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A B S T R A C T   

Fossil pollen records are well-established indicators of past vegetation changes. The prevalence of pollen across 
environmental settings including lakes, wetlands, and marine sediments, has made palynology one of the most 
ubiquitous and valuable tools for studying past environmental and climatic change globally for decades. A 
complementary research focus has been the development of statistical techniques to derive quantitative esti-
mates of climatic conditions from pollen assemblages. This paper reviews the most commonly used statistical 
techniques and their rationale and seeks to provide a resource to facilitate their inclusion in more palaeoclimatic 
research. To this end, we first address the fundamental aspects of fossil pollen data that should be considered 
when undertaking pollen-based climate reconstructions. We then introduce the range of techniques currently 
available, the history of their development, and the situations in which they can be best employed. We review 
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the literature on how to define robust calibration datasets, produce high-quality reconstructions, and evaluate 
climate reconstructions, and suggest methods and products that could be developed to facilitate accessibility and 
global usability. To continue to foster the development and inclusion of pollen climate reconstruction methods, 
we promote the development of reporting standards. When established, such standards should 1) enable broader 
application of climate reconstruction techniques, especially in regions where such methods are currently un-
derused, and 2) enable the evaluation and reproduction of individual reconstructions, structuring them for the 
evolving open-science era, and optimising the use of fossil pollen data as a vital means for the study of past 
environmental and climatic variability. We also strongly encourage developers and users of palaeoclimate re-
construction methodologies to make associated programming code publicly available, which will further help 
disseminate these techniques to interested communities.   

1. Introduction 

Fossil pollen has been used as a palaeoecological and palaeoclima-
tological proxy for many decades (Birks, 2019). As a result, it is rela-
tively well understood and intensive work at local and global scales has 
led to a large body of literature regarding its strengths and weaknesses 
as a climate indicator (e.g. Birks et al., 2010; Gajewski, 1993; Webb, 
1986). Fossil pollen records have been recovered from almost all re-
gions of the world, including ocean sediments and ice cores, spanning 
the Quaternary period (2.6 million years ago to present) and older (a 
time interval beyond the focus on this paper; see Traverse (2007) for a 
summary of deep-time research) and decades of palaeoecological and 
palaeoclimatic research have produced a wealth of fossil pollen records 
from thousands of locations, with new records regularly published 
(Fig. 1A). With its global prevalence and diverse range of climate sen-
sitivities, fossil pollen represents a particularly powerful palaeoclimatic 

proxy and a basis for quantitative climate reconstructions and improved 
understanding of global climate dynamics. 

Fossil pollen records can be used to quantitatively reconstruct past 
climate variables – i.e. to estimate numerical climate values expressed 
in explicit physical units, such as degrees Celsius or millimetres of 
rainfall – including seasonal and annual temperature and precipitation, 
as well as related bioclimatic parameters, such as growing degree-days, 
drought stress and moisture balance (e.g. Bartlein et al., 1984; Birks 
et al., 2010; Prentice et al., 1991). Pollen-based climate reconstructions 
performed at the site level provide precise understanding of how local 
climate changed over time (Bush et al., 2004; Chen et al., 2015; Litt 
et al., 2012). As reconstructions are expressed in the same units, this 
advantage can be further used to produce regional to continental 
syntheses, extract synoptic-scale climate change patterns and, ulti-
mately, inform past atmospheric dynamics (e.g. Davis et al., 2003;  
Simonis et al., 2012). In particular, numerous broad-scale compilations 

Fig. 1. (A) Compilation of existing fossil records 
from the Neotoma Paleoecology Database (Williams 
et al., 2018a), including its regional constituent da-
tabases [the European Pollen Database (Fyfe et al., 
2009), the North American Pollen Database (Grimm, 
2000), and the Latin American Pollen Database 
(Flantua et al., 2015)], the Indo-Pacific Pollen Da-
tabase (Hope, 2018), the African Pollen Database 
(Vincens et al., 2007) and the ACER database 
(Sánchez Goñi et al., 2017). (B) Locations where 
temperature reconstructions have been generated 
from fossil pollen data. The Bartlein et al. (2011) 
data are represented as 2°x2° light pink grid boxes, 
while the recent multi-sites studies of Mauri et al. 
(2015), Gajewski (2015), Marsicek et al. (2018),  
Shuman et al. (2018) and Herzschuh et al. (2019), as 
well as several site-based reconstructions (Bush 
et al., 2004; Chase et al., 2015; Chase et al., 2015;  
Chevalier and Chase, 2015; Fletcher and Thomas, 
2010; Jara et al., 2017; Lim et al., 2016; Newnham 
et al., 2017; Punyasena et al., 2008; Schäbitz et al., 
2013; Whitney et al., 2011) are represented in pink 
(actual coordinates of sites). This compilation of 
fossil records and pollen-based climate reconstruc-
tions is not exhaustive, but is nevertheless re-
presentative of the existing density of records and 
reconstructions in each region. The two maps are 
based on the ‘Equal Earth’ map projection to better 
represent the relative sizes of the different continents 
(Šavrič et al., 2019). (For interpretation of the re-
ferences to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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of site-based reconstructions have been built and used in this fashion to 
evaluate different generations of Earth System Model (ESM) palaeo-si-
mulations to highlight key data-model discrepancies and congruences 
(e.g. Brewer et al., 2007b; COHMAP Members, 1988; Harrison et al., 
2015; Joussaume and Taylor, 1995; Sawada et al., 2004). 

A decade ago, Bartlein et al. (2011) produced an exhaustive global 
synthesis of pollen-based reconstructions covering the mid-Holocene (c. 
6000 years ago) and/or Last Glacial Maximum (LGM; 19–26.5 ka as 
defined by Clark et al. (2009)). Their gridded data highlighted re-
gionally homogeneous climate signals for both periods and have been 
subsequently used to address past and future climate change issues. For 
example, Schmittner et al. (2011) used the LGM reconstructions to 
evaluate different model simulations of the LGM climate and identify 
the models that were performing best to refine the likely range of future 
temperature projections. This work also identified important gaps in the 
global coverage and density of quantitative pollen-based climate re-
constructions and emphasised the need to obtain better data coverage 
in many underrepresented regions (Africa, South and Central America, 
India, Central and southeast Asia and Oceania, hereafter ‘quantification 
deserts’; Fig. 1B). However, only northern and eastern Asia (Herzschuh 
et al., 2019) and the Canadian Arctic (Gajewski, 2015) have been 
densely populated by new reconstructions since 2011 (Fig. 1B), as the 
main research focus of the community has continued to be climate 
variability in the Northern Hemisphere mid-latitudes during the last 
2000 years (e.g. Rodysill et al., 2018; Shuman et al., 2018), the Holo-
cene (e.g. Marsicek et al., 2018; Mauri et al., 2015) or the Last Glacial 
Maximum (e.g. Izumi and Bartlein, 2016). 

As quantification deserts are not specific to pollen-based climate 
reconstructions and many other palaeoclimate proxies share similar 
spatial bias (e.g. Kaufman et al., 2020), a sharp palaeoclimate knowl-
edge gap exist between well-studied regions and quantification deserts. 
Recent methodological developments together with increased data 
availability have started to pave the way towards broader applicability 
of pollen-based climate reconstruction techniques in some quantifica-
tion deserts, such as Africa (Truc et al., 2013), South America (Schäbitz 
et al., 2013) and New Zealand (Newnham et al., 2017). Given these 
advances in methods and data coverage, existing fossil pollen records in 
these regions have become suitable candidates for quantitative climate 
reconstruction. Increasing the coverage and number of reconstructions 
from such regions will 1) refine our understanding of climate variability 
across a broader range of timescales, 2) contribute to shaping a more 
complete description of past global climate dynamics and interactions 
and 3) enable a more spatially complete evaluation of ESM palaeo-si-
mulations and thus contribute to improving their capacity to predict 
past and future climate change (Harrison et al., 2016). 

This review paper aims to facilitate access, use and distribution of 
pollen-based climate reconstruction techniques and calibration data to 
contribute to the further development and understanding of past cli-
mate variability during the late Quaternary from the local to the global 
scale. We seek to 1) provide a foundation for new developments in this 
field by surveying existing techniques and tools, 2) identify the re-
quirements that should be met to produce high-quality pollen-based 
climate reconstructions, and the challenges in doing this, and 3) pro-
mote strategies and numerical solutions by which quantitative re-
construction techniques can be more broadly and easily accessed and 
used, especially in quantification deserts. To reach these goals, this 
review is divided into seven sections. In Section 2, we review the his-
torical milestones that have marked the development of pollen-based 
climate reconstruction since the 19th century. In Section 3, we describe 
the fundamentals common among pollen-based climate reconstructions 
and discuss factors and processes that determine the composition of 
pollen assemblages, particularly those that affect pollen-climate re-
lationships. Section 4 combines a detailed description of the state-of- 
the-art quantitative reconstruction techniques with a review of the 
historical methodological developments that have led to the most re-
cent techniques. This section is divided in five subsections that 

represent the major analytical approaches: 1) the species-indicator 
approach, 2) the regression approach, 3) the classification approach, 4) 
the process-based approach and 5) the Bayesian approach. Since this 
review is primarily intended for non-experts, we provide high-level 
descriptions of each approach, and refer readers to original publications 
for theoretical details. Section 5 provides general guidelines on how to 
avoid commonly encountered challenges and perform reliable re-
constructions. Section 6 provides a list of currently available software 
packages, scripts and data used to apply the various techniques de-
scribed. In Section 7, we discuss potential avenues for future metho-
dological developments and propose a list of possible axes of develop-
ment for the integration of pollen-based quantitative reconstruction 
techniques in multi-disciplinary research. 

2. A brief historical perspective 

The pioneering essay of von Humboldt and Bonpland (1807) de-
monstrated that climate strongly influences vegetation spatial dis-
tribution patterns. Vegetation ecologists later established that these 
distributions were primarily defined by species-specific climate and 
environmental requirements, a concept ultimately formalised as the 
environmental niche (Gleason, 1917; Good, 1931; Hutchinson, 1957;  
Pulliam, 2000; Whittaker et al., 1973). Niche theory implies that plant 
species are only found across specific portions of the available en-
vironmental space (i.e. within the tolerance of the species) and exhibit 
strong preferences along that portion (i.e. towards the environmental 
optimum of the species). Most pollen-based climate reconstruction 
techniques aim at modelling/extracting the relationships between ve-
getation and climate from modern observations to reconstruct past 
climates, under the assumption that the relationship between vegeta-
tion and climate has remained constant through time (i.e. the uni-
formitarian principle). 

The history of the use of fossil pollen data as the basis for quanti-
tative palaeoclimatology is characterised by four distinct phases. The 
first phase covers the late 19th and first half of the 20th centuries, 
during which numerous remains of plants (e.g. leaves, needles, seeds or 
nuts) preserved in lake sediments or peat were analysed and interpreted 
as indicators of past climate (e.g. Andersson, 1909; Grichuk, 1969;  
Iversen, 1944; Nathorst, 1871; von Post, 1903). It was not until the 
work of von Post (1918) that pollen began to be analysed as an in-
dicator of past vegetation and climate (Birks and Seppä, 2010; Edwards 
et al., 2017). After this discovery, palynologists focused on developing 
methods to collect pollen records in the field, process and extract pollen 
grains, and to identify them. This work eventually led to the first 
quantitative reconstruction of Scandinavian January and July tem-
peratures by Iversen (1944), who combined the presence/absence of 
mistletoe (Viscum album), ivy (Hedera helix) and holly (Ilex aquifolium) 
pollen from the fossil record to identify the ‘Atlantic’ (7–8 ka BP), ‘Sub- 
Boreal’ (2.4–5 ka BP) and modern phases of the Holocene (Fig. 2). 

The work of Iversen (1944) marks the transition to the second phase 
(1944 to ~1990) during which quantitative palaeoclimatology became 
a progressively more active field of research and transitioned from 
qualitative interpretations to computing-intensive quantitative re-
constructions. The simultaneous publication of a methodology to pro-
duce quantitative climate reconstructions from terrestrial pollen (Webb 
and Bryson, 1972) and ocean foraminifera (Imbrie et al., 1973; Imbrie 
and Kipp, 1971) led to the development of the first generation of 
modern and fossil pollen databases, and the development of spatially- 
comprehensive reconstructions of palaeoclimates during the 1970s and 
1980s (e.g. Bartlein and Webb, 1985; Huntley and Prentice, 1988 Webb 
and Clark, 1977). Shortly thereafter, global temperature reconstruc-
tions of Holocene terrestrial (pollen) and oceanic (foraminifera) sur-
faces were used to evaluate the first generation of climate models 
(COHMAP Members, 1988; Wright, 1993). 

During the third phase (~1990 – ~2010) of quantitative palaeo-
climatology, site-specific reconstructions based on fossil pollen became 
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increasingly prevalent, providing a wealth of new information re-
garding the evolution of past climates. This extensive use of fossil pollen 
has fostered 1) the development and refinement of many of the re-
construction methods in use today (see Section 4) and 2) the continuous 
expansion of their applicability, which have eventually led to the global 
synthesis of Bartlein et al. (2011) (see Fig. 1B). In parallel, the pro-
liferation of climate simulations (e.g. the Paleoclimate Modelling In-
tercomparison Project (PMIP); Joussaume and Taylor, 1995) has pro-
vided the scientific community with a richer spectrum of tools to be 
used in conjunction with pollen-based reconstructions to investigate 
past climate change during different key periods of the past and deci-
pher the main drivers of past climate change (e.g. Cheddadi et al., 1996;  
Kageyama et al., 2006; Prentice et al., 2001; Williams et al., 1998). 

In the last decade (phase 4, ~2010 to present), new climate re-
construction techniques, based on Bayesian statistics, machine learning 
or process-based approaches, have been proposed to improve inferences 
of past climate from pollen data (see Section 4 for details; Chevalier 

et al., 2014; Izumi and Bartlein, 2016; Parnell et al., 2008; Salonen 
et al., 2019). The emerging open-data era, illustrated by the growth of 
online databases and data repositories (e.g. Williams et al., 2018b) and 
the advance of informatics and data standards (e.g. Khider et al., 2019;  
McKay and Emile-geay, 2016), has also influenced how pollen data are 
used to reconstruct past climates. As such, many studies have recently 
addressed fundamental palaeoclimatic questions by making use of ex-
tensive networks of fossil pollen data, including Marsicek et al. (2018) 
addressing the Holocene temperature conundrum (Liu et al., 2014),  
Routson et al. (2019) analysing the effects of latitudinal temperature 
gradients on moisture transport in the Northern Hemisphere, and  
Kaufman et al. (2020) reconstructing mean global temperature trends 
during the Holocene (pollen-derived records contributing to almost 
40% of records in the analysed data collection). The extension of the 
classic site-based analytical frameworks to networks of pollen records 
accessible from public resources represents an unprecedented oppor-
tunity to re-evaluate how fossil pollen data can be used to infer past 
climate, both in data-dense regions and in quantification deserts. 

3. General principles to pollen-based climate quantifications 

3.1. Fundamental modelling assumptions 

Modern pollen-based quantitative palaeoclimatology has undergone 
the development of a diverse array of statistical or modelling techni-
ques to transform fossil pollen assemblage data into past climate esti-
mates. These techniques draw information from spatial networks of 
modern data to represent the empirical relationship between climate 
and either plants, plant distributions, or pollen assemblages (‘modern 
calibration’ stage; Fig. 3). These relationships are then used to make 
quantitative inferences about past climates from fossil pollen assem-
blages (‘climate reconstruction’ stage; Fig. 3). Combined, these two 
stages are called a ‘space-for-time’ substitution approach (Blois et al., 
2013; Jackson and Williams, 2004) and are based on the following five 
assumptions (e.g. Birks et al., 2010; Imbrie and Kipp, 1971): 

1. The taxa observed in both modern and past samples are system-
atically related to the climate in which they live. This assumption 
assumes approximate dynamic equilibrium between the observed 
pollen assemblage and climate. 

2. The climate variables to be reconstructed are important determi-
nants, or systematically related to important determinants of the 
vegetation and the associated pollen. This assumption assumes that 
the relationship has remained stable throughout the record (i.e. the 
uniformitarian principle).  

3. Unstudied environmental variables have had a minor influence on 
the fossil data over the studied period of time and at the spatial scale 
of the pollen record, or their relationship with the variable of 

Fig. 2. Classic figure by Iversen (1944) representing the thermal niches of 
Viscum, Hedera and Ilex and how the combination of their presence (below their 
respective curve) or absence (above and to the right of their respective curve) in 
modern environments could be used to estimate past temperatures for the 
‘Atlantic’ (1: 7–8 ka BP), ‘Sub-Boreal’ (2: 2.4–5 ka BP) and modern (3) phases of 
the Holocene. 

Fig. 3. Schematic representation of the space-for- 
time principle underlying pollen-based climate re-
construction approaches. For most models, the 
modern relationships between climate and pollen are 
used to infer past climates under the assumption that 
similar pollen compositions are the result of the 
same climatic conditions (Sections 4.2 to 4.4). Other 
models extract information from modern vegetation 
to define pollen-climate relationships (Section 4.1). 
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interest remained the same as in the calibration dataset.  
4. The taxa in the modern calibration dataset are the same biological 

entities as in the fossil data, and their ecological responses have not 
changed over the studied period of time (uniformitarian principle). 

5. The specified mathematical model has sufficient flexibility to re-
present the complexity of the ecological responses to the climate 
variables of interest. 

These assumptions have long been recognised, but the difficulty of 
testing them has sometimes turned them into what Jackson (2012) 
referred to as unknown knowns, namely assumptions that are often taken 
for granted without even knowing the nature of how these factors in-
teract. Juggins (2013) discussed how the violation of assumptions 2 and 
3 could lead to spurious reconstructions. We thus re-emphasise the need 
to proceed with suitable care when undertaking pollen-based climate 
reconstructions. 

3.2. The nature of fossil pollen data 

A good comprehension of the processes that govern the composition 
of pollen assemblages and their relationship with climate and the en-
vironment is necessary to understand the different assumptions un-
derlying the reconstruction techniques. In this section, we present the 
most defining characteristics of fossil pollen assemblages, how these 
characteristics relate to the five fundamental modelling assumptions 
and how they can influence a reconstruction. 

3.2.1. Pollen production, dispersal strategies and preservation 
Pollen grains are produced in all environments where spermato-

phytes (i.e. seed-bearing plants) grow (Wodehouse, 1935). As the walls 
of pollen grains contain the chemically-stable polymer sporopollenin, 
they can also be preserved over long periods of time in anoxic en-
vironments (Faegri et al., 1989; Havinga, 1967). Each plant species 
adopts specific production and dispersal strategies, which can influence 
the representation and abundance of taxa in fossil pollen records. An-
emophilous taxa depend on wind to disperse their pollen and 

Fig. 4. Conceptual model of different processes that contribute to pollen being preserved in lake sediments. The squares, stars, rounded rectangles and black circles 
represent pollen grains derived from vegetation around the lake. Black and white triangles represent pollen transported over long distances by the river and wind, 
respectively. Each type of plant produces different quantities of pollen (cf. the trees on the right shore of the lake). The different grass species produce indis-
tinguishable pollen grains (cf. the grasses on the left shore of the lake). The white hexagons are produced by cultivated plants (e.g. rice or maize fields) and represent 
anthropogenic activity. Animals on the landscape (here represented by a mammoth) can also transport pollen that deposits in the sediments. All these pollen grains 
accumulate in the sediment at the bottom of the lake where they are collected using coring equipment (white cylinder). When sampled and counted under a light 
microscope, the observed pollen assemblage represents a combination of all the processes in action in this landscape and in the lab (e.g. the number of pollen grains 
counted that can lead to false absences). 
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commonly have high pollen production rates, while entomophilous taxa 
that rely on animals (e.g. insects) to disperse their pollen generally 
produce fewer grains. For example, wind-pollinated pine (Pinus) species 
have one of the highest pollen production rates and often dominates 
pollen assemblages, even when they are not prominent in the local 
environment (e.g. Campbell et al., 1999; Tyldesley, 1973) (Fig. 4). In 
contrast, larch (Larix) and aspen (Populus) are typically under-re-
presented because of lower production, dispersal and preservation po-
tential, even when they dominate the local landscape (Leitner and 
Gajewski, 2004; Peros et al., 2017; however, see Carter et al. (2017) 
and Morris et al. (2019)). 

Contrary to plant macroremains that can generally only be used as 
presence/absence data, pollen grains are much more abundant in se-
diments and can be used to derive relative proportions of pollen taxa, 
which enables more refined statistical inferences about past climates. 
The reliability of these percentages directly depends on the number of 
counted pollen grains being counted (Maher, 1981; Maher, 1972). The 
optimal number of grains depends on the research aim, but counting 
sufficient numbers of pollen grains is critical to account for the different 
production and dispersal strategies as the over-representation of some 
taxa can mask the presence of other climatically informative taxa with 
lower pollen production rates (‘false absence’, see larch on Fig. 4) and 
negatively impact the accuracy of the climate reconstruction. For cli-
mate reconstructions, it is usually recommended to identify a minimum 
of 300 pollen grains in individual fossil samples to estimate reliable 
percentages of the dominant taxa but counting 500 grains or more is 
usually necessary to estimate the proportions of rare taxa. However, 
counting high number of pollen grains may not be possible in certain 
environments or sediment types due to preservation or other tapho-
nomic issues (e.g. Djamali and Cilleros, 2020; Keen et al., 2014; Lytle 
and Wahl, 2005). 

3.2.2. Representativeness of a pollen sample 
A pollen assemblage is not a direct measure of local vegetation 

composition, as many biological, climatic and environmental processes 
influence the production, dispersal and preservation of pollen grains 
(Fig. 4; Gajewski, 2006; Goring et al., 2013; Huntley, 2012; Prentice, 
1986). Most pollen grains are mainly transported by wind (the domi-
nant vector) that mixes grains in the air from various locations, and by 
streams and rivers that can carry grains over land depending on the 
local hydrology (Fig. 4). In some rare cases, pollen grains can also be 
transported to the depositional setting by animals, possibly introducing 
a signal that reflects foraging and mobility preferences (e.g. Chase et al., 
2012; McAndrews and Turton, 2007). Pollen assemblages thus re-
present a mix of locally and remotely produced pollen grains whose 
chances of being observed decrease with increasing distance of the 
plant source to the sampling location (Jackson and Lyford, 1999;  
Prentice, 1985; Sugita, 1994). The relative proportion of local and 
distant taxa is related to the catchment characteristics of the studied 
archive. 

The environmental setting of a pollen archive can strongly influence 
the scale of climatic inferences that can be derived from a pollen record 
(Jackson, 1994; Jacobson and Bradshaw, 1981). Records extracted from 
small lakes, mires, bogs or forest-hollows usually contain a stronger 
local signal (small pollen source area) compared to records extracted 
from large lakes (larger pollen source area) that act as regional in-
tegrators (Prentice, 1985). Ice cores (e.g. Bourgeois et al., 2000; Brugger 
et al., 2018) and marine cores (e.g. Dupont et al., 2019; Klotz et al., 
2006) represent extreme endmembers in terms of local versus regional 
pollen ratios, as none of the collected pollen grains are locally pro-
duced. While fossil pollen are generally recovered from lakes, wetlands 
or marine sediments, they have also been recovered from a diverse 
range of more unusual archives, such as the middens of packrats (Davis 
and Anderson, 1987) and rock hyraxes (Chase et al., 2012; Scott, 1990), 
animal faeces and remains (e.g. Akeret et al., 1999; Gil-Romera et al., 
2014; Kosintsev et al., 2010), ice cores (e.g. Bourgeois et al., 2000;  

Koerner et al., 1988), and speleothems (e.g. Brook et al., 2010;  
Sniderman et al., 2016). When possible, characterising the source ar-
chive and the likely area represented by pollen assemblages is im-
portant to defining the type and scale of climate inferences that can be 
drawn from a fossil pollen record (e.g. local change vs. regional- or 
continental-scale variability). Irrespective of the type of archive, en-
vironments with low pollen productivity can also be highly influenced 
by remote pollen producers (potentially conflicting with assumption 1). 
For instance, observing wind-blown pine pollen grains is quite common 
in tundra and high-Arctic ecosystems because the large quantities of 
pollen grains produced by distant, wind-pollinated pines contributes to 
the local pollen signal (e.g. Gajewski, 2006; Wang et al., 2017). In such 
cases, separating local from extra-local taxa can reduce the noise of the 
pollen data and improve the local climate signal. 

3.2.3. Variable taxonomic resolution 
Pollen grains are rarely identifiable to the species level using light 

microscopy (e.g. Halbritter et al., 2018). Pollen grains from temperate 
and boreal environments are generally identified at the sub-genus – i.e. 
a group of species but not the entire genus – to sub-family level, while 
resolution is generally lower in tropical regions (genus to family level). 
The diversity of species comprising a given pollen type can complicate 
the estimation of reliable pollen-climate responses, even if its con-
stituent species have a clear response to climate. For instance, Finsinger 
et al. (2007) have shown that Ostrya-type pollen has a bimodal dis-
tribution across Italy, as it is produced by both the European ho-
phornbeam (Ostrya carpinifolia), which is more abundant to the colder 
and wetter north, and the oriental hornbeam (Carpinus orientalis), 
which is more abundant to the warmer and seasonally drier south. Only 
the techniques that can account for these distinct climate preferences 
and estimate multimodal climate responses or the techniques that do 
not model the responses can deal well with such issues without 
breaking Assumption 5. The most diverse pollen types (e.g. the grass 
family (Poaceae) which comprises hundreds of species that are pre-
valent from the Arctic tundra to tropical savannas; Fig. 4) can be pro-
blematic for some reconstruction methods (e.g. the indicator species, 
see Section 4.1), especially in environments where 1) the relationship 
between the pollen and climate can be a mix of various individual re-
sponses (thus challenging Assumption 2), and where 2) the potential 
species turnover within the pollen type can be masked, thus possibly 
breaking Assumption 4 over time. 

Pollen taxonomy is continuously being improved to differentiate 
these diverse pollen types into subgroups (e.g. Bush and Weng, 2007;  
Julier et al., 2018; May and Lacourse, 2012; Schüler and Hemp, 2016). 
Increasing the taxonomic resolution of pollen analyses is useful for 
palaeoecological studies, especially in hotspots of botanical diversity 
where tens to hundreds of plant species with different climatic niches 
produce indistinguishable pollen grains (e.g. in Amazonia (Burn et al., 
2010) and South Africa (Valsecchi et al., 2013)), however it may not 
always be beneficial for climate reconstructions. While indicator species 
approaches benefit positively from a higher taxonomic resolution (cf.  
Section 4.1), most reconstruction techniques use large compilations of 
modern pollen samples to estimate the relationship between pollen and 
climate (Sections 4.2 to 4.4). Taxonomic improvements cannot be back- 
propagated to those existing compilations of modern samples, so that 
records with higher and/or novel taxonomic resolution have to be 
taxonomically simplified to match the resolution of the modern samples 
(taxonomical smoothing; Goring et al., 2013; Williams and Shuman, 
2008). 

3.2.4. Human impact 
Most terrestrial environments are or have been influenced to some 

extent by humans. Recent evidence suggests that even the most remote 
locations of the tropical rainforests of Africa and South America have 
been modified by human activities during the Holocene with long-term 
effects still visible today (e.g. Marchant et al., 2018; McMichael et al., 
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2017). Human activities (e.g. deforestation or agriculture) modify ve-
getation structure, composition and diversity (e.g. replacement of a 
forested area by a field on Fig. 4), which can obscure the observed 
relationships between pollen and climate (St Jacques et al., 2015). The 
issue has been recognised very early on in the development of the re-
construction techniques (e.g. Guiot, 1987; Howe and Webb, 1983; Pons, 
1984), as the well-studied landscapes of Europe and the Mediterranean 
Basin are historically among the most human-impacted (e.g. Conedera 
et al., 2017; Gaillard et al., 2010; Giesecke et al., 2019; Kaplan et al., 
2009). The arrival of Europeans to eastern North America, which is 
captured by the introduction and rise of ragweed (Ambrosia) pollen, 
also represents another striking example of human-driven landscape 
disturbance (e.g. McAndrews, 1988), with this distinctive environ-
mental change being used as a precise dating point in some studies (e.g.  
Blois et al., 2011; Bunting et al., 1998). Anthropogenic land-uses 
(modification of vegetation compositions, loss or gain of species) can 
substantially influence pollen-climate relationships even if the actual 
impact of this influence on climate reconstructions is often difficult to 
quantify. Pollen-based climate reconstructions from environments 
characterised by strong human influence need to be evaluated carefully, 
as these could be biased. However, many reconstructions from such 
regions have been supported by non-botanical palaeoclimate proxies, 
indicating that modern climate reconstruction methods can – to some 
extent – cope with human impact (e.g. Cheddadi and Khater, 2016;  
Lotter et al., 2000; Mauri et al., 2015; Seppä et al., 2009). 

3.3. Selection of climate indicators 

There is no universally applicable rule that can define which pollen 
taxa should or should not be used for climate reconstructions and some 
expert judgment is often required. Some reconstruction techniques 
work well with the full suite of identified pollen taxa, while others 
perform better with a restricted set of taxa with strong sensitivities to 
the climate parameter being reconstructed. The optimal number of se-
lected taxa will also vary between regions and taxonomic resolution of 
pollen records. Using too few taxa excludes part of the climatic signal 
recorded by the pollen, while long lists of taxa increase chances to in-
clude 1) taxa that are not sensitive to the studied climate variable across 
the study area or 2) rare taxa, for which the estimations of pollen 
percentages or pollen-climate relationships are insufficiently con-
strained. The total number of pollen taxa used in a reconstruction is 
most often a trade-off between using too few and too many taxa. Some 
simple rules can guide the selection of taxa, including: 

▪ As terrestrial and aquatic taxa can be influenced by distinctly dif-
ferent sets of environmental variables, it is recommended to exclude 
all non-terrestrial pollen taxa and to rescale the sum of terrestrial 
plant taxa to 100% before reconstructing climate.  

▪ All the taxa observed in the fossil record should be present in the 
modern dataset and in significant proportions (e.g. presence in at 
least 20–25 samples), as a large number of modern calibration 
samples of pollen or plant occurrences are required to establish a 
taxon's response to climate. 

▪ Cosmopolitan taxa or pollen taxa identified at a low taxonomic re-
solution may be problematic because their signal-to-noise ratio is 
often low, but also because estimating a reliable pollen-climate re-
lationship may be complex (e.g. grass species). With such taxa, 
quantifying reliable climate response curves can be difficult and, 
depending on the reconstruction method used, they may provide 
limited information or even introduce noise to the reconstruction.  

▪ It may be useful to exclude observations with low percentages 
(e.g. < 0.5 or 1%) from the reconstruction. While low percentages 
can indicate presence in the environment, they can also result from 
lab or sampling contamination, or long-distance transport. 
Excluding taxa based on low percentages should always be asso-
ciated with additional considerations of their ecology and 

taphonomy. Different exclusion thresholds can also be defined for 
taxa with different pollen production rates. 

3.4. Climate variable(s) that can be reconstructed from a fossil record 

Vegetation compositions from different environmental settings are 
sensitive to different environmental variables. As such, the identifica-
tion of which climate variable(s) can be realistically reconstructed from 
different vegetation compositions is critical. Plants are sensitive to a 
broad range of eco-physiological variables, such as maximum and 
minimum temperatures, the number of growing degree and frost days, 
the length of the dry period or the seasonality of rainfall and/or tem-
perature (e.g. Harrison et al., 2010; Prentice et al., 1992; Woodward 
and Williams, 1987). All of these variables directly influence plant 
growth, survival and reproduction and ultimately define the presence/ 
abundance or absence of plant species at a site (e.g. Guisan and 
Zimmermann, 2000). These bioclimatic variables are strongly corre-
lated with monthly or seasonal mean values commonly used in clima-
tology (e.g. winter temperature with number of frost days). Climate 
variables are thus commonly used as proxies for these more specific 
variables because they have the advantage of providing a common scale 
with other biotic and abiotic palaeoclimatic sensors (e.g. isotopes, 
biomarkers), hence improving comparability among palaeoclimate da-
tasets, instrumental data, and climate model simulations. 

The variable selection should be as independent as possible from the 
researcher's expectations. In other words, it is not because a researcher 
is primarily interested in studying temperature change that temperature 
can or should be reconstructed from all pollen records or for all time 
periods. One consequence of Assumptions 2 and 3 is also that re-
constructing climate is not always possible when non-climatic factors 
leave a stronger impact on the pollen assemblages than climate itself 
(Juggins, 2013). This can include sea-level changes at coastal sites that 
modify the vegetation at the site (e.g. Quick et al., 2018), fire that gives 
different trajectories to climate-driven ecological changes (e.g. Cadd 
et al., 2019), or land use (e.g. Birks and Seppä, 2003; Finsinger et al., 
2010; Howe and Webb, 1983). All of these can affect both modern and 
fossil records. Identifying where and when this influence is strong en-
ough to supersede climate, for instance by adapting sample processing 
in the lab to specifically identify pollen of cultivated plants (e.g.  
Maezumi et al., 2018; Whitney et al., 2012), or by comparing the re-
construction with a vegetation-independent climate reconstruction (e.g.  
Finsinger et al., 2010; Peyron et al., 2005) can highlight phases if/when 
the reconstruction is likely to be most biased. 

Unfortunately, no technique is equipped to automatically identify 
the variables that can be reconstructed (i.e. the variables that have 
driven the observed ecological changes), and they will always provide 
climate estimates of the prescribed variable irrespective of the exact 
drivers(s) of past vegetation change. Considering the ecology (and po-
tential palaeoecology) and local environmental drivers at a site is cri-
tical to choose the variable(s) that can be reliably reconstructed based 
on pollen records. Examining performance indices and spread of un-
certainties associated with the fitted reconstruction model (see Section 
5.2 for details on how to calculate these) can identify whether a vari-
able is a poor predictor of the pollen data. However, such analyses, 
alone are insufficient to affirm that a certain variable can be re-
constructed, since good performance indices can also be obtained with 
potentially confounding, covarying variables (i.e. variables that corre-
late with the studied taxa in the modern settings but have no causal 
relationship with them). In such a situation, a confounding variable 
correlates with the studied taxa only because it is correlated with an-
other variable, which ultimately drives the observed distributions of 
taxa. If the relationship between the driving and confounding variables 
changes over time (breaking Assumptions 1 and 3), reconstructions may 
become biased. For example, January and July temperature are usually 
positively correlated in spatial datasets today and, as such, both can 
appear as significant drivers of vegetation. However, in many regions 
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they are likely to have been negatively correlated during the Holocene 
due to orbital forcing. In this trivial example, the positive modern 
correlation between the two temperature variables in calibration da-
tasets will potentially induce a positive correlation between re-
constructed temperatures based on a pollen record, whereas in reality 
these may have been negatively correlated. 

Atmospheric CO2 imposes an additional, non-climatic control on 
vegetation dynamics and structure that must be accounted for when 
interpreting reconstructions (e.g. Cowling and Sykes, 1999). Atmo-
spheric CO2 concentration influences plant water-use efficiency, so that 
lower CO2 concentrations, such as during the LGM (e.g. Monnin et al., 
2001), induce plants to consume more water to maintain the same rate 
of photosynthesis (e.g. Harrison and Prentice, 2003; Jolly and 
Haxeltine, 1997; Ward et al., 2005). Low CO2 concentrations are likely 
to create non-analogue conditions, i.e. conditions that have no modern 
equivalent, thus potentially breaking Assumption 5. The approaches 
that do not account for the CO2 effect may be biased when re-
constructing climate of periods with lower CO2 concentrations and, for 
instance, ‘misread’ LGM vegetation as indicating conditions drier than 
they actually were. Low CO2 also decreases available carbon for pho-
tosynthesis and may bias the temperature reconstruction towards lower 
values by attributing the effect of CO2 limitation to temperature (Wu 
et al., 2007b; Wu et al., 2007a), although others have argued any 
temperature effect is limited (Williams et al., 2000). 

4. Approaches to quantification 

Pollen-based climate reconstructions can be performed based on 
different approaches, each with unique advantages and weaknesses. 
Here, we present the most relevant that contributed to the development 
of the techniques in use today. Their relative strengths and weaknesses 
are discussed in Section 5. 

5. Summary 

5.1. Indicator-species approach 

Indicator-species approaches estimate independent climatic re-
sponses for each pollen taxon. The responses of the climate-sensitive 
taxa are then combined to estimate the climate parameter and the 
distribution of its uncertainties. These techniques use modern plant 
presence-only data (i.e. geolocalised occurrences) to infer the plant- 
pollen-climate relationships. 

Indicator-species techniques are conceptually intuitive and were the 
first reconstruction techniques to be developed. Their first applications 
were Andersson (1903, 1909, 1910), who used the presence of mac-
rofossils of hazel (Corylus avellana) as an indicator of warm season 
temperature in Sweden during the Holocene. This work was later ex-
tended by Iversen (1944), who combined independent bivariate esti-
mations of the niche edges of three indicator species (Ilex, Viscum and 
Hedera) to produce the first multi-taxa reconstructions of Holocene 
winter and summer temperature minima in Scandinavia (Fig. 2). De-
spite the limited predictive power of these original techniques beyond 
their calibration area, they laid the foundations and the practical eco-
logical background for the more sophisticated and computationally- 
intensive techniques used today. 

5.1.1. Mutual Climatic Range (MCR) 
The MCR technique was developed by Grichuk (1969) using bota-

nical remains, but the name ‘Mutual Climatic Range’ was proposed by  
Atkinson (1986) in a study based on fossil beetles. MCR pollen-climate 
relationships are defined from modern plant distribution data as the 
minimum and maximum climatic values where the taxon is observed 
(i.e. where it lives; Atkinson et al., 1987). Past climates are re-
constructed from the intersection of these climate ranges to identify the 
climate interval where the climate ranges of all taxa in a sample 

overlap, which results in a climate range and not a single ‘best value’. 
The precision of the reconstruction (i.e. the width of the reconstructed 
climate range) is defined by the affinities of all the observed taxa in a 
sample with the climate variable being reconstructed, even if, in 
practice, it is most often constrained by the presence of one or two 
stenotopic species (i.e. taxa with strict climate requirements). The ab-
sence of a central tendency measure in the MCR approach can make the 
reconstructions difficult to reconcile with independent records, because 
the range of values produced by MCR is, by construction, unweighted 
and no climate values are more likely than others within that range, 
even if the contrary has been claimed (Coope et al., 1998; Schenk et al., 
2018). 

One fundamental limitation with MCR reconstructions concerns the 
sensitivity of the estimated climatic ranges, particularly in the presence 
of stenotopic species. The absolute minimum and maximum climate 
values where a taxon can live are difficult to estimate empirically and 
any error in the estimation of these ranges is directly transferred to the 
reconstructions. Different strategies have been proposed to reduce this 
sensitivity but none of these options has fully resolved the issue. For 
example, the total distribution range was truncated to the 10–90% in-
terval (Sharpe, 2002), although this leads to biased inferences as true 
presences are truncated. Fauquette et al. (1998) proposed using varying 
tolerance ranges for each taxon in an assemblage and to associate high 
pollen percentages with narrower climatic ranges. More probabilistic 
approaches, such as fitting sinewaves to define the boundaries of the 
climate envelopes (Marra et al., 2004), have also been applied to ac-
count for all the occurrence data and diminish the importance of ex-
treme observations. Similarly, Pross et al. (2000) narrowed the esti-
mation of the ranges by modelling a most likely range within the 
observed full range. Ultimately, limitations with approaches like MCR 
are related to the statistical framework upon which they are based (and 
the lack of error estimates that guide and constrain interpretations), 
and this limits the measures that can be taken to resolve these issues. As 
a result, alternative techniques are now often preferred for late Qua-
ternary pollen-based climate reconstructions. 

5.1.2. Probability Density Functions (pdfs) 
The philosophy of the MCR approach was integrated into a prob-

abilistic framework by Kühl et al. (2002) and Schölzel, 2005), who 
developed the first climate reconstruction statistical technique em-
ploying probability density functions (pdfs). In the pdf techniques, the 
pollen-climate relationships are described by conditional probability 
density functions that represent the dependence of the different taxa on 
climate (Kühl et al., 2002). A pdf describes the probability of observing 
any climate value considering the presence of one taxon, with the 
constraint that all probabilities (i.e. the area under the curve) sum to 
one. In contrast to MCR that focuses on the estimation of the minimum 
and maximum climate values only, the pdf approach uses all the in-
formation contained in the species' distributions to estimate entire cli-
mate responses and is, therefore, significantly less sensitive to the 
structure and range limit of the modern calibration dataset than MCR. 

The pdf techniques combine modern climate and plant occurrence 
data (presence-only from their spatial distributions) to determine the 
specific climate envelope(s) of pollen taxa (Fig. 5). To account for the 
differential representation of the climate values across the entire study 
area (some climate values are more abundant than others), climate 
values are weighted by the inverse of their abundance in the modern 
climate space. Abundant climate values are down-weighted, while the 
rarest ones are relatively up-weighted (Bray et al., 2006; Kühl et al., 
2002; Schölzel, (2005)). While weighting climate values ensures that 
the pdfs do not reflect the modern distribution of climate, estimating 
ecologically reliable climate responses for all observed taxa is not al-
ways possible due to the taxonomic resolution of pollen records (e.g. 
grass pollen, see Fig. 4). When pollen taxa are composed of dozens or 
more species, their pdfs can be relatively flat and/or broad and such 
taxa are commonly excluded from the reconstruction. Similarly, taxa 
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expected to be primarily driven by unstudied climate variables or non- 
climate variables (e.g. Taxon D on Fig. 5) should also be excluded. 

In the pdf methods, the pdfs of individual taxa are assumed to be 
independent so that climate can be reconstructed by multiplying the 
pdfs of the selected pollen taxa observed in a fossil sample. This pdf 
represents the probabilistic adaptation of the intersection used in MCR 
and describes the probabilities of the reconstructed climate variable 
conditioned by the co-existence of the taxa in the pollen sample (i.e. a 
weighted interval, Fig. 5). Because the height of each pdf is constrained 
by the range of climate values experienced by the taxon (i.e. all the 
probabilities must sum to one), the degree of influence of each taxon is 
inversely proportional to the width of its pdf (not represented on Fig. 5 
where the pdfs are coloured by cumulated probabilities for simplifica-
tion purposes) and generalist species have less influence than stenotopic 
taxa. For example, the spread of the distribution of Taxon A on Fig. 5 is 
more restricted than the spread of the distributions of Taxon B and 
Taxon C so that the co-existence interval resulting from the multi-
plication of their pdfs is shifted towards the optimum of Taxon A. The 
results are also substantially more precise than what would be obtained 
with MCR (dashed unweighted rectangles on Fig. 5). 

Two pdf techniques have been developed for pollen data: the ap-
proach by Kühl et al. (2002) and the CREST (Climate REconstruction 
SofTware) technique (Chevalier et al., 2014). Based on similar funda-
mentals, the implementation of these two techniques differ in some 
Assumptions that reflect the characteristics of the environments for 
which they were developed (Europe for Kühl et al. (2002) and the 
southern African subtropics for Chevalier et al. (2014)). As Iversen 
(1944) pointed out that for some plants, higher winter temperatures 
can compensate for lower summer temperatures and vice versa (see also  
Jeffree and Jeffree, 1994), Kühl et al. (2002) argued that pdfs should 
preferably be bi- or tri-dimensional in order to account for the covar-
iance of climate variables. However, fitting multidimensional pdfs for 
all taxa assumes that they are sensitive to all the variables to be re-
constructed. Chevalier et al. (2014) found numerous taxa in southern 
Arica that were preferentially sensitive to either temperature- or 
moisture-related variables, and thus only implemented unidimensional 
pdfs in CREST. Both techniques allow the pdfs to be multimodal (i.e. the 
pollen-climate responses can have multiple peaks or optima; Chevalier 
et al., 2014; Gebhardt et al., 2008). 

The use of presence-only distribution data to fit the pdfs (in contrast 
to presence-absence data for which absences have also been reliably 
assessed) has been criticised, with some arguing that presence-only data 
cannot be used to estimate reliable niches (Elith et al., 2011; Elith et al., 
2006; Phillips et al., 2009; Sniderman et al., 2016). However, true 
presence/absence data are rarely available, while presence-only data 
are ubiquitous. Despite known limitations, presence-only data have 
been used with pdf techniques to reconstruct modern environmental 
parameters successfully (Chevalier et al., 2014) and to produce re-
constructions of past conditions consistent with independent proxy re-
cords (e.g. Chevalier et al., 2020; Cordova et al., 2017; Litt et al., 2009;  
Neumann et al., 2007). As they have not been employed in many re-
gions, more applications are necessary to fully assess their strengths and 
weaknesses. Currently, it is suggested that the definition of the pdfs is 
robust provided that the climate space of the plants' ranges is fully 
sampled (Chevalier et al., 2014). The recent release of a global cali-
bration dataset enabling using pdf techniques from anywhere vegeta-
tion currently grows (Chevalier, 2019) could promote testing this hy-
pothesis across various environmental gradients. 

For more technical details about the two variants of pdf techniques, 
we refer the reader to Kühl et al. (2002), Gebhardt et al. (2008),  
Chevalier et al. (2014) and Chevalier et al. (2019). In addition to these 
two techniques, a third approach has also been recently proposed: 
CRACLE (Climate Reconstruction Analysis using Coexistence Likelihood 
Estimation; Harbert and Baryiames, 2020; Harbert and Nixon, 2015). 

Fig. 5. Schematic representation of the pdf approach. (top) Distribution of four 
taxa (coloured points) in a bivariate climate space (grey points). The blue, red 
and green taxa have a well-defined pdf in that space, while the black taxon is 
not directly sensitive to either of the two variables, as expressed by its width 
and multimodality. Colour scales represent the cumulative probability dis-
tributions. (bottom) Combination of the three sensitive taxa A, B and C to es-
timate the joined probabilistic distribution of the two climate variables. The 
best climate estimate is represented with a red cross. MCR reconstructions using 
the same data are represented with the dashed rectangles. The larger rectangle 
is based on all the input data (MCR 100%) whereas the smaller one only uses 
99% of the values (exclusion of highest and lowest values, MCR 99%), high-
lighting the sensitivity of MCR to the quality of input data. (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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CRACLE is based on similar principles as the other two pdfs techniques 
(i.e. individual responses are fitted before being multiplied to estimate 
climate parameters) but has not yet been applied to pollen data. Re-
constructions using Pliocene fossil beetles (Fletcher et al., 2019), plant 
macrofossils (Fletcher et al., 2017; Harbert and Nixon, 2018) and 
modern vegetation plots (Harbert and Baryiames, 2020) suggest good 
reconstruction performance and an application to pollen data appears 
promising. 

5.2. The regression approach 

This approach includes linear and non-linear regression techniques 
that model the relationships between one or more climate variable(s) 
and the pollen taxa from a collection of modern pollen assemblages (i.e. 
a ‘calibration’ dataset), before applying these relationships to fossil 
pollen assemblages. 

5.2.1. Linear regression techniques 
Linear regression techniques were the first regression techniques to 

be applied to pollen data (Webb and Bryson, 1972) and were ex-
tensively used during the 1970s and 1980s (e.g. Bartlein and Webb, 
1985; Gajewski, 1988; Webb and Clark, 1977). Linear pollen-climate 
responses mean that any fixed change of the studied climate variable 
will be mirrored by a constant change in a taxon's percentage (e.g. for 
any increase of 1 °C, the pollen percentage of the taxon increases by 
10%), although the amplitude of this change may differ between taxa. 
The assumption of linearity restricts the range of fossil samples for 
which an equation can be applied, as pollen-climate relationships are 
not linear. To employ a linear approach, the strategy is thus to select a 
small geographical region where the pollen-climate relationships can be 
linearised, and to develop multiple regression equations that can be 
applied to fossil pollen data. The trade-off between the number of 

equations and the accuracy of these equations is a function of the pollen 
record, period of time, and past vegetation composition (Bartlein and 
Webb, 1985; Bartlein and Whitlock, 1993). 

Although this technique is no longer used in favour of alternative 
techniques (described hereafter), some reconstructions have proven to 
be robust when used in suitable conditions (e.g. small calibration region 
and limited climate change within the studied time). For instance, the 
eastern North America reconstructions of the last 1000 years made by  
Gajewski (1988) are nearly identical to reconstructions developed using 
newer techniques (e.g. Wahl et al., 2012) and are still used in global 
reconstructions (Pages2k Consortium, 2017). 

5.2.2. Partial Least Square (PLS) regression 
Linear regression approaches are prone to violations of their un-

derlying statistical assumptions, such as the linearity of the response of 
the taxa and the independence of the predictor variables (pollen taxon 
abundances show a high degree of multicollinearity in pollen datasets;  
Birks, 1995). Partial Least Squares regression (PLS) – a dimensionality 
reduction approach (Höskuldsson, 1988; Wold et al., 2001) – has been 
proposed as an alternative to the classical linear regression-based ap-
proaches to account for the covariance of the predictors (i.e. many 
pollen taxa respond similarly to climate variability; Birks, 1998, Birks, 
1995). The covariance is removed by combining the predictors together 
to estimate composite components that are independent of each other 
(i.e. their correlation is zero) and maximise the covariance with the 
response variable to be reconstructed. The components are then linearly 
combined to model the relationship between vegetation change and 
climate. While adding many components improves the apparent sta-
tistical performance of the transfer function, it can also lead to an 
overfitted model that has poor predictive power on the fossil data, 
despite high performance statistics with the training set(s) (Birks, 1998;  
Næs, 2002). The optimal number of components can be determined by 

Fig. 6. Conceptual representation of WA and how climate optima are inferred for the taxa. For simplification purposes, we only focus on three coloured taxa in this 
example and the ‘black’ areas represent all the taxa that are not considered. (left) Modern pollen assemblages (the ‘ecological gradient’) plotted against the studied 
climate gradient. (right) Climate values are extracted for each modern sample one taxon occurs in and weighted by the corresponding pollen percentage to derive the 
‘climate optimum’ of the taxon (circle on the right). 
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cross validation (see Section 5.2). Usually, between one and three 
components are used in the transfer function. As with classical linear 
regression, the PLS technique is most suitable for calibration datasets 
covering short environmental gradients where linear responses can be 
expected. 

5.2.3. Non-linear unimodal techniques (WA, WA-PLS) 
Linear responses are acceptable when focusing on small climate 

gradients. However, more complex responses become more suitable 
with longer gradients. The most commonly used non-linear approaches 
for pollen-based climate reconstructions are weighted averaging (WA) 
and weighted-averaging partial-least squares (WA-PLS) regression. WA 
and WA-PLS were first used in palaeolimnology to reconstruct past 
water chemistry variables, such as pH, salinity, and water depth from 
fossil assemblages (Birks et al., 1990b; Birks et al., 1990a; Dixit et al., 
1991; Oksanen et al., 1988; ter Braak and van Dame, 1989). These 
techniques account for the non-linear relationships of plant species with 
their environment. These models assume that in their respective climate 
niches plant species have the highest abundances and that niche 
breadth determines the environmental tolerance of the species (Roux, 
1979; ter Braak, 1985; ter Braak et al., 1993; ter Braak and Looman, 
1986). 

As species tend to occur with maximum abundance near the climatic 
conditions they are most adapted to or competitive in, wA estimates 
such climate optima from a calibration dataset by calculating the 
average climatological conditions a species occurs in weighted by the 
abundance of this species (i.e. by calculating a weighted average of the 
climate values where the taxon is observed; Fig. 6). To reconstruct 
climate from fossil data, the optima of pollen types in a given fossil 
pollen assemblage are weighted by their percentage and averaged, as-
suming that the most abundant types were closest to their optimal 
climatic conditions at the time the pollen assemblage was deposited 
(Birks, 1998; Brewer et al., 2007a; ter Braak and Looman, 1986). An 
extension of WA weights the relevance of individual taxa based on the 
width of their distribution, with widely distributed taxa receiving lower 
weight than narrowly dispersed ones (ter Braak and van Dame, 1989), 
thus assuming that taxa with narrower distributions are more reliable 
indicators. This ‘tolerance down-weighted’ WA approach has not been 
much employed, as in practice, it has little effect on the reconstructed 
values (Juggins and Birks, 2012). 

WA performs well in statistical performance tests, and often out-
performs other comparable techniques (Birks, 1995; Juggins and Birks, 
2012), but it has well-established weaknesses. Since modern samples in 
the training set are usually unevenly distributed in relation to the en-
vironmental gradient of interest, estimation of the optima may be 
biased (ter Braak and Looman, 1986). The default choice of Gaussian 
responses can also be problematic for some variables, such as pre-
cipitation or moisture-related variables, and near the edges of the en-
vironmental gradients where the responses are known to be skewed 
(Austin and Gaywood, 1994; Guisan and Zimmermann, 2000). As with 
most techniques, reconstructions using WA also suffer from the so- 
called ‘edge effect’, where the reconstructed values of the climate 
variable of interest are biased near the ends of the gradient in the 
training set (low values are overestimated, while high values are un-
derestimated). To reduce this problem WA applies a correction of in-
ferred values referred to as ‘'deshrinking’ (Birks, 1995). A regression 
model is fit between the ‘reconstructed’ and the ‘target’ values from 
modern samples to estimate how much the range is reduced (‘shrunk’). 
The reconstructions are then rescaled with respect to the range of the 
target (Nolan et al., 2019). A linear model is usually used to estimate 
and correct the bias in the data, but monotonic smooth spline regres-
sions may provide a better fit (Birks and Simpson, 2013). 

WA-PLS was later developed to address some of the problems 
identified in WA (ter Braak et al., 1993; ter Braak and Juggins, 1993). 
WA-PLS combines some advantages of WA regression with the multi-
collinearity reduction approach of PLS. In practice, WA-PLS with one 

single component is equivalent to WA with inverse deshrinking. The 
additional components use the residual structure in the species data (i.e. 
the part of the data that are not explained by the first component) for 
improving the species optimum estimates (ter Braak et al., 1993). As 
such, they can be seen as additional WA fitted on the residuals to in-
crease the extracted climate signal (Nolan et al., 2019). One benefit of 
PLS is that WA-PLS suffers less from the edge effect than WA. As in PLS 
regression, the selection of the number of WA-PLS components to in-
clude should be based on cross-validation (see Section 5.2), as selecting 
too many components will result in a model with poor predictive 
power. The final model should represent the minimal adequate model 
(i.e. having fewest components possible), a low root-mean-square error 
in cross-validation and low maximum bias. In practise, WA-PLS models 
based on two or three components perform best, as their inclusion still 
usually represents an improvement from a one-component WA-PLS 
model, while avoiding the risk of overfitting. Additionally, WA and WA- 
PLS provide robust solutions to account for many other intrinsic char-
acteristics of palaeoecological datasets, such as the high number of 
taxa, many zero values (i.e. absences), data expressed as percentages 
and covariance among taxa (e.g. Birks, 1998; ter Braak and Juggins, 
1993). 

WA-PLS has been widely used with pollen to reconstruct late 
Pleistocene and Holocene precipitation in China (Chen et al., 2015; Li 
et al., 2017; Li et al., 2015; Lu et al., 2018), and temperature in Siberia 
(Klemm et al., 2013) and in Europe (Finsinger et al., 2010; Lotter et al., 
2012; Lotter et al., 2000; Sakari Salonen et al., 2013; Seppä et al., 2009;  
Veski et al., 2015). Tests with simulated and real training sets have 
shown that WA-PLS performs well in various ecological and climatic 
conditions, especially with training sets with high species turnover and 
low noise (Juggins and Birks, 2012). Interestingly, Lotter et al. (2000) 
have shown that unimodal response models (WA and WA-PLS) per-
formed at least as well as their linear counterpart (PLS) over a short 
temperature gradient and performed significantly better when in-
cluding a much larger area. This is one of the reasons why unimodal 
models are commonly preferred over simpler linear responses, as they 
are less sensitive to the size of the studied climate gradient. However, 
WA and WA-PLS may not be optimal techniques in continental or global 
scale studies, as the responses of some pollen taxa to the variable of 
interest can become multimodal. 

5.3. The classification approach 

Classification techniques compare fossil pollen assemblages to col-
lections of assemblages for which climate is known to identify which 
assemblages are most similar to the fossil ones. These techniques do not 
estimate the optimum or tolerance of the taxa and are called ‘non- 
parametric’. The most similar assemblages are called ‘analogues’ and 
are used to reconstruct climate. 

5.3.1. The Modern Analogue Technique (MAT) 
MAT was first proposed in palaeoclimatological studies by Hutson 

(1978) for marine data and by Overpeck et al. (1985) and Guiot and 
Pons (1986) for pollen data. MAT is a specific version of a broader 
statistical technique called ‘k-nearest-neighbours’ (k-NN; Cover and 
Hart, 1967) adapted to palaeoecological datasets. The approach is 
based on the measure of the degree of similarity (‘degree of analogy’) 
between fossil pollen assemblages and elements of a collection of 
modern assemblages (Jackson and Williams, 2004). The climate values 
associated with the most similar pollen assemblage(s) (i.e. the closest 
modern analogue(s)) are averaged, possibly using a weight defined by 
the measure of similarity, to estimate the climate related to fossil as-
semblages (Fig. 7, Overpeck et al., 1985). While MAT does not ex-
plicitly model the modern response of the taxa to climate, some 
methodological decisions still have to be made to estimate a climate 
value, such as defining a metric to measure the similarity between 
modern and fossil assemblages (i.e. the dissimilarity metric), the 
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number of closest analogues to retain, the threshold for non-analogue 
values (i.e. the dissimilarity value after which samples are considered 
too different to be reliable analogues) and the spatial and climatic 
coverage of the modern samples. 

The similarity between pollen samples can be measured in different 
ways (Overpeck et al., 1985; Prentice, 1980). The squared chord dis-
tance (SCD) is routinely used with MAT, as it works well with most 
pollen assemblages. SCD is a particular distance metric that down-
weighs the most abundant taxa, while maintaining the relative ranking 
of the taxa (Overpeck et al., 1985). As a result, the signal of the taxa 
with low pollen production rates is not masked by the taxa with higher 
rates. The threshold that determines which modern pollen samples 
sufficiently resemble the fossil pollen assemblage to be considered re-
liable analogues depends on the parameters of the study, including the 
size and coverage of the modern samples set (i.e. how many modern 
samples are available and how they are distributed in the geographic 
and climate spaces), the taxonomic diversity of the samples and the 
scale of the study (Gavin et al., 2003; Jackson and Williams, 2004;  
Overpeck et al., 1992). The definition of a good ‘analogue’ has been 
discussed since the creation of the approach (Anderson et al., 1989;  
Sawada et al., 2004; Simpson, 2012) and is frequently presented as 

threshold values. A ‘no-analogue’ situation occurs when none of the 
assemblages from the training set resemble the fossil assemblage with 
sufficient accuracy to be considered an acceptable analogue (Fig. 7) and 
can be caused by either a restricted collection of modern samples or by 
past conditions that have no counterparts in the modern settings. 

Another critical choice relates to the number of analogues to use to 
reconstruct climate. While it may seem more intuitive to retain the 
closest analogue alone, as it is the one that is most similar to the fossil 
sample, selecting more than one is advantageous as it helps to account 
for the natural variability of pollen data and minimisez sampling error. 
For example, modern samples taken from a particular site a few years/ 
meters apart are likely to exhibit some differences, despite experiencing 
the same climate (see Section 3). Selecting too many analogues can, 
however, induce undesired bias, especially near the limits of the de-
signed climate space (the ‘edge effect’ defined in Section 4.2.3). For 
example, to reconstruct the aridity/humidity for a site located in the 
wettest part of the climate space represented by the training set (bottom 
right corner on Fig. 7), selecting more and more analogues will pro-
gressively include drier samples from the rest of the climate space re-
presented in the calibration data, thus inducing an undesired dry bias 
on the reconstruction (Gajewski, 2015; Viau et al., 2008). The selected 
number of analogues can be based on either 1) selecting all the samples 
with a dissimilarity measure lower than a defined threshold, 2) se-
lecting a fixed number of analogues, or 3) a combination of these two 
factors. The choice should be based on an assessment of the model 
prediction error by cross validation (Section 5.2.3 and e.g. Simpson, 
2012). 

In a broad-scale cross validation study across North America com-
paring modern samples against themselves, Williams and Shuman 
(2008) concluded that a small number of closest analogues, from 3 to 7, 
outperforms the use of only the closest analogue. They also investigated 
the effect of different weighting types to average the climate values of 
the selected analogues: the ‘no weighting’ approach, in which all the 
analogues have the same weight (i.e. the same importance), and dis-
tance-based weighting (the inverse of the distance and the inverse of 
the squared distance), whereby closer analogues have higher weights. 
These different weighting types have little impact on continental-scale 
reconstructions, with the inverse-distance weighting being the most 
commonly used (Cao et al., 2017; Marsicek et al., 2018; Mauri et al., 
2015). With distance-based weights, the choices of the number of 
analogues is less critical as poor analogues will be given little weight. 

Errors of MAT reconstructions are commonly estimated from the 
climatic dispersion of the selected closest modern analogues around the 
fossil data (Guiot, 1990). This definition is problematic as it implies 
errors cannot be calculated for reconstructions based on one analogue 
only. An alternative option is to use the results of the modern validation 
of the dataset (Section 5.2.3) as a proxy for the mean error of re-
construction (e.g. the root-mean-square error of prediction; RMSEP). 
None of these options provide an accurate estimation of the true error 
associated with a climate reconstruction. In addition, these indices do 
not include many factors that are likely to inflate the uncertainties, in 
particular the uncertainties related to the analogue distance. For ex-
ample, the selected closest analogues may be distant analogues of the 
fossil pollen samples (i.e. not so good analogues) but be close analogues 
to each other (i.e. experiencing similar climates). This would result in a 
small climate uncertainty, despite a poor selection of analogues. In 
addition, Telford and Birks (2005, 2009, 2011a) have shown that be-
cause MAT tends to select analogues that are geographically close to 
each other or to the target sample, the uncertainties of the re-
construction can be artificially reduced (Telford and Birks, 2009), as 
spatially close analogues are likely to experience very similar climates. 
This violates the assumption of the independence of the modern sam-
ples. Telford and Birks (2009) proposed a graphical test to assess if 
spatial autocorrelation is likely to have a strong impact on the re-
constructions and recommend using an h-block cross validation to as-
sess the predictive skill of the model (Section 5.2.3). 

Fig. 7. Conceptual diagram describing MAT. Two taxa with different aridity/ 
humidity preferences coexist. Taxon 1 prefers humid climates (greeb samples), 
while Taxon 2 prefers drier conditions (brown samples). In this example, three 
fossil pollen assemblages (diamonds with thick black borders) are compared to 
a set of modern assemblages, each one associated with an aridity/humidity 
value (coloured circles). The five closest analogues (defined by the white cir-
cles) are retained and averaged to estimate past conditions. The white triangle 
in the top right corner represents a fossil sample with high proportions of both 
Taxon 1 and Taxon 2, a type of assemblage that does not have close analogues 
in the modern environment, as indicated with the red area. (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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As MAT does not require an explicit model of the pollen-climate 
relationship, these relationships are not required to be either linear or 
unimodal over the study area. Therefore, the climatic and environ-
mental span of the modern dataset can be much larger than for other 
techniques. The most recent MAT developments have thus been pri-
marily focused on increasing the size of the modern datasets to include 
larger climatic and ecological gradients and increase the chance of 
finding closer analogues. Larger datasets facilitate the application of 
MAT on extensive networks of fossil pollen datasets (tens to hundreds) 
and thus they enable reconstructing continental-scale climate maps (e.g.  
Davis et al., 2003; Gajewski et al., 2000; Ladd et al., 2018; Mauri et al., 
2015; Sawada et al., 2004) or time-series (e.g. Marsicek et al., 2018;  
Viau et al., 2008). However, including more analogues also increases 
the risk of false positive matches, especially when the calibration da-
taset encompasses wide spatial areas where the low taxonomic resolu-
tion of pollen data can lead to similar pollen compositions to be ob-
served (low SCD values) despite experiencing very different climates.  
Williams and Shuman (2008) have proposed that several broadscale 
North American taxa (e.g. Pinus, Alnus or Tsuga) could be split into 
eastern and western pollen taxa to circumvent this issue. Their regional 
splitting allows capturing the specific climate response of each sub-
group and reduces the risk of false positives. Such an approach is also 
useful to other techniques, such as WA/WA-PLS or the pdf techniques, 
to estimate more local climate responses (e.g. Donders et al., 2011). 

5.3.2. The Revised Analogue Techniques (RAM) 
The Revised Analogue Technique (RAM) is composed of two distinct 

steps: a pollen data modelling step to interpolate modern samples using 
a technique called Response Surface (Bartlein et al., 1986; Huntley, 
1993; Prentice et al., 1991; Webb et al., 1993) and a MAT-based climate 
reconstruction step (Gonzales et al., 2009; Waelbroeck et al., 1998). 
With Response Surface, the climate response of individual pollen taxa is 
estimated for two or more variables simultaneously. Pollen percentage 
data are mapped in a two- or higher-dimension climate space of interest 

(e.g. July temperature and annual precipitation for instance, such as in  
Anderson et al., 1991) and a data smoother is used to interpolate the 
values of the pollen percentages as a function of these variables. The 
choice of the smoother depends on the nature and quality of the modern 
pollen sample collection and the goal(s) of the study, but it has com-
monly been either global 2nd or 3rd order polynomial curves (Bartlein 
et al., 1986) or locally weighted smoothers (e.g. LOWESS; Huntley 
et al., 1989; Prentice et al., 1991). As for any regression-based ap-
proach, evaluation of model residuals is important to ensure a good fit. 
The series of response surfaces fitted for selected taxa are then stacked 
together to create novel pollen assemblages at every grid point of the 
climate space. These ‘composite’ modern pollen samples can then be 
used to fill in coverage gaps within the sampled climate space. The 
percentages of these composite samples should be rescaled to a 100% to 
be comparable with the modern and fossil pollen samples. Because the 
response surfaces are regression models, vegetation compositions from 
non-analogue compositions can also be inferred through extrapolation 
by assuming, for instance, symmetric pollen responses surfaces 
(Gonzales et al., 2009). However, extrapolating too far from the ob-
served pollen samples creates unreliable pollen samples and palaeo-
climatic inferences. 

The climate reconstruction step is classically performed with MAT 
using all the modelled pollen assemblages, but any reconstruction 
technique could be employed at this stage. One advantage of the re-
sponse surfaces approach compared to the classical MAT relies on in-
creased ecological and climate coverage provided by the extended pool 
of modern pollen samples. It also filters out non-climatic noise in the 
pollen data and only retains primary pollen-climate signals. The higher 
coverage within the existing climate space increases the chances of 
finding closer analogues to the fossil pollen assemblages (Gonzales 
et al., 2009; Xu et al., 2010). One fundamental issue of the first RAM 
studies is that the composite pollen samples estimated from the re-
sponse surfaces were most often only derived from a limited number of 
real pollen samples. This can bias the reconstructions and reduce the 

Fig. 8. Schematic representation of regression trees. In this example, N trees are fitted on a pollen dataset composed of two taxa. The different trees split the samples 
according to the different pollen percentages to estimate climate values. To reconstruct climate from an ensemble of trees fitted on modern data, the fossil pollen 
sample should be classified by each individual tree and the ensemble of estimated climate values averaged. 
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reconstruction errors, which makes RAM appear to outperform other 
techniques (Telford et al., 2004). RAM has not been much used because 
of these known issues but the development of progressively larger and 
more detailed compilations of modern pollen samples (e.g. Davis et al., 
2020; Whitmore et al., 2005; Zheng et al., 2014) represents a possible 
opportunity to revisit this approach and explore its relative strengths 
and weaknesses. 

5.3.3. Artificial Neural Networks (ANNs) 
ANNs were introduced to continental palaeoclimatology by Guiot 

et al. (1996) and to palaeoceanography by Malmgren and Nordlund 
(1997) to better account for the non-linear and sometimes multimodal 
response of palaeoenvironmental proxies. An ANN is a statistical non- 
linear regression technique that consists of a number of simple, inter-
connected mathematical functions, called neurons, that process the 
signal coming from input variables (i.e. the pollen assemblages) to es-
timate the output environmental variables (e.g. Caudill and Butler, 
1994). The interconnections between taxa and neurons are defined by 
coefficients that are iteratively tuned to best fit the output variables. 
ANNs allow very close data fitting, although it is difficult to analyse the 
causality among input and output variables (Gurney, 2014; Rumelhart 
et al., 1994). The number of input neurons corresponds to the number 
of taxa and the number of neurons in the output layer is equal to the 
number of climate variables to be reconstructed (Gurney, 2014;  
Rumelhart et al., 1994). In most pollen-based applications, the archi-
tecture of the ANN is composed of one hidden layer with a number of 
neurons defined by the complexity of the problem. At each neuron, the 
incoming signal is transformed by a non-linear function (called acti-
vation function) and sent to the next layer. An example of a possible 
activation function is the sigmoid, which translates the input in the 
[0,1] domain and attenuates extreme values by introducing non-line-
arity in the model. One of the most commonly used ANN techniques is 
the feedforward network trained with a back-propagation learning al-
gorithm (e.g. Rumelhart et al., 1988). 

The most recent applications of ANNs for assemblage data come 
from the marine realm and the study of foraminifera or dinocyst as-
semblages to estimate past sea-surface temperature (de Vernal et al., 
2005; Kucera et al., 2005; Malmgren et al., 2001; Peyron and de Vernal, 
2001). The main reason why ANNs are not more frequently used in 
palaeoclimatology is related to the complexity of finding the proper 
structure of the network. Because of its non-linear property, ANNs can 
fit the training data set very well, integrating the noise inherent to any 

pollen dataset as climate signals. This overfitting of the data restricts 
the predictive power of the transfer function outside of the range of the 
training set. In addition, understanding why an ANN produces an 
output from a set of input variables is challenging (statistical black 
box), rendering analysis and causal interpretations of the results diffi-
cult and sometimes speculative. Overall, ANNs do not perform better 
than the simpler reconstruction techniques (Salonen et al., 2019) and, 
as such, have been little used to reconstruct climate from fossil pollen 
data. 

5.3.4. Regression trees 
Regression trees (or decision trees) are a specific family of machine- 

learning techniques that have been increasingly used with ecological 
data (De'ath, 2007; Elith et al., 2008; Prasad et al., 2006). Classification 
trees are used to partition the data by successively separating the pollen 
samples based on the relative pollen percentages (Fig. 8). Single re-
gression trees have often limited predictive power. As such, more 
complex techniques based on the same principles have been developed 
and recently been applied to paleoecological data (Salonen et al., 
2019). Random Forest (RF; Breiman, 2001; Prasad et al., 2006) is based 
on the estimation and combination of a large number of regression trees 
(i.e. thus creating a ‘forest’), each tree being estimated from a rando-
mised ensemble of modern pollen samples by bootstap. If we call n the 
number of samples composing the modern dataset, the bootstrap ap-
proach consists of randomly sampling n samples with replacement to 
create a new dataset of the same size. In this case, some samples are 
selected multiple times, and some are never selected. Unselected sam-
ples become part of the test dataset. An alternative approach based on 
the combination of regression trees is called Boosted regression Trees 
(BRT; De'ath, 2007; Elith et al., 2008). BRT differs from RF in the de-
finition of the random modern datasets. In RF, each sample gets the 
same probability of being selected, while in BRT the samples that were 
insufficiently described in the previous tree get a higher probability of 
being selected. This approach is called ‘boosting’ and increases the 
performance of the model over the elements that are least well pre-
dicted. 

Regression trees have not been much used but their performance 
was similar to the classical MAT, WA and WA-PLS under different 
testing conditions, despite having higher uncertainties (Nolan et al., 
2019). One potential negative of these approaches is that the model 
does not take advantage of ecological theory in any way, which can 
sometimes lead to unrealistic results. While more testing is necessary, 

Fig. 9. Schematic representation of the inverse modelling approach. From left to right: Random states of four or six climate variables are generated and then 
transformed into 36 monthly values of temperature, precipitation and cloudiness using empirical relationships. The 36 variables are used to drive a vegetation model, 
and the outputs are compared to a ‘target’ fossil assemblage. Climate conditions associated with similar simulated assemblages are saved to generate probabilistic 
distributions of climate. The process is repeated a few thousand times to estimate distributions for climate variables (Guiot et al., 2000). 
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the work of Salonen et al. (2019) and Nolan et al. (2019) strongly 
suggests that machine-learning algorithms (RF, BRT but also ANNs) 
could become part of the pool of more widely used reconstruction 
techniques in the near future. 

5.4. The process-based approach 

As opposed to the techniques that find local or global relationships 
between modern and fossil pollen data, the process-based approach 
explores different climate scenarios to identify which conditions are the 
most able to reproduce the fossil data using vegetation models. 

5.4.1. The inverse modelling technique 
Guiot et al. (2000) introduced the inverse-vegetation modelling 

approach to address the low CO2 concentration issue (see Section 3.4). 
In contrast to the standard statistical techniques that work from pollen 
assemblages towards climate (Fig. 3), Guiot et al. (2000) developed 
computational algorithms to maintain the causal relationship from 
climate towards vegetation. Climate values are randomly sampled from 
uniform distributions with prescribed ranges (the blue rectangular 
distributions in Fig. 9) to produce a large variety of climatic scenarios 
that are then fed to vegetation models that explicitly represent the 
mechanistic effects of atmospheric CO2 concentrations on vegetation, 
such as BIOME4 (Kaplan, 2001) and BIOME5-beta (Izumi and Bartlein, 
2016). These vegetation models are used to simulate the equilibrium 
vegetation productivity associated with the input climate scenarios that 
can then be compared with fossil pollen assemblages. Sometimes re-
ferred to as ‘Inverse Modelling through Iterative Forward Modelling’”\ 
(IMIFM), Inverse Modelling has been used to successfully reconstruct 
climate over multiple regions, such as Europe (Guiot et al., 2000), 
Africa (Lézine et al., 2019; Wu et al., 2007b) and North America (Izumi 
and Bartlein, 2016). 

Since vegetation models require a large range of climate parameters 
(36 monthly values of temperature, precipitation and cloudiness), 
generating plausible random climate scenarios is a critical issue. The 
common strategy is to reduce the dimension of the input climate vector 
from 36 elements to four (January and July temperature and January 
and July precipitation; Guiot et al., 2000) or six (the same four vari-
ables complemented with April and October precipitation; Izumi and 
Bartlein, 2016) and to use empirical modern relationships to derive the 
other monthly variables. These climate values are then fed to a vege-
tation model. One limitation of Inverse Modelling relates to the outputs 
of vegetation models that can only simulate the net primary pro-
ductivity of a reduced number of Plant Functional Types (PFTs). PFTs 
are broad plant classification units defined by stature, leaf-form, phe-
nology and climatic adaptations that were originally developed to en-
able comparisons of pollen data and vegetation model outputs and 
promote global-scale studies of vegetation-climate interactions, and 
have been used to identify distributional changes of biomes in geo-
graphic space (e.g. Ni et al., 2010; Prentice et al., 1996; Trondman et al., 
2015; Williams et al., 1998). The simulated PFT productivities pre-
dicted by the vegetation model for a particular randomly generated 
climate are then compared to the fossil pollen-derived PFT assemblage 
and the climates that produce reasonably coherent PFT assemblages are 
retained. The process is repeated until the model converges, which 
usually occurs when a few thousand climate scenarios have been re-
tained. The distribution of the retained climate scenarios estimates the 
distribution of climate that can most likely simulate biomes matching 
the fossil data (Fig. 9). In addition to climate variables, this approach 
can also estimate other variables, including (1) the fractionation of δ13C 
in the plant, which can be compared with isotopic measurements in 
bulk sediment (Hatté and Guiot, 2005) and (2) the water absorbed by 
the plant versus runoff, which can then be directly compared to lake- 
level data when the data are obtained from lacustrine sediments (Guiot 
et al., 2009). 

Inverse Modelling circumvents some issues associated with the most 

standard approaches, including accounting for the physiological effect 
of the low CO2 atmospheric concentration during recent glacial periods. 
Based on mechanistic vegetation modelling, Inverse Modelling is also 
fairly insensitive to non-analogue climates or vegetations. It is, how-
ever, highly dependent on the vegetation model used and despite its 
unique properties, the inverse modelling technique has several weak-
nesses that have limited its application. One of the most important 
criticisms relates to the nature of vegetation model outputs, which are 
not strictly comparable with pollen assemblages. PFT productivity at a 
location differs strongly from pollen percentages in both its meaning 
and botanical resolution. As a result, a correspondence metric has to be 
defined to match vegetation model outputs (PFT primary production) 
with pollen percentage data, which adds another layer of complexity 
and increases the uncertainties (Guiot and Kaniewski, 2015). Vegeta-
tion models are also based on numerous modelling assumptions that 
define how the different PFTs behave under different climate scenarios. 
These assumptions are often complex to evaluate with high accuracy, so 
that the simulations integrate many uncertainties (e.g. initial state, 
parameters, process representation) that will be propagated to the pa-
laeoclimate reconstructions (Dietze et al., 2018). Further developments 
and testing are probably required for its establishment as a commonly 
employed tool for quantitative palaeoclimatology. 

5.5. Bayesian approaches 

Bayesian statistical models differ from the aforementioned models 
in that they treat the model parameters and the unobserved data as 
random variables. This allows for the characterisation of uncertainty in 
both the data and processes and permits the use of prior information 
about the pollen-climate relationship when available. The Bayesian 
framework allows for the estimation of a posterior probability dis-
tribution of climate variables. The complexity of the Bayesian approach 
has limited its applicability in the past, but recent software develop-
ments have resulted in increased use of Bayesian models and inference. 

5.5.1. Bayesian pollen-based climate reconstruction techniques 
The Bayesian approach is not a reconstruction technique in itself. 

Instead, it describes a way of specifying observed and unobserved data 
and variables and the relationships among them. While models speci-
fied using a more traditional approach are used to estimate the single 
most likely climate scenario given the data, Bayesian approaches esti-
mate the posterior distribution of the climate variable given the data 
(this approach is similar to that used by the pdf techniques and Inverse 
Modelling). As is the case with non-Bayesian approaches as well, many 
climate reconstruction models can be derived from the same set of 
underlying Bayesian principles (Berliner, 1996). A Bayesian model 
specifies the relationships between the data (fossil pollen), the process 
(formalised conceptual knowledge about the unobserved natural pro-
cess), and the prior assumptions (description of our beliefs about the 
values of the quantities to be estimated). The estimation of the posterior 
distributions of model parameters (i.e. in this case the climate variable of 
interest) is typically done using Markov Chain Monte Carlo (Gilks et al., 
1996; Gilks et al., 1995), although other algorithms do exist. 

In the case of Bayesian pollen-climate models, the data are typically 
modelled as counts of fossil pollen – as opposed to pollen percentages, 
where the total pollen count for a sample represents the counting effort 
or the concentration/preservation in the sediments – and the taxon- 
specific pollen count in a sample informs about relative abundance of 
that taxon given the total pollen count in that sample. The observation 
model is typically implemented as a multinomial distribution where the 
parameters of interest are the compositional probabilities that de-
termine the likelihood of finding a particular taxon in a fossil sample of 
a given total count (i.e. the statistical law that describes the probability 
of observing the taxon k times in a sample of n pollen grains, knowing 
the probability p of observing the taxon). The underlying, unobserved 
relationship between taxonomic relative abundances and climate 
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variable(s) of interest is the process model. It can include the for-
malisation of any phenomena thought to determine the probabilities of 
counts, including unimodality, non-linear responses to climate or other 
effects. In addition, spatiotemporal autocorrelation (i.e. the measure of 
the connectedness between samples as a function of their proximity in 
space and/or time) in the species responses to the climate variable(s), 
or between the climate variable(s), can be accounted for in the process 
model. The prior model completes the specification and is used to cal-
culate the posterior distribution. A particular benefit of a Bayesian 
approach is the principled, probability-based estimate of uncertainty, 
which is in strong contrast with some of the traditional approaches. 
While uncertainties of the different regression and classification tech-
niques are errors around the best fit, Bayesian uncertainties are in-
herently different and summarise all the processes in action. Further, 
inference of the full probability distribution of past climate histories 
makes it possible to estimate characteristics of these climate histories, 
including the timing of specific events, and trends in both local and 
global climatic changes. 

Several Bayesian approaches have been developed to reconstruct 
climate from fossil data (e.g. Holmström et al., 2015; Ilvonen et al., 
2016; Parnell et al., 2016a; Tipton et al., 2019). The first examples of 
Bayesian modelling application in palaeoclimatic studies used chir-
onomid records from lake sediments to reconstruct past temperatures 
(Korhola et al., 2002; Toivonen et al., 2001; Vasko et al., 2000).  
Toivonen et al. (2001) proposed the Bayesian Unimodal Model (BUM) 
that can be viewed as a Bayesian counterpart of weighted-averaging 
(WA, see Section 4.2.2) and Gaussian logit models (Birks et al., 1990b;  
ter Braak and van Dame, 1989; not discussed in this review). Vasko 
et al. (2000) introduced a modification of BUM, the Bayesian hier-
archical Multinomial Regression model (BUMMER) that accounts for 
dependency among species. Adopting some elements of the BUMMER 
model, Haslett et al. (2006) were the first to use Bayesian hierarchical 
modelling in pollen-based climate reconstructions. Their model was 
further developed in Salter-Townshend and Haslett (2012), who com-
plexified the response curves of the pollen counts to climate to account 
for multimodality, and Parnell et al. (2015), who included age un-
certainties in the reconstruction. In parallel, the BUMMER model was 
also modified to better correspond to pollen data by Holmström et al. 
(2015). Ilvonen et al. (2016) and Salonen et al. (2012) applied mod-
ifications and extensions of BUMMER to reconstruct temperature from 
pollen records, and Li et al. (2015) used it to reconstruct past 

precipitation. For an in-depth review of Bayesian approaches to pollen- 
based reconstructions, see Ohlwein and Wahl et al. (2012). 

5.5.2. Advantages, disadvantages and ongoing developments 
The Bayesian approach provides a natural framework for hier-

archical modelling because the model is defined using conditional 
probability distributions (e.g. Tingley et al., 2012). The relationships 
between various components can be explicitly described by specifying 
the conditional dependencies among variables, allowing for a scaffold 
model development approach, starting with a simple structure and in-
creasing complexity as needed (e.g. Hobbs and Hooten, 2015). For ex-
ample, it is possible to start with the single pollen record BUMMER 
model (Vasko et al., 2000) and then increase complexity by adding 
modules for multiple pollen records, dating uncertainty, or complicated 
response surfaces (Holmström et al., 2015; Ilvonen et al., 2016; Parnell 
et al., 2015; Tipton et al., 2019). Bayesian hierarchical models are 
sufficiently flexible to model any of the processes deemed to be relevant 
to the generation of the observations. For example, if it is hypothesized 
that the response of a pollen taxon varies across a landscape, that as-
sumption can be included in the model by allowing for spatially varying 
coefficients. Or if spatial or temporal autocorrelation is present, it can 
be directly modelled from the data. 

The Bayesian approach makes it also possible to incorporate dis-
ciplinary expertise or pre-existing information in the form of a priori 
knowledge in the pollen-climate model. Different types of prior in-
formation about past temperature history have been used. For example,  
Holmström et al. (2015) constrained the variability of their Holocene 
reconstructions by the variability simulated by the NCAR Climate 
System Model, while Guiot and Kaniewski (2015) used 20th century 
variability inflated by 1.5 as a prior to represent Holocene variability. 
More recently, Weitzel et al. (2019) used the spatial structure simulated 
by climate models to constrain the reconstructions and extrapolate 
them into surfaces of past climate anomalies. Prior information about 
past climate histories can also be borrowed from scientific expertise, as 
it is known that some periods of the late Pleistocene were colder/ 
warmer than present and that abrupt, high-magnitude climate change 
events were more likely/unlikely to occur. In Bayesian modelling, it is 
possible to account for the possibility of the occurrence of abrupt 
changes by specifying a prior that describes the expected behaviour in a 
dynamic and volatile climate system (Parnell et al., 2016a). Conversely, 
in the absence of certainty in the prior information, priors can be 

Table 1 
Main strengths and weaknesses of the climate reconstruction approaches presented in Section 4.      

Method  Strengths Weaknesses  

Pdf techniques   • Globally applicable  

• Good estimation of the uncertainties  

• Can deal to some extent with non-analogue situations if species- 
environment relationships are well constrained  

• Based on the response of plants (instead of pollen) to climate  

• Use of presence-only data 

Regression techniques   • Useful at the local to regional scale  

• Can deal to some extent with non-analogue situations if species- 
environment relationships are well constrained  

• Often assume pre-defined shape of the pollen-climate 
relationships (e.g. linear or unimodal).  

• Struggle with complex (e.g. multimodal) species responses 
Calibration techniques   • No assumptions about the shape of the pollen-climate relationships  

• Applicable at broad spatial scales  

• Limited performance in no-analogue situations  

• Sensitive to spatial autocorrelation (artificial reduction of 
the uncertainties)  

• Poor estimation of the uncertainties  

• High sensitivity to the dissimilarity metric and dissimilarity 
threshold 

Machine learning (ANN, BRT, 
RF)   

• Good fitting of the calibration data  

• Potentially applicable to complex species-environment relationships  

• Stochastic approches  

• Statistical black boxes  

• Performance statistics often similar to simpler approaches  

• Can overfit the data in noisy datasets 
Bayesian approaches   • Explicit and rigorous characterisation of uncertainties  

• Allow for the formalisation of processes that generate the data (e.g. 
use of counts instead of percentages)  

• Use of a priori knowledge  

• Specialist expertise required to specify the model and 
estimate parameters  

• Specifying appropriate prior probability distributions may be 
challenging 

Inverse modelling   • Relies on ecologically realistic forward modelling of how climate 
drives vegetation change  

• Can model physiological effects of CO2 atmospheric concentration  

• No modern calibration dataset needed.  

• Simulates PFT productivity and not pollen  

• Low taxonomic resolution  

• Strongly dependent on available vegetation model 
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specified in a way that minimises their contribution to the inferred 
posterior result. 

Finally, the modular structure of a hierarchical Bayesian model also 
allows for accounting of uncertainty in processes and observations in 
the individual model components. These uncertainties are propagated 
through the different stages of the model, making it possible to specify 
the total uncertainty in the reconstructed climate variable and attribute 
this uncertainty to different sources. Formally, the uncertainties are 
typically represented by parameters that describe the variance of a 
distribution and their propagation through the modelling steps takes 
place in a systematic, principled manner following the general laws of 
probability (e.g. Hobbs and Hooten, 2015). For example, many recent 
studies have stressed the importance of considering the chronological 
error in pollen-based climate reconstructions (Blaauw et al., 2018;  
Breitenbach et al., 2012; Brewer et al., 2008; Chevalier and Chase, 
2015; Ilvonen et al., 2016; Parnell et al., 2015). As the chronologies 
used in the reconstructions are never error-free, the chronological error 
introduces uncertainties to the estimations that should be part of the 
statistical model used in the reconstruction. Parnell et al. (2015) in-
troduced a fully Bayesian model for palaeoclimate inference with de-
tailed and sophisticated handling of time uncertainty by adding the 
Bayesian Bchron algorithm as a chronology module to the hierarchical 
reconstruction model (Parnell et al., 2015; Parnell et al., 2008). This 
way, errors in the chronology become an integral part of the re-
construction process and their effect is reflected in uncertainty of the 
reconstructed climate (Breitenbach et al., 2012). 

Bayesian modelling has many advantages, but it remains little used 
in the field of quantitative palaeoclimatology. In the past, the compu-
tational requirements of Bayesian methodology have often limited their 
practical usefulness, but recent advances in algorithm design and the 
availability of increasingly powerful hardware have largely reduced 
this issue. The need to write and run custom-made code that was only 
applicable for a particular model has also limited the use of Bayesian 
modelling. The development and availability of general-purpose soft-
ware for pollen-based climate reconstruction is likely to make the 
Bayesian approach more attractive and more easily applicable in the 
near future (Parnell et al., 2015; Tipton et al., 2019). 

6. Performing high-quality reconstructions 

6.1. Selection of the appropriate technique(s) 

All the reconstruction techniques have their own set of advantages 
and limitations (Table 1) and many criteria influence the selection of 
the most appropriate technique(s) to be used on fossil pollen records. In 
the following section, we present general guidelines that are suggestive 
of the strategies adopted by the community thus far, but specific ap-
plications and/or research questions may require using one specific 

technique over another. These guidelines must be also combined with 
the appropriate calibration datasets (Section 5.2). When possible, we 
recommend using multiple techniques (e.g. Brewer et al., 2008; Lotter 
et al., 2000; Nolan et al., 2019; Salonen et al., 2019) to examine the 
effects of technique choice. 

The first factor to consider is the location of the study site and 
availability of suitable calibration datasets. In regions where modern 
pollen samples are unavailable (Fig. 10), or may not provide adequate 
representations of the vegetation, it may nevertheless be possible to 
employ pdf techniques calibrated with the global GBIF data (Chevalier, 
2018) or the inverse modelling approach using, for instance, one of the 
existing regional pollen taxa-PFT transformation schemes (Binney et al., 
2017; Elenga et al., 2001; Jolly et al., 1998; Marchant et al., 2009;  
Peyron et al., 1998; Tarasov et al., 1998; Williams et al., 1998). The pdf 
techniques have a finer botanical resolution than inverse modelling 
(pollen types v. PFTs) and should allow for more precise palaeoclimatic 
reconstructions. However, inverse modelling can be more advantageous 
to explore boundary conditions that differ significantly from those of 
today (i.e. in no-analogue climate situations), such as periods with 
significantly different atmospheric CO2 concentrations (e.g. during 
glacial periods) or different seasonal insolation distribution in the early 
Holocene. While the pdf techniques can deal with some of these effects – 
the pdf techniques estimate the climatic response of each taxon in-
dependently and not the response of the pollen composition as a whole 
– they cannot address the effects of atmospheric CO2 concentrations on 
plants' responses to climate (Assumption 5). In contrast, the mechan-
istic response of plant PFTs to this forcing is integrated in the vegetation 
models used by inverse modelling, which makes this approach parti-
cularly adapted to study specific time periods with different boundary 
conditions even in areas where sufficiently large sets of modern pollen 
samples are available. 

Using PFTs instead of pollen taxa has also been proposed as a way to 
limit no-analogue situations (e.g. due to the impact of past and modern 
human-influenced landscapes, or to different climate boundary condi-
tions), irrespective of the chosen technique (Davis et al., 2003; Peyron 
et al., 1998). Because PFTs are defined by converging characteristics, 
the PFT-climate relationships are expected to be more robust than the 
pollen taxa-climate ones. This approach can reduce the number of no 
vegetation analogue situations and produce more consistent climate 
reconstructions (Mauri et al., 2015). However, the resilience of the PFT 
approach is limited to replacements of species within the same PFT type 
(i.e. a tree species being replaced by another tree species with similar 
characteristics). If the changes occur at the ecosystem level (e.g. a forest 
replaced by grassland or shrubland vegetation, as has been widely ob-
served in many late Holocene European pollen records), the PFT-based 
approach probably does not perform better than the pollen-taxa based 
reconstructions. Detailed testing of this hypothesis with different 
techniques is needed to better identify when and where it could be most 

Fig. 10. Map of modern pollen samples available 
from numerous public databases and studies (Cao 
et al., 2014; Davis et al., 2020; Flantua et al., 2015;  
Fletcher and Thomas, 2007; Gajewski et al., 2002;  
Herbert and Harrison, 2016; Montade et al., 2019b;  
Montade et al., 2019b; Whitmore et al., 2005;  
Williams et al., 2018a). The map is based on the 
‘Equal Earth’ map projection to better represent the 
relative sizes of the different continents (Šavrič et al., 
2019). 
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appropriate. 
Regression, classification and Bayesian techniques are powerful for 

analysing pollen records from data-rich regions (Fig. 10). As these 
techniques use modern pollen samples to link pollen and climate, they 
avoid some of the assumptions inherent to other techniques (e.g. linking 
plant distributions with pollen assemblages for the pdf techniques or 
relating pollen percentages to PFT productivity in inverse modelling). 
The choice between classical techniques such as MAT or WA/WA-PLS 
may depend on several criteria. The scale of the study is possibly the 
most critical, as WA/WA-PLS need a specifically designed training set to 
ensure unimodality of the responses of taxa to climate (see Section 4.2). 
This means that WA/WA-PLS is usually better suited for local- to re-
gional-scale studies, as the low taxonomic resolution of some pollen 
types may break the unimodality assumption the supra-regional and 
continental-scale (Birks et al., 2010). MAT does not require mathema-
tical formalising of pollen-climate relationships and can thus be used 
for studies that cover many vegetation and climate zones (Marsicek 
et al., 2018; Mauri et al., 2015; Viau et al., 2006). Similarly, machine- 
learning approaches can be used over large ecological gradients as they 
do not rely on any assumption about the pollen-climate relationships. 
However, considering their tendency to overfit the data (i.e. to find 
unrealistic relationships in the data), it is recommended to use these 
approaches primarily in areas where dense networks of modern pollen 
samples exist (see Fig. 10). 

In addition, spatial autocorrelation should always be considered 
before choosing MAT, as it can bias the evaluation of the performance 
of the technique (Telford and Birks, 2005). Transfer function techniques 
that estimate the pollen-climate relationships from the whole modern 
dataset (e.g. regression, pdfs and Bayesian techniques) rather than from 
individual samples (e.g. MAT) are more robust against spatial structure 
in the training set (Telford and Birks, 2011b; Telford and Birks, 2005). 
The influence of spatial autocorrelation can be assessed using an h- 
block cross validation, even if the test also has limitations (see Section 
5.2.3). 

6.2. Design of a modern pollen dataset 

For approaches relying on modern calibration data, designing a 
robust modern pollen dataset is critical part of the reconstruction pro-
cess, as the reconstructed values depend strongly on the empirical re-
lationships between the modern distribution and abundance of taxa and 
contemporary environmental measurements. Most techniques use 
modern pollen samples (i.e. modern pollen assemblages measured from 
soil, mires, moss pollsters or lake sediments, Sections 4.2, 4.3 and 4.5), 
while others require modern plant presence-only data (i.e. collections of 
geolocalised observations of plant species, Section 4.1). We use the 
generic term modern datasets when we refer to both. Despite these dif-
ferences, designing an appropriate modern dataset follows similar rules, 
even if they can be difficult to quantify objectively. The overall quality 
of a modern dataset depends on various factors, such as 1) the nature of 
the samples composing the training set itself, 2) the spatiotemporal 
scale of the study, 3) the number and types of identified taxa, and 4) the 
location of the target site(s) in the sampled climate space (Fig. 11). The 
following sections provide general guidelines to follow in designing 
modern datasets and balancing among these different factors. In prac-
tice, following all these recommendations is rarely possible and the 
design of a modern dataset is often a practical compromise between the 
quality (i.e. the selected data follow all the guidelines) and the quantity 
(i.e. modern datasets have a finite size and pruning too many samples 
can lead to a loss of information) of modern data. 

6.2.1. Depositional environments of the modern pollen samples 
For all the techniques using modern pollen samples to establish the 

link between fossil pollen and climate, the depositional environment of 

Fig. 11. (A) Conceptual illustration of an ideal relationship between the eco-
logical gradient (the pollen on the x-axis) and the variable to reconstruct (y- 
axis) in modern datasets. The modern data are homogenously distributed along 
the gradient of the climate variable to reconstruct. The variable describes a 
large fraction of the ecological variance (small spread around the trend line), 
the modern climate of the location where the target pollen record was retrieved 
is centred on the climate gradient, and the span of the modern dataset is large 
enough to reconstruct potentially large environmental changes in the past. 
Panels (B) to (E) illustrate suboptimal characteristics of modern datasets: (B) 
Clustered dataset that could create step-wise reconstructions (i.e. jumps from 
one cluster to the next), (C) weak relationship between the modern ecological 
gradient and the variable to reconstruct, (D) modern climate of the target site is 
at the extreme of the covered climate range, creating risks of biases due to past 
non-analogue climates (i.e. beyond the calibration range) and edge effects and 
(E) small dataset that only covers a fraction of the potential climate gradient 
with an effect similar to D (resulting limited range of possible reconstructed 
values and strong edge effect). 
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such modern samples has been viewed as an important factor, as it 
defines the spatiotemporal characteristics of the sample. In dryland 
regions for example, the quantity of preservational environments is 
limited and most modern pollen grains may be strongly impacted by 
post-depositional deterioration (e.g. Bryant Jr et al., 1994; Faegri et al., 
1989). The samples are less likely to represent a stable multi-decadal 
vegetation mean and, considering the strong inter- and intra-annual 
climate variability in such regions, may only reflect periods of parti-
cularly recent pollen production, which may not be representative of 
mean climate states. In more humid regions where such collections are 
currently unavailable (Fig. 10), more samples could become available 
given sustained sampling and counting effort. 

Seppä and Bennett (2003) argued that training-set samples should 
only be derived from the same type of sedimentary environment as the 
fossil material to minimise the influence of taphonomic processes on 
pollen-plant relationships (e.g. proportion of local vs. regional pollen 
taxa, differential preservation of pollen grains, see Section 3). This is 
supported by Goring et al. (2010) and Jantz et al. (2013), who showed 
that the use of a modern dataset using samples from different deposi-
tional environments generally increases model errors. As such, it is 
recommended to use samples from the same depositional environment 
when they are abundant. However, since fossil records are mostly de-
rived from lacustrine sediments or, more infrequently, peat from wet-
lands (bogs and mires), collecting a large set of lake- or peat-derived 
modern samples is only achievable in study areas characterised by a 
high spatial density of lakes and wetlands, such as temperate and boreal 
regions (e.g. Downing et al., 2006). In areas with a low density of lakes 
and wetlands, moss and/or soil-samples (e.g. Gajewski et al., 2002;  
Ortega-Rosas et al., 2008), marine sediments (e.g. Montade et al., 
2019b) or pollen-trap samples (de Nascimento et al., 2015; Jantz et al., 
2013) can be used to complement the coverage of the lacustrine and 
peat samples, despite known differences in taphonomy and preserva-
tion (e.g. Hagemans et al., 2019). In particular, pollen trap data may 
represent an important source of modern samples. However, while 
samples from sediments, peat, mosses, and soil typically represent an 
average of the pollen deposited over several years, pollen-trap samples 
are generally collected seasonally or annually. Therefore, trap data 
should only be used to reconstruct climate when many years of trap 
data (e.g. > 10 years) are averaged to reduce the influence of inter- 
annual pollen deposition variability and improve comparability 
(Giesecke et al., 2010; Hicks, 2006). 

In addition, information about the depositional environment is not 
always available, especially for legacy datasets (i.e. old datasets ori-
ginally stored and shared on obsolete data formats and hardware in-
frastructures), which comprise multiple generations of collections, 
perhaps with differing standards and methodologies. For example, in 
the latest Eurasian Modern Pollen database (EMPD2), metadata re-
garding depositional environment for a quarter of all the modern pollen 
samples (~2000 samples) is unknown (Davis et al., 2020). To develop 
their modern dataset, users often have to make a trade-off between 
increasing the size of the modern dataset and including sites from dif-
ferent depositional environments. Optimising the number and quality 
of modern samples in the modern dataset is critical to increase the re-
presentation of each climate and vegetation type, and, by extension, 
extend the range of potential climate values that can be reconstructed 
from fossil data (Fig. 11E) but also to maintain a certain degree of 
homogeneity between the fossil and modern samples. 

6.2.2. Span, coverage and size of the modern dataset 
The accuracy and reliability of any reconstruction depends on the 

span (i.e. the width of the environmental gradient covered by the 
samples), the size (i.e. the number of data points), and the coverage of 
the environmental gradient (i.e. the distribution of the samples along 
that gradient) (Juggins and Birks, 2012). The span should range beyond 
the climatic and environmental values likely to have generated the 
fossil assemblages to avoid over/underestimation of the extreme values 

(edge effect). This aspect is critical, as an unfavourable position 
(Fig. 11D) and/or span (Fig. 11E) of the modern dataset will bias the 
model and artificially restrict the potential range of the reconstructions. 
When a study site is located near the centre of the climatic range 
covered by the modern dataset and the distribution of samples along 
this climate gradient is homogeneous, the possibilities for re-
constructing lower or higher climatic values are unrestricted (Fig. 11A). 
In contrast, when the site's modern climate is close to the extreme edge 
of the training set, then only changes in one direction will be accurately 
reconstructed, while changes in the other direction will be muted or 
wrongly attributed (Fig. 11D). 

The size of the modern dataset (i.e. the number of individual sam-
ples) and the distribution of these samples along the studied gradient 
also have a significant impact on the pollen-climate relationships. While 
the minimum number of required samples depends on the context of the 
study (e.g. pollen diversity, time span), aiming for several hundred 
samples represent a good target for a single site reconstruction without 
extreme pollen turnover, even if this number will also depend on the 
methodological choices. For MAT for instance, larger modern datasets 
sampling large climatic and ecological gradients will improve the 
quality and quantity of information necessary to reconstruct climate, as 
this will increase the chances of finding good analogues. In contrast, 
methods (e.g. regression techniques) and studies focusing on regional 
pollen climate relationships will often be based on smaller calibration 
dataset to better capture the regional pollen-climate relationships. In all 
cases, a homogenous distribution of these samples along the climate 
gradient is also preferred (Telford and Birks, 2011b). When the dis-
tribution of samples is too clustered in the climate space (Fig. 11B), the 
pollen-climate relationships can incorporate such irregularities and the 
reconstructed values can ‘jump’ from one climate cluster to the next, 
especially classification techniques. The techniques that model the 
modern relationship between pollen and climate can be resilient to 
small gaps (e.g. regression and Bayesian techniques). However, all 
techniques will suffer from this when the variable to reconstruct varies 
more between clusters than within clusters (i.e. when the clusters are 
separated by large data gaps). 

Records of plant species distributions are usually more continuous 
than distributions of modern pollen samples. Therefore, the techniques 
based on these data for the calibration step are less sensitive to the 
homogeneity of the sampling. However, in some areas, sharp transitions 
in sampling density exist (e.g. across country borders; Chevalier, 2019;  
Rutherford et al., 2003). Some preliminary results suggest a limited 
impact on the pdfs as long as the full range of climatic conditions where 
species live remains fully sampled (Chevalier et al., 2014). A sub- 
sampling of the densest areas can be applied to obtain a more balanced 
distribution of data and limit the bias of the estimated parameters to-
wards the climate of more data-rich regions. More tests in various 
conditions are necessary to fully evaluate the potential impact of these 
effects on the reconstructions. 

6.2.3. Testing and validation of reconstruction models and modern datasets 
Before reconstructing past climate with a model, one should make 

sure that it has significant predictive power, which can be defined as 
the capacity of the model to estimate reliable climate values from un-
known (i.e. fossil) pollen samples. In most applications, past climates 
are unknown, and the predictive power of the models is evaluated 
against modern climate, although in some situations comparisons with 
reconstructions based on other proxy or climate model data are pos-
sible. When comparing inferences with modern climate, data used to 
develop the climate reconstruction model and the data used to validate 
it must be different (i.e. independent) to avoid circularity. In the case of 
MAT for instance, the tested analogue would always be matched against 
itself. In this trivial example of circularity, the use of the same data to 
develop and validate the model biases performance indicators, leading 
to an improved accuracy and reduced errors. One common solution to 
circumvent this problem is to use cross-validation, which divides the 
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modern dataset in two parts: one subset to inform the model (‘training 
dataset’) and another subset to test it (‘test dataset’). The cross-valida-
tion must be repeated multiple times to assess the ability of the selected 
model to characterise all the climate conditions represented in the 
modern dataset. 

The assessment of a model's performance should always include 
looking at the relationship between inferred and observed values and at 
the distribution of the residuals (i.e. the difference between the re-
constructed and the climate values). The relationship between inferred 
and observed values can be summarised by the correlation between the 
reconstructed and the target values. A high correlation is important but 
insufficient as a model could have a high correlation but be off target by 
a constant or increasing/decreasing value along the gradient of interest 
(e.g. the reconstructed values are always higher than the target value by 
2 °C, or systematically and increasingly deviate from the target value 
towards one end of the examined climate gradient). Plotting the re-
constructed against the target climate values enables easy assessment of 
how the samples are distributed relative to the y = x line. The mean 
position of the samples above or below the line informs about the ac-
curacy or trueness of the model and indicates whether there is a bias in 
inferences, while the spread of inferred samples for similar target values 
informs about its precision. The mean offset between the target and the 
reconstructed values can be measured by the root-mean-square error of 
prediction (RMSEP), which summarises how far the reconstructed va-
lues are from their target on average (i.e. the mean of the squared 
differences between the reconstructed and target climate values). A 
model with high precision and accuracy will have an RMSEP close to 0. 

Another important indicator of model performance is maximum 
bias, defined as the largest absolute error between the target and the 
prediction averaged for certain intervals of the climate gradient. A 
model can be good on average (low mean RMSEP) but fail in some parts 
of the climate space (high local bias). Calculating the maximum bias per 
section, for instance by splitting the studied gradient in 10 sections as in  
Birks (1998), can highlight climatic conditions that likely cannot be 
reconstructed in the past considering the modern calibration dataset 

(Lotter et al., 1997; ter Braak et al., 1993). This usually happens near 
the edges of the sampled climate space (lowest and highest values are 
generally over- and under-estimated, respectively; see Fig. 11D) or if 
the modern climate space is heterogeneously sampled. 

A common form of cross-validation is the k-fold cross-validation. In 
this case, the modern dataset is randomly divided into a certain number 
of groups k of the same size (commonly 5 to 10 groups, see Fig. 12). 
Each time, one group is used to test the model defined by all the other 
groups (e.g. Barrows and Juggins, 2005; Mauri et al., 2015). Another 
commonly used form of cross-validation is called leave-one-out (LOO) 
cross-validation, in which the test set is composed of only one sample at 
a time, all the other samples being used to inform the model. LOO is 
equivalent to k-fold with as many groups as there are samples in the 
modern dataset. With LOO, the tested model is the closest to the model 
that will be used to reconstruct climate from fossil samples (only one 
sample is removed from the modern dataset). The procedure can, 
however, require considerable computer resources, especially for 
models based on hundreds to thousands of modern pollen samples. 
Bootstrapping cross-validation is also commonly employed to evaluate 
a model (see definition in section 4.3.4). For each bootstrap dataset, 
some samples will be selected more than once, while the unselected 
samples will define the test group. The process must be repeated a large 
number of times to obtain robust statistics (Juggins and Birks, 2012). 

Spatial autocorrelation and/or block structure in the modern da-
taset (Fig. 11B) can bias the performances indicators estimated from the 
LOO, k-fold and bootstrap cross-validations (Telford and Birks, 2005). 
An alternative approach to alleviate this issue is to use an h-block cross- 
validation, which is a more specific form of LOO cross-validation where 
all samples within h kilometres of the target site are excluded from the 
reconstruction step to ensure that spatial autocorrelation does not im-
pact the values. However, estimating h is non-trivial (Trachsel and 
Telford, 2016), as a too small h will not remove all the spatial auto-
correlation, while a too large h will exclude too much information to 
reconstruct climate. Trachsel and Telford (2016) have proposed three 
techniques to estimate h. Salonen et al. (2019) have explored 

Fig. 12. k-Fold cross-validation illustrated for k = 8. The modern dataset (all the black squares) is divided into eight groups of the same size (coloured triangles). 
Each group is individually used as a test set while the remaining groups form the training set. Residuals are calculated for each fold and the combination of these fold- 
specific residuals allows estimating the performance of the entire modern dataset at reconstructing climate. 
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acceptable ranges of h for European and North American pollen records 
and argue that values of h between 300 and 800 km are acceptable 
thresholds. Such values need to be re-assessed for every study, but they 
provide a reasonable range to start screening for h. However, h-block 
cross-validation is only based on horizontal distances and does not in-
clude elevation changes. Climate gradients over vertical distances are 
much steeper than over horizontal distance, so that excluding samples 
purely based on horizontal distance can be a significant issue in 
mountainous areas, as it would exclude potential samples from lower/ 
higher elevations that could experience very different climates. 

For techniques that use modern plant distributions instead of 
modern surface samples to create the pollen-climate relationship, such 
as the pdf techniques, validating the model based on modern pollen 
samples is more straightforward as the calibration set (modern plant 
occurrences) is independent from the validation set (modern pollen 
samples). As such, cross-validating the modern dataset is not necessary. 
All the modern samples can be reconstructed at once and the global 
RMSEPs and maximum biases analysed as described previously. 

6.3. Evaluation of palaeoclimate reconstructions 

With the development of recent statistical tools and computing 
power, it has become easier to produce quantitative reconstructions, 
thus shifting the complexity of the work from the extraction of signal 
from multivariate pollen data to the development of sensible modern 
datasets and the evaluation of the reconstructions. Evaluating a re-
construction is a complex process that relies on both statistical in-
dicators and expert knowledge. Commonly used indicators include: 1) 
the amplitude of change (e.g. Is the reconstructed amplitude of change 
coherent with expectations considering the location and studied time 
period?), 2) the consistency of the reconstruction across time (e.g. Is the 
sample-to-sample variability more important than the reconstructed 
signal itself?) or 3) the percentage of explained variance (e.g. Does the 
reconstruction explain an acceptable fraction of the total variance in the 
pollen data?). Passing one or more of these criteria does not guarantee 
the validity of the reconstruction, but it reduces the risk of incorrect 
assignment (rejecting valid reconstructions or accepting erroneous 
ones). Expert knowledge of the local ecology of the studied site should 
always be included and considerations of the variability of key pollen 
taxa with clear climate sensitivities to the studied parameters can help 
decide whether the reconstruction is robust or if there are confounding 
factors (Juggins et al., 2015). 

For all the techniques that use modern pollen samples, assessing the 
distance between the closest modern analogues to a fossil sample can 
inform about the reliability of the reconstruction. Square chord dis-
tances of the closest analogue are commonly plotted against time to 
highlight potential no-analogue situations, which would indicate that 
the reconstructed value could be erroneous and/or that uncertainties 
may be underestimated. The higher the difference between a fossil 
sample and the closest modern sample(s), the lower the confidence in 
any reconstruction from that sample should probably be. No fixed 
threshold can be defined to determine if a fossil pollen sample has good 
analogues in the modern calibration data, as the usual metric distances 
used to measure the similarity of pollen assemblages varies as a func-
tion of many study-specific parameters. Sawada et al. (2004) demon-
strated that the diversity of pollen assemblages influences the dissim-
ilarity indices such as SCD. High diversity samples tend to have a higher 
SCD with modern samples than low diversity samples. Using the 5th 
percentile of the measured distance between modern dataset samples 
has become the standard threshold identifying fossil samples with good 
modern analogues (e.g. Jackson and Williams, 2004). While imperfect, 
this empirical approach can be employed consistently and is justifiable. 
Mapping the selected analogues in geographical space can help to 
better understand the drivers of the reconstruction, as it allows to re-
connect with the ecology supporting the reconstructions. Looking at the 
spread of the uncertainties around the reconstructed value can also be a 

good indicator of the quality of the reconstruction, especially with 
methods that estimate the distribution of climate histories (e.g. Kühl 
et al., 2007). 

Another evaluation tool is the palaeoSig test developed by Telford 
and Birks (2011c), which assesses whether a reconstruction shows 
significant changes in the inferred variable compared to a null dis-
tribution of reconstructions derived from transfer functions trained on 
simulated climate variables. The palaeoSig test compares the percen-
tage of variance explained by a reconstruction to an ensemble of re-
constructions obtained from a randomised calibration dataset. If the 
real reconstruction explains more variance than most of the randomised 
reconstructions (e.g. 95% of them), the reconstruction is deemed sta-
tistically significant (Telford and Birks, 2011c). However, palaeoSig 
does not test if the reconstructed values make sense climatically; it only 
tests if there is a statistically significant trend in the data relative to an 
ensemble of random reconstructions. Climate reconstructions with low 
climate variability will unavoidably ‘fail’ the palaeoSig test. This does 
not necessarily mean the reconstruction is incorrect, it simply means 
that there is no statistically significant trend in the data (i.e. the re-
construction could be reliable, but climate may have been stable over 
the studied period). Alternatively, in the presence of a confounding 
factor, reconstructions can ‘pass’ the palaeoSig, while being erroneous 
(Juggins, 2013). As with any evaluation tool, palaeoSig should only be 
one element used to assess the reliability of a climate reconstruction. 

Multi-site, multi-technique or multi-proxy reconstructions can also 
be used as an additional way of evaluating reconstructions. For multi- 
site comparisons (comparing a reconstruction with independent re-
gional records of the same variable), expecting good correlation be-
tween records is reasonable, as climate is spatially autocorrelated. 
Multi-technique approaches (different reconstruction techniques ap-
plied to the same pollen dataset) usually produce similar trends but can 
be characterised by different amplitudes of change or intrinsic noise 
(Brewer et al., 2008; Lebamba et al., 2012; Peyron et al., 2013). While 
differences in amplitude can be hard to reconcile and can be caused by 
many factors, they have been interpreted as an estimate of the climate 
uncertainty associated with the reconstruction. Composite reconstruc-
tions can be obtained by combining the reconstructions obtained with 
the different techniques (Birks, 2014). Finally, highlighting similarities 
in trends and amplitude between multi-proxy reconstructions (re-
constructing the same variable from one core or nearby locations using 
different proxies) can provide additional support (Birks and Ammann, 
2000; Finsinger et al., 2010; Fortin and Gajewski, 2016; Kühl et al., 
2010). Sometimes they do not converge due to different ecologies of the 
proxies and/or differential sensitivities to various climatic aspects (e.g.  
Lotter et al., 2012; Samartin et al., 2017), but in other cases, the re-
constructions can closely resemble each other (Fortin and Gajewski, 
2016). 

While the agreement between two proxy records is unlikely to be 
exact, strong similarities are expected if the proxies reflect the same or 
similar aspects of the climate system. Considering the uncertainties of 
the records being compared is often key to reconcile the records, as the 
uncertainty ranges of the two records can overlap and be in agreement 
despite the reconstructed most likely climate change trajectories being 
different. Many factors can explain subtle differences (e.g. local meso-
climate, low number of analogues, uncertain dating), but overall, cli-
mate is spatially correlated, and the reconstructions should reflect that. 
Any strong departure from this may reflect that either the modern da-
taset was inappropriate or that the reconstructed variable is not the 
main driver of the pollen changes in the record. It can also mean that 
the two records being compared do not reflect the same climatic as-
pects, which may require a re-assessment of the interpretation of the 
other record. 

In conclusion, there is no single solution that exists to either validate 
or invalidate a pollen-based climate reconstruction. It is only through 
critical consideration of multiple, independent lines of evidence (cli-
matic and ecological, multi-site, multi-proxy and multi-techniques 
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intercomparisons, palaeoSig, analogue distance, etc.) and by explaining 
them through consistent ecological and climatic processes that a re-
construction can be properly assessed. 

7. Datasets and software 

7.1. Modern and fossil pollen databases 

Limited or difficult access to modern and fossil pollen data, meta-
data and modern plant distributions have often hindered the applica-
tion of climate reconstruction techniques. Until recently, open-access 
pollen data have mainly been gathered into independent, individually 
structured regional databases (Table 2) that were not directly compa-
tible with each other. Over the past decade, the Neotoma Paleoecology 

Database, a global database that includes pollen as well as other pa-
laeoecological proxies, has been gradually incorporating pollen data 
from many of these regional databases to facilitate access and usability 
of the data (Williams et al., 2018a). Importantly, the taxon names of the 
various datasets have been standardised in Neotoma to follow new in-
ternational standards and facilitate the use and combination of these 
datasets, even if the constituent databases retain their own identities 
and governance to ensure that the regional specificities are not overly 
simplified. All the datasets in Neotoma are also curated to become more 
compliant with the FAIR principles (FAIR: Findable, Accessible, Inter-
operable and Reusable; Wilkinson et al., 2019, Wilkinson et al., 2016). 
Neotoma is continually growing and presently contains over 4700 fossil 
and ~3600 modern pollen records all over the world (as of August 
2020). 

Table 2 
List of open-access pollen datasets, modern plant distribution data, modern climatologies and numerical tools to run pollen-based climate reconstructions.       

Name Reference(s) Source(s)  

Modern and Fossil pollen databases 
/datasets 

Neotoma Paleoecology Database Williams et al. (2018a) https://www.neotomadb.org 
North American Pollen Database Grimm (2000) Included in Neotoma 
Eurasian Pollen Database Binney et al. (2016, 

2017) 
https://doi.org/10.5285/6aeba247-52d1-4e84-949f- 
603742af40c1 

European Pollen Database Fyfe et al. (2009) http://www.europeanpollendatabase.net/getdata (Also 
in Neotoma) 

North American Modern Pollen database Whitmore et al. (2005) http://www.lpc.uottawa.ca/data/modern/index.html 
(Partly in Neotoma) 

Eurasian Modern Pollen database Chevalier et al. (2019) 
Davis et al. (2020) 

https://doi.pangaea.de/10.1594/PANGAEA.909130 

African Pollen Database (both modern and fossil 
data) 

Gajewski et al. (2002) 
Vincens et al. (2007) 

http://fpd.sedoo.fr/fpd (Being transferred to Neotoma) 

Latin American Pollen Database (both modern 
and fossil data) 

Flantua et al. (2015) 
Marchant et al. (2002) 

Constituent database in Neotoma 

Non-specific pollen data repositories  www.pangaea.de 
https://www.ncdc.noaa.gov/data-access/ 
paleoclimatology-data 

Modern plant distribution databases GBIF for CREST dataset Chevalier (2018, 2019) www.doi.org/10.6084/m9.figshare.6743207 
www.gbif.org 

CRACLE calibration accessible via the R package Harbert and Baryiames 
(2020) 

https://github.com/rsh249/cRacle 

North American Biodiversity Information Serving 
Our Nation (BISON)  

https://bison.usgs.gov/#home 

US Forest Inventory and Analysis  https://www.fia.fs.fed.us/ 
EU-Forest Mauri et al. (2017) 

Giovanni et al. (2016) 
https://doi.org/10.6084/m9.figshare.c.3288407.v1 

Modern climatologies Climate Research Unit (CRU) Harris et al. (2014) 
New et al. (2002) 

http://www.cru.uea.ac.uk/data 

Worldclim Fick and Hijmans (2017) 
Hijmans et al. (2005) 

http://worldclim.org/version2 

NCEP/NCAR reanalysis Kalnay et al. (1996) https://www.esrl.noaa.gov/psd/data/gridded/data.ncep. 
reanalysis.html 

CHELSA climatology Karger et al. (2016) http://chelsa-climate.org/downloads 
Software & Packages rioja R package Juggins, 2015 https://cran.r-project.org/web/packages/rioja/index. 

html 
analogue R package Simpson and Oksanen 

(2013) 
https://cran.r-project.org/web/packages/analogue/ 
index.html 

MATTOOLS R package Sawada (2006) https://cran.r-project.org/web/packages/MATTOOLS/ 
index.html 

BIOINDIC R package  https://www.eccorev.fr/spip.php?rubrique55 
palaeoSig R package Telford and Trachsel 

(2015) 
https://cran.r-project.org/web/packages/palaeoSig/ 
index.html 

Bclim R package Parnell et al. (2016b) https://cran.r-project.org/web/packages/Bclim/index. 
html 

cRacle R package Harbert and Baryiames, 
2020 

https://github.com/rsh249/cRacle 

BayesComposition R package Nolan et al. (2019) https://github.com/jtipton25/BayesComposition 
vegan R package Oksanen et al. (2007) https://cran.r-project.org/web/packages/vegan/index. 

html 
Neotoma R package (Goring et al., 2015) https://github.com/ropensci/neotoma 
CREST R package  https://github.com/mchevalier2/crestr 
CREST software Chevalier et al. (2014) https://chevaliermanuel.wixsite.com/webpage/crest 
Past software Hammer et al. (2001) https://folk.uio.no/ohammer/past 
C2 software Juggins (2007) https://www.staff.ncl.ac.uk/stephen.juggins/software/ 

C2Home.htm; 
Polygon software Nakagawa (2008) http://polsystems.rits-palaeo.com 
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Despite this effort, access to some regional databases continues to be 
problematic, as they are not available from well-identified public re-
positorries. Many small-scale regional modern sample datasets also 
continue to be developed and are typically available outside of 
Neotoma (e.g. Julier et al., 2018; Montade et al., 2019b; Montade et al., 
2019a; Urrego et al., 2015). Supporting further field campaigns, espe-
cially in quantification deserts, and making these data publicly acces-
sible (e.g. by adding them to relevant regional Constituent Databases in 
Neotoma, or any other repository, such as Pangaea www.pangaea.de or 
NOAA www.ncdc.noaa.gov) is critical to improve the global coverage 
of modern pollen assemblages and, by extension, the applicability of 
climate reconstruction methods. 

To our knowledge, only the Global Biodiversity Information Facility 
(GBIF) provides a set of globally dense distributions of plants that can 
be directly used with the pdf techniques (Chevalier, 2019; Chevalier, 
2018). Other high-resolution datasets of the distribution of most Eur-
opean trees (Mauri et al., 2017) and North American (Biodiversity In-
formation Serving Our Nation (BISON) and US Forest Inventory and 
Analysis (FIA)) vegetation are also available (see Table 2). Additional 
collections can often be obtained from herbaria and national museums 
by direct request. 

7.2. Modern climate data 

Modern climate datasets are used by all the techniques to define the 
relationships between plant/pollen taxa with climate at present time, 
following the standard space-for-time assumption that spatial re-
lationships among plant taxa and environmental variables can be used 
to draw inferences from fossil pollen time series about past environ-
mental variations (Section 3). The most commonly used datasets are 
listed in Table 2. These datasets average climatic conditions over dif-
ferent time periods. For instance, WorldClim 2.0 reports average values 
of the period 1970–2000, while CHELSA represents the period 
1979–2013. Generally, all modern samples are assigned climate values 
based on the same climate data. To provide a common background for 
climate reconstructions, many pollen calibration datasets are already 
associated with a specific climate dataset. For instance, in the latest 
version of the Eurasian Modern Pollen Database, the samples have been 
paired with 30 arcsecond WorldClim 2.0 data (Davis et al., 2020). 
However, the climate baseline associated with the earliest modern 
samples collected in 1970s and 1980s and the most recent ones has 
shifted, especially considering contemporary climate warming. This 
potential disequilibrium between vegetation and climate may challenge 
the first fundamental assumption in regions where climate has changed 
the most over the past decades (Section 3.1). 

In addition, climate data are often available at different spatial re-
solutions ranging from 1° or 2° to much finer 30 arcsecond grids and 
there is no consensus regarding the choice of the optimal spatial re-
solution, which can impact the reconstruction (Fortin and Gajewski, 
2012; Ladd et al., 2015). For instance, Ladd et al. (2015) do not re-
commend using high-resolution modern datasets, such as the World-
Clim 30 arcsecond (~1 km) grid, for broad-scale climate reconstruc-
tions. They argue that the resolution should generally not be finer than 
the area represented by the data in the training set (i.e. source area for 
modern pollen samples as described in Section 3, or resolution of 
modern plant distribution data). Similarly, pdf studies have upscaled 
the climate data to match the lowest resolution of the botanical data 
employed (e.g. Truc et al., 2013). The selected resolution is particularly 
relevant for mountainous regions where climate varies strongly over 
short elevational distances (Furlanetto et al., 2019) but is less important 
in instances when climate fields are spatially smooth (e.g. temperature 
generally, particularly in low-relief landscapes; Ladd et al., 2015). More 
studies are needed to better understand how different climate data and 
their various spatiotemporal resolutions and extents influence climate 
reconstructions. 

7.3. Software 

Several software packages for carrying out modern calibrations and 
transfer function techniques have been developed (Table 2). Most of 
them have been written in the open source R statistical computing 
language (R Core Team, 2018) and are available online via GitHub / 
CRAN. These currently include rioja, analogue, vegan, MATTOOLS, 
BIOINDIC, Bclim and the palaeoSig package for testing the statistical 
significance of climate reconstructions. MAT-capable software with a 
graphical user interface include Polygon and Past. For Windows users, 
most techniques can be implemented in C2 without the need for pro-
gramming. The pdf-techniques can be applied using the CREST python 
software (a R package is currently under development) and the CRACLE 
model can be applied using the cRacle R package. Many of the Bayesian 
techniques described in Section 4.4 can be applied from the Bayes-
Composition R package on gitHub, although at this time, it is still under 
development and the documentation may be incomplete (J. Tipton, 
pers. comm.). The Bayesian model Bclim can be used using the eponym 
R package (Parnell et al., 2016b). All data stored in Neotoma can be 
accessed through a dedicated R package (Goring et al., 2015), thus 
facilitating the connection with the reconstruction methods. 

8. Looking ahead: Opportunities and next steps 

Reliable and accurate palaeoclimate reconstructions are necessary 
to address the issues posed by modern climate change. As a result of the 
significant increase of curated palaeodata through online, open-access 
databases and repositories during the last decade, three important 
avenues of development for pollen-based climate quantifications have 
emerged: 1) Developing new techniques using the wealth of available 
data to extract more reliable information from fossil pollen records, 2) 
Providing tools to facilitate access to and use of the reconstruction 
techniques and 3) Developing and using new datasets and techniques to 
produce more reconstructions in quantification deserts. Building on the 
global abundance of pollen records, the development of such new fra-
meworks and their increased use will contribute to better understand 
past climate variability across the planet, from local to continental 
scales. 

8.1. Harnessing open palaeodata to move from site-based to network-based 
reconstructions 

The methodologies presented here all reconstruct climate from each 
sample/record independently from the others, that is without con-
sidering what may have happened before or after the time of deposi-
tion, or at nearby locations. The unprecedented density of easily ac-
cessible pollen records available from open-access, online databases 
(Table 2) can now support the transition from such sample-to-sample 
independent reconstructions to more holistic approaches in which 
samples would no longer be reconstructed in isolation. Some efforts 
have already been made in that direction and many studies have shown 
that combining multiple site-based reconstructions enabled extracting 
robust shared temporal trends (e.g. Chevalier and Chase, 2015; Davis 
et al., 2003; Gajewski, 2015; Marsicek et al., 2018; Seppä et al., 2009) 
and spatial patterns (e.g. Ladd et al., 2018; Mauri et al., 2015; Viau 
et al., 2006). In these studies, however, the multi-samples and/or multi- 
records connectedness was added after reconstructing the samples in-
dividually, the specificities of each site averaged out, and the inherent 
errors of each individual reconstructions were most often unaccounted 
for. In contrast, some Bayesian models integrate some of these princi-
ples (e.g. Tingley and Huybers, 2010a, 2010b; Weitzel et al., 2019;  
Gebhardt et al., 2008; Simonis et al., 2012), but the complexity of ap-
plying these models has limited their use. Connecting samples through 
time and space (i.e. sharing information between sites and records) and 
accounting for the sample-to-sample and record-to-record similarities 
will 1) produce less noisy, better constrained reconstructions, 2) extract 
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the most common extra-local climate signals and 3) increase the re-
liability of the reconstructions. Focusing on developing spatial re-
constructions will thus promote a better, more in-depth understanding 
of past regional and global environmental variability. 

Ideally, mutual influences between pollen samples and records 
should be probabilistic in nature to reflect the uncertainty of the pollen- 
climate relationships. Bayesian models provide a natural framework to 
incorporate some of these inter-sample and inter-site connections (e.g.  
Holmström et al., 2015; Weitzel et al., 2019). Their use was already 
highlighted as an important avenue for future work in a previous re-
view of the field (Birks et al., 2010). While progress has been made in 
that direction (e.g. Holmström et al., 2015; Ilvonen et al., 2016; Parnell 
et al., 2016a), the use of Bayesian models remains limited in pollen- 
based climate reconstructions. Birks et al. (2010) argued that the lag in 
using such techniques was related to the limited computing power at 
the time. This is no longer the case, at least at the site-level basis 
(Holmström et al., 2015). Despite some unquestionable advantages 
(Ohlwein and Wahl, 2012), reconstructions using Bayesian models re-
main little used and the classical techniques remain dominant in the 
field. One possible explanation for the slow transition may be the ex-
pertise and time required to develop, apply, and interpret such models. 
It is also likely that the advantage of replacing existing models by 
Bayesian approached can appear, to date, only modest, as the classical 
models perform well for site-based reconstructions. However, models 
that estimate robust climate uncertainties are necessary to compare 
pollen and non-pollen climate reconstructions. One important objective 
of the coming years should, therefore, be to develop more general 
Bayesian models that can be employed by non-experts, and importantly 
to assess their relative strengths and weaknesses when compared to the 
classical models. 

8.2. Improving reporting standards to increase global use and 
methodological transparency 

The many decisions that must be taken before and after applying 
any of reconstruction technique (e.g. identifying taxa to be used, se-
lecting the number of analogues, selecting the number of components of 
the model, validating a reconstruction and accessing and formatting 
appropriate modern datasets; Section 4), require expertise to produce 
reliable reconstructions (Juggins, 2013). Accessing and formatting ap-
propriate modern datasets (Section 5) is another hurdle that compli-
cates access to and likely limits the use of these tools. Increasing the 
level of details about the different steps of the reconstruction process 
reported in the publications, from the design of the modern dataset to 
the assessment of the reliability of a reconstruction, could help to 
overcome these constraints. The required information is usually dis-
tilled in the text but grouping it into one single and standardised table 
and/or graphical output would help to quickly assess how the model 
was run and help potential users to get a better understanding of the 
process. Table 3 summarises some parameters and data treatment de-
cisions that are essential to report. 

As most of the techniques are already available as R packages and/ 
or software solutions (Section 6), implementing standardised log out-
puts to summarise the procedure, such as a publication-ready table or 
figure, directly in these numerical tools represent a key step to stan-
dardise reporting. Similar approaches have been adopted by other 
statistical models commonly used, such as the age-depth modelling 
technique Bacon (Blaauw et al., 2020; Blaauw and Christen, 2011) that 
automatically generates graphical plots summarizing the selected 
parameters. Similar solutions adapted to pollen-based climate re-
constructions could be developed. Advantages of such an approach 
include that results can be easily evaluated and replicated and it allows 
for an accessible way to revise reconstructions if, for instance, some 
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Ultimately, the ideal approach would be to comply with the FAIR 
principles by releasing any new data used, listing the provenance of 
existing publicly available data, and sharing the code used to format the 
modern and fossil pollen data and reconstruct the climate variable(s). 
Sharing scripts is the most transparent solution and the simplest way to 
describe all the data manipulations that were necessary to obtain cli-
mate reconstructions. As such, it is recommenced to prefer program-
matic interfaces over point-and-click programs to support reproduci-
bility of the user's workflow. Many online platforms now exist for basic 
script sharing such as GitHub (https://github.com) or Bitbucket 
(https://bitbucket.org), but also for more user-friendly interface, such 
as RMarkdown annotated scripts (https://rmarkdown.rstudio.com). 
These open-access scripts could in turn be used as example protocols for 
beginners to practice and better understand the techniques. Adapting 
these scripts to new datasets would then be easier than writing scripts 
from the beginning and would, eventually, facilitate the use of pollen- 
based climate reconstruction techniques and contribute to broader- 
scale application in the many regions where more climate quantifica-
tions are needed (see Fig. 1). 

8.3. Resolving quantification deserts 

Fossil pollen records have been retrieved from all continents. In 
contrast, pollen-based climate reconstructions are highly concentrated 
in the Northern Hemisphere extratropics (Fig. 1). While this dis-
crepancy can be partly explained by the absence of modern pollen 
datasets in many regions (Fig. 10) and the belief for a long-time that 
vegetation in the tropics was stable (Flenley, 1979), the limited access 
to the necessary resources and technical knowledge required to use 
climate reconstruction techniques has further contributed to the per-
sistence of large quantification deserts. However, the recent trends to-
wards open-access and online databases coupled with the continuous 
development of new reconstruction techniques based on alternative 
principles (e.g. Inverse Modelling and pdf techniques) provide an un-
precedented opportunity to produce these urgently needed re-
constructions. Extracting the wealth of palaeoclimatic information 
contained in pollen records from quantification deserts represents an 
important challenge to be addressed in the coming years. Reaching this 
objective will require engaging the entire community, from palynolo-
gists to data and computer scientists, as various elements will have to be 
assembled together, including:  

1. Collecting more modern pollen samples and high-resolution fossil 
pollen records from quantification deserts to fill in data gaps,  

2. Making these new data accessible to the community via existing 
open data online resources in a timeframe that is beneficial to all,  

3. Developing more user-friendly, broad audience software to facilitate 
access to climate reconstructions techniques,  

4. Providing training in the use of the techniques and software to the 
regional expert, for example at workshops, and, most importantly, 
by improving reporting standards and script sharing as discussed in  
Section 7.2. 

Shrinking the spatiotemporal extent of quantification deserts will in 
turn enable a better characterisation of past climate dynamics across 
the tropics and the Southern Hemisphere continents and promote a 
more holistic understanding of the natural variability of some of the 
most important features of Earth climate. Producing extensive data 
coverage across these regions will also contribute to bridging the data 
gap that prevails between Antarctica and the Northern Hemisphere 
extratropics and help addressing problems of global significance. Both 
regions have been extensively studied but remain partly disconnected 
by the quantification deserts, which hinders our understanding of 
global climate teleconnections and variability (e.g. Kaufman et al., 
2020). Ultimately, extended datasets will also be important to evaluate 
the most recent climate model simulations using truly ‘out-of-the-box’ 

datasets (i.e. data that were not used in previous data-model compar-
isons) and to reinforce our confidence in climate forecasts. 

9. Conclusion 

This paper reviews over 75 years of the development and applica-
tion of quantitative pollen-climate reconstruction methods since the 
pioneer reconstruction of Iversen (1944). The advance of increasingly 
sophisticated statistical and computational modelling approaches to 
pollen-climate analysis paralleled by rapid improvements in the size, 
quality and availability of modern datasets has provided a wealth of 
information about the past climates of many regions (e.g. Bartlein et al., 
2011; COHMAP Members, 1988; Marsicek et al., 2018). These devel-
opments in methods and datasets have also been driven by demand for 
more spatially extensive climate reconstructions from the climate 
modelling community that requires palaeodata in climate model eva-
luation (e.g. Harrison et al., 2015). Despite the successful development 
of alternative climate proxies in recent years – including those based on 
isotopes and biomarkers – fossil pollen remains the most important 
source of quantitative climate data for terrestrial un-glaciated regions 
(e.g. Kaufman et al., 2020). Very few climate proxies can rival pollen for 
its spatial and temporal coverage for the late Quaternary period, and for 
its ability to reconstruct multiple paleoclimatic variables. In this paper, 
we aim to encourage not only greater use of pollen data for climate 
reconstructions, but also the better documentation of the underlying 
methodological choices, tools and datasets. To help in this process, we 
provide guidance on the appropriate application of the different tech-
niques currently available, and the availability of the necessary tools 
and datasets required to apply these methodologies. Better transpar-
ency and documentation will help both palynologists interested in re-
constructing climate and also experts from other fields interested in 
how pollen reconstructions compare to other paleoclimatic proxies and 
earth system models. 

In the future, we hope to see greater use of the pollen-climate proxy 
outside of the traditional study regions of North America and Europe. In 
quantification deserts (Africa, Latin America, Southeast and Central 
Asia and Australasia, see Fig.1), producing reliable reconstructions will 
require overcoming multiple challenges, not only scientific, such as the 
need for larger modern datasets, but also to help and encourage the 
scientific community to implement climate reconstruction techniques. 
As this and other data become more available, we can also expect to see 
key methodological developments in multi-sample and multi-site ap-
proaches that moves away from the traditional approach of treating 
each pollen sample as a single independent data point. This transition to 
multi-sample and multi-site analyses will help to better extract the 
background regional climate signal in pollen records that can some-
times be dominated by local noise from non-climatic influences, or, said 
differently, to use the traditional strength of pollen data in its sheer 
quantity to overcome some of its traditional limitations. The strength of 
using the abundance of fossil pollen records will facilitate the genera-
tion of spatially explicit reconstructions of late Quaternary climate 
change at both regional and global scale, which remains one of the 
greatest challenges in modelling the impact of our future climate. 
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