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Abstract
Knowledge of the past concentrations of atmospheric CO2 level (pCO2) is critical to understanding climate sensitivity to
changing pCO2. Towards this, a new proxy for pCO2 has been developed based on changes in carbon isotope fractionation
(D13C) in C3 land plants. The accuracy of this approach has been validated against ice-core pCO2 records, suggesting the
potential to apply this proxy to other geological periods; however, no thorough uncertainty assessment of the proxy has been
conducted. Here, we ﬁrst analyze the uncertainty in the model-curve ﬁt through the experimental data using a bootstrap
approach. Then, errors of the ﬁve input parameters for the proxy are evaluated using sensitivity analysis; these include the
carbon isotope composition of atmospheric CO2 (d13CCO2) and that of the plant material (d13Corg) for two time periods, a
reference time (t = 0) and the time period of interest (t), and the value of pCO2 at time t = 0. We then propagated the errors
on the reconstructed pCO2 using a Monte Carlo random sampling approach that combined the uncertainties of the curve ﬁtting and the ﬁve inputs for a scenario in which the reference time was the Holocene with a target period for the reconstructed
pCO2 during the Cenozoic. We ﬁnd that the error in the reconstructed pCO2(t) increases with increasing pCO2(t), yet remains
<122% (positive error) and <40% (negative error) for pCO2(t) < 1000 ppmv. The error assessment suggests that it can be used
with conﬁdence for much of the Cenozoic and perhaps the majority of the last 400 million years, which is characterized by
pCO2 levels generally less than 1000 ppmv. Towards this, an application of this uncertainty analysis is presented for the
Paleogene (52–63 Ma) using published data. The resulting pCO2(t) levels calculated using this method average 470
+288/147 ppmv (1r, n = 75), and overlap with previous pCO2(t) estimates determined for this time period using stomata,
liverwort, and paleosol proxies. The analysis presented here assumes that the paleoenvironment in which the plants grew
is unknown and is determined to be the largest source of error in the reconstructed pCO2(t) levels; errors in pCO2(t) could
be reduced provided independent determination of the paleoenvironmental conditions at the fossil site.
Ó 2015 Elsevier Ltd. All rights reserved.

1. INTRODUCTION
Various methods have been employed for the reconstruction of ancient atmospheric carbon dioxide levels
(pCO2) using terrestrial substrates [paleosol carbonate
(Cerling, 1991; Ekart et al., 1999; Breecker et al., 2010),
plant stomatal index (Royer et al., 2001; Beerling et al.,
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2009), liverworts (Fletcher et al., 2005; Fletcher et al.,
2006; Fletcher et al., 2008), sodium carbonate equilibrium
(Lowenstein and Demicco, 2006), leaf gas exchange model
(Konrad et al., 2008; Franks et al., 2014), weathering proﬁles (Kanzaki and Murakami, 2015), C3 terrestrial plants
(Schubert and Jahren, 2013, 2015)] and marine substrates
[phytoplankton (Pagani et al., 1999; Freeman and Pagani,
2005; Hoins et al., 2015), boron isotope ratios (Pearson
and Palmer, 2000; Pearson et al., 2009), changes in seawater
chemistry (Demicco et al., 2003), boron/calcium ratios
(Tripati et al., 2009), inverse modeling of benthic oxygen

2. METHODS
2.1. Curve fitting
Experiments growing plants in controlled chambers
across multiple levels of pCO2 up to 4200 ppmv revealed
a hyperbolic relationship between net carbon isotope fractionation [D13C = (d13CCO2  d13Corg)/(1 + d13Corg/1000)]
and pCO2 (Schubert and Jahren, 2012), where d13CCO2
and d13Corg represent the carbon isotope value of
atmospheric CO2 and plant tissue, respectively. These data,
combined with literature data, showed that the change in
D13C value per ppmv of pCO2 (i.e., S, ‰/ppmv) is
consistent across a wide range of species growing in diverse
conditions according to the following equation (Schubert
and Jahren, 2012) (Fig. 1):
S ¼ ðA2 ÞðBÞ=½A þ ðBÞðpCO2 þ CÞ2

ð1Þ
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isotope records (van de Wal et al., 2011)]. Although sizable
scatter in reconstructed pCO2 exists, especially for intervals
of higher pCO2 (Beerling and Royer, 2011), eﬀorts to
improve the accuracy and precision of the pCO2 estimates
(e.g., Demicco et al., 2003; Breecker et al., 2010; Royer,
2014) have led to greater agreement among the diverse techniques. Each proxy has its advantages and disadvantages
with respect to the temporal resolution (long-term trends
versus short-term excursions), applicable time intervals
(anthropogenic period, glacial-interglacial cycles, Cenozoic,
and Phanerozoic, etc.), and sensitivity across a range of
pCO2 levels (see Royer et al., 2001). Beyond the suitability
of each proxy for reconstructing pCO2 across the time period of interest, recognition for the need to better quantify
the precision in individual pCO2 estimates has led to rigorous statistical analyses (i.e., Monte Carlo error assessment)
of the propagation of uncertainty for several of the pCO2
proxies [e.g., stomatal index, Beerling et al. (2009); paleosol
carbonate, Breecker (2013); leaf gas exchange model,
Franks et al. (2014); phytoplankton, Freeman and Pagani
(2005); liverworts, Fletcher et al. (2008); boron isotopes
(Martı́nez-Botı́ et al., 2015)]. The C3 plant carbon isotope
fractionation based pCO2 proxy is a novel approach, which
has been developed based on the eﬀect of pCO2 on carbon
isotope fractionation during photosynthesis (Schubert and
Jahren, 2012). This relationship has been applied to reconstruct the pCO2 across the Pleistocene-Holocene transition
(Schubert and Jahren, 2015) and the Paleocene-Eocene
Thermal Maximum (Schubert and Jahren, 2013), and to
interpret changes in speleothem d13C values (Wong and
Breecker, 2015). However, no quantitative error assessment
has been conducted to evaluate the uncertainty of the
reconstructed pCO2. Here we assess the error associated
with this proxy. We ﬁrst consider the uncertainty of the
curve ﬁtting. We then produce a fully propagated assessment of error using a Monte Carlo random sampling
approach in order to quantify the uncertainty in this proxy
across a wide range of pCO2 (i.e., 110 to 2000 ppmv)
and compare the errors in this new proxy to other published
proxies. We also conduct sensitivity analyses on the uncertainty associated with each input parameter individually.
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Fig. 1. The eﬀect of pCO2 on C3 land plant carbon isotope
fractionation based on ﬁeld and chamber experiments on a
wide range of C3 land plant species. The amount of carbon isotope
fractionation per change in pCO2 (S, ‰/ppmv) as a function of
pCO2 (Eq. (1)) is plotted for three choices of A (A = 26, 28.26, and
30; calculated values for B and C, for each A, are provided in
Table 1). Note the similarity among the three S-curves. Circles are
plotted as the midpoint of the range of pCO2 tested for each study.
All data and references are provided in Table DR2 within Schubert
and Jahren (2015). Inset: D13C value plotted as a function of pCO2
(Eq. (2)) with the same values for A, B, and C (Table 1). The
shaded regions represent the 68% conﬁdence interval based on
10,000 bootstrap iterations.

where A, B and C are curve ﬁtting parameters, discussed
below. The integration of Eq. (1) yields a generalized hyperbolic relationship between D13C and pCO2 (Eq. (2)):
D13 C ¼ ½ðAÞðBÞðpCO2 þ CÞ=½A þ ðBÞðpCO2 þ CÞ

ð2Þ

The classic equation modeling carbon isotope fractionation
between plants and the atmosphere (Farquhar et al., 1989)
states that:
D13 C ¼ a þ ðb  aÞðci =ca Þ

ð3Þ

where a and b are constants representing the isotopic fractionation due to diﬀusion through the plant’s stomata and
subsequent catalysis by Ribulose-1,5-biphosphate carboxylase/oxygenase (RuBisCO), respectively; and ci/ca is the
ratio of intercellular and ambient partial pressures of
CO2. The value for a is set to 4.4‰ (Craig, 1953; Cerling
et al., 1991) and values for b range in the literature from
26‰ to 30‰ (Christeller et al., 1976; Wong et al., 1979;
Farquhar et al., 1982; Roeske and O’Leary, 1984; Guy
et al., 1993; Lloyd and Farquhar, 1994; Suits et al., 2005)
and Schubert and Jahren (2012, 2013, 2015) used a value
of 28.26‰ based on data from their elevated pCO2
experiments. Because ci/ca must be between 0 and 1, Eq.
(3) constrains the maximum and minimum values for
D13C where: (1) D13C = a at ci/ca = 0 (i.e., D13C = 4.4‰
at pCO2 = 0 ppmv) and (2) D13C = b when ci/ca = 1
(i.e., D13C cannot exceed b). We note that this maximum
fractionation value, b, in Eq. (3) is equivalent to the
asymptote, A, in Eq. (2). Values for B and C were
determined iteratively by minimizing the root mean square
error (RMSE) between the observed data and the ﬁtted
curve (Eq. (1)) across the full range of reported values
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Table 1
B and C values calculated across the full range of potential A
values.
A

B

C

RMSE

26
27
28
28.26a
29
30

0.16
0.19
0.21
0.22
0.24
0.27

32.88
28.40
24.70
23.85
21.68
19.20

0.002732
0.002672
0.002633
0.002625
0.002607
0.002591

a

A = 28.26 is the value reported within Schubert and Jahren
(2012) and used in their previous pCO2 reconstructions (Schubert
and Jahren 2013, 2015). The lowest RMSE results from A = 30.

Flanagan et al., 1997; Bonal et al., 2000), and within highly
managed arboretums and botanical gardens (Jahren, 2004),
Eq. (2) cannot be used directly to calculate pCO2 (Schubert
and Jahren, 2012). Instead, the terrestrial C3 plant organiccarbon isotope pCO2 proxy works by examining relative
changes in the D13C value between the time of interest
(D13C(t)) and the D13C value at a chosen initial time
(D13C(t=0)), designated within Schubert and Jahren (2015)
as ‘‘D(D13C)” where:
DðD13 CÞ ¼ D13 CðtÞ  D13 Cðt¼0Þ

ð4Þ

which can be expanded as:
DðD13 CÞ ¼

for b (i.e., A) = 26–30‰, subject to these two constraints,
using the ‘‘Solver” add-in within Excel (Table 1).
In order to assess the uncertainty in the curve ﬁtting
(Fig. 1) and calculate a statistically robust conﬁdence interval, we performed a bootstrap on the residual between the
curve ﬁtting and the data following the methods described
in Efron and Tibshirani (1994). We calculated the residual,
i.e. the diﬀerences between the 40 observed data points and
the best-ﬁt curve, using three A values (A = 26, 28.26, and
30), which span the full range of reported values. We then
performed a random sampling of the residuals (n = 40) with
replacement for each A value, assuming equal probability

129

ðd13 CCO2 ðtÞ -d13 CorgðtÞ Þ
ð1 þ d13 CorgðtÞ =1000Þ


ðd13 CCO2 ðt¼0Þ -d13 Corgðt¼0Þ Þ
ð1 þ d13 Corgðt¼0Þ =1000Þ

ð5Þ

We can also rewrite Eq. (2) in terms of a relative change in
D13C value [i.e., D(D13C)] resulting from a change in pCO2:
DðD13 CÞ ¼

½ðAÞðBÞðpCO2ðtÞ þ CÞ
½A þ ðBÞðpCO2ðtÞ þ CÞ


½ðAÞðBÞðpCO2ðt¼0Þ þ CÞ
½A þ ðBÞðpCO2ðt¼0Þ þ CÞ

ð6Þ

Then, by rearranging Eq. (6), one can solve for pCO2 at
any time t (pCO2(t)):

pCO2ðtÞ
¼

DðD13 CÞ  A2 þ DðD13 CÞ  A  BpCO2ðt¼0Þ þ 2  DðD13 CÞ  A  B  C þ DðD13 CÞ  B2  C  pCO2ðt¼0Þ þ DðD13 CÞ  B2  C2 þ A2  B  pCO2ðt¼0Þ
A2 B  DðD13 CÞ  A  B  DðD13 CÞ  B2  pCO2ðt¼0Þ  DðD13 CÞ  B2  C
ð7Þ

of each residual. The newly sampled residual was then
added back to the original ﬁtted curve to create a pseudo
dataset. A new curve ﬁtting with the best-ﬁt B and C values
was determined using the pseudo dataset by minimizing the
RMSE while maintaining the two constraints described
above. The minimization of RMSE for the non-linear curve
with constraints was realized in R (R Core Team, 2015)
using function ‘‘solnp” in the ‘‘Rsolnp” package (Ye,
1987). This process was repeated 10,000 times to generate
10,000 values of B and the corresponding C values. The
conﬁdence interval of B was constructed by specifying
the 16th and 84th percentile of all the bootstrapped
B values. The R code, which includes instructions on how
to use it for the bootstrap analysis, is provided in
Supplementary Material.
2.2. Quantifying paleo-pCO2
Because the D13C value of modern C3 plant tissue shows
high variability (e.g., Diefendorf et al., 2010; Matson et al.,
2012), even among plants growing under the same environmental conditions (e.g., Leavitt and Newberry, 1992;

Within Eq. (7), values for A, B and C are the curve ﬁtting parameters, pCO2(t=0) is the initial pCO2 level (known),
and D(D13C) is calculated using Eq. (5).
2.3. Monte Carlo error assessment
We used R to perform Monte Carlo error propagation
through Eq. (7) for pCO2(t) = 110 to 2000 ppmv. Error
related to the curve ﬁtting equation (A, B, and C within
Eqs. (1) and (2)) and all the input values (d13CCO2(t),
d13Corg(t), d13CCO2(t=0), d13Corg(t=0), pCO2(t=0)) required
for Eq. (7) were considered in the Monte Carlo error
assessment. The precision for each input is reported as
±1r. We note that depending on the time period of interest,
values for d13CCO2(t) and d13CCO2(t=0) can be determined
from air bubbles trapped in ice (e.g., Schmitt et al., 2012)
or reconstructions based on marine carbonate d13C values
(e.g., Passey et al., 2002; Strauss and Peters-Kottig, 2003;
Tipple et al., 2010).
The errors of the input variables were assumed to
be Gaussian distributed. Values for each input were
randomly drawn from normal distributions deﬁned by the
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pre-determined means and standard deviations. 10,000
pCO2(t) values were calculated using 10,000 randomly
generated sets of input values. The pCO2(t) value we report
is the median of the 10,000 iterations. The 16th and 84th
percentiles of the 10,000 iterations of pCO2(t) values were
determined to construct the 68% conﬁdence interval, similar to that in Breecker (2013), Franks et al. (2014), and
Royer et al. (2014). The positive error of the reconstructed
pCO2(t) represents the diﬀerence between the 84th percentile
value and the median, and the negative error represents the
diﬀerence between the 16th percentile value and the median.

Positive Error
Negative Error

Error in pCO2 (t) (ppmv)

130

Positive % Error
Negative % Error

3.1. Uncertainties in curve fitting parameters A, B and C
Diﬀerences among the hyperbolic and S curves for
A = 26, 28.26, and 30 are shown in Fig. 1. Across the entire
range in possible A values, the absolute D13C value for a
given pCO2 level diﬀers for each of the hyperbolic curves
(Fig. 1, inset), but the relative changes in D13C for a given
change in pCO2 (i.e., the slopes of each hyperbolic curve;
S, ‰/ppmv) are nearly identical (Fig. 1). Thus, regardless
of the value for A chosen, the calculated pCO2(t) will be
similar at low to moderate pCO2(t) (Supplementary Fig. 1),
consistent with the result shown for subambient pCO2(t=0)
conditions (Schubert and Jahren, 2015). The D13C value
approaches an asymptote of 26 (A = 26), 28.26
(A = 28.26), and 30‰ (A = 30) for the three choices of A,
and all the curves cross the y-axis at 4.4‰ (i.e.,
D13C = 4.4‰ when pCO2 = 0 ppmv) (Fig. 1, inset). The
68% conﬁdence intervals for the three S curves determined
from the bootstrap analysis overlap, further suggesting that
the choice of A plays a minor role in the reconstructed
pCO2(t) value, especially at low pCO2(t). The lowest RMSE
was determined to occur with A = 30, but the RMSE
value was only marginally lower than with A = 28.26
(RMSE = 0.002591 versus 0.002625) (Table 1). Because the
choice of A value within this range (A = 26–30) is somewhat
subjective, we here maintain the A = 28.26 value used by
Schubert and Jahren (2012, 2013, and 2015). This choice of
A value could potentially improve the accuracy in the reconstructed pCO2(t), especially at very high pCO2(t), as it falls
near the midpoint of reported values (Supplementary
Fig. 1). The uncertainty on the reconstructed pCO2(t), however, will be greater with A = 28.26 than with A = 30 as a
result of the higher RMSE (and greater error in B) (Table 1).
The 68% conﬁdence intervals on the hyperbolic functions for
the three choices of A values (Fig. 1, inset) show the asymmetric feature of the bootstrap-determined B value, with B
value slightly skewed to the left for A = 30 (B = 0.28
+0.022/0.024) and A = 26 (B = 0.17 +0.018/0.024),
and skewed to the right for A = 28.26 (B = 0.22
+0.028/0.014). Although these curve-ﬁtting errors were
not normally distributed, we assumed a Gaussian distribution when conducting the Monte Carlo error analysis. Therefore, we conservatively applied the highest error on B for
each A value (i.e., for A = 28.26, we used B = 0.22 ± 0.028).
Fig. 2 shows the Monte Carlo determined errors in
pCO2(t) caused by the errors in the curve ﬁtting only, while

%Error in pCO2 (t)

3. RESULTS

pCO2 (t) (ppmv)

Fig. 2. The eﬀect of uncertainty in the curve ﬁtting (Fig. 1) on the
error in pCO2(t) (top, ppmv; bottom, % error); all other input
uncertainties were kept at 0. Error is shown for A = 28.26 with
B = 0.22 ± 0.028 (±1r). For each randomly chosen B value,
corresponding values for C were calculated by solving Eq. (2) with
pCO2 = 0 and D13C = 4.4, such that C = [4.4  (A)]/[(A  4.4)  (B)].

keeping the errors for all other input terms ﬁxed at zero.
The errors increase with increasing pCO2(t), with the positive error increasing at a greater rate than the negative
error, especially at pCO2(t) > 1500 ppmv. Despite the
model relationship being well constrained (Fig. 1), the saturating nature of our proxy augments the small errors in
the curve ﬁtting, resulting in increasing error, especially
for the positive error, with increasing pCO2(t). However,
we note that the positive error across the full range of
pCO2(t) (i.e., up to 2000 ppmv) remains <50%, with the
negative error remaining <24% (Fig. 2, bottom). For
pCO2(t) levels common to much of the Cenozoic (i.e.,
<1000 ppmv), the errors are less than 15% (Fig. 2, bottom).
3.2. Full error propagation
We conducted a full Monte Carlo error propagation
using the uncertainties listed in Table 2. The errors in the
input parameters represent the precision associated with a
scenario in which Holocene data are used for the reference
period (t = 0) and Cenozoic data are used for time t. Fig. 3
shows the result of this full error propagation using the
curve ﬁtting uncertainty (Section 3.1) and the uncertainties
associated with the other inputs to Eq. (7) (Table 2; see discussion below) across a wide range of reconstructed pCO2(t)
(110 to 2000 ppmv). As expected, the error in pCO2(t)
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Table 2
The uncertainty of each input variable used to calculate the propagated error of pCO2(t) where the reference period (t = 0) is the Holocene
(pCO2(t=0) = 270 ppmv).
Input variable
(Eq. (7))

Input values

Source

Uncertainty (±1r)

Source

pCO2(t = 0)
d13CCO2(t=0)
d13CCO2(t)
d13Corg(t = 0)
d13Corg(t)
A

270 ppmv
6.4‰
Variablea
25.1‰
Variablea
28.26b

7 ppmv
0.1‰
0.5‰
1.6‰
Variablea
0b

B
C

0.22
Median value determined in
Monte Carlo analysisc

Kawamura et al. (2007)
Schubert and Jahren (2015)
Tipple et al. (2010)a
Schubert and Jahren (2015)
Diefendorf et al. (2015)a
Schubert and Jahren (2012,
2013, 2015)
This study
This study

Kawamura et al. (2007)
Schmitt et al. (2012)
Tipple et al. (2010)
Kohn (2010)
Diefendorf et al. (2015)a
Schubert and Jahren (2012,
2013, 2015)
Bootstrapping (this study)
This study

a
b
c

0.028
Determined in Monte
Carlo analysisc

Dataset used for calculation of pCO2(t) within Fig. 4 is provided in the Appendix.
The value for A was ﬁxed at 28.26.
Calculated by solving Eq. (2) with pCO2 = 0 and D13C = 4.4, such that C = [4.4  (A)]/[(A  4.4)  (B)].

increases with increasing pCO2(t) and the positive error is
higher than negative error (Fig. 3). The positive error
reaches 187% (3730 ppmv) at pCO2(t) = 2000 ppmv,
but the negative error remains <50% (930 ppmv) across
the entire range of pCO2(t) tested (Fig. 3). The calculated
uncertainty (+122%/40%) when the reconstructed
pCO2(t) is below 1000 ppmv suggests that the C3 plant
proxy can be widely used across most of the Cenozoic,
which is characterized by pCO2 6 1000 ppmv (e.g.,
Pearson et al., 2009; Breecker et al., 2010; Beerling and
Royer, 2011; Zhang et al., 2013; Franks et al., 2014).
During brief carbon isotope excursion events when pCO2
may exceed 2000 ppmv (e.g., Cui et al., 2011; Kiehl and
Shields, 2013; Schubert and Jahren, 2013; Meissner et al.,
2014), the relatively small negative error may be used to
produce a minimum bound on the pCO2 level reached.
Fig. 3 (bottom) shows that the 10,000 Monte Carlo
resampling process generated a limited number of invalid
pCO2(t) values (i.e., pCO2(t) < 0 or >106 ppmv). The percentage of invalid pCO2(t) values reached a maximum of
28% at pCO2(t) close to 2000 ppmv, but accounted for
<5% of all values for pCO2(t) < 1000 ppmv, and <1%
of values were invalid for pCO2(t) < 400 ppmv. These
invalid numbers are a result of the hyperbolic relationship
used, such that if D(D13C) exceeded 8.6‰ (assuming
pCO2(t=0) = 270 ppmv), calculated pCO2(t) will jump from
inﬁnitely high values (i.e., 106 ppmv) to the symmetrical
branch of the hyperbola, and thus yield inﬁnitely low
pCO2(t) (i.e., 0 ppmv) (Supplementary Fig. 2). Because
these negative pCO2(t) values resulted from exceedingly high
D(D13C), and therefore do not indicate very low pCO2(t),
these invalid pCO2(t) values (which can approach negative
inﬁnity) were removed. This is in contrast to an error analysis for the paleosol carbonate CO2 paleobarometer, which
replaces negative values with zeros (Breecker, 2013); for
these paleosols, negative pCO2 resulted from estimates that
were slightly too low, rather than being exceedingly high.
Because of the nonlinear nature of the curve ﬁtting function (Fig. 1), we expected the errors we quantiﬁed here to
cause the median pCO2(t) determined via Monte Carlo

resampling to be higher than if pCO2(t) were calculated
simply using Eq. (7) (i.e., with no errors). However, for
pCO2(t) > 1000 ppmv, removal of the increasing number
of invalid values (i.e., pCO2(t) < 0 or > 106) generated
during the Monte Carlo resampling caused a decrease in
the median pCO2(t) value. Although pCO2(t) < 0 or >106
can be calculated as a result of the hyperbolic function
used (Supplementary Fig. 3), we conclude that the eﬀect
of these invalid values on reconstructed pCO2(t) is small at
pCO2(t) < 1000 ppmv, and well within the errors quantiﬁed here.
3.3. Application to the Paleogene
We reconstruct atmospheric pCO2 from 63 to 52 Ma
using uncertainties listed in Table 2 and the d13Corg dataset
presented in Diefendorf et al. (2015) (Fig. 4). The reconstructed Paleogene pCO2 levels based on 75 data points
average 470 +288/147 ppmv, and are consistent with
other proxy estimates for this time period (Table 3). The
calculated pCO2(t) estimates assume d13Corg(t=0) = 25.1‰
at 270 ppmv (Holocene average pCO2 and d13Corg)
(Table 2). Uncertainty in d13Corg(t=0) is estimated as
±1.6‰, which represents the standard deviation of 479
d13C measurements made on a wide diversity of modern
leaves collected across 55°S to 70°N latitude, and includes
sites with MAP = 1–3700 mm/yr (Kohn, 2010). We
acknowledge, however, that inclusion of independent data
on MAP could be used to better constrain the value for
d13Corg(t=0) within this range (i.e., 1r range = 26.7‰ to
23.5‰), with wetter and drier sites approximating values
near the lower and higher ends of this range, respectively.
However, by using the global uncertainty value of ±1.6‰
observed in leaves today, our analysis makes no attempt
to include climate information in order to constrain the
value for d13Corg(t=0) further. As a result, the errors in
pCO2 calculated here reﬂect conservative estimates, and
provide opportunity for decreasing the errors in pCO2(t)
provided that the paleoenvironment in which the plants
grew can be constrained.
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Fig. 4. Reconstruction of pCO2(t) (red circles with black error bars)
for the Paleogene (52–63 Ma) using the C3 land plant proxy and
d13Corg(t) data from Diefendorf et al. (2015). All inputs and their
uncertainties for calculation of pCO2(t) are listed in Table 2. The
error bars on each calculated pCO2(t) value assume a lack of
knowledge of the paleoenvironment of the site (i.e., use 1r
uncertainty of 1.6‰ based on a global dataset of modern leaf
d13Corg values; Kohn, 2010). Note that the variability in reconstructed pCO2(t) for each time interval is small relative to the error
bars, consistent with little variability in d13Corg(t) within each time
interval. pCO2 reconstructions based on the data compilation of
Royer (2014) for three other proxies (gray symbols and error bars:
squares, stomata; diamonds, paleosols; triangles, liverworts) are
shown for comparison. pCO2(t) calculated using the C3 land plant
proxy indicates levels above the pre-industrial value of 270 ppmv
(dashed line). Average pCO2(t) data for each proxy within this
time interval are presented in Table 3. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the
web version of this article.)

pCO2 (t) (ppmv)

Fig. 3. Full error propagation showing the eﬀect of all the
uncertainties for the inputs listed in Table 2 on the error in pCO2
(t). Top: the positive and negative pCO2(t) error in ppmv; middle:
the positive and negative pCO2(t) error in percentage; bottom: the
percent of invalid pCO2(t) values (i.e., 0 > pCO2(t) > 106 ppmv)
generated during the 10,000 Monte Carlo resampling.

4. SENSITIVITY ANALYSIS OF INPUT ERRORS
Because this proxy analyzes the relative change in D13C
in response to a change in pCO2, quantifying pCO2(t)
requires knowledge of d13CCO2, d13Corg, and pCO2 for an
initial time period (t = 0), as well as data on d13Corg and
d13CCO2 at the time period of interest (t). Here we describe
how uncertainty in these ﬁve input parameters, each in isolation, aﬀects the error in pCO2(t) across pCO2(t) = 110 to
2000 ppmv.
4.1. Sensitivity analysis of pCO2(t=0)
The errors in pCO2(t=0) depend on the reference time
period used. Modern measurements of pCO2 have extremely low error from direct measurement of air (Keeling

et al., 2009), but these are limited to only the most recent
50 years; ice core records extend back 800,000 years while
maintaining low error (e.g., Holocene error = ±7 ppmv,
Kawamura et al., 2007); and various proxies can extend
the record back millions of years, but have signiﬁcantly
higher error (e.g., Neogene error is as low as 35 ppmv
for the alkenone and boron proxies; Royer, 2014). Because
the error in pCO2 is negligible when measured directly from
today’s atmosphere, we focus on comparison of the error in
pCO2(t) that results when using pCO2(t=0) data from ice
cores (±7 ppmv) versus Neogene proxy data (±35 ppmv),
as our low and high uncertainty scenarios (Fig. 5). For both
scenarios we set pCO2(t=0) = 270 ppmv (pre-industrial
value), but note that this is also similar to the median Neogene value determined from other proxies (i.e., 314 ppmv;
Royer, 2014). Because the error in pCO2(t) is a function of
pCO2(t=0), our use of a low pCO2 period for t = 0 results
in greater error in pCO2(t) than if a reference period with
higher pCO2 were chosen, especially for when investigating
periods with high pCO2(t).
As expected, the high pCO2(t=0) error scenario (i.e.,
±35 ppmv) yielded more error on pCO2(t) than the low
pCO2(t=0) error scenario (i.e., ±7 ppmv) across all pCO2(t)
values (Fig. 5). Errors in pCO2(t) increased with increasing
pCO2(t); however, the error in pCO2(t) increased at
a faster rate for the ±35 ppmv scenario than the ±7 ppmv
scenario, especially for the positive error (Fig. 5). For
pCO2(t) > 270 ppmv, the positive error is greater than the

Y. Cui, B.A. Schubert / Geochimica et Cosmochimica Acta 172 (2016) 127–138

133

Table 3
pCO2 estimates and their reported errors (Royer, 2014) for the Paleogene (52–63 Ma) compared with calculated values for the C3 plant proxy.
Paleogene
Proxy

Age range
(Ma)

Mean pCO2
(ppmv)

Mean negative
error in ppmv (%)

Mean positive error
in ppmv (%)

No. of pCO2
estimates

C3 plant proxy (this study)
Liverworts
Paleosols
Stomata

52–63
58.8
52–63
52–63

470
583
397
400

147 (31%)a
182 (31%)
173 (44%)
54 (14%)

288 (61%)a
235 (40%)
327 (82%)
79 (20%)

75
1
16
22

a

Determined from the Monte Carlo resampling (Fig. 4).

in pCO2(t) for two scenarios: ±0.1‰ and ±0.5‰. An uncertainty of ±0.1‰ corresponds with the uncertainty in
d13CCO2 value from ice core records for the Holocene
(Schmitt et al., 2012); an uncertainty of ±0.5‰ corresponds
to the uncertainty reported for the Cenozoic from a reconstruction based on benthic foraminifera (Tipple et al.,
2010). Error in d13CCO2 of ±0.2‰ assumed by Breecker
and Retallack (2014) for the paleosol carbonate pCO2
proxy falls within this range. We show the error analysis
for d13CCO2(t) speciﬁcally, but note that the error in
pCO2(t) is nearly identical (<0.4% diﬀerence across all
pCO2(t)) whether these errors are applied to d13CCO2(t=0)
or d13CCO2(t). For both scenarios, error increases with
increasing pCO2(t), both in terms of absolute values (i.e.,
ppmv) and percent error (Fig. 6), similar to what we
observed with the error in curve ﬁtting (Fig. 2) and error
in pCO2(t=0) (Fig. 5). The positive and negative errors in
pCO2(t) are similar to each other when using an uncertainty
of ±0.1‰, but for uncertainty of ±0.5‰ the positive error
is signiﬁcantly higher than the negative error, especially at
high pCO2(t) (Fig. 6). The ±0.1‰ scenario yields smaller
pCO2(t) error than the pCO2(t=0) uncertainty of ±7 ppmv
scenario, while the ±0.5‰ scenario yields slightly smaller
error than the ±35 ppmv scenario.

Error in pCO2 (t) (ppmv)

Positive Error
Negative Error
± 7 ppm
± 35 ppm

Positive % Error
Negative % Error

%Error in pCO2 (t)

± 7 ppm
± 35 ppm

pCO2 (t) (ppmv)

Fig. 5. Sensitivity analysis showing the eﬀect of uncertainty in
pCO2(t=0) on the errors in pCO2(t). Errors in pCO2(t) are shown for
pCO2(t=0) = 270 ± 7 ppmv (t = 0, Holocene, shaded triangles) and
pCO2(t=0) = 270 ± 35 ppmv (t = 0, Neogene, open triangles); all
other input uncertainties are kept at 0. Top: pCO2(t) error in ppmv;
bottom: pCO2(t) error in percentage.

negative error, consistent with expectations based on the
curved shape of proxy relationship, but this oﬀset is minimal (i.e., <3%) for the ±7 ppmv error scenario. The error
in pCO2(t) associated with the curve ﬁtting (Fig. 2) is in general higher than the error in pCO2(t) determined for the
±7 ppmv scenario, but lower than that determined using
the ±35 ppmv scenario (Fig. 5). This result demonstrates
the importance of minimizing the error in pCO2(t=0),
especially if pCO2(t) is expected to be high.
4.2. Sensitivity analysis of d13CCO2
Here, we assessed how the uncertainty in the d13CCO2
value used to calculate D(D13C) (Eq. (5)) aﬀected the error

4.3. Sensitivity analysis of d13Corg
A vast amount of d13Corg measurements have been produced from terrestrial plant tissue including bulk organic
matter (e.g., Matson et al., 2012), wood (e.g., Treydte
et al., 2007; Young et al., 2012), leaves (e.g., Graham
et al., 2014), and leaf waxes (e.g., n-alkanes) (e.g., Rieley
et al., 1991; Collister et al., 1994). Measurement error for
d13Corg is almost always better than 0.2‰ and commonly
better than 0.1‰ (e.g., Werner et al., 1999; King et al.,
2012) and an error of ±0.12‰ for soil d13Corg was used
in a recent analysis of the uncertainty in the paleosol carbonate pCO2 proxy (Breecker, 2013). We note that signiﬁcant changes in the measured d13Corg value can also result
from changes in precipitation (e.g., Stewart et al., 1995;
Kohn, 2010), plant communities (e.g., O’Leary, 1988;
Flanagan et al., 1997), pO2 (e.g., Berner et al., 2000;
Beerling et al., 2002; Tappert et al., 2013), and source inputs
(e.g., Walsh et al., 2008; Rebolledo et al., 2015), and thus
can aﬀect the accuracy of the reconstructed pCO2 value.
Similar eﬀects are commonly resolved in other pCO2
proxies by producing multiple reconstructed pCO2 values
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Positive Error
Negative Error

Error in pCO2 (t) (ppmv)

Error in pCO2 (t) (ppmv)

Positive Error
Negative Error

Positive % Error
Negative % Error

%Error in pCO2 (t)

%Error in pCO2 (t)

Positive % Error
Negative % Error

pCO2 (t) (ppmv)

pCO2 (t) (ppmv)

Fig. 6. Sensitivity analysis showing the eﬀect of uncertainty in
d13CCO2 on the errors in pCO2(t). Errors in pCO2(t) are shown for
d13CCO2(t) = ± 0.1‰ (shaded triangles) and d13CCO2(t) = ± 0.5‰
(open triangles); all other input uncertainty is kept at 0. The error
in pCO2(t) is applied here to the d13CCO2(t) term within Eq. (7), but
is nearly identical (<0.4% diﬀerence across all pCO2(t)) whether
this error is applied to d13CCO2(t=0) or d13CCO2(t). Top: pCO2(t)
error in ppmv; bottom: pCO2(t) error in percentage.

Fig. 7. Sensitivity analysis showing the eﬀect of uncertainty in
d13Corg on the errors in pCO2(t). Errors in pCO2(t) are shown for
d13Corg(t=0)=±0.1‰ (shaded triangles) and d13Corg(t=0)=±1.6‰
(open triangles); all other input uncertainty is kept at 0. The error
in pCO2(t) is applied here to the d13Corg(t = 0) term within Eq. (7),
but is nearly identical (<0.4% diﬀerence across all pCO2(t))
whether this error is applied to d13Corg(t=0) or d13Corg(t). Top: pCO2
(t) error in ppmv; bottom: pCO2(t) error in percentage.

for a given time period, with each reconstructed pCO2 value
having its own uncertainty (e.g., Cleveland et al., 2008;
Steinthorsdottir et al., 2011; Royer et al., 2014; Whiteside
et al., 2015). By producing a large number of values, consensus in the pCO2 value may be achieved (Beerling and
Royer, 2011), but the accuracy of such a proxy value is
impossible to verify for deep time applications. Instead,
workers often assess the accuracy of the proxies by
comparison with available ice core or modern pCO2 data
(e.g., Tripati et al., 2009; Franks et al., 2014; Schubert
and Jahren, 2015).
Leaves from modern C3 plants growing in equilibrium
with a well-mixed atmosphere show a large range of
d13Corg values (31.2‰ to 22.8‰, n = 479, Kohn,
2010). The standard deviation of this global dataset is
± 1.6‰ and represents a good estimate of the ± 1r uncertainty of d13Corg(t=0). A similar approach was used in a
recent error quantiﬁcation study on hydrogen isotopes by
Polissar and D’Andrea (2014). Use of this uncertainty value
assumes that the Holocene experienced similar variability in
d13Corg as modern plants and no information on plant type
or climate is known for the site. Here we present a sensitivity analysis in d13Corg(t=0) by comparing two end-member
scenarios for the uncertainty in pCO2(t): natural, environmental variability across diverse environments and plant

types (i.e., ±1.6‰) and uncertainty only associated with
measurement error (i.e., ±0.1‰). For both scenarios, error
increases with increasing pCO2(t), both in terms of absolute
values (i.e., ppmv) and percent error, but the higher
uncertainty scenario (i.e., ±1.6‰) results in a much faster
increase in uncertainty of pCO2(t) (Fig. 7). The positive
and negative errors in pCO2(t) are similar to each other
when using an uncertainty of ±0.1‰, but for uncertainty
of ±1.6‰ the positive error is >3 times higher than the
negative error, especially at high pCO2(t) (Fig. 7). This illustrates that without independent knowledge of environmental conditions at the site, uncertainty in d13Corg(t=0)
produces the largest error in pCO2(t) of any of the input
parameters. This suggests that improvement in the estimate
of d13Corg(t=0) is a useful target for reducing the uncertainty
in this proxy.
5. COMPARISON WITH OTHER PROXIES
We compare the error of our C3 land plant pCO2 proxy
to the errors of other proxies (e.g., fossil leaf stomatal
indices, boron isotopes, paleosol carbonates, liverworts,
alkenones, and stomatal ratio) across a wide range of
pCO2 (Fig. 8). The positive error of the C3 plant proxy
increases at a somewhat faster rate with increasing pCO2
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Fig. 8. Positive and negative errors of pCO2 proxies redrawn from
Fig. 3 within Royer (2014) plotted with the errors of the C3 land
plant proxy from this study. Errors in pCO2(t) are calculated using
the uncertainties shown in Table 2, but with error for d13Corg(t=0)
ranging from ±0.1‰ (measurement error) to ±1.6‰ (environmental error) (shaded region). Bold black line represents a second order
polynomial ﬁt through the error data if the d13Corg(t=0) error is
reduced to ±0.7‰.

than most other proxies at very high pCO2, and is
comparable to the liverworts-based proxy at pCO2 =
1000 ppmv). The negative error of the C3 plant proxy
increases more slowly with increasing pCO2 and follows
general trends observed in the other pCO2 proxies. If one
can independently constrain the plant functional type or
the climate, the error on pCO2(t) can be reduced signiﬁcantly (Fig. 8).
The right-skewed error of the C3 plant proxy is similar
to that observed for liverworts (Fletcher et al., 2008), stomata (Beerling et al., 2009) and paleosols (Royer 2014).
Unlike the paleosol carbonate pCO2 proxy, for which the
right skewed error can be minimized by choosing evenly
balanced soil CO2 mixtures (Breecker, 2013), the right skew
to the error in pCO2 is inherent to the C3 plant pCO2 proxy
because of the nonlinear curve ﬁtting function.
Typically, high-resolution pCO2 reconstructions are
limited to marine substrates. However, recent application
of the C3 land plant proxy towards reconstructing pCO2
across the last 30 kyr (Schubert and Jahren, 2015) demonstrated the potential for generating nearly continuous
records of pCO2 from terrestrial environments. The relatively low error determined here for this proxy (e.g.,
Fig. 4), especially at low to moderate pCO2, combined with
the large abundance of terrestrial organic matter throughout the fossil record, suggests great potential for generating
similar high-resolution pCO2 records across millions of
years of Earth history. Comparison of high-resolution
terrestrial and marine pCO2 records would help to validate
these reconstructions and provide necessary data for comparing to available high-resolution temperature records
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(e.g., high-resolution oxygen isotope records, Zachos
et al., 2001). The application of statistically robust uncertainty analyses to these reconstructions can improve our
understanding of uncertainty when evaluating Earth system
climate sensitivity (e.g., Royer et al., 2007).
6. IMPLICATIONS AND CONCLUSION
This study provides a rigorous statistical analysis of the
error in the C3 land plant pCO2 proxy using a Monte Carlo
resampling method. The errors in pCO2(t) increase with
increasing pCO2(t) and the positive errors are generally at
least as high as the negative errors for all scenarios
(Fig. 3), similar to several other pCO2 proxies (Fig. 8).
The percent errors we estimate for pCO2(t) during the
Paleogene (+61%/31%) are within the range of errors
determined from the other pCO2 proxies (+20% to +82%
and 14% to 44%) (Table 3). For time periods with large
changes in pO2 (e.g., the late Paleozoic, Berner, 2006), we
acknowledge the need to better quantify the eﬀect of pO2
on D13C in plants grown from seed to maturity across
multiple levels of pO2 spanning this range. In addition,
we point to better determination of the paleoenvironment
of a site as an opportunity to reduce the errors in pCO2(t)
presented here. Last, although calculated pCO2(t) values
show little variability within each time interval examined
here (Fig. 4), we acknowledge that use of large d13Corg(t)
datasets is desirable. For example, a recent analysis determined that by averaging 50 randomly selected paleosols
within each time slice, one could signiﬁcantly reduce the
uncertainty in paleosols-based pCO2 estimates (Breecker,
2013). The increasing availability of terrestrial d13C measurements from fossil organic matter, leaves, and speciﬁc
compounds (e.g., leaf waxes, cellulose) and the relatively
low errors for this proxy across a wide range of pCO2 suggests great potential for applying this proxy throughout
much of the fossil record of C3 land plants, when pCO2
may have remained <1000 ppmv (Franks et al., 2014).
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