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Abstract. Classical palacoenvironmental reconstruction models often incorporate biological ideas and commonly assume that / %Deleted:
the taxa comprising a fossil assemblage exhibit unimodal response functions of the environmental variable of interest. In ,",(Deleted= of
contrast, machine-Jearning approaches do not rely upon any biological assumptions, but instead need training with large data- / 17 ’(Deleted: >
sets to extract some understanding of the relationships between biological assemblages and their environment. To explore the /s ,(Deleted: consider
relative merits of these two approaches, we, have developed a two-layered machine learning reconstruction model MEMLM " 7 %:e!etec)l: jmbedded
(Multi Ensemble Machine Learning Model). The first layer applies three different ensemble machineJearning models (random ) ' ; s (,. loted
forests, extra random trees, and lightGBM), trained on the modern taxon assemblage and associated environmental data to / (r leted: GLOVE
make reconstructions based on the three different models, while the second layer uses multiple linear regression to integrate / (Deleted: assemblage data
these three reconstructions into a consensus reconstruction. We considered, three versions of the model: 1) a standard version / "",',(De'eted: train
of MEMLM, which uses only taxon abundance data, 2) MEMLMe, which uses only dimensionally reduced, assemblage / <Deleted: C‘Tmpare
information, using a natural language-processing model (GloVe) to detect associations between taxa across the training data- / / /. ’ E:e!ete‘j. o(‘
set, and 3) MEMLMc which incorporates both raw taxon abundance and dimensionally reduced summary (GloVe) data, We (Deleted: )
trained,these MEMLM model variants with three high quality diatom and pollen training sets and compared,their reconstruction / (l‘ leted: (
performance with three weighted averaging (WA) approaches (WA-Cla, classical deshrinking;, WA-Inv, jnverse deshrinking;, ;" (Deleted: )
and WA-PLS, partial least squares). In general, the MEMLM approaches, even when trained on only embedded assemblage (Deleted: (
data, performed, substantially better than the WA approaches under cross-validation in the larger data-sets. When applied to (DEIe':em perforn

) ; ) o ; . ” CDeIeted: However, when
fossil data, MEMLM variants sometimes generated, qualitatively different palacoenvironmental reconstructions from each ) Cr leted: and WA approaches
other and from reconstructions based on WA approaches, We applied a statistical significance test to all the reconstructions. (.- leted: generate
This successfully identified each incidence where the reconstruction is not robust with respect to the model choice. We found, (Deleted: .
that machine-Jearning approaches could, outperform classical approaches, but could, sometimes fail badly, despite showing o CDeleted: find
high performance under cross-validation, likely indicating problems when extrapolation occurs. We found, that the classical ) gze:e:e::
| Deleted: can

approaches are generally more robust, although they could, also generate reconstructions which have modest statistical ‘

significance, and therefore may be unreliable. We conclude that cross-validation is not a sufficient measure of transfer-function
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performance, and we recommend that the results of statistical significance tests are provided alongside the down-core

reconstructions based on fossil assemblages.

1 INTRODUCTION,

The distribution and abundance of taxa are interrelated with the environment (Ovaskainen et al., 2017). By considering

environmental variability across space instead, of through, time, the palacoenvironment can be reconstructed by applying
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modern taxon-environment relationships to the fossil record (e.g. Battarbee et al., 2005; Cleator et al., 2020; Turner et al.,
2020).

With the development of palacoecological research, large training data-sets for environmental reconstruction have been
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suggest it could, be more widely applied.

compiled, in recent years. (e.g. Harrison, 2019a; Bush et al., 2021). Data assimilation has long been a focus of Earth science Cl‘ leted: emerged

and ecology, and the integration of larger data-sets provides, more comprehensive training information (e.g. Christin et al., h CDeIeted: 2019

2019; de la Houssaye et al., 2019; Bush et al., 2021). For large data-sets, machine Jearning methods have strong advantages CDeIeted: will provide

and may be appropriate to extract the non-linear relationships between taxon compositional information and the environment, %E::::::: 220

and to integrate a variety of sources of data (e.g,Helama et al., 2009; Aguirre-Gutierrez et al., 2021; Wei et al., 2021b). - (r leted: .

In recent years, machine learning has been applied to a wide range of applications in palacoecology (Hais et al., 2015; Jordan ‘“‘CDeIeted: ,

et al., 2016). Wei et al,(2021b) reconstructed palacoclimate using five different machineJearning methods based on digital (l‘ leted: .,

leaf physiognomic data and integrated the predictions by averaging. Hais et al, (2015) predicted the Pleistocene biota ‘ CDeIeted:

distributions in palaeoclimate using machine learning. Huang et al, (2020) used one series of palaeoclimate sequences to ‘ CDeIeted: >

predict the climate in another period. These studies show that machine learning has strong versatility and effectiveness, and ‘CDeIeted: =
(Deleted: should

Machine-Jearning approaches are,not based upon,any biological assumptions, which may weaken their performance relative Cl‘ leted: However, machine

to mathematically simpler classical approaches that do. For instance, weighted averaging (WA) approaches are based upon the CDeIeted: do

simple but realistic, assumption that taxa have a unimodal response to the environmental variable of interest (ter Braak and By, CDeIeted: make

Barendregt, 1986). The absence of any such prior understanding is likely to place additional demands on the minimum adequate ™ - k%z::::::z ?::)]inaﬁve

size of a modern training set. Moreover, it may weaken the ability of machine learning to operate under extrapolation, critically
important when applying any reconstruction approach to past taxon assemblages that lack modern analogues. To address these
questions, we have developed the Multi Ensemble Machine Learning Model (MEMLM) to apply in a systematic comparison

with classical WA reconstruction approaches.
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The benefit of machine learning lies in its robust,data mining and information extraction capabilities, especially when applied

to large data-sets. Data mining involves discovering patterns, trends, and correlations hidden within extensive data-sets.

Information extraction, on the other hand, focuses on extracting insights from unstructured data, typically relying on Natural

Language Processing and encoding techniques to understand and analyse semantic information embedded within unstructured

is that it has strong
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data,An associated problem,is that when a sample size is limited, machine learning is more likely to learn the noise component Cl‘ leted: ability.

and generate prediction errors due to over-fitting (Yeom et al., 2018; Syam and Kaul, 2021). This suggests that an ensemble (Deleted: » however,

learning method, which integrates models with potentially different biases, may jmprove the prediction performance (Wei et .-~ CDeIeted: reduce over-fitting errors (Legendre etal., 1997) and

al., 2021b). Ensemble learning was developed to address these issues (Zhou, 2012) and, is the motivation for the ensemble .- (Deleted: This
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learning approach we present, namely the Multi Ensemble Machine Learning Model (MEMLM). (D loted: o P————
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We build MEMLM from three different machine learning ensemble models of random forests, extra random trees, and

/ ( Deleted: Similarly, most
lightGBM. We then combine these three models into a single consensus model which we treat as our ‘best” machine-learning (r leted: do not consider different weights for
approach. Classical studies have integrated different ecological approaches by calculating the mean of their predictions (" leted: Tolerance downweighted
(Norberg et al., 2019). An arithmetic mean gives equal weight, to each model, even though the models may have different / (Deleted: ) makes it possible

advantages in different applications (Schulte and Hinckley, 1985; Zhou, 2012). In MEMLM, we weight each model according 7 (Deleted: different

(Deleted: ), while

to its predictive power under cross-validation.
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In MEMLM, we apply both taxon weights and model weights. The

Most, classical models give equal weight to, different taxa, which may reduce their prediction potential and smooth the /
first calculation layer applies three different machine learning
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reconstruction (e.g. Brooks and Birks, 2001; Heiri et al., 2003; Battarbee et al., 2005; Wei et al., 2021a). In, WA-PLS (TWA- / /| | ensemble models of random forests, extra random trees and
L X . . ) N X ;7 1 | lightGBM, trained on modern taxon assemblage and environmental
PLS). tolerance down-weighting can be applied,to assign weights to each taxon in reconstructing the environment that depends ; ; data. In these
upon the breadth of the taxon’s environmental niche (Liu et al., 2020),Bayesian approaches such as BUMPER (Holden et al., ; / | Deleted: The three reconstructions are then integrated into a
/| consensus reconstruction using a weak learning algorithm which
2017) are built on classical assumptions and are highly constrained by taxa with low environmental tolerances, especially when /| weights cach model according to its predictive power under cross-
/ validation.
characterised with high confidence. In machine learning, ensemble models, each taxon has a different predicted contribution / - —
; (" includes encoded

d: information

which is used to weight its contribution to the ensemble. i (,. .

We develop three versions of MEMLM; the standard version which only considers raw taxon abundance data; MEMLMe, ’ (Deleted: includes

which only uses dimensionally reduced (GloVe), assemblage data; and MEMLMec, which uses, both. The motivation for the :(Deleted: (NLP)

more complex versions is to explore whether considering known associations between taxa can improve the <Delemd: GLOVE
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palaeoenvironmental reconstructions. For this, we use the natural language processing nodel GloVe,(Pennington et al., 2014), .
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which calculates the relationships between co-occurring words in the same sentence. GloVg,is a form of dimension reduction .~ - (r leted: GLOVE

which assigns vectors (also called embedding) to each word according to the word connection relationships, so that each (Deleted: the

sentence can be represented as a superposition of the word embeddings within that sentence. In taxon assemblages, there are [ leted: different taxa in different samples based on assemblage
information and

analogous co-occurrence relationships between taxa which we hypothesise convey information on their ecological functioning. (D e
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We therefore use GloVeg to generate gmbedding vectors by considering the frequency of co-occurring taxon pairs across the ;7 - (Deleted: cmbeddings within

training set. We then concatenate, the embedding vectors of,each sample to represent the assemblage. ,

(oata

N AN AN INAANA A

-| Deleted: We apply MEMLM to high quality pollen and diatom
training sets to generate down-core reconstructions. We calculate
training set cross-validation metrics and we quantify the statistical
significance and robustness of the core reconstructions. We compare

o, these performance metrics with those of classical WA approaches to

We apply MEMLM to high quality pollen and diatom training sets to generate down-core reconstructions. We calculate .~ | evaluate whether, and under what circumstances, machine leai(,

2 MATERIALS AND METHODS,

training set cross-validation metrics and we quantify the statistical significance and robustness of the core reconstructions. We " (Formatted: Font colour: Auto
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compare these performance metrics with those of classical WA approaches to evaluate whether, and under what circumstances,

machine-Jearning approaches might be able to outperform classical WA-based reconstruction approaches. g (r leted
2.1. MEMLM
MEMLM combines a series of modules (Figure 1). In this section, we introduce the functions of each module and the data - (Formatted: Font: 9 pt, Bold

processing approach. There are three model variants (MEMLM, MEMLMe, and MEMLMc), each of which takes different ) CFormatted: Font: 10 pt, Not Bold

inputs (Figure 1), which is the only difference in their construction. The scientific motivation for the three variants is to explore '(Formatted: Font: 9 pt, Bold

i) whether machine learning decision trees can extract all useful information (MEMLM), or, if not, ii) whether GloVe can CFormatted: Font: 10 pt, Not Bold
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improve this (MEMLMec) and iii) whether GloVe alone is sufficient to encode assemblage data (MEMLMe). Each variant is
built using the same three machine-learning approaches (random forests, extra random trees, and lightGBM), which are

combined into a single consensus reconstruction model for each, e (r leted: routes. )
Data Taxon Encode Assemblage Assemblage Taxon ;
: — i i / Taxon E
processing Abundance Embedding  embedding + Abundance Data
Matrix GloVe Matrix Matrix Matrix ; processing Abklﬂnc:e'\nce (
atrix
[ ! !
MEMLM MEMLMe MEMLMc l
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Input
Raw num : Sample num Raw num: Sample num Raw num: Sample num MEMLM
Col num: Taxon size Col num::Embedding dim Col num: Taxon num + Embedding dim i C
1l | Input

‘ ' L

Raw num : Sample num

Layer one - ERT LightGBM : Col num: Taxon size

' | |

Figure 1: Multi Ensemble Machine Learning Model (MEMLM) model framework. MEMLM has a modular building block

architecture so that components can be easily changed. Raw num and Col num are the number of rows and columns in the input L ayer two

matrix; dim is the number of dimensions.
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2.1.1. First layer

The input data comprise environmental data together with either the taxon abundance matrix, the assemblage embedding
matrix, or both matrices (see section 2.2.3 for a description of the embedding algorithm to develop the assemblage matrix).

We apply three ensemble machineJearning models to derive the mapping between taxon composition information and

environmental factors:

(1) Random forests (RF) is an ensemble machinejlearning model composed of multiple decision trees. The overall model

framework is determined based on the predictive power of each decision tree applied to the training data-set under
bootstrapping. Individual decision trees with better predictive performance are allocated higher weights, and the ‘forest’
integrates the weighted result from each tree (Liaw and Wiener, 2002).

(2) Extra Random Tree (ERT) is similar to RF, except that it uses the entire data-set rather than a bootstrapped subset (Geurts

et al., 2006).
(3) LightGBM is based on the Gradient Boosting Decision Tree. This also integrates decision trees, but LightGBM differs by
applying ‘gradient boosting’ to add new trees, building each new model on the residuals of the previous model to improve the

prediction. It has the ability to merge sparse datassets to increase computational efficiency (Friedman, 2001; Ke et al., 2017).

2.1.2 Second layer (consensus reconstruction)

It is possible to improve prediction performance by integrating the prediction of multiple models into a consensus

reconstruction (Yeom et al., 2018; Syam and Kaul, 2021). Averaging is widely used to integrate the output prediction of

(Deleted: 2017

multiple models. However, the integration weight of each model is the same under averaging. MEMLM applies multiple linear
regression to allocate an integration weight to each model rather than attaching each model with the same weight. The
consensus reconstruction is derived as follows. First, the three upstream models are applied to reconstruct the training data-set
under five-fold cross-validation. We then build a multiple linear regression model to fit the reconstructed values to the actual
value in the training set. This approach is designed to avoid the risk of over-fitting while reducing the impact of low-
performance models on the consensus reconstruction. Exploratory analysis applied to the NIMBIOS data-set, building models
for each of 18 environment attributes, demonstrated that the multiple linear regression approach reduced the root mean square,
error of prediction (RMSEP) relative to the individual reconstructions by an average of 8% (Table Al). A consensus
reconstruction based on the mean of the three ensemble approaches also improved predictive power but reduced the cross-

validated RMSEP errors relative to the individual reconstructions by an average of 5%. We note that while the stacking

approach reduces RMSEP by typically 8%, we show in Section 3.1 and Table 1 that such improvements are modest relative

to the improvements from the machine learning itself. Weights of the linear models of MEMLM, MEMLMe, and MEMLMc

based on the three training sets are provided in Table A2.
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2.1.3 Embedding

The GloVe,algorithm (Pennington et al., 2014) is a very widely used linguistic dimensional reduction approach. It uses co-

.

occurrences of words in phrases to characterise numerically their meaning. In formal terms, GloVe is a row-column bilinear

model of the form 7; + ¢, + R; X C;, least-squared fitted to the log-transformed co-occurrence matrix derived from the primary

data. GloVe is thereby very close to unconstrained ordination models used in ecology except for the transformation to co-

occurrences (ter Braak, 1988, ter Braak and te Beest, 2022).

In GloVe, words, are represented as vectors in high dimensional space, where each dimension captures an aspect of meaning

GLOVE

so that in this space words that have similar meanings are located near to each other. To illustrate, in word vector space, we
would expect the difference vectors queen — king and girl — boy to be similar, as they both reflect only a change of

gender, with other dimensions of meaning (species, age, social status etc) constant. Embedding reduces the dimensionality of

a vocabulary from tens of thousands of words to hundreds of similar meaning dimensions, known as features.

In ecology, co-existence among taxa can reflect characteristics of the environment (Ovaskainen et al., 2017). We hypothesise

Words

.

that taxa within an assemblage have relationships that are analogous to words within a phrase, so that in the feature space of

ecological ‘meaning’ the vectorial representation of a taxon describes its ecological function. We apply GloVg,to ecological

Legendre et al., 1997;

assemblages. Instead of analysing co-occurrences of words within phrases, we analyse co-occurrences of taxa within
assemblages. The objective is to extract ecological information by associating taxa with their ecosystem functioning.

The GloVe, algorithm is fully detailed in Pennington et al. (2014), and here we introduce the underlying philosophy and

GLOVE

(r

illustrate it in the context of ecological functioning. Consider P;; the conditional probability that taxon j appears in the same

assemblage as taxon i:

Pij=P(f|i)=Xij/Xi 1
where X;; is the number of assemblages which contain both taxa i and j, and X; is the number of assemblages containing taxon
i. This probability does not necessarily indicate the strength of the relationship. Consider, for instance, that a high value may

simply reflect that taxon j is common and therefore provides little information about the environment.

To determine associative relationships, GloVe, considers the ratio Py /P; where taxon k is some probe taxon used to

GLOVE

. (Deleted: GLOVE

differentiate the ecological functioning of i and j. If taxon k has a strong association with taxon i but not with taxon j then
Py /P »> 1. However, if all three taxa are either commonly found together or have no relationship (i.e. low but random co-
occurrence) between each other, P, /P]-k~1, indicating that taxon k provides very little information to help distinguish the
ecological functions of i and j. The value of Py, /P can therefore inform us about the direction of difference vector i —j.

GloVe,is trained on assemblages to map taxa onto vectors in feature space, so that the assemblages can be described as linear
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combinations of the features. For application to MEMLMc, the feature matrices are provided together with the raw taxon count

data to provide richer training data for the ensemble learning algorithms.
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We note that while the GloVe algorithm closely resembles unconstrained ordination, GloVe emphasises semantics, seeking

dimensions which convey meaning and which have relatively similar importance. This contrasts with unconstrained ordination.

which focuses on the explanation of variance and dimension ordering. By focusing on semantics, we expect that GloVe will

provide more interpretability than traditional dimensionality reduction methods.

2.2. Assemblage data

For model training purposes we usg, two large pollen data-sets, SMPDSV1 (Harrison, 2019a) and NIMBIOS (Bush et al.,

(oata

2021, and the smaller diatom SWAP data-set (Stevenson et al., 1991). To, demonstrate the palacoenvironment reconstructions

apply
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of each model, we apply i) SWAP to reconstruct lake-water pH from diatoms in a core from The Round Loch of Glenhead

(RLGH) (Allott et al., 1992, Jones et al., 1989), ii) SMPDSV1 to reconstruct mean temperature of the coldest month (MTCO)

from pollen in the Villarquemado core (Harrison, 2019a, Harrison, 2019b), and iii) NIMBIOS to reconstruct the mean annual, -

temperature (MAT) from pollen in the Consuelo (Urrego et al., 2010) and Llaviucu (Steinitz-Kannan et al., 1983, Colinvaux
etal., 1988) cores.

2.2.1. Training data-sets

SWAP: The SWAP training set (Stevenson et al., 1991) was developed as part of an international scientific effort directed at
establishing and understanding the impacts of acid rain on freshwaters. It includes relative abundance data for 277 diatom
taxa from 167 modern samples with clear identification criteria standards (Birks et al., 1990). We apply these data to
reconstruct lake-water pH.

The NIMBIOS data-set (Bush et al. 2020), includes samples from 636 neotropical locations with various habitat types. There
are 533 pollen types (some taxa can only be identified to family level), ranging from soil samples to mud-water interface
samples from lakes. We use it to reconstruct mean annual temperature (MAT).

The SMPDSvI datasset was developed as an environmental calibration data-set to provide training data for palacoclimate
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reconstructions (Harrison, 2019a). SMPDSv1 contains the relative abundancies of the 247 most important pollen taxa in 6458
terrestrial samples from Europe, northern Africa, the Middle East, and Eurasia, compiled from multiple different published

sources. We use it to reconstruct mean temperature of the coldest month (MTCO).

2.2.2. Core data-sets

We apply the SWAP training set to the RLGH and RLGH3 core data-sets. RLGH is a fossil diatom data-set from The Round
Loch of Glenhead, Scotland, taken to explore anthropogenic acidification (Allott et al., 1992). The data-set includes the relative
abundances of 41 diatom taxa in 20 samples which span the industrial era. RLGH3 was sampled to explore natural acidification
driven by weathering and soil development during the Holocene (Jones et al., 1989). This data-set includes abundances for

225 diatom taxa in 101 samples.
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We apply the NIMBIOS training set to the Consuelo and Llaviucu core data-sets. The core from Lake Consuelo, Bolivia, is an
8.8 m sediment sequence, which records the long-term evolution of cloud forest in response to environmental changes over

the last 46,300 years (Urrego et al., 2010). ,Lake Llaviucu is a temperature-sensitive lake in the Ecuadorian Andes (Steinitz-

Kannan et al., 1983; Colinvaux et al., 1988). It lies behind a moraine in the system dated by Clapperton (1987) within the last
glaciation (35,000 yr B.P.). At nearly 37 degrees S latitude, the lake is perched on the eastern face of the Cordillera Occidental
and has been lifted 2,200 m since deglaciation, It shows the possibility of significant cooling of tropical latitude rain-forest

near San Juan Bosco (Colinvaux et al., 1997).

We apply the SMPDSVI training set to the Villarquemado core data-set (Harrison 2019, Wei et al 2021a), a pollen record from

the western Mediterranean Basin spanning the interval from the last part of MIS-6 to the late Holocene. The fossil pollen data

the glacial age.

We  priginally

were assigned to the subset of pollen taxa recognised,in the modern SMPDSv1 data-set. There are 104 taxa represented in the (l‘ leted: recognized

final taxon list based on the 361 core samples.

2.3. Model parameters, performance, and validation metrics (l‘ leted: Performance

2.3.1. Model parameters

We build the GloVe model using, the PyTorch deep learning frame (Paszke et al., 2019), which provides a set of tools and Cl‘ leted: GLOVE

interfaces to implement, train, and deploy deep-learning models.In embedding training, we set the number of epochs (training CDeIeted: under

loops) to 1.000,and the number of embedding dimensions to 256. For the first layer, we build an ensemble of 1,000, decision [g:;:::::”fm efficient matrix computation and error gradient

trees number with parallel computing. MEMLM has an external interface so that these parameters can be easily changed for ).

any thirdparty application. \ 1000
developed the  GloVe, analysis using the  pre-packaged software  ‘glove-python’ . (Deleted: 1000

[https://github.com/maciejkula/glove-python] but subsequently re-wrote the GloVe, algorithm from first principles. Cross- ;(Deleted:

validation and down-core reconstructions from the two algorithms were not materially different and so the statistical ‘ 1 %z:::::: :::::: il

significance testing, which is highly expensive computationally, requiring one month of parallel computing, was not repeated. ‘CDeIeted: we
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2.3.2. The prediction importance indicator for taxon weighting

The MEMLM models are ensembles based on the results of multiple decision trees. Each time a decision tree forks, the
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algorithm explores different ways, to integrate each taxon’s abundance jo increase, predictive power. The algorithm works

through an internal cross-validation analysis to determine whether each predictor reduces the prediction errors in each decision

tree, and then summarises, the results across all decision trees. The approach ascribes an importance index to each taxon which

is normalised to a total of 1 across all taxa and provides a measure of that taxon’s predictive power. The ten most important

taxa for each of the three machine-learning models,are listed,in Table A3, These are used in the inference of taxon importance _
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2.3.3. Uncertainty quantification

Uncertainty quantification is provided for all machine-learning reconstructions using IBM's UQ360 package. We apply the

Infinitesimal Jackknife, which performs a first-order Taylor series expansion around the maximum likelihood estimate to

provide 25% and 75% confidence intervals of the prediction (IBM, 2024)

2.3.4. Cross-validation

The predictive powers of the MEMLM variants are compared with classical WA models (ter Braak and Barendregt, 1986) and
WA-PLS (ter Braak and Juggins, 1993). We take RMSEP, regression slope, and R? score as performance evaluation indicators,

using the scikit-learn package (Pedregosa et al., 2011). We use five-fold crosssyvalidation. We perform each cross-validation

five times with random shuffling allowing us to provide mean estimates for all validation metrics along with their standard

deviations, which we provide for RMSEP. We note that spatial correlation and pseudo-replication within a training set can

lead to overstated cross-validated performance statistics. These problems can be minimised by, for instance, removing sites

that are geographically and climatically close (Liu et al., 2020). However, we include all training-set sites in cross-validation.

noting that our objective is to compare the relative performances of different approaches applied to the same training sets,
For evaluation of the classical models we use the rioja package in R (Juggins, 2017) with default settings. As WA-PLS
performance is sensitive to the number of components; we accept a higher PLS component only if it exhibits a 5% improvement

in RMSEP on the previous component (Birks, 1998) and we present results for the higher,component.
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2.3.5, Statistical significance of reconstructions

While cross-validation is a useful measure of predictive power,which implicitly guards againstover-fitting (Yates at al.,2023),

(el

it is likely to over-estimate predictive power in practice as fossil assemblages may lie outside the high dimensional space of
the modern training assemblages, for instance by lacking close modern analogues. Telford and Birks (2011) developed an
easily applied method for testing the robustness of a reconstruction of a specific site. The approach is to create an ensemble of
transfer functions using the same biological assemblage as the training set, but with randomised values of the environmental
variable. If the reconstructed variable is found to explain more of the variance than 95% of the random reconstructions, then

the reconstruction is deemed to be statistically significant. We apply this approach with the palacoSig package in R (Telford

B
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and Trachsel, 2015) to all core reconstructions as an indicator of their robustness.

2.4. Computing hardware

In this study, the computing CPU is Intel Core i7-4710MQ; the model is supported by the scikit-learn package (Pedregosa et

al., 2011). a powerful machine learning Python package which incorporates the most widely used machine-learning algorithms

and related data processing and validation functions, MEMLM supports parallel computing: with more CPU cores, the

(os

d: 2012).
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computing time will decrease significantly. The computational time taken for five-fold cross-validation of the MEMLMc
model is 138 seconds (SWAP), 406 seconds (NIMBIOS), and 2834 seconds (SMPDsV1).

(Formatted: Font colour: Black

3. RESULTS y - CFormatted: Font colour: Auto
(Formatted: Font colour: Black
3.1. Cross-validation CDeIeted: five

(Deleted: See
(Deleted: WA-PLS was

,(Deleted: was
validation data are the means of five separate cross-validation exercises, which are also used to provide a percentage error (.. ey

Table 1 compares the cross-validated RMSEP for the three training sets and the six,reconstruction approaches (see, Figure A1l

for regression visualization of predicted values against observed values). Regression slope and R? score are also provided. All

reduced

estimate for RMSEP (in brackets). WA-PLS is found to be the best performing classical approach in all three training sets as -
evaluated by RMSEP, but in each case it is, outperformed by MEMLM, which reduces, RMSEP by 6% (SWAP, 167 training -

samples, 277 taxa), 22% (NIMBIOS, 636 training samples, 533 taxa),and 50% (SMPDSvI, 6548 samples, 257 taxa). The - 7y (Deleted: power
. (Deleted: is evident

) ,(Deleted: GLOVE

(Deleted: )
y (" leted: additional

benefits of machine-Jearning approaches clearly increase, with increasing training-set size,

MEMLMe is trained only on embedded assemblage data from GloVe, The approach does not work well for the SWAP training

,,(Deleted: under- performs relative to

set, but it significantly improves upon WA approaches when using the larger NIMBIOS and SMPDVsl training sets, (Deleted: and MEMLMc,
suggesting that when the training set is large enough, embedding is able to extract most of the predictive power of the f (Deleted: does indeed
assemblages. However, MEMLMe is consistently the worst performing, MEMLM variant (albeit generally better than the WA (l‘ leted: We

approaches)., and so we do not use it in the reconstructions. / (Deleted: progressively increasing

(Deleted: dimension applied
; ,(Deleted: an

’(Deleted: MAT using

not applying the approach under significant dimensional reduction. To explore this, we, applied a range of embedding ; ‘(,- leted: Alb
dimensions, to thee MEMLMe model of the richest data-set, being, the 533-taxon NIMBIOS data-set (Figure A2a). This i ,(l‘ leted: only about

sensitivity demonstrates that 30 dimensions are sufficient, for MEMLMe to outperform WA-PLS (RMSEP 2.914°C) in this .- g CDeIeted: -
- (Deleted: required

We performed additional cross-validation tests on MEMLMe to confirm that the embedding approach can, encode useful -

information, noting that with an embedding dimension of 256 (comparable to the number of taxa in the training sets) we are

training set, Figure A2b illustrates the learning power of increased training, with RMSEP increasing, by around 0.4°C as the

Del d: ), so that that di ion reduction by more than an order
number of training epochs is reduced, from the 1,000 we used to 40, k of itude retains sufficient information to build a useful model.
N Increasing the embedding dimension towards 256 unsurprisingly
progressively improves RMSEP further by encoding additional
assemblage information.

(Deleted:decreasing
:'CDeIeted: increased
\ (Deleted: to 1000

MEMLMCc uses both the taxon abundance and the embedding matrices. These additional data do not significantly affect the

predictive performance relative to MEMLM under crosssvalidation, suggesting that conventional ensemble machinejlearning ;

approaches are sufficient to encode adequately the assemblage information in training sets comprising a few hundred taxa. -

However, we retain this model for down-core reconstructions to explore whether the addition of embedding information can

N N AAAANAAAAAA L AN AN AANAAA AN AN NN AN

affect reconstructions in a way that is not captured by RMSEP. ‘(Deleted: -
» (Deleted:
:CDeIeted:
(Formatted: Font colour: Black
N PR [Formatted: Centred, Indent: First line: 0.74 cm, Space
Before: 0.5 line, After: 0.5 line

10



490

495

500

,(Deleted: Cla

§ CFormatted G [5]}
. N MEMLM MEMLMe MEMLMc = WA-ly  WA-cla,  WA-PLS(best), < . (r leted: Inv )
CFormatted (ﬁ
RMSEP (Deteted )
SWAP pH 0.2003.7%),  0.3313.1%)  0.296 (2.8%) 0.208 021 0.308 (1.1%) A} CFormatted - [7]
B e (Deleted: q )
NIMBIOS MAT/°C 2.254(1.6%)y  2.221(12%)  2.094 (14%) 3 LG 3381 2.923 (0.6%) (Formatted ... [8]
[CRLTE S ‘(Formatted (ﬁ
SMPDSv1 MTCO/°C 2,353 (05%),  2.779(0.9%)  2.478 (0.6%) 3310 6612 4.979 (0.2%) (Formatted ... [3]
WLty Wik (Formatted (.14 3
wlopg b (Formatted (.19 )
SWAP pH P934 1003 £9%9, 1028 0.899 Loy || (Formatted Ceio])
i (Formatted Table (.. [11]}
NIMBIOS MAT/.°C 0.996, 0.998, 0.999, 1005 0.750, 0.996, < (Formatted (ﬁ
SMPDSVI MTCO/°C 0.997 0997 0,997 1,000 0.629 0.9% (Formatted 0]
RZ score (Formatted (.. [14] }
SWAP H 0.858 0815 0852 0.840 0831 0.840  (Formatted CoTisD
NIMBIOS MAT/°C 0.856 0.860 0.876 0714 0.635 0.758 (Formatted (ﬁ
SMPDSv1 MTCO/°C 0.926, 0.89% 0.918, 0.624, 0.407% 0.67 < (F""“atted [17]

MAT mean annual temperature; MTCO mean temperature of the coldest month

A

Table 1. Cross-validated root mean square error of prediction (RMSEP), regression slope, and R? score for the three training

sets. All data are the means of five cross-validation exercises, which are also used to provide uncertainty estimates for RMSEP

(percentage error for RMSEP in brackets). MEMLM uses the abundance matrix. MEMLMe uses the assemblage embedding

matrix. MEMLMc uses the spliced abundance and embedding matrices. WA-Cla is weighted averaging with a classical

deshrinking regression, WA-Inv is weighted averaging with an inverse deshrinking regession (Birks et al., 1990). WA-PLS is
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3.2.1. pH reconstructions from RLGH using the SWAP training set

A reconstruction is considered significant when that reconstruction explains more of the variance than 95% of 1.000, CDeIeted: 1000
randomised reconstructions, based on,the same training assemblage but with randomised, environmental values, (l‘ leted: which apply
‘ (Deleted: randomized
CDeIeted: characteristics

MEMLM and WA-PLS1 show similar trends of acidification, with pH declining from around 5.2 at about 1870 to around 4.8

at about 1980 (see Figure 2) MEMLMc shows a similar trend but with reduced,acidification relative to the other approaches.
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All three reconstructions are statistically significant, and with high explained variance, though WA-PLS1 explains more
variance (58%) than MEMLM (46%) or MEMLMc (52%.). The variance explained by the first principal component of the

fossil core assemblages is 62%, indicating that the reconstructed pH explains most of the dominant part of the variance in the

‘ CDeIeted:

understates the degree of

NN

fossil diatom assemblages. , (l‘ leted: (Figure 2).
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Figure 2: a) pH reconstruction for the RLGH core. b, ¢ & d) statistical significance of MEMLM, MEMLMc, and WA-PLS1
reconstructions, respectively. MEMLM uncertainties are calculated using IBM UQ360 (section 2.3.3). These compare with cross- 1 3 il
validated RMSEP errors of 0.292 (MEMLM), 0.294 (MEMLMCc), and 0.308 (WA-PLS1) pH units. 2 : g &
5 K
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3.2.2. pH reconstruction from RLGH3 using SWAP g : I
All three methods provide reconstructions that show similar trends of lake-water pH, with gradual acidification in the early ‘
record from around 5.6 to 5.2 pH, attributed to the development of organic soils (Jones et al., 1989) and then a rapid post- t
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industrial acidification from around 5.2. to 4.8 pH. The three reconstructions also exhibit similar variability, previously
attributed to loss of tree cover and peat erosion (Jones et al., 1989), further suggesting reconstruction robustness. Moreover,
all three reconstructions are statistically significant, explaining between 23% and 27% of the core variance, which compares

to 32% variance explained by the first principal component of the fossil assemblages (Figure 3).
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Figure 3: a) pH reconstruction for the RLGH3 core. b, ¢ & d) statistical significance of MEMLM, MEMLMc, and WA-PLS1

reconstructions, respectively. MEMLM uncertainties are calculated using IBM UQ360 (section 2.3.3). These compare with cross-
validated RMSEP errors of 0.292 (MEMLM), 0.294 (MEMLMoc), and 0.308 (WA-PLS1) pH units.

3.2.3. MAT reconstruction from Consuelo using the NIMBIOS training set

All three methods display similar trends, most notably reconstructing about a 4°C warming from the Last Glacial Maximum
at 21,000 BP to the start of the Holocene at 11,000 BP. The MEMLM approaches are more variable in general, although

variability is largely synchronous between the three reconstruction approaches and may be associated with Dansgaard-

13




|635 Oeschger (D/O) events (Bond et al., 1993; Blunierand Brook, 2001). At 8000 BP, WA-PLS2 displays a 10°C cooling excursion . Cl‘ leted: .
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which is not apparent in the MEMLM reconstructions. Although a cooling event at 8.2ka is well known, the cooling h (Delemj: &

| reconstructed by WA-PLS2 cooling seems, excessive. All three methods are statistically significant and explain core . (l‘ leted: is )

assemblage variance of between 27% and 29%, compared to 32% explained by the first principal component (Figure 4).

—— MEMLM
—=— MEMLMc
WA-PLS2

5000 10000 15000 20000 25000 30000 35000 40000 45000
Age (cal yr BP)

(b) MEMLM (c) MEMLMc _ (d) WA-PLS2

200

p=0.05
MAT
PC1

p =005

MAT
PC1
p =005
MAT
PC1

Frequency
Freq:
Freq:

MAT (°C)
»

03 00 01 02 03

Proportion variance explained 14

640

Figure 4: a) MAT reconstruction for the Consuelo core. b, ¢ & d) statistical significance of MEMLM, MEMLMc, and WA.PLS2
reconstructions, respectively. MEMLM uncertainties are calculated using IBM UQ360 (section 2.3.3). These compare with cross-
validated RMSEP errors of 2.254 (MEMLM), 2.094 (MEMLMc), and 4.979 (WA-PLS2) °C.
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3.2.4. MAT reconstruction from Llaviucu by the NIMBIOS training set 200-

300~

0.05

M,

645 All three methods display similar overall trends with mid-Holocene warming, but each display different centennial variability,

[

which for the MEMLMc reconstruction is clearly unrealistic for the Holocene, with temperature excursions as large as 8°C.

Neither of the MEMLM approaches are statistically significant at the 95% confidence level, so neither can be accepted as s0-

robust. The WA-PLS2 reconstruction is statistically significant, although it only explains 13% of the core assemblage variance o : E o o-

compared to the 28% explained by the first principal component of the core data (Figure 5).
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Figure 5: a) MAT reconstruction for the Llaviucu core. b, ¢ & d) statistical significance of MEMLM, MEMLMc, and WA-PLS2
reconstructions, respectively,. MEMLM uncertainties are calculated using IBM UQ360 (section 2.3.3). These compare with cross-

validated RMSEP errors of 2.254 (MEMLM), 2.094 (MEMLMLCc), and 4.979 (WA-PLS2) °C.

3.2.6. Reconstruction for core Villarquemado using the SMPDSV1 training set

All three approaches generate noisy reconstructions with high variability that is incoherent, It is difficult to discern any

meaningful trends. None of the reconstructions, including WA-PLS2, are statistically significant. The low (17%) variance

associated with the first principal component suggests that the fossil assemblages are responding to multiple environmental

factors with responses that are too complex to be captured by a single explanatory environmental variable (Figure 6).
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Figure 6: a) MTCO reconstruction for the Villarquemado core. b, ¢ & d) statistical significance of MEMLM, MEMLMc, and WA-
PLS2 reconstructions, respectively. MEMLM uncertainties are calculated using IBM UQ360 (section 2.3.3). These compare with

cross-validated RMSEP errors of 2.353 (MEMLM), 2.434 (MEMLMoc), and 2.923 (WA-PLS2) °C.

4 .Discussion and concl

We have developed three variants of a multi-model ensemble machines]earning algorithm, MEMLM. These each train three

separate ensemble machine-Jearning algorithms (random forests, extremely random trees and lightGBM) and combine them

into a consensus reconstruction using yultiple regression. The three approaches only differ in their input data. The simpler
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MEMLM takes only taxon abundance data. MEMLMe, built only upon the GloVe, embedding matrix, does not perform as
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well as MEMLM. However, MEMLMe was found to be a useful reconstruction model, at least when applied to the larger '
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understanding and interpretability.
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The additional complexity of MEMLMec, which uses both taxon count and embedding, did not significantly affect the

predictive performance relative to MEMLM under cross-validation, suggesting that conventional ensemble machineslearning

(Deleted

approaches are sufficient to encode adequately ecological information in the relatively small data-sets used in these

palaeoclimate reconstructions. We note that the real power of embedding (dimension reduction) approaches js likely to be in

.

their applications to much larger data-sets, when ecological relationships between 10,000, of taxa and their environment are

(os

being considered.

We have focussed only on a comparison with weighted averaging approaches, which are the most widely used reconstruction

technique, being simple to apply, well understood, and straightforward to interpret. The MEMLM approaches are, found to

NN

in ecology
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perform better than classical weighted averaging approaches under crosssyalidation. In the case of the smallest SWAP data-
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set the advantages are,modest, but in the largest SMPDSV1 data-set RMSEP errors are,reduced by a factor of two relative to

the best performing classical WA approach. These improvements in performance clearly validate the potential benefits of

strong dataymining abilities of machine learning, suggesting these techniques have the potential to improve upon classical

 (Deleted

were

’ (Deleted:

were

(pats

reconstruction approaches.

When applied to core reconstructions, MEMLM approaches generate considerably more variability than the WA-PLS

o CDeIeted:

to create a more complete description of a data-set

(ot

reconstructions. While some elements of this additional variability might be realistic, especially considering that WA-PLS

were found to
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approaches are known to bias reconstructions towards the centre of their training data (Liu et al., 2020), the variability is,not CDeIeted: was
always coherent between different reconstruction approaches and the magnitude of MEMLM variability is, in some cases - Cl‘ leted: found to be
implausibly high, for example by suggesting Holocene variability of up to 8°C in the Ecuadorian Llaviucu core. (Deleted: was
We performed significance testing on all core reconstructions and find, that five of the fifteen reconstructions are, not CI‘ leted: found
statistically significant and therefore are not considered robust. encode Both MEMLM and MEMLMc approaches fail,on the ' CDeIeted: were
Llavuicu core, confirming our suspicion that the unrealistic variability is, an artefact even though the overall trends of the ) CDeIeted: should
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reconstruction are,consistent with the robust WA-PLS2 reconstruction. All three approaches fail, the statistical robustness test

at Villarquemado, which is sensitive to multiple environmental factors and has responses which appear too complex to be i

captured by a single explanatory variable.

The shapes of the histograms of the proportion of variance explained in the RLGH and RLGH3 pH reconstructions based on

diatom data and randomised modern SWAP training pH values in the significance testing are very different for WA-PLS1 and

for MEMLM and MEMLMc (Figs. 2, 3). Such differences contrast with the more consistent histogram shape for the

significance-test results for the other sequences where the reconstructions are based on pollen data (Figs. 4-6). Machine-

learning approaches generally fail badly when trained with randomised environmental data as the histograms are left-skewed

and explain little down-core variance (Figs. 2-6). In contrast, the WA-PLS1 pH reconstructions (Figs. 2, 3) based on diatom

data explain a substantial amount of the down-core variance even when the modern pH data are randomised (Figs. 2, 3). This

may result from the short and dominant environmental gradient in the SWAP diatom—pH training data and the high inherent

correlation and dominance of a relatively few abundant taxa within the modern and fossil diatom data. The pollen training

data, however, used for the MAT or MTCO reconstructions of the other sequences (Figs. 4-6) are large (638 and 6.458
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samples) and hence cover longer and more complex environmental gradients than the pH training data (167 samples). It is also

likely that the pollen data, both modern and fossil, are influenced by multiple environmental factors, not only MAT or MTCO.

In summary, while MEMLM can generate useful reconstructions, it should always be used in conjunction with statistical

significance testing to confirm that, the reconstructions are robust and potentially realistic and reliable. The additional Cl‘ leted: ensure
complexities of incorporating embedding jnformation i MEMLMc does,not reduce RMSEP or spurious variability and neither (l‘ leted: providing blag

) CDeIeted: to

does, it improve statistical significance. However, MEMLMe demonstrates, that embedding is useful as it can summarise "

ecological assemblages using significantly fewer dimensions. Its benefits may be clearer,in applications withymuch larger data-

sets and in applications beyond palacoenvironmental reconstructions. The poor performance of MEMLM in some
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reconstructions may be due to extrapolation due to poor or no analogue fossil assemblages. Allynodels are,applied under the

“C" leted: felt more clearly

same extrapolation. The, WA-PLS2 reconstructions exhibit higher statistical significance,than MEMLM, although WA-PLS2 ¥

also fails to generate robust reconstructions at Villarquemado. We infer that that the use of simpler WA models, which include

:(r leted: ©

a major biological assumption (unimodal environmental response) can be more powerful than the use of brute-force learning,
despite reductions in RMSEP. We reiterate our recommendation that all reconstructions using any approach, should be
accompanied with statistical significance testing. Seemingly useful models may fail when applied under extrapolation or when

the assemblage variance is only weakly dependent on the reconstructed environmental variable.
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880 Table A2;, Weights of the linear models in MEMLM, MEMLMe, and MEMLMc for the three training sets.

. MEMLM i MEMLMe _ i MEMLMc

Weights ~ RF ERT  lightGBM RF ERT  lightGBM RF ERT  lightGBM
NIMBIOS  -0.263 0.934  0.393 -0.793 1474 0.409 -0.713 1263  0.533
SMPDSvI -0.106 0721 0431 -0.705 1180  0.560 0340 0598 0773

RF — random forest; ERT — extra random tree; lightGBM — a gradient boosting decision tree
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Table A3: The weights of the,10 most important taxa for the envir

tal reconstructions in the SWAP, NIMBIOS and SMPDSv1

training sets sorted by the random forests results. Diatom taxon codes follow Stevenson et al. (1991)
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