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A B S T R A C T

In this paper, correlation between modern leaf physiognomy and climate in China are examined, to optimize the
use of leaf characters as a palaeoclimate proxy. A large dataset was compiled, recording the distribution of leaf
physiognomic characters among 3166 native dicot trees species across 732 calibration grids on a county level.
Grids span a range of ecological environments (tropical rainforests to alpine shrubs) across humid areas.
Thirteen climatic parameters were included for each grid and 22 leaf physiognomic characters were scored for
each tree species. The correlation between leaf physiognomic characters and climatic parameters were calcu-
lated based on single linear regressions (SLR) and multiple linear regressions (MLR). Results indicate clear
spatial distribution patterns, linked to latitude, exist for all leaf characters, with temperature (Coldest Month
Mean Temperature, CMMT) and precipitation (Growing Season Precipitation, GSP) being the main climate
controls. Moreover, because leaf characters are more closely correlated with Precipitation during the Three
Wettest Consecutive Months (P3WET), rather than with Precipitation during the Three Driest Consecutive
Months (P3DRY), seasonal variations in rainfall associated with the Asian Monsoon might especially influence
leaf physiognomic characters. Closer correlations between leaf physiognomy and climate are seen using MLR
compared with SLR; therefore Mean Annual Temperature (MAT) and Mean Annual Precipitation (MAP) based on
MLR equations provide the most promising basis for palaeoclimate reconstructions in China.

1. Introduction

Morphological characteristics of plants reflect functional adapta-
tions that contribute to the optimization of physiological and ecological
processes, thereby making them sensitive indicators of local climate.
Leaf physiognomic characters of woody dicotyledons have been shown
to have a strong correlation with climate in the majority of regions
across the world (Bailey and Sinnott, 1915, 1916; Givnish, 1984; Wolfe,
1993; Wilf, 1997; Jacobs, 1999; Traiser et al., 2005; Royer and Wilf,
2006; Peppe et al., 2011; Yang et al., 2015; Wright et al., 2017). This
leaf physiognomy-climate correlation has therefore been extensively
used by palaeobotanists to develop proxies for reconstructing palaeo-
climate (Wing and Greenwood, 1993; Wolfe, 1993; Kovach and Spicer,
1996; Wilf, 1997; Jacobs, 2002; Kowalski and Dilcher, 2003; Traiser
et al., 2007; Peppe et al., 2011; Kennedy et al., 2014; Spicer et al.,
2017).

Bailey and Sinnott (1915, 1916) initially suggested leaf

physiognomy-climate correlations could be used to estimate palaeocli-
mate after recording a decline in the percentage of a flora with un-
toothed leaf margins correlating to a decline in temperature (with in-
creasing latitude). Subsequently, palaeobotanists found that leaf
physiognomic characters of modern dicot trees have a strong correla-
tion with climate on regional, continental and global scales (Wolfe,
1979; Wing and Greenwood, 1993; Wilf et al., 1998; Jacobs, 1999;
Gregory-Wodzicki, 2000; Greenwood et al., 2004; Traiser et al., 2005;
Peppe et al., 2011; Yang et al., 2015; Wright et al., 2017). A large
number of correlations have been proposed and widely used to quali-
tatively reconstruct palaeoclimate from Cretaceous to Cenozoic floras
(Wolfe, 1979; Wing and Greenwood, 1993; Wilf et al., 1998; Jacobs,
1999; Gregory-Wodzicki, 2000; Greenwood et al., 2004; Traiser et al.,
2007; Uhl et al., 2007; Peppe et al., 2011; Srivastava et al., 2012;
Shukla et al., 2014; Herman et al., 2017; Bush et al., 2017; Ai et al.,
2019). Although some factors, such as leaf life-span and historical ge-
netic signals, have hampered palaeoclimate reconstructions (Jordan,
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2011; Peppe et al., 2011; Royer et al., 2012), leaf physiognomy
methods remain one of the most powerful and common tools to re-
construct terrestrial palaeoclimate (Bailey and Sinnott, 1916; Wing and
Greenwood, 1993; Wilf, 1997; Peppe et al., 2011; Kennedy et al., 2014;
Spicer et al., 2017).

Previous studies have used single univariate methods to analyze the
relationship between a single climatic parameter and a single leaf
physiognomic character (Wolfe, 1971, 1979, 1993; Dilcher, 1973;
Givnish, 1984; Wing and Greenwood, 1993; Wilf, 1997; Jacobs, 1999;
Gregory-Wodzicki, 2000; Greenwood et al., 2004; Malhado et al., 2009;
Steart et al., 2010; Su et al., 2010; Chen et al., 2014; Li et al., 2016).
Commonly applied methods include leaf-margin analysis (LMA) to es-
timate palaeotemperature (Wing and Greenwood, 1993; Kowalski,
2002; Greenwood et al., 2004; Miller et al., 2006; Peppe et al., 2011),
and leaf-area analysis (LAA) to estimate palaeoprecipitation (Wilf et al.,
1998; Jacobs, 1999; Greenwood et al., 2010; Sunderlin et al., 2011;
Bush et al., 2017; Lowe et al., 2018). As several studies have observed
that leaf physiognomy simultaneously integrates more characters that
have a functional and/or physiological connection to climate (Wolfe,
1993; Kovach and Spicer, 1996; Wolfe and Spicer, 1999; Spicer et al.,
2004, 2005; Royer et al., 2005, 2008; Traiser et al., 2005; Peppe et al.,
2011; Kennedy et al., 2014; Yang et al., 2015), some investigations
have therefore explored multivariate methods to synchronously analyze
relationships between several leaf characters and climate. One such
method is the Climate-Leaf Analysis Multivariate Program (CLAMP),
which correlates 31 leaf characters and 11 climatic parameters. This
method is a multivariate statistical method based on Canonical Corre-
spondence Analysis (CCA) (Wolfe, 1993; Spicer, 2007, 2009, 2016;
Spicer et al., 2005). Multiple linear regression models have also been
developed using a dataset derived from the CLAMP calibration dataset
or a comparable dataset using the CLAMP characters (Gregory, 1994;
Stranks and England, 1997; Wiemann et al., 1998; Gregory-Wodzicki,
2000; Traiser et al., 2005; Lielke et al., 2012). Overall, palaeobotanists
have explored multivariate methods that identify relationships among a
variety of leaf characters and climatic variables simultaneously, and
they have successfully applied these methods to reconstruct palaeocli-
mate (Herman and Spicer, 1996; Forest et al., 1999; Kennedy et al.,
2002; Uhl et al., 2007; Godefroit et al., 2009; Tomsich et al., 2010;
Srivastava et al., 2012; Shukla et al., 2014; Spicer et al., 2014; West
et al., 2015; Herman et al., 2017; Ai et al., 2019).

Due to the wide range of climates and species distribution, large-
scale datasets are important to aid our understanding of leaf physiog-
nomy-climate relationships (Traiser et al., 2005; Kennedy et al., 2014;
Yang et al., 2015; Wright et al., 2017). These datasets are difficult to
compile using direct field sampling. Therefore, datasets including a
large number of species and covering large areas are compiled to ana-
lyze leaf physiognomy-climate relationships using synthetic and chor-
ological floras from previous publications. These datasets enable single/
multiple transfer functions for climatic parameters to be calculated
(Traiser et al., 2005). Using this approach makes it easy to explore
distribution patterns of leaf physiognomy, and to analyze leaf phy-
siognomy-climate correlations covering large areas which include a
multitude of sampling sites. In addition, this method can reduce the
influence of local factors on leaf physiognomy, such as edaphic condi-
tions and microclimate factors (Traiser et al., 2005; Adams et al., 2008;
Chen et al., 2014). Previous studies have demonstrated that this ap-
proach represents a promising tool for analyzing relationships between
leaf physiognomy and climate (Traiser et al., 2005; Adams et al., 2008;
Chen et al., 2014; Li et al., 2016).

The geographical extent of China covers a significant land area,
ranging from tropical to cool temperate climates. As China also contains
the majority of all major vegetation types in the world (Wu, 1980), it
provides an ideal region to understand the spatial distribution of leaf
physiognomy and the correlation between leaf physiognomy-climate,
especially using a large dataset. Moreover, China experiences a strong
Asian monsoon climate, characterized by wet summers and dry winters

(Zhang, 1991). The modern Asian monsoon climate in China did not
become established until the Paleogene (Spicer et al., 2017); the de-
velopment of this monsoon climate may have been the main factor
driving the evolution of the East Asian flora (Chen et al., 2018). Cou-
pled with complex topography, these two factors contribute to southern
China today hosting one of the world's great ‘biodiversity hotspots’
(Spicer, 2017; Spicer et al., 2017; Mosbrugger et al., 2018). To date, the
study of leaf physiognomy-climate correlations in China have mainly
focused on leaf margins and MAT (Su et al., 2010; Chen et al., 2014; Li
et al., 2016), and datasets for CLAMP calibration (Jacques et al., 2011)
with plot samples. These studies indicate distinctive relationships can
be observed between leaf physiognomy and climate in China (Jacques
et al., 2011; Su et al., 2013). However, these distinctive leaf physiog-
nomic spectra need to be tested across a large scale.

In this study, we initially explore the distribution patterns of leaf
physiognomic characters on a large scale in humid regions in China.
Secondly, we investigate their correlations with climatic parameters.
Thirdly, we develop multiple linear regression equations and analyze
correlations between leaf characters and climatic parameters. MAT and
MAP multiple linear transfer functions are then applied to test the
availability of the two models for estimating temperature and pre-
cipitation.

2. Materials and methods

2.1. Dataset on species distribution

The focus of our investigation was humid regions in China, areas
having a mean annual precipitation> 400mm. Species distribution
maps were obtained from the database of native woody dicotyledonous
species in China. This dataset includes 3166 native woody species,
belonging to 536 genera and 111 families (see the electronic
Supplementary Data 1 of Chen et al., 2014). This dataset was derived
from the Seed Plant of China (Wu and Ding, 1999), specimen records in
the Herbarium of the Kunming Institute of Botany (KUN), and the Flora
of China (Wu, 1979, 1980, 1982, 1984, 1988, 1995, 1996, 1998). Maps
of the present-day distribution of 3166 species were compiled at county
level and digitized for application in a Geographical Information
System (GIS) (for more details on species distribution data see Chen
et al., 2014). In our study, we restricted dataset to those counties which
included at least 20 native woody species. This dataset has already been
used to construct a palaeotemperature reconstruction model based on
leaf-margin analysis (Chen et al., 2014). The geographic distribution of
732 calibration grids included in this analysis is shown in Fig. 1.

2.2. Leaf physiognomic data

In our study, each of the 3166 species characterized by 22 leaf
physiognomic characters were scored in the analysis, including leaf
lobe, leaf size, untoothed leaf margins, base of blade, apex of blade, leaf
length-width ratios and shape of blade. Definitions of characters
(Table 1) followed Ellis et al. (2009). Following the procedures of Wolfe
(1993), values of 0 (character is absent) and 1 (character is present)
were assigned to each leaf physiognomic character. Leaf physiognomic
characters for each species were determined using specimens in the
Herbarium of the Kunming Institute of Botany. For every species, three
leaves from each specimen were randomly chosen to cover the range of
each morphological character. Leaf physiognomic characters of each
species are shown in Supplementary Data 1. The percentage of each leaf
physiognomy species in each county was the sum of scores of all species
divided by the number of all species included in the county. For each
county the percentage of each leaf physiognomic character is shown in
Supplementary Data 2.
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2.3. Climatic parameters

Climate data with an average record of 30-years (1951–1980) were
obtained from weather stations in each individual county with re-
ference to Yunnan Provincial Meteorological Bureau (YPMB) and China
Meteorological Data Sharing Service System (available online: http://
cdc.cma.gov.cn/). Thirteen climatic parameters are included in this
study: Mean Annual Temperature (MAT), Annual Temperature Sum
(Tsum), Warmest Month Mean Temperature (WMMT), Coldest Month
Mean Temperature (CMMT), Length of the Growing Season (GSL,
months when the mean monthly minimum temperature exceeds 10 °C),
Mean Annual Precipitation (MAP), Growing Season Precipitation (GSP),
Mean Monthly Growing Season Precipitation (MMGSP), the Wettest
Month Precipitation (Pmax), the Driest Month Precipitation (Pmin),
Precipitation during Three Wettest Consecutive Months (P3WET),
Precipitation during Three Driest Consecutive Months (P3DRY) and
Relative Humidity (RH). These climatic parameters for each calibration
grid are also shown in Supplementary Data 2.

2.4. Data analysis

The Chinese geographic patterns for the percentage of dicot trees in
21 leaf physiognomic characters were compiled and digitized for ap-
plication using ARCVIEW (ArcView GIS 3.2, ESRI, New York, USA). All
leaf characters were also plotted on a map at county level.

The relationships between the distribution patterns of the percen-
tage of dicot trees of leaf physiognomic characters and geography (la-
titude and longitude) were quantified using single linear regressions
(SLR).

To investigate the relationships between the percentage of leaf
physiognomic characters and climatic parameters across the study area,
SLR and multiple linear regressions (MLR) were applied. These re-
gression models have been widely used to investigate correlations be-
tween leaf physiognomy and climate.

We calculated the correlation matrix between a single leaf phy-
siognomic character and a single climatic parameter based on SLR,

which set leaf physiognomy as the independent variable and climate as
the dependent variable. The P-values of the correlation coefficients<
0.01 were considered statistically significant. This correlation mainly
consisted of climatic parameters which were predominantly controlling
the geographic distribution of leaf physiognomic characters (Traiser
et al., 2005; Chen et al., 2014). The MLR transfer functions were
compiled using different climatic parameters to identify if leaf phy-
siognomy synchronously integrated more characters coincidental with
climate. In order to select the most outstanding leaf physiognomic
characters in MLR, the ‘forward stepwise regression’ technique was
used. This technique allowed the identification of four independent
variables. The accuracy and precision of transfer functions were eval-
uated based on r2 values and the standard error (SE) (Wing and
Greenwood, 1993; Wiemann et al., 1998; Jacobs, 1999; Traiser et al.,
2005; Peppe et al., 2011).

As MAT and MAP are widely estimated palaeoclimate parameters
(Wing and Greenwood, 1993; Traiser et al., 2005; Peppe et al., 2011),
we developed MAT and MAP transfer functions to test the availability of
the two models for estimating temperature and precipitation.

All statistical analyses were conducted using SPSS 17 (SPSS Science,
Chicago, IL, USA).

3. Results

3.1. Spatial distribution patterns of leaf physiognomic characters

The distribution patterns with the percentage of leaf physiognomic
characters on Chinese woody dicotyledons show a clear geographical
variable across the 732 calibration grids in humid regions in China
(Figs. 2, 3 and S1; Table 2). Apart from leaf apex acute (ap_acut), other
leaf physiognomies are more significantly correlated with latitude than
longitude (Table 2). Among these leaf physiognomies that record a
clear latitudinal trend, eleven leaf characters increase with an increase
in latitude, including leaf lobe (le_lobe), nanophyll leaf size (ls_nano),
microphyll leaf size (ls_micr), leaf apex obtuse (ap_obtu), leaf base
obtuse (ba_obtu), leaf base reflex (ba_refl), leaf L: W ratio= 1–2:1

Fig. 1. Geographic distribution of calibration dataset. Grids with a minimum set of at least 20 species (sites of calibration dataset, n=732).
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(lw_2), leaf L: W ratio > 4:1 (lw_5), ovate leaf shape (sh_ovat), leaf L:
W ratio < 1:1 (lw_1) and obovate leaf shape (sh_obov) (Figs. 2, 3 and
S1; Table 2). However, other leaf characters decreased with latitude,
including leaf simple (le_simp), notophyll leaf size (ls_noto), mesophyll
leaf size (ls_meso), leaf base acute (ba_acut), leaf L: W ratio= 2–4:1
(lw_3 and lw_4), elliptic leaf shape (sh_elli), leptophyll leaf size (ls_lept),
leaf apex acute (ap_acut), leaf apex reflex (ap_refl) (Figs. 2, 3 and S1;
Table 2) and untoothed leaf margins (untooth) (Fig. 2; Chen et al.,
2014).

3.2. Correlation between leaf physiognomic characters and climate on single
linear regressions (SLR)

The correlation matrix (Table 3) reveals that, except for ls_lept, lw_1
and sh_obov (P > 0.01), leaf physiognomic characters are significantly
correlated with temperature-related climatic parameters (P < 0.01),
such as MAT, Tsum, CMMT and WMMT, as well as with GSL, a para-
meter which also depends on temperature China. In general, the highest
correlation with leaf physiognomy is CMMT, and the lowest correlation
with leaf physiognomy is WMMT.

Precipitation-related parameters also have a significant correlation
with leaf physiognomic characters (P < 0.01; Table 3), except for
ls_lept, lw_1, ap_refl and sh_obov in humid regions in China (P > 0.01;
Table 3). Among the eight precipitation parameters, GSP, MAP and
P3WET show the highest correlations to specific leaf characters. Lw_2
recorded the strongest correlation with precipitation parameters, e.g.,
for GSP, r=−0.707, P < 0.0001. In general, the leaf physiognomic
characters seem to be more affected by P3WET than by P3DRY.

Notably, the majority of leaf physiognomic characters, such as le_-
lobe, untooth, ls_micr, ls_noto, ba_acut, ba_refl, lw_2, lw_3 and sh_obov,
not only have a significant correlation with temperature-related para-
meters, such as MAT, CMMT and GSL, they are also significantly cor-
related with precipitation-related parameters such as GSP, MAP and
P3WET (Table 3).

3.3. Correlation between leaf physiognomic characters and climate
parameters based on multiple linear regressions (MLR)

In order to compare our results with univariate analysis, the ap-
plication of MLR based on thirteen different climatic parameters allows
for a more detailed view on the relationship between leaf physiognomy

and climate (Table 4). These transfer functions show strong correlations
between leaf physiognomic characters and climatic parameters
(r2 > 0.27, P < 10−51). The coefficients of determinations based on
MLR transfer functions are commonly higher than the SLR transfer
functions (Tables 3 and 4), e.g. concerning MAT, r2 increases from 0.53
(P < 0.0001; Table 3) to 0.69 (P < 10−181; Table 4); and for MAP, r2

increase from 0.34 (P < 0.0001; Table 3) to 0.60 (P < 10−144;
Table 4). The highest correlation with leaf physiognomy was CMMT
(r2= 0.76, P < 10−224), and the lowest correlation with physiognomy
was MMGSP (r2= 0.28, P < 10−51). The factors ls_nano, lw_2,
ba_acut, untooth and ls_micr represent some of the main factors in MLR.
Our MLR transfer function based on the Chinese dataset for MAT was
defined as (Table 4):

= × − × + ×

+ ×

MAT 15.07–0.529 ls_nano 0.121 lw_2 0.104 untooth
0.482 ap_refl (1)

with r2= 0.69, F=401.44, SE= 2.51, P=2.2×10−182.
In regard to MAP, the MLR transfer function was defined as

(Table 4):

= − × − × + ×

− ×

MAP 784.78 33.075 ls_nano 15.683 lw_5 14.776 ba_acut
8.617 ls_micr (2)

with r2= 0.60, F=277.82, SE= 253.94, P=7.9× 10−145.
The patterns of variable predicted MAT using our Eq. (1) across

humid regions in China is clearly related to latitude rather than actual
MAT (Fig. 4a). The residual values (predicted MAT minus actual MAT
values) plot (Fig. 4c) reveals a spatial pattern representing regions with
systematic underestimations and overestimations. MAT is slightly
overestimated (by 3.0–6.0 °C) in northern China, Tibet and Yunnan
provinces, whereas larger overestimates (6.0–10.5 °C) occur in north-
eastern China, Qinghai-Tibet Plateau and Hengduan Mountains (co-
lored red in Fig. 4c). In contrast, a slight underestimation of MAT
(3.0–6.0 °C) can be observed in parts of Hainan province, whereas
larger underestimations of MAT (6.0–6.9 °C) occur in Shanxi and Henan
provinces in central China (Fig. 4c: green).

In contrast to MAT, the distribution pattern of predicted MAP using
our Eq. (2) recorded a decrease along a gradient from the southeast to
the northwest (Fig. 5b). The residual values (predicted MAP minus
actual MAP values) plot (Fig. 5c) also identifies a spatial pattern re-
presenting regions with systematic underestimations and

Table 1
Leaf physiognomic characters with minimum, maximum and mean percentages and ranges as they occur in the calibration dataset of 732 grids in humid regions in
China. Definition of each leaf character follows the corresponding standard in the Manual of leaf architecture (Ellis et al., 2009).

Leaf character Abbr. Definition Min (%) Max (%) Mean (%) Range (%)

1 Leaf simple le_simp Leaf is not compound 60.0 100.0 83.7 40.0
2 Leaf lobe le_lobe Leaf with lobes 0.0 33.3 4.2 33.3
3 Untoothed leaf margins untooth Margin without teeth 2.5 82.9 42.2 80.4
4 Leaf size: leptophyll ls_lept < 25mm2 0.0 4.6 0.1 4.5
5 Leaf size: nanophyll ls_nano 25–225mm2 0.0 13.0 1.5 13.0
6 Leaf size: microphyll ls_micr 225–2025mm2 7.4 80.0 41.8 72.6
7 Leaf size: notophyll ls_noto 2025–4500mm2 9.7 61.9 35.4 52.5
8 Leaf size: mesophyll ls_meso 4500–18,225 mm2 0.0 48.8 20.6 48.8
9 Apex of blade: obtuse ap_obtu a > 900 0.0 20.8 5.2 20.8
10 Apex of blade: acute ap_acut a < 900 75.6 100.0 93.7 24.4
11 Apex of blade: reflex ap_refl a > 1800 0.0 12.2 1.0 12.2
12 Base of blade: obtuse ba_obtu a > 900 3.6 57.1 23.2 53.5
13 Base of blade: acute ba_acut a < 900 20.0 92.9 63.3 72.9
14 Base of blade: reflex ba_refl a > 1800 0.0 52.2 13.5 52.2
15 Blade length: width < 1:1 lw_1 Ratio L/W: < 1:1 0.0 10.0 1.6 10.0
16 Blade length: width= 1–2:1 lw_2 Ratio L/W:= 1–2:1 0.0 68.2 25.7 68.2
17 Blade length: width= 2–3:1 lw_3 Ratio L/W:= 2–3:1 12.5 68.0 47.4 55.5
18 Blade length: width= 3–4:1 lw_4 Ratio L/W:= 3–4:1 0.0 66.7 21.0 66.7
19 Blade length: width > 4:1 lw_5 Ratio L/W: > 4:1 0.0 27.3 4.3 27.3
20 Shape of blade: obovate sh_obov Largest width in upper 2/5 of lamina 0.0 20.0 4.4 20.0
21 Shape of blade: elliptic sh_elli Largest width in middle 1/5 of lamina 43.5 96.9 81.0 53.4
22 Shape of blade: ovate sh_ovat Largest width in lower 2/5 of lamina 0.0 43.5 13.4 43.5
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Fig. 2. Distribution patterns of the percentage of leaf physiognomic characters among Chinese native trees: a, color coded by nanophyll leaf size (ls_nano); b, color
coded by microphyll leaf size (ls_micr); c, color coded by notophyll leaf size (ls_noto); d, color coded by mesophyll leaf size (ls_meso); e, color coded by leaf L: W
ratio= 1–2:1 (lw_2); f, color coded by leaf L: W ratio= 2–3:1 (lw_3); g, color coded by leaf L: W ratio= 3–4:1 (lw_4); h, color coded by leaf L: W ratio > 4:1 (lw_5).
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Fig. 3. Distribution patterns of the percentage of leaf physiognomic characters among Chinese native trees: a, color coded by leaf simple (le_simp); b, color coded by
leaf lobe (le_lobe); c, color coded by leaf apex obtuse (ap_obtu); d, color coded by leaf base obtuse (ba_obtu); e, color coded by leaf base acute (ba_acut); f, color coded
by leaf base reflex (ba_refl); g, color coded by elliptic leaf shape (sh_elli); h, color coded by ovate leaf shape (sh_ovat).
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overestimations. MAP is slightly overestimated (250–500mm) in
southwest China, whereas larger overestimates (500–623mm) mainly
occur in the Yun-Gui Plateau in southwest China (Fig. 5c: red). In
contrast, a slight underestimation of MAP (250–500mm) can be ob-
served in southeast China, whereas larger underestimates
(500–927mm) mainly occur in Hainan, Guangdong and Guangxi pro-
vinces in southern China (Fig. 5c: green).

4. Discussion

4.1. Distribution patterns of leaf physiognomy and climate

Results from our study indicate that clear latitudinal spatial dis-
tribution patterns exist for all leaf characters (Figs. 2, 3 and S1;
Table 2). These patterns are mainly controlled by a combination of
temperature (predominantly CMMT) and precipitation (predominantly
GSP) in humid regions in China (Table 3). Findings from this study
demonstrate that a significant relationship between leaf physiognomic
characters was determined by species and climate across humid regions
in China. Leaf characters do not only correlate with temperature-related
parameters, such as MAT, CMMT and GSL, but also with precipitation-
related parameters, such as GSP, MAP and P3WET. In particular, leaf
physiognomic characters seem to be more affected by CMMT than other
temperature-related parameters, and more affected by GSP than other
precipitation-related parameters (Table 3).

This finding is consistent with previous observations reporting that
leaf physiognomic characters might be affected by both temperature
and precipitation (Wolfe, 1993; Wiemann et al., 1998; Wilf et al., 1998;
Jacobs, 1999; Peppe et al., 2011; Li et al., 2016; Wright et al., 2017).
For example, Peppe et al. (2011), using 92 global sites, recorded leaf
physiognomy may be affected by MAT and MAP. Recently, Wright et al.
(2017) observed that both temperature (mean temperature during the
warmest month) and moisture (MAP) showed strong interactive effects
in leaf size variation using 682 global nonagricultural sites. The influ-
ence of interacted climatic variables on leaf physiognomy in humid
regions in China may be due to several reasons. Firstly, previous studies
have shown that several simultaneously occurring climatic variables
can synergistically interact (O'Brien, 2006; Stephenson, 1990). In our
study areas, temperature-related parameters recorded a significant
correlation with precipitation-related parameters (r > +0.240,
P < 0.001; Table 5) which may account for overall leaf physiognomy
being controlled by both temperature and precipitation. Secondly,
previous studies found that water–energy dynamics mainly contributed
to influence woody plant life and its spatial distribution globally

Table 2
Correlations between leaf physiognomic characters and geography. (r) corre-
lation coefficients; for all correlations calibration grids, n= 732; leaf phy-
siognomic characters abbreviations see Table 1.

Leaf character Latitude Longitude

r P-values r P-values

le_simp −0.362 < 0.0001 −0.103 0.005
le_lobe 0.754 < 0.0001 0.337 <0.0001
untooth −0.810 < 0.0001 −0.202 <0.0001
ls_lept −0.122 0.001 −0.110 0.003
ls_nano 0.386 < 0.0001 −0.237 <0.0001
ls_micr 0.611 < 0.0001 0.018 0.635
ls_noto −0.528 < 0.0001 0.051 0.169
ls_meso −0.453 < 0.0001 −0.006 0.867
ap_obtu 0.236 < 0.0001 −0.105 0.005
ap_acut −0.097 0.009 0.141 <0.0001
ap_refl −0.333 < 0.0001 −0.120 0.001
ba_obtu 0.449 < 0.0001 −0.182 <0.0001
ba_acut −0.714 < 0.0001 0.036 0.332
ba_refl 0.726 < 0.0001 0.245 <0.0001
lw_1 0.367 < 0.0001 0.108 0.004
lw_2 0.802 < 0.0001 0.202 <0.0001
lw_3 −0.676 < 0.0001 −0.167 <0.0001
lw_4 −0.656 < 0.0001 −0.150 <0.0001
lw_5 0.257 < 0.0001 0.003 0.940
sh_obov 0.300 < 0.0001 0.281 <0.0001
sh_elli −0.675 < 0.0001 0.305 <0.0001
sh_ovat 0.657 < 0.0001 0.186 <0.0001

Table 3
Correlation matrix of leaf physiognomic characters and climatic parameters. (r) correlation coefficients; the statistical significance is indicated as: ⁎⁎⁎P < 0.0001,
⁎⁎P < 0.001, ⁎P < 0.01, ns P > 0.01; for all correlations calibration grids, n= 732; leaf physiognomic characters for abbreviations see Table 1; climate ab-
breviations: MAT: Mean Annual Temperature (°C), Tsum: Annual Temperature Sum (°C), WMMT: Warmest Month Mean Temperature (°C), CMMT: Coldest Month
Mean Temperature (°C), GSL: Length of the Growing Season (month), MAP: Mean Annual Precipitation (mm), GSP: Growing Season Precipitation (mm), MMGSP:
Mean Monthly Growing Season Precipitation (mm), Pmax: the Wettest Month Precipitation (mm), Pmin: the Driest Month Precipitation (mm), P3WET: Precipitation
during Three Wettest Consecutive Months (mm), P3DRY: Precipitation during Three Driest Consecutive Months (mm), RH: Relative Humidity (%); a the r between
untooth and MAT, WMMT and CMMT are from Chen et al. (2014).

r MAT Tsum WMMT CMMT GSL MAP GSP MMGSP Pmax Pmin P3WET P3DAR RH

le_simp 0.264⁎⁎⁎ 0.267⁎⁎⁎ 0.135⁎⁎⁎ 0.295⁎⁎⁎ 0.233⁎⁎⁎ 0.364⁎⁎⁎ 0.355⁎⁎⁎ 0.287⁎⁎⁎ 0.228⁎⁎⁎ 0.341⁎⁎⁎ 0.283⁎⁎⁎ 0.340⁎⁎⁎ 0.218⁎⁎⁎

le_lobe −0.654⁎⁎⁎ −0.656⁎⁎⁎ −0.237⁎⁎⁎ −0.745⁎⁎⁎ −0.628⁎⁎⁎ −0.506⁎⁎⁎ −0.557⁎⁎⁎ −0.282⁎⁎⁎ −0.391⁎⁎⁎ −0.305⁎⁎⁎ −0.466⁎⁎⁎ −0.307⁎⁎⁎ −0.382⁎⁎⁎
auntooth 0.725⁎⁎⁎ 0.728⁎⁎⁎ 0.313⁎⁎⁎ 0.771⁎⁎⁎ 0.758⁎⁎⁎ 0.586⁎⁎⁎ 0.655⁎⁎⁎ 0.302⁎⁎⁎ 0.507⁎⁎⁎ 0.334⁎⁎⁎ 0.559⁎⁎⁎ 0.351⁎⁎⁎ 0.439⁎⁎⁎

ls_lept 0.071ns 0.071ns −0.085ns 0.125⁎⁎ 0.122⁎⁎ −0.024ns 0.013ns −0.071ns 0.028ns −0.100⁎ 0.021ns −0.106* −0.132ns
ls_nano −0.524⁎⁎⁎ −0.525⁎⁎⁎ −0.579⁎⁎⁎ −0.407⁎⁎⁎ −0.466⁎⁎⁎ −0.351⁎⁎⁎ −0.518⁎⁎⁎ −0.371⁎⁎⁎ −0.383⁎⁎⁎ −0.524⁎⁎⁎ −0.412⁎⁎⁎ −0.529⁎⁎⁎ −0.567⁎⁎⁎

ls_micr −0.639⁎⁎⁎ −0.640⁎⁎⁎ −0.435⁎⁎⁎ −0.606⁎⁎⁎ −0.651⁎⁎⁎ −0.589⁎⁎⁎ −0.615⁎⁎⁎ −0.370⁎⁎⁎ −0.494⁎⁎⁎ −0.406⁎⁎⁎ −0.531⁎⁎⁎ −0.426⁎⁎⁎ −0.519⁎⁎⁎

ls_noto 0.561⁎⁎⁎ 0.564⁎⁎⁎ 0.462⁎⁎⁎ 0.508⁎⁎⁎ 0.521⁎⁎⁎ 0.570⁎⁎⁎ 0.567⁎⁎⁎ 0.406⁎⁎⁎ 0.426⁎⁎⁎ 0.483⁎⁎⁎ 0.471⁎⁎⁎ 0.502⁎⁎⁎ 0.511⁎⁎⁎

ls_meso 0.490⁎⁎⁎ 0.489⁎⁎⁎ 0.315⁎⁎⁎ 0.463⁎⁎⁎ 0.536⁎⁎⁎ 0.409⁎⁎⁎ 0.447⁎⁎⁎ 0.219⁎⁎⁎ 0.381⁎⁎⁎ 0.236⁎⁎⁎ 0.395⁎⁎⁎ 0.248⁎⁎⁎ 0.373⁎⁎⁎

ap_obut −0.340⁎⁎⁎ −0.340⁎⁎⁎ −0.369⁎⁎⁎ −0.265⁎⁎⁎ −0.321⁎⁎⁎ −0.343⁎⁎⁎ −0.352⁎⁎⁎ −0.251⁎⁎⁎ −0.257⁎⁎⁎ −0.281⁎⁎⁎ −0.290⁎⁎⁎ −0.271⁎⁎⁎ −0.375⁎⁎⁎

ap_actu 0.189⁎⁎⁎ 0.189⁎⁎⁎ 0.287⁎⁎⁎ 0.114⁎ 0.164⁎⁎⁎ 0.257⁎⁎⁎ 0.248⁎⁎⁎ 0.229⁎⁎⁎ 0.185⁎⁎⁎ 0.230⁎⁎⁎ 0.209⁎⁎⁎ 0.223⁎⁎⁎ 0.355⁎⁎⁎

ap_refl 0.337⁎⁎⁎ 0.339⁎⁎⁎ 0.150⁎⁎⁎ 0.355⁎⁎⁎ 0.364⁎⁎⁎ 0.151⁎⁎⁎ 0.202⁎⁎⁎ −0.004ns 0.134⁎⁎⁎ 0.060ns 0.151⁎⁎⁎ 0.053ns −0.068ns
ba_obtu −0.457⁎⁎⁎ −0.457⁎⁎⁎ −0.400⁎⁎⁎ −0.384⁎⁎⁎ −0.464⁎⁎⁎ −0.570⁎⁎⁎ −0.563⁎⁎⁎ −0.432⁎⁎⁎ −0.446⁎⁎⁎ −0.539⁎⁎⁎ −0.488⁎⁎⁎ −0.555⁎⁎⁎ −0.494⁎⁎⁎

ba_acut 0.659⁎⁎⁎ 0.662⁎⁎⁎ 0.403⁎⁎⁎ 0.651⁎⁎⁎ 0.660⁎⁎⁎ 0.680⁎⁎⁎ 0.705⁎⁎⁎ 0.453⁎⁎⁎ 0.534⁎⁎⁎ 0.554⁎⁎⁎ 0.608⁎⁎⁎ 0.565⁎⁎⁎ 0.578⁎⁎⁎

ba_refl −0.626⁎⁎⁎ −0.631⁎⁎⁎ −0.259⁎⁎⁎ −0.687⁎⁎⁎ −0.618⁎⁎⁎ −0.544⁎⁎⁎ −0.594⁎⁎⁎ −0.310⁎⁎⁎ −0.430⁎⁎⁎ −0.368⁎⁎⁎ −0.507⁎⁎⁎ −0.366⁎⁎⁎ −0.465⁎⁎⁎

lw_1 −0.293⁎⁎⁎ −0.298⁎⁎⁎ −0.069ns −0.324⁎⁎⁎ −0.351⁎⁎⁎ −0.259⁎⁎⁎ −0.309⁎⁎⁎ −0.114⁎ −0.250⁎⁎⁎ −0.111⁎ −0.287⁎⁎⁎ −0.108⁎ −0.178⁎⁎

lw_2 −0.728⁎⁎⁎ −0.727⁎⁎⁎ −0.371⁎⁎⁎ −0.767⁎⁎⁎ −0.702⁎⁎⁎ −0.669⁎⁎⁎ −0.707⁎⁎⁎ −0.449⁎⁎⁎ −0.534⁎⁎⁎ −0.469⁎⁎⁎ −0.610⁎⁎⁎ −0.476⁎⁎⁎ −0.564⁎⁎⁎

lw_3 0.637⁎⁎⁎ 0.637⁎⁎⁎ 0.324⁎⁎⁎ 0.674⁎⁎⁎ 0.608⁎⁎⁎ 0.539⁎⁎⁎ 0.572⁎⁎⁎ 0.334⁎⁎⁎ 0.445⁎⁎⁎ 0.352⁎⁎⁎ 0.505⁎⁎⁎ 0.358⁎⁎⁎ 0.399⁎⁎⁎

lw_4 0.574⁎⁎⁎ 0.575⁎⁎⁎ 0.309⁎⁎⁎ 0.601⁎⁎⁎ 0.546⁎⁎⁎ 0.571⁎⁎⁎ 0.590⁎⁎⁎ 0.401⁎⁎⁎ 0.431⁎⁎⁎ 0.452⁎⁎⁎ 0.495⁎⁎⁎ 0.454⁎⁎⁎ 0.542⁎⁎⁎

lw_5 −0.277⁎⁎⁎ −0.278⁎⁎⁎ −0.232⁎⁎⁎ −0.282⁎⁎⁎ −0.187⁎⁎⁎ −0.244⁎⁎⁎ −0.207⁎⁎⁎ −0.167⁎⁎⁎ −0.141⁎⁎⁎ −0.282⁎⁎⁎ −0.159⁎⁎⁎ −0.281⁎⁎⁎ −0.235⁎⁎⁎

sh_obov −0.193⁎⁎⁎ −0.197⁎⁎⁎ 0.077ns −0.286⁎⁎⁎ −0.234⁎⁎⁎ −0.059ns −0.117⁎ 0.071ns −0.011ns 0.055ns −0.071ns 0.073ns 0.107ns
sh_elli 0.517⁎⁎⁎ 0.520⁎⁎⁎ 0.123⁎⁎ 0.610⁎⁎⁎ 0.522⁎⁎⁎ 0.447⁎⁎⁎ 0.484⁎⁎⁎ 0.244⁎⁎⁎ 0.345⁎⁎⁎ 0.293⁎⁎⁎ 0.423⁎⁎⁎ 0.289⁎⁎⁎ 0.250⁎⁎⁎

sh_ovat −0.542⁎⁎⁎ −0.543⁎⁎⁎ −0.224⁎⁎⁎ −0.594⁎⁎⁎ −0.522⁎⁎⁎ −0.530⁎⁎⁎ −0.543⁎⁎⁎ −0.352⁎⁎⁎ −0.431⁎⁎⁎ −0.403⁎⁎⁎ −0.488⁎⁎⁎ −0.408⁎⁎⁎ 0.381⁎⁎⁎
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(Woodward et al., 2004; O'Brien, 2006). Ge and Xie (2017) also found
that CMMT and MAP interacted to significantly control the geo-
graphical distribution of broad-leaved tree species in subtropical China.
These findings indicate that the interaction of climatic variables not
only affects the distribution of plants, they also affect the distribution of
leaf physiognomy in China. Thirdly, and perhaps most importantly, leaf
physiognomy is significantly influenced by the Asian monsoon climate
in China.

4.2. The impact of the Asian Monsoon regime on leaf physiognomy

Climate affected by the Asian Monsoon has significant character-
istics, especially for precipitation patterns, such as abundant rainfall
during the summer and drought periods during the winter (Lau and
Chan, 1983). It is proposed that P3WET and P3DRY could represent leaf
physiognomy response to the monsoon climate (Jacques et al., 2011;
Xing et al., 2012; Khan et al., 2014). In this study, large differences
between P3WET and P3DRY for most grids (Supplementary Data 2)
were recorded, indicating that these humid areas were affected by the
Asian Monsoon (Wang et al., 2006).

Under the Asian monsoon climate, results in our study indicate that
leaf physiognomic characters correlate more closely with P3WET than
P3DRY. This result is consistent with previous results exposed to Asian
monsoon climates characterized by marked wet and dry seasons. For
instance, Jacques et al. (2011) found that Chinese sites were grouped
together and separated away from others in physiognomic space using
CCA; P3WET and P3DRY vectors in the Chinese sites indicated high
precipitation values. Su et al. (2013) also observed that untoothed leaf
margin showed a weak correlation with P3DRY, whereas they had a
high correlation with P3WET. In southern China, where experiences the
monsoon climate, leaves of evergreen trees have to adapt to both dry
and wet climatic conditions, while leaves of deciduous leaves only have
to adapt to wet climatic conditions (Kennedy et al., 2014). Leaves of
woody plants have to adapt to extremes due to seasonal climatic var-
iation, therefore resulting in unique monsoon ‘fingerprints’ encoded in
leaf physiognomy (Spicer, 2017). It is not surprising that leaf phy-
siognomic spectra are distinctive in Asian monsoon climates (Jacques
et al., 2011; Spicer et al., 2016); in our study we observed leaf phy-
siognomic characters to be more affected by P3WET than by P3DRY.
Overall, results from our study demonstrate that leaf physiognomic
characters have the highest correlation with CMMT and GSP, and leaf
physiognomic characters are more affected by P3WET than by P3DRY.
This indicates that the distribution of leaf physiognomy in China is
controlled by both cold winters (plant survival) and abundant water
sources in the summer (plant growth). This finding provides a simple
explanation that overall leaf physiognomic characters are significantly
controlled by both temperature and precipitation in humid regions in

China.

4.3. Correlation between leaf physiognomic characters and climatic
parameters using multiple linear regressions (MLR)

Results from our study show that relationships between climate and
leaf physiognomy using MLR are higher than those obtained using SLR.
This result is consistent with previous results based on multivariate
analysis of leaf physiognomy, where leaf physiognomy simultaneously
integrates more characters that have a functional and/or physiological
connection to climate (Wolfe, 1993; Royer et al., 2005, 2008; Traiser
et al., 2005; Peppe et al., 2011; Kennedy et al., 2014; Yang et al., 2015).

MLR transfer functions (Table 4) indicated that the highest corre-
lation with leaf physiognomy was CMMT (r2= 0.76, P=10−225), a
result that differs from previous studies (Wing and Greenwood, 1993;
Gregory, 1996; Traiser et al., 2005; Yang et al., 2015). Although the
MLR transfer function of CMMT has the highest coefficient of de-
termination, the standard error (SE) of CMMT estimation was very
high, with 3.39 °C (SE= 2.51, MAT). This result may be due to CMMT
including a large range of climate parameters with a wide variation,
thus having a greater standard deviation (Yang et al., 2015). Moreover,
vegetation in northern China and vegetation at high elevations are
predominantly deciduous species. Because deciduous trees have no leaf
during the winter, they would experience low selection pressures that
influence leaf physiognomy at that season. Consequently, CMMT is not
only indirectly correlated with leaf physiognomy (Spicer et al., 2004).
Therefore, reconstruction of CMMT using leaf physiognomy from MLR
transfer functions does not provide better results than using MAT.

Moreover, in comparison to previous studies using MLR transfer
functions of MAT (Wing and Greenwood, 1993; Gregory and McIntosh,
1996; Wiemann et al., 1998; Traiser et al., 2005; Lielke et al., 2012),
results from our study indicate a weaker coefficient of determination for
this parameter (Table 6). Firstly, our study region experiences a strong
Asian monsoon climate characterized by marked variations in seasonal
precipitation. Previous studies observed that seasonality of rainfall
could influence leaf physiognomy-climate correlations (Wolfe, 1993;
Wing and Greenwood, 1993; Jacques et al., 2011; Su et al., 2013;
Jacques et al., 2014; Yang et al., 2015; Spicer et al., 2016). Therefore,
the East Asian monsoon climate may affect the relationships between
integrated leaf characters and temperature. Secondly, our study in-
cludes a large-scale dataset which covers a more extensive area and a
wider range of climates. It seems that the wider range of climate and
spatial range for each grid, the weaker the coefficient of determination
(Peppe et al., 2011; Chen et al., 2014; Kennedy et al., 2014). Results in
this study were obtained using county-scale climate data (area size and
climate data notably varied), thus it might add ‘noise’ to the leaf phy-
siognomy-climate relationships (Chen et al., 2014).

Table 4
Multiple linear regression transfer functions of different climatic parameters. (b0) constant; (b1, b2, b3, b4) coefficient; (x1, x2, x3, x4) leaf physiognomic character, for
abbreviations see Table 1; (r2) coefficients of determination; (F) F-value; (SE) standard error; (P) P-values; for all MLR transfer functions calibration grids, n=732;
climate abbreviations and units see Table 3.

Y b0 b1 x1 (%) b2 x2 (%) b3 x3 (%) b4 x4 (%) r2 F SE P

1 MAT 15.07 −0.529 ls_nano −0.121 lw_2 0.104 untooth 0.482 ap_refl 0.69 401.44 2.51 10−182

2 Tsum 179.33 −6.312 ls_nano −1.420 lw_2 1.267 untooth 5.750 ap_refl 0.69 407.21 29.66 10−184

3 WMMT 25.31 −0.696 ls_nano 0.070 ls_noto −0.062 ba_obtu 0.316 ap_refl 0.40 124.49 2.74 10−81

4 CMMT 4.28 −0.403 le_lobe −0.145 lw_2 0.186 untooth −0.373 lw_5 0.76 585.33 3.39 10−225

5 GSL 7.26 0.076 ls_meso −0.035 lw_2 0.046 untooth −0.063 ba_refl 0.67 378.64 1.21 10−176

6 MAP 784.78 −33.075 ls_nano −15.683 lw_5 14.776 ba_acut −8.617 ls_micr 0.60 277.82 253.94 10−145

7 GSP 1098.54 −32.410 ls_nano −6.887 lw_2 10.084 ba_acut −8.794 ls_micr 0.64 319.47 242.73 10−158

8 MMGSP 49.19 −1.783 ls_nano 0.611 ls_noto 0.804 ba_acut 1.493 sh_obov 0.28 73.39 25.58 10−52

9 Pmax 234.04 −3.450 ls_nano −0.786 lw_2 1.352 ba_acut −1.469 ls_micr 0.37 109.1 55.45 10−73

10 Pmin 20.83 −1.933 ls_nano −0.970 lw_5 0.314 ba_acut −0.432 ba_obtu 0.46 155.42 11.82 10−96

11 P3WET 602.02 −8.985 ls_nano −2.931 lw_2 4.195 ba_acut −3.847 ls_micr 0.46 157.71 138.73 10−96

12 P3DRY 82.51 −6.906 ls_nano −3.467 lw_5 1.100 ba_acut −1.713 ba_obtu 0.47 163.8 41.95 10−100

13 RH 48.41 −0.739 ls_nano −0.140 ls_micr 0.156 ba_acut 0.271 ap_acut 0.54 102.85 3.81 10−57
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Fig. 4. Mean Annual Temperature (MAT) distribution pattern. (a) Actual MAT
(Chen et al., 2014); (b) predicted MAT from the transfer function; (c) residuals
of predicted MAT minus actual MAT values. (For interpretation of the refer-
ences to color in this figure, the reader is referred to the web version of this
article.)
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Fig. 5. Mean Annual Precipitation (MAP) distribution pattern. (a) Actual MAP
(Chen et al., 2014); (b) predicted MAP from the transfer function; (c) residuals
of predicted MAP minus actual MAP values. (For interpretation of the refer-
ences to color in this figure, the reader is referred to the web version of this
article.)
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4.4. Estimating climate from leaf physiognomy based on MLR transfer
functions

4.4.1. Estimating MAT from the MLR transfer function
The distribution pattern of predicted MAT values in humid regions

in China based on the MLR transfer function (Fig. 4b) shows a clear
latitudinal pattern compared to results using actual MAT values
(Fig. 4a). Results from the residual MAT plot also indicate that most
areas are within± 2.51 °C (Fig. 4c). Therefore, our result demonstrates
that the MLR transfer function of MAT is suitable for predicting realistic
values based on leaf physiognomy-climate correlations in China. In
particular, compared with the residual value from the SLR transfer
function with similar calibration datasets (Fig. 6c; Chen et al., 2014),
our residual values from the MLR transfer function show that the
highest overestimate values of MAT declines from 11.3 °C to 10.5 °C,
and the lowest underestimate values of MAT increase from −9.7 °C to
−6.9 °C. Our multivariate MAT model is therefore more accurate and
precise than a similarly calibrated leaf-margin analysis equation.

However, limits in the accuracy of temperature estimated from the
multivariate MAT model using synthetic chorologic flora are high-
lighted in our results, therefore reconstructed palaeoclimate results
have substantially overestimated or underestimated MATs in some re-
gions in China. The spatial distribution of the residual plot of MAT
(Fig. 4c) reveals that large MAT overestimates (6.0–10.5 °C) mainly
occurs in the northeast of China, the Qinghai-Tibetan Plateau and
Hengduan Mountains. These areas have extreme cold temperatures and
complex topography. For areas with extreme cold temperatures in
northeastern China (MAT<5.2 °C), it may not be suitable to estimate
palaeoclimate based on leaf physiognomy effects using leaf habit; de-
ciduous habits may have a greater effect than evergreen habits (Chen
et al., 2014). Difficulties in obtaining good predictions for cold regions
have also been observed for climatic estimates based on leaf physiog-
nomy (Spicer et al., 2004), for example Yang et al. (2015) showed that
samples from extremely cold climates in Asiatic Russia (Siberia) were
plotted apart from other regions. In addition, for the Qinghai-Tibetan
Plateau and Hengduan Mountains, alpine nest sites (WMMT<13.2 °C
and CMMT less than −3.1 °C) are known to lower the accuracy and
precision of temperature reconstructions based on leaf physiognomy
(Wolfe, 1993). This result differs from previous studies based on the
CLAMP dataset in China where the effect of the ‘alpine nest’ has not
been previously tested (Jacques et al., 2011). Results in our study also
differ from previous studies due to the large study area, which includes
a wide variation of climate and leaf physiognomy in our dataset. By
contrast, larger underestimations of MAT (6.0–6.9 °C) (Fig. 4c) occurred
in Shanxi (Tanghang Mountains) and Henan provinces (Dabie Moun-
tains), areas which have complex terrain. The very broad ranges of
altitude at country sizes can produce locally more extreme climates in
complex topography regions. It could affect the estimated temperature

in those areas. Therefore, together with extremely cold temperatures,
alpine climatic regions and areas with complex topography can increase
estimation biases of the derived equations.

4.4.2. Estimating MAP from the MLR transfer function
In contrast to MAT, the distribution pattern of predicted MAP from

the MLR transfer function shows a clear pattern in humid regions in
China (Fig. 5b). Results indicated that there was a reduction from the
southeast coast to the northwest interior (Fig. 5b), and the most re-
gional of residual MAP are in standard deviation of the transfer function
(SE) ± within 253.94mm range (Fig. 5c). In addition, our results
showed that the multi-linear transfer function of MAP from leaf phy-
siognomy had a high correlation coefficient of determination
(r2= 0.60, P=10−145). This result differed from those of Traiser et al.
(2005) who used the same method based on the European dataset
(MLR, r2= 0.26, P < 10−5; SE= 143.4 mm), and from those of Peppe
et al. (2011) who examined digital leaf physiognomy using the global
dataset (MLR, r2= 0.27, P=10−6; SE=0.60 (loge, cm)). Thus, our
study demonstrates that reconstructing precipitation based on the MLR
transfer function of MAP with leaf physiognomy is a useful method for
areas experiencing an Asian monsoon climate.

Similarly, the MAP residual plot (Fig. 5c) also highlighted a dis-
tribution pattern representing regions with systematic underestimation
and overestimation of MAPs. For example, significant MAP over-
estimates (500–623mm) occurred in the Yun-Gui Plateau in southwest
China, with the transitional area (TA) for the East Asian Monsoon
(EAM) and the South Asian Monsoon (SAM) (Wang and Ho, 2002). In
contrast, extreme underestimation of MAP (500–927mm) was observed
in Hainan, Guangdong and Guangxi provinces in southern China, with
TA or close to TA (Wang and Ho, 2002). MAP predicted values were
largely overestimated or underestimated mainly in TA, which experi-
ences the influence of both Asian monsoon systems. There are complex
seasonal rainfall variations in these areas (Wang and Ho, 2002), thus
they could potentially affect the accuracy on estimating MAP. There-
fore, it is not surprising that predicted MAPs have a low accuracy in this
area. Therefore, in the transitional areas for EAM and SMA, the MLR
transfer function of MAP also has limitations for reconstructing pre-
cipitation in China.

5. Conclusions

Analysis of the relationships between modern leaf physiognomic
characters and climatic parameters based on a large-scale dataset in
humid regions in China were investigated. Our results show the ex-
istence of a significant correlation between leaf physiognomic char-
acters and climate parameters, in which the distribution patterns of leaf
characters are correlated with both temperature-related parameters
(most notably CMMT) and precipitation-related parameters (most

Table 5
Pearson correlations among climate variables. (r) correlation coefficients; the statistical significance for all: P < 0.001; for all Pearson correlations calibration grids,
n= 732; climate abbreviations and units see Table 3.

r MAT Tsum WMMT CMMT GSL MAP GSP MMGSP Pmax Pmin P3WET P3DAR RH

MAT 1 0.999 0.727 0.945 0.914 0.702 0.771 0.346 0.571 0.494 0.623 0.505 0.499
Tsum 0.999 1 0.725 0.944 0.915 0.703 0.771 0.341 0.571 0.495 0.624 0.506 0.450
WMMT 0.727 0.725 1 0.476 0.542 0.578 0.561 0.369 0.374 0.560 0.387 0.660 0.376
CMMT 0.945 0.944 0.476 1 0.895 0.632 0.718 0.284 0.534 0.355 0.598 0.362 0.382
GSL 0.914 0.915 0.542 0.895 1 0.641 0.759 0.243 0.583 0.357 0.639 0.361 0.354
MAP 0.702 0.703 0.578 0.632 0.641 1 0.975 0.853 0.868 0.769 0.918 0.782 0.720
GSP 0.771 0.771 0.561 0.718 0.759 0.975 1 0.776 0.887 0.660 0.938 0.671 0.702
MMGSP 0.346 0.341 0.369 0.284 0.243 0.853 0.776 1 0.765 0.675 0.785 0.686 0.643
Pmax 0.571 0.571 0.374 0.534 0.583 0.868 0.887 0.765 1 0.482 0.968 0.487 0.555
Pmin 0.494 0.495 0.560 0.355 0.357 0.769 0.660 0.675 0.482 1 0.534 0.984 0.621
P3WET 0.623 0.624 0.387 0.598 0.639 0.918 0.938 0.785 0.968 0.534 1 0.543 0.601
P3DAR 0.505 0.506 0.660 0.362 0.361 0.782 0.671 0.686 0.487 0.984 0.543 1 6.609
RH 0.499 0.450 0.376 0.382 0.354 0.720 0.702 0.643 0.555 0.621 0.601 6.609 1
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notably GSP). In addition, seasonality rainfall variables affected by the
Asian Monsoon might influence leaf physiognomic characters, which
correlate with P3WET more than P3DRY. Our study demonstrates that
multivariate methods are better reflected on leaf physiognomy-climate
correlations rather than univariate methods. Our findings illustrate that
the MLR transfer function using leaf physiognomic parameters based on
a large-scale dataset represents a promising approach for predicting
palaeoclimate in China. In future, MLR transfer functions of MAT may
be improved by incorporating regional constraints (i.e., extremely cold
temperatures, alpine environments and complex topography), and MLR
transfer functions of MAP may also be significantly enhanced.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.palaeo.2019.04.022.
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