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A B S T R A C T   

The Ginkgoales, including the ‘living fossil’ Ginkgo biloba, are an important group for stomata-based palaeo-pCO2 
reconstructions, with long evolutionary lineages and an extensive, abundant fossil record. The stomatal proxy for 
palaeo-pCO2 can improve our understanding of the exact relationship between pCO2 and temperatures – Earth’s 
climate sensitivity: a key measure of global warming by pCO2. However, pCO2 records from future climate an
alogues in the past, such as the mid-Miocene Climatic Optimum, seemingly underestimate pCO2 – climate models 
cannot simulate the past temperatures with the only moderately elevated pCO2 reconstructed by proxies. Either 
climate sensitivity must have been elevated, which has implications for future climate forecasts, or proxies 
underestimate pCO2 due to additional environmental factors. Here we tested whether climate conditions impact 
stomatal parameters and thus pCO2 reconstruction on a large global database of G. biloba leaves from all con
tinents except Antarctica, spanning 12 climate zones. We reconstructed ambient pCO2 using three stomatal proxy 
methods (stomatal ratio, transfer functions, Franks gas exchange model) and one stomata-independent isotope- 
based proxy for comparison (C3 proxy). We found that the stomatal proxy methods reconstructed ambient pCO2 
reasonably well and uniformly, but that the C3 proxy underestimated pCO2. All the investigated stomatal pa
rameters displayed an unexpectedly large variability, but no significant relationship with temperature, precip
itation, or seasonality. Based on these results, the stomatal proxy is not influenced by climate and specifically 
does not systematically underestimate pCO2 under high temperatures. Climate sensitivity was likely instead 
elevated during past global warming episodes, an urgent consideration in climate forecasts for our rapidly 
warming Earth.   

1. Introduction 

1.1. Looking at past climates to learn about the future 

Atmospheric carbon dioxide concentration (pCO2) has increased to 
50% above pre-industrial levels (~280 ppm), with pCO2 of 420 ppm 
measured at Mauna Loa for the first time in May 2021 (esrl.noaa.gov). 
Reducing uncertainties in future climate change forecasts is one of to
day’s most important scientific challenges, but many significant prob
lems are still unresolved. One of the most important is that the exact 
relationship between pCO2 and temperature – climate sensitivity – re
mains poorly constrained (Huber et al., 2014; Hausfather, 2018; 

Farnsworth et al., 2019; Bloch-Johnson et al., 2021). The concept of 
climate sensitivity is defined in various ways, depending e.g. on the time 
scales involved. Equilibrium climate sensitivity (ECS) is defined as the 
long-term temperature increase caused by a doubling of pCO2 after ‘fast’ 
feedbacks have fully set in, including changes in water vapour, cloud 
cover, snow and sea ice albedo, as well as perhaps smaller ice caps and 
glaciers (Hausfather, 2018). ECS is used for the ongoing Anthropogenic 
climate change, and evaluated at 3 ◦C as ‘best estimate’, with a ‘very 
likely’ range between 2 ◦C and 5 ◦C (IPCC, 2021), while some alternative 
climate sensitivity calibrations predict even larger increases in temper
atures (Knutti et al., 2017). Earth system sensitivity (ESS) is the term for 
climate sensitivity on even longer timescales (palaeo-climate 
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sensitivity), and includes both ‘fast’ and ‘slow’ feedbacks, such as 
changes in continental ice sheets, ocean circulation and in Earth’s sur
face properties through the re-distribution of vegetation cover (Royer 
et al., 2012; Knutti et al., 2017). ESS is generally considered to be 
elevated compared to ECS (Lunt et al., 2010; Royer et al., 2012; Hansen 
et al., 2013). While ESS is most often referred to when estimating 
paleo-climate change, ECS may also be appropriate to consider during 
transient, relatively short warming episodes in the past – hereafter, we 
use to the more general term of ‘climate sensitivity’. It has been sug
gested that one of the reasons behind the difficulty in constraining 
climate sensitivity is that it may be state-dependent (Royer et al., 2007; 
Caballero and Huber, 2013): i.e. the warmer the background climate, 
the greater the temperature response for a given rise in pCO2, in other 
words, the higher the climate sensitivity (Bloch-Johnson et al., 2021). 

More accurate quantification of climate sensitivity against various 
boundary conditions is a crucial challenge in the effort towards better 
understanding the climate of our near future Earth. Since there is no 
precedence in instrumental records for the present and forecasted future 
climate, climate scientists must look back into the geological past to 
study various “future climate analogues” – periods of increasing pCO2 
and global warming, to study the relationship between pCO2 and tem
perature, as well as feedbacks involved. The Cenozoic (~66–0 Ma) 
experienced several transient warm episodes with highly elevated 
temperatures and perturbations of the carbon cycle, superimposed on 
the dominant pattern of long-term cooling (Zachos et al., 2001; Cram
winckel et al., 2018; Westerhold et al., 2020). Three Cenozoic warm 
episodes are particularly important to study according to the IPCC. 
These are referred to as ‘Paleoclimate Reference Periods’ and include the 
early Eocene Climatic Optimum (EECO, ~50 Ma), when pCO2 was 
>1000 ppm and global mean temperatures were ~ 13 ◦C warmer than 
today (Caballero and Huber, 2013; Burke et al., 2018; Inglis et al., 
2020); the mid-Pliocene Warm Period (PWP, 3.3–3.0Ma), which expe
rienced what is lower than present day pCO2 (~400ppm), and global 
warming of 2–3 ◦C (Lunt et al., 2010; Pagani et al., 2010; Haywood 
et al., 2016; Burke et al., 2018), and the mid-Miocene Climatic Optimum 
(MCO, ~16.9–14.7 Ma) – included for the first time in the 6th Assess
ment Report. Significant differences in geography, flora and fauna 
relative to the modern day make the EECO an inappropriate future 
analogue. The PWP is much younger and more similar to modern Earth 
in myriad ways, yet the fact that PWP pCO2 has already been surpassed 
also renders it somewhat imperfect. PWP-like climate is predicted as 
early as 2030 (Burke et al., 2018) and may in fact be a near-future ‘best- 
case scenario’, prevailing only if emissions are drastically reduced 
immediately. This is possible only if societies meet the targets of the 
Paris Agreement to limit global warming to below 2 ◦C, which at present 
seems unlikely to succeed (Hausfather, 2018). Unmitigated greenhouse 
gas emissions move us quickly beyond the PWP state and pushes the 
Earth into a potentially vulnerable position where many tipping points 
of subsystems may be triggered, such as e.g. those of glaciers, sea ice, 
coral reefs, deserts, and forest biomes, which may disappear or become 
permanently destabilized (Schellnhuber et al., 2016). 

The Miocene (~23–5 Ma), and in particular the MCO, has recently 
been suggested as an appropriate ‘intermediate’ deep-time climate 
analogue (see Steinthorsdottir et al., 2021a for review). During the 
MCO, paleogeography and biota were reasonably similar-to-modern, 
but temperatures were in the upper range of predictions for 2100 
using the IPCC’s ‘Representative Carbon Pathways’ (RCP) at up to ~7–8 
◦C warmer than modern in mid-latitude regions. The MCO climate is 
thus an important case study for assessing and improving the predictive 
accuracy of numerical climate models – the same models that are used to 
simulate future climates. 

1.2. Proxies vs current understanding of climate sensitivity 

The marine and terrestrial palaeo-temperature records are consid
ered highly reliable (see e.g. Zachos et al., 2001; Cramwinckel et al., 

2018; Westerhold et al., 2020). However, a key research problem re
mains unresolved in relation to Cenozoic warm periods such as the 
Paleocene-Eocene Thermal Maximum (PETM), the EECO and the MCO, 
namely that proxies seemingly underestimate pCO2 relative to climate 
models. The moderate pCO2 recorded by proxies during these warm 
intervals cannot be reproduced with climate models. For example, most 
existing MCO pCO2 reconstructions record <450 ppm (i.e. similar to 
moderately higher pCO2 than modern) and at most ~550 ppm, even for 
the peak warmth of the MCO (e.g. Royer, 2003; Royer et al., 2001; 
Kürschner et al., 2008; Grein et al., 2013; Zhang et al., 2013; Greenop 
et al., 2014; Foster et al., 2017; Steinthorsdottir et al., 2021a¸ Stein
thorsdottir et al., 2021b). This has proved difficult to reconcile with 
models, as climate model simulation can only reproduce MCO temper
atures at ~800 ppm (Goldner et al., 2014), considerably higher than 
reconstructed pCO2. These observations lead to several alternative hy
potheses, the two most prominent being that either the climate system is 
more sensitive than we currently believe and relatively minor pCO2 
changes can drastically reshape Earth’s climate, or proxies underesti
mate pCO2 and it was in reality higher during the MCO (or possibly some 
combination of both). A third possibility is that proxies are accurately 
reconstructing pCO2, but the climate models currently in use are not 
adequately simulating pCO2-independent positive forcings, such as 
those caused by changes in ocean circulation, terrestrial albedo, as well 
as in cloud cover and aerosol load (Huber, 2013). Faced with the pros
pect that perhaps our future Earth may become much warmer than 
presently predicted, it is important to try to resolve this enigma. 

Modelling studies have repeatedly suggested that equilibrium 
climate sensitivity was elevated relative to modern during Cenozoic 
warm episodes such as the PETM (Shaffer et al., 2016; Inglis et al., 2020) 
and the EECO (Anagnostou et al., 2016; Cramwinckel et al., 2018; Inglis 
et al., 2020), but depressed during colder past periods, such as the Last 
Glacial Maximum (Inglis et al., 2020). The MCO is understudied in this 
respect, but displays similar temperature-pCO2 discrepancy as the other 
Cenozoic warm periods. On the other hand, recent re-evaluations of the 
marine boron (Sosdian et al., 2018) and alkenone (Stoll et al., 2019) 
pCO2 proxies reconstructed MCO pCO2 of ~800 ppm, bringing pCO2 in 
line with concentrations needed by climate models to reconstruct MCO 
temperatures; however, both proxy recalibrations need further testing 
(Steinthorsdottir et al., 2021a). Here we test another important paleo- 
pCO2 proxy, the stomatal proxy, to investigate whether it under- 
estimates pCO2 under certain conditions, such as under higher 
temperatures. 

1.3. Reconstructing palaeo-pCO2 with plants 

Land plants grow in direct contact with ambient atmospheric pCO2 
and are constantly involved in gas exchange with the atmosphere via 
their leaf stomata. This is in contrast to marine organisms, where the 
recording of any pCO2 signal must be filtered through multiple complex 
environmental parameters, such as the surrounding water’s tempera
ture, pH value and level of salinity, as well as the organisms’ growth rate 
and chemical composition (Foster et al., 2012; Anagnostou et al., 2016; 
Greenop et al., 2014; Sosdian et al., 2018; Stoll et al., 2019). One of the 
most widely used proxies for reconstructing pCO2 in the past is the 
stomatal proxy (Beerling and Royer, 2011; IPCC, 2021), which is prin
cipally rooted in the inverse relationship that exists between the density 
of stomata and pCO2 (Woodward, 1987; see Section 1.5 below for 
detail). Similarly to other proxies, the stomatal proxy as currently cali
brated often seemingly underestimates pCO2 in the Cenozoic (Beerling 
and Royer, 2002; Wang et al., 2015; Steinthorsdottir et al., 2016a, 
2016b; Steinthorsdottir et al., 2019a; Steinthorsdottir et al., 2021b). 
Plants in the orders Ginkgoales and Coniferales (ginkgos and conifers 
hereafter) radiated in the Mesozoic (252–66 Ma), when pCO2 was mostly 
~500–1000 ppm, with transient excursions >1500 ppm (Beerling and 
Royer, 2011; Steinthorsdottir et al., 2011; Franks et al., 2014; McElwain 
et al., 2016). As pCO2 decreased during the late Cretaceous and 
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Cenozoic, angiosperms (flowering plants) rapidly diversified to become 
the dominant land plants (Friis et al., 2011). Angiosperm fossil leaves 
are more common than ginkgo and conifer leaves in most Cenozoic – 
including Miocene – deposits, and have thus been used for the bulk of 
stomatal proxy pCO2 reconstructions. However, angiosperms consis
tently underestimate Cenozoic pCO2 (e.g. Kürschner et al., 2008; 
Haworth et al., 2010; Steinthorsdottir et al., 2016a; Steinthorsdottir 
et al., 2019b; Steinthorsdottir et al., 2021a), to the extent that a 
correction factor of 150–200 ppm has been suggested for the common 
Cenozoic fossil plant taxon Lauraceae at above ambient pCO2 based on 
inference models applied to herbarium and experimental datasets 
(Kürschner et al., 2008). In addition, it has repeatedly been shown that 
many living angiosperms have a ceiling of response (i.e., they no longer 
reduce their stomatal densities) to pCO2, which is sometimes as low as 
~350 ppm (Woodward, 1987; Beerling and Chaloner, 1993; Kürschner 
et al., 1996; Wagner et al., 1996). Because the stomatal proxy relies on 
the comparison between modern and fossil plant relatives, this response 
ceiling may limit the angiosperms’ potential to accurately reconstruct 
elevated palaeo-pCO2. The mechanisms behind this are not well un
derstood, but recently differences in physiological traits, leaf conduc
tance and photorespiration between angiosperms and gymnosperms 
have been suggested (Yoitis and McElwain, 2019; Hare and Lavergne, 
2021). Ginkgos and conifers, on the other hand, originated and evolved 
under hothouse, high-pCO2 conditions and many of their modern rela
tives seem to uphold the affinity for high pCO2. For example, rather than 
having a relatively low ceiling of response, some conifers respond to 
much higher pCO2 and some only begin reducing their stomatal den
sities in response to pCO2 at >400 ppm (Kouwenberg et al., 2003; 
Haworth et al., 2010), and G. biloba continues responding at >500 ppm 
(Beerling et al., 1998; Barclay and Wing, 2016; Yoitis and McElwain, 
2019). Ginkgo and conifer stomatal proxy pCO2 reconstructions from the 
Mesozoic are furthermore usually fully in line with coeval temperature 
reconstructions, chemical proxies, isotope records and geochemical 
modelling (e.g. McElwain et al., 1999; Haworth et al., 2005; Stein
thorsdottir et al., 2011, 2016b; Steinthorsdottir and Vajda, 2015; Wu 
et al., 2016; Mays et al., 2015; Slodownik et al., 2021). 

1.4. Ginkgo biloba: The “living fossil” 

Ginkgoales remain the most important group for stomata-based re
constructions of palaeo-pCO2, due to its long lineages and the exten
sively demonstrated stomatal response of G. biloba – the sole living 
representative of the previously much more diverse taxon (Fig. 1). As a 
group, Ginkgoales has shown a remarkable evolutionary and ecological 
stability, with close ginkgo relatives found abundantly in the fossil re
cord as far back as the Permian (~270 million years ago) (Royer et al., 
2003; Crane, 2013; Guan et al., 2016). Today G. biloba is dispersed 
globally, growing on all continents except for Antarctica, and has been 
used most often of any species as a nearest living equivalent for palaeo- 
pCO2 reconstruction using fossil ginkgos. However, in most previously 
published studies using G. biloba for this purpose, the number of speci
mens (leaves, trees) and geographical collection sites have been limited, 
most often to several leaves from fewer than ten trees at one or two 
sampling sites, or a small number of trees growing for short time spans in 
experimental chambers (Beerling et al., 1998; Chen et al., 2001; Retal
lack, 2001; Royer et al., 2001; Royer, 2003; Beerling et al., 2009; Barclay 
and Wing, 2016; Retallack and Conde, 2020). In order to refine the 
ginkgo stomatal proxy, it needs to be better understood whether addi
tional environmental factors, apart from pCO2, significantly affect sto
matal parameters of living – and therefore presumably the macro- and 
micro-morphologically near-identical fossil – ginkgos. Due to the hy
pothesis of heightened climate sensitivity and ecosystem responses 
under warmer conditions, we considered the effect of elevated temper
ature particularly pertinent to test. 

1.5. The stomatal proxy for palaeo-pCO2 reconstruction 

Stomata are small pores on leaf surfaces (Fig. 1), which are used for 
gas-exchange: CO2 is acquired for photosynthesis, and at the same time 
water vapour and oxygen are lost by diffusion. When a lot of CO2 is 
available in the atmosphere (pCO2 is high), most woody plants react by 
reducing the density of stomata on their leaves, to preserve water. This 
inverse relationship between pCO2 and stomatal density (SD = Nstomata/ 
mm2), or the now more commonly used stomatal index (SI (%) = Nsto

mata/(Nstomata + Nepidermal cells)), can consequently be used to reconstruct 
pCO2 in the past. The stomatal proxy was originally established based on 
empirical studies of herbarium leaves, showing that modern tree species 
have responded to the anthropogenic rise in pCO2 by reducing stomatal 
densities (Woodward, 1987). Since then, the inverse relationship has 
been confirmed in numerous experimental studies (e.g. Beerling et al., 
1998; Kürschner et al., 2008; Barclay and Wing, 2016; Hincke et al., 
2016) and the physiological mechanisms as well as signalling and ge
netic pathways involved have been identified (Gray et al., 2000; Lake 
et al., 2001; Frommer, 2010). The stomatal proxy has been successfully 
applied to a wide variety of plant taxa from disparate geological and 
ecological settings from the Palaeozoic (from ~350 million years ago) 
until today (see Foster et al., 2017 and McElwain and Steinthorsdottir, 
2017 for review). 

Three main methods are currently in use. Firstly, the simple empir
ical stomatal ratio method utilizes the ratios between stomatal densities 
of fossil leaves and their nearest living relatives or equivalents grown 
under known pCO2 to semi-quantitatively reconstruct palaeo-pCO2 
(McElwain, 1998). Secondly, the likewise empirical transfer function 
method (now sometimes referred to as the stomatal index method) uses 
herbarium and/or experimental datasets of responses to variations in 
pCO2 to construct regression curves on which fossil stomatal densities 
from nearest living relatives (ideally con-specific) can be plotted to infer 
palaeo-pCO2 (e.g. Kürschner et al., 2008; Barclay and Wing, 2016). 
Finally, the more recently developed mechanistic gas-exchange models 
are conceived to be more taxon-independent, but are still based on 
morphological and plant physiological measurements from closely 
related plants, as well as input of additional parameters, such as leaf 
δ13C (Franks et al., 2014; Royer et al., 2019; Konrad et al., 2017, 2020). 
All three methods thus rely on comparisons between fossil plants and 
their living relatives and, importantly, the records produced using these 
different methods largely agree with each other (see Franks et al., 2014; 
McElwain et al., 2016; Montañez et al., 2016; McElwain and Stein
thorsdottir, 2017; Steinthorsdottir et al., 2019a; Zhou et al., 2020; 
Steinthorsdottir et al., 2021b). Here we tested all three proxy methods – 
the stomatal ratio method, transfer functions and the Franks gas- 
exchange model, and additionally applied a stomata-independent 
method – the C3 proxy, which utilizes fossil plants’ stable carbon 
isotope discrimination (Δ13C) to reconstruct palaeo-pCO2 (Schubert and 
Jahren, 2012, 2015). This comparison is made to highlight the different 
approaches used to calculate palaeo pCO2 from terrestrial settings but 
we note that previously published studies have suggested only a very 
weak predictive relationship between pCO2 and Δ13C (Diefendorf et al., 
2015; Lomax et al., 2019; Stein et al., 2019; Schlanser et al., 2020; Stein 
et al., 2021). The C3 proxy has recently been updated to use δ13Cplant 
rather than Δ13C as the main predictor variable (Cui et al., 2020), but the 
underlying equations still rely on the modelled relationship between 
Δ13C and pCO2, and result in broadly similar pCO2 estimates (Cui et al., 
2020; Jardine and Lomax, 2021). 

1.6. Global vs local pCO2 

Almost all of the ginkgo trees studied here grow in urban or suburban 
settings around the world. We focused on obtaining leaves from trees 
growing in city parks or in suburban recreational areas, mostly avoiding 
street trees near city centres – however, the local pCO2 conditions need 
to be considered. Although pCO2 is usually indicated as a single value for 
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each year (in this case ~405–407 ppm for 2017–2018), based on the 
average measured in the pristine remote settings at Mauna Loa, there is 
considerable seasonal variation in pCO2. This variation is mostly linked 
to the role plants and other photosynthesizers play in the short-term 
carbon cycle, as well as a diurnal fluctuation, with highest pCO2 dur
ing the night and lowest during the day. In the Northern Hemisphere, 
where most carbon cycle activity takes place, monthly averaged pCO2 
peaks around May–June, falls ~6–7 ppm during the Northern Hemi
sphere growing season to minimum values around September–October, 
before rising again ~8–9 ppm during the winter season to the next 
spring maximum (see www.noaa.gov). The Southern Hemisphere pCO2 
cycle is less pronounced, and pCO2 is slightly lower than in the Northern 
Hemisphere, although only by a few ppm (Keeling et al., 2010; Tomi
zuka, 2013). 

Satellite pCO2 measurements frequently show highly elevated pCO2 
over densely populated areas in the Northern Hemisphere, but we 
cannot be confident that this satellite data reflects conditions on the 
ground due to difficulty of estimating the vertical profile of greenhouse 
gases from space and overall challenges with accuracy of satellite-based 
measurements (e.g. Yue et al., 2016). A more complicated picture 
emerges when considering pCO2 in the geographically patchy human- 
dominated urban and suburban environments. It has been shown that, 
in addition to the well-known urban heat island effect (first reported by 
Manley, 1958), cities are associated with pCO2 domes, with the highest 
pCO2 above the busiest part of the city centres (Idso et al., 1998, 2001). 
Urban pCO2 can temporarily be >100 ppm higher than the global 
average, although it is usually less elevated (Idso et al., 2002; George 
et al., 2007; Imasu and Tanabe, 2018; Xueref-Remy et al., 2018), and 
highly elevated pCO2 is often extremely localized (Soegaard and Møller- 
Jensen, 2003; Pigliautile et al., 2020). It has been shown that the urban 
domes’ primary source of CO2 is anthropogenic emissions, often with 
traffic as the largest single source, and that the dome is strongest on 
weekdays, on winter nights with little or no wind, in the presence of 
strong temperature inversions (see e.g. Haiduc and Beldean-Galea, 2011 
for review). CO2 fluxes are dependent on the cities’ density and struc
ture, as well as the continental topography with the associated meteo
rological features, such as wind direction and speed, atmospheric 
humidity, turbulence and thermal inversions (Turnbull et al., 2015; 
Xueref-Remy et al., 2018). Studies that recorded the average heightened 
urban pCO2 compared to rural or global background values over some 
months or years mostly reported average pCO2 of ~20–60 ppm higher at 
the urban sites, with shorter-term spikes in pCO2 and large variations 
(Gratani and Varone, 2005; Moriwaki et al., 2006; George et al., 2007; 
Imasu and Tanabe, 2018). 

The exploration of how climate influences both stomatal features and 
carbon isotope discrimination has been the subject of previous studies. 
For example, Sun et al. (2003) examined how climate effected stomatal 
characteristics (SD and SI) in G. biloba from three sites in China (Lanz
hou, Beijing, and Nanjing) and compared Δ13C values from these Chi
nese locations to data from London, UK. Whilst the authors showed 
minimal variation is SD and SI across the climate gradient, these dif
ferences were not tested for and how these factors influenced pCO2 
prediction was not considered. More recently Yan et al. (2017) sought to 
explore the relationship between stomatal parameters and climate 
through meta-analysis. Their data analysis suggested a complicated 
relationship between stomatal characteristics and climate. For example, 
they noted that elevated temperature increased abaxial SD and SI but 
did not influence adaxial SD or SI, which they reported as being at odds 
with some existing studies, e.g. Loveys et al. (2002), while consistent 
with others (Reddy et al., 1998; Luomala et al., 2005. The meta-analysis 
(Yan et al., 2017) combined both field and experimental data, and again 
did not consider how variation in stomatal parameters driven by climate 
may feed through to influence the accuracy and precision of stomatal 
based pCO2 proxies. 

Here, we use the Earth as a form of an experimental growth chamber 
to test the effects of environmental factors other than pCO2 on the 

stomatal parameters and other key traits of G. biloba grown in natural 
conditions (i.e. not in growth chambers) at approximately equal pCO2, 
but in a wide variety of climate regimes. These data are then used to 
assess how climate variables feed through to impinge on the utility of 
various methods to predict pCO2. When making pCO2 predictions from 
our global ginkgo database, we highlight that due to the complexity of 
determining local pCO2 as described above, we use the global average 
pCO2 for 2017 of 405 ppm as the minimum value. We note, however, 
that many of the trees growing in urban environments most likely 
experienced higher pCO2 conditions, and set the maximum average 
pCO2 to 450 ppm. 

2. Material and methods 

2.1. Leaf database and laboratory methods 

The full dataset comprises 667 G. biloba leaves derived from 141 
trees growing in 18 countries, on all continents except Antarctica, and 
across 12 climate zones using the Köppen climate classification scheme 
(Fig. 2, Tables S1 and S2). As far as we are aware, no G. biloba grow in 
group A: Tropical/megathermal climates, nor E: Polar climates, but the 
trees studied here represent group B: Dry climates (including Bwk: cold 
desert; BWh: hot desert; Bsh: hot semiarid; Bsk: continental semiarid/ 
steppe;), group C: Temperate/mesothermal climates (including Csa: 
Mediterranean, mild/hot summer; Cfa: warm temperate rainy or humid 
subtropical; Cfb: warm temperate, oceanic; Cwa: humid subtropical, 
monsoon; Cwb: temperate, monsoon) and group D: Continental/micro
thermal climates (including Dwa: continental mild/hot summer/ 
monsoon; Dfa: humid continental, hot summer; Dfb: humid continental, 
mild summer). Altitude ranges from 3 to 2470 m.a.s.l. (meters above sea 
level), the mean annual temperature of the sampling localities from 7.2 
to 25.5 ◦C, with maximum summer temperatures ranging 19.0 to 40.5 ◦C 
and minimum winter temperatures − 19.3 to 10.3 ◦C, while the total 
annual precipitation ranges from 119 to 2573 mm/year – classified as 
evenly distributed, summer wet, winter wet, or arid (Fig. S1 and Table 
S2). (See Fig. 2.) 

The leaves studied here all derive from trees that have been propa
gated and planted by humans, i.e. the trees may in many cases be 
growing outside their natural range. Ginkgo biloba is endemic to China, 
but only grows in the wild in fragmented populations in former glacial 
refugia in the Dalou Mountains, SW China (Tang et al., 2012). The 
largest subsets within the dataset come from China (75 trees) and 
Europe (37 trees). One tree, ‘Goethe’s ginkgo’ from Jena, Germany 
(JenT1), counts as two specimens, with five leaves from the male main 
tree (JenT1a), and five leaves from a female branch (JenT1b), that had 
been grafted onto the main tree. Leaf collection took place in 2017 and 
2018 and was “citizen scientist” assisted, with most leaves sent by mail 
to the Swedish Museum of natural History. The aim was retrieving five 
leaves from each tree, which was achieved for 113 trees (80% of the 
database, with five leaves each for specimens JenT1a and JenT1b). Four 
leaves were collected from each of 11 trees, three leaves from 13 trees 
and two leaves from four trees. To test for the impact of generating data 
from fewer than five leaves per tree, as well as the presence of four street 
or garden trees (as opposed to those growing in parks and recreation 
areas) in the dataset, we compared the distributions of the main 
measured parameters with and without these trees included. Since the 
overall distributions were highly similar, and Kolmogorov-Smirnov tests 
of equality of distributions indicated no significant differences (see Fig. 
S2 for plots of the distributions and Kolmogorov-Smirnov test results, all 
of which are not statistically significant), we have included all sampled 
trees in the analysis. To test variability within and between localities, as 
well as intra and inter tree variability, we included leaves from more 
than one tree per locality when possible, resulting in 11 localities rep
resented by two trees, 10 by three trees, five by four trees, five by five 
trees, and one locality each represented by six and seven trees (see Table 
S2). 
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All leaves were individually tagged with tree ID and leaf number, and 
sampled for carbon isotope analysis. The first subset of leaves (111) were 
photographed and weighed, in order to record leaf mass per area (LMA), 
as well as perimeter to determine shape factor and compactness, as 
previous studies have recorded changes to LMA and leaf shape relative 
to global climate and during past episodes of climate warming (Peppe 
et al., 2011; Bacon et al., 2013; Soh et al., 2017). However, an initial 
analysis yielded no discernible trends for these factors, and was not 
pursued further, but the data are provided in supplements for 
completeness (Tables S1 and S3). A rectangle of ~1 × 1 cm2 was cut out 
of the mid-lateral part of each leaf, using scissors, and these were then 
macerated in a 50/50 solution of glacial acetic acid (CH3COOH) and 
hydrogen peroxide (H2O2) in test tubes for several days on a hot plate at 
approximately 75 ◦C inside a fume hood. When all mesophyll was dis
solved, the upper and lower cuticles were separated in a petri dish 
containing distilled water using small brushes and dissection needles 
under a stereo microscope. The lower (abaxial – stomata bearing) cuticle 

samples were stained with a staining agent (Sudan IV) and mounted on 
permanent slides using Kaiser’s gel (glycerine gelatine). For one leaf per 
tree, the upper (adaxial – astomatous) cuticle was also stained and 
mounted following the procedure above. The leaf cuticle abaxial surface 
were photographed at 200× magnification using a Leica microscope 
with a mounted Leica camera (DF310 FX) and associated software (LAS 
v3.8) and all subsequent analyses were performed on the image data
base, using the public domain Java image processing program ImageJ 
(www.imagej.nih.gov). Five abaxial and one adaxial images per leaf 
were recorded, resulting in 3335 abaxial and 142 adaxial images. The 
images were annotated with grids, delimiting areas of 300 × 300 μm, 
and stomata as well as epidermal cells within each of on average five 
grids per leaf were counted. Pore length and guard cell width were 
measured on ten stomata per leaf. 

Fig. 1. Extant and fossil ginkgo leaves. To the left, living Ginkgo biloba growing outside the Swedish Museum of Natural History and fossil Ginkgo cordilobata leaves 
from the Lower Jurassic (ca. 200 million year ago) of Afghanistan (photo and collage: Sara Schesny). To the right, cuticle morphology of G. biloba, showing stomata 
and epidermal cells. Scalebar = 100 μm. (photo: Margret Steinthorsdottir). 

Fig. 2. A world map showing the distribution of Köppen vegetation-based climate zones and the ginkgo collection localities (white circles). Map produced using code 
and data downloaded from http://koeppen-geiger.vu-wien.ac.at/present.htm (Kottek et al., 2006; Rubel et al., 2017). (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.) 
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2.2. Data analysis 

2.2.1. Analytical tools and climate input data 
Data analysis was carried out using R v. 4.1.1. (R Core Team, 2021) 

with the packages mgcv v. 1.8–36 (Wood, 2017), ppcor v. 1.1 (Kim, 
2015), raster v. 3.4–13 (Hijmans, 2021), rasterVis v. 0.51.0 (Lamigueiro 
and Hijmans, 2021), rworldxtra v. 1.01 (South, 2012) and rgdal v. 
1.5–23 (Bivand et al., 2021). We used climate estimates from the CRU TS 
(Climatic Research Unit gridded Time Series) dataset v. 4.05 (Harris 
et al., 2020; available from the CEDA Archive https://archive.ceda.ac. 
uk, or https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.05/), which 
provides monthly climate data for the years 1901 to 2020 on 0.5 × 0.5◦

grids. From the CRU dataset we generated estimates for mean, minimum 
and maximum annual temperature, total annual precipitation (TAP), 
and mean annual vapour pressure deficit (VPD), for each sampled 
location and year. We calculated VPD using Eqs. 1, 6, 7, and 8 in Yuan 
et al. (2019), using the vapour pressure estimates in the CRU dataset 
along with the mean annual temperature (MAT) and elevation data for 
each locality. We estimated seasonal variability in the climate parame
ters via temperature annual range (maximum minus minimum annual 
temperature), temperature seasonality (standard deviation of monthly 
mean temperature) and precipitation seasonality (coefficient of varia
tion of monthly precipitation), which correspond with the WorldClim 
bioclimatic variables seasonality parameters (https://www.worldclim. 
org/data/bioclim.html). Mean, minimum, and maximum annual tem
perature are all positively correlated in our dataset (Fig. S1), and so we 
limited our analyses to MAT. Similarly, temperature annual range and 
seasonality are strongly positively correlated, and so we focused on 
temperature annual range as an indicator of seasonal variability. 

Due to the lack of reliable and accessible data on local pCO2 at the 
G. biloba collection sites (see Section 1.5), we catalogued the sites’ de
gree of urbanization according to population size, as a rough measure
ment of likely elevated pCO2 at the more urban sites. We compiled 
population size and density data for our sampled localities from internet 
resources (Table S2). Different countries use significantly different 
population categories; here we followed the basic definitions of towns 
and cities used by the World Bank, as well as the most commonly used 
regional definitions for the remaining categories. In addition to ana
lysing population size as a continuous variable, we binned the localities 
into the following classes: rural (no or very few inhabitants), village (< 5 
thousand inhabitants), town (≥ 5 thousand and < 50 thousand in
habitants), small city (≥ 50 thousand and < 2 million inhabitants), large 
city (≥ 2 million and < 10 million inhabitants), megacity (≥ 10 million 
inhabitants) (Table S2). 

2.2.2. Stomata- and leaf-based pCO2 reconstructions 
We use several sets of previously published G. biloba stomatal index- 

pCO2 pairs to reconstruct modern pCO2 in the stomatal ratio method, 
including those of Beerling et al. (1998), McElwain et al. (1999), and 
Royer (2003). We note that it has been recommended that early stomatal 
index results be viewed with caution, because that subsequent progress 
in data collection, including sampling design, imaging and counting 
methods may render them unreliable (Barclay and Wing, 2016). Two 
more recent studies which may be considered more reliable record 
stomatal index of 10–12% at 375 ppm (Xie et al., 2009) and 11.3% at 
390 ppm (Steinthorsdottir et al., 2011). The former study is based on 
>25 leaves from five localities in China, whereas the latter is based on 
100 leaves from one tree in Ireland. 

Considerable effort has been made over the last two decades to 
produce a reliable, universally applicable transfer function for G. biloba, 
using herbarium and/or experimental datasets. We tested all previously 
published transfer functions using our global ginkgo dataset (Beerling 
et al., 2002; Retallack, 2002; Royer, 2003; Wynn, 2003; Retallack, 2009; 
Barclay and Wing, 2016). We note again that Barclay and Wing (2016) 
recommended excluding older transfer functions due to progress in the 
field making them redundant, but since no transfer function so far has 

been able to reproduce highly elevated pCO2 convincingly, we consider 
that this is an ongoing effort. 

To estimate pCO2 using the Franks model, we used the Franks model 
v.2 R code provided in the supplementary material to Kowalczyk et al. 
(2018). We primarily focused on using the input parameters provided by 
Franks et al. (2014) for ginkgo, using δ13Cair = − 8.5, pCO2_0 = 400, A0 
= 5.9, CiCa0 = 0.57, gb = 2, s1 = 1, s2 = 1, s3 = 0.6, s4 = 0.2, s5 =
0.013, and fixed_A = “yes” because the A0 value given in Franks et al. 
(2014) was based on direct measurements from ginkgo trees. However, 
to provide a comparison and test the sensitivity of variations in the input 
parameters, we used alternative values for ginkgo provided by 
Kowalczyk et al. (2018), which differ in the present-day photosynthetic 
rate (parameter A0) and Ci/Ca value (parameter CiCa0), with A0 = 8.09 
and CiCa0 = 0.53. 

For the C3 model, we generated pCO2 estimates using both the 
original Δ13C-based version (Schubert and Jahren, 2012, 2015; Cui 
et al., 2020) and the updated δ13C version (Cui et al., 2020). In both 
cases we used the model parameters A = 28.26, B = 0.22 and C = 23.9, 
and used the Holocene baseline values of δ13Corg = − 25.0‰, δ13Cair =

− 6.4‰ and pCO2 = 270 ppm given in Cui et al. (2020) to reconstruct 
current ambient pCO2. 

For both the Franks model and the C3 model, 68% and 95% confi
dence intervals were generated by Monte Carlo resampling of the input 
parameters and their associated errors. In each case the confidence in
tervals were based on 10,000 resamples, with estimates under 0 ppm 
and above 106 ppm removed before the 2.5th, 16th, 84th and 97.5th 
percentiles of the distribution were calculated, along with the median 
(the 50th percentile) which provides the pCO2 estimate (Table S4). 

To compare the measured leaf parameters and pCO2 estimates 
against climate variables we used a combination of pairs plots, corre
lation tests, and additive model smoothers to assess linear or non-linear 
relationships between variables (Zuur et al., 2009). The additive models 
were estimated using restricted maximum likelihood (REML); because 
these were primarily used for data exploration formal model validation 
and selection was not carried out. 

3. Results 

3.1. Key parameters 

Across the dataset, the within-tree mean values for stomatal density 
(SD) ranges from 92.50 to 286.84 stomata/mm2 (mean 189.02, standard 
deviation 37.57, n = 142), while stomatal index (SI) within-tree means 
range from 6.56 to 12.86% (mean 9.27, standard deviation 1.41, n =
142). Within-tree mean stomatal guard cell width (GCW) ranges from 
4.33 to 7.79 μm (mean 5.92, standard deviation 0.65, n = 142), and the 
stomatal pore length (PL) within-tree means range from 8.16 to 13.37 
μm (mean 10.20, standard deviation 0.86, n = 142). δ13C ranges from 
− 31.25 to − 25.82‰ (mean − 28.47, standard deviation 1.25, n = 142). 
SD and SI are highly positively correlated (r = 0.70, p < 2.2 × 10− 16) 
with one another, and stomatal density shows a weak negative corre
lation with GCW (r = − 0.20, p = 0.02) and pore length (r = − 0.25, p =
0.003) (Fig. S3). None of the stomatal variables are obviously correlated 
with δ13C (Fig. S3). 

3.2. Testing variability in key parameters 

For the four stomatal parameters the among-tree standard deviation 
is typically higher than the within-tree standard deviation (i.e. there is 
more variability among trees than among leaves of the same tree) 
although for all parameters some trees in the dataset exceed the among- 
tree standard deviation (Fig. S4). The within-tree standard deviations of 
SD and SI are positively correlated but otherwise there are no obvious 
relationships among these variables (Fig. S5). For the seven localities 
with five or more sampled trees, the within-locality, among-tree stan
dard deviation varies from 34 to 138% of the dataset-wide among-tree 

M. Steinthorsdottir et al.                                                                                                                                                                                                                      

https://archive.ceda.ac.uk
https://archive.ceda.ac.uk
https://crudata.uea.ac.uk/cru/data/hrg/cru_ts_4.05/
https://www.worldclim.org/data/bioclim.html
https://www.worldclim.org/data/bioclim.html


Global and Planetary Change 211 (2022) 103786

7

standard deviation for δ13C, 45 to 95% of the among-tree standard de
viation for SD, 27 to 89% of the among-tree standard deviation for the 
SI, 9 to 73% of the among-tree standard deviation for GCW and 29 to 
115% of the among-tree standard deviation for PL (Fig. 3). Neither the 
Europe nor China geographic subsets show any systematic differences 
from the whole dataset parameter distributions (Fig. S6). Pairwise two- 
sample Kolmogorov-Smirnov tests only indicate one significant differ
ence between distributions at a Bonferroni-corrected α value of 0.05/3 
= 0.017, which is for GCW between the China and Europe subsets, and is 
probably linked to the bimodal distribution of GCW measurements in 
the European data (see Fig. S6 for statistical test results). 

3.3. Testing the influence of climate on stomatal parameters 

There is limited evidence for a climatic effect on the stomatal pa
rameters, with only weak positive or negative correlations between MAT 
or TAP and the tree means or standard deviations (Fig. 4, S3 and S5). 
δ13C correlates negatively with TAP (Spearman’s rho = − 0.55, p = 8.2 ×
10− 13) and MAT (Spearman’s rho = − 0.35, p = 1.9 × 10− 5), however, 
resulting in lower δ13C values in Köppen zone C relative to zones B and D 
(Fig. 4 and S7). The relationship between δ13C and TAP is consistent 
with that recorded in previous analyses (e.g. Kohn, 2010), and the 
weaker relationship between δ13C and MAT may just be a reflection of 
the positive correlation between TAP and MAT in this dataset. Consis
tent with this interpretation, a partial correlation test of MAT and δ13C 
while accounting for TAP does not support an independent correlation 
between these variables (Spearman’s rho = − 0.10, p = 0.24). There are 
no obvious relationships between the measured parameters and tem
perature or precipitation seasonal variation, or VPD (Figs. S3 and S5). 
Similarly, there are no clear relationships between the measured pa
rameters and population size, apart from trees from the two largest cities 
(Tokyo and Shanghai) being limited to more negative δ13C values (Fig. 
S8), which may be due to anthropogenic enrichment of the CO2 isotopic 
signature (Graven et al., 2020). 

Limiting the analysis to either the Europe (Fig. S9) or China (Fig. 
S10) geographic subsets produces similar results to the full dataset, 
although there are differences related to the climate space occupied for 
these samples and the impact this has on the measured parameters 
(particularly δ13C). The European data covers a narrower range of MAT 
(7.16 to 18.38 ◦C) and TAP (333.3 to 1128.2 mm/year) with a limited 
correlation between them (Fig. S9), while the China data extends over a 
broader climatic range (MAT 8.3 to 23.1 ◦C, TAP 160.2 to 1833.5 mm/ 
year) covering a gradient from cold, dry climates to warm, humid ones 
(Fig. S10). In both cases there is limited evidence for a relationship 
between stomatal parameters and climate, but in the China data there is 
a stronger, more linear relationship between δ13C, TAP and MAT relative 
to the full dataset (Figs. S10 and S11). 

3.4. Impact of leaf parameter variability on proxy-calibrated pCO2 

We have applied the four different proxy methods to our global 
ginkgo database to generate estimates of pCO2 (Table S4). This frame
work allows us to compare proxy predicted pCO2 to globally averaged 
pCO2 with a range in measured pCO2 to reflect issues linked to urbani
zation. Overall, we found that the different stomatal ratio calibrations 
produce a wide range of pCO2 estimates when applied to the ginkgo 
dataset, with each calibration generating values ranging over 250–350 
ppm and with median values that over- or underestimate ambient pCO2 
by up to 100 ppm (Fig. 5). The Royer (2003) ratio produces the value 
most reflective of modern pCO2 at ~400 ppm. Results using the ratios in 
Xie et al. (2009) and Steinthorsdottir et al. (2011) show elevated pCO2 of 
~490–500 ppm, which is outside of the range considered ambient here. 
Calculating the overall median of the stomatal ratio pCO2 estimates 
gives a value of 428 ppm, which is in good agreement with current 
ambient pCO2. We note that here we are testing our global dataset’s 
Ginkgo biloba SI against previously published SI also deriving from 

modern ginkgos, not evaluating how well the stomatal ratio method 
reconstructs palaeo-pCO2 using fossil ginkgos. 

The median estimates produced by the transfer functions almost 
uniformly underestimate ambient pCO2 by ~50–100 ppm, in particular 
when noting the prevailing higher urban pCO2 of up to ~450 ppm 
(Fig. 6). The range of pCO2 estimates produced by each transfer function 
covers ~400 to >1000 ppm. Again, we are testing transfer functions 
based on modern ginkgo SI dataset against each other and not com
menting on their usefulness in reconstructing palaeo-pCO2 with fossil 
ginkgos, although we note with interest that the large majority of the 
transfer functions underestimate modern pCO2. 

The Franks model using the input parameters from Franks et al. 
(2014) converges quite well on ambient pCO2 in terms of the median 
estimated value and the interquartile interval (lower quartile 365 ppm, 
median 402 ppm, upper quartile 456 ppm), but nevertheless produces a 
tail of higher values that extends to 626 ppm (Fig. 7). Using the input 
parameters from Kowalczyk et al. (2018) reduces the median estimate 
by ~60 ppm. 95% confidence intervals on the individual sample esti
mates vary in size, but mostly are limited to the interval 250–700 ppm. 
In some cases, however, the confidence intervals are strongly right- 
skewed and extend to over 1000 ppm (Fig. 7). Considering that most 
trees grew in elevated pCO2 conditions of up to ~450 ppm, the model 
somewhat underestimates pCO2. 

The C3 proxy, in both its Δ13C and δ13C iterations, generates pCO2 
estimates that for the most part underestimate ambient pCO2 (lower 
quartile 304 ppm, median 352 ppm, upper quartile 434 ppm), but with a 
long right tail of higher values that extend to 711 ppm (Fig. 8). The 95% 
confidence intervals on the individual samples are wide and, in many 
cases, extend to over 1000 ppm, with a maximum upper confidence limit 
of 3481 ppm (Fig. 8). 

3.5. Testing the influence of climate on reconstructed pCO2 

The relationships between the measured leaf parameters (i.e. sto
matal measurements, δ13C) and the climatic variables feed through to 
the relationships between the pCO2 proxy estimates and climate. The 
stomatal ratio and transfer function pCO2 estimates are based on the 
stomatal index and as such show no clear relationship with temperature 
or precipitation (Figs. 9 and 10). The pCO2 estimates from both the 
Franks model and the C3 proxy are positively correlated to some extent 
with TAP and MAT because of the inclusion of δ13C in both proxies 
(Figs. 9, 10 and S3), resulting in higher pCO2 estimates in Köppen zone C 
versus zones B and D (Fig. 9 and S12). The effect of climate is most clear 
in the C3 proxy, where both the mean and the variance of the pCO2 es
timates increase with TAP (Spearman’s rho = 0.55, p = 8.28 × 10− 13) 
and to a lesser extent with MAT (Spearman’s rho = 0.35, p = 2.02 ×
10− 5). In the case of the Franks model, the relationship with the climate 
parameters is weaker (for TAP, Spearman’s rho = 0.35, p = 2.29 × 10− 5; 
for MAT, Spearman’s rho = 0.29, p = 4.96 × 10− 4). This is likely due to 
the inclusion of stomatal parameters in the Franks model (Fig. 11), 
which for the most part vary randomly with respect to the climatic 
variables (Fig. 4). This diffuses the control of precipitation acting 
through δ13C. As with the underlying measured parameters, there are no 
clear relationships between the pCO2 proxy estimates and the popula
tion size of the sampled localities (Fig. S13), apart from the more 
negative δ13C values in Shanghai and Tokyo propagating through to 
generally higher pCO2 estimates for these cities. 

When considering the pCO2 estimates for Europe and China 
geographic subsets separately, patterns emerge that mirror those of the 
underlying measured parameters (Figs. S9, S10 and S14). While the 
stomatal ratio and transfer function approaches, which are based solely 
on the stomatal index, show no relationship with climate in either 
subset, the Franks and C3 proxies, which incorporate δ13C, both show a 
relationship with MAT and TAP in the China subset that is stronger than 
in the dataset as a whole, but no clear relationship in the Europe subset 
(Fig. S14). 
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4. Discussion 

The most important findings emerging from the data analysis are: i) 
that overall all the three stomatal proxy methods record pCO2 reason
ably well and similarly to each other; ii) that climate parameters, such as 
MAT and TAP, do not significantly influence stomata-based pCO2 re
constructions; iii) and that there is a very large variability in all leaf 
traits, both within-tree, among-tree and within- and among localities. 
The main tested hypothesis that trees growing in warmer temperatures 
have higher leaf stomatal densities (and therefore record lower pCO2) 
was rejected. The results support the assumption that stomatal param
eters are principally controlled by pCO2 and not influenced by climate 
(in contrast to the correlation between moisture availability and δ13C, 
affecting gas exchange models – see Section 4.1 below), further 
strengthening the robustness of the stomatal proxy for palaeo-pCO2 
reconstruction. 

An important question is whether the variability observed from this 
large database of G. biloba leaves is natural or driven by some complex 
combination of environmental parameters not included in our data 
analysis. One possibility is that since most of the trees grow in urban and 
suburban environments, they might experience highly fluctuating pCO2 
which may ‘confuse’ the new leaves as they emerge. The best way to test 
this is to collect and analyze in the same manner G. biloba leaves from 
trees growing naturally in the wild in rural China, which is beyond the 
scope of this project. The unexpectedly large variation in key traits needs 
to be further tested, however, and considered when designing future 
palaeo-pCO2 reconstruction studies. Building and testing large global 
databases of additional taxa important to palaeo-pCO2 records, such as 
e.g. oaks, birches and conifers, would help answer the question ‘what is 
the normal range of variability in key traits of a tree?’ 

4.1. Proxies in relation to climatic variability and implications for use 

The results presented here show that higher temperatures do not 
downwardly bias plant-based pCO2 proxies. The stomatal parameters 
show only weak and non-significant relationships with climate, which 
means that both the stomatal ratio and transfer function proxies, which 
solely rely on the stomatal index, can be used across intervals of climatic 
change without biases being imposed. However, the relationship be
tween δ13C and the climatic variables means that this effect needs to be 
considered when using the Franks and C3 models to reconstruct palaeo- 
pCO2. The relationship between δ13C and TAP demonstrated by our data 
(Fig. 4) is consistent with previous studies (e.g. Kohn, 2010); the weaker 
relationship with MAT is likely to be because of the correlation between 
MAT and TAP in our data (Figs. S1 and 3). This is supported when 
considering geographic subsets of our data: in the European subset, 
where the correlation between MAT and TAP is weaker, there is no 
consistent relationship between δ13C and MAT, whereas in the China 
subset, where the correlation between MAT and TAP is stronger, the 
strength of the relationship between δ13C and MAT, and δ13C and TAP, is 
similar (Figs. S9 and S10). 

The impact of precipitation on the C3 proxy is relatively stronger 
because this is entirely based on variations in δ13C; moisture availability 
effects therefore propagate straight through to the pCO2 estimates. In the 
Franks model, the impact of precipitation is more diffuse: while δ13C 
variations have a close relationship with the pCO2 estimates, the inclu
sion of stomatal density, guard cell width and pore length in the model 
dampens the effect of moisture variability. The impact of δ13C variations 
on pCO2 estimates in these two proxies is also demonstrated in the two 

(caption on next column) 

Fig. 3. Within-locality variability of parameter values (left) relative to entire 
dataset distributions (right, showing kernel density estimates). Each data point 
in the stripcharts represents one tree in each of the localities with five or more 
trees (Shi = Shihezi, Gua = Guangzhou, Xia = Xi’an, Wuh = Wuhan, Jin =
Jinzhou, Jia = Jiangle, Bei = Beijing). 
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Fig. 4. Measured parameter values plotted against climate. Dashed blue lines show fitted additive model smoothers. Köppen zones included are B: Dry climates, C: 
Temperate/mesothermal climates and D: Continental/microthermal climates. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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geographic subsets, with a narrower precipitation gradient and weaker 
relationship between precipitation and δ13C in the European subset 
resulting in little or no influence of precipitation on the Franks and C3 
pCO2 estimates, while in the China subset the approximately linear 
relationship between TAP and δ13C results in a stronger imprint of TAP 
on estimated pCO2 (Fig. S14). 

The impact of variations in moisture availability on these proxies 
therefore needs to be considered when working on fossil material that 
extends over temporal or spatial gradients that encompass substantial 
climatic changes. However, working with taxonomically identified plant 
specimens may alleviate some of these issues because larger climatic 
changes are likely to force changes in plant composition, whereas if the 
composition remains relatively stable, and the same taxa are present 
throughout a sequence, it is more likely that any changes in moisture 
availability were more limited. This would however need to be 
confirmed with evidence from the depositional sedimentary context and 
ideally with independent climate proxies. Variations in moisture avail
ability are likely to be more of a problem when the C3 proxy is applied to 
sedimentary organic carbon which is derived from plants but without 
any clear taxonomic constraints (e.g. Schubert and Jahren, 2015; Cui 
et al., 2020); in these cases, changes in vegetation community compo
sition cannot be used to infer environmental stability or change, and 

independent climatic information becomes more important. 

4.2. δ13Cplant and δ13Cair: Influence on pCO2 reconstructions 

Within our global dataset, there is wide variation in δ13Cplant, which 
is linked to variations in local climate, principally precipitation (Fig. 4). 
This variability then feeds through to influence Δ13C providing a mea
sure of plant water use efficiency (WUE). In our database calculations of 
Δ13C have been achieved by using a constant value of δ13Cair (− 8.5‰). 
Over geological time, perturbations of the carbon cycle are recognised 
via changes in the carbon isotopes of measured substrates (δ13Corg and 
δ13Ccarb) as a reflection of a change in the isotopic composition of at
mospheric pCO2. This pattern (a negative carbon isotope excursion) has 
also been observed within the timeframe of the anthropogenic pertur
bation of the long-term carbon cycle. Applying either the C3 or the 
Franks model to predict pCO2 through carbon cycle perturbations when 
there is both a change in atmospheric CO2 concentration and a change in 
the isotopic signature of the substrate is likely to introduce unaccounted 
for error in the predictions, because a component of the pCO2 estimate 
will be linked to the isotopic signature of the air. Consequently, the 
unpicking of how changes in δ13Cair influence δ13Cplant when there is a 
change in pCO2 may provide greater clarity on proxy/model inter- 
comparisons. This issue is likely to be less impactful however when 
using the Franks model, as the stomatal parameters required in the 
model are likely to dampen the isotopic effect. 

4.3. Variability and implications for sampling 

Plants are phenotypically variable, and our ginkgo results demon
strate this variability both within and among trees and localities. Within- 
tree and within-locality variability is in many cases as substantial as 
among-tree variability (Fig. 3 and S4), and as noted above, most of the 
among-locality variability in the stomatal parameters is unexplained by 
climate, leading to a substantial amount of stochastic variation in these 
morphological traits. This has implications both in terms of sufficient 
sampling from extant plants for calibrating proxies, and for applying 
those proxies in the fossil record. The range of calibrations and input 
parameters that have been published for the different proxies is in part 
due to variations in sampling methods (e.g. updated stomatal and 
epidermal cell counting protocols in Barclay and Wing, 2016), but also 
because of the natural phenotypic variability that we have demonstrated 
here. Sufficient sampling is therefore important to gain representative 

Fig. 5. pCO2 estimates for different stomatal ratio calibrations. Shaded zone 
shows the 405 to 450 ppm interval (see Section 1.6 for details). 

Fig. 6. pCO2 estimates for different published transfer functions. Y axis is limited to 1500 ppm, excluding one anomalous value of 4141.6 ppm produced by the Royer 
et al. (2001) transfer function. Shaded zone shows the 405 to 450 ppm interval (see Section 1.6 for details). 
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measurements. 
For the stomatal ratio proxy this will involve collecting a sufficient 

number of leaves from a sufficient number of trees to gain a stable 
measure of the stomatal index at ambient pCO2; we suggest that future 
implementations of this method with ginkgo fossils use the values from 
the global scale dataset presented here (SI mean = 9.28%, standard 
deviation = 1.60%, at 405–407 ppm global average pCO2 during time of 
leaf collection). For transfer functions this will involve sufficiently dense 
sampling from across pCO2 gradients to constrain the nonlinear func
tions used, with measurements at each individual time slice or pCO2 
level being just one realization of a wider distribution with potentially 
high variance. The Franks model relies on estimates of photosynthetic 
rate and Ci/Ca, and while the values given in Franks et al. (2014) 
converge on current ambient pCO2 quite well, those given in Kowalczyk 
et al. (2018) reduce the estimates by ~60 ppm. Again, taking mea
surements from a sufficient number of trees is clearly necessary to gain a 
stable estimate to accurately reconstruct pCO2 in fossil settings. We note 

that, in contrast to the stomatal ratio and transfer function approach, 
this more taxon-independent mechanistic gas-exchange model can be 
applied to fossil ginkgos, using measurements from modern Ginkgo 
biloba. Our results indicate that model should be used with the original 
input parameters and that the Franks model will reproduce palaeo-pCO2 
using fossil ginkgos well. 

Careful consideration of sufficient sampling therefore needs to be 
built into study designs, with the awareness that how much sampling is 
sufficient is likely to vary according to taxon, the parameter being 
measured and possibly ambient growth conditions. Global scale datasets 
for other taxa, to help determine what is ‘normal’ for these, are also 
recommended, as well as dedicated sampling within and among trees 
within one locality, to better understand how trait variability is parti
tioned and how this variability is represented in fossil deposits, as well as 
how sampling should be focused in extant and fossil studies. For studies 
in the fossil record, where sampling extent is often constrained by 
outcrop and material availability, multi-taxon, multi-method palaeo- 

Fig. 7. pCO2 estimates from the Franks model, using the input values provided by Franks et al. (2014) and Kowalczyk et al. (2018). Shaded zone shows the 405 to 
450 ppm interval (see Section 1.6 for details). Right hand graph shows the estimates from the Franks et al. (2014) values plotted against total annual precipitation, 
with 95% confidence intervals derived from Monte Carlo resampling. 

Fig. 8. pCO2 estimates from the C3 proxy, using both the Δ13C-based version (Schubert and Jahren, 2012, 2015; Cui et al., 2020) and the δ13C-based version (Cui 
et al., 2020). Shaded zone shows the 405 to 450 ppm interval (see Section 1.6 for details). Right hand graph shows the estimates from the Δ13C-based proxy plotted 
against total annual precipitation, with 95% confidence intervals derived from Monte Carlo resampling. 
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Fig. 9. pCO2 estimates from the four proxies plotted against climatic parameters. The stomatal ratio estimates are from the Royer (2003) calibration, the transfer 
function estimates are from the Barclay and Wing (2016) function, the Franks model estimates use the Franks et al. (2014) input parameters, and the C3 model 
estimates are from the Δ13C-based version. Dashed blue lines are fitted additive model smoothers. 
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pCO2 reconstructions (e.g. Steinthorsdottir et al., 2021b) are likely to be 
beneficial to help average out the natural variation encompassed in 
measurements and calibrations. 

4.4. Potential implications for Earth’s climate sensitivity and future 
warming 

The results presented here show that the stomatal proxy methods 
recorded global average pCO2 reasonably well and in broad agreement 
with one another, with no consistent influence of climate on stomatal 
parameters that leads to either systematic under- or over-estimation of 
reconstructed pCO2. Assuming that this was also the case in the past, 
stomatal proxies are correctly recording pCO2 and climate sensitivity 
was instead significantly elevated during MCO and other Cenozoic warm 
episodes, leading to highly elevated temperatures at moderate pCO2. 
Elevated climate sensitivity in the Cenozoic, especially during warmer 
relative to colder intervals, has repeatedly been suggested, based on 
simulations and comparisons to proxy records (e.g. Goldner et al., 2014; 
Anagnostou et al., 2016; Shaffer et al., 2016; Wolfe et al., 2017; 

Cramwinckel et al., 2018; Steinthorsdottir et al., 2019b; Inglis et al., 
2020). Modern climate sensitivity may be in a relatively depressed state 
in the context of the geological record, due to low rate of feedbacks 
owing to the low pCO2 baseline, presence of ice sheets and the relatively 
small ocean area in the modern geographical configuration (Farnsworth 
et al., 2019). The climate system today is likely out of equilibrium with 
radiative forcing due to the fast pace of emissions (von der Heydt et al., 
2016), emphasizing the importance of state dependence for climate 
sensitivity. Strong evidence thus suggests that climate sensitivity in
creases under high pCO2 conditions, due to the feedback temperature 
dependency and is not same for different baseline pCO2 (Shaffer et al., 
2016; Bloch-Johnson et al., 2015a; 2021; Wong et al., 2021). Some 
climate system models suggest that climate sensitivity increases with 
MAT, driven in particular by a combination of water vapour and cloud 
feedback, despite loss of albedo (Caballero and Huber, 2013; Popp et al., 
2016; Bloch-Johnson et al., 2021), although other factors such as 
changes in solar luminosity, paleogeography and ocean circulation may 
also play a significant role (von der Heydt et al., 2016; Farnsworth et al., 
2019). Greater climate sensitivity may then amplify the ongoing 

Fig. 10. Pairs plot showing the relationship between the pCO2 proxy estimates and climate. The calibrations and parameters used for each proxy are the same as in 
Fig. 9. Red lines show loess smoothers, the histograms along the diagonal show the distribution of each set of values, and the lower half of the figure gives correlation 
coefficients (Pearson’s r) for each pair of proxy estimates or climate variables. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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warming – the more the climate warms, the more it needs to warm to 
balance a further increase in pCO2, because the system becomes less 
effective at rebalancing energy flows with increased warming (Bloch-
Johnson et al., 2015b; 2021). Given that the plethora of MCO and other 
Cenozoic warm episode proxy records record moderately elevated pCO2 
during intervals of highly elevated temperatures (see Section 1.1), and 
the evidence presented here that living (and presumably fossil) plants do 
not underestimate pCO2 under these conditions, the hypothesis of 
elevated climate sensitivity under elevated temperatures is supported. 
With no signs yet of decreasing global emissions, we are fast 
approaching predicted MCO-level pCO2. It is therefore urgent to 
improve our knowledge of the Earth system’s climate sensitivity, in 
order to understand whether relatively moderate, near-modern levels of 
pCO2 may result in a devastating temperature increase sooner than 
presently predicted. 

5. Conclusions 

Past episodes of rapid climate change from the Cenozoic are the best 

future climate analogues, since the present warming is unprecedented in 
instrumental records. However, reconstructed pCO2 is too low during 
some of these episodes to reproduce in climate models the temperatures 
observed. Either climate sensitivity was elevated in the past, models are 
currently missing important positive forcings, or proxies underestimate 
pCO2 due to additional environmental factors. Here we tested the impact 
of climate on the stomatal proxy for pCO2 reconstruction. We used a 
large global leaf database of the important proxy species G. biloba, 
comparing reconstructions based on three stomatal proxy methods and 
the C3 proxy. Data analysis suggests that neither high temperatures nor 
other climate parameters result in significant underpredictions of pCO2 
using the stomatal proxy, but that natural variability in key traits is very 
high. The lack of climatic control on stomatal parameters strengthens 
the reliability of the stomatal proxy for pCO2 reconstructions and sug
gests that climate sensitivity was elevated during warm episodes in the 
Cenozoic. 

Fig. 11. Pairs plot showing the relationship between the Franks model pCO2 estimates and the measured input parameters. See Fig. 10 caption for an explanation of 
the plot. 
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Geiger climate classification updated. Meteorol. Z. 15, 259–263. https://doi.org/ 
10.1127/0941-2948/2006/0130. 

Kouwenberg, L.R., McElwain, J.C., Kürschner, W.M., Wagner, F., Beerling, D.J., Mayle, F. 
E., Visscher, H., 2003. Stomatal frequency adjustment of four conifer species to 
historical changes in atmospheric CO2. Am. J. Bot. 90, 610–619. 

Kowalczyk, J.B., Royer, D.L., Miller, I.M., Anderson, C.W., Beerling, D.J., Franks, P.J., 
et al., 2018. Multiple proxy estimates of atmospheric CO2 from an early Paleocene 
rainforest. Paleoceanogr. Paleoclimatol. 33, 1427–1438. https://doi.org/10.1029/ 
2018PA003356. 

Kürschner, W.M., van der Burgh, J., Visscher, H., Dilcher, D., 1996. Oakleaves as 
biosensors of late Neogene and early Pleistocene paleoatmosperic CO2 
concentrations. Mar. Micropaleontol. 27, 213–299. 
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