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Evidence of a cascading positive tipping
point towards electric vehicles

Jean-François Mercure 1,2,3,5 , Aileen Lam 2,4,5, Joshua E. Buxton 3,
Chris A. Boulton 3, Amir Akther3 & Timothy M. Lenton 3

Electric vehicles have recently seen rapid innovation, decline in cost and a rise
in popularity. Past a tipping point where uptake becomes self-propelling,
electric vehicles could irreversibly replace internal combustion engine vehi-
cles, as industry discontinues conventional production chains. Here we pro-
vide evidence that this tipping point has occurred or lies within the next few
years in lead markets of the European Union and China, and potentially the
United States, which could spill out into peripheral vehicle markets across the
rest of the world. The historical evidence shows a sudden decline in conven-
tional vehicle sales starting around 2019 concurrent to a rapid rise in sales of
electric vehicles. Critically, we observe a loss of resilience of the incumbent
technology consistent with the approach to a tipping point. We use simula-
tions of technology evolution to identify timescales for cost-parity and policy
frameworks that could accelerate the transition to largely eliminate combus-
tion vehicles before 2050.

Road transport emissions are rising rapidly, due to growing fleets
worldwide, despite fuel efficiencies increasing in most vehicle
markets1. Private passenger road transport generates 45% of transport
emissions and30%of its growth, the transport total accounting for 22%
of global CO2 combustion emissions2, something that requires urgent
attention from policy-makers. Since the late 2000s, electric vehicles
(EVs) have been seen as a key solution for decarbonising private pas-
senger road transport3. Plug-in hybrid electric vehicles (PHEVs) over-
come issues of range anxiety perceivedwith EVs4,5, but they are now to
be phased out along with internal combustion engine vehicles (ICEVs)
in the European Union (EU) and the UK by 2035, whereas the ranges of
EVs are improving as a result of battery innovation. EVs have seen their
costs decline drastically following large scale investment, anticipating
or benefiting from favourable policy environments, particularly in the
world’s leading carmarkets of Europe, the United States and China6–18.
Hence, it is important and timely to examine whether the observed
diffusion of EVs could become self-propelling and tip towards a state
of dominance.

In complex systems, a ‘tipping point’ occurs when a small change
triggers a large, non-linear change of state of a system, supported by

self-propelling (strong, positive) feedback19–21. Technologies often see
tipping points in their diffusion processes where there are increasing
returns, as costs decline due to increasing investment anticipating
rising sales, and sales increase due to declining costs and improving
consumer accessibility20,22–24. This has occurred before in the early
1900s with the onset of oil-based mobility25–27. It could conceivably
occur with EVs once ownership costs and the diversity of models
available onmarkets becomecomparablewith incumbent alternatives,
and various user adjustment hurdles are overcome such as range
anxiety28–30.

Technological change occurs temporally but also spatially, from a
core location where innovation is done, towards a rim and a periphery,
where later adopters benefit from the experimentation done earlier
within the core31–35. We thus expect that reaching a critical mass and
regional tipping points in the leading core markets (henceforth ‘lead
markets’36), including Europe, China, and the US, could trigger the
spread of a global EV tipping point.

Statistical indicators of resilience loss of an incumbent state prior
to a tipping point are detectable in climatic and ecological systems37.
The same methods may be applicable to rapid technological
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transitions, wherewe term them ‘early opportunity signals’. Thesemay
show elements of the economy which are losing resilience and thus
approaching a tipping point to transition to a new state, in the present
case, one dominated by EV ownership. The rationale is that a generic
dynamical systemsbehavior of weakening of overall damping negative
feedback (leading eigenvalue increasing towards zero, termed ‘critical
slowing down’37) occurs before a tipping point. These methods have
been used to show for instance, that a tipping point in the public’s view
of EVs may be approaching in the UK38.

Earlier work studied the diffusion of EVs using a highly empirical
conditional technological forecasting model, called ‘Future Technol-
ogy Transformations’ applied to transport (FTT:Transport), to simu-
late the future evolution of those markets under different policy
contexts. FTT simulates the commonly observed coupled self-
reinforcing S-shaped diffusion profile and the experience curve, both
calibrated to data (See Methods and Supplementary Notes 1–2 for
model definitions)39–42. It can be used to identify, within some uncer-
tainty, when price and cost parity with ICEVsmay be achieved globally,
which is a necessary (although not sufficient) condition for a tipping
point (Supplementary Note 3).

In this work, we show empirically that a tipping point towards EVs
is occurring in two of three leading markets, and could spill out into a
global tipping point.We explore the evolution and diversity of both EV
and ICEV car markets and their evolution in recent years, including
their diversity and cost trajectories, in the three lead markets (Europe,
the US, China) and one peripheral market (India). We show empirically
that the ICEV system inEurope andChina is losing resilience, and a self-
propelling transition to EVs is approaching. These trends, however, are
not sufficiently rapid to achieve stated net-zero emissions targets.
Hence, we use FTT:Transport to confirm these findings, and to identify
policymixes that can achieve climate targets. Lastly, we determine the
pace at which EV policy support in lead markets could produce cost
parity in peripheral markets, allowing the tipping point to spill out
worldwide. Coordinated EV policy action in lead markets could
therefore be instrumental to trigger a global electric mobility tipping
point, even in developing nations inwhichpolicy spacemay be limited.
The contribution of this paper is fourfold: (1) it assembles a compre-
hensive dataset 2016-2023 that tracks the evolution of leading vehicle
markets to identify the tipping point; (2) it applies the early warning
tipping point signals method to vehicle data to confirm the existence
of the tipping point; (3) it calibrates FTT:Transport to this data time-
series tomake predictions of cost parity and policy effectiveness; (4) it
establishes empirical relationships between EV costs, prices and
deployment.

Results
Context and theory
Two main empirically observed mechanisms drive technological
diffusion. The first is the diffusion mechanism, first observed with
agricultural innovations, in which early adopters create a demon-
stration effect that facilitates later adoptions22,32,43,44. This produces
an S-shaped diffusion profile over time (Fig. 1a). The second is the
experience curve, in which production costs of technologies decline
with increasing experience (Supplementary Figs. 1–3)23,45. This pro-
duces a power law cost function of cumulative production. As
is typically observed during technology transitions, diffusion
processes cause cost declines, and cost declines accelerate
diffusion39,46–48. The resulting non-linear dynamical system generates
potential branching points in which temporary early-stage technol-
ogy pushes can cause technological avalanches, or tipping points, if
initial high-cost hurdles are overcome and performance overtakes
competitors. This appears to have occurred with solar energy47,49.
Cost reductions become limited, however, as it takes an exponen-
tially rising innovative effort to maintain a constant rate of
improvement.

When such non-linear dynamical systems approach a tipping
point, fluctuations in state variables typically increase in magnitude
and duration, due to the phenomenon of ‘critical slowing down’37. In
essence, as overall damping (negative) feedbacks get weaker and
amplifying (positive) feedbacks get stronger, small perturbations
generate larger responses that take longer to recover from.This canbe
visualised as a shallowing and broadening of the potential well that
describes the initial ‘incumbent’ state of the system, allowing a growth
in themagnitude of fluctuations and a slowing of their recovery, which
diverges at the transition point (Fig. 1b). Characterising fluctuations in
timeseries can thus be used to search for early signals before a tran-
sition occurs, as observed in some dynamical properties of the Earth
system37, 50.

In a technological transition, fluctuations can be expected to be
observed over the technological composition as increasing numbers
of agents (consumers, investors) begin to switch their preferences
influenced by their peers, such as observed with sales and other
metrics of consumer attention20,38. This is consistent with the qualita-
tive literature in which regime weakening leads to market instability
and rapid and sudden transitions to new socio-technical regimes27.

The dynamics of technological evolution can also be simulated
into the future, conditional on cost reductions continuing to be a
function of cumulative investment, industry growth remaining
unhindered, and other contextual elements remaining the same (e.g.
public policy, interest rates, demand growth, social order, availability
of inputs to production). We do this with the FTT model (see Sup-
plementaryNote 4), inwhichweuse observeddiffusion trajectories for
32 countries and rates of cost reductions due to fleet expansions in five
types of power trains and 3 engine/motor classes each, for four key
regions, to parameterise a coupled dynamical diffusion system thatwe
simulate until 2050. Themethods sectiondescribes the stepsweuse to
identify a tipping point.

Evidence of a tipping point from historical data
Figure 2 shows the ongoing exponential growth of the global EV and
PHEV fleet with a doubling time of ~1.5 years, concurrent with rapid
declines in battery prices (seeMethods for data sources)6–9,11–16,51,52. The
cost of batteries, which is the single most expensive component of
making EVs, has gone down by over 85% since 2010, as a result of
cumulative process innovation. This has been driven by rising invest-
ments, notably by Tesla in the US, followed by diverse companies in
China andmost Europeanmanufacturers. EV cost reductions occur not
onlywithin the realmof batteries but also extend to other components
and advancements in EV production platforms. We observe that the
majority of EV sales occur in three lead markets where most of the
innovation also occurs, China, the US and Europe. We observe expo-
nentially rising EV sales in at least 32 countries worldwide (Supple-
mentary Fig. 5), anddoubling times for the EU, China, andUSof 1.3, 1.0,
and 1.7 years.

Figure 3 shows the rapidly evolving distribution of sales of 2452
tracked models in our study between 2016 and 2023, in the lead
markets plus a key peripheral market, India. We observe both an
exponential rise in the variety, sales, and availability of EVs and PHEVs,
against a relatively sudden decline in sales and variety of ICEVs. The
decline appears influenced by the COVID-19 pandemic, but sales of
ICEVs didnot recoverwith the rest of these economies after the startof
2021, while the sales of EVs and PHEVs do not appear affected by the
pandemic. Subsequently, there has been a partial recovery of ICEV
sales in some markets (but not Europe).

The distribution of sales also changed shape over time for EVs,
where variety has grown in Europe (including individual EU countries),
theUS, andChina, at a rate ofmore than 30% annually, while variety for
ICEVs peaked and declined everywhere (Supplementary Fig. 6). With
many if notmost automakers havingmade announcements to develop
and produce EVs on a larger scale in the coming years6, the number of
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models can be expected to continue to increase rapidly in the lead
markets. Rising EV variety against declining ICEV variety testifies to a
transition towards EVs occurring within vehicle manufacturing, as it
facilitates the diffusion of EVs and curtails the dominance of ICEVs
across market segments (Supplementary Note 5).

Figure 4 shows evidence of loss of resilience in the measured
fluctuations over time in sales of ICEVs in Europe and China (see
Methods). Prior to the abrupt decline in ICEV market shares in both
markets at the start of 2020, there was a visible marked increase in the
magnitude and persistence of fluctuations and a corresponding
increase in lag-1 autocorrelation (AR(1)) and variance of the ICEV
market share. This suggests a loss of resilience of sales of the incum-
bent technology (ICEVs), consistent with heading towards a potential
tipping point in the market. These early opportunity signals are
observed in a summation of the largest European country markets
(Germany, the UK, and France) and China, with AR(1) and variance
showing strongly increasing trends (high Mann-Kendall Tau values).
The USmarket shows no consistent signal of loss of resilience prior to
2020, consistent with the lack of an abrupt decline in ICEV market
share thereafter.

Modelling future vehicle markets under policy inputs
Given these empirical indicators that major markets are heading
towards a tipping point to EVs, we now turn to our empirically-
grounded, process-based simulations of the relevant dynamical social-
technical transition system using the FTT:Transport model (see

Methods and Supplementary Note 2). We first focus on projecting the
current technological trajectory of vehicle systems, in order to esti-
mate the timescales involved in the overall transition, and monitor as
proxies for tipping points the moments at which Total Cost of Own-
ership (TCO) parity and purchase price parity occurs. We alsomonitor
the diffusion levels and test for positive feedbacks. We do this for the
entire world, modelling diffusion in 32 individual countries, and
broader regions covering the rest of the world.

Our simulations provide projections, with uncertainty ranges, for
EV prices and TCO, along with their ICEV counterparts, for three
market segments (Supplementary Fig. 7). Uncertainty ranges encom-
pass plausible values for experience curve rates, discount rates, and
critical mineral prices used for manufacturing batteries. For consumer
discount rates of 20% or less and average intensity of use, TCO parity
has already been achieved in the lead markets for most EV types.
According to our simulations, TCO parity can also be expected to
happen soon in the rest of the world, with many developing countries
expected to break cost parity between 2025 and 2030, contingent on
trade policy remaining the same for EVs as for ICEVs (Supplemen-
tary Note 6).

On the basis that EVs generally costmore upfront but less over the
lifecycle than ICEVs, price parity can be expected to occur later than
TCO parity. In our simulations, in the absence of further changes of
policy, EVs in Europe andChina achieve price parity with ICEV between
2025 and 2028. This will be followed by the US, Canada, and South
Korea between 2026 and 2030. The rest of the world follows as the
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price falls and more models become available. EVs in all other global
regions break initial price parity with ICEVs between 2030 and 2035.
These FTT:Transport results are consistent with our purely empirical
results that Europe and China are approaching a tipping point to EVs
ahead of the US and the rest of the world. Fig. 5a shows that the
existence of a tipping point is further confirmed by simulations in
which under current policies (i.e., no additional ‘forcing’ of the sys-
tem), EVs come to dominate car fleets by 2050 in Europe and China,
but not in the US nor India.

Figure 5 also explores how public policy can accelerate the EV
transition and bring about a tipping point inmarkets where it may not
otherwise occur. Figure 5a displays the baseline evolution of the
technology composition of fleets in the three lead markets plus India,
showing the current transitionmomentum resulting from existing and
past policy and the cumulative effect of EV innovation (Supplementary
Fig. 8 shows this for 30 countries). The shares of EVs grow in each
market, making costs decline further, but the current diffusion pace is
too slow to meet climate targets. Despite the existence of a tipping
point in the EUandChina, policies bringing it forward and supporting a
faster transition are essential to implement in order to achieve climate
targets in time. Supplementary Tables 8–19 provide policy details and
sensitivity analyses.

The second to fourth columns of Fig. 5b–d show the impacts of
sequentially adding fuel taxes and EV subsidies, fuel economy reg-
ulations, and EV mandates to the policy mix (See Methods for defini-
tions and Supplementary Note 7 for sensitivity analyses). This
combination greatly accelerates the transition and in the model is
sufficiently rapid to meet road transport’s share of net-zero targets in
2050. On their own, taxes and subsidies are insufficient in the model,
since fuel or vehicle taxes and EV subsidies have limited effect in
situations where the availability of EVs is itself limited in the early
stages of diffusion.Wealsofind40 that EVmandates on their ownhave a
similarlymuted impact in themodel, since increasing the availability of
EVs does not guarantee sales if they are not financially attractive. Fuel
economy regulations help accelerate the turnover of old, inefficient

vehicles and reduce emissions, but on their own have limited potential
in the model since they do not directly support EVs. Combining all
three instruments has a defining impact on emissions and on the dif-
fusion of EVs in the model, since the introduction of EV mandates, by
increasing availability, magnifies the effectiveness of taxes and sub-
sidies at influencing consumer choices of vehicles, while regulations
reduce emissions in the interim period. Our projections of cost/price
parity (Supplementary Fig. 7) can help determine when EV subsidies
can safely be discontinued.

We stress that while uncertainty post-2035 is substantial, once
ICEV sales go below 50%, their decline becomes self-propelling27, and
therefore could accelerate faster than our model predicts, due to
diseconomies of scale, decline in infrastructure for fueling and main-
tenance, making them less convenient, and ultimately discontinued
production chains, which we do not model explicitly.

The plausibility of a global EV tipping point and limitations of
this study
The tipping point process has begun to spread to peripheral markets,
induced by the lead markets, notably in developing markets where
policy space and policy-making capacity could be limited. Figure 6
shows how historically EV sales have kicked-off in core lead markets
and gradually spilled out to neighbouringmarkets (see Supplementary
Fig. 9 for comparable maps of growth rates). We find that estimated
timelines for EV price parity in India, induced by action in the various
lead markets, can be brought forward by between 3 and 5 years, con-
sidering various uncertainties over experience curve rates andmineral
prices (Supplementary Fig. 10). These pieces of evidence together
suggest that concerted action by the leadmarkets can bring forward in
time EV price parity in peripheral markets, and a spilling out effect
from core to peripheral markets.

Cost parity is, however, not necessarily sufficient, from a tech-
nology diffusion perspective, to trigger an EV transition in all periph-
eral markets and the rest of the world. For instance, the availability of
EVs could remain patchy or even absent in many countries. However,
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since fleets in some countries are dominated by used cars exported
from richer countries, affordable used EVs from the lead markets can
eventually become available in the peripheral markets, reinforcing the
impact of action in lead markets on peripheral markets. EV mandates
and ICEVphase-out regulations in peripheralmarketswill be important
to incentivise foreign vehicle dealers and manufacturers to place
EVs there, which, along with price parity, could allow a transition to
unfold.

Against all these factors contributing to a continued decline in the
cost of EV production, rising scarcity53 and costs of battery raw
materials—especially cobalt, nickel, and lithium—have caused increa-
ses and fluctuations in battery prices. For instance, despite the con-
tinued decrease in the cost of low-carbon technologies due to their
increasing adoption, 2022 marked the first recorded increase in bat-
tery prices in 12 years17, raising concerns of delays in achieving price
parity. However, following unprecedented price increase, battery pri-
ces have continued to fall in 202317. Our findings indicate that EVs in all
segments remain projected to attain price parity between 2025 and
2030 even under high mineral prices scenarios (Methods and Sup-
plementary Note 7 for sensitivity analyses).

Lastly, lack of charging infrastructure can act as a barrier to the
diffusion of EVs in the early stages of diffusion, particularly in devel-
oping countries. We find evidence that the charging infrastructure has
up to now co-evolved with the diffusion of EVs, where the causation
goes both ways (Supplementary Figs. 11, 12, seeMethods). In countries
with large EV shares, the number of charging points per EV has gen-
erally started off at between 0.5 and 1.5 in the early stages of diffusion
before stabilising towards 0.2 in the later stages. This suggests that

improving publicly funded infrastructure initially accelerates the dif-
fusion of EVs, which itself induces further privately financed infra-
structure expansion later.

Discussion
Our data and analysis provide evidence that several Europeanmarkets
and China have begun tipping towards EV dominance, although this is
not convincingly the case for the US. That EV sales are rising expo-
nentially while those of ICEVs are declining indicates that manu-
facturers worldwide have begun to discontinue many ICEV models
while marketing increasing numbers of EV models (Supplementary
Note 8). Rising variety in EVs concurrent with declining variety in
ICEVs is also a key indicator of tipping behaviour, suggesting a switch
in commitment of manufacturers from ICEVs towards EVs.

Furthermore, our analysis identifies a weakening of the ICEV
regime through a loss of resilience, as is expected prior to a tipping
point. The FTT:Transport model results confirm that the system,
exhibiting two alternative stable states, is headed towards a tipping
point. Hence the major markets of China and Europe appear, accord-
ing to our empirics and ourmodel, to be on the self-propelling path to
transitioning towards the EV-dominated state. Other major markets,
notably the US and India, have the potential for such a tipping point in
future, which can be brought forward by coordinated public policies.
Ultimately, as EV prices continue to fall and variety continues to
increase, there is the potential for the tipping point to EVs to cascade
to all car markets worldwide. Scale expansion in emerging markets
drives costs down even further back in the lead markets. This
mechanism can become critical to achieving a zero-carbon mobility
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transition in countries where agency on vehicle sales and manu-
facturers is limited.

It is important to note that the reorganisation and retooling of
vehicle production lines is costly and involves profit expectations over
at least a decade. Therefore, the declining ICEVmodel variety in the EU
and US can be seen as a turning point for the vehicle industry. Mean-
while, we showed evidence that the EV market and the associated
charging infrastructure grow as they coevolve. Although we cannot
observe the actual intentions of the vehicle industry, once investment
is sunk into converting production lines, a return to ICEVs becomes
comparatively expensive, irrespective of the oil price. But the exact
pace of the transition remains uncertain, as it is sensitive to policy
actions, notably the imposition of new tariffs.

A transition to EVs also has many economic advantages that may
confer it significant political support reinforcing the identified tipping
point. First, it reduces air pollution from fuel combustion and asso-
ciated morbidity and mortality, via reductions in emissions of parti-
culatematter. Second, it necessarily reduces foreign oil dependenceof
importing countries, reduces related trade imbalances and increases

international purchasing power. For example, in India, a transition to
EVs could save USD75bn/y on oil imports by around 2030 and even up
to USD140bn/y by 2040, despite possible increases in vehicle
imports54. To achieve the EV transition, our analysis suggests that
policymakers could facilitate the continueddevelopment of increasing
varieties and sales volumes of EVs to accelerate cost reductions and
match the EV supply to specific mobility preferences in each country.
Meanwhile, it may be critical to address the unintended consequences
of the EV transition on employment in the traditional vehicle industry,
which may have regional economic implications for some socio-
economic groups.

Methods
Criteria to identify a tipping point
Weuse several sources of evidence to identify a tipping point, which in
this study we define as a point in time at which a country’s vehicle fleet
moves towards a state of EV dominance in a self-propelling manner,
without further external intervention or changes in conditions or
public policy. We use four criteria to establish the existence of a
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market shares begin, hence the time series are cut prior to measuring resilience
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is calculated on a moving window of 66 points (or equal to half the length of the
time series) and plotted in the middle of the window. c The AR(1) of the detrended
time series. Mann-Kendall tau values above each plot show the tendency of the
indicator time series (see Methods). d Same as (c) but for variance.
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tipping point towards EVs: (1) Rapid growth in EV market share and
rapid declines in ICEV market share (Figs. 3, 4); (2) an increase in the
autocorrelation function in the fluctuations in sales share of ICEVs,
indicating lossof resilienceof the ICEV system (Fig. 4); (3) the existence
of continued cost reductions over time for EVs and of near termpoints
in time of cost parity and price parity between EVs and ICEVs (Sup-
plementary Fig. 7); and (4) transformations in car markets, including
changes in the shape of the distribution of sales of ICEVs and EVs, rapid
catch-up in EV model diversity compared to ICEVs, and a stop in the
growth of ICEV model diversity (Fig. 3 and Supplementary Fig. 6).

Data for the EU, Chinese and US markets all fulfill these criteria
except for the loss of resilience indicator in the US, which is
inconclusive.

Vehicle database and sales time series
We obtain or infer EV and ICEV prices and characteristics (power,
emissions, fuel use) directly from manufacturer websites and sales

numbers fromMarklines for eachof 32 countries and 329 EV, 222 PHEV
and 1901 ICEV models (combined across markets, excluding model
variants) between 2016 and 2023, of which 4 regions are shown here.
We define three engine/motor power classes following loosely the
Eurostat classification: Economic (< 1400cc for ICEVs, <=30 kwh for
EVs), Mid-range (>= 1400cc and <2200cc for ICEVs, >30Kwh and
<=70 kwh for EVs) and Luxury ( > 2200cc for ICEVs, >70 kwh for EVs).
Vehicle prices are roughly lognormally distributed with different
means, standard deviations, and medians in each country29. We accu-
mulate vehicle data in this way since 2013 and have a yearly time series
of price (and other characteristics) distributions starting in 2016
(Supplementary Table 1).

Vehicle sales. The data for vehicle sales bymodel and technology (i.e.,
ICEVs, EVs, PHEVs etc.) were obtained fromMarkLines, which provides
sales data by brand-model since 2004 for more than 32 countries. To
verify that MarkLines comprehensively covers all EV and ICEV models
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available and sold in each country in a way that is consistent with
official national statistics, we carefully check that total MarkLines
vehicle sales across models match the annual sales data from official
sources (IEA, national yearbooks, Eurostat, US Bureau for Transport
Statistics).

Vehicle prices. Since vehicle prices can vary significantly between
countries for identical brand-models, we visited eachmanufacturer’s
website for each brand-model in China, the US, Germany, France, the
UK, India, and collected the suggested retail prices (MSRP), engine
sizes (for ICEVs, HEVs and PHEVs) or battery sizes (EVs and PHEVs),
energy consumption, weight and driving ranges (EVs only). We find
that price variations across EU countries are generally within a range
of 20%, and therefore we use prices in Germany as a proxy for several
EU countries where data is not otherwise available in languages we
can interpret. In cases where a brand-model is sold in some EU
countries according to Marklines but is not available in Germany, we
use price and specifications data from themanufacturers’websites in
France or the UK. We further verify the brand-model coverage of
MarkLines by cross-comparison with the manufacturer website data
thus obtained.

Measuring resilience loss prior to a tipping point
As a system loses resilience as it approaches a tipping point, its
restorative feedbacks weaken and therefore its ability to return to
some equilibrium state declines55. This change, known as Critical
Slowing Down, can be detected with Early Warning Signals (EWS)37.
These EWS measure the return rate of a system to equilibrium; a slow
return rate indicates a less resilient system, which is closer to a tipping
point, than one that has a faster return rate. Figure 1b shows how the
potential well of the state the system occupies shallows as the system
approaches tipping, representing these restoring feedbacks

weakening. Visually, one can imagine the ball representing the state of
the system taking longer to return to the bottomof thewell after being
perturbed as the system moves towards tipping.

Oneway tomeasure changes in resilience is bymeasuring the lag-1
autocorrelation (AR(1)) of a time series on the system on a moving
window, which measures the correlation between the system at time t
and t + 1. As the system takes longer to recover, AR(1) will increase as
each time step is more correlated to the last, with AR(1) tending
towards 1 as a tipping point occurs56.

Variance is also expected to increase over time37, as the restoring
feedbacks of the incumbent system degrade, the system can sample
more of the surrounding state space under the same level of pertur-
bations. For true early warning of the approach towards tipping, one
expects both AR(1) and the variance to increase together57, in cases
where the system is forced with identically distributed white noise. In
all cases, these indicators are known to pick up general losses in resi-
lience over time in the system, although they may be influenced by
intervention38.

We apply these EWS to measure the loss in resilience of the
incumbent regime. For the EV transition the incumbent regime is an
ICEV-dominated market, represented here with ICEV market share.
This is considered across the national markets in the UK, Germany,
France, China, and the US. The ICEV share time series are cut at the
start of 2020, prior to the tipping points, and have the trend removed
using a kernel regression smoother. On amoving window equal to half
the length of the time series, wemeasure the AR(1) and variance on the
resulting residual time series,moving this windowonemonth at a time
to get a time series of the indicator series. We then use a Mann-
Kendall58 test tomeasure the tendencyof the indicators, with Kendall’s
tau = 1 suggesting the indicator is always increasing, -1 always
decreasing, and 0 no overall trend, this is approach is common in the
literature for assessing these resilience trends.

2012 2014

2016 2018

2020 2022

0.1% 100%

Fig. 6 | Spillovers of EV deployment from leadmarkets into peripheral and developingmarkets from 2012 to 2022. Colours refer to market shares according to the
color bar. The base map image is the intellectual property of Esri and is used herein under license. Copyright © 2025 Esri and its licensors. All rights reserved.
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Summary of the FTT:transport model
The Future Technology Transformations (FTT) family of models41,59

(FTT:Power39, FTT:Transport40,41, FTT:Heat60, and FTT:Steel61) is a
bottom-up representationof technological change thatprojects future
diffusion patterns for individual technologies calibrated on observed
trends. The FTT framework models technological diffusion and
investment choices using a set of coupled dynamical diffusion and
experience curve equations that generate path-dependent S-curve
technological change profiles22,23. Under the FTT framework, con-
sistent with the sociological empirical literature3,28, consumers are
proportionally more likely to choose a technology that has a higher
market share due to its higher availability, visibility, social influence,
and due to network effects. This generates the observed early adopter
and early majority impacts on the diffusion lifecycle, which is well
established empirically22. FTT:Transport is fully defined in Supple-
mentary Note 2.

FTT:Transport is parameterised along various dimensions by
extracting averages and standard deviations for each vehicle class
(Economic, Mid-Range, Luxury) in each technology category (Petrol,
Diesel, Hybrid, EV, compressed natural gas, biofuels, hydrogen) from
the database. Levelised costs of transportation values, expressing an
expected discounted cost per kilometre driven, are estimated at each
time step for each vehicle category, including the effects of experience
curves and pecuniary policies (existing or assumed subsidies and taxes
of various kinds). An evolutionary discrete choice model is used to
determine the choice of agents between all vehicle options that are
available to them41,62. Consumer discount rates of 20% are assumed,
equal between all vehicle categories.

The intangibles component of the levelised costs is then esti-
mated as the value that ensures that the modelled diffusion trajec-
tories match the observed diffusion trajectories63. The model’s
baseline is thus by construction designed to extend into the future the
current trajectory of diffusion of the various transport technologies in
each of the markets modelled. In some regions, ICEVs are already in
absolute decline, in others they are not. Global experience curves are
used for each technology, and notably for batteries, and for EVs
themselves without the battery, assuming that vehicle manufacturers
operate and carry knowledge across borders (see Supplemen-
tary Note 1).

Modelling policies in FTT:Transport
Fuel economy standards require automakers to design more efficient
vehicles, to shift sales toward more efficient models and discontinue
inefficient models. Fuel economy regulations are complex as they
apply to averages over sales. Given that we don’t model sales specifi-
cally per manufacturer, we make simplifications. Here, efficiency
standards are modelled by adjusting the market shares of the tech-
nologies exogenously to meet targets. In the presence of a fuel econ-
omy regulation,we assume that there are no newmarket shares gained
in the categories being phased out, leaving the existing vehicles to
naturally come to end of their statistical lifetime, leading to expo-
nential declines with half-lives or around 12 years.

EVmandates require automakers to sell EVs in numbers exceeding
a predefined percentage of their total sales. Here, we set exogenous
market share additions at specific points in time to be consistent with
themandate, allowing EVmarket shares to exceed themandated value.

Taxes and subsidies are modelled through their effect on the
generalised Levelised Cost of Transportation (LCOT), calculated as a
probability distributed quantity every time step, driving purchasing
decisions in the model40,41. Pecuniary incentives include fuel taxes,
road taxes, ownership taxes and EV/PHEV subsidies. Costs occurring in
the future relative towhendecisions are taken are assumeddiscounted
by consumers using a consumer discount rate of 20% or less according
to scenario choices. Given that consumer discount rates are challen-
ging to measure, we deliberately use a conservatively high value but

vary it as a sensitivity to test our model (lower discount rates bring
forward cost and price parity, see Supplementary Fig. 7).

Detailed policy stringencies are given in Supplementary Table 6,
with policy sensitivities in Supplementary Tables 16-19.

Modelling parity in EV prices and total cost of ownership
We construct a relationship between battery prices and EV/PHEV pri-
ces according to manufacturing costs and prices observed in the
market (Supplementary Figs. 1–3). Electric vehiclemanufacturing costs
are estimated based on manufacturers’ suggested retail prices and a
cost-to-price markup factor. Vehicle prices are distinguished from
vehicle manufacturing costs due to automaker profits and dealer
markups. Themarkup factors (obtained from ref. 6) vary across vehicle
segments, where markup factors for small vehicles tend to be lower
than larger ones, but appear to remain stationary over time (see Sup-
plementary Note 1).

Manufacturing costs for EVs depend on four key factors: battery
price, platform choice, driving range, and the vehicle’s energy use
efficiency (wheremore efficient useof electricity allows for smaller and
cheaper batteries for a given driving range). Among these key factors,
the fall in the cost of batteries typically accounts for 75%of current falls
in EV manufacturing costs6. Battery costs are estimated dynamically
quarterly with an experience curve as a function of cumulated sales
(see below and in SupplementaryNote 1). In FTT, changes in the cost of
batteries are represented in vehicle manufacturing costs to determine
prices on the basis of markups.

The experience curve23,45 is based on the empirically observed
phenomenon that the unit cost of a technology declines by a constant
percentage for each doubling of cumulative production volume (e.g.,
cumulative installed capacity), as described by the equation (1) (Sup-
plementary Note 1):

Ci tð Þ=Ci t0
� � Wi tð Þ

Wi t0
� �

 !�bi

Where Wt is the total global cumulative production of the tech-
nology at time t (i.e., the total kWh capacity of cells produced),C is the
cost per unit (USD/kWh), C0 andW0 are reference cost and cumulative
production values at the start time t0 of scenarios, while bi is the
experience curve exponent. The latter is related to the cost reduction
proportion that results from every doubling of production, what is
known as the experience curve rate (ER) in equation (2):

ER = 1� 2�bi

The experience curve rate for EVs in the literature is around
20 ± 5%7,12,45, while we measure 15-21% with our own data (Supple-
mentary Fig. 1). In the initial stages of diffusion, such as is the case for
EVs, costs typically decline rapidly as investment and production
scales up exponentially. Our evidence suggests that manufacturing
cost reductions have largely been reflected in reductions in EV prices
per unit battery capacity (Supplementary Note 1). We find that
resources saved via lower battery costs have been re-deployed into a
combination of lower EV prices and larger batteries. In later stages of
diffusion, such as is the case for ICEVs, doubling the capacity becomes
infeasible, and costs do not decline despite that an experience curve
rate exists for ICEVs as well.

Critical minerals analysis
Engineering models exist that compile information relating physical
properties of different batteries to allow the estimation of manu-
facturing costs based on factors including cell chemistry and critical
metal prices. Here we use the Battery Performance and Cost (BatPaC)
model64 and the Cell Energy and Cost model (CellEst)65. One missing
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component in BatPaC are fluctuations over time in the prices of raw
metals on the costs of cathode materials. As a supplement to BatPaC,
we use CellEst to calculate battery cathode costs based on detailed
future metal costs following a scenario approach.

Sensitivity analyses (Supplementary Note 5) include ICEV and EV
cost analyses considering various mineral price scenarios and their
effect on EV cost parity across six battery chemistries, including var-
iations of Nickel-Manganese-Cobalt (NMC), Lithium-Nickel-Cobalt-
Aluminium Oxides (NCA), and Lithium-Iron-Phosphate (LFP), under
three price scenarios. Mineral prices were projected based on the
methodology found in Zhang et al.66. Despite high mineral prices, our
findings indicate that EVs in all segments are projected to attain price
parity between 2025-2030 even under high mineral price scenarios.

Charging infrastructure analysis
In all countries where EV deployment has been observed, both the
numbers of EVs and of charge points increase approximately expo-
nentially. However, the absolute number of chargers increaseswith the
adoption of EVs (Supplementary Fig. 11), but the number of chargers
per EV decreases with the share of EVs in the fleet (Supplementary
Fig. 12). Furthermore, the ratio of charging points per EV decreases as
the stock share and the proportion of fast chargers increases. We
identified a correlation between the amount of EV charging infra-
structure per unit of EV stock and the EV stock shares in the fleet in the
US, China, EU and rest of the World (RoW) at the region-year level
(Supplementary Fig. 12). When the EV share is low, the number of
public chargers per EV tends to be high since initial infrastructure
development generally exceeds EV sales to support vehicle
electrification18,67. There is significant variation in residential charging
accessibility across cities and countries. For example, fewer house-
holds in China have access to private chargers than in the US and
Norway where there are a lot more single-unit houses. Charging
infrastructure per EV is higher in countries where demand for public
chargers is high. On the other hand, in countries such as Norway and
theUS, fewer public chargers are sufficient for a higher number of EVs,
although reliance on public charging solutions increases as EVs are
increasingly used for long/interurban journeys67. Eventually, as
occurred in Norway, once the demand for and the utilization of char-
ging points becomes high enough, the deployment of public charging
points becomes increasingly based on commercial decisions where
government financial support is no longer needed68.

Our data suggest that initially deploying a high amount of char-
ging infrastructure per EV in the initial stages of diffusion enables to
start the diffusion process, in some cases up to two charge points per
EV (Supplementary Figs. 11, 12). Inmost countries, this was done by the
public sector. But this initial infrastructure buildup typically makes a
small fraction of the total amount of charging infrastructure deployed
in the later stages of diffusion, where typically the number of charging
points per EV required to sustain a large population of EVs converges
to values around 0.2. Therefore, charging infrastructure can form a
barrier for the diffusion of EVs in the very early stages of diffusion, but
the evidence does not suggest so for the later stages.

Data availability
The data and assumptions to operate FTT:Transport are available at
https://zenodo.org/uploads/10690730. The data underpinning the
analysis is available at https://zenodo.org/records/17508909. Model
names are obscured in line with MarkLines data licensing require-
ments. The full data can be provided to users that hold a MarkLines
license upon request by writing to the corresponding author.

Code availability
The code for FTT:Transport is availble at https://github.com/
aileenlam28/FTT-Transport. The code used to study the early tipping
signals is available at https://github.com/jbuxt/EV_EWS/tree/main.
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