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A B S T R A C T   

Terrestrial palaeo-temperature data are of great value in improving our understanding of past climate and they 
provide a basis for evaluating climate simulations. Such data are, however, poorly constrained for long time- 
scales. In addition to the scarcity of high-quality continuous time-series, finding proxies with a clear response 
to past temperature changes and developing appropriate reconstruction methods are major challenges. We 
present a new and robust method – Locally-weighted Weighted-average partial least squares (LW-WAPLS) to 
reconstruct quantitative temperature changes based on a high-resolution 1.74-Ma pollen record from the Zoige 
Basin on the eastern Tibetan Plateau, where the vegetation today is mainly controlled by temperature. The 
reconstructed mean annual (MAT) and warmest month (MTWM) temperatures reveal a general cooling trend 
with two major shifts at ~1.54 and 0.62 Ma BP, and regular glacial-interglacial variability ranging from ~ − 4 to 
2 ◦C and from 8 to 16 ◦C, respectively. They indicate ~4–5 ◦C (MAT) and ~ 5–6 ◦C (MTWM) magnitudes of 
glacial-interglacial temperatures. Both statistical and ecological evaluations validate the reliability of the re
constructions. The reconstructions provide important insights into the spatial aspects of long-term terrestrial 
temperature change. LW-WAPLS shows advantages over both the traditional modern analogue technique and 
non-linear transfer-function methodologies such as WAPLS for reconstructing the broad-scale climate changes for 
the Zoige Basin, by combining the strength of both methods. The LW-WAPLS approach potentially provides a 
robust tool to develop pollen-based climate reconstructions over long time-scales.   

1. Introduction 

Quantitative temperature reconstructions over long time-scales are 
of great value for understanding past climate dynamics and in providing 

insights into present and future climate warming. Available ice-core and 
marine records (e.g. Petit et al., 1999; Jouzel et al., 2007; Herbert et al., 
2010; Snyder, 2016) provide an important framework for high-latitude 
air temperature and sea-surface temperature change at glacial- 
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Fig. 1. Location map of the study site and other long records from lake sediments. They include: Zoige core ZB13-C2, this study, yellow dot; Lake El’gygytgyn (Melles 
et al., 2012; Brigham-Grette et al., 2013); Lake Baikal (Prokopenko et al., 2006); Tenaghi Philippon (Tzedakis et al., 2006); Lake Ohrid (Wagner et al., 2019); Lake 
Malawi, (Johnson et al., 2016); Bogotá Basin (Torres et al., 2013); and Heqing (An et al., 2011). (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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interglacial scales, such as the Middle Pleistocene Transition, the larger 
magnitude of interglacials after the Mid-Bruhnes Event, and millennial 
abrupt changes. 

Terrestrial long-term archives with reasonable temporal resolution 
are, however, very scarce. Available records with an average resolution 
of <2000 years (see Fig. 1) include: the 3.6-Ma XRF and pollen record 
(but restricted to several interglacials during the Quaternary) from Lake 
El’gygytgyn (Melles et al., 2012; Brigham-Grette et al., 2013); the 1.8- 
Ma biogenic silica record from Lake Baikal (Prokopenko et al., 2006); 
the 1.35-Ma pollen record from Tenaghi Philippon (Tzedakis et al., 
2006); the 1.36-Ma pollen and total organic carbon records from Lake 
Ohrid (Wagner et al., 2019); the 1.3-Ma TEX86, Ca, and leaf wax δ13C31 
records from Malawi Lake (Johnson et al., 2016); the 2.5-Ma pollen 
record from the Bogotá Basin (Torres et al., 2013); and the 2.6-Ma Rb/Sr 
ratio, TOC, and Tsuga pollen records from Heqing Paleolake in south- 
western China (An et al., 2011). The oldest loess sequence in China 
dates back to ~22 Ma (Guo et al., 2002), and there are a number of 
grain-size, magnetic susceptibility, and Fet/Fed ratio records from loess 
sections that cover the Quaternary (e.g. Guo et al., 2000; Ding et al., 
2002). Few of these records provide temperature reconstructions. Melles 
et al. (2012) and Brigham-Grette et al. (2013) present temperature re
constructions for the Lake El’gygytgyn region, but the reconstructions 
are restricted to 3.6–2.2 Ma and to some interglacials over the past 
2.2 Ma based on the best analogue method (BAM) and pollen data. At 
Lake Malawi, a continuous terrestrial temperature record spanning the 
past 1.3 Ma was reconstructed from the TEX86 record. Chevalier et al. 
(2020a) recently reconstructed the temperature changes of south- 
eastern Africa over the past 790 ka using the Bayesian method CREST 
(Climate REconstruction SofTware) based on pollen assemblages from a 
marine core (with a coarse resolution of 3–6.7 ka). A scarcity of high- 
quality continuous terrestrial quantitative palaeoclimate records has 
greatly hampered the investigation of global and regional features at 
glacial-interglacial time-scales and hence evaluating climate simulations 
to help understand long-term climate dynamics. 

In addition to the scarcity of high-quality continuous geological 
time-series, finding proxies with a clear temperature signal and appro
priate reconstruction methods is a major challenge. Pollen has been long 
recognized as a powerful proxy used for quantitative climate re
constructions (e.g. Webb and Bryson, 1972). Previous studies for the 
period since the Last Glacial Maximum (LGM) have demonstrated that 
the quality of the modern pollen training-set, the sensitivity of vegeta
tion to climate variables, and the selection of appropriate numerical 
approaches, are critical for robust climate reconstructions (Birks et al., 
2010; Chevalier et al., 2020b). Various techniques have been widely 
applied in pollen-based palaeoclimate reconstructions (Birks et al., 
2010; Chevalier et al., 2020b). These include presence-only distribution 
data based on the indicator-species approach (e.g. Probability Density 
Functions; Kühl et al., 2002, 2007; Chevalier et al., 2020a, 2020b), 
multivariate transfer-functions (e.g. WA/WA-PLS; Birks et al., 1990a, 
2010), and the modern analogue technique (Overpeck et al., 1985; 
Guiot, 1990). Recent advances in computation and efficient algorithms 
allow a Bayesian approach, defined using conditional probability dis
tributions (Chevalier et al., 2020b). Such approaches are becoming more 
easily applicable (e.g. Haslett et al., 2006; Holden et al., 2017). An 
inverse-vegetation modelling approach, which considers various envi
ronmental conditions such as lowered atmospheric CO2 concentrations, 
has been developed and used to reconstruct climate in Europe, Africa, 
and North America (e.g. Guiot et al., 2000; Wu et al., 2007a, 2007b; 
Izumi and Bartlein, 2016). All techniques have their own set of advan
tages and limitations (Birks et al., 2010; Chevalier et al., 2020b). For 
example, due to the large-magnitude temperature changes over glacial- 
interglacial cycles, the commonly used traditional multivariate transfer- 
function approach can produce large uncertainties due to problems such 
as edge effects and overfitting (Birks et al., 2010). Instead, the modern 
analogue technique, also known as the best analogue method (BAM), is 
widely used for many records spanning the LGM and longer time-series 

(e.g. Melles et al., 2012; Brigham-Grette et al., 2013). However, the 
modern analogue technique often encounters spatial autocorrelation 
problems, leading to over-optimistic prediction errors (Juggins and 
Birks, 2012; Telford and Birks, 2005; Birks et al., 2010). It may also tend 
to produce noisy or “spiky” reconstructions with a small number of 
analogues, or flat profiles with a large number of analogues, which may 
damp out fine-scale variation (Birks et al., 2010; Juggins and Birks, 
2012). Another major limitation of the modern analogue method is the 
occurrence of “no-analogue” assemblages in the past. Therefore, multi
ple techniques should be examined for selecting the most appropriate 
approach, due to differences in training-set size, temporal and spatial 
scales of study, research questions, taxonomic diversity, and the form 
and complexity of species-environment relationship (Birks et al., 2010; 
Juggins and Birks, 2012; Chevalier et al., 2020b). 

The Tibetan Plateau is one of the key regions for filling the long-term 
palaeoclimatic data gap, as its thermal effect plays a crucial role in 
modulating Asian monsoons, arid environments in Central Asia, and 
even global climate (Dallmeyer et al., 2011; Abe et al., 2013; Wu et al., 
2015). We present a 1.74-Ma high-resolution pollen sequence from the 
Zoige Basin in the eastern Tibetan Plateau, whose vegetation today is 
very sensitive to temperature variability. We developed a novel and 
robust approach - LW-WAPLS (Locally-weighted Weighted-average 
partial least squares) to derive quantitative temperature estimates. 
The multi-proxy (including pollen) data and temperature re
constructions are briefly presented by Zhao et al. (2020), which focus on 
the spectral features of the reconstructed orbital-suborbital climate 
change and its dynamics. Here, we present and discuss the detailed 
quantitative reconstruction approach and evaluations of the re
constructions. Our objectives are to: (1) assess the robustness of LW- 
WAPLS based on comparisons with other related approaches and the 
critical evaluation of the results; (2) provide a high-resolution temper
ature sequence for the Tibetan Plateau over the past 1.74 Ma; and (3) 
briefly discuss the latitudinal gradients of the magnitude of the tem
perature changes at glacial-interglacial scales. 

2. Materials and methods 

2.1. Study region 

The Zoige Basin is located on the eastern Tibetan Plateau (Fig. 1; 
Supplementary (S) Fig. 1). Mean annual temperature at the Maqu and 
Zoige meteorological stations within the basin is ~1.4–1.8 ◦C (based on 
data from 1981 to 2010 downloaded from China Meteorological 
Administration: http://data.cma.cn) (Supplementary (S) Table S1). July 
(the warmest month) temperature is ~10.8 ◦C and January (the coldest 
month) temperature is ~ − 10.2 ◦C. The below-zero season is from 
November to March. Mean annual precipitation is about 600–650 mm. 
As the Zoige Basin is heavily influenced by the Asian monsoon, most 
precipitation falls as rain during the summer months (Fig. S1) and thus 
temperature and precipitation are highly correlated (Fig. S2). 

The Zoige Basin is presently covered by alpine meadows dominated 
by Kobresia spp. and related taxa. The surrounding mountains support 
scattered forests up to ~4000 m above sea level (a.s.l.), mainly 
composed of Picea asperata, P. wilsonii, P. purpurea, Abies faxoniana, 
Pinus densata, Betula platyphylla, and Quercus liaotunggensis, and by 
shrubs, mainly Salix spp. and Rhododendron spp. (Hou, 2001; Shen et al., 
2005). Temperature is the dominant climate control for these major 
vegetation types in this forest-alpine meadow ecotonal area (Shen et al., 
2003; Zhao et al., 2011; Fig. S1). 

2.2. Fossil pollen record 

A 573.39 m-long sediment core ZB13-C2 (33◦58.163′N, 
102◦19.855′E, 3434 m a.s.l) was retrieved in 2013 from the Zoige Basin 
(Zhao et al., 2020), which finally dried out at ~30 ka BP due to river 
capture by the Yellow River (Chen et al., 1999). Orbitally-tuned 
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Fig. 2. Pollen percentage diagram of the major taxa and biome reconstruction from the Zoige Basin core ZB13-C2 (from Zhao et al., 2020). A. Pollen percentage 
diagram. The pollen zonation is based on CONISS results aided by a multivariate regression tree analysis, which shows the biggest assemblage changes at 1.54 Ma BP 
and 0.62 Ma BP. B. Combined biome reconstruction. 
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Fig. 3. Distribution of the samples in the modern pollen training-sets. A. All the modern pollen sites (grey dots) and analogue training sites (red dots). B Mean annual 
precipitation (MAP), C mean temperature of warmest month (MTWM), and D mean annual temperature (MAT) distribution patterns of the calibration-set selected for 
LW-WAPLS and the modern meteorological observations in the study region (black dashed line). (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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Fig. 4. Correlation analysis of climate variables. M: mean; T: temperature; H: humidity; S: summer; A: annual; WM: warmest month; CM: coldest month. 6 major 
variables include: MTCM =mean temperature of coldest month; MTWM =mean temperature of warmest month; MAT =mean annual temperature; MPCM = mean 
precipitation of coldest month; MPWM = mean precipitation of the warmest month; MAP =mean annual precipitation. 
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timescales, with palaeomagnetic, radiocarbon (AMS 14C), and lumi
nescence (OSL) dating controls, date the base of the core at ~1.74 Ma BP 
(Zhao et al., 2020). 

A total of 2787 pollen sub-samples of ~2–8 cm3 volume were taken 
at ~20-cm intervals. The temporal resolution is ~600 yr. Laboratory 
treatments are described in Zhao et al. (2020). 

A summary percentage pollen diagram (Fig. 2) is shown and briefly 
described in Zhao et al. (2020). The entire pollen sequence is dominated 
by Picea, along with Pinus, Betula, and Quercus, and meadow/steppe taxa 
such as Cyperaceae, Asteraceae, Artemisia, and Poaceae. The percentage 
pollen diagram is divided into 3 pollen-assemblage zones, with subzones 
when necessary, based on a stratigraphically constrained hierarchical 
cluster analysis (CONISS) aided by multivariate regression trees (MRT) 
(Zhao et al., 2020; Fig. 2). 

Zone ZB-1 (1.74–1.54 Ma BP; 573.39–493.7 m): The pollen assem
blages are marked by conifer and deciduous mixed forest taxa (mostly 
Picea with percentages up to 68%, along with Pinus, Betula, and Quercus) 
during interglacials and steppe taxa (dominated by Artemisia) during 
glacial times. This zone has the highest percentages of Artemisia and 
deciduous tree pollen throughout the core. 

Zone ZB-2 (1.54–0.62 Ma; 493.7–215.6 m): Assemblages shift be
tween conifer forest during interglacials and meadow (dominated by 
Cyperaceae and steppe taxa) during glacials. The two subzones are 
delimited based mostly on increasing abundances of steppe taxa (mainly 
Poaceae and Ranunculaceae) at ~1.03 Ma BP. 

Zone ZB-3 (0.62–0 Ma BP; 215.6–0 m): Over the last 0.62 Ma, the 
percentages of tree taxa greatly decrease. A less prominent change is 
observed at ~0.41 Ma BP after which Taraxacum-type and Poaceae 

pollen percentages decline. 

2.3. Modern pollen data-set 

The modern pollen data-set used for the quantitative reconstruction 
comprises 5405 samples across China and part of Mongolia (location see 
Fig. 3A), including 1756 samples derived from the East Asian Pollen 
Database (Zheng et al., 2008), 1387 new samples (unpublished data; 
Table S2), and 2272 from Herzschuh et al. (2019). Most modern samples 
come from surface soils (3382 samples), surface lake-sediments (680 
samples), or moss-polsters (1112 samples). 

To obtain a high-quality training-set or calibration-set, we first 
deleted 144 samples with <100 grains pollen counts and 94 samples 
from strongly human-disturbed vegetation types such as by cultivated 
areas. We then excluded 36 potential outliers identified using hierar
chical cluster (H-cluster) analysis. We used 85% of the abundance ex
tremes of rare pollen taxa as a threshold (see Fig. S3). We further 
excluded 253 samples from air-traps and dust-flux collectors because 
their pollen assemblages are potentially biased due to their different 
taphonomies and complex depositional processes, which is supported by 
their high RMSE (root mean square error) as estimated by leave-one-out 
cross validation. The remaining 4878 samples form the basis for our 
quantitative reconstruction. 

In order to estimate the modern climate at the sites of the 4878 
modern samples, we applied thin plate spline regression (Hijmans et al., 
2005) to interpolate the modern climate data from 756 stations across 
China for the interval of 1981–2010 (http//:data.cma.cn) (Table S1), 
using the R package Fields (Nychka et al., 2020). 

Table 1 
Summary statistics for Variance Inflation Factors (VIF) with 6 variables and the explained variance of each climate variable as the sole predictor for samples in the 
training-set using canonical correspondence analysis (CCA).  

Climate variables VIF Run1 (all variables) VIF Run2 (without MTWM) VIF Run3 (without MTCM) VIF Run4 (4 variables) Climatic variables as sole predictor 

Explained variance p-value 

MPCM 4.87 3.54 3.79 2.30 2.03 0.005 
MPWM 15.85 14.63 15.00 – 2.79 0.005 
MAP 28.05 21.59 23.19 2.32 2.64 0.005 
MTCM 57.16 7.64 – – 3.85 0.005 
MTWM 45.66 – 3.31 3.14 5.21 0.005 
MAT 119.58 7.71 3.26 3.17 5.07 0.005 

Notes: Runs 1–4 illustrate the process of variable selection. Run 1: with all variables; Run 2: without MTWM; Run 3: remove MTCM; Run 4: remove MTCM, MPCM, and 
MPWM. 
MPCM: mean precipitation of coldest month. MPWM: mean precipitation of warmest month. MAP: mean annual precipitation. MTCM: mean temperature coldest 
month. MTWM: mean temperature of warmest month. MAT: mean annual temperature. 

Fig. 5. Time-track analysis based on canonical cor
respondence analysis (CCA). The CCA shows the re
lationships between the modern training-set samples 
(grey dots) and four climate variables – mean pre
cipitation of the coldest month (MPCM), mean annual 
temperature (MAT), mean annual precipitation 
(MAP), and mean temperature of the warmest month 
(MTWM). The fossil samples (red dots) were pro
jected passively onto the CCA. (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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2.4. Assessment of the critical climate forcing variable(s) 

We applied several numerical methods to assess the critical climate 
forcing variable(s) for both the modern pollen and fossil pollen data 
(Juggins, 2013; Chevalier et al., 2020b). Pearson correlation coefficients 
between the climate variables for the 597 modern analogue samples 
were used to identify collinearity relationships among variables (Jug
gins and Birks, 2012). Variance inflation factors (VIFs) derived from 
canonical correspondence analysis (CCA) were used to remove those 
variables showing high multicollinearity until the VIF value was low 
(Ter Braak and Verdonschot, 1995). The relative contribution of each 
climate variable was estimated by the ratio (λ1,/λ2) of the constrained 
eigenvalue (λ1) to the first unconstrained eigenvalue (λ2) in the CCAs 
(Ter Braak, 1988). The variables making a small numerical contribution 
were progressively removed (Ter Braak and Verdonschot, 1995; Cao 
et al., 2014). 

The Spearman coefficient for mean annual precipitation (MAP) vs. 
the warmest month precipitation (MPWM) is 0.933, indicating a strong 
monotonic relationship (Fig. 4). Therefore, MPWM was not used for 
reconstruction because of this strong co-linearity and its dominant 
contribution to MAP. MPCM was not included in the subsequent analysis 
in light of its limited numerical contribution and unclear ecological 
significance in the study region. 

The VIF results indicate that MAT, MTWM, and MTCM contain much 
co-varying information (Table 1). When MTWM is removed, the VIF 
value of MTCM still exceeds 7.64. In contrast, the VIF value of MTWM is 
only 3.31 without MTCM. In addition, when the explained variance of 
the climatic variables is regarded as a sole predictor (λ1/λ2), MAT and 
MTWM show a better performance than any other variable (Table 3). 
Therefore, compared with MTCM, MTWM has a lower collinearity with 
MAT and thus potentially more explanatory power for the modern 
pollen data. 

In order to illustrate the possible changes of the critical climate 
variables through time, a time-track analysis (Birks et al., 1990b; Jug
gins and Birks, 2012), was made based on the composition of the fossil 
samples and the modern taxon scores. The fossil samples were projected 
passively onto the underlying CCA modern ordination axes. The time- 
track of the sediment-core samples within the CCA reflects composi
tional similarities between the modern and fossil samples in relation to 
changes in the constraining climate variables (Birks et al., 1990b). The 
time-track plot indicates that the fossil pollen samples mostly fall par
allel to the MTWM gradient and partly along the MAT gradient (Fig. 5), 
suggesting that the warmest month temperature (MTWM) is the main 
driver of long-term vegetation change at Zoige. Although mean precip
itation of the coldest month (MPCM) and mean annual precipitation 
(MAP) have long biplot arrows (Fig. 5), we do not consider them to be 
the main drivers of long-term change for ecological reasons as explained 
below. 

The assessment process so far is based purely on regional statistical 
indicators. As Chevalier et al. (2020b) emphasize, ecological aspects 
should also be considered. The modern vegetation in the eastern Tibetan 
Plateau is strongly influenced by the Asian summer monsoon. A stronger 
monsoon with a warmer and moister climate would cause an expansion 
of tree populations. However, in the alpine Zoige region, where moisture 
availability is relatively high, the density and elevational limits of forests 

are primarily controlled by temperature (Shen et al., 2005), particularly 
summer temperature, as cold-tolerant species (e.g., Picea, Abies, and 
other alpine taxa) are able to tolerate winters (frozen season) in this 
region. This is confirmed by the distinct elevational distribution of 
modern vegetation (see Fig. S1). Over long timescales, variations of the 
AP% in the core may mostly be a reflection of changes in temperature, 
particularly summer (growing season) temperature. 

In summary, MTWM is considered to be the most appropriate climate 
variable for the final reconstruction on both statistical and ecological 
criteria. However, MAT, MTWM, and possibly MTCM contain much co- 
varying information, and reconstructions for individual variables may 
provide additional annual or seasonal perspectives. 

2.5. Reconstruction model establishment 

Multivariate calibration-function approaches (e.g. WA and WAPLS) 
and the modern analogue technique are commonly used for climate 
reconstructions based on fossil pollen percentage data. Multivariate 
calibration-function approaches assume either a linear or unimodal 
species-environment response and are inverse regression and calibration 
procedures (Birks et al., 2010; Juggins and Birks, 2012). WA and WAPLS 
assume a unimodal species–environment response. They are relatively 
robust to spatial autocorrelation (Telford and Birks, 2005). They 
generalize species–environment relationships well from moderately 
sized data-sets but perform less well with large heterogeneous training- 
sets because of edge effects, overfitting, secondary gradients and other 
sources of noise (Juggins and Birks, 2012; Juggins, 2013). The modern 
analogue technique, on the other hand, can perform well with large 
data-sets because it can model local relationships (Birks et al., 2010). 
However, it can produce ‘noisy’ reconstructions because it can model 
too much local structure in the training-set due to spatial autocorrela
tion (Telford and Birks, 2005), particularly when there are no analogues 
or only poor analogues. A small number of analogues will tend to pro
duce “spiky” reconstructions, whereas a larger number will dampen out 
fine-scale variation and produce a “flatter” profile. 

LW- WAPLS is a compromise between the “local” modelling aspect of 
the modern analogue technique and the “global” modelling aspect of 
WAPLS, as it seeks to exploit the best features of both approaches 
(Juggins and Birks, 2012). It is very much a “hybrid” method that takes 
advantage of the modern analogue technique and of WA/WAPLS. It first 
selects a local training-set of size k for a fossil sample using a distance 
(=dissimilarity) criterion or a predefined numerical criterion (Simpson, 
2012) in the modern analogue technique. A much larger number of 
analogues (at least 20; Juggins and Birks, 2012) than in the conventional 
modern analogue method reduces the autocorrelation problem. More
over, WAPLS, rather than averaging reconstructions derived from the 
modern analogue technique, is then applied to develop a reconstruction 
for each fossil sample based on the local training-set, which potentially 
reduces uncertainties. In other words, LW-WAPLS helps to minimize the 
problem of modern sample selection for traditional transfer-function 
methods (e.g. WA, WAPLS) and analogue failure (e.g. too few ana
logues) for the modern analogue technique. It exploits the advantage of 
increased environmental and biological coverage given by very large 
training-sets without suffering the disadvantage of increased prediction 
error (Juggins and Birks, 2012). Therefore, it is potentially a useful 

Table 2 
Error estimates of mean annual temperature (MAT, ◦C), mean temperature of the warmest month (MTWM, ◦C), and mean annual precipitation (MAP, mm) for locally- 
weighted weighted-average partial least squares (LW-WAPLS) model using various numbers of analogues. Model errors are given as root mean square error of pre
diction (RMSEP) estimated by leave-one-out cross-validation.  

Variables RMSEP_10 analogues RMSEP_20 analogues RMSEP_30 analogues RMSEP_40 analogues RMSEP_50 analogues 

MAT 3.35 3.43 4.08 4.25 4.41 
MTWM 3.06 3.06 3.15 3.17 3.21 
MTCM 3.51 3.32 3.99 4.06 4.43 
MAP 158.05 169.62 157.00 160.39 160.4  
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Table 3 
Error estimates (RMSEP) of mean annual temperature (MAT, ◦C), mean temperature of the warmest month (MTWM, ◦C), mean temperature of the coldest month 
(MTCM, ◦C) and mean annual precipitation (MAP, mm) for various reconstruction models. The training-sets were chosen on distance range or by the modern analogue 
approach.a.  

Model Parameter Sample number MAT MTWM MTCM MAP 

RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2 

BAM 500 km 769 3.968 0.648 3.669 0.742 3.635 0.544 112.648 0.725 
600 km 1033 4.048 0.644 3.678 0.745 3.794 0.662 117.804 0.762 
700 km 1539 4.070 0.624 3.713 0.758 3.683 0.758 124.717 0.881 
800 km 1767 4.100 0.623 3.731 0.802 3.814 0.780 126.778 0.894 
900 km 2012 4.158 0.621 3.760 0.833 3.890 0.805 128.371 0.890 
1000 km 2111 4.236 0.619 3.786 0.858 3.863 0.821 130.413 0.885 
1100 km 2350 4.369 0.612 3.783 0.878 3.965 0.820 135.510 0.886 
1200 km 2454 4.382 0.587 3.809 0.804 4.046 0.819 144.119 0.877 
1300 km 2649 4.384 0.582 3.810 0.829 4.107 0.830 153.402 0.886 
1400 km 2866 4.411 0.535 3.814 0.855 4.232 0.838 158.452 0.888 
1500 km 3052 4.480 0.534 3.826 0.852 4.409 0.842 165.973 0.888 
1600 km 3609 4.633 0.516 3.838 0.877 4.620 0.845 170.605 0.891 
1700 km 3876 4.637 0.507 3.848 0.894 4.934 0.847 186.381 0.889 
1800 km 4056 4.641 0.494 3.898 0.811 5.099 0.850 188.885 0.894 
1900 km 4110 4.677 0.494 3.968 0.828 5.087 0.853 188.165 0.894 
2000 km 4226 4.700 0.470 3.978 0.845 5.090 0.854 189.824 0.897 
All dataset 4878 4.795 0.459 4.041 0.854 5.179 0.813 193.775 0.865 

WA classical 500 km 769 6.067 0.568 5.799 0.463 5.924 0.543 150.325 0.754 
600 km 1033 6.107 0.551 5.840 0.453 6.033 0.540 155.610 0.754 
700 km 1539 6.117 0.546 5.930 0.384 6.095 0.533 157.378 0.751 
800 km 1767 6.127 0.546 5.946 0.380 6.235 0.533 176.948 0.705 
900 km 2012 6.157 0.512 5.968 0.366 6.254 0.517 177.432 0.703 
1000 km 2111 6.314 0.508 6.086 0.348 6.264 0.512 185.250 0.676 
1100 km 2350 6.467 0.490 6.105 0.318 6.303 0.511 186.316 0.666 
1200 km 2454 6.496 0.486 6.154 0.295 6.366 0.484 186.475 0.657 
1300 km 2649 6.549 0.483 6.203 0.372 6.415 0.484 186.476 0.643 
1400 km 2866 6.626 0.473 6.252 0.349 6.490 0.481 195.077 0.632 
1500 km 3052 6.679 0.450 6.292 0.353 6.593 0.473 198.013 0.610 
1600 km 3609 6.848 0.435 6.351 0.339 6.787 0.463 201.831 0.554 
1700 km 3876 6.874 0.413 6.401 0.329 6.845 0.460 206.733 0.537 
1800 km 4056 6.898 0.406 6.412 0.320 7.093 0.456 215.827 0.523 
1900 km 4110 6.911 0.397 6.421 0.310 7.118 0.450 217.600 0.520 
2000 km 4226 7.049 0.384 6.435 0.301 7.165 0.447 221.127 0.518 
All dataset 4878 7.052 0.382 6.439 0.278 7.252 0.432 222.251 0.495 
10-analogues 421 5.744 0.603 5.301 0.626 5.286 0.683 139.679 0.735 
15-analogues 516 5.778 0.592 5.351 0.739 5.297 0.639 149.608 0.724 
20-analogues 597 5.908 0.579 5.473 0.764 5.327 0.633 161.899 0.696 
25-analogues 634 6.017 0.599 5.596 0.683 5.334 0.682 165.307 0.685 
30-analogues 728 6.021 0.583 5.717 0.631 5.629 0.664 176.974 0.599 
35-analogues 845 6.071 0.590 5.839 0.660 5.702 0.690 186.635 0.702 
40-analogues 893 6.093 0.585 5.861 0.693 5.757 0.666 188.236 0.674 
45-analogues 916 6.120 0.600 5.883 0.627 5.839 0.680 197.638 0.732 
50-analogues 934 6.270 0.577 5.956 0.656 5.878 0.589 207.784 0.544 

WA inverse 500 km 769 3.881 0.554 3.514 0.466 3.283 0.389 135.717 0.591 
600 km 1033 3.697 0.459 3.528 0.495 3.353 0.495 144.947 0.633 
700 km 1539 3.832 0.493 3.531 0.418 3.556 0.570 174.177 0.764 
800 km 1767 3.943 0.443 3.589 0.459 3.784 0.599 181.690 0.779 
900 km 2012 4.042 0.406 3.595 0.474 4.003 0.624 182.980 0.773 
1000 km 2111 4.058 0.373 3.595 0.447 4.018 0.645 185.758 0.765 
1100 km 2350 4.061 0.337 3.603 0.511 4.053 0.663 185.986 0.782 
1200 km 2454 4.108 0.332 3.627 0.513 4.129 0.666 193.168 0.776 
1300 km 2649 4.155 0.310 3.641 0.497 4.272 0.678 220.564 0.762 
1400 km 2866 4.181 0.284 3.654 0.522 4.420 0.694 223.156 0.776 
1500 km 3052 4.293 0.260 3.688 0.380 4.633 0.705 226.080 0.789 
1600 km 3609 4.388 0.253 3.734 0.382 4.909 0.711 231.989 0.796 
1700 km 3876 4.486 0.214 3.747 0.402 5.083 0.739 239.529 0.814 
1800 km 4056 4.523 0.201 3.790 0.391 5.197 0.753 240.702 0.825 
1900 km 4110 4.540 0.203 3.800 0.388 5.245 0.752 241.466 0.824 
2000 km 4226 4.552 0.204 3.817 0.381 5.256 0.753 242.485 0.826 
All dataset 4878 4.752 0.200 3.924 0.392 5.507 0.816 263.099 0.859 
10-analogues 421 4.052 0.679 3.702 0.609 3.646 0.735 131.263 0.831 
15-analogues 516 4.059 0.658 3.709 0.684 3.786 0.754 131.904 0.787 
20-analogues 597 4.061 0.624 3.717 0.71 3.925 0.774 148.253 0.702 
25-analogues 634 4.111 0.652 3.752 0.624 4.064 0.793 155.351 0.845 
30-analogues 728 4.111 0.632 3.844 0.66 4.203 0.812 182.747 0.626 
35-analogues 845 4.118 0.646 3.848 0.658 4.342 0.831 183.053 0.644 
40-analogues 893 4.120 0.628 3.852 0.657 4.481 0.851 195.001 0.611 
45-analogues 916 4.140 0.675 3.855 0.657 4.620 0.870 203.337 0.666 
50-analogues 934 4.151 0.594 3.855 0.656 4.759 0.889 230.600 0.646 

WA non-linear 500 km 769 3.314 0.681 3.144 0.710 3.293 0.425 131.273 0.617 
600 km 1033 3.564 0.590 3.169 0.674 3.471 0.548 141.805 0.648 

(continued on next page) 
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Table 3 (continued ) 

Model Parameter Sample number MAT MTWM MTCM MAP 

RMSEP R2 RMSEP R2 RMSEP R2 RMSEP R2 

700 km 1539 3.758 0.647 3.202 0.653 3.504 0.582 164.616 0.790 
800 km 1767 3.919 0.603 3.304 0.628 3.718 0.613 173.051 0.799 
900 km 2012 4.042 0.571 3.356 0.523 3.910 0.641 176.295 0.790 
1000 km 2111 4.057 0.540 3.402 0.527 3.906 0.665 179.216 0.781 
1100 km 2350 4.086 0.512 3.214 0.519 3.957 0.679 180.264 0.796 
1200 km 2454 4.122 0.506 3.279 0.512 4.036 0.681 187.379 0.789 
1300 km 2649 4.194 0.493 3.366 0.511 4.184 0.691 212.572 0.779 
1400 km 2866 4.223 0.468 3.622 0.482 4.326 0.707 214.474 0.793 
1500 km 3052 4.270 0.436 3.985 0.461 4.478 0.724 213.454 0.812 
1600 km 3609 4.389 0.435 3.986 0.461 4.777 0.726 217.944 0.820 
1700 km 3876 4.489 0.400 3.991 0.460 4.903 0.757 221.480 0.841 
1800 km 4056 4.519 0.388 4.012 0.460 5.017 0.770 222.503 0.850 
1900 km 4110 4.535 0.389 4.030 0.459 5.063 0.769 222.823 0.850 
2000 km 4226 4.547 0.391 4.041 0.459 5.073 0.770 224.316 0.851 
All dataset 4878 4.612 0.321 4.045 0.459 5.287 0.827 235.678 0.785 
10-analogues 421 3.876 0.652 3.561 0.735 3.912 0.745 151.872 0.676 
15-analogues 516 3.932 0.678 3.594 0.773 3.736 0.763 152.764 0.599 
20-analogues 597 3.954 0.798 3.655 0.839 3.661 0.781 158.724 0.551 
25-analogues 634 3.955 0.704 3.691 0.679 3.786 0.800 171.404 0.592 
30-analogues 728 3.980 0.727 3.801 0.680 3.911 0.818 173.696 0.662 
35-analogues 845 4.008 0.685 3.802 0.697 4.036 0.836 177.068 0.595 
40-analogues 893 4.074 0.789 3.809 0.711 4.160 0.854 183.219 0.694 
45-analogues 916 4.079 0.766 3.812 0.727 4.285 0.873 186.486 0.613 
50-analogues 934 4.095 0.752 3.836 0.749 4.410 0.891 191.087 0.552 

WAPLS Component2 500 km 769 3.532 0.630 3.236 0.694 3.245 0.405 131.767 0.615 
600 km 1033 3.793 0.595 3.255 0.686 3.337 0.529 137.902 0.668 
700 km 1539 3.823 0.597 3.307 0.681 3.356 0.617 166.825 0.784 
800 km 1767 4.005 0.579 3.432 0.679 3.559 0.645 174.414 0.796 
900 km 2012 4.105 0.530 3.503 0.656 3.692 0.680 176.015 0.790 
1000 km 2111 4.103 0.535 3.508 0.631 3.689 0.701 177.190 0.786 
1100 km 2350 4.107 0.513 3.521 0.626 3.756 0.711 180.084 0.796 
1200 km 2454 4.187 0.515 3.612 0.621 3.882 0.705 188.001 0.788 
1300 km 2649 4.247 0.528 3.727 0.620 4.054 0.710 219.312 0.765 
1400 km 2866 4.329 0.507 3.805 0.619 4.278 0.713 225.505 0.772 
1500 km 3052 4.430 0.509 3.850 0.617 4.506 0.721 230.620 0.780 
1600 km 3609 4.533 0.499 3.957 0.601 4.825 0.721 239.537 0.783 
1700 km 3876 4.668 0.451 4.055 0.599 5.045 0.743 250.982 0.796 
1800 km 4056 4.699 0.431 4.164 0.584 5.184 0.755 253.112 0.806 
1900 km 4110 4.726 0.435 4.183 0.576 5.244 0.752 254.433 0.804 
2000 km 4226 4.725 0.435 4.195 0.572 5.253 0.753 255.403 0.807 
All dataset 4878 5.446 0.277 3.947 0.590 5.459 0.815 373.844 0.850 
10-analogues 421 3.813 0.796 3.493 0.755 3.609 0.731 126.040 0.785 
15-analogues 516 3.832 0.748 3.513 0.802 3.759 0.747 128.912 0.644 
20-analogues 597 3.894 0.681 3.521 0.826 3.409 0.763 130.917 0.679 
25-analogues 634 3.894 0.654 3.575 0.835 4.059 0.779 165.769 0.696 
30-analogues 728 3.923 0.724 3.688 0.827 4.210 0.796 168.710 0.719 
35-analogues 845 3.975 0.691 3.702 0.773 4.360 0.812 175.867 0.552 
40-analogues 893 3.986 0.770 3.815 0.745 4.510 0.828 189.667 0.510 
45-analogues 916 3.989 0.687 3.822 0.675 4.660 0.844 257.028 0.710 
50-analogues 934 4.000 0.718 3.713 0.662 4.811 0.860 276.962 0.544 

LW-WA k = 10 – 3.476 0.548 3.416 0.721 3.784 0.589 149.081 0.576 
k = 15 – 3.421 0.539 3.437 0.726 3.767 0.695 148.693 0.763 
k = 20 – 3.420 0.709 3.442 0.73 3.511 0.770 142.530 0.797 
k = 25 – 3.436 0.688 3.545 0.749 3.890 0.799 143.323 0.761 
k = 30 – 3.581 0.670 3.675 0.804 4.069 0.824 143.762 0.757 
k = 35 – 3.638 0.662 3.694 0.775 4.001 0.845 172.995 0.740 
k = 40 – 3.790 0.631 3.733 0.745 3.979 0.863 178.126 0.717 
k = 45 – 3.793 0.616 3.755 0.724 4.059 0.866 193.094 0.698 
k = 50 – 3.888 0.556 3.755 0.712 4.190 0.878 196.211 0.662 

LW-WAPLS k = 10 – 3.347 0.652 3.062 0.810 3.507 0.794 158.050 0.678 
k = 15 – 3.398 0.619 3.060 0.804 3.518 0.805 162.539 0.758 
k = 20 – 3.428 0.596 3.055 0.785 3.323 0.811 169.625 0.844 
k = 25 – 4.348 0.691 3.141 0.728 3.613 0.839 157.245 0.838 
k = 30 – 4.084 0.682 3.149 0.826 3.988 0.853 157.004 0.833 
k = 35 – 4.191 0.647 3.157 0.822 4.051 0.852 158.595 0.814 
k = 40 – 4.248 0.614 3.170 0.783 4.056 0.853 158.060 0.760 
k = 45 – 4.346 0.589 3.181 0.726 4.305 0.874 160.769 0.759 
k = 50 – 4.411 0.532 3.204 0.816 4.429 0.886 160.385 0.753  

a BAM: best analogue method; WA =weighted averaging; non-linear = non-linear monotonic deshrinking; PLS = partial least squares; LW = locally-weighted. 
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Fig. 6. Temperature reconstructions for Zoige Basin core ZB13-C2 using A. the best analogue method (BAM) and B. weighted-average partial least squares (WAPLS). 
Results are shown for various modern training-sets using different distances for sample inclusion and for all samples. 
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approach that can minimize the uncertainties for climate re
constructions at the broad glacial-interglacial scale (Birks, 2012; Juggins 
and Birks, 2012). The WAPLS part could be replaced with other 
regression and calibration methods such as two-way WA (Hubener et al., 
2008; Lu et al., 2011; Juggins and Birks, 2012), non-linear WA (Mar
chetto, 1994; Birks and Simpson, 2013), or Gaussian logit regression and 
maximum-likelihood calibration (Hubener et al., 2008). 

LW-WAPLS was used for the final quantitative climate reconstruction 
in our study. First, based on the modern data-set, a “local” or dynamic 
(Birks, 1998) training-set of analogues in the modern data-set was 
generated for each of the 2787 fossil samples using the modern analogue 
technique and squared-chord distance (Simpson, 2012). The results of 
leave-one-out cross-validation show that the RMSEP value when 
selecting 10–20 modern analogues is lower than with 21–50 analogues 
(Tables 2 and 3), while the climatic gradient represented does not 
decrease. If k < 20 analogues are selected, it is not statistically appro
priate for the following WAPLS step. Moreover, the analogue quality and 
spatial distribution of the modern analogues for k = 20 appear to be 
representative (Fig. S4). Therefore, 20 modern analogues for each fossil 
sample are in this case considered to be an appropriate choice. In total, 
597 analogue samples comprise the training-set for all 2787 fossil pollen 
samples in core ZB13-C2 (Fig. 3A). Second, based on the “local” 
analogue training-set for each sample, WAPLS (Ter Braak and Juggins, 
1993) was used to reconstruct the down-core climate variables. We also 
reconstructed the down-core climate variables using 30, 40, and 50 
modern analogues as a comparison with reconstructions based on 20 
analogues (see Figs. S4 and S5). 

In addition to LW-WAPLS, we also performed BAM, two-way WA 
(Birks et al., 1990a), and WAPLS (Ter Braak and Juggins, 1993) with the 
modern pollen–climate training-set and fossil pollen data for compari
son (Table 2). Model error estimates of the different models are all based 
on leave-one-out cross-validation. 

2.6. Model evaluation and validation 

The similarity between the modern training-set and the fossil pollen 
assemblages was evaluated based on the minimum dissimilarity be
tween each fossil sample and each best analogue from training-set 
samples, using squared chord distance (SCD) (Simpson, 2012). The 
distances smaller than the 5th percentile of all distances between the 
training-set samples can be considered to be “good analogues”, while 
samples with distances larger than the 10th percentile can be regarded 
as “no-analogue” assemblages (Simpson, 2012). 

As a measure of model performance, the root mean square error of 
prediction (RMSEP) incorporates both random and systematic compo
nents of error. The random bootstrap sample-specific estimates of the 
standard error (Birks et al., 1990a) for each reconstructed value at the 
Zoige site were estimated as follows. All modern samples selected in LW- 
WAPLS were used to create a modern training-set consisting only of 
those modern samples selected for the LW-WAPLS. As LW-WAPLS does 
not yet have its own bootstrap evaluation function, this trimmed 
training-set was then used in a conventional WAPLS (Ter Braak and 
Juggins, 1993) with the Zoige fossil data to obtain bootstrap sample- 
specific estimates of uncertainties for each reconstructed value (Birks 
et al., 1990a). This application may overestimate the error as i) LW- 
WAPLS uses a local training-set for each sample and ii) LW-WAPLS 
has a good fitting ability for broad-scale climate change (Juggins and 
Birks, 2012). The systematic components of error represent the differ
ence between the model predictions and the observed values and are 
calculated as the RMSEP for the training-set samples (Birks et al., 
1990a). 

Significance tests were used to assess the overall performance of the 
reconstructions for the entire core in addition to sample-specific error 
evaluation (Telford and Birks, 2011). A number of random re
constructions (999 in our case) were derived from the training-set. The 
proportion of variance explained by these random reconstructions was 

estimated using redundancy analysis (RDA), a linear-based constrained 
ordination technique (Ter Braak, 1994). 

In order to evaluate the reconstruction results ecologically, 
weighted-average optima and tolerances of the major pollen taxa for the 
main climate variables in the calibration-set were estimated to detect the 
distributional and abundance characteristics of the different taxa along 
the environmental gradients. The Huisman-Olff-Fresco (HOF) model 
(Huisman et al., 1993; Jansen and Oksanen, 2013) was also used to 
investigate and model the relationships between the pollen percentages 
of the major taxa and contemporary climate variables based on the local 
training-set. 

2.7. Other numerical analyses 

Generalized additive models, a non-parametric extension of gener
alized linear models (Yee and Mitchell, 1991; Birks, 2012), were used to 
filter high frequency variability and extract the main trend within the 
reconstructed temperatures. Like LOESS, GAMs estimate smooth and 
non-linear trends in time-series and can handle the irregular spacing of 
samples in time; yet GAMs do not suffer from the subjectivity that pla
gues LOESS as a method for formal statistical inference (Simpson, 2018). 
The analysis of the Zoige temperature time-series using GAMs follows 
the main steps described by Simpson (2018). The Derive function was 
used to obtain the first derivative of the temperature trend and to 
identify intervals with major changes within these time-series. 

2.8. Computing 

All the numerical analyses were implemented in R version 3.4.0. (R 
Core Team, 2019) using functions in the following packages: 

MRT: package “mvpart” (Therneau and Beth Atkinson, 2014) 
H-cluster: package "stats" (R Core Team, 2019) 
HOF: package "eHOF" (Jansen and Oksanen, 2013) 
CCA, RDA, PCA: package "vegan" (Oksanen et al., 2019) 
Timetrack: package "Analogue" (Simpson and Oksanen, 2020) 
LWWA, MAT，WA，WAPLS: package "rioja" (Juggins, 2017) 
LWWA, LW-WAPLS: package "Analogue" and “rioja” (Simpson and 

Oksanen, 2020; Juggins, 2017) 
Significance test: package "palaeoSig" (Telford, 2019) 
GAM: package “mgcv” (Wood, 2017) 
Derive: package “numDeriv” (Gilbert and Varadhan, 2019) 

3. Results and discussion 

3.1. Advantages and limitations of the LW-WAPLS approach 

The LW-WAPLS model for the Zoige site basically has lower RMSEP 
values than the modern analogue technique and traditional weighted- 
average transfer functions (Table 2). When 20 analogues for LW- 
WAPLS is selected, the RMSEP is 3.06 ◦C for MAT and 3.43 ◦C for 
MTWM (Table 1), which is almost less than that of the BAM (k = 6) and 
transfer functions, no matter what training-set range is used for them. 
For example, the MAT error of WAPLS (distance = 1500 km) is 3.85 ◦C, 
~0.8 ◦C (21% larger) than that of LW-WAPLS when using k = 20. The 
lower RMSEP suggests LW-WAPLS is potentially a more robust model 
with our data. 

The results of various models for pollen-inferred climate variables 
with plots of predicted (bootstrapping) against observed values are 
shown in Figs. S6–S8. The correlation of modern meteorological data 
with those predicted by the pollen-climate calibration-sets in statistical 
bootstrapping cross-validation illustrate the inference power of the 
models. In general, the temperature predictive power in BAM and 
WAPLS performed less well than in LW-WAPLS. None of the models for 
MAP performed well. 

Modern analogue technique-based reconstructed temperatures of 
core ZB13-C2 show many spiky or flat changes (Fig. 6; Fig. S9). 
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Fig. 7. Locally-weighted weighted-average partial least squares (LW-WAPLS)-based temperature reconstructions and associated bootstrap uncertainty estimates for 
Zoige Basin core ZB13-C2. A. Reconstructed mean annual temperature (MAT) and mean temperature of the warmest month (MTWM). Nine-point running means are 
shown as black lines. The dotted lines indicate the mean values for three major intervals. B. Bootstrap sample-specific estimates of uncertainties for each recon
structed temperature value. C. Estimated first derivatives (black lines) and 95% simultaneous confidence intervals (shaded grey bands) of the generalized additive 
model (GAM) trends fitted to the MAT and MTWM time-series. Blue/red colour indicates an interval with a major increase/decrease of MAT/MTWM. The GAMs 
detect significant temporal change at ~1.54 and 0.62 Ma BP. (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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Fig. 8. The taxon coverage in the 597 modern pollen samples and 2787 fossil samples from Zoige Basin core ZB13-C2. A. Scatter plot of the maximum abundance of 
each taxon in the modern pollen data-set against that in the fossil pollen assemblages. The red circles indicate taxa in the modern pollen data-set that are not found in 
the fossil samples. B. Box-plots of median values and ranges of the percentages of the major pollen taxa (blue box: fossil samples, red box: modern samples). (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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Truncation problems occur when the training-set samples are chosen 
within a distance of 500, 1000, and 1500 km, but many spiky values are 
present and the uncertainty is much larger (Table 2) when the training- 
set samples are chosen with a distance of >1500 km. This could be 
associated with too few or too many analogues. The application of the 
modern analogue technique to core ZB13-C2 highlights the “spiky” and 
“flat” reconstruction problems (Fig. 6). 

The WAPLS-based reconstructed temperature variability is very 
small when the training-set size is small (in the range 500–1000 km from 
the coring site), for example the glacial-interglacial MAT range is only 
2 ◦C in most cases (Fig. 6). This magnitude is similar to that of tropical 
SST variabilities (Herbert et al., 2010) and the Holocene temperature 
range in the Zoige region (Liang et al., 2020), implying that these results 
may not be reliable. If the training-set is larger (e.g. dis
tance = 1500 km), the RMSEP for MTWM is 3.85 ◦C, 21% larger than 
that of LW-WAPLS (k = 20) (Table 2). When all the modern pollen sites 
are included, the error is even larger. Cao et al. (2017) show that with 
respect to fossil spectra from the Tibetan Plateau and northern China, 
the spatial extent of modern calibration-sets should be restricted to radii 
between ca. 1000 and 1500 km because fine-scale calibration-sets 
(<800 km radius) will likely fail to include enough spatial variation in 
the modern pollen assemblages to reflect the temporal range shifts, 
while too broad a scale calibration-set (>1500 km radius) will include 
taxa with very different pollen–climate relationships resulting in 
increased model errors. Moreover, for the reconstructions with a 
calibration-set of >1500 km radius, the variability for the interval of 
~1.74–1.03 Ma BP is relatively flat, like the results using the data-set 
within a distance of 1000 km (Fig. 6). 

Furthermore, the results based on the BAM and WAPLS approaches 
are implausible ecologically for some intervals. For example, for 
1.74–1.54 Ma BP, which has the highest deciduous tree abundances 
during the interglacials and warmer summer adapted Artemisia during 
the glacials, the WAPLS-based reconstructed interglacial temperature is 
lower than that of 1.03–0.62 Ma BP which includes quasi-absent Quercus 
and Betula, while the BAM-based glacial temperature for this interval 
has a similar low value to other intervals that include much less 
Artemisia. 

In summary, the LW-WAPLS-based temperature reconstruction for 
the Zoige core is more reasonable compared with the BAM and WAPLS 
reconstructions in terms of i) smaller RMSEP error of the model; ii) much 
less spiky or truncated values (Fig. 7); iii) a MAT range from − 4–2 ◦C, 
whose magnitude is roughly consistent with LGM–mid-Holocene tem
perature differences on the Tibetan Plateau inferred from various 
proxies (e.g. Thompson et al., 1989; Herzschuh et al., 2006) as discussed 
below; and iv) is more ecologically plausible. 

Our application of LW-WAPLS to the ZB13-C2 long-term pollen 
sequence attests to the potential advantage of this method by combining 
the “local” modelling of the modern analogue technique and the 
“global” modelling of WAPLS and exploiting the strong features of both 
approaches (Juggins and Birks, 2012). However, the choice of the 
number of samples in the local training-set should be made very care
fully as shown in the Zoige reconstruction procedure. As LW-WAPLS 
usually uses a large heterogeneous data-set, it may not perform well 
for a fine-scale climate change, as revealed by the Holocene temperature 
reconstruction in the Zoige region (Liang et al., 2020). 

Another limitation of LW-WAPLS in this Zoige reconstruction, like 
with other statistical models, is that the effects of different atmospheric 
CO2 concentrations for glacials and interglacials on plant distribution 
(Wu et al., 2007a, 2007b; Herzschuh et al., 2011) are not assessed or 
taken into account. In glacial times, low atmospheric CO2 concentra
tions globally promoted the expansion of drought-resistant vegetation 
(Polley et al., 1993; Prentice and Harrison, 2009). Izumi and Bartlein 
(2016) used an inverse modelling procedure to reconstruct LGM cli
mates from North American fossil pollen data. They found that although 
lower atmospheric CO2 concentrations influence pollen-based LGM 
moisture reconstructions, they do not significantly affect temperature 
reconstructions over most of North America. In any case, the lower CO2 
concentrations during the glacials may cause some uncertainties; 
quantifying this effect requires more research in the future (Chevalier 
et al., 2020b). 

3.2. Temperature variabilities over the past 1.74 Ma 

The pollen-derived mean annual and warmest month temperature 
(MAT and MTWM) reconstructions using LW-WAPLS show a general 
stepwise cooling trend from 1.74 to 1.54, 1.54 to 0.62, and 0.62 to 0 Ma 
BP (Fig. 7). The most obvious cooling occurs at 1.54 Ma BP. The 
generalized additive model first derivative further reveals that the 
biggest changes in temperature occurred around 1.54 and 0.62 Ma BP 
(Fig. 7). MTCM reconstruction (Fig. S11) is not used here due to its 
potentially large uncertainties from both the climatic and ecological 
views as discussed below. 

MAT and MTWM show regular variability ranging from − 4 to 2 ◦C 
and from 8 to 16 ◦C, respectively. The maximum interglacial MAT/ 
MTWM is 4.5/20.31 ◦C, while the minimum glacial MAT/MTWM is 
− 5.79/6.83 ◦C. They suggest mostly ~4–5 ◦C (MAT) and 5–6 ◦C 
(MTWM) glacial-interglacial variabilities for the last 1.74 Ma. During 
the interval from 0.62 Ma BP onwards, temperature during both glacials 
and interglacials shows the lowest values, with no large ranges after 
~0.42 Ma BP, a feature also revealed by ice cores (Petit et al., 1999; 

Fig. 9. Analogue quality for the reconstruction of 
mean temperature of the warmest month (MTWM) 
based on a goodness-of-fit analysis. The blue and 
cream shadings show the 5th and 10th percentiles of 
the pair-wise distribution of squared-chord distances 
between the fossil samples and the best analogues 
from the modern training-set, respectively. Distances 
smaller than the 5th percentile of all distances be
tween the training-set samples are considered to be 
good “analogues”, while distances larger than the 
10th percentile are considered to be “no-analogue” 
assemblages. The results indicate a good match be
tween fossil samples from the ZB13-C2 core and the 
modern pollen samples in the training-set. (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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Fig. 10. Significance test results of the pollen-based climate reconstructions for the Zoige Basin core ZB13-C2. The red line represents the test line of 95% signif
icance level. The histogram in grey indicates the proportion of variance. The grey dotted line indicates the proportion of the variance explained by the first axis of a 
principal components analysis (PCA) of the fossil data. A. 1.74–0 Ma BP. B. 1.74–1.54 Ma BP. C. 1.54–0.62 Ma BP. D. 0.62–0 Ma BP. Variable abbreviations are 
explained in the caption for Fig. 4. (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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Fig. 11. Optima and tolerances of mean annual temperature (MAT), mean temperature of the warmest month (MTWM), mean temperature of the coldest month 
(MTCM), and mean annual precipitation (MAP) for selected pollen taxa based on weighted averaging (WA) regression. The modern pollen data are from the LW- 
WAPLS training-set. The yellow lines indicate the mean WA climate optima of the pollen taxa; the black lines indicate their WA tolerances. (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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Fig. 12. Modelled relationships between percentages of selected modern pollen taxa and four climate variables – mean annual temperature (MAT), mean tem
perature of the warmest month (MTWM), mean temperature of the coldest month, and mean annual precipitation (MAP) – based on HOF analyses (Huisman et al., 
1993; Jansen and Oksanen, 2013). 
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Jouzel et al., 2007). 

3.3. Reliability of the reconstruction results 

We evaluate the reconstruction results from statistical, ecological, 
and climatological aspects. First, the plot of maximum abundance of 
taxa indicates that the modern data-set covers the range of taxon 
abundance in fossil samples of core ZB13-C2 well (Fig. 8), though 
Ranunculaceae and Asteraceae (non-Artemisia) are not so well covered. 
The differences, however, are within acceptable limits. The adequate 
coverage of the modern pollen samples helps to reduce the number of 
situations where there are no modern analogues for the fossil 
assemblages. 

Second, analogue estimations based on a goodness-of-fit analysis 
indicate a good match between the fossil and modern pollen samples. 
92.93%/6.89% of the fossil samples show a good or fair analogue 
quality (Fig. 9), while only five fossil samples (at 55 ka, 458 ka, 
500.24 ka, 500.89 ka, 864.94 ka) have a poor-quality or lack of ana
logues (Fig. 9). 

Third, bootstrap sample-specific estimates of standard error for each 
reconstructed value and the entire RMSEP are reasonable, mostly <1 ◦C 
(MAT: mean 0.46 ◦C; MMTWM: 0.39) and < 3.6 ◦C (MAT: mean 3.51 ◦C; 
MTWM: 4.06 ◦C) for both MAT and MTWM (Fig. 7; Fig. S10), further 
supporting that LW-WAPLS is an appropriate approach at the broad 
glacial-interglacial scale (Juggins and Birks, 2012). The sample-specific 
estimates of standard error cover, on average, 13% of the entire RMSEP, 
which is reasonable (Juggins and Birks, 2012). However, RMSEP could 
be overestimated for the LW-WAPLS approach, as large training-sets 
may include some inherent replication. When training-set size in
creases, leave-one-out RMSEP can become a less reliable estimate of true 
prediction error (Næs et al., 2002). LW-WAPLS uses 20 analogues for 
each fossil sample when doing WAPLS, which means that the recon
struction is independent of other fossil samples, possibly resulting in the 
RMSEP for the whole local training-set being over-estimated. 

Fourth, a reconstruction significance test (Telford and Birks, 2011) 
results show that MTWM for the entire core explains more variance than 
95% of all the random reconstructions, suggesting it is statistically sig
nificant. MAT shows similar variabilities to MTWM and is near the 95% 
significance line (Fig. 10), though it just fails to pass this test. However, 
palaeoSig does not test if the reconstructed values make sense climati
cally; it only tests if there is a statistically significant trend in the data 
relative to an ensemble of random reconstructions (Chevalier et al., 
2020b). Climatically, the coherent change of MAT and MTWM over the 
past 1.74 Ma, similar to their relationship in modern climate (Figs. S2 
and S11), supports the reliability of the MAT reconstruction. The MTCM 
reconstructions shows inconsistent changes with MAT and MTWM 
(Fig. S12 and Fig. 10) fails the significance test (Fig. 10). In this high- 
elevation region the vegetation almost stops growing, and the impact 
of MTCM could be minor considering that the conifer trees here can 
survive a very cold winter. Therefore the MTCM reconstruction could be 
largely biased. The precipitation reconstruction (MAP) shows muted 
changes (Fig. S12) and fails the significance test (Fig. 10), not surpris
ingly as it is not the major controller of the vegetation over the long 
time-scale. Nonetheless, the coherent variations in temperature, Rb/Sr, 
and carbonate%, which reflect the precipitation qualitatively, suggest 
coupled changes of temperature and precipitation over the past 1.74 Ma 
(Zhao et al., 2020). 

In addition to these statistical evaluations, ecological considerations 
lend support to the reliability of the MAT and MTWM reconstructions 
(Fig. 11). Picea, Betula, and Quercus have high WA optima for both 
precipitation (550–750 mm) and temperature (MAT: 0.3–2.3 ◦C; 
MTWM: 10.6–11.5 ◦C). Quercus and Betula have even higher tempera
ture and precipitation optima compared to Picea. The high pollen values 
of Quercus, Betula, and Picea during 1.74–1.54 Ma BP suggest warm 
conditions. In the interval of 1.74–1.54 Ma, Artemisia pollen has its 
highest abundances during glacial stages compared to other intervals in 

the core. Artemisia usually grows in arid and semi-arid regions but it 
favours warmer summers. The modern climate at the site is generally 
cool due to its high elevation. Only some cold-tolerant species can be 
found, for example Artemisia frigida, A. roxburghiana, A. hedinii, and 
A. scoparia., on nearby mountains up to 3500–4000 m elevation. Prior to 
1.54 Ma BP, the relatively higher summer temperature and the dry 
climate in the glacials may have allowed the expansion of Artemisia. 
Cyperaceae, Poaceae, and Thalictrum have lower MAT (~ − 3 to − 1 ◦C) 
and MTWM (~9–10 ◦C) optima and relatively moderate MAP optima 
(~450–550 mm) (Figs. 11 and 12). The reconstructed lower tempera
ture in the last 0.62 Ma is also reflected by low pollen percentages of tree 
taxa. 

Taxa with lower MAP optima (<450 mm), such as Ephedra, Cheno
podiaceae, and Nitraria occupy a longer temperature gradient, and their 
abundances are mostly controlled by precipitation. However, these taxa 
are much less abundant (<2%) in the pollen assemblages in core ZB13- 
C2, and thus provide limited information about past precipitation con
ditions, which partly explains why the precipitation reconstruction fails 
the significance test (Fig. 10). 

The long-term stepwise cooling appears to be consistent with the 
reconstructed biome changes (Fig. 2). At 1.74–1.54 and 1.54–1.03 Ma 
BP, the vegetation was dominated by forest. The period 1.74–1.54 Ma BP 
had more steppe intervals, while 1.54–1.03 Ma BP had more meadow 
and scrub intervals. The interval of 0.62–0 Ma BP had much less forest 
expansion, and the vegetation was mostly dominated by meadow and 
steppe. The 1.03–0.62 Ma BP interval is transitional with more frequent 
forest occurrence, but less than in the previous intervals. 

Finally, from the climate viewpoint, the 4–5 ◦C glacial-interglacial 
range at Zoige for the interval 1.74–0.62 Ma BP, appears to be realistic 
considering the smaller glacial-interglacial difference globally and 
possibly with a small magnification on the high-latitude Tibetan 
Plateau. Over the past 0.62 Ma, a larger glacial-interglacial range than 
~4–5 ◦C is expected if one considers the overall global trend. Zhao et al. 
(2020) discuss that the emergence of longer and more extreme glacials 
in the last ~0.62 Ma led to tree populations on the Tibetan Plateau 
seeking refugial locations at increasingly lower elevations. Longer 
migrational distances could then account for their subdued expansions, 
not only during glacials, but also during interglacials (Zhao et al., 2020). 
This tree migrational issue may have caused, to some degree, an un
derestimation of interglacial temperatures, which could explain why the 
inferred interglacial temperature at Zoige does not fit the global trends 
over the past 0.62 Ma. 

Conifer forest in the Zoige region presently occurs between 
~3000–4000 m elevation, while desert mainly occurs above ~4400 m 
(Fig. S1; Shen et al., 2005). The biggest elevational difference between 
the conifer forest and the desert belt is up to ~1400 m, suggesting at 
most a ~ 9 ◦C difference based on the existing lapse-rate temperature 
gradient (0.65 ◦C 100 m− 1). Considering the elevation of the coring site 
is 3434 m, the vegetation shift between conifer forest and steppe after 
0.62 Ma BP should indicate a <~6.5 ◦C glacial-interglacial temperature 
difference. This assumption is supported by other palaeo-temperature 
records and simulations for the Tibetan Plateau. Neo-endemic ground 
beetles and private tree haplotypes reveal an LGM summer temperature 
depression of 3–4 ◦C for the southern Tibetan Plateau (Schmidt et al., 
2011), which should have a smaller magnitude than the northern Ti
betan Plateau. Thompson et al. (1989) estimated ~6 ◦C last glaciation 
temperature depression based on δ18O value from the Dunde ice-core on 
the northern Tibetan Plateau. Herzschuh et al. (2006) derived 
a ~ 4.0–7.0 ◦C colder temperature during the LGM from the pollen re
cord of a sediment core from the Qilian Mountains on the northeastern 
Plateau. GCM experiments show that the LGM surface temperatures are 
~4–7 ◦C lower than the current interglacial on the north-west and north- 
east Tibetan Plateau (Li et al., 2017). 
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Fig. 13. Correlation of temperature records from the Zoige Basin core ZB13-C2 with global and regional climate records over the past 1.74 Ma. A. LR04 global 
benthic δ18O stack (Lisiecki and Raymo, 2005). The numbers denote marine isotope stages. B. Global average surface temperature (GAST) as temperature deviation 
(◦C) from present (average over 0–5 ka) (Snyder, 2016). C. Sea-surface temperature (SST) tropical stack (Herbert et al., 2010). D. Estimates of SST (◦C) at deep-sea 
drilling project (DSDP) site 607 (Lawrence et al., 2010), in the north Atlantic. E. Estimates of SST (◦C) at ocean drilling project (ODP) site 982 in the north Atlantic 
(Herbert et al., 2016). F. Stacked reconstruction of change in Antarctic temperature (◦C) (Parrenin et al., 2013). G. TEX86-based reconstructed temperature over the 
past 1.3 Ma from Lake Malawi (Johnson et al., 2016). H. Reconstructed mean temperature of the warmest month (MTWM) and 9-point running mean (black line) 
from ZB13-C2 (this study). I. Reconstructed mean annual temperature and 9-point running mean (black line) from ZB13-C2 (this study). 
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3.4. Comparisons with other regional temperature reconstructions 

The reconstructed temperature for the Zoige Basin (ZB) shows a long- 
term cooling trend over the past 1.74 Ma, starting with warmer glacial 
and interglacial conditions, followed by the two biggest cooling steps at 
~1.54 and ~ 0.62 Ma BP. These two cooling shifts are broadly consistent 
with the U1308 multi-proxy record that documents mode transitions at 
~1.54 and 0.65 Ma (Hodell and Channell, 2016) (Fig. 13), which mark 
times of change in the growth of the Northern Hemisphere ice sheets. 
The Zoige record shows much higher glacial-stage temperatures before 
1.54 Ma BP, suggesting smaller ice sheets during that interval (Hodell 
and Channell, 2016). The marked cooling during the glacials since 
0.62 Ma onwards is consistent with the larger global ice-volume inferred 
from benthic δ18O (Lisiecki and Raymo, 2005). 

The comparisons between the general trend of temperature vari
abilities at Zoige and in the SST are discussed in Zhao et al. (2020). MAT 
and MTWM at Zoige mostly indicate ~4–5 ◦C and 5–6 ◦C glacial- 
interglacial ranges, respectively. They show a much larger range than 
tropical SST, which indicates <2.5–3 ◦C variabilities in most cases, 
except in MIS 24–22 and for the last 0.43 Ma with larger ranges (3–4 ◦C) 
(Herbert et al., 2010; Li et al., 2011; Fig. 13). Considering SST variations 
are muted compared to the larger terrestrial air temperature variabil
ities, the magnitude of the correlation appears robust. The MAT range at 
Zoige shows similarity to the SST of the North Atlantic, which mostly 
suggests 3–5 ◦C, but a 5–6 ◦C range after 0.43 Ma BP (Lawrence et al., 
2010; Herbert et al., 2010), probably due to a magnification effect in 
high-latitude Atlantic regions. 

Temperature reconstruction from the Antarctic ice-core Dome C in
dicates a ~ 8–9 ◦C glacial-interglacial range before 0.43 Ma BP. It shows 
cooler glacial and warmer interglacials since ~0.43 Ma BP, with a range 
of up to 12 ◦C. In lower latitude regions, the terrestrial record of TEX86- 
based reconstructed temperature over the past 1.3 Ma from Lake Malawi 
shows a 2–4 ◦C range after 0.9 Ma BP, but a larger range (~4 ◦C) after 
0.6 Ma BP (Johnson et al., 2016). Another coarse-resolution temperature 
reconstruction from a marine pollen record from Africa reveals an 
amplitude of ~4 ◦C range between glacial minima and interglacial 
maxima (Chevalier et al., 2020a). In the mid-latitude region, the 800-ka 
land-surface temperature (LST) reconstruction based on branched 
glycerol dialkyl glycerol tetraethers (brGDGT) records from two sections 
on the Loess Plateau shows a 4–10 ◦C range superimposed on the long- 
term cooling trend; however, it is different from air temperature, 
showing a much larger magnitude in variability (Lu et al., 2019). Surface 
vegetation or lack of vegetation are thought to have played an important 
role in regulating LSTs, superimposed on the fundamental global gla
cial–interglacial changes. 

These comparisons reveal the range of gradients from high-, middle-, 
to low-latitude terrestrial regions (from ~8–9 ◦C, to ~4–5 ◦C and 
2–4 ◦C), though all records show a cooling trend over long time-scales. 
The temperature variability at Zoige has a smaller range than the 
high-latitude regions, but larger than in the tropical regions. The Zoige 
temperature record provides valuable data for understanding the 
gradient of temperature variability over different latitudes at the glacial- 
interglacial scale, which is crucial for climate simulations. 

4. Conclusions 

A scarcity of high-quality continuous terrestrial quantitative paleo
climate records has greatly hampered our understanding of global and 
regional climate features on glacial-interglacial scales and of model 
simulations to elucidate the underlying mechanisms. We present a high- 
resolution pollen-based temperature reconstruction from the Zoige 
Basin on the eastern Tibetan Plateau using a new and robust approach, 
namely LW-WAPLS.  

(1) Our results demonstrate that the newly developed LW-WAPLS 
approach is a potentially powerful tool for the quantitative 

reconstructions of climate on glacial-interglacial scales. Further 
LW-WAPLS studies based on more sites would be valuable.  

(2) MAT and MTWM reconstructions at Zoige reveal the general 
stepwise cooling trend with two major shifts at 1.54 and 0.62 Ma 
BP. They indicate ~4–5 ◦C (MAT) and 5–6 ◦C (MTWM) glacial- 
interglacial ranges. From 0.62 Ma BP onwards, temperature 
during the interglacials is likely to be underestimated due to 
longer tree migrational distances.  

(3) Our long-term temperature reconstruction fills a data gap in mid- 
latitude terrestrial regions and provides evidence for quantifying 
the magnitude of difference along latitudinal gradients over 
glacial-interglacial scales. 

These results also provide important data for model simulations to 
elucidate the underlying mechanisms and further reveal the thermal 
effects of the Tibetan Plateau on the Asian monsoon. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.gloplacha.2021.103433. 
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