces of software, meaning that the articles and model doc­

umentation we use as examples may not reflect the latest versions of 

those models. The critical aspects and theoretical concepts highlighted 

here are, however, expected to remain relevant. Similarly, our review 

does not capture modelling setups utilised in grey literature or govern­

ment reports, meaning that the assessment of pathway practices at the 

academic-policy interface remains an important area of future study. 

Finally, we do not consider interactions between ESOMs and other 

policy-focused models, particularly IAMs. These heterogeneous mod­

els often incorporate ESOMs and face similar tractability trade-offs in 

foresight, endogenous learning, and resolution [19,98]. We argue that 

both fields would benefit from quantitative analyses aimed at identifying 

best practices for model development and communication of limitations. 

Promising steps in this direction have been made in the context of recent 

projects which focused explicitly on ESOM-Integrated Assessment Model 

(IAM) intercomparisons [99,100]. However, these focused primarily on 

model outputs, and less so on mathematical formulations, for which we 

encourage further mutual learning.

Our study systematically assessed practices related to optimised en­

ergy system pathways in the academic literature, highlighting important 

considerations that modellers and model users should take into account 

when interpreting results produced by ESOMs. In particular, we under­

score that clear communication of the type of foresight used is essential. 

Myopic formulations can be useful when assessing the effects of unex­

pected disruptions on the expected benefits of investments [101], such 

as policy shifts or technological developments that were foreseen but 

not achieved. However, they implicitly assume that investments are not 

made in anticipation or consideration of potential future policies, which 

limits their ability to capture strategies that avoid lock-in and stranded 

assets under tightening environmental targets. Advice about planning 

pathways coming from such models should be interpreted with this 

nuance in mind.

Similarly, careful consideration of biases in model formulation is 

necessary to avoid misinterpreting the effectiveness of the proposed 

pathways. This is particularly important when discussing technologies 

known to artificially benefit from end of the horizon effects (e.g., gas 

turbines, carbon-capture and storage) [40,52], or when representing 

technologies that might be distorted by milestone interpolation due to 

uneven year-by-year stock turnover (e.g., road transport, distributed 

power generation) [102,103]. Despite advancements in the operational 

resolution of models and a few promising highly resolved cases, the 

computational challenge facing ESOMs remains substantial due to the 

need for horizon extensions, the widespread coarseness in long-term res­

olution, and the additional complexity induced by endogenous learning 

formulations.
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Appendix A . Discount rate dynamics

Here we present a streamlined example of discount rates reducing de­

cision horizons based on [49]. There are two mutually exclusive choices: 

𝐶1, which steadily rises over time, and 𝐶2, which follows the same steady 

rise but alternates around 𝐶1 by a fixed amplitude (Fig. A.1a). Because 

the model adds up costs only up to a chosen end year (the horizon), and 

because higher discount rates put less weight on later years, the pre­

ferred option can flip depending on where one stops and how strongly 

one discounts (Fig. A.1b). A discount rate of 0 makes the model alternate 

between choices indefinitely (Fig. A.1c), meaning that the decision hori­

zon is effectively infinite. A positive discount (3%) stabilises the choice 

if the horizon is sufficiently long at around ∼ 2027, suggesting a decision 

horizon of  17 years. Conversely, a negative discount (−1%) exacerbates 

the alternation between choices the longer the horizon is.

Fig. A.1. Example of discount rates influencing the length of a model’s decision 

horizon, Adapted from  [49]. (a) Cost trends of two mutually exclusive choices. 

(b) Cumulative discounted cost of both choices over time. (c) Difference between 

cumulative costs over time.

Appendix B . Review screening phase

Screening was subdivided into three steps: (i) an initial pass using the 

default Naive Bayes classifier with a Term Frequency-Inverse Document 

Frequency (TD-IDF) feature extractor, with a stopping condition of 66% 

of total papers screened; (ii) a second pass using a more computationally 

expensive two layer neural network with Doc2Vec as the feature extrac­

tor [104], with a stopping condition of 75% of papers screened; (iii) a 

final pass where a sample of 50 random leftover records was screened to 

assess the effectiveness of the active learning tool. The progress at each 

stage of the screening phase is depicted in Fig. B.2. It can be seen that, 

at the end of stage (i), the rate of relevant studies significantly decreases 

in relation to those analysed meaning that further screening would be 

mostly immaterial, which was confirmed during stage (ii). None of the 
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Fig. B.2. Screening phases: relevant records (yellow) versus random relevant (blue). Figures produced using ASReview LAB version 1.6.6 [77]. Screening phase i

using Naive Bayes as a classifier and a TD-IDF feature extractor. This phase ended after screening  66% of the sample. Screening phase ii using a two-layer neural 

network as a classifier and a Doc2Vec feature extractor. This phase ended after screening  75% of the sample. Screening phase iii using a random sample of 50 

leftover studies. No relevant records were found.
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random records evaluated at stage (iii) was deemed relevant, which led 

us to conclude that the screening tool was an effective aid.

Appendix C . Assessment questionnaire

Table C.1 

Questionnaire filled for each study in our sample. Questions had a multiple-

choice setup with two exceptions: (-) indicates an answer was open text, and 

(*) indicates an answer could by any natural number.

Stage Subject Question Options

Eligibility Is the study relevant at 

or above national scale?

Yes / No / Unclear

Is the study rele­

vant to at least one 

self-contained ESOM?

Yes / No / Unclear

Does the study relate 

to energy generation 

capacity expansion 

planning?

Yes / No / Unclear

Does the study relate to 

pathways?

Yes / No / Unclear

Classification What type of study is 

this?

Single model study 

/ Review / Model 

inter-comparison / 

Unclear

Analysis Model detail What is the name of the 

modelling framework 

used?

- / Unclear

What name did the 

authors use for this 

specific model?

- / Unclear

What type of for­

mulation was 

used?

LP / MILP / NLP 

/ MINLP / Other / 

Unclear

Spatial detail What region of the 

world was modelled?

Global / Africa / 

Asia / Europe / 

North America / 

Oceania / South 

America / Synthetic 

/ Unclear

How many regions does 

the model have?

* / Unclear

Temporal detail Which types of foresight 

were used?

Perfect / Limited / 

Myopic / Unclear

What is the baseline 

year of the model?

* / Unclear

What is the target year 

of the exercise?

* / Unclear

What was the final year 

modelled?

* / Unclear

How many investment 

decision years were 

used?

* / Unclear

How many operational 

timesteps were used?

* / Unclear

Investment dynamics What type of techno­

logical learning was 

used?

Exogenous / 

Endogenous / 

Unclear

Appendix D . Regions used for spatial classification

Table D.2 

World region classification used in this study as defined in our world in data [105]. 

Please note that a country being in this list does not imply it was individually featured 

within in our sample of single-model studies.

Region Countries

Africa Algeria, Angola, Benin, Botswana, Burkina Faso, Burundi, Cameroon, 

Cape Verde, Central African Republic, Chad, Comoros, Congo, Cote 

d’Ivoire, Democratic Republic of Congo, Djibouti, Egypt, Equatorial 

Guinea, Eritrea, Eswatini, Ethiopia, Ethiopia (former), Gabon, Gambia, 

Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Libya, 

Madagascar, Malawi, Mali, Mauritania, Mauritius, Mayotte, Morocco, 

Mozambique, Namibia, Niger, Nigeria, Orange Free State, Reunion, 

Rwanda, Saint Helena, Sao Tome and Principe, Senegal, Seychelles, 

Sierra Leone, Somalia, South Africa, South Sudan, Sudan, Sudan (for­

mer), Tanzania, Togo, Tunisia, Uganda, Western Sahara, Zambia, 

Zimbabwe

Asia Afghanistan, Armenia, Azerbaijan, Bahrain, Bangladesh, Bhutan, British 

Indian Ocean Territory, Brunei, Cambodia, China, Christmas Island, 

Cocos Islands, Democratic Republic of Vietnam, East Timor, Georgia, 

Hong Kong, India, Indonesia, Iran, Iraq, Israel, Japan, Jordan, 

Kazakhstan, Korea (former), Kuwait, Kyrgyzstan, Laos, Lebanon, Macao, 

Malaysia, Maldives, Mongolia, Myanmar, Nepal, North Korea, Oman, 

Pakistan, Pakistan (former), Palestine, Philippines, Qatar, Republic 

of Vietnam, Saudi Arabia, Singapore, South Korea, Sri Lanka, Syria, 

Taiwan, Tajikistan, Thailand, Turkey, Turkmenistan, United Arab 

Emirates, Uzbekistan, Vietnam, Yemen, Yemen Arab Republic, Yemen 

People’s Republic

Europe Aland Islands, Albania, Andorra, Austria, Austria-Hungary, Belarus, 

Belgium, Bosnia and Herzegovina, Bulgaria, Croatia, Cyprus, Czechia, 

Czechoslovakia, Denmark, Duchy of Modena and Reggio, Duchy of 

Parma and Piacenza, East Germany, Estonia, Faroe Islands, Finland, 

France, Germany, Gibraltar, Grand Duchy of Baden, Grand Duchy of 

Tuscany, Greece, Guernsey, Hungary, Iceland, Ireland, Isle of Man, 

Italy, Jersey, Kingdom of Bavaria, Kingdom of Sardinia, Kingdom of 

Saxony, Kingdom of Wurttemberg, Kingdom of the Two Sicilies, Kosovo, 

Latvia, Liechtenstein, Lithuania, Luxembourg, Malta, Moldova, Monaco, 

Montenegro, Netherlands, North Macedonia, Norway, Poland, Portugal, 

Romania, Russia, San Marino, Serbia, Serbia and Montenegro, Slovakia, 

Slovenia, Spain, Sweden, Switzerland, USSR, Ukraine, United Kingdom, 

Vatican, West Germany, Yugoslavia

North America Anguilla, Antigua and Barbuda, Aruba, Bahamas, Barbados, Belize, 

Bermuda, Bonaire Sint Eustatius and Saba, British Virgin Islands, 

Canada, Cayman Islands, Costa Rica, Cuba, Curacao, Dominica, 

Dominican Republic, El Salvador, Federal Republic of Central America, 

Greenland, Grenada, Guadeloupe, Guatemala, Haiti, Honduras, Jamaica, 

Martinique, Mexico, Montserrat, Netherlands Antilles, Nicaragua, 

Panama, Puerto Rico, Saint Barthelemy, Saint Kitts and Nevis, Saint 

Lucia, Saint Martin (French part), Saint Pierre and Miquelon, Saint 

Vincent and the Grenadines, Sint Maarten (Dutch part), Trinidad and 

Tobago, Turks and Caicos Islands, United States, United States Virgin 

Islands

Oceania American Samoa, Australia, Cook Islands, Fiji, French Polynesia, Guam, 

Kiribati, Marshall Islands, Micronesia (country), Nauru, New Caledonia, 

New Zealand, Niue, Norfolk Island, Northern Mariana Islands, Palau, 

Papua New Guinea, Pitcairn, Samoa, Solomon Islands, Tokelau, Tonga, 

Tuvalu, Vanuatu, Wallis and Futuna

South America Argentina, Bolivia, Brazil, Chile, Colombia, Ecuador, Falkland Islands, 

French Guiana, Great Colombia, Guyana, Paraguay, Peru, South Georgia 

and the South Sandwich Islands, Suriname, Uruguay, Venezuela
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Appendix E . Bibliometric analyses

Additional bibliometric analyses were conducted using the pybibx library to analyse our sample [106]. To do so, bibliometric data for each study 

were downloaded from the SCOPUS database [76] and subsequently fed to the pybibx library [106] for further processing and cleaning. In the case 

of institutional affiliation analyses (Tables E.3 and Table E.4) a total of five cases—0.3% of the sample—could not be assigned to a country, meaning 

the total co-authorship sample including unknowns was 1450, meaning missing affiliation cases are immaterial to our results.

Fig. E.3. Publishing trends in our full sample of studies (𝑛 = 330). Size depicts study count per year. Journals with less than 5 total publications were aggregated into 

“other”.

Table E.3 

Co-authorship share by institution for 1445 co-authors identified within our full sample of studies (𝑛 = 330) 

for each world region as defined by our world in data [105].

World region Countries identified N. of 

countries

Frequency Share

Africa Ethiopia, Ghana, Morocco, Tunisia, 

Egypt, South Africa, Tanzania, Kenya, 

Namibia

9 31 2.1%

Asia China, Japan, South Korea, India, 

Thailand, Iran, Indonesia, Taiwan, 

Singapore, Syria, Pakistan, Turkey, 

Bangladesh, Jordan, Nepal, Kazakhstan, 

Saudi Arabia, Sri Lanka

18 283 19.6%

Europe Germany, United Kingdom, Netherlands, 

Italy, Ireland, Finland, Denmark, 

Sweden, Norway, Austria, France, Spain, 

Switzerland, Portugal, Greece, Cyprus, 

Poland, Belgium, Iceland, Ukraine, 

Czechia, Faroe Islands, Russia, Estonia, 

Latvia, Luxembourg

26 839 58.1%

North America United States, Canada, Mexico, Costa Rica 4 197 13.6%

Oceania Australia, New Zealand 2 16 1.1%

South America Brazil, Chile, Bolivia, Colombia, Ecuador 5 79 5.5%
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Table E.4 

Countries with the largest co-authorship share by institu­

tional affiliation. Computed using pybibx [106].

Country Frequency Share (𝑛 = 1445)

Germany 176 12.2%

United States of America 132 9.1%

United Kingdom 129 8.9%

China 102 7.1%

Netherlands 91 6.3%

Italy 80 5.5%

Japan 54 3.7%

Ireland 48 3.3%

Finland 42 2.9%

Denmark 39 2.7%

Sweden 39 2.7%

Canada 39 2.7%

Norway 36 2.5%

South Korea 35 2.4%

Austria 31 2.1%

Brazil 28 1.9%

Chile 26 1.8%

France 25 1.7%

Spain 22 1.5%

Switzerland 21 1.5%

India 19 1.3%

Portugal 16 1.1%

Mexico 16 1.1%

Thailand 16 1.1%

Iran 15 1.0%

Indonesia 13 0.9%

Greece 12 0.8%

Australia 12 0.8%

Costa Rica 10 0.7%

Bolivia 9 0.6%

Appendix F . Intercoder analysis

We conducted inter-coder analyses for ten randomised articles within our sample of single model studies (𝑛 = 305) to evaluate causes of disagree­

ment between our two coders, with each coder evaluating five from the other. We subdivided evaluations into qualitative questions and quantitative 

questions.

For qualitative questions we made use of Cohen’s kappa (𝜅), as shown in Table F.5. Four out of seven questions showed perfect agreement, and 

the remaining three showed comparatively poor agreement. An additional control test, 𝜅𝑐 , was conducted by removing cases where either reviewer 

marked the question as indeterminate, which effectively removed all disagreement.

Table F.6 shows the computation of Pearson’s 𝑟 for our quantitative questions, with broad agreement in all categories except for Q17. Disagreement 

was mostly caused by a study that used ambiguous language when stating the horizon of the exercise [107], which led to coders noting different 

milestones based either on textual descriptions or the figures shown in the article (35 and 7, respectively).

Table F.5 

Inter-coder analysis of qualitative questions conducted for ten sin­

gle model studies. 𝜅 is Cohen’s kappa, 𝑝𝑜 is the observed agreement 

among raters, 𝑝𝑒 is the hypothetical probability of chance agree­

ment, 𝜅𝑐  is a re-computation of Cohen’s kappa with indeterminate 

cases removed. Cases with a single labelled category (𝑝𝑒 = 1) are 

marked as “inf”.

Question 𝜅 𝑝𝑜 𝑝𝑒 𝜅𝑐

Study type inf 1 1 inf

Modelling framework 1 1 0.28 1

Model name 1 1 0.52 1

Formulation 0.44 0.8 0.64 1

World region 1 1 0.26 1

Foresight 0.23 0.6 0.48 1

Endogenous learning 0.41 0.8 0.66 1
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Table F.6 

Inter-coder analysis of quantitative questions conducted for 

ten single model studies. 𝑟 is Pearson’s r, 𝑝 is the p-value. 

Indeterminate cases were removed during calculations.

Question 𝑟 𝑝 Indeterminate count

Number of regions 1 0 4

Baseline year 0.96 8.19e-06 0

Target year 1 0 0

Horizon year 0.94 0.0002 1

Number of milestones 0.57 0.087 0

Number of timesteps 0.999 1.07e-06 4

Appendix G . Model resolution analysis

Fig. G.4. Aggregated dimensional characteristics of single model studies with sufficient transparency (𝑛 = 181). Combined resolution (|𝑀| ⋅ |𝑅| ⋅ |𝑇 |) does not 

necessarily represent computational burden in myopic or limited foresight models given that they are rolling horizon approaches.
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Fig. G.5. Summary of dimensional characteristics of single model studies with sufficient transparency by model framework (𝑛 = 181). Combined resolution (|𝑀| ⋅
|𝑅| ⋅ |𝑇 |) does not represent computational burden in myopic or limited foresight models given that they are rolling horizon approaches.

Appendix H . Long-term horizon extensions

Table H.7 

Modelling frameworks with detected 

end-of-horizon extensions in our sam­

ple if single-model studies with suffi­

cient transparency (𝑛 = 181).

Framework Counts References

DIMENSION 1 [108]

GridPath 1 [109]

IKARUS 1 [110]

MARKAL 1 [111]

MESSAGE 1 [112]

OSeMOSYS 6 [113–118]

SWITCH 1 [119]

TIMES 3 [120–122]
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Data availability

Curated datasets and code are publicly available on Github, Zenodo, 

and in appendixes.
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