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Abstract. Quantitative local paleoclimate reconstructions are an important tool for gaining insights into the climate history
of the Earth. The complex age—sediment—depth and proxy—climate relationships must be described in an appropriate way.
Bayesian hierarchical models are a promising method for describing such structures.

In this study, we present a new age—depth transformation in a Bayesian formulation by determining the uncertainty infor-
mation of depths in lake sediments at a given age. This enables data-driven smoothing of past periods, which allows for better

interpretation.
Furthermere;—~we-We introduce a systematic, machine learning based way to establish transfer-funetions-that-map-climate

vartablesto-btome-distributions-probabilistic transfer functions which connect spatial distributions of temperature and precipitation

to the spatial presence of specific biomes. This includes consideration of various machine learning algorithms for solving the
classification problem of biome presence and absence, taking into account uncertainties in the proxy—climate relationship.
For the models and biome distributions used, a simple feedforward neural network winsprovides the optimal choice of the
classification problem.

Based on this, we formulate a new Bayesian hierarchical model that generates local paleoclimate reconstructions. This is
applied to plant-based proxy data from the lake sediment of Lake Kinneret. Here, a priori information on the recent climate in
this region and data on arboreal pollen from this lake are used as boundary conditions. To solve this model, we use Markov
chain Monte Carlo sampling methods. During the inference process, our new method generates taxa weights and biome climate
ranges. The former shows that less weight needs to be given to Olea europaea to ensure the influence of the other taxa. In
contrast, the highest weights are found in Quercus calliprinos and Amaranthaceae, resulting in appropriate flexibility under the
given boundary conditions. In terms of climate ranges, the posterior probability of the Mediterranean biome reveals the greatest
change, with an average boreal winter (December—February) temperature of 10 °C and an annual precipitation of 700 mm for
Lake Kinneret during the Holocene. The paleoclimate reconstruction for this period shows comparatively low precipitation of

about 400 mm during 9-7 and 4-2 cal ka BP. The respective temperature fluctuate much less and stays around 10 °C.
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1 Introduction

Local paleoclimate reconstructions reveal information of the climatic history of relatively small regions. In the last few decades,
a lot of reconstructions were published, which showed the advantages and disadvantages of the respective methodologies. One
promising way is the idea of the indicator species approach, which is the basic of the model used in this study. Here, plant
distribution maps are linked to recent climate data to define a climate range where the corresponding taxon occurs. Finally,
when considering multiple taxa, these climatic ranges can be combined to determine the mutual climatic range (MCR).

We follow the idea of Kiihl et al. (2002), who developed a probabilistic interpretation of MCR. This addresses the problem of
overfitting by calculating uncertainty ranges for each taxon. These were initially based on two- or three-dimensional Gaussian
probability density functions (PDFs), which is why this is called the PDF method. This basic concept was extended and applied
for both local and spatial climate reconstructions. For example, Kiihl and Litt (2003) calculated January and July temperatures
for three sites in Central Europe during the last-InterglacialperiodLast Interglacial. Subsequently, spatial reconstructions of
Europe were performed in Gebhardt et al. (2008) for the Eemian, in Simonis et al. (2012) for the late-Late Glacial and Holocene,
and in Weitzel et al. (2019) for the mid-Holoeene-Mid-Holocene (MH). Over time, more complex machine learning methods
such as the Generalized Linear Model and Quadratic Discriminant Analysis (QDA) are used to determine the transfer functions
(e.g. Litt et al., 2012; Weitzel et al., 2019). Scholzel (2006) describes the PDF method in the context of a Bayesian hierarchical
model (BHM) and calls it Bayesian Indicator Taxa Model (BITM). This has the advantage that additional prior information can
regulate the transfer functions and thus the entire climate reconstruction. Among others, the BITM was applied in Neumann
et al. (2007) for Birkat Ram in Israel and in Thoma (2017) for Lake Prespa in Greece.

The basic of the climate reconstruction used in this work is first presented by Scholzel (2006). This is another BHM, the so-
called Bayesian Biome Model (BBM). In this process, certain plant taxa are assigned to different biomes. These are groups of
taxa that have similar vegetation zones under comparable climatic conditions (Prentice et al., 1992). One advantage of the BBM
is that no recent distribution maps for every plant occurring in the core is needed, but only for the biomes used. Applications
of this model can be found in Scholzel (2006), Litt et al. (2012), and Stolzenberger (2017) for the Dead Sea. Fheoma(2047H-

A first application of climate reconstructions to data from Lake Kinneret is shown in the work by Thoma (2017). He used the

time series information of the two major biomes which can be deduced from the LK core. The resulting BBM based paleo
climate reconstruction did show too little variability ' iomes-in temperature and

roach (Mediterranean, Irano-Turanian, Saharo-Arabian) as basis

recipitation suggesting that at least a three biome model a

for the BBM should be used. For numerical reasons a virtual or undefined biome will be introduced. The BBM also allows
reconstructions based on prior climate data. These come, for example, from other studies that suggest possible climate ranges
for the reconstruction site and period (Scholzel, 2006). Once set, they cannot be adjusted during the reconstruction process.

Although the above-mentioned methods for reconstructing the local climate are already quite well elaborated, they still have

some-disadvantages:need more modifications and improvements which can be summarized to four points
1. full-age-uncertainties-arenottakeninte-aceount-Quantitative inclusion of age uncertaint
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be-set-Evaluating effects of potential human impacts upon the climate reconstruction
Treating in a flexible way the spatial

plant-and-elimate-data—Including on the prior level user-defined (potentially subjective) decisions with respect to
taxa selection, transfer function parameter values and a choice of model structure

The-

The need for the last point is due to the model-assumption-that-the-relationship-assumption that relationships between recent
climate and plant distribution has not changed during the reconstruction period. A central message of our approach is that
the whole chain of modifications according to points (1) to (4) is based on Bayesian statistical methods together with its
numerical implementation. This provides a clear advantage over past attempts which have mostly seen single layers of the

methods described below. As one of the reviewers commented this will "automate some ad hoc decisions in the interests of

reproducibility and ease of use and raise the quality of reconstructions”.

summarized-above—The-This traceability of the proposed method for calculating quantitative paleoclimate reconstructions

results from the increased automation and the Bayesian statistical modelling rather than from additional assumptions. This

provide-new-The Bayesian approach does not only reconstruct a climate variable like temperature or precipitation but attempts
to model full joint probability density of the climate variables given the proxy data at a given age. This stochastic view includes

the most probable climate and its related uncertainty. By this it will provide additional insights into the importance of the
proxies studied and thus extend the knowledge from previous studies. We-wantto-As a worked out example we will apply the

new model to botanical proxy data (pollenaﬂd—maefefeeﬁ%s) from LK. Based-en-multiple prexy-infoermation,-there-are-a-variety

As-A comparison is possible following the results from previous
reconstruction studies of paleoclimate information in the Vlclnlty of LK (Schiebel and Litt, 2018; Miebach et al., 2022; Orland

et al., 2009) -

is—as-foHews:specifically the Dead Sea region (Litt et al.

2012). The latter exhibits certain deficits like biases at recent time

3

slices or extensive variability during Holocene times. The further aim of the present study is to evaluate the potential of those
former mentioned, additional environmental data in the vicinity of LK to enhance similarities and reduce differences between



90

95

100

105

110

115

120

qualitativedata.
The generalapproactfor inclusionjs a Bayesianstatisticshaseddataassimilationof the new environmentaflata(.via.a

of the prior reconstructiorwith the posterioroneandan assessmerf the gainof informationby the assimilationwithout the

The Sea of Galilee occupies the LK basin along the active Dead Sea fatteiteloped by several tectonic processes (Ben-
Avraham et al., 2014Yheregionalmerphologyischaracterized etaceouts-Eocenacarbonatae with-extensiveka

o Boils such as terra rossa and rendzina form the surface cover of the
Galilee Mountains (Dan et al., 1972). Alluvial and lacustrine sediments of Pleistocene to Holocene ages |l the Jordan Valley
north and south of the Sea of Galilee (Sneh et al., 1998).

is typical of northern Israel, as shown by the Koeppen—Geiger classi cation Csa in the climate diagram of LK in Fig. 2 (c). The
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basin of the lake is characterized $#§0 mmmean annual precipitation a2d C mean annual temperature. The surrounding
mountains, however, experiencgnR rates of up to> 900 mmand annual temperatures of less tli&n C. The climate dia-
gram re ects these relatively large variations, which result fromBe 0:5 horizontal resolution of th€limateReseareh
Unit{CRU-data(Harris-et-al;-2020JRU dataset.90 %of the precipitation in the north of Israel comes from so-called Cyprus
lows, that form over the eastern Mediterranean. These mainly occur from October to May, with the heaviest rainfall between
December and March (Ziv et al., 2014).

Furthermore, Fig. 2 (d) shows the biome distributions considered in this work. The colored areas distinguish the following

We can see that the majority of the lake's watershed can be ascribed to the Mediterranean biome, while the southern lakeshort
borders the Irano-Turanian biome (Zohary, 1962). The Mediterranean biome is distributed in areas e80Saaimpf Pany
(cf. Fig. 2 (b)). The climax vegetation is dominated by trees and shrubs. Typical plaf@iareus ithaburensis, Q. boisseri,
Q. calliprinos, Olea europaea, Pistacia lentiscus, Arbutus andrachne, Ceratonia siliqua, Pinus halepedSiarcopoterium
spinosum(Danin, 1988; Zohary, 1982). The Irano-Turanian steppe grows in areas Be@dwmm of Pann (cf. Fig. 2 (b)).
The biome is rich in semi-shrubs, annual herbs, and geophytes. Common tadeanésia herba-alba, Thymelaea hirsute
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Figure 2. The mean December—February temperatuye ifi (2) and annual precipitatiomR\ in (b) based on the current version CRU 4.07
data and the period 1961-1990. The black dot marks the location of LK. A climate diagram of the grid point closest to LK is shown in (c),

ro-Arabianlesert

and various Poaceae and Amaranthaceae (including Chenopodiaceae) (Danin, 1992; Zohafyy
vegetatiortypeoccursin thesoutherrpart,wherethemeanannualprecipitationfalls below100mm. It is avegetatiortypewith
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3 Material and methoddviethods

3.1 Material

The material used in this study originates from lacustrine sediment cores from the central Sea of Galilee. They were recovered
in March 2010 during a drilling campaign within the Collaborative Research Center 806 "Our Way to Europe” funded by the
German Research Foundation (DFG). Two parallel cores (Kil0 | &&B m core recovery and KilO Il witld7:8 m core
recovery) were obtained at a water deptf388 m. Both cores were combined tdl&:8 m composite pro le. Besides 25 cm

varved sequence at the top, the sediment comprises homogeneous grayish-brownish silts and clays (Schiebel and Litt, 2018).

3.2 Palynology

Additional samples were added to the palynological datasets by Schiebel and Litt (2018) and Langgut et al. (2013) to increase
the temporal resolution. The resulting dataset consists of 160 samples with a mean resolLtiomdiVe followed a standard
preparation technique by Faegri and Iversen (1989) to extract pollen from the lake sediment (see Schiebel and Litt (2018) for
more details). At least 500 terrestrial pollen grains were identi ed under a light microscdf@ atmagni cation with the help

(Reille, 1995, 1998, 1999; Beug, 2004). Pollen percentages are based on the terrestrial pollen sum excluding indeterminable
pollen grains and obligate aquatic plants to exclude local taxa growing in the lake (Moore et al., 1991). Pollen zonation was
adapted from Schiebel and Litt (2018).

age and depth. It provides a probabilistic model of the sediment accumulation rate of the core necessary to t#&@ch the

ages at the available depths within the dating uncertainties. We use the Bacon model implemented in R (R Core Team, 2018;

following.

Bacon uses a self-adjusting Markov chain Monte Carlo (MCMC) simulation to calculate the conditional probability distribu-

as we will see in the next section, we are actually interested in the conditional probability ofdegith xed ageA , which
can be derived using the accumulation ratesd applying Bayes' theorem.



Table 1. List of variables.

Variable shortcut  Description

P Probability distribution
Climate: contains moder@,, and pasC, climate information
P Proxy: contains mode, and pasP, proxy information
Ps Selected plant proxy information
PP Proxy pool: explained variances between additional proxiescand
B Biome information
A Age of, e.g. lake sediments
D Depth of, e.g. lake sediments

Contains the following parameters:
Link betweenC andB
! Contains all information about the taxa weights

175 3.3.2 Age-depth transformation

Now we will consider how to use the probabilistic information from models like Bacon to calculate a transformation from
depth to age. For this purpose, it is useful to look at Table 1, which describes the variables used in this work. Using Bayesian
hierarchical modelling techniques, we can determine the joint probability density function (or probability mass function in
the case of discrete random variables) of the target variablethe ageA , the proxy dateP , and the required additional

180 parameters . These are of course all dependent on depth[bus only an auxiliary variable due to the coring procedure.
Therefore, the full joint probability density/mass function that includesan be marginalized (integrated) with respedbto

z
P(Y;AP; )= P(Y;A;P;D; )dD
2
185 = P(YjA;P;D; ) P(DjA;P; ) P(A;P; )dD: 1)
D

Y contains the variables we are interested in, €.gNow suppose thdd is conditionally independent &f and and thus
fully dependent orA . This is exactly the information we get from the age—depth relationship. Furthermore, the vaYiables
should not depend on agel¥ is given. This assumption follows from the fact that initially any information drawn from the

sediment core are with respect to depth. Using this, we can transform Eq. 1 as follows:
Z
190 P(Y jA;P; )= P jP;D; ) P(DjA)dD: 2
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theageA ; P(D jA). This was developed for this work and can be foémes contributionto the rbacon package under the

functionBacon.d.AgeBacon calculates the slopes (accumulation rates) of a series of exible linear age—depth functions. Their
exibility results from differentr in a priori de ned regular sections along the depth axis. If a certaireaye= a is speci ed,

Bacon.d.Agesearches for those sections where intersections betawaead the respective age—depth functions exist. In this
way, we can calculate probability distributions of depths for each age within the reconstruction period.

P(D jA) obtained in this way indicates which depth has a higher or lower (possibly approaching zero) probability of con-
tributing toY at a given age. Eq. 2 shows that the desired age-dependent target vafiabkesalculated by a moving window
(convolution) stretching/compressing operation on the depth axis together with a smoothing of this axis at each sediment depth.

will_be discussecbelow. In this case, the target variableAP-Y is AP-percentag@nd is shown in panel (a) as a function

of measuredsediment depthThe .Upon using the depth-agerelation of the most probableageat a given depththe mean

dimentatiomatesin_the lake over the past9




Figure 3. The gray areas show the percentages of aggregated arboreal pollen from LK. Panel (a) depicts these data in terms of depth and (b

in terms of age. On the one hand, in (b) we see the result when all probability inforrPdBof A ) are taken into account (gray area). The

orange line, on the other hand, represents the output using the mean values of

10
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in Appendix A-Fhe-hal-resulteanbewith the nal resultwritten as:
7 4
_ PBjC; ) P(Cj )P . -
PCiPA: ) (B j F))(Bf )l ) PC) b PiPul) P(P.jPiA;! )dP.dB. 3)
B Ps

This is the basic model calculatedNpetimes withi = 1;:::; Nsamplefor different! ; andC; by systematically sampling from
the pools of plant information and transfer function distributions using MCMC techniques. In order to be able to describe
this in more detail, certain framework conditiomsistneedto be introduced. To this end, we will introduce reference curves

is performed for certaith ; andC;, the resultingP(C; j P;A; ;) can be compared with these reference curiese;As

P(C; jP;A;PP)/ P(PPjC;P;A; ) P(CjP;A; ) P(PjA; ) PA; ): (4)

At this point, one could add a variety of additional reference curves based on, for example, iSetogege sedimentstime
seriedrom lakeor marine sediments, iere;setarradiationerinformation-Semeof themareusedin-NetzeH{2023a)whe

generalBayesiampproactthatamountis nota xed numberbut describedoy a meanvalueandanuncertaintysummarized

11
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Mean | Stdev | .1 .2
0.25 | 02 | 092|277
05 | 02 | 262|262
075 | 02 | 277|092

Table 2. Meansand Standardieviationsof betadistributionswith. the shapeparameter

P(PP j )= BetdPP j 1; 2): ®)

deviation(uncertainty)of 20% obeyingthe constrainthatthe explainedvariancecanonly vary betweer0 and 100%,.0n one

sidethis givesthe model the ability to capture a suf ciently large range 8f(Retzel,2023a)Suchapropesakanbedeseribed
I istributionwi :

P(PP j )= BetgPP j3;3):

the climatereconstructioror the referencedataset. The necessargombinationsof meanandstandardieviationvs. the two

P(CjP;A; )=P(CpjCm:P;A; ) P(Cn jP;A; ) (6)

simulations become available. The second term on the right of Eq. 6 allows us to insert constraints on the reconstructed moderr
climate. We de ne the transition from modern times to the past at O cal a BP (calibrated years before the present), i.e. 1950
CE. This is because the temporal resolution of 50 years limits us, as we can only de ne the years 2000 CE or 1950 CE as the
most recent period. For such a modern climate, we use the CRU data presented in Fig. 2 and create probability distributions
as anchors for the reconstructions. These independent proposal distributions are described by a normal distribution as ar
approximation for psr and a gamma distribution foraRy. All in all, we refer to the above as the prior climate module, which

12



285

290

295

300

305

310

can be summarized as follows (with Unif being the uniform probability density):

8
> . . . .
P(C if C, is available
P(CpiCriPiA; )=, 7)) ” ™)
= Unif(1;:::;Nage  Otherwise,
8

B 2 ( Pann;m) @ndN (Tpsrm) if A(Cy) Ocal BR

PCm iP;A; )= (8)

z Unif(1;:::; Nage otherwise.
This means that reconstructions can be carried out with fewer restrictions even without prior climate information. This is made
possible by the use of uniform distributions that encompass the reconstruction period and thus all timgglices N
Finally, we consider the third term on the right of Eq. 4 in detail:

P(PJA; )=P(PjA;L; ) P(PjAL) P(Pj!): ©)

First, we assume that the parameterand are a priori independent of each other. Then we stateRhatindependent of
if no C is given. Finally, the updated taxa weighR€P j! ) are determined under the assumption that they are conditionally

the entire reconstruction period. At this poirgxaweightsit is possibleto. introduceadditional prior information for_time

could be included in future work.
The last term of Eq. 4 is the joint distribution Af and . We assume that all parametersare a priori independent & .
Thus, this distribution can be formulated as follows:

P(A; )= P(A) P( ) P(): (10)

The second term contains the parameters of the transfer function& améissumed to be uniform distributed if no depth
information are available. We see that already in the local reconstruction module in Eq. 3, where the relations Adetween
andD are inserted into our reconstruction scheme. With all the reformulations and simpli cations listed above, Eq. 4 can be

summarized as follows:

P(C; jP;A;PP)/ P(PP jC;P;A; ) P(CpjCm;:P;A; )

P(Cm jP;A; ) P(C ) P(P 1) P(): (11)
Overall, taxa percentages and climate regions that better t the constraints of the prior climate and proxy pool modules should
be weighted higher. How this is done in detail is described in the following.

In the context of MCMC sampling, we upda®P j! ) using the random walk Metropolis—Hastings (rwMH) technique,
since a corresponding full condition@(! j P) does not follow a probability distribution from which we can sample directly.

13
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Without further prior information, we assume a uniform distribution across all taxa K at the beginning of the MCMC simulation:

P(P j! )= Unif(1;::;K): (12)
The respective weights are determined with the help of an additional prior distribution:
P )= Dir(! 1550k =00 2): (13)

Such a Dirichlet distribution allows us to determine the taxa weights as we have requested above. This means that the taxe
weights have values between zero and one and add up to one. The Jeffreys prior hyperpadacofatessdistribution give

each taxon equal prior weight. Furthermore, these values provide a weaker constraint for determining the posterior taxa weights.
This property follows directly from the characteristics of the Jeffreys prior (Gelman et al., 2013).

Figure 4. Directed acyclic graph of the Bayesian framework in Eg. 11. The gray boxes represent the quantities that will be inferred during
MCMC sampling, and the white boxes contain xed quantities. The corresponding arrows represent the mutual dependencies, with their
direction pointing to the ascending hierarchical levels and the additional boxes indicate the respective sampling procedures of the modules

contained therein.

14
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As described above, we want to sample not only taxa weights but also climate values in the climate feature space of the
biome transfer function. In this way, we can identify preferred climate ranges based on the plant data and boundary conditions.
The parameters remain unchanged because we assume that they are a good approximation for the Holocene. Instead, we
sample directly from the climate space and B6€ j ) from Eq. 3. Again, rwMH is used because we cannot sample directly
from the full conditional. In this case, we use double truncated normal distributlpmestricted to the climate range of the
transfer function as proposal distributions to exclude biologically unrealistic climate values:

P(CJ )=N«(Cj () ()al )b( )): (14)

The transfer function parametersdetermine not only the truncation rangesndb but also the expectation valuesand
standard deviations.

Fig. 4 summarizes graphically how this local reconstruction framework works. The boxes in the upper row contain the
input variables, while those in the white boxes are not inferred during the MCMC simulation. The parameters of the transfer
functions are de ned in the next Sect. 3.5 and the age—depth relationship is described in Miebach et al. (2022). The upper gray
boxes describing the inference of the taxa weights and the climate values via r/MH sampling. This is done by comparing the

curve (prior climate and proxy pool modules) and constraining them accordingly. These comparlsons are made using the

mdependent Metropolis—Hastings sampling. All in all, the procedure presente drienely

3.5 Transfer functions

One objective of this work is to systematically test a variety of possible methods to determine the transfer R{Ecti@; )
from Eq. 3 and select the most appropriate algorithm for the task at hand. For this purpose we use the R package caret (Kuhr
et al., 2019). This stands fatassi cation and regressiontechniques and provides a variety of models that can be used to
solve corresponding problems. The package supplies a simple way to compare the selected models via cross-validation. In thi
process, the provided data (cf. Fig. 2 (d)) are split into a training and a validation dataset. Cross-validation is performed on
the training set (James et al., 2013), which account§ @y of all data. Statistical veri cation distributions result from this,
which are used to derive the performance of the models. Cross-validation is also performed for a certain number of different
parameters for the respective machine learning (ML) algorithms (model tuning). The entire process is very easily accessible in
caret and runs completely automatically after the initial parameters have been de ned. The re@@#titigpld-out set) are
used to validate the models obtained by cross-validation on the rem&@#tgThis has the advantage that they can be tested
on an independent data set, further minimizing the risk of over tting.

As can be seenin Fig. 2 (d), the de ned biomes (minority classes) and the unspeci ed biome (majority class) are unbalanced.
This means that the number of gridpoints covering the different classes gerigslargely. In a balanced data set, they would
be roughly equal. One could reduce the size of the entire map section so that the groups are more balanced. However, the
models then deliver signi cantly worse and sometinesre-evenunrealistic results. Thigreblemis-discussederexample

15
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Table 3. Machine learning algorithms which are used for the competition:

Algorithm: Shortcut:  Citation:
Arti cial Neural Networks NNET Venables and Ripley (2002a)
Quadratic Discriminant Analysis QDA Venables and Ripley (2002b)

Mixture Discriminant Analysis MDA Leisch et al. (2017)

Gradient Boosting Machines GBM Greenwell et al. (2019)

section is enlarged, this problem recedes, especially if the absence values can serve as a boundary. This is the case whe

the occurrence domain is enclosed by the absence domain in the two dimensional feature space spasypehdyERy -

The reduction of the map section is analogous to the techniques of random under-sampling (Hoens and Chawla, 2013). The
majority class is randomly reduced to the size of the minority class, potentially losing important information. In contrast,
random oversampling of the minority class risks over tting. To solve this problem Sgimthetic Minority Oversampling
Technique (SMOTE) is used (Bowyer et al., 2011). Here, a minority class instance is rst randomly selected and its k-nearest
minority class neighbors are determined. A line segment is then formed between one randomly selected neighbor in feature
space. A synthetic instance of the minority class is created by selecting a random point along this line (Hoens and Chawla,
2013). SMOTE can only do this with one minority class at a time. Therefore, we use this technique separately for each of the
three minority classes compared to the majority class. Finally, all four classes consist of a similar number of data points. These
are the input for the calculation of the transfer function in the ML competition. So only the training data are processed with
SMOTE. For the model veri cation on the hold-out set, the original data are used.

Table 3 lists four ML models that we compete against each other. We have removed Support Vector Machines (SVMs) from
this list as they are not competitive due to their disproportionately long prediction time. Similar dif culties with SVMs are also
found in Jergensen et al. (2020), where a ML competition for forecast models of convective storms is presented.

Comparatively simple classi cation problems arise in this work, so relatively simple arti cial neural network structures
(ANN) can be used. These deliver similarly good results with signi cantly less computational cost and the risk of over tting is
generally lower with simpler structures. After initial tests, the ANN from the nnet package is chosen in this work (NNET). It is
a feedforward neural network that allows one hidden layer with an arbitrary number of hidden neurons (Venables and Ripley,
2002a).

Discriminant analysis involves the development of discriminants, i.e. linear combinations of independent variables that dis-
criminate the categories of the dependent variable (James et al., 2013). QDA, for example, extracts discriminants that maximize

separation between groups and then uses them to perform a Gaussian classi cation. QDA accounts for heterogeneity in the

16
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covariance matrices of these groups. Mixture Discriminant Analysis (MDA) can be considered as an extension that modi es
the within-group multivariate density of predictors by a mixture (i.e., a weighted sum) of multivariate normal distributions
(Rausch and Kelley, 2009).

Gradient Boosting Machines (GBM) is chosen to introduce an ML algorithm based on decision trees. It is a generalization
of tree-boosting that attempts to mitigate the following problems: Speed, interpretability, and robustness to overlapping group
distributions and, most importantly, mislabeling of the training data (Hastie et al., 2009). Thus, it creates an accurate and
effective standard procedure.

The approach presented here to systematically identify the most appropriate method to describe the relationship betweer
botanical data and climate remedies the last disadvantage mentioned in the introduction.

4 Results

This section rst presents the results of the machine learning competition. Afterwards, the reconstruction of Lake Kinneret and
the corresponding MCMC data are shown.

4.1 Machine learning competition

Figure 5. Panel (a) summarizes the balanced accuracy of all ML algorithms based on the original input data and the data modi ed with
SMOTE. The winner of this ML competition is the feedforward neural network shown in (b). The thickness of the respective lines re ects
the relative absolute value of the parameters. Furthermore, the gray lines stand for negative values and the black lines for positive values.
In panel (c) the classi cation in the feature space efffand Rnn is shown: the colored solid lines represent 5@ probability of the

biomes occurring based on the transfer function from (b). The corresponding original input data are also shown as colored dots.

In the following, the results of the machine learning competition are analyzed in detail. The evaluation focuses on the
problem of unbalanced data sets. These are augmented with SMOTE until the input values are balanced. Subsequently, th

models are trained on these data sets and nally evaluated with a fraction of the original data.
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In our work, this classi cation is based on the so-called balanced accuracy (BA), which is calculated u&ngntingency
tables of predicted data compared to hold-out validation data. From these, the true positive and true negative rates can be cal
culated, referred to as sensitivity and speci city, respectivBhicco et al., 2021). The arithmetic mean of these two measures
is the BA, which is an appropriate metric for trained ML models designed to describe an unbalanced data set (Brodersen et al.,
2010). BA varies between zero and one, with values close to one indicating well-performing classi cations.

The results of all trained models are shown in Fig. 5 (a). A distinction is made between models trained on the original data
set (without SMOTE) and those trained on data augmented with SMOTE. It is immediately noticeable that the results marked

by the blue boxplots have a BA of 0.5{excepiNNET)-tr-thesenstaneesor the sensitivity is always zero and the speci city
is one, which means that no presence is predicted. In contrast, the other ts (orange boxplots) have an average BA of about

the winner. The structure of this NNET is shown in Fig. 5 (b), where the two climate variables represent the input layer and the
three biomes with the unspeci ed biome the output layer. Furthermore, six hidden neurons proved to be the best compromise

between BA and over tting in model tuning. This network structure is nally used for the following climate reconstruction.

TFhus;areeonstruetiorand embeddednto the R code, By this

First, the stochastic behaviour of this MCMC simulation must be tested for convergence. For this, we use the multivariate
extension of the Gelman—Rubin convergence indicator (Brooks and Gelman, 1998). The closer this is to one, the more likely
it is that convergence has been achieved. Gelman et al. (2013) recommend a value of less than 1.1. In our case, this is 1.001
from which we conclude that this simulation setup converges.
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:':Ijhe:%hortxplaclglzine:::anc:!:the:golor::QOtswithin each:bog(::plot indicatethe medianweightunderthe explainedvariancemeanvalueof 0.53::(:).25

(turquoise)and0.75(orange).Thelatteryary clearly only for Oleaeuropaeaandthe two Quercustaxa. In addition, the assignment of each

taxon to the three biomes is color-coded.

430 Fig. 6 summarizes the posterior taxa weigP{B j! ) determined by this simulation in boxplots. It is immediately apparent
that, with the exception dDlea europaea, Quercus calliprin@d Q. ithaburensis and Amaranthaceae, the mean posterior

taxa weights deviate only slightly from the prior uniform distribution. In particular, the olive taxon receives a considerably

lower weight, which is due to the generally high pollen percentage in the core (see Appendix B for details). To ensure a
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Figure 7. In panels (a)—(c), the prior biome probabilitiess@f% are indicated with dashed black lines and the corresponding posterior biome

We see the largest chandesm prior to posteriowithin the Mediterranean biome in (Bt almostno change®f the posterior
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the Saharo-Arabian biome, for example, must be constrained so that it does not contr&diRititbeundary conditions of the
most recent temperature data. Overall, it can be seen that the posterior temperatures settle #0afand thus show less
variability than the corresponding precipitation distribution.

The posterior samples described above are determined with the prior boundary conditions in Fig. 8. We also see the corre-

In the following, we describe the nal reconstruction. It is divided into the percentages of the reconstructed B{@jes

P;A;!') in Fig. 9 and the reconstructedyjk and Rny in Fig. 10. From the former, we can infer the importance of these
biomes in speci ¢ periods.

The period9-7 cal ka BPcan be associated mainly with the Pottery Neolithic. The vegetation is described in Schiebel
and Litt (2018) with a strong in uence of steppe vegetation in the catchment area of LK. They conclude that this is due to
increasing drought, which is con rmed by the increased percentages of the Saharo-Arabian and Irano-Turanian biomes. In
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Figure 9. Posterior biome percentages in relation to cal ka BP. The colors indicate the probability density values, the black solid lines its

contrast, the Mediterranean biome records comparatively low percentages during this period. This leads, on the one hand, tc
465 the highest averageplr of over10 C and, on the other hand, to relatively low\R of about400 mm Furthermore, Miebach

22



470

Figure 10.As Fig. 9, but for the quantitative paleoclimate reconstruction of the Lake Kinneret region. In (a) the reconstsucitedd and

in (b) the Rnn in mm are shown.

et al. (2022) infers a weak cooling trend and precipitation decrease during 7.8—6.6 cal ka BP from carbon isotope signals of the
Sea of Galilee. These qualitative statements are con rmed by the new climate reconstruction within both variables.

The beginning of the period-5 cal ka BPis accompanied by an increaseOtea europaeand thus, the Mediterranean
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The average R is about500 mmand temperatures surroundit§ C. During the Chalcolithic (ca. 6.5-5.5 cal ka BP),
precipitation shows a local maximum, which decreases after about 5.5 cal ka BP. Such behaviour could be related to the
transition from the Chalcolithic to the Early Bronze Age.

The Early Bronze Age to Iron Age withiB—2.3 cal ka BPre ects not only human-induced but also climatically driven

vegetation changesOn-the-eneh

cal ka BP could be related to the Bond events of 4.2 and 3.2 associated with droughts in the Levant. During this period, the

precipitation shows a steady decline from 880 mmto about400 mm, while the temperature remains arout@l C. At-the

to lower precipitation around 4 cal ka BP could be related to the transition from the Early to the Middle Bronze Age. The
second and larger variation during 3.2 cal ka BP might be related to the collapse of the Late Bronze Age (Langgut et al., 2013).
Furthermore, the Iron Age in the Near East lasted from about 3.1 - 2.5 cal ka BP (Langgut et al., 2013). This corresponds to
an increase in precipitation at the beginning and ends in a minimum with values a#6Qmam 2.5 cal ka BP marks the
transition from the Iron Age to the Babylonian—Persian period, which lasted about 200 years and is accompanied by a slight

increase in precipitatior —c'cerecsiacliverpellerarsuncseolea P Renrrsiseossesitedvibchangectivnaticeanditior

The years fron2.3-1.5 cal ka BPare marked by the Hellenistic and Roman—Byzantine periods. This can be associated with

the Roman Climatic Optimum (Langgut et al., 2013) and a noticeable increase in precipitation can be seen in the reconstruction.
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