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Abstract

Direct Air Capture (DAC) is widely considered essential for achieving net-zero and net-negative emissions,
yet its potential to scale to climate-relevant levels remains uncertain. Here we show that the future
deployment of DAC depends primarily on early capacity expansion and growth dynamics rather than on
long-term demand targets alone. Using a probabilistic technology diffusion model informed by historical
analog technologies and uncertain future demand, we explore a wide range of possible global DAC
deployment pathways to 2050. We find that if DAC follows growth trajectories similar to ammonia
synthesis technologies and liquefied natural gas, deployment is likely to remain at the megaton scale by
mid-century. However, gigaton-scale deployment becomes plausible under rapid growth and strong early
policy support. Our results identify short-term capacity expansion as the most effective lever for
accelerating DAC deployment and highlight the critical importance of timely policy action to avoid
overreliance on future large-scale carbon removal.

Introduction

Direct Air Capture (DAC) is a promising family of technologies to tackle climate change. DAC encompasses
different technologies?, with liquid solvent, solid sorbent, and Calcium oxide (CaO) ambient weathering
DAC currently being the dominant designs?=. Combined with CO, storage (as Direct Air Carbon Capture
and Storage, DACCS), DAC enables long-term carbon dioxide removal (CDR). Unlike other land-based CDR
methods, DAC operates with fewer biophysical constraints and possibly lower sustainability trade-offs *°,
while offering great flexibility in the choice of the location of its deployment®. DACCS could therefore play
an important role to counterbalance residual emissions at net-zero and, beyond that, to deliver net-
negative emissions’8. Moreover, DAC can also provide CO, feedstock to produce synthetic fuels, chemicals,
and materials, broadening its application across sectors®. Although air-captured CO, currently remains
less cost-competitive than biogenic or point-source CO,, its strategic value could increase as systems
approach net-zero emissions and other feedstock sources become constrained?'*2. As such, DAC is rising
as a promising solution to abate unavoidable residual emissions and achieve net-negative emissions both
in modelling”® and policymaking'**4,

Despite its potential, current deployment of DAC remains critically low, with approximately 27 small-scale
plants operational globally, primarily in Europe and North America’®. Nonetheless, many industry actors
have communicated the goal of scaling DAC to the gigaton-scale by 2050, which implies an increase in



capacity by 100,000 times from the 2024 annual capture rate of 0.01 MtCO, yr "8 The promise of
gigaton-scale DAC by 2050, unless underpinned by rigorous assessments demonstrating their feasibility,
can create unwarranted reliance on large-scale DAC availability to meet net-zero and the Paris climate
targets, which has raised concerned of mitigation deterrence!®?°. This underscores the urgent need for
clarity on the scale-up potential of DAC. In particular, assessments of feasible DAC capacity by mid-century
and the potential of different policy levers in scaling up this technology are essential to manage
expectations and avoid over-reliance on infeasible DAC rates to achieve our climate targets.

Prior literature?’2® has begun to address the question of DAC scale-up feasibility, with some studies
drawing on technological analogs to bound plausible growth trajectories. Edwards et al.??> combined
empirical data on historical analogs and early adoption indicators with an integrated assessment model
and found that the feasibility space for DACCS is large but highly analog-dependent. Roberts and Nemet
21 deep-dived into the suitability of a single analog for liquid DAC, ammonia synthesis, finding that reaching
fast growth would require aggressive state and industrial support. Unlike previous work on the diffusion
of green hydrogen?* and of sustainable aviation fuels?®, previous assessments of DAC diffusion have not
fully accounted for the deep uncertainties surrounding DAC's initial capacity and long-term demand within
a single, transparent probabilistic diffusion framework and have neglected the role of policy levers.

In this work, we tackle this gap by investigating possible growth pathways for DAC, considering the large
uncertainties associated with DAC growth rates, initial capacity, and future demand. Our study is framed
explicitly as a what-if experiment: if DAC diffusion were to approximate empirically observed logistic
growth trajectories, what capacity ranges could plausibly result by mid-century? To explore this issue, we
adapt a parsimonious, state-of-the-art probabilistic logistic diffusion model developed by Odenweller et
al.?* for the case of future DAC deployment. Our model is deliberately simple and does not capture the full
technological, economic, or policy complexity of DAC deployment, as it is not based on any techno-
economic characteristics nor on an assessment of climate policies, markets, and investment choices which
may affect DAC diffusion. Our stylized approach offers, however, advantages: it enables transparent
exploration of uncertainty, avoids common pitfalls of statistical overfitting for novel energy technologies?®,
and builds on state-of-the-art insights from observed diffusion patterns of past technologies. The model
is informed by an extensive database of planned DAC plants, by long-term DAC demand that is randomly
sampled from a broad, uniform range, mirroring current uncertainties on the future role of DAC, and by
growth rates of three technological analogs, namely ammonia synthesis, liquefied natural gas (LNG), and
wind power. In addition to exploring the uncertainty associated with the growth rates of different
technological analogs, we model a set of scenarios that mimic cases with enhanced policy support, with
the impact of three key policy levers explicitly explored: (i) a policy push fostering short-term DAC capacity
in 2030, (ii) the creation of credibility in long-term DAC requirements through an extended demand-pull
anticipation, and (iii) the introduction of a higher minimum long-term demand for DAC than in the base
case, which we model without enhanced policy support (see Methods). An overview of the uncertain
variables can be found in Table 1, while a detailed discussion of the enhanced policy case can be found in
the Methods and in Supplementary Method 4.

Results
Uncertainty in DAC deployment emerging from historical analogs

Figure 1 illustrates the wide range of DAC deployment outcomes that emerge from uncertainty in the
choice of technological analog, even before considering enhanced policy support. To span a broad range



of uncertainty, we selected three technological analogs that share technology similarities with different
types of DAC*?1?7 and that diverge in their historical growth rates. First, we selected LNG as the lower
boundary of technological analogs, based on the identification by Roberts and Nemet?! as a rather
conservative analog for DAC. Then, we adopted ammonia synthesis as a ‘middle-of-the-road’ analog. While
high-temperature (liquid solvent) DAC was found to share technological similarities with ammonia
synthesis technologies, the analogy between ammonia synthesis and low-temperature (solid sorbent) DAC
is unjustified. Therefore, we also include wind energy not only as an optimistic growth benchmark but also
as a closer analog for solid sorbent DAC, due to its higher potential for modularity and mass
manufacturing?’.

Across all base-case scenarios, the achieved DAC capacity by 2050 substantially varies depending on the
assumption of which technology DAC could be analogous to. If DAC deployment follows a logistic diffusion
curve, the uncertain parameters correspond to the base case (Table 1), and DAC growth would resemble
that of ammonia synthesis (Figure 1a), DAC deployment remains limited through mid-century. In this
scenario, DAC diffusion only reaches ~70 MtCO, yr™" by 2050 in the median path. Even at the upper end
of the distribution, represented by the 95th percentile, DAC deployment reaches a maximum of ~125
MtCO, yr~" by mid-century. This outcome reflects the relatively modest historical growth rates of ammonia
synthesis, which, combined with low 2030 planned DAC capacity and uncertainty around 2050 DAC
demand, hampers the fast diffusion of DAC. Assuming growth rates of DAC comparable to those historically
observed for LNG leads to even more constrained outcomes (Figure 1b). Median DAC capacity by 2050
would then only reach roughly 20 MtCO, yr™ by 2050. This pessimistic case highlights that if DAC diffusion
were to follow slow-moving, capital-intensive energy infrastructure trajectories, its contribution to climate
mitigation would remain marginal for several decades. The most optimistic base-case outcomes emerge if
we assumed that the fast growth historically observed for wind power would apply (Figure 1 c). In that
scenario, DAC would in median reach ~¥250 MtCO, yr™" by 2050, with the gigaton-scale only reached in the
95t percentile of the Monte Carlo runs. These findings illustrate the magnitude of the challenge associated
with achieving a global DAC capacity of one gigaton by 2050. If DAC deployment follows the growth
trajectories of technological analogs such as ammonia synthesis or LNG, reaching the gigaton scale appears
unlikely, while even under optimistic growth assumptions it emerges only in model realizations
characterized by particularly favorable initial capacity and long-term demand.

The impact of policy levers on DAC deployment

Figure 2a shows how enhanced policy support alters DAC deployment trajectories across the same set of
technological analogs. Compared to the base case, enhanced policy consistently shifts the distribution of
outcomes upward, increasing both median and upper-percentile capacities by approximately an order of
magnitude. Nevertheless, the influence of growth rates remains dominant. Even with a mix of enhanced
policy but following the growth rates of ammonia synthesis, DAC capacity improved, reaching ~600 MtCO,
yr~! for the median path, but only could reach ~1 GtCO, yr™" for the 95th percentile. If DAC proved to
achieve more optimistic growth rates, modelled after wind energy, it could achieve ~1.6 GtCO, yr™". In this
case, gigaton-scale DAC becomes the central outcome rather than a tail event. However, this result hinges
on the assumption that DAC can replicate the rapid diffusion patterns of modular, mass-manufactured
energy technologies, which may not hold for all DAC designs. In contrast, pessimistic growth, modelled
after LNG diffusion, resulted in ~180 MtCO, yr™", lower than the case modelled after the growth rates of
ammonia synthesis. This reinforces the conclusion that policy support cannot fully compensate for
intrinsically slow growth dynamics.



To disentangle the relative importance of individual policy levers, Figures 2b—d examine their effects in
isolation. A short-term capacity push that increases DAC deployment by 2030 emerges as the most
influential intervention (Figure 2b). This early boost raises the median 2050 capacity by more than ~600%,
enabling DAC to reach ~500 MtCO, yr™' by 2050 even without additional demand-pull measures. In
contrast, policies aimed at strengthening long-term demand credibility without increasing near-term
deployment have only marginal effects (~1% and ~5%) (Figure 2 c-d). Without the mentioned policy push,
DAC could not exit its formative phase (Supplementary Fig. 1) or achieve meaningful capacity by 2050.
Regional findings for Europe and North America showed similar trends (Supplementary Fig. 8 and
Supplementary Fig. 9).

Long-term drivers of DAC deployment rates

Extending the time horizon to 2100 reveals a shift in the relative importance of early capacity boosts
(Figure 3). Over longer timescales, differences in growth rates heavily dominate outcomes, while the
influence of early capacity pushes diminishes as diffusion trajectories asymptotically approach their
saturation levels. Under ammonia-synthesis-like growth (Figure 3a), median DAC capacity reaches
approximately 1.7 GtCO, yr™" by 2100, with the 95" percentile approaching 4 GtCO, yr™". Under wind-like
growth (Figure 3c), median capacity exceeds 2 GtCO, yr™", with upper-percentile outcomes nearing 4.7
GtCO, yr™". In these cases, early capacity pushes primarily affect cumulative removals rather than end-of-
century capacity levels. By contrast, under pessimistic growth assumptions analogous to LNG diffusion
(Figure 3b), DAC deployment stagnates well below climate-relevant levels even by 2100, with median
capacity remaining below 200 MtCO, yr™". In this case, early capacity pushes remain important even in the
long run, enabling DAC to reach approximately 500 GtCO, yr™" by 2100. This finding highlights that early
policy interventions are most consequential when intrinsic growth rates are low, whereas fast-growing
technologies eventually overcome early disadvantages given sufficient time.

Discussion

Our results demonstrate that mid-century DAC capacity is constrained primarily by growth dynamics and
early deployment rather than by long-term demand targets alone. Achieving gigaton-scale DAC by 2050
requires a combination of rapid diffusion rates comparable to those of fast-scaling energy technologies
and strong short-term policy support that accelerates early deployment. Absent these conditions, DAC is
unlikely to reach scales commensurate with ambitious climate targets by mid-century, even under
optimistic assumptions about future demand.
Because the emission gap is increasingly widening?®?°, reaching the Paris climate goals will likely require
multiple gigatons of carbon removal at net zero (7-9 GtCO, yr 'according to the State of CDR report®).
Beyond 2050, carbon removal may be deployed for large-scale net-negative emissions, which are likely to
be needed to return from overshoots of the 1.5-2°C target3!. The extent and pace of the remediation for
these overshoots will also depend on the capacity of DAC by mid-century, since other cheaper CDR
methods may have already hit scalability barriers in the first half of the 215 Century. Our analysis sheds
light on the complex challenge of scaling up DAC such that it could meaningfully contribute to ambitious
climate targets. If DAC deployment were to follow the empirical diffusion patterns of analogous
technologies, then achieving gigaton-scale DAC by mid-century would require both ambitious growth rates
and enhanced policy support. Even with higher initial capacity, better anticipation of demand, and a more
narrowly defined long-term DAC target, if DAC were to follow the growth rates of ammonia synthesis
(~11% yr™"), in median it would not reach the gigaton-scale. Only highly optimistic scenarios, assuming



growth rates as fast as historically observed for wind energy (~20% yr~') and incorporating different policy
levers, could lead to up to 1.5 GtCO, by 2050. Conversely, pessimistic trajectories, with growth rates
comparable to those of LNG (~4% yr™"), lead to only about 100 MtCO, DAC by 2050 even if different policy
levers apply (Figure 2a).

Our findings align with prior studies?>323% emphasizing that DAC would need to follow the growth rates of
fast-diffusing technologies, such as photovoltaics and nuclear power, to achieve gigaton-scale deployment
by mid-century. Modular and low-complexity technologies like photovoltaics have historically scaled more
rapidly as modularity enables iterative learning-by-doing, mass production and cost reductions that spur
further growth?”3*, This challenge is not unique to DAC, as it was shown to apply also to other novel
technologies such as green hydrogen?. However, our approach departs from earlier DAC diffusion
studies®?%33 in three important ways. First, unlike studies that rely on linearly extrapolated analog growth
rates, we employ a fully probabilistic diffusion model that explicitly samples uncertainty in initial market
size and demand expectations. This is particularly key when deploying logistic diffusion curves that are
highly sensitive to initial conditions. Second, our framework endogenously links short-term capacity boosts
and demand-pull policies to long-term deployment probabilities, quantifying their relative influence (e.g.,
the dominant role of early capacity). Third, we make this interaction transparent, whereas earlier studies
typically left it implicit. As such, our analysis completements, but also extends beyond, previous qualitative
insights?23%33 by attributing quantified contributions to distinct technological analogs and policy levers,
while making uncertainty in diffusion trajectories explicit.

Our analysis shows that, if DAC is to make a serious contribution towards achieving the Paris climate
targets, policy needs to step in and ensure that growth rates follow the higher end of the analogs spectrum
and that short-term DAC capacity is boosted. Especially, boosting short-term capacity may be crucial.
Instruments like public investments (e.g., the US Department of Energy 3.1$ billion investments in DAC
hubs) and subsidies (e.g., the U.S. 45Q tax credit) can stimulate early deployment and achieve a similar
effect to what simulated in our analysis. These policy implications rely, however, on two critical
assumptions: (i) that analogies to prior technologies hold, and (ii) that DAC deployment approximately
follows logistic growth dynamics. In reality, nascent technologies such as DAC may not follow a logistic
growth in the first phases of their deployment?%3>. While this study sheds light on the challenge that DAC
faces if it is to play a role at a climate-relevant scale by mid-century, ultimately, the diffusion of DAC will
depend on cost-competitiveness and technological, market, and policy conditions that are hard to predict
a priori, and are well beyond the scope of this study. As such, our findings are illustrative rather than
prescriptive.

In the absence of serious efforts to multiply the short-term DAC capacity, our findings highlight the risks
of over-relying on future large-scale DAC deployment to meet our climate targets, as this could lead to
potential carbon lock-in. Policymakers should thus balance efforts to scale DAC with advancing other
carbon removal technologies and prioritizing aggressive emissions reductions®®73%, In the short term,
policymakers should encourage innovation and deployment to achieve near-term momentum, while
acknowledging that the technology’s current uncertainties may limit the feasible DAC potential by 2050.
As a result, policymakers should prepare to complement DAC with other carbon removal and mitigation
strategies and iteratively review their expectations for the future role of DAC, based on tracking its
deployment and growth trajectory.

Methods



To explore diffusion pathways for DAC deployment and assess the impact of enhanced policy, we use a
stochastic logistic (S-shaped) diffusion framework, which is widely used to describe the adoption of
technologies entering finite markets?43%49, Such diffusion pathways are characterized by three phases: a
formative phase with slow and uncertain growth, a growth phase marked by rapid expansion driven by
learning and cost reductions, and a saturation phase in which deployment slows as market limits are
approached. Previous studies have shown that clean energy and carbon dioxide removal (CDR)
technologies can be reasonably approximated by such S-shaped trajectories* 3, and we adopt this
stylized representation for DAC deployment (Supplementary Method 1, Supplementary Fig. 1).

Our modelling framework builds on and expanded the probabilistic diffusion model initially developed by
Odenweller et al.?%, which originally applied to green hydrogen and in more recent studies was applied to
sustainable aviation fuels?. Rather than producing point forecasts, the model generates probabilistic
feasibility spaces of DAC deployment by explicitly sampling uncertainty in key diffusion parameters
(Supplementary Method 2). The model is deliberately parsimonious and does not represent techno-
economic cost dynamics, investment behavior, or explicit climate policy pathways. Instead, it is designed
as a “what-if” experiment to explore plausible DAC deployment trajectories conditional on empirically
observed diffusion patterns of analogous technologies.

Key uncertain parameters

In our modelling framework, DAC diffusion is governed by three independent uncertain parameters
(Supplementary Method 3): (i) initial installed capacity, (ii) the emergence growth rate, and (iii) long-term
demand pull.

Initial capacity defines the starting point of the diffusion curve and represents the cumulative global DAC
capacity expected to be operational by 2030. To estimate the initial capacity, we compiled a database of
existing, under-construction, and announced DAC projects by integrating existing sources233044-47,
Uncertainty arises from project attrition, delays, and non-realization of early-stage announcements. We
therefore treat initial capacity as a probabilistic input rather than a fixed value.

The emergence growth rate determines the maximum annual growth rate attained once DAC exits its
formative phase and enters rapid expansion. Rather than extrapolating DAC growth directly, we
parameterize this rate using historical diffusion patterns of three technological analogs: ammonia
synthesis (baseline), LNG (pessimistic sensitivity), and wind energy (optimistic sensitivity). These analogs
were selected to span a wide range of historically observed growth rates and based on the analysis by
Roberts and Nemet?!, who identified them as suitable analogs on the basis of their scaling potential, high
complexity and moderate adaptability as per Malhotra and Schmidt?’ and Sievert et al.2. To estimate the
emergence growth rates, we combined existing databases 230334849 gnd treat it as stochastic, sampling
from empirically derived truncated distributions based on the exponential growth phases of each analog
technology (see Supplementary Method 1-6).

To simulate demand for DAC, we defined a steadily increasing demand trajectory that reaches the long-
term demand size by 2050. A demand-pull anticipation described the ‘ability’ to anticipate the demand
size in 5 years’ time, and therefore grow the DAC capacity to meet that demand (Supplementary Method
4). These demand pulls represented the political, regulatory, and competitiveness-enhancing effects that



expand market opportunities, such as the inclusion of DAC in voluntary and compliance carbon markets
(e.g., Paris Agreement Article 6 mechanisms, EU Emission Trading Systems) or setting specific DAC targets
as part of the nationally determined contributions to the Paris Agreement. To reflect the high uncertainty
in long-term DAC demand, the long-term demand size was randomly sampled in each model run from a
uniform distribution (Supplementary Fig. 4) ranging between 0-5.1 GtCO, yr™" by 2050 for the base case,
based on a bottom-up sector-specific assessment of global climate mitigation scenarios. For the maximum
potential demand of 5.1 GtCO, yr™" by 2050, we included DAC-based carbon in the hard-to-abate sectors,
including aviation, maritime shipping and chemicals, as well as cross-sectoral CDR (Supplementary Table
4-5). This approach ensures that our results do not depend on a single assumed benchmark, but instead
reflect the wide distribution of possible DAC futures, which in turn are affected by uncertainties such as
the future CDR requirements, the future role of net-zero aligned carbon capture and utilization, and the
competitiveness of DAC in carbon markets and compared to other CDR methods.

Using the logistic diffusion model (Supplementary Method 5-6), the initial capacity determined the y-axis
intercept, the emergence growth rate influenced the slope, and the demand pulls defined the asymptote
of the S-shaped diffusion curve, reflecting the introduction of the CDR market by DAC.

While acknowledging their real-world interdependencies, such as that early project performance can
influence both perceived growth potential and long-term demand credibility, we treat these three levers
as independent in the model by design. This simplification allows us to isolate and quantify the relative
influence of each lever on DAC diffusion outcomes, consistent with the probabilistic feasibility-space
approach and with the aim of preserving analytical clarity rather than reproducing every feedback of the
real system (see Supplementary Methods 2).

Policy scenarios

In a subsequent step, we extended this framework to include additional policy levers. This involved
forming further probabilistic feasibility spaces under more optimistic conditions then in the base case,
including (Supplementary Method 4):

Short-term capacity pushes by 2030: this lever emulates a more aggressive initial capacity expansion,
which could be for example the result of government investment and purchasing programmes (such as
the DAC hubs from the US Department of Energy®® or the potential EU CDR purchasing programme®?) or
of the entrance of new market actors (e.g., Asian countries). In the model, the effect of this lever has been
mimicked by increasing the 2030 capacity of DAC by a factor 10. While optimistic, in median this factor 10
increase roughly matches the 2030 DAC capacity projected by modelling and scenario exercises®>%3,

Long-term demand credibility: this lever emulates a case with better investors’ foresight and regulatory
certainty, for example, due to better market conditions leading to safer long-term investments. To mimic
the dynamic of this lever, we increase the anticipation of the DAC demand by a factor 3, reflecting a shift
from a medium-term to a long-term investment horizon®*.

Minimum long-term demand:_this lever guarantees a minimum DAC demand by 2050 and thus emulates
the impact of policies such as 2050 DAC-specific targets, for example in national governments’ long-term
climate strategies, or DAC-specific mandates and public provision programmes. In the model, we mimic
the effect of this lever by constraining the lower range of 2050 DAC targets to 1.79 GtCO, yr™", which is
35% of the estimated maximum upper boundary of global DAC demand in 2050. This reflects a
hypothetical higher level of ambition for DAC (Supplementary Table 5-6).



These levers are implemented individually and in combination to assess their relative influence on DAC
deployment trajectories.

Monte Carlo simulation

We generate probabilistic DAC diffusion pathways using Monte Carlo simulation (N = 1,000 runs per
scenario) (Supplementary Methods 5-6). In each run, values for initial capacity, emergence growth rate,
and long-term demand are randomly drawn from their respective distributions and propagated through
the adjusted logistic diffusion model. This approach yields distributions of possible DAC deployment
trajectories rather than single outcomes, allowing us to assess median pathways, uncertainty ranges, and
tail outcomes.

Data availability

All data analysed in the paper have been derived from previously published materials, which are included
in the listed references and are publicly available in the GitHub repository and permanently archived on
Zenodo at https://doi.org/10.5281/zenodo0.18526803. Source data underlying the main figures are
provided with this paper. Supplementary data are provided in the Supplementary Information.

Code availability
All code necessary for replicating reported results is available at GitHub and archived on Zenodo at
https://doi.org/10.5281/zen0do.18526803.

References
1. McQueen, N. et al. A review of direct air capture (DAC): scaling up commercial technologies and

innovating for the future. Prog. Energy 3, 032001 (2021).

2. Sievert, K., Schmidt, T. S. & Steffen, B. Considering technology characteristics to project future costs of
direct air capture. Joule 8, 979—999 (2024).

3. Ozkan, M., Nayak, S. P., Ruiz, A. D. & Jiang, W. Current status and pillars of direct air capture
technologies. iScience 25, 103990 (2022).

4. Smith, P. et al. Biophysical and economic limits to negative CO2 emissions. Nat. Clim. Change 6, 42-50
(2016).

5. Nolan, C. J,, Field, C. B. & Mach, K. J. Constraints and enablers for increasing carbon storage in the

terrestrial biosphere. Nat. Rev. Earth Environ. 2, 436—-446 (2021).



6. Terlouw, T., Pokras, D., Becattini, V. & Mazzotti, M. Assessment of Potential and Techno-Economic
Performance of Solid Sorbent Direct Air Capture with CO2 Storage in Europe. Environ. Sci. Technol. 58,
10567-10581 (2024).

7. Fuhrman, J. et al. The role of direct air capture and negative emissions technologies in the shared
socioeconomic pathways towards S\mathplusS$1.5 °C and $\mathplusS2 °C futures. Environ. Res. Lett.
16, 114012 (2021).

8. Realmonte, G. et al. An inter-model assessment of the role of direct air capture in deep mitigation
pathways. Nat. Commun. 10, 3277 (2019).

9. Brazzola, N., Moretti, C., Sievert, K., Patt, A. & Lilliestam, J. Utilizing CO2 as a strategy to scale up
Direct Air Capture may face fewer short-term barriers than directly storing CO2. Environ. Res. Lett.
https://doi.org/10.1088/1748-9326/ad3b1f (2024) doi:10.1088/1748-9326/ad3b1f.

10. Bachorz, C., Verpoort, P. C., Luderer, G. & Ueckerdt, F. Exploring techno-economic landscapes of
abatement options for hard-to-electrify sectors. Nat. Commun. 16, 3984 (2025).

11. Uludere Aragon, N., Xie, Y., Bigelow, D., Lark, T. J. & Eagle, A. J. The Realistic Potential of Soil
Carbon Sequestration in U.S. Croplands for Climate Mitigation. Earths Future 12, e2023EF003866
(2024).

12. The Royal Society. Net Zero Aviation Fuels: Resource Requirements and Environmental Impacts.
(London, UK, 2023).

13. Swiss Federal Council. CO2-Abscheidung und Speicherung (CCS) und
Negativemissionstechnologien (NET).
https://www.newsd.admin.ch/newsd/message/attachments/71551.pdf (2022).

14. Tamme, E. & Beck, L. L. European Carbon Dioxide Removal Policy: Current Status and Future
Opportunities. Front. Clim. 3, (2021).

15. IEA. Direct Air Capture — Analysis. IEA https://www.iea.org/reports/direct-air-capture (2022).



16. Climeworks. Journey. Climeworks https://climeworks.com/journey (2025).

17. IEA. Direct Air Capture - Energy System. /EA https://www.iea.org/energy-system/carbon-capture-
utilisation-and-storage/direct-air-capture (2023).

18. IPCC. Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group Il to
the Sixth Assessment Report of the Intergovernmental Panel on Climate Change.
https://www.ipcc.ch/report/ar6/wg3/ (2022).

19. Malm, A. & Carton, W. Seize the Means of Carbon Removal: The Political Economy of Direct Air
Capture. Hist. Mater. 29, 3—48 (2021).

20. Markusson, N., McLaren, D. & Tyfield, D. Towards a cultural political economy of mitigation
deterrence by negative emissions technologies (NETs). Glob. Sustain. 1, e10 (2018).

21. Roberts, C. & Nemet, G. Lessons for scaling direct air capture from the history of ammonia
synthesis. Energy Res. Soc. Sci. 117, 103696 (2024).

22. Edwards, M. R. et al. Modeling direct air carbon capture and storage in a 1.5 °C climate future
using historical analogs. Proc. Natl. Acad. Sci. 121, 2215679121 (2024).

23. Nemet, G., Greene, J., Miiller-Hansen, F. & Minx, J. C. Dataset on the adoption of historical
technologies informs the scale-up of emerging carbon dioxide removal measures. Commun. Earth
Environ. 4, 1-10 (2023).

24. Odenweller, A., Ueckerdt, F., Nemet, G. F., Jensterle, M. & Luderer, G. Probabilistic feasibility
space of scaling up green hydrogen supply. Nat. Energy 7, 854—865 (2022).

25. Martulli, A., Brandt, K., Allroggen, F. & Malina, R. The potential scale-up of sustainable aviation
fuels production capacity to meet global and EU policy targets. Nat. Commun. 16, 11619 (2025).

26. Baumgartner, C. L., Way, R., Ives, M. C. & Farmer, J. D. The need for better statistical testing in
data-driven energy technology modeling. Joule 8, 2453—-2466 (2024).

27. Malhotra, A. & Schmidt, T. S. Accelerating Low-Carbon Innovation. Joule 4, 2259-2267 (2020).



28. UNEP. The Emissions Gap Report 2017: A UN Environment Synthesis Report. (United Nations
Environment Programme, Nairobi, Kenya, 2017). doi:10.18356/1cf881fb-en.

29. Climate Action Tracker. CAT Emissions Gaps | Climate Action Tracker. Climate Action Tracker
https://climateactiontracker.org/global/cat-emissions-gaps/ (2019).

30. Smith, S. M. et al. The State of Carbon Dioxide Removal - 2nd Edition. (2024).

31. Schleussner, C.-F. et al. Overconfidence in climate overshoot. Nature 634, 366—373 (2024).

32. McQueen, N. et al. A review of direct air capture (DAC): scaling up commercial technologies and
innovating for the future. Prog. Energy 3, 032001 (2021).

33. Nemet, G. F. et al. Near-term deployment of novel carbon removal to facilitate longer-term
deployment. Joule 7, 2653—-2659 (2023).

34. Wilson, C. et al. Granular technologies to accelerate decarbonization. Science 368, 36—39 (2020).

35. Hansen, J. P.,, Narbel, P. A. & Aksnes, D. L. Limits to growth in the renewable energy sector.
Renew. Sustain. Energy Rev. 70, 769—-774 (2017).

36. Fuhrman, J. et al. Ambitious efforts on residual emissions can reduce CO2 removal and lower
peak temperatures in a net-zero future. Environ. Res. Lett. 19, 064012 (2024).

37. Ampah, J. D. et al. Prioritizing Non-Carbon Dioxide Removal Mitigation Strategies Could Reduce
the Negative Impacts Associated with Large-Scale Reliance on Negative Emissions. Environ. Sci.
Technol. 58, 3755-3765 (2024).

38. Edelenbosch, O. Y. et al. Reducing sectoral hard-to-abate emissions to limit reliance on carbon
dioxide removal. Nat. Clim. Change 14, 715-722 (2024).

39. Meade, N. & Islam, T. Modelling and forecasting the diffusion of innovation — A 25-year review.
Int. J. Forecast. 22, 519-545 (2006).

40. Rogers, E. M. Diffusion of Innovations. J. Pharm. Sci. 52, 612 (1963).



41. Schilling, M. A. & Esmundo, M. Technology S-curves in renewable energy alternatives: Analysis
and implications for industry and government. Energy Policy 37, 1767-1781 (2009).

42. Li, Y. & Qin, S. Comparative Study on the Developmental Stages of Global CCS Technology Based
on the S-Curve Model. Energy Res. Lett. 2, (2021).

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

44, IEA. CCUS Projects Database. https://www.iea.org/data-and-statistics/data-product/ccus-
projects-database (2024).

45, Bisotti, F., Hoff, K. A., Mathisen, A. & Hovland, J. Direct Air capture (DAC) deployment: A review
of the industrial deployment. Chem. Eng. Sci. 283, 119416 (2024).

46. IEA. Direct Air Capture, A Key Technology for Net Zero.
https://iea.blob.core.windows.net/assets/78633715-15c0-44e1-81df-
41123c556d57/DirectAirCapture_Akeytechnologyfornetzero.pdf (2022).

47. Yugo, M. & Soler, A. A look into the role of e-fuels in the transport system in Europe (2030—-
2050). 28, (2019).

48. Energy Institute. Statistical Review of World Energy. https://www.energyinst.org/statistical-
review (2023).

49. IEA. Net Zero by 2050 - A Roadmap for the Global Energy Sector. www.iea.org/t&c/ (2021).

50. U.S. Department of Energy. Biden Administration Launches $3.5 Billion Program To Capture
Carbon Pollution From The Air. Energy.gov https://www.energy.gov/articles/biden-administration-
launches-35-billion-program-capture-carbon-pollution-air-0 (2022).

51. European Commission. Workshop: Perspectives on a Purchasing Programme for CRCF Permanent
Carbon Removal Credits. https://climate.ec.europa.eu/citizens-stakeholders/events/workshop-

perspectives-purchasing-programme-crcf-permanent-carbon-removal-credits-2025-05-21_en (2025).



52. IEA. Net Zero by 2050 — Analysis. https://www.iea.org/reports/net-zero-by-2050 (2021).

53. World Economic Forum. Net Zero Industry Tracker 2024.
https://reports.weforum.org/docs/WEF_Net_Zero_Industry_Tracker_2024.pdf (2024).

54. Investopedia. Understanding Investment Time Horizons: Short, Medium, and Long-Term
Strategies. Investopedia https://www.investopedia.com/terms/t/timehorizon.asp (2025).

Acknowledgments
This work was supported by the Climate Policy Lab within the Institute for Environmental Decisions at
ETH Zurich. We thank Anthony Patt for the support provided throughout this study.

Funding

FU and AO gratefully acknowledge funding from the Kopernikus-Projekt Ariadne through the German
Federal Ministry of Education and Research (grant nos. 03SFK5A and 03SFK5A0-2) and the HyValue project
(grant no. 333151). NB was funded through a Doc.CH Grant No. POOOPS_ 203884 and gratefully
acknowledges support from the Swiss National Academy of Science and VietJet.

Author Contributions Statement

JR, NB and TZ initiated the study, with further inputs of AO and FU during the study design. TZ led the
research, carried out the analysis, and created all figures, supervised by NB and JR. AO and FU contributed
analysis tools and supported setting up the analysis. All authors contributed to analysing and interpreting
the results. The first draft was developed by TZ with all authors contributing significantly to subsequent
iterations and revisions.

Competing Interests Statement
The authors declare no competing interests.



Tables

Table 1. Overview of the key uncertain parameters used in this study. For further explanations see Supplementary Method 2-6.

growth rate

road' scenario, wind energy (~¥20% yr™") as optimistic,
and liquified natural gas (LNG) (~4% vyr™') as
pessimistic sensitivity scenarios (Figure 1 a-c, Figure 2
a).

Uncertain Definition Values Values
parameters (base case) | (enhanced
policy case)
Reflects the transition from formative to growth
phase (Supplementary Fig. 1). Our base case (Figure
1) is based on a truncated normal distribution of | Mean 8.8
Initial capacity | empirical direct air capture (DAC) capacity data | (Truncated | 10x base
in 2030 (Supplementary Table 2); our case with enhanced | min: 4.8) case
policy support (Figure 2 a) modelled a significant | MtCO, yr™’
capacity acceleration (10x increase) driven by political
interventions (Figure 2 b).
Captures maximum annual growth in the post-
formative phase (Supplementary Fig. 1). We used
Emergence ammonia synthesis (~¥11% yr™") as the ‘middle-of-the- | LNG: 3.8 (0-6.8) % yr™’

Ammonia: 11(0-25) % yr™’
Wind: 20 (0-42) % yr™

Anticipation of

Accounts for investor confidence in DAC's long-term

2 a) represents the 65% upper end of the initial
distribution (from 1.79 to 5.1 GtCO, yr™"), reflecting
improved market conditions driven by policy (Figure
2d).

direct air market potential. Our base case (Figure 1) assumed
capture (DAC) | @n anticipation of 5 years; our case with enhanced 5 years 15 years
demand policy support (Figure 2 a) extended this to 15 years,

reflecting enhanced regulatory certainty regarding

long-term DAC requirements (Figure 2 c).

Generated by uniform distributions of potential DAC

demand by 2050. Our base case (Figure 1) ranged

from 0 to 5.1 GtCO, yr~" to represent the full range of

uncertainty on the potential role of DAC, both as
Long-term carbon dioxide removal method and to deliver net- | 0-5.1 GtCO, | 1.79-5.1
DAC demand zero CO, feedstock; our enhanced policy case (Figure | yr™’ GtCO, yr™
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Figure 1. Probability feasibility space for achieving global direct air capture (DAC) deployment by 2050 in scenarios without
enhanced policy support (‘base case’). Dashed lines represent the median of the feasibility space, the colour shading indicates
the annual probability density (determined from the uncertainty propagation of the initial capacity in 2030 and the emergence
growth rate), and grey lines show example growth paths, representing the broad spectrum of possible outcomes. a Modelled DAC
diffusion based on historical growth rates of ammonia synthesis; b Modelled DAC diffusion based on historical growth rates of
liquified natural gas (LNG); ¢ Modelled DAC diffusion based on historical growth rates of wind.
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Figure 2. Probability feasibility space for achieving global direct air capture (DAC) deployment by 2050 under enhanced policy
scenarios (‘enhanced policy case’). a Probability feasibility space for achieving global DAC deployment by 2050 under enhanced
policy scenarios with all three policy levers. b - d Probability feasibility space for achieving global DAC deployment by 2050 under
individual policy levers: b a policy push to accelerate initial DAC capacity by 2030, c measures to establish credible long-term DAC
demand, and d policies to secure minimum long-term demand. The color shading indicates the annual probability density
(determined from the uncertainty propagation of the initial capacity in 2030 and the emergence growth rate), with grey lines
showing example growth paths, representing the broad spectrum of possible outcomes. The deviation to the scenarios without
enhanced policy support (% A) was rounded to the nearest 5th or 10th for B and all plotsin b - d.
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Figure 3. Global direct air capture (DAC) diffusion feasibility space until 2100. DAC deployment until 2100 under growth
rates of (a) ammonia synthesis, (b) liquified natural gas (LNG) and (c) Wind on the global level. The red dotted line shows

the mean of the respective scenario with short-term policy push.

Editorial Summary:

This study models future Direct Air Capture deployment pathways to 2050, finding that early capacity
expansion matter more than long-term demand targets, with gigaton-scale removal only plausible under
rapid growth scenarios.
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