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Abstract: Paleobotanists have long built leaf climate models based on site mean of leaf physiognomic
characteristics of woody dicotyledons species (WDS) for estimating past climate. To explore the
potential of the order Ericales in estimating paleoclimate, we developed two linear models for each
climatic factor. One is based on WDS, and the other is based on both WDS and leaf physiognomic
characters of the order Ericales (WDS-E). We found that, compared with WDS models, WDS-E
models improved greatly in mean annual precipitation (MAP), growing season precipitation (GSP)
and mean annual range in temperature (MART). When the minimum species number of the order
Ericales is three per site, the WDS-E models improved the r2 from 0.64 to 0.78 for MART, from
0.23 to 0.61 for ln(MAP), and from 0.37 to 0.64 for ln(GSP) compared with the WDS models. For mean
annual temperature (MAT), the WDS-E model (r2 = 0.86) also exhibited a moderate improvement
in precision over the WDS model (r2 = 0.82). This study demonstrates that other patterns, such as
those of the order Ericales, can contribute additional information towards building more precise
paleoclimate models.

Keywords: leaf physiognomy; paleoclimate; precipitation; temperature; Ericales

1. Introduction

With global warming and the frequent occurrence of extreme weather events (such
as drought), climate change is becoming the main threat to the future of sustainable
development of human beings [1]. Accurate paleoclimate estimation can help scientists
to study and understand how environmental factors, such as greenhouse gases in the
atmosphere, affect the Earth’s climate over time. Then, they can develop models to help
predict how the increase of greenhouse gases and other changes may affect the future global
climate [2]. This will help governments to formulate sustainable development measures.

Leaf physiognomy (size and shape) is strongly correlated with mean annual tem-
perature (MAT) [3–10] and mean annual precipitation (MAP) [11–17]. Based on these
relationships, a variety of leaf physiognomic methods have been developed for recon-
structing paleoclimate, including the famous univariate methods, leaf-margin analysis
(LMA) [6,13] and leaf-area analysis (LAA) [18,19], and multivariate methods, Climate-Leaf
Analysis Multivariate Program (CLAMP) [14,20] and digital leaf physiognomy (DLP) [8,21].
The LMA and LAA are used for estimating MAT and MAP, each based on a single variable,
the percentage of untoothed species at a site and site-mean leaf size, respectively. In order
to improve the accuracy of univariate methods, Wolfe [14,20] developed CLAMP, which
could estimate 11 leaf climatic factors by using 31 classified leaf states. This method has
been widely used and most thoroughly tested [22–24]. At present, the whole CLAMP
database contains 424 modern vegetation sites from all over the world [24]. The DLP is also
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a multivariable method, mainly using continuous variables, which can be used to estimate
10 climatic factors [23], including the growing season precipitation (GSP) and mean annual
range in temperature (MART). The DLP method has been tested several times, and it has
shown its potential in paleoclimate estimation [10,25]. In the current DLP dataset, there are
92 natural or naturalized vegetation sites.

Current leaf-physiognomy climate models using these methods are site-based: that is,
climate is estimated from the site mean of leaf physiognomic characteristics of woody di-
cotyledons species (WDS) [26]. Such estimations require an assumption, to some extent, that
leaf physiognomy responds to climate in the same way, regardless of the species [27–29].
The results of some studies did not support this hypothesis. Royer et al. [30] found that
there were many significant correlations between MAT and leaf physiognomic variables
in Acer rubrum, such as the number of teeth (#Teeth; r2 = 0.54, p < 0.0001) and blade area
(r2 = 0.38, p < 0.0001), but in Quercus kelloggii, these correlations were weaker. An experi-
ment about the effects of leaf physiognomy on temperature in five species also supported
the view that the temperature effects on leaf shape are usually species-specific, so leaf-
climate models should take into account species-specific responses [26]. Studies [10,31] also
showed that there were significant differences between individual climate and tooth size,
shape, and number, Feret’s diameter ratio and leaf size within evergreen than in deciduous
species among woody taxa at individual sites. This also means that other patterns, not
only the across-species mean of leaf physiognomy, may contribute useful information
for estimating paleoclimate. Therefore, constructing leaf climate models using only the
variables of WDS may mask different responses of different species, different families, and
different orders to climate. This is not conducive to the construction of precise models. It
is necessary to test whether independent variables of leaf physiognomy in other patterns,
such as within the order Ericales or the order Rosales, could provide useful information for
paleoclimate estimation. To the best of our knowledge, very few studies have tested the
potential use of the order Ericales for improving leaf-climate models.

Ericales is a large and diverse dicotyledonous plant order that includes about 1200 species
in 21 or 22 families, with its members distributed all over the world [32,33]. Some families
are almost cosmopolitan. For example, Ericaceae, as the dominant group of plants, is
distributed in vast areas of the northern hemisphere, forming a unique heather ecosystem.
Some families are pan-tropical (e.g., Ebenaceae, Lecythidaceae and Sapotaceae), while oth-
ers are restricted to neotropics (e.g., Marcgraviaceae and Theophrastaceae) or concentrated
in more temperate regions (e.g., Clethraceae, Cyrillaceae and Primulaceae) [34]. Ericales
is also one of the orders with the largest sample size in the DLP raw dataset. However,
the relationship between leaf physiognomy of the order Ericales and climate is still poorly
known. This limits our general understanding of the relationships between leaves and
climate, and also limits the value of the order Ericales in paleoclimate reconstructions.

The purpose of this study is not to refute the outstanding performance of previous
methods of leaf climate in reconstructing paleoclimate, such as the CLAMP and the DLP, in
which leaf physiognomic datasets are built by WDS, but rather to explore the potential use
of physiognomic variables for the order Ericales as climate proxies. This study will test:
(1) the correlation between leaf physiognomy of the order Ericales and climate; (2) whether
independent physiognomic variables of the order Ericales can contribute useful information
for establishing more precise models, compared with models built only by independent
physiognomic variables of WDS; and (3) whether the accuracy of linear models has great
difference with the change of species richness of the order Ericales within sites.

2. Materials and Methods
2.1. Dataset

Although the CLAMP global dataset has more modern vegetation sites than that of the
DLP dataset, the CLAMP method mostly uses canonical correspondence analysis to infer
climate, while the DLP method mostly uses linear models. In this study, we will mainly
use linear models for research. Therefore, we chose the DLP method for analysis. The
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dataset of the order Ericales was calculated from the raw DLP dataset [10]. The definitions
of leaf physiognomic characters were based on the research of Royer et al. [8]. Using these
characteristics of leaves, we constructed a total of 27 variables. In the DLP dataset, we
first selected the sites with at least two species of the order Ericales. For the order Ericales,
species means were first calculated, then site means of the order Ericales were derived from
the species means. In the dataset of the order Ericales, there are 55 modern vegetation sites,
and each site has at least 2 Ericales species (Figure 1a), 44 modern vegetation sites, each
with at least 3 species of the order Ericales (Figure 1b) and 32 modern vegetation sites, each
of which has at least 4 species of the order Ericales. (Figure 1c). In order to distinguish
the variables in the different datasets, we prefixed the variable names in the order Ericales
with E.
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2 species of the order Ericales; (b) 44 modern vegetation points, each with at least 3 species of the
order Ericales; (c) 32 modern vegetation points, each with at least 4 species of the order Ericales.

Climate data were extracted from a global, interpolated 1-km spatial resolution climate
model (WORLDCLIM) [35]. The MAT of the order Ericales sites ranged from 0.8 to 27.7 ◦C,
the MART ranged from 0.8 to 27.0 ◦C, the MAP ranged from 19 to 680 cm, and the GSP ranged
from 15 to 469 cm. The Supplementary Materials provide definitions and data of all leaf
physiognomic and climate variables used in this study (Supplementary Tables S1 and S2).

2.2. Correlation Analysis

Pearson correlation analysis is the most commonly used method to measure the
strength of the linear relationship between two numerical variables [36]. It assigns a
value between −1 and 1 called the Pearson correlation coefficient, where 1 is a total
positive correlation, −1 is a total negative correlation, and 0 indicates that there is no linear
relationship between the two variables. As in previous research [10,30], this method was
used to quantify the relationship between leaf characteristic variables and climate variables,
and statistically significant correlations is measured by p-value (p < 0.05).

2.3. Method of Establishing Linear Models

Although there is a complex relationship between plant leaf characters and climate,
the nonlinear leaf climate models also show better performance than linear models [23,25],
we still choose building linear leaf climate models to explore the potential of the order
Ericales. For one reason, it is more complicated and difficult to establish an optimal or
relatively optimal nonlinear model than a linear model. For another reason, the main tool
of the applied statistician remains the linear model [37].

2.3.1. Variable Selection Method for Establishing Multiple Linear Models

We select variables of the linear models in two steps. The first step is accomplished
by stepwise regression. Subset regression is helpful to establish the optimal linear model,
but when there are too many candidate independent variables, this is very difficult [38].
By contrast, stepwise regression is a simple and practical method. Although it can only
construct a relatively optimal model in many cases, it is commonly used in variable selection
and is often reported in empirically-based journal articles [39]. In our datasets, there are at
least 27 candidate independent variables for building models. Therefore, we used stepwise
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regression to establish linear models. In this step, two criteria were used: (1) all independent
variables were required to be significant at the p = 0.05 level; (2) all independent variables
did not show a high degree of collinearity with the other predictor variables (variance
inflation factor) [40]. This work was conducted in SPSS 21 [41]. When the first step was
completed, we then tried to delete some unnecessary variables to improve the model
precision and avoid over-fitting. The criteria of whether a variable was deleted from the
model is based on the r2 of 10-fold cross-validation. If the r2 of the model did not decrease
when a variable was deleted, then we would remove it from the model; otherwise, we
would retain it.

2.3.2. Robust Regression

In regression analysis, the ordinary least square method is commonly used to estimate
the parameters of linear models. However, this method is sensitive to outliers, and it
needs the data to meet the assumption that the error distribution is normal, otherwise
it will behave poorly. Robust regression is a method of robust estimation in statistical
regression analysis which can solve the problem. “Modern Applied Statistics with S
(MASS)” introduces the theory of robust regression [42]. The main concept of robust
regression is to eliminate or weaken the influence of outliers on parameter estimation
by iteratively weighting the objective function of ordinary least square regression so as
to ensure the reliability of results. The most common method of robust regression is
M- estimation [43] which can be regarded as a generalization of maximum-likelihood
estimation. In R software of version 3.4.1, the rlm() function in the “MASS” package could
be used to realize M-estimation.

2.4. Evaluation of Model Precision
2.4.1. 10-Fold Cross-Validation

K-fold cross-validation is a widely used statistical method for estimating the predictive
ability of models. In k-fold cross-validation, firstly, the dataset is divided into k equal (or
approximately equal) sub-datasets. One dataset is used for validation, while the other k-1
datasets are used for model training. This process is repeated k times until the entire dataset
is used for validation. Finally, the evaluation index of the model on k different sub-datasets
are averaged to get the overall evaluation index of the model. However, the estimated
value fluctuates under the influence of random sampling. In order to provide a reliable
estimate, a common strategy is to perform 10 times of 10-fold cross validations [44]. Here,
the repeated cross-validation indexes of the models (i.e., RMSE and r2) was calculated in R
version 3.4.1 [45].

2.4.2. Stratified Random Sampling in Cross-Validation

Stratified random sampling is a probability sampling method and a form of random
sampling in which the population is divided into two or more groups (strata) according
to one or more common attributes. It can ensure that the proportion of each category is
approximately equal to the proportion of the population data after random division [46].
In 10-fold cross-validation, we used stratified random sampling to divide the sub-datasets.

2.4.3. Evaluation Indexes of Linear Models

The determination coefficient (r2) and Root Mean Squared Error (RMSE) are mainly
used as evaluation indexes of models, and we used them to evaluate the precision of each
model here. The definitions of r2 and RMSE are as follows:

r2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − yi)2

(1)



Sustainability 2022, 14, 4008 6 of 14

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

where n is the number of observations or samples, yi is the observed value, ŷi is the
predicted or estimated values, and yi is the average of the observed values.

The index r2 measures the portion of the observation change that is explained by the
predictions, and is usually between 0 and 1. However, r2 can also be less than 0 when it
is calculated in cross-validation. The closer r2 gets to 1, the closer the prediction is to the
observation. RMSE measures the average deviation between the predicted and the observed
values. The smaller the RMSE value, the closer the prediction is to the observation. In order
to evaluate the potential of the independent variables of the order Ericales in past climate
estimation, two-class multivariate linear models were established. One was established
based on the leaf physiognomic variables of WDS, while the other was established based
on leaf physiognomic variables of both WDS and the order Ericales (WDS-E).

3. Results

We first built leaf-climate linear models by the stepwise regression method based on
the dataset which contained at least three species per site, and found that physiognomic
variables of the order Ericales were of great help to improve the fitting precision of MAT,
MART, MAP, and GSP. Therefore, here we only present the correlation analysis between
the order Ericales and these four climate factors, and establish two class models for these
four climatic factors.

3.1. Correlations between Physiognomic Variables of the Order Ericales and Climatic Variables

Many leaf physiognomic variables of the order Ericales are significantly correlated
with MAT (Supplementary Table S3). Notably, there is a significant positive correlation
between MAT and many leaf size-related variables, including E-ln (leaf area) (r2 = 0.48,
p < 0.001), E-Feret’s diameter (r2 = 0.38, p < 0.001), E-Perimeter (r2 = 0.37, p < 0.001), E-Major
length (r2 = 0.37, p < 0.001), and E-ln (internal perimeter) (r2 = 0.37, p < 0.001). Among these
variables, E-ln (leaf area) has the strongest correlation with MAT, while among the leaf
physiognomic variables of WDS, percent of untoothed species has the strongest correlation
with MAT [10]. In addition, MAT shows a negative correlation with E-Primary teeth
(r2 = 0.10, p < 0.05), E-#Teeth (r2 = 0.10, p < 0.05), and some other teeth-related variables, such
as E-#Teeth/Peri (r2 = 0.22, p < 0.001), E-#Teeth/IntPeri (r2 = 0.22, p < 0.001), E-#Teeth/BA
(r2 = 0.27, p < 0.001) and TA/BA(r2 = 0.11, p < 0.05). These results suggest that the order
Ericales in cold climates generally has fewer and smaller teeth.

There are significant negative correlations between MART and many leaf size-related
variables, such as E-blade area(r2 = 0.19, p < 0.001), E-Leaf area (r2 = 0.19, p < 0.001),
E-Perimeter (r2 = 0.26, p < 0.001), E-Feret’s diameter (r2 = 0.24, p < 0.001), E-ln (Major
length) (r2 = 0.26, p < 0.001), and E-Internal perimeter (r2 = 0.27, p < 0.001). This means the
greater the change in MART, the smaller the leaf size.

Only a few physiognomic variables of the order Ericales correlate significantly with
ln(MAP). Ln(MAP) is positively correlated with E-Perimeter (r2 = 0.11, p < 0.05), E-Internal
perimeter (r2 = 0.10, p < 0.05) and E-Major length (r2 = 0.11, p < 0.05). These variables also
have similar significant correlation with E-ln(GSP). This means that in humid climates, the
leaves of the order Ericales are larger.

3.2. Precision Comparison of Two Classes of Linear Models

WDS-E and WDS models shown here are based on 44 modern sites which had at
least 3 species of the order Ericales per site. Compared with the WDS models, the pre-
cision of all WDS-E models is improved (Table 1, Figures 2–5). For MAT, the WDS-E
linear model [RMSE = ±2.7 ◦C; r2 = 0.86; Table 1; Figure 2b] exhibits a moderate improve-
ment compared with that of the WDS linear model [RMSE = ±3.1 ◦C; r2 = 0.82; Table 1;
Figure 2a]. However, for MART, the precision of the WDS-E model [RMSE = ±3.8 ◦C;
r2 = 0.78; Table 1; Figure 3b] is much higher than that of the WDS model [RMSE = ±4.9 ◦C;
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r2 = 0.64; Table 1; Figure 3a]. For ln(MAP), the WDS-E model has much better
precision [RMSE = ±0.32 (ln, cm); r2 = 0.61; Table 1; Figure 4b] than the WDS
model [RMSE = ±0.45 (ln, cm); r2 = 0.23; Table 1; Figure 4a]. For ln(GSP), the precision of
the WDS-E model [RMSE = ±0.40(ln, cm); r2 = 0.64; Table 1; Figure 5b] also improves a lot
compared with the WDS model (RMSE = ±0.53 (ln, cm); r2 = 0.37; Table 1; Figure 5a).

Table 1. Precision comparison of two classes of liner models based on 44 modern vegetation sites
which had at least three species of the order Ericales per site for mean annual temperature (MAT),
mean annual range in temperature (MART), mean annual precipitation (MAP) and growing season
precipitation (GSP). RMSE and r2 were calculated by repeating 10-fold cross-validation 10 times.
WDS model = multiple linear model based on site mean of leaf physiognomic characteristics of
woody dicotyledonous species; WDS-E model = multiple linear model based on both site mean of leaf
physiognomic characteristics of woody dicotyledonous species and leaf physiognomic characteristics
of the order Ericales.

Model r2 RMSE Predictor Variables

MAT (response variable)

WDS model 0.82 3.1 (◦C)
Percent untoothed
Feret’s diameter ratio
Peri/Area

WDS-E model 0.86 2.7 (◦C)

Percent untoothed
Peri/Area
ln(#Teeth/IntPeri)
E-leaf area
E- TA/Peri

MART (response variable)

WDS model 0.64 4.9 (◦C) Percent untoothed
#Teeth

WDS-E model 0.78 3.8 (◦C)
Percent untoothed
E- ShapFact
E- #Teeth/Peri

ln(MAP) (response variable)

WDS model 0.23 0.45 (ln, cm) Leaf area
TA/IntPeri

WDS-E model 0.61 0.32 (ln, cm)

Percent untoothed
ShapFact
#Teeth
E-Percent untoothed
E-TA/BA

ln(GSP) (response variable)

WDS model 0.37 0.53 (ln, cm)
Percent untoothed
#Teeth
TA/IntPeri

WDS-E model 0.64 0.40 (ln, cm)
Percent untoothed
#Teeth
E-TA/IntPeri
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3.3. Precision of the Two Classes of Linear Models at Three Different Levels of the Species Numbers
of the Order Ericales

To test whether the number of species of the order Ericales at sites affects the precision
of the linear models, we also established linear models at the other two levels based on at
least two species and on at least four species of the order Ericales per site, and calculated
their prediction precision.
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Based on the repeated 10-fold cross-validation, all WDS-E models have better pre-
diction precision than corresponding WDS models, and their precision only fluctuates
slightly at three different levels (Figures 6 and 7). Compared with WDS models, WDS-E
models have greatly improved for MART, MAP and GSP at all three levels. For MAT, the
precision of WDS-E is moderately improved compared with that of the WDS model when
the minimum species number of the order Ericales is three, but at the other two levels, the
WDS-E models have also been greatly improved.
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4. Discussion

Our study demonstrates the feasibility of using the order Ericales to improve the
precision of leaf climate models. Many leaf physiognomic variables of the order Ericales
are significantly related to climate, although some of their correlations are weaker than cor-
responding variables of WDS and climate. However, the aim of this study is not to develop
proxies of the order Ericales to replace those of WDS, but to take them as a supplement
for improving the prediction accuracy of leaf climate models. Our results showed that
when the linear model was established, the order Ericales had a great probability to help to
establish more accurate leaf climate models, since all WDS-E models had better precision
than corresponding WDS models at three different levels. Although two-class models
might not be optimal in this study, they were constructed in the same way. Meanwhile, all
variables in our models are significant at the level of 0.05, and have no large collinearity
problem with each other. The M-estimation method we used eliminated or weakened the
influence on the stability of model parameter estimation by allowing the error to not be
normally distributed. The variable selection method used for building models eliminated
the problem of over-fitting. The indexes of repeating 10-fold cross-validation 10 times were
also a robust evaluation of the model predictive performance, which had been used many
times in previous studies.

Although our research has shown that the order Ericales can provide additional
information to build more precision models, further testing is needed. One reason is that
data sites are insufficient in this study. We established three-level linear models based
on the minimum number of species in the order Ericales. However, the largest dataset
contains 55 modern vegetation sites, whereas the smallest dataset contains only 32 modern
vegetation sites. Although more than 32 data points are sufficient to establish multiple
linear models, they are not evenly distributed all over the world (Figure 1) and represent
limited climate diversity. Obviously, in order to further verify our conclusion, more sites of
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modern vegetation should be increased, which contain the order Ericales and represent
more diverse climates.

Another consideration is that the leaf climate models established in this study are just
linear models. There is a complex relationship between leaf shape and climatic factors,
which is likely to be nonlinear. Previous studies have also showed that nonlinear methods,
especially machine learning methods that can simulate nonlinear relations, can produce
better prediction accuracy than linear models [23,25]. However, it is more complicated
and difficult to establish optimal or relatively optimal nonlinear models, especially for
establishing machine learning models which usually need a lot of data, but our data are
limited. Therefore, we need to test whether variables of the order Ericales can improve the
prediction precision of nonlinear models on the basis of increasing data in future studies.

Because different datasets are used, it is inappropriate to compare the precision of
WDS-E models with that of leaf climate models in previous studies. However, the preci-
sion of our WDS-E models is still inspiring. Our WDS-E MAT liner model has a similar
prediction precision with the artificial neural network model built based on CLAMPE data
of 376 sites (r2 = 0.86) [23], and is more precise than the machine learning model based on
DLP data from 92 sites (r2 = 0.77) [25]. Thus, when the DLP method was used to reconstruct
paleoclimate from fossil floras, it was necessary to establish WDS-E models if there were
fossil leaves of the order Ericales, though this would require further work. This further
work includes not only establishing more models, but also identifying whether the fossil
leaves belong to the order Ericales. Moreover, this method has high reliability only when
used for cenozoic fossils (65 million years old or younger) [10,46].

The species composition of fossil leaves may vary greatly in different fossil floras.
Some fossil floras may even have no fossil leaves of the order Ericales. All of these will
affect the application of WDS-E models. Therefore, it is necessary to establish both WDS
models and multi-level leaf-climate WDS-E models so as to select the most appropriate
models according to the characteristics of leaf fossil specimens for different fossil sites.

5. Conclusions

Our study is the first to demonstrate the potential value of the order Ericales for
paleoclimate reconstruction by modelling. We also offered a new approach for building leaf
climate models by mixed-physiognomic variables of both WDS and the order Ericales. The
traditional DLP method uses leaf physiognomic variables of WDS to estimate paleoclimate.
However, the responses of leaf shape to climate vary with species. Other patterns can
also provide additional information for establishing more precise paleoclimate models.
Our results showed that many leaf size related variables of the order Ericales correlated
strongly with MAT, MART, while only a few leaf size related variables of the order Ericales
correlated significantly with ln(MAP) and ln(GSP). The precision comparison of two-class
models suggested that the physiognomic variables of the order Ericales could help build
more precise linear models for MAT, MAP, GSP, and MART. Overall, this study has offered
a new method for improving paleoclimate reconstruction models.
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//www.mdpi.com/article/10.3390/su14074008/s1, Table S1: Leaf physiognomic data and climatic
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climatic variables and physiognomic variables of the order Ericales.
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