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Abstract In public debate surrounding climate change, scientific uncertainty is often cited
in connection with arguments against mitigative action. This article examines the role of
uncertainty about future climate change in determining the likely success or failure of mit-
igative action. We show by Monte Carlo simulation that greater uncertainty translates into
a greater likelihood that mitigation efforts will fail to limit global warming to a target (e.g.,
2 ◦C). The effect of uncertainty can be reduced by limiting greenhouse gas emissions. Taken
together with the fact that greater uncertainty also increases the potential damages arising
from unabated emissions (Lewandowsky et al. 2014), any appeal to uncertainty implies a
stronger, rather than weaker, need to cut greenhouse gas emissions than in the absence of
uncertainty.

1 Introduction

Uncertainty is an integral part of science. Although the scientific community has sought
to deal with uncertainty in various ways (e.g., Intergovernmental Panel on Climate Change
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2005; Narita 2012), it is often highlighted in public debate to argue for the delay of
politically-contentious actions that may entail a regulatory burden on industry (Kim 2011;
Nisbet 2009). For example, public debate about the adverse health consequences of tobacco
continued for decades after the medical community had considered the scientific case
largely settled (e.g., Brownell and Warner 2009; Michaels and Monforton 2005; Nilsson
et al. 2009; Proctor 2004, 2008; Smith et al. 2011). Appeals to uncertainty constituted a
key ingredient of arguments put forward against a public-health response (e.g., Freudenburg
2008; Oreskes and Conway 2010; Smith et al. 2011).

The effectiveness of appeals to uncertainty derives in part from the fact that risk judg-
ments are known to be influenced by psychological, cultural, and political factors (e.g.,
Kahan et al. 2006; Slovic 1999). To illustrate, Kahan et al. (2009) provided participants
with information about the risks and benefits of nanotechnology and then solicited judg-
ments of the relative risk and benefits of the new technology. Responses were found to
diverge according to people’s worldview: People who lean towards a hierarchical and
market-oriented view of society tended to downplay risks and focused on the benefits,
whereas people with a more egalitarian worldview emphasized the risks over the benefits.
Thus, instead of uniformly “educating” people, the provision of information about a new
technology led to enhanced polarization of people’s views.

Those cultural and psychological factors also enter into the conventional formal tools
with which risky policy decisions are informed, such as cost-benefit-analysis (CBA; e.g.,
Garnaut 2011; Nordhaus 2010; Stern 2007) or the precautionary principle (e.g., Vlek 2010a,
2010b). For example, the choice of economic discount rate (i.e., the rate at which future
costs are reduced to render them comparable to today’s expenditure) can alter anticipated
costs by many orders of magnitude (Sterner and Persson 2008). Because the discount rate
can vary across a range of plausible values, CBA provides no escape from the inherently
subjective nature of risk judgments and decision making under uncertainty (for more details,
see Lewandowsky et al. 2014).

This article explores the way in which uncertainty about future changes in climate
relate to the likely consequences of mitigative action. To foreshadow briefly, here we show
that greater uncertainty about climate sensitivity increases the likelihood that a given car-
bon budget will be exceeded, which we refer to as “mitigation failure.” We also show
that the adverse implications of uncertainty can be reduced by curtailing greenhouse gas
emissions.

2 Consequences of uncertainty: risks and outcomes

We operationalize uncertainty as the standard deviation or variance of the estimate of future
global warming in response to a doubling of greenhouse gas emissions. Given that our
focus here is on mitigation, and thus on moderately short time spans of around a century or
less, we are concerned with peak sensitivity (Raupach et al. 2011). Peak climate sensitivity
(PCS) is defined as the peak warming that is observed in response to the radiative forcing



Climatic Change (2014) 124:39–52 41

at that time; for details see Raupach et al. (2011).1 To prevent ambiguity, we refer to the
uncertainty about our knowledge of peak climate sensitivity as uncertaintyPCS from here on,
with other subscripts introduced where necessary to identify other manifestations or sources
of uncertainty.

Our approach relies on relating the magnitude of uncertaintyPCS at a purely ordinal
level to the associated outcomes. Thus, we are concerned with answering ordinal questions
such as what greater (or lesser) uncertaintyPCS would imply, rather than seeking point esti-
mates of risks or outcomes (e.g., Webster et al. 2003). Answering such ordinal questions
can address uncertainty-based argumentations (Freudenburg et al. 2008; Freudenburg and
Muselli 2013): For example, if greater uncertaintyPCS were associated with greater likeli-
hood of harm from a potential path of action, then one cannot legitimately argue against
that path of action by claiming that there is “too much” scientific uncertainty.

Using that ordinal approach, we showed in a companion article (Lewandowsky et al.
2014) that greater uncertainty about the climate translates into greater expected damages
from unabated greenhouse emissions. Because the companion paper was concerned with
the long-term consequences of unabated emissions it considered equilibrium climate sen-
sitivity (ECS) instead of peak sensitivity (PCS). The result that greater uncertainty yields
greater damages arose from the fact that the cost function that relates global temperature
increases to economic damages is pervasively assumed to be convex (i.e., accelerating;
see, e.g., Tomassini et al. 2010). For mathematical reasons, a convex cost function nec-
essarily implies that greater uncertainty about global temperature increases (captured by
uncertaintyECS) translates into greater expected damage costs. The same result was also
obtained without making any assumptions about an economic cost function, by considering
the impact of uncertainty surrounding future sea level rise. As uncertainty about future sea
level rises increases, so does the need for additional protective measures (e.g., increasing the
height of dams and dikes) to keep the risk of inundation constant. (For details, see Hunter
2012 and Lewandowsky et al. 2014).

Whereas the companion article (Lewandowsky et al. 2014) focused on the consequences
of unabated emissions, we now apply the same ordinal approach to examining the impact of
uncertainty on the likely success of mitigation efforts. We adopt a “safe-minimum-standard”
approach by examining the risk of exceeding an agreed threshold increase in global temper-
atures. We do not argue in a favor of one specific threshold over another but simply assume
the existence of an agreed value.

3 Uncertainty and mitigation of climate change

3.1 The limited carbon budget

In order to have a reasonable chance (66 % or more) of limiting future temperature increases
to 2 ◦C—an upper bound on warming that is considered “safe” by many governments—
atmospheric CO2 levels must stabilize somewhere between 415 ppm and 460 ppm

1PCS, like all other climate sensitivity measures such as the transient climate response (TCR; the expected
increase in global temperatures at the time of doubling of CO2 from pre-industrial levels after a 1 %/year
increase), is a ratio between expected warming and forcing. Those ratios have been shown to be constant in
a linear climate system if forcings grow exponentially (Raupach 2013), implying that an analysis based on
PCS likely generalizes to other measures such as TCR.
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Fig. 1 Required emissions trajectories that limit total cumulative carbon emissions from fossil fuel and
land use combined (including historical emissions) to 1,000 Gt C. All trajectories are smooth and computed
using Eqs. 9 and 10 in Raupach et al. (2011). Trajectories commence in 2008 and differ with respect to the
starting point of mitigation as shown in the legend. Panel A shows trajectories for 4 different times at which
mitigation commences, all of which achieve a total budget of 1,000 Gt C. Panel B shows another emissions
trajectory that achieves the same total budget but mitigation is delayed to a time (2033) at which emissions
must cease virtually instantaneously. There exists no smooth emissions trajectory with a later commencement
of mitigation (in whole years) that complies with the same total budget. Vertical lines indicate the present,
defined here as 2011

(Rogelj et al. 2011). Because CO2 remains in the atmosphere for centuries (Solomon et al.
2009), this upper limit of atmospheric concentrations also places an upper bound on the
total amount of carbon that humanity can emit: This amount represents the total “budget”
of carbon that is available to “spend,” from the beginning of industrialization until, effec-
tively, an infinitely distant time from now. This total available budget is estimated to be in
the vicinity of 1,000 Gt carbon (C), equivalent to 3,664 Gt CO2 (Raupach et al. 2011), of
which roughly 50 % (531 Gt C) had already been expended by 2008 on fossil fuels and land
use combined (Raupach et al. 2011).2

The implications of this fixed budget, which limits the sum total of all remaining
future emissions to approximately 500 Gt C, are shown in Fig. 1. The figure shows vari-
ous hypothetical emissions trajectories—i.e., annual global greenhouse gas emissions over
time—based on assumptions about annual emissions growth and the rate of emission cuts
after mitigation commences.

Consider first the left panel (A), which shows four emissions trajectories, all of which
keep total emissions (including the historical liabilities arising from past emissions) to 1,000
Gt C. The principal difference between trajectories is the time at which mitigation efforts
commence, which varies from 2011 to 2026. Until the commencement of mitigation, emis-
sions are assumed to grow at a realistic annual rate of 3 % (and at a gradually reducing rate
for some time after commencement of mitigation owing to technological inertia; see Eqs. 9
and 10 in Raupach et al. (2011)).

The panel emphasizes that the longer carbon emissions are permitted to grow unabated,
the steeper are the cuts that are required to keep warming from exceeding an agreed thresh-
old. If mitigation had commenced in 2011, the required annual rate of emissions reduction

2For tractability and ease of exposition, all estimates relating to the carbon budget in this article are taken
from Raupach et al. (2011). Those estimates are consonant with other reviews (e.g., Rogelj et al. 2011).
Short-lived gasses such as hydrofluorocarbons do not contribute to the total budget (Smith et al. 2012).
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would be 6 % per year, whereas a delayed commencement in 2021 or 2026 would man-
date ongoing annual cuts of 11 and 17 %, respectively. This budgetary principle holds
irrespective of the magnitude of the threshold; a higher threshold merely postpones the prob-
lem because the budget increases, but the relationship between delay and rigor of required
emission cuts is unaffected.

Experience with large structural changes suggests that the cost of mitigation increases
with the required annual mitigation rate: Whereas a few percentage points might be achiev-
able, at least initially, by efficiency measures and minor adjustments of consumer behavior,
steeper cuts require the introduction of new technologies and radical structural changes at
greater cost. In confirmation, a retrospective analysis of the last 7 years of unabated emis-
sions reveals that future mitigation efforts have become more difficult and more expensive:
In 2004, Pacala and Socolow (2004) argued that with existing technologies, humanity
already possessed “. . . the fundamental scientific, technical, and industrial know-how to
solve the carbon and climate problem for the next half-century” (Pacala and Socolow
(2004), p. 968). At the time, Pacala and Socolow (2004) provided a portfolio of 7 so-called
“wedges” that, when used as an ensemble, could avoid doubling of atmospheric CO2 com-
pared to pre-industrial levels. Those “wedges” included more efficient buildings, reduced
reliance on cars, greater efficiency of power plants, and so on. Revisiting this issue 7 years
later, Socolow (2011) concluded that now 9, rather than 7, wedges were required to stabilize
CO2 emissions, and that the delay of mitigation would produce nearly 0.5 ◦C of additional
warming.3

Nonetheless, the pattern shown in Fig. 1a need not, by itself, present an indisputable
impetus to commence mitigation sooner rather than later: With a conveniently chosen dis-
count rate, the extra 15 years that separate a 17 % annual mitigation rate from a 6 % rate
(i.e., 2026 vs. 2011) may make the additional cost associated with delayed mitigation more
attractive (e.g., a discount rate of around 4.5 % will accommodate a doubling of mitigation
costs after 15 years).

It is therefore important to consider panel B in Fig. 1, which takes the implications of
delaying mitigation to an extreme. This panel contains an emissions trajectory which maxi-
mally delays the commencement of mitigation (to 2033) while still complying with the total
budget of 1,000 Gt C. No further delay (by whole years) is possible without exceeding that
budget. The notable feature of the trajectory in Fig. 1b is that emissions must cease virtu-
ally instantaneously when mitigation commences. Virtually instant cessation of emissions is
technologically and logistically so unlikely as to be considered impossible—and this impos-
sibility cannot be overcome by the choice of discount rate. We therefore characterize the
trajectory in Fig. 1b as representing a failure of mitigation, and our analysis of uncertainty
focuses on the likelihood of such a failure, thereby sidestepping potential counter-arguments
based on the discount rate.

3.2 Uncertainty and the carbon budget

Our analysis of the role of uncertaintyPCS in mitigation begins by considering Fig. 2 which
relates the expected extent of global warming to the total cumulative emissions of green-
house gases (primarily CO2 but also including other forcings). Note that unlike Fig. 1, which

3Pacala and Socolow (2004) and Socolow (2011) considered stabilization of emissions only (i.e., preventing
further growth), rather than the cuts to emissions that are necessary to stay within a finite carbon budget.
Their analysis thus underestimates the consequences of delayed mitigation, amplifying the point that delay
enhances costs.
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Fig. 2 Expected peak temperature response of the climate system relative to pre-industrial times (in ◦C)
as a function of all-time total cumulative emission (in Gt C). The figure was created using Eqs. 8 and 13
in Raupach et al. (2011). The temperature response assumes a (peak) climate sensitivity of 2.75 ◦C (i.e.,
λp = .74 K W−1 m2); confidence bounds on the temperature response are provided in Fig. 5. The horizontal
line and the surrounding uncertainty band (arbitrarily chosen but representing the expected asymmetric upper
tail in the temperature response) illustrate the relationship between uncertaintyPCS—and hence uncertaintyTR
about the temperature response—and the corresponding uncertaintyB about the associated carbon budget
(vertical line and associated uncertainty band). See text for details

shows annual emissions, Fig. 2 shows cumulative emissions; that is, the sum total emitted
from the onset of industrialization until an infinitely distant point in time. The figure links
up with the preceding discussion by noting that cumulative emissions must not exceed 1,000
Gt C for warming to remain below 2 ◦C.

UncertaintyPCS enters into this relationship between cumulative emissions and temper-
ature response via the fact that the expected global temperature increase is a multiple of
climate sensitivity. Climate sensitivity is defined as the temperature increase in response to
a doubling of CO2 compared to preindustrial levels; the value of the temperature response
function in Fig. 2 is therefore equal to the climate sensitivity for a budget that corresponds
to a doubling of preindustrial atmospheric CO2 levels, and it is a multiple (or fraction) of
climate sensitivity elsewhere.

It follows that uncertaintyPCS maps directly, via a proportional constant, into uncer-
tainty about the temperature response, called uncertaintyTR from here on. UncertaintyTR

can be translated into uncertaintyB about the carbon budget via the response func-
tion shown in Fig. 2. Specifically, any uncertaintyTR about a point on the ordinate
(temperature response) can be “reflected” into a corresponding uncertaintyB along
the abscissa (cumulative emissions); this is illustrated in the figure by the horizon-
tal line (drawn at 2 ◦C for convenience) and its surrounding arbitrary uncertaintyTR

band. That temperature response, and its associated uncertaintyTR, is reflected into
the vertical line with its own associated uncertaintyB band along the cumulative
emissions axis.

To investigate this relationship between uncertainties in the temperature response and in
total emissions we conducted a Monte Carlo simulation. Values of climate sensitivity were
sampled from a lognormal distribution with mean μL = 2.75 ◦C and standard deviations
(σL) ranging from .26 ◦C to 1.66 ◦C in 7 steps. The distribution of climate sensitivity is
known to have a “fat” upper tail (for discussion, see, e.g., Roe and Baker 2007). To capture
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Fig. 3 Two snapshots of a Monte Carlo simulation relating uncertaintyPCS in climate sensitivity (σL = 0.37
in panel A and σL = 1.17 in panel B) to the carbon budget required to limit warming to 2 ◦C. Histograms
at the top show the simulated distribution of climate sensitivity (whose mean is indicated by the vertical
line), and histograms in the center show the associated carbon budgets. Carbon budgets cannot fall short of
the historical emissions of 346 Gt C (i.e., carbon emissions from fossil fuels up to 2008; land-use related
emissions are omitted for simplicity). Functions at the bottom relate sampled sensitivities to budgets

that fact we sampled sensitivities from a lognormal distribution, without however being
committed to that precise shape of the distribution (cf. Lewandowsky et al. 2014).4

For each level of uncertaintyPCS (i.e., standard deviation σL of the lognormal dis-
tribution), 100,000 realizations of sensitivity were sampled, and for each realization a
corresponding carbon budget was obtained—using the equations underlying Fig. 2—that
limited warming to 2 ◦C. Fig. 3 shows two snapshots of this process (using only 1,000 real-
izations for illustration), for two levels of uncertaintyPCS (σL = 0.37 and σL = 1.17 in
panels A and B, respectively). In each panel, the histogram at the top shows the simulated
distribution of climate sensitivities: Note that the mean μL is identical between panels A and
B and only the standard deviation σL of the distribution changes. (See Lewandowsky et al.
2014, for a justification of using a mean-invariant analysis of uncertainty.) The histograms
in the middle show the associated distributions of carbon budgets, and the functions at the
bottom relate each realization of sensitivity to a corresponding budget.

Two observations can be made with respect to Fig. 3: First, as climate uncertaintyPCS
increases, the variance of the distribution of maximum acceptable carbon budgets
(uncertaintyB) also increases. Second, increasing uncertaintyPCS changes the shape of the
carbon-budget distribution, with an increasing number of small carbon budgets accompa-
nied by a smaller number of very large budgets.

Figure 4 expands on those snapshots by summarizing the simulated distributions of car-
bon budgets across all levels of uncertaintyPCS. Specifically, each set of points for a given

4Lognormal distributions are often characterized by the parameters of the underlying Gaussian distri-
bution, μG and σG. They are related to the equivalent parameters of the lognormal distribution via

μL = exp (μG + .5σ 2
G) and σL = exp (μG + .5σ 2

G) ×
√

exp (σ 2
G)− 1. All parameter values characterizing

lognormal distributions in this article are provided in terms of μL and σL.
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Fig. 4 Effects of increasing climate-sensitivity uncertaintyPCS (standard deviation, σL, in ◦C) on the dis-
tribution of carbon budgets to limit warming to 2 ◦C (top panel) and associated failure rate of mitigation
(bottom panel). The failure rate is defined as the proportion of carbon budgets that fall below the total emis-
sions to date of 346 Gt C. The summary statistics in the top panel characterize the distribution of carbon
budgets across the 100,000 Monte Carlo realizations for each level of climate uncertainty. Q25 refers to the
25th percentile or first quartile, and the dotted horizontal line indicates historical emissions. Note that while
increased uncertainty increases the mean budget, the median increases only slightly and the first quartile
decreases. It follows that there is a greater than 25 % and near 50 % probability that greater uncertainty will
translate into a carbon budget lower than the mean expectation

uncertaintyPCS across both panels in Fig. 4 summarizes a carbon-budget distribution; thus,
the center histograms in panels A and B of Fig. 3 correspond, respectively, to the data points
at σL=0.37 and σL=1.17 across both panels of Fig. 4.

When uncertaintyPCS is minimal (left-most data points in Fig. 4), the expected budget
is around 1,000 Gt C on average, which is of course the value associated with 2 ◦C peak
warming in Fig. 2—as it must be because the simulation was designed to examine budgets
that keep warming below the 2 ◦C threshold. Note also that the distribution of carbon bud-
gets remains sharply peaked when uncertaintyPCS is minimal, as indicated by the fact that
the mean, median, and first quartile (25th percentile; Q25) are clustered closely together.

When uncertaintyPCS increases, the mean total carbon budget also increases (top panel of
Fig. 4). That is, the greater our uncertainty about climate sensitivity, the greater the expected
(average) carbon budget that is available for expenditure. The reason for this arises from the
form of the function that relates cumulative emissions to temperature (Fig. 2): It is concave
(i.e., increasing but with decelerating slope) and therefore, by a theorem known as Jensen’s
inequality (e.g., Jensen 1906), on average greater uncertainty about the climate yields a
larger carbon budget.5

5Note that this involves an inference from the ordinate to the abscissa in Fig. 2; if the function were inverted
to show the budget as a function of a temperature response, which is the more routine formulation of Jensen’s
inequality, then the function would be convex. For a detailed discussion of the implications of increasing
uncertainty in the presence of convex functions, see Lewandowsky et al. (2014).
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However, the mean of the simulated carbon budgets does not provide a complete picture,
because the shape of the budget distribution is of particular relevance. The remaining lines
in the top panel of Fig. 4 describe the shape of those budget distributions across levels of
uncertaintyPCS by plotting their median, the first quartile (Q25), and finally the minimum.
The fact that the mean, median, and Q25 diverge as uncertaintyPCS increases reflects the
fact that the uncertaintyB of the resulting acceptable carbon budgets also increases; compare
the two center histograms in Fig. 3 for an illustration.

Figure 4 also shows that the minimum budget—associated with the greatest sampled
sensitivities; see bottom panels in Fig. 3—decreases as uncertaintyPCS increases, before it
flattens out as it hits the thin horizontal line. The reason that the minimum budget rapidly
reaches an asymptote is because no carbon budget can be lower than the total carbon already
emitted (i.e., here taken to be 346 Gt C from fossil fuels only for simplicity). Those historical
emissions cannot be undone and have a notable implication: Whenever a carbon budget
falls at or below that lowest possible value, mitigation has already failed. That is, even if
emissions were to cease completely and virtually instantaneously—as in Fig. 1b—the target
maximum warming has already been exceeded.

The implications of this problem are illustrated further in the bottom panel of Fig. 4,
which shows the proportion of simulated carbon budgets (out of 100,000 for each level
of uncertaintyPCS) that fall at or below the minimum dictated by historical emissions. The
panel thus records the rate of mitigation failures; that is, the probability that the immedi-
ate urgency of required emission cuts exceeds technological, logistical, and most certainly
also political, constraints. It can be seen that as uncertaintyPCS increases, so does the fail-
ure rate: The more uncertainty there is about the climate, the more likely it is that we
have already passed the point beyond which it is no longer possible to limit warming to
2 ◦C.

Note that the maximum of our simulated uncertaintiesPCS, σL = 1.66, meshes well
with empirical estimates of the standard deviation of the distribution of climate sensitivi-
ties (e.g., σ = 1.7; Annan and Hargreaves 2006). The fact that a failure rate of 8 % can
arise with this plausible value of climate uncertaintyPCS should therefore give rise to con-
cern. This 8 % failure rate can be put into context by comparing it to another “dread” risk,
such as nuclear reactor accidents (Slovic 1987): It is unlikely that the public—or indeed
governments—would tolerate nuclear power if it came with an 8 % annual risk of a melt-
down somewhere in the world. (The three major nuclear accidents to date, Three Mile
Island, Chernobyl, and Fukushima, occurred over a nearly 60-year history of nuclear power
generation, pointing to an annual failure rate of below 8 %. Those three accidents were
nonetheless sufficient for nuclear power to be abandoned in at least some countries; Jahn
and Korolczuk (2012)).

3.3 Summary: uncertainty and mitigation of climate change

Our analysis examined the effects of climate uncertaintyPCS on the likely size of the carbon
budget and yielded three main findings: First, greater uncertaintyPCS yields a greater carbon
budget on average compared to what would be expected if climate sensitivity were known
with great precision.

Second, there is a substantial likelihood—i.e., in excess of 25 % and approaching 50 %;
see median and first quartile in Fig. 4—that greater uncertaintyPCS will translate into a car-
bon budget lower than the mean expectation, because uncertaintyB in the budget increases
in sync with uncertaintyPCS.
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Fig. 5 Mean peak temperature response of the climate system relative to pre-industrial times as a function
of cumulative carbon emissions, assuming a climate sensitivity of μL = 2.75 ◦C (solid line) and associated
distribution of responses (shaded areas). Each shaded area covers the 5th to the 95th percentiles of the sim-
ulated distribution of temperature responses across 1,000 samples from the climate-sensitivity distribution.
The darker shaded area corresponds to uncertaintyPCS σL = 0.52 and the lighter area is for uncertaintyPCS
σL = 1.66. The dotted lines show the reduction in extreme (95th percentile) temperature responses when
cumulative emissions are capped at 2,000 Gt C as opposed to 2,750 Gt C: The thick vertical lines next to the
ordinate permit comparison in the reduction of that extreme risk between the two levels of uncertaintyPCS.
The figure is created using Eqs. 8 and 13 in Raupach et al. (2011); all forcings are considered

Finally, because mitigation costs vary with emissions trajectories, considerations about
mitigation often seem to be inextricably intertwined with decisions about the appropriate
economic discount rate (e.g., Tomassini et al. 2010). To sidestep the role of discounting,
with the arguably subjective decisions it entails, we focused on the effects of uncertaintyPCS
on the likelihood of mitigation failure—that is, the likelihood that an unachievably rapid
cessation of emissions is required in order to keep warming below an agreed limit of 2 ◦C.
This likelihood of mitigation failure was found to increase with greater uncertaintyPCS.

4 Reducing the leverage of uncertainty

A final implication of climate uncertaintyPCS discovered here involves what we call
“leverage”—i.e., the ultimate impact on the climate system arising from a given climate sen-
sitivity. Figure 5 illustrates this notion by again showing the expected temperature response
of the climate system as a function of cumulative carbon emissions for a mean sensitiv-
ity μL = 2.75 ◦C. As cumulative emissions increase, so does their impact on the climate
system; emissions thus “leverage” the response to a constant sensitivity.

The figure also provides information about the distribution of possible climate responses
when climate sensitivity is sampled from a distribution with constant mean (μL = 2.75 ◦C)
and standard deviation σL = 0.52 ◦C (dark shaded area) or σL = 1.66 ◦C (light shaded
area). Each shaded area in the figure encloses the 5th through the 95th percentile of
the distribution of 1,000 sampled temperature responses, thus graphically characterizing
uncertaintyTR.

The shaded areas invite several observations: First, as uncertaintyPCS increases, so does
the uncertaintyTR of the total temperature response; hence, the lightly shaded area (σL =
1.66 ◦C) encloses a greater range of temperatures than the darker area (σL = 0.52 ◦C).
This is entirely unsurprising because, as noted in connection with Fig. 2, the temper-
ature response is merely a multiple (or fraction) of the sensitivity scaled by the total
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emissions. Second, the areas of uncertaintyTR are asymmetrical: Irrespective of the level
of uncertaintyPCS, the area above the mean expected temperature response (solid line) is
greater than the area below it.6 This asymmetry is a direct consequence of the fact that the
lognormal sensitivity distribution has a fat upper tail. Third, again irrespective of the level
of uncertaintyPCS, the vertical extent of the areas increases with cumulative emissions. That
is, for a constant climate sensitivity (constant μL) and constant uncertaintyPCS in that esti-
mate (constant σL), the resultant uncertaintyTR in the global temperature response increases
with total emissions. The latter point bears further exploration because it clarifies the notion
of leverage: Even if the parameters of the climate system itself, captured by μL and σL,
remain invariant, the uncertaintyTR in the overall outcome—namely, the global tempera-
ture response—increases together with cumulative emissions. Emissions thus leverage the
uncertainty in the climate system.

However, by the same token, Fig. 5 also offers a path towards averting the greater
damages from climate change that are known to be associated with greater uncertainty
(Lewandowsky et al. 2014): By limiting cumulative emissions, uncertaintyTR about the cli-
mate response is reduced together with the mean expected warming. This result is simply
the flipside of the fact that emissions leverage uncertaintyPCS.

Moreover, the reduction of uncertaintyTR by limiting emissions is proportional to the
absolute level of uncertaintyPCS: The greater the uncertaintyPCS about climate sensitivity
(light vs. dark shaded areas in Fig. 5), the greater the reduction in the risk of extremely
high temperature responses (i.e., at the 95th percentile) that can be achieved by limiting
emissions. This effect can be seen by comparing the height of the thick vertical line adjacent
to 6 ◦C on the Y-axis with that adjacent to 10 ◦C. Each thick line represents the reduction
in the “worst-case” (i.e., 95th percentile) temperature response when cumulative emissions
are capped at 2,000 rather than 2,750 Gt C: that reduction in extreme risk is visibly greater
with the higher level of uncertaintyPCS. Limiting emissions is therefore not only particularly
advisable when uncertainty is greater, but also particularly effective in reducing extreme
risks.

5 Potential limitations and contrasts with other approaches

Critics might argue that our approach is a thinly disguised version of the precautionary prin-
ciple, thereby inheriting all its problems (e.g., vagueness, focus on adverse outcomes of one
policy option only). However, unlike the precautionary principle, our approach is symmet-
rical as we consider the impact of uncertainty on costs (or risks) on both unabated carbon
emissions (Lewandowsky et al. 2014) and on mitigation efforts. Second, unlike some inter-
pretations of the precautionary principle, we operationalized uncertainty in a circumscribed
and quantitatively informed manner.

A related criticism might hold that, just like cost-benefit analysis (CBA), our approach
relies on tacit ethical judgments and that therefore nothing is gained over and above con-
ventional CBA. In response we note that there are several assumptions that are required by

6This asymmetry is exacerbated by the fact that the area below the mean estimate is even greater in our
simulation than can be expected in reality: This arises from the intention to keep mean sensitivity (μL)
constant across levels of uncertaintyPCS (σL) for our illustrative purposes. In reality, the lower bound of
possible climate sensitivities is quite well known and values below 1.5 ◦C are considered implausible (Meehl
et al. 2007). If our simulated distributions of sensitivity were truncated at that lower bound, the asymmetry
of the areas representing uncertaintyTR would be further enhanced.
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CBA but not by our approach. First, our approach does not require any assumptions about
monetarization of goods such as species diversity. Second, because our approach focuses on
the failure rate of mitigation rather than any absolute costs, our conclusions regarding miti-
gation are necessarily invariant with respect to the discount rate. If mitigation fails because
emissions must be cut with greater speed than what technology can possibly deliver, the
discount rate is irrelevant. Likewise, our ordinal consideration of uncertainty and damage
costs in the companion paper (Lewandowsky et al. 2014) also side-stepped the role of the
discount rate because greater damages are likely accelerated relative to lesser ones.

Our approach does, however, suffer from one drawback compared to CBA or the pre-
cautionary principle: Unlike CBA or any extant economic modeling, we cannot deliver
quantitative conclusions that go beyond the ordinal level of comparison. That is, we can
identify the consequences of greater uncertainty, and in doing so can point to emissions
reductions as a risk-minimization pathway (see discussion surrounding Fig. 5), but we
cannot specify a precise quantity, such as the “social cost of carbon” (Tol 2011, p. 419).
Similarly, by focusing on a binary outcome relating to whether or not a threshold (e.g.,
2 ◦C) is crossed, we collapse a range of possible outcomes into a single “failure” category
that ignores the difference between a peak warming of 2.01 ◦C and 4 ◦C or even 6 ◦C. We
acknowledge these limitations and offer two considerations in response: First, for the rea-
sons noted by Lewandowsky et al. (2014), the quantitative precision of economic modeling
and CBA (e.g., $59/ton; Nordhaus 2010) nonetheless incorporates subjective considera-
tions. Second, even though we focused on a binary threshold-related outcome, our analysis
entails a cardinal component. Specifically, if the realizations of climate sensitivity that led
to mitigation failures in Fig. 4 are analyzed further, the mean sensitivity of those failed real-
izations increases together with uncertaintyPCS: Specifically, when σL = 0.52 ◦C, the mean
of the sensitivities that entailed mitigation failures was 5.40 ◦C, and for σL = 1.66 ◦C, the
mean was 6.49 ◦C. Put another way, greater likelihood of mitigation failure was associated
with a greater expected peak temperature response.

6 Conclusions

We examined the consequences of uncertainty in our knowledge about future climate change
on the decision whether or not to cut greenhouse emissions. Our analysis focused on the
ordinal relationship between uncertaintyPCS and the probability of adverse outcomes asso-
ciated with the two principal policy options—viz. to continue emitting greenhouse gases
or to mitigate climate change by cutting emissions. Exploration of both options yielded the
result that greater uncertaintyPCS necessarily translates into greater risk.

First, as uncertainty about climate sensitivity increases, so does the damage expected
from unmitigated climate change. The details of this analysis can be found in Lewandowsky
et al. (2014); to summarize briefly, this result arises as a necessary consequence when the
function that relates warming to expected damages is convex, as is assumed by extant eco-
nomic models. The result also arises without any assumptions about the economic damage
function when uncertainty about future sea level rise is considered: It is a consequence of
simple extreme-value statistics that increasing uncertainty about sea level rise translates into
an increasingly greater protective allowance that is required to keep the risk from flooding
constant.

Second, we have shown in this article that as uncertaintyPCS increases, so does the like-
lihood that mitigation efforts will fail. In order to have a chance to limit warming to a
predetermined upper bound (e.g., 2 ◦C), total cumulative emissions, from the beginning of
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industrialization onward, must not exceed a set budget. If the total size of that budget is
less than or equal to the historical emissions already incurred, then mitigation has already
failed. By that criterion, the probability of mitigation failure is an increasing function of
uncertainty in our knowledge of climate sensitivity.

Thus, greater uncertaintyPCS implies greater damage from unmitigated climate change
and it also implies a greater likelihood of the failure of mitigation attempts. The con-
verse also holds: If uncertaintyPCS could be reduced, this would alleviate the risk of
damages as well as the risk of mitigation failure. Our analysis revealed a path to reduc-
ing the risks generated by uncertaintyPCS based on the fact that those risks are “leveraged”
by cumulative greenhouse gas emissions. As cumulative emissions increase, so does
uncertaintyTR in the overall temperature response, even if the parameters of the climate sys-
tem remain unchanged. By the same token, a reduction in emissions reduces the leverage of
uncertaintyPCS, thereby reducing the adverse impacts of climate uncertainty.

Contrary to the claim by some researchers that uncertainty presents a barrier to
scientifically-informed policy decisions (Allenby and Sarewitz 2011; Sarewitz 2004), any
appeal to scientific uncertainty actually implies a stronger, rather than weaker, need to cut
greenhouse gas emissions than in the absence of uncertainty.
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