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Summary

Summary

The late 20" and early 21t centuries have witnessed rapid climate changes, which are marked
by exceptional temperature increases and caused by anthropogenic greenhouse gas
emissions. This reinforces the need to comprehend the dynamics of climate drivers, to analyze
the impacts on ecosystems, and to place the recent developments into the context of natural
climate variability. Since meteorological measurements have only been available from 1850 to
present, paleoclimate archives are utilized to reconstruct climate variability of the past
centuries to millennia. Dendrochronological studies offer significant potential for deciphering
these fluctuations using proxies like tree-ring width (TRW) and maximum latewood density
(MXD) and for assessing the impacts of recent climate change on different tree species, forest
ecosystems and urban trees. Besides these annually resolved parameters, dendrometer
measurements on tree stems can provide detailed insights into the hourly to monthly effects
of meteorological variables on the water household and growth of a tree. Recently, machine
learning (ML) methods have been increasingly applied in climatological disciplines, offering the

potential to be utilized in dendroclimatology as well.

This dissertation investigates the integration of ML into dendroclimatology, emphasizing its
potential to enhance the assessment of climate-growth relationships. The study focuses
specifically on the application of ML in two pivotal areas of dendroclimatology: refining climate
reconstructions and improving the imputation of gaps in dendrometer data. Initially,
opportunities to improve dendroclimatological analyses using ML are introduced. In chapter 2,
an extreme gradient boosting (XGB) classification model is applied to predict the elevational
origin of historical construction timber based on different tree-ring parameters of European
larch trees (Larix decidua Mill.) from the Simplon valley, Switzerland. Historical samples are
successfully categorized into six distinct living-tree sites along an elevational transect ranging
from 1400 to 2200 m asl. This approach is subsequently used in chapter 3 to support the
development of a new millennium-length Alpine summer temperature reconstruction. The
provenance method is applied to datasets from two European larch (Larix decidua Mill.)
populations in the Simplon and Matter valleys, Switzerland. High correlations between the
resulting tree-ring chronology and instrumental temperature records facilitate the use of a
linear regression model to reconstruct summer temperatures from 881 to 2017 CE. The study
evaluates the impact of utilizing high-elevation historical series versus traditional methods,
comparing the new temperature reconstruction with previous efforts. Chapter 4 further

investigates the application of ML to impute gaps of up to 30 days in intra-annual dendrometer
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data from maples (Acer platanoides L.) and plane trees (Platanus x hispanica Minchh.) in
Mainz, Germany. XGB is successfully utilized to fill data gaps of individual trees. It is
distinguished from other methods by its independence from neighbouring trees and climatic

variables.

The results of this thesis emphasise the capacity of ML to classify tree-ring series, refine
climate reconstructions and enhance data imputation. While ML presents promising
advancements in dendroclimatology, ongoing research is crucial to address limitations and
methodological uncertainties arising from, for example, the costs of data collection, overfitting
problems or nonlinear relationships between tree growth and climate. The findings of this
dissertation contribute significantly to enhance our understanding of past climate variability and
provides a basis for future method development in dendroclimatological and -ecological

research in order to embed ML as an integral component of tree-ring research.
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Zusammenfassung

Im spéaten 20. und friihen 21. Jahrhundert wurde ein rapider Klimawandel verzeichnet, welcher
mit einem aullergewohnlich schnellen Temperaturanstieg einher geht und durch
anthropogene Treibhausgasemissionen verursacht wird. Dies unterstreicht die Notwendigkeit,
die Dynamik der Klimatreiber zu verstehen, die Auswirkungen auf Okosysteme zu analysieren
und die jingsten Entwicklungen in den Kontext der natirlichen Klimavariabilitat einzuordnen.
Da meteorologische Messungen im Durchschnitt nur von 1850 bis heute zur Verfligung
stehen, werden paldoklimatische Archive verwendet, um die Klimavariabilitat der vergangenen
Jahrhunderte bis Jahrtausende zu rekonstruieren. Dendrochronologische Studien bieten ein
erhebliches Potenzial fir die Entschlisselung dieser Schwankungen durch Proxys wie der
Jahrringbreite (TRW) oder der maximalen Spatholzdichte (MXD) und fir die Bewertung der
Auswirkungen des Klimawandels auf verschiedene Baumarten, Waldokosysteme und
Stadtbaume. Neben diesen jahrlich aufgelosten Parametern kénnen Dendrometermessungen
an Baumstammen detaillierte Einblicke in die stindlichen bis monatlichen Auswirkungen von
meteorologischen Grdlien auf den Wasserhaushalt und das Wachstum eines Baumes liefern.
Seit kurzem haben Methoden des maschinellen Lernens (ML) zunehmend Einzug in
klimatologische Disziplinen gehalten bieten das Potenzial, auch in der Dendroklimatologie

eingesetzt zu werden.

Diese Dissertation untersucht die Integration von ML in die Dendroklimatologie und betont
dessen Potenzial zur Verbesserung der Bewertung von Klima-Baumwachstums-Beziehungen.
Die Studie konzentriert sich speziell auf die Anwendung von ML in zwei zentralen Bereichen
der Dendroklimatologie: der Verfeinerung von Klimarekonstruktionen und der Verbesserung
der Imputation von Lucken in Dendrometerdaten. Zunachst werden die Maoglichkeiten zur
Verbesserung dendroklimatologischer Analysen mittels ML hervorgehoben und in den
nachfolgenden Kapiteln erkundet. In Kapitel 2 wird ein Extreme Gradient Boosting (XGB)
Klassifikationsmodell angewendet, um den Ursprung historischer Holzproben basierend auf
Jahrringparametern von Europaischen Larchen (Larix decidua Mill.) aus dem Simplon-Tal in
der Schweiz vorherzusagen. Die historischen Proben werden dabei erfolgreich den Attributen
von sechs verschiedenen lebenden Baumstandorten entlang eines Hohentransekts zwischen
1400 und 2200 m . NN. zugeordnet. Diese Herkunftsanalyse wird anschlieend in Kapitel 3
genutzt, um die Entwicklung einer neuen 1000-jahrigen Temperaturrekonstruktion in den
europaischen Alpen zu unterstitzen. Die Methode wird dabei auf Datensatze von zwei
Larchenpopulationen (Larix decidua Mill.) im Simplon- und Matter-Tal in der Schweiz

angewendet. Hohe Korrelationen zwischen der resultierenden Jahrringchronologie und
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instrumentellen Temperaturaufzeichnungen ermdéglichten die Verwendung eines linearen
Regressionsmodells zur Rekonstruktion der Sommertemperaturen von 881 bis 2017 n. Chr..
Die Studie bewertet die Auswirkungen der Nutzung historischer Serien aus hohen Lagen im
Vergleich zu traditionellen Ansatzen und vergleicht die neue Rekonstruktion mit friiheren
Veroffentlichungen. In Kapitel 4 wird zudem die Anwendung von ML zum Fillen von
Datenliicken bis zu 30 Tagen in intra-annualen Dendrometerdaten von Spitzahorn (Acer
platanoides L.) und Ahornblattrigen Platanen (Platanus x hispanica Miinchh.) in Mainz,
Deutschland, untersucht. XGB wird erfolgreich eingesetzt, um Datenlicken einzelner Baume
zu schlielen und zeichnet sich durch seine Unabhangigkeit von benachbarten Baumen und

klimatischen Variablen aus.

Die Ergebnisse dieser Dissertation betonen die Fahigkeit von ML, Baumringserien zu
klassifizieren, Klimarekonstruktionen zu verfeinern und Imputation bei Datenliicken zu
verbessern. Wahrend ML vielversprechende Fortschritte in der Dendroklimatologie zeigt, ist
fortlaufende Forschung unerlasslich, um Einschrankungen und methodische Unsicherheiten
zu adressieren, die sich beispielsweise aus den Kosten der Datenerhebung, Problemen der
Uberanpassung oder nichtlinearen Beziehungen zwischen Baumwachstum und Klima
ergeben. Die Ergebnisse dieser Dissertation tragen wesentlich zu einem besseren Verstandnis
der Klimavariabilitat in der Vergangenheit bei und bieten eine Grundlage fiir die zukiinftige
Methodenentwicklung in der dendroklimatologischen und -6kologischen Forschung, um ML

als integralen Bestandteil der Baumringforschung zu verankern.
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Introduction

1 Introduction

The world’s climate has been rapidly changing in the last 70 decades, with temperatures rising
at an exceptionally pace since the 215t century, mainly forced by anthropogenic greenhouse
gas emissions (Phillips et al. 2023; Esper et al. 2024). These developments highlight the need
to enhance our understanding of the drivers of temperature variations and set the recent
warming into the context of natural climate variability. To this end, it is vital to pursue the
development of new methods for analyzing climatic issues and to reduce the uncertainties
inherent in existing methods and climate models (Eyring et al. 2019, Esper and Buntgen 2021).
Paleoclimate reconstructions are crucial for contextualizing recent climate changes within the
framework of long-term climate history, as instrumental climate observations are limited to
1850 CE. Studies on tree growth have a considerable potential for analyzing the climatic past
and the effects of climate change on ecosystems (Anchukaitis 2017; Martinez del Castillo et
al. 2022; Treydte et al. 2024). Tree-rings, as paleoclimatic archive, thus offer a valuable
opportunity to reconstruct past temperature, precipitation, or drought variability far beyond
instrumentally covered periods (Briffa et al. 1998; Wilson et al. 2016; Lara et al. 2020;
Torbenson et al. 2023; Blintgen et al. 2024; Esper et al. 2024). Additionally, the effects of a
warming climate on tree growth in forest ecotones and urban areas as well as the impact of
the trees on their environment in the light of different climate scenarios can be modelled and
analyzed (Netherer and Schopf 2010; Martinez del Castillo et al. 2018; He et al. 2021;
Schwaab et al. 2021; Pattnaik et al. 2024).

For these purposes, tree-ring proxies obtained from wood core samples have an advantage to
proxies from other climate archives, namely in their annual resolution, which allows precise
dating certainty and more detailed insights into climate variability (Fritts 1976). Tree growth is,
however, influenced by various external parameters. To reconstruct climatic parameters, trees
must be sampled in regions, where these parameters are the most limiting factors of growth.
For instance, tree growth in high latitudes and altitudes is restricted by temperature and is
therefore sensitive to fluctuations in this parameter (Speer 2010). The most commonly used
proxies to reconstruct past climate variability are tree-ring width (TRW), maximum latewood
density (MXD) and stable isotopes (SI) (Anchukaitis 2017). To achieve millennium length and
more, a chronology of measured and cross-dated living and dead tree-ring series is calibrated
against instrumental climate data. This relationship is then used to build a regression model or
to scale tree-growth to climate variables (Esper and Gartner 2001; Cherubini et al. 2004).
Correlations between tree-growth and climate can also be calculated for analyzing the current
states of forests (Rennenberg et al. 2006; Babst et al. 2013; Hartl-Meier et al. 2014; Hartl et

al. 2021; Zhang et al. 2024) and for predicting future developments of forest and urban tree
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species (Mickler et al. 2002; Rotzer et al. 2021; Martinez del Castillo et al. 2022). In addition
to the annually recorded radial tree-ring parameters, intra-annual information on growth can
be derived from dendrometers (Fritts 1976; Deslauriers et al. 2007; Speer 2010; Pandey 2021).
Dendrometers can measure radial stem growth changes up to a resolution of 1 minute and
thus provide a continuous, high-resolution growth monitoring throughout the year (Deslauriers
et al. 2007; Oberhuber and Gruber 2010; Miller et al. 2022; Rocha and Holzkamper 2023).
This allows, for example, for a detailed examination of alterations of the beginning, end and
length of the growing season (Deslauriers et al. 2007) or the impact of drought stress to the
tree water deficit and growth (Ziaco and Biondi 2018). Still, limitations in this field can occur
from the uncertainty of the climatic signal in the tree-ring proxy or from the use of error-prone
devices. ML can help to overcome these limitations due to its capability to learn patterns from

existing data to predict missing information.

1.1 Current challenges and limitations in dendroclimatological methods

Millennium-length temperature reconstructions are vital to set recent anthropogenic warming
into the context of natural climate variability. Dead wood used to extend living tree-ring
chronologies into the past is often sampled from snags, dead stems, or fossil wood, ideally
near the corresponding stands (Luckman and Wilson 2005; Briffa et al. 2013; Esper et al. 2014;
Klippel et al. 2018; Lara et al. 2020). When in situ wood is unavailable, construction wood from
old buildings of unknown elevational origin is utilized (Wilson et al. 2005; Buntgen et al. 2005;
Liu et al. 2009; Klippel et al. 2020). Consequently, the strength of the temperature signals
stored in these trees is unclear and the inclusion of this wood adds great uncertainty to

temperature reconstructions (Babst et al. 2013; Zhang et al. 2015; Hartl et al. 2022).

Methods to determine the biological provenance of such tree-ring series have primarily relied
on correlating the series to reference chronologies, and the technique is therefore dependent
on a common period between the reference and the series (Bonde et al. 1997; Bridge 2012;
Linderholm et al. 2021). Some studies have tested more advanced methods such as multiple
regression models, principal component (gradient) analysis (PC(G)A) or k-nearest neighbor
(KNN) (Wilson et al. 2004; Buras et al. 2016; Gut 2018; Akhmetzyanov et al. 2020). Most of
these still rely on a common period between the reference and the series and many
approaches lack standard ML procedures. When the provenances of construction timbers can
be determined, model uncertainty in early reconstruction periods can be significantly reduced.
This allows for analysis of the effects of provenance consideration on the outcome of a

reconstruction model and for revision of past temperature variability.
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Methodological advancements are also achievable for other dendroclimatic fields. Working
with dendrometer data is generally challenging, as dendrometer devices are prone to data
errors and technical failures (Drew and Downes 2009; Vilenski et al. 2019). It is therefore vital
to accurately control and prepare the measured stem radius changes before applying any data
analysis. One reoccurring problem are data gaps. Especially when regular maintenance of the
devices is challenging (e.g., in very remote places or during pandemic restrictions), long data
gaps may occur due to technical failures like battery or logger failure, or technical damage

caused by moisture, animals, or humans.

So far, gap-filling methods for correcting data gaps have focused on addressing short gaps
under 24h with linear or spline interpolation (Aryal et al. 2020; Knusel et al. 2021), and few
methods exist to fill data gaps exceeding this period (Aryal et al. 2020; Lukovic et al. 2022).
ML algorithms offer the potential to develop new methods for gap filling and compare the

methods across various tree species and environments, ranging from rural to urban settings.

1.2 Machine learning in dendroclimatology

ML is a rapidly evolving tool for classifying, clustering or predicting data, which involves
computers learning from data and experience (Samuel 1959). Learning is mainly differentiated
between supervised, non-supervised, semisupervised and reinforcement learning. In
supervised learning, the algorithms are trained on specific features to predict a target variable,
using the target variable itself to learn the relationship between inputs and outputs. In contrast,
algorithms of unsupervised learning are designed to distinguish between noise and patterns in
data without any target information. Semisupervised learning algorithms can handle data,
when the target data has missing values and reinforcement learning is based on the concept
of reward and penalty, and the aim of learning system is to achieve the most reward (Géron
2019).

Supervised learning has already been proven useful across many research fields, from
medical to ecological applications (Jordan and Mitchell 2015; Rahmani et al. 2021; Keitt and
Abelson 2021). For example, it was successfully used to train models to classify medical
images and identify cancer (Rahmani et al. 2021). In dendroclimatology, supervised learning
techniques are the most prevalent. A simple example is the well-established use of linear
regression models to reconstruct past climate (Fritts 1976). A linear regression algorithm is
trained with tree-ring parameters to predict the target climate variable, which are the
instrumental data. Recently, more advanced algorithms have been applied for this purpose.

For instance, JevSenak et al. (2018) tested various ML algorithms to reconstruct past climate

3
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variability using different tree-ring proxies, finding that model-tree bagging was the most
effective. Jiang et al. (2024) used an ensemble technique of different ML algorithms to
reconstruct minimum temperatures. Additionally, artificial neural networks (ANNs) have been
employed to learn nonlinear patterns in climate growth relationships or have been trained to
predict multiple target variables, such as temperature, precipitation, and aridity, at the same
time (Zhang et al. 2000; Gholami et al. 2017). Moreover, ML can be utilized for other research
questions in this field, for example for clustering series by basal area increment characteristics
or predicting radial stem growth through classification methods (Mendes et al. 2019; Aryal et
al. 2023). However, many opportunities to test and apply ML algorithms to assess climate-

growth relationships in comparison to standard methods have not been explored yet.

1.3 Objectives of this dissertation

This dissertation aims to apply and evaluate ML as a tool in dendroclimatology assessing tree-
growth climate relationships. Classic ML procedures are employed, and various algorithms are
tested to address two dendroclimatological challenges: paleoclimate reconstructions and
imputation for dendrometer data. The results are evaluated and critically compared with

existing approaches in both fields.

Chapter 2, “Using machine learning on tree-ring data to determine the geographical
provenance of historical construction timbers”, explores the possibility to predict the origin of
construction timber from different elevations using classification algorithms. A dataset of
various tree-ring parameters, like mean MXD and earlywood to latewood ratio, is established
using living tree-ring series from European larch trees (Larix decidua Mill.) in the Simplon
valley, Switzerland. Different parameter combinations and algorithms are tested for their ability
to predict the elevational origin of construction timber. Standard ML practices, including model
training, tuning, and testing of the models, are applied. The best-performing algorithm is
chosen and tested with different datasets to evaluate the predictive power of the parameters.
The final model is then applied to the historical series from buildings. With this ML approach,
series with a high probability of being temperature sensitive can be identified. The author
significantly supported the concept development of this work and was responsible for the
development of the methodology, analysis of the results and interpretation. She created the
visualizations and wrote the manuscript, which were revised by the co-authors. The paper was
published in Ecosphere 44 (3) in March 2023 (Kuhl et al. 2023).
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Chapter 3, “Revising Alpine summer temperatures since 881 CE,” presents the development
of a temperature reconstruction for the European Alps, using only temperature-sensitive
historical tree-ring series identified through the provenance approach introduced in Chapter 2.
This classification approach is applied to two European larch (Larix decidua Mill.) datasets
from the Simplon and Matter valleys, Switzerland. High correlations between the MXD
chronology and instrumental temperature data allowed for the application of a linear regression
model to reconstruct summer temperatures in the European Alps spanning the period 881-
2017 CE. This chapter assesses and discusses the effects of using high-elevation historical
series compared to the traditional approach and compares the new record to previous
reconstructions. The author significantly supported the concept development of this work and
was responsible for the development of the methodology, analysis of the results and
interpretation. She created the visualizations and wrote the manuscript, which were revised by
the co-authors. The paper was published in Climate Dynamics 44 (3) in March 2024 (Kuhl et
al. 2024).

Chapter 4, “A machine learning approach to fill gaps in dendrometer data”, shifts from
paleoclimate reconstructions to the application of ML algorithms for data imputation on intra-
annual dendrometer data from Norway maples (Acer platanoides L.), and London plane trees
(Platanus x hispanica Minchh.) in Mainz, Germany. This study aims to test various dataset
combinations and algorithms to find the best solution for filling long data gaps. This is
necessary as methods for imputing gaps are limited (Aryal et al. 2020; Lukovic et al. 2022),
and only five ML architectures have been tested for this purpose yet. This chapter details how
eight ML algorithms, that have not yet been tested, and various combinations of data are
analyzed for their performance and applicability to develop a practical application scheme. This
scheme provides users with easy access to ML-based gap filling. The approach is tested on
both artificial and real data gaps and compared to existing methods. The author significantly
supported the concept development of this work and was responsible for the development of
the methodology, analysis of the results and interpretation. She created the visualizations and
wrote the manuscript, which were revised by the co-authors. The paper is under review in

Trees.
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Summary

Dendroclimatology offers the unique opportunity to reconstruct past climate at annual
resolution and wood from historical buildings can be used to extend such information back in
time up to several millennia. However, the varying and often unclear origin of timbers affects
the climate sensitivity of individual tree-ring samples. Here, we compare tree-ring width and
density of 143 living European larch (Larix decidua Mill.) trees at seven sites along an
elevational transect from 1400-2200 m asl and 99 historical tree-ring series to parametrize
state-of-the-art classification models for the European Alps. To achieve geographical
provenance of the historical series nine different supervised machine learning algorithms are
trained and tested in their capability to solve our classification problem. Based on this
assessment, we consider a tree-ring density-based and a tree-ring width-based dataset for
model building. For each of these datasets, a general not species-related model as well as a
larch-specific model including the cyclic larch budmoth influence are built. From the nine tested
machine learning algorithms, Extreme Gradient Boosting showed the best performance. The

density-based models outperform the ring-width models with the larch-specific density model
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reaching the highest skill (f1 score = 0.8). The performance metrics reveal that the larch-
specific density model also performs best within individual sites and particularly in sites above
2000 m asl which show the highest temperature sensitivities. The application of the specific
density model for larch allows the historical series to be assigned with high confidence to a
particular elevation within the valley. The procedure can be applied to other provenance
studies using multiple tree growth characteristics. The novel approach of building machine
learning models based on tree-ring density features allows to omit a common period between
reference and historical data for finding the provenance of relict wood and will therefore help

to improve millennium-length climate reconstructions.

2.1 Introduction

The ability of computers to learn on the basis of existing data (machine learning (ML)) bears
great potential to improve various scientific fields including bio- and geoscience (Jordan and
Mitchell 2015; Keitt and Abelson 2021). In tree-ring research, ML has recently been applied
for modelling stem diameter growth and vessel lumen or for climate reconstruction purposes
(Ou, Lei, and Shen 2019; JevSenak and Skudnik 2021; Bodesheim et al. 2022; Salehnia and
Ahn 2022). In the (paleo)climatological context, tree-rings are an essential source to
reconstruct past climate fluctuations beyond the instrumental period. Classical approaches
consider the relation between climate elements (e.g., temperature or precipitation) and a tree-
ring proxy, for example, tree-ring width (TRW) or maximum latewood density (MXD), by scaling
or building linear regression models (Cook and Kairiukstis 1990; Briffa et al. 1992; Esper et al.
2005; 2012; Wilson and Luckman 2003; Gurskaya et al. 2012; Li et al. 2012; Cook et al. 2019;
Lara et al. 2020). ML algorithms are tested as transfer functions for this relationship by training
artificial neural networks, random forests or boosted regression trees (JevSenak et al. 2018;
Gu et al. 2019; JevSenak and Skudnik 2021; Salehnia and Ahn 2022).

Besides a robust growth-climate model, multi-centennial reconstructions rely on dead wood to
extend living chronologies into the past. These samples are often collected from local historical
construction wood of unknown origin (Schweingruber 1988; Biintgen et al. 2005; Wilson et al.
2005; Liu et al. 2009; Tegel et al. 2010; Labuhn et al. 2016; Klippel et al. 2020; Hartl et al.
2022). The determination of the origin of ancient wood, so-called dendroprovenancing, is a
frequently applied tool to reconstruct trade and transportation routes (Bonde et al. 1997;
Wazny 2002; Shindo and Claude 2019; Linderholm et al. 2021; Daly and Tyers 2022), to
uncover illegal logging (Kagawa and Leavitt 2010) and determine the origin of artwork or

shipwrecks (Haneca et al. 2005; Bridge 2011; Dominguez-Delmas et al. 2020; Brookhouse et
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al. 2021). Classic approaches in dendroclimatology and -archaeology consider the correlation
of series from unknown origin to a set of existing reference tree-ring chronologies (Bonde 1992;
Bridge 2012). It is argued, however, that this classical dendroprovenancing with chronologies
not always serves the complexity in the relationship between tree-growth parameters and
regionality (Bridge 2000; 2012; Haneca et al. 2005; Drake 2018; Dominguez-Delmas et al.
2020).

The application of ML is likely suitable for a probable higher complexity in this relationship.
Approaches have been tested with different tree-ring proxies using multiple regression models
(Wilson et al. 2004; Dittmar et al. 2012), or the ML algorithms k-Nearest Neighbor (kNN) (Gut
2018), Principal Component Analysis (PCA) (Wilson and Hopfmueller 2001) or Principal
Component Gradient Analysis (PCGA) (Buras et al. 2016; Akhmetzyanov et al. 2020). While
PCGA and PCA rely on a common period of overlap between living and historical series for
determining the provenance, Dittmar et al. (2012) used features of individual tree series to
build a non-linear regression model. However, many published approaches in
dendroprovenancing generally lack basic ML model development steps like testing different
algorithms and hyperparameter combinations before opting for a fitting algorithm. The a priori
requirement of a common period between historical samples and a reference for effective
dendroprovenancing remains the greatest challenge. The potential of additional parameters
such as MXD or species-specific disturbance features (such as insect outbreaks) has so far

not been tested in ML provenance models.

Dendroclimatological studies focus on regions, where tree growth is limited by a dominating
factor e.g., the temperature at latitudinal or elevational treeline sites (Briffa et al. 1988; Liu et
al. 2009; Babst et al. 2013; Schneider et al. 2015; Esper et al. 2016; Wilson et al. 2016;
Ljungquvist et al. 2020; Hartl et al. 2021; 2022). Consequently, the quality of a tree-ring based
climate reconstruction derived from living and historic wood, hinges on the consistency of the
signal strength across the proxy sources, as the temperature signal of trees fades with
decreasing elevation (Wilson et al. 2004; Babst et al. 2013; Hartl-Meier, Dittmar, et al. 2014;
Salzer et al. 2014; Konter, Rosner, et al. 2015; P. Zhang et al. 2015; Riechelmann et al. 2020;
Hartl et al. 2021; 2022). At lower elevations, other biotic factors e.g., intra- and interspecific
competition or trophic interactions with insects, can influence tree growth (Coomes and Allen
2007; Hartl-Meier, Zang, et al. 2014; Konter, Rosner, et al. 2015; Hartl-Meier et al. 2017;
Saulnier et al. 2017; Harr et al. 2021). Climate signals in tree-rings of European larch (Larix
decidua Mill.), for example, are superimposed by growth disturbances resulting from larch
budmoth (Zeiraphera griseana Hubner, LBM) mass outbreaks in the Alps (Baltensweiler and
Rubli 1999; Esper et al. 2007; Baltensweiler et al. 2008; Hartl-Meier et al. 2017; Hartl et al.

8



Using machine learning on tree-ring data to determine the geographical provenance of
historical construction timbers

2022). LBM larvae feed on the needles of larch trees, lowering photosynthetic capacity and
altering growth rates (Baltensweiler and Rubli 1984). Various studies on LBM mass outbreak
cyclicity and effects on larch growth conducted in the European Alps agree on an occurrence
rate of mass outbreaks of eight to ten years and constrain outbreak locations largely to
elevations between 1700 and 2000 m asl (Baltensweiler and Rubli 1999; Rolland et al. 2001;
Esper et al. 2007; Baltensweiler et al. 2008; Blintgen et al. 2009; Daux et al. 2011; Konter,
Esper, et al. 2015; Hartl-Meier et al. 2016; Hartl-Meier et al. 2017; Saulnier et al. 2017; Hartl
et al. 2022). Consequently, elevational classification of larch wood from such regions will be

determined by the potentially inherent LBM signals of historical series.

For palaeoclimatological studies, the knowledge of the sample origin of historical material is
likewise important to adequately remove age-depended growth trends (Braker 1981). The
commonly applied regional curve standardization (Briffa et al. 1992, RCS) must be performed
site-by-site or on mean-adjusted series (P. Zhang et al. 2015; Romer et al. 2021), because
altitude-dependent offsets among MXD (and TRW) series are observed for European larch
(King et al. 2013; P. Zhang et al. 2015; Riechelmann et al. 2020; Rozenberg et al. 2020; Hartl
et al. 2022). Neglecting the elevational discrepancies of the regional curves could bias the
amplitudes and long-term trends of a subsequent climate reconstruction severely, thus leading
to a misinterpretation of past climate variability (P. Zhang et al. 2015; Riechelmann et al. 2020;
Hartl et al. 2022).

In this study, we aim at improving dendroprovenancing by applying state-of-the-art ML
procedures to eventually strengthen millennium-length climate reconstructions. We use 149
samples of living larch trees from an elevational transect ranging from 1400 to 2200 m asl in
the Simplon Valley of the Swiss Alps and test nine different ML algorithms. We fit the best-
performing algorithm to different sets of tree-ring parameters and, for the first time, include X-

ray measurements and species-specific parameters in a provenance model.

2.2 Material and methods

2.2.1 Tree-ring datasets and study area

Eight larch datasets were collected in the Simplon Valley, Switzerland. One of these contains
99 historical series from different buildings in the Simplon Village (~ 1470 m asl) (introduced
in Riechelmann et al. 2013; Riechelmann et al. 2020). The seven living-tree sites span an
elevational transect from 1400 m to 2200 m asl, with four sites south exposed (S14, S17, S20
and S22) and three north exposed (N16, N17 and N19) (Fig. 2-1, Tab. S 2-1). Each site

consists of up to 24 series from twelve trees (see Hartl et al. 2022). The two sites at 1700 m
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asl (817 and N17) are merged to one dataset SN17 including twelve series from each site to
represent this elevation. Both, the living and historical series, have been accurately dated to

build a robust chronology (Fig. 2-2).

Simplon Village!
Ak

Fig. 2-1 Study area in the Simplon Valley, Switzerland in a), b) and sampling scheme with site codes in c), exact
elevations are shown in Tab. S 2-1. Sampling of high elevation living trees with a high temperature sensitivity d)
and of historical construction timber in the lower elevated Simplon Village e) (Photo Credits: P. Schulz, C. Hartl).

2.2.2 Dendrochronological measurements and tree-ring parameters

242 high-resolution tree-ring density profiles were measured using a Walesch2003
(WALESCH, Electronic GmbH, Switzerland) following the X-ray densitometry procedure
described in Bjorklund et al. (2019). We considered six different tree-ring parameters: TRW,
MXD, earlywood ring width (EWW), earlywood density (EWD), latewood ring width (LWW) and
latewood density (LWD) (Tab. S2-2). Descriptive statistics were calculated and forwarded into
the ML models including the arithmetic mean, standard deviation (std), skewness (skew), Gini
coefficient (gini) and maximum/minimum values (max/min). Additional parameters include the
age (including the pith offset), the first-order autocorrelation of TRW (A1 TRW) and the ratio
between EWD and LWD (ED/LD ratio). To address the LBM mass outbreak mean cyclicity of
9 years, the spectrum value at 1.11 frequency (9 years) was determined by applying Lomb-
Scargle Fourier transformation to 30-year spline detrended TRW series. A dataset D of all

living series containing their parameters, from here on referred to as features, and
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corresponding elevations was created using R 4.1.0 (R Core Team 2021) and the dpIR

package (Bunn 2010).
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Fig. 2-2 Segment plots of the historic a) and the living tree samples b) aligned by start date. Colours in b) denote
to the different sites of the living material (Fig. 2-1 c)).

2.2.3 Site-specific chronology building and climate signals

To illustrate the fading of the temperature signal with decreasing elevation, the living tree-ring
data (TRW and MXD) were site-wise power transformed and RCS detrended (Briffa et al. 1992;
Esper et al. 2003) using the software ARSTAN (Cook 1985). Site chronologies were
constructed by averaging single series with a robust mean and the chronology variance was
stabilized using the Rbar weighted method (Osborn et al. 1997). Temperature correlations
between site chronologies and gridded temperature data (EOBS 0.25° v23.1e; Cornes et al.
2018) were calculated via classical bootstrap of Pearson’s correlation coefficients for the
summer seasons June-August (JJA) over the 1928-2009 common period using the R
packages treeclim (Zang and Biondi 2015) and dpIR (Bunn 2010).

2.2.4 Developing a machine learning model for dendroprovenancing

In supervised learning, a model is fit for a classification or regression task to a labeled dataset
(e.g., D) (Fig. 2-3 a)). Using a training dataset Dyain Of an input matrix X, the model must predict
the corresponding target vector y with a prediction y. During training the settings of the given

model are adjusted by computing and minimizing the total loss
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m
L= 10u9)
i=1

(eqn. 1)

where m equals the number of entries (humber of tree-ring series) in Dwain and | is a loss
function (e.g., cross-entropy). To assure that the model has not only learned Dy.in by heart but
has adopted a meaningful representation that generalises to unseen data, it is applied to a test
dataset Diwst. Potential hyperparameters of a model can be adjusted using a validation dataset
Dval (Vapnik 1991; Ying 2019). Here, the input matrix X of the 143 living-tree series from varying
elevational sites between 1400 and 2200 m asl was split into Dyain and Diest USing a stratified
sampling by elevation to ensure a representation of all sites in both sets (80:20 split). In a
second split, Dyain Was divided by stratified sampling into the final Dyain and Dva (80:20 split).
We tested nine different ML classification algorithms on Dyain: KNN (Fix and Hodges 1951),
Ridge Regression (Hoerl and Kennard 2000), Logistic Regression (here Softmax Regression)
(Berkson 1944), Support Vector Machines (Vapnik and Chervonenkis 1974), Stochastic
Gradient Decent (Kiefer and Wolfowitz 1952), Gaussian Naive Bayes (H. Zhang 2004),
Random Forest (Breiman 2001), Linear Discriminant Analysis (Fisher 1936) and Extreme
Gradient Boosting (XGBoost) (Chen and Guestrin 2016). The hyperparameters of the
algorithms (e.g., maximum tree depth or learning rate) were fine-tuned using grid search and
stratified k-fold cross-validation (k = 10) on Dy.in €nsuring the consideration of the specified
combinations (chosen hyperparameters are listed in Tab. S 2-3). Afterwards, the models’
performances were tested again on Dyain Using a repeated stratified k-fold cross validation (k

= 10 and repeats = 100) to choose the best performing ML algorithm.

We measured the performance of the models using f1 score, precision and recall:

precisionXrecall

=4X .

fl score 2 precision+recall (eqn 2)

with
.. TruePositive
precision = — — (eqn. 3)
TruePositive+FalsePositive
and,
TruePositive
recall = (eqgn. 4).

TruePositive+FalseNegative

Precision describes the correctly sorted series per elevational class, while recall counts the
number of series, which belong to a certain class but are not predicted into it (Géron 2019).

The f1 score over all classes per model was calculated as arithmetic mean.
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We find that highest f1 scores are reached by the XGBoost algorithm (Tab. S 2-4) after
stratified repeated k-fold cross-validation with a mean f1 score of 0.7. XGBoost (Chen and
Guestrin 2016) is based on the gradient boosting algorithm by Friedmann (2001), which
iteratively builds an ensemble model consisting of multiple decision trees by minimizing the
loss function in each iteration (see Fig. 2-3 b) as simplified classification scheme with two
target classes (filled circle or unfilled diamond)). The algorithm proceeds until a final model N

is found specified by a stopping criterion (Ying 2019).

a) b) reduce loss N
Features d
per series Model N
Model 2
80% I 20% I ]
Y Split Y Model 1
1. Train Model 2. Test Model
Training Decision Tree, + Decision Tree, +...+ Tree
80%| get —> Test S
Validat Model |-eg-| Test Set & Feature: = v Featurez 2 vz
o alidation * o o e
o D e |aes
Hyperparameter ' (}yesl noe Oyes | noe
Tuning Model prediction ¥ I | l
vs. o <,
i Test set elevation (labels) y OOO. <.>.' . %(). H %®
- Labels y hd hd hd
‘N = tree number defined by early stopping mechanism

Fig. 2-3 a) Basic Machine Learning Scheme and b) a simplified Gradient Boosting Scheme with two classes (filled
circle or unfilled diamond).

Based on the applicability in tree-ring science, four different XGBoost models were trained on
different combinations of the features. Two models were trained on all density and ring-width
features: a general not species-related (39 features, DMgn) and a larch-specific model
including the 9-year spectrum (40 features, DMs,). Two additional models excluding
densitometric measured features were built: a general cross-species ring-width model
(RWMgen, 7 features) and a larch-specific ring-width model (RWMsp, 8 features). The average
and site-wise performances of these models were assessed on Diest. Finally, a feature matrix
for the historical timber was built and fed to the four XGBoost Models. All models were
implemented in Python 3.8.5 (Van Rossum and Drake 2009) with the packages Scikit-Learn
(Pedregosa et al. 2011) and XGBoost (Chen and Guestrin 2016).

For comparison with existing methods for dendroprovenancing, we additionally tested the
performance of these approaches with our living series of Duain and Diest. We built a regression

model from the Di.in tree-ring series (following the approach of Wilson et al. (2004)) based on
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the correlation between the individual site chronologies and the highest elevation chronology
S22 (2200 m asl). We also tested a PCGA approach (Buras et al. 2016) on our tree-ring
parameters (TRW, MXD, EWW, EWD, LWW and LWD) to check for differences in PCGA
loadings. The tree-ring series of Dist were then sorted to a provenance following the steps
described in Akhmetzyanov et al. (2019; 2020). We used our LWD densitometry
measurements as equivalent substitutes for their use of latewood blue intensity (Campbell et
al. 2007). Precision, recall and f1 score were calculated for these approaches to compare them

to our XGBoost models (equations 2-4).

2.3 Results and discussion

2.3.1 Model performances on the test dataset

Testing the models revealed that DMs, and RWMsg, (Tab. 2-1) perform better than their species-
independent equivalents DMgen and RWMgen (Tab. S 2-5). While DMgen and RWMgen reach
average f1 scores of 0.69 and 0.25, the inclusion of the larch-specific LBM feature increases
the scores to 0.80 (DMsp) and 0.31 (RWMs;), respectively. In DMy, the highest site-wise 1
scores are observed for the sites S22, N16, and S20 and it executes better than DMgen in
almost all sites, except for the highest and the lowest elevation. This performance gain is most
pronounced in SN17 and N19. The provenance model results (Fig. 2-4) imply that the LBM
signals appear to be stronger at these sites and serve as an important feature for site
distinctions in DMy, (Fig. 2-4 c)). This is also reflected by the high feature importance of the
LBM spectrum (Fig. 2-4 d)) and the increased performance of RWMs, compared to RWMge,, at
site N19 (Tab. 2-1, Tab. S 2-5). Our results indicate that future applications of likewise models
should be tested with and without tree species-related characteristics (e.g., interactions with
insects) when specific influences on growth are known and observed. Even though the ring-
width models themselves are not very reliable, including site- or species-specific information
improved the model’s ability to distinguish sites (mean f1 scores: 0.25 in RWMgen and 0.31 in
RWMs,). The comparison of models with and without disturbance effects can offer the chance
to detect site specific influences such as LBM mass outbreaks and support the assessment of
past disturbances in historical series. However, the increased performances of the larch-
specific models in our example reflect the distinct impact of LBM outbreaks on larch growth
and raise the question, if general not species-related models will have increased performances
when applied to undisturbed non-host species like the Swiss pine (Pinus cembra L.). In the
Simplon valley, the inherent LBM signal strength on certain elevations has a strong influence
on the performance of provenance models for larch trees. When working with species, which
react similarly to a disturbance, a feature that describes the strength of this disturbance on

each individual tree-ring series should be considered.
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Tab. 2-1 Classification Report: performance metrics of Diest’ on DMsp?2 and RWMsp® (in brackets) in each

individual class.

Site Precision Recall f1 score
S14 0.57 (0.57) 0.8 (0.8) 0.67 (0.67)
N16 1 (0.40) 1(0.4) 1(0.4)
SN17 0.75 (0.0) 0.6 (0.0) 0.67 (0.0)
N19 0.6 (0.6) 0.6 (0.6) 0.6 (0.6)
S20 1(0.0) 0.75 (0.0) 0.86 (0.0)
S22 1(0.17) 1(0.2) 1(0.18)
Average 0.82 (0.29) 0.79 (0.33) 0.8 (0.31)
1 test dataset
2 larch specified density and ring-width parameter model
3larch specified ring-width parameter model
a) 42 42 b) 42
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Fig. 2-4 a) Classified historic timber by DMsp, (larch specified density and ring-width parameter model) and DMgen
(general unspecified density and ring-width parameter model) b) Accordingly, RWMs, (larch specified ring-width

parameter model) and RWMgen (general u unspecified ring-width parameter model), including the f1 score of Diest
(test dataset) and correlations between EOBS 0.25° mean temperature data for June-August (*rua) and MXD
(maximum latewood density) a) and TRW (tree-ring width) b) chronologies, respectively. Correlations tagged with
"s have no significant correlation. ¢) and d) illustrate the most important features of the models above.

**Frequency score refers to the number of decision tree nodes, a feature was used for (see methods for detailed
information on feature abbreviations).
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Including tree-ring density features generally improves model results. The ring-width models
are not able to distinguish SN17 and S20 from the other sites (f1 scores = 0; Tab. 2-1, Tab. S
2-5), produce more classification errors on Diest than the density models (sum of errors for
RWMgen = 21, RWMsp = 19, DMgen = 9 and DMs, = 6) and misclassify series belonging to SN17
to S22. With respect to detrending, mistakenly handling low elevation series as high elevation
series can impact a mean chronology, particularly when such misplaced series are clustered
during certain periods. Additionally, RWMgen sorts series from N19, characterized by higher
temperature sensitivities, to the lowest elevated site, which contains no temperature signal
(see rJJA in Fig. 2-4 b)). These errors will, however, not influence a temperature
reconstruction, as sites with a low climate response should be excluded from a final
chronology. Nonetheless, the sample replication of useful historical series would be reduced,
and uncertainties increased. In the Simplon valley, the ring-width models appear to lack the
ability to correctly determine the provenance and distinguish minor elevational differences (<
200 m), although small-scale elevation steps can result in differences in a tree species growth
response to environmental factors (rJJA in Fig. 2-4 a, b)) (Salzer et al. 2009; 2014; Bunn et al.
2011; Hartl et al. 2022).

The applied XGBoost algorithm is not able to find a well-fitting model, when trained on our ring-
width features and, as Akhmetzyanov et al. (2019) has already shown for dendroprovenancing
with PCGA, performs better when tree-ring density measurements are included. We suggest
using DMy, for finding the provenance of our historical tree-ring series, as it is the most reliable
model indicated by the highest f1 score and lowest number of prediction errors. This unique
dataset including density measurements and LBM features is, however, tailored to larch trees
from the Simplon valley. Datasets of varying species and other regions might perform better

with a different algorithm.

2.3.2 Extreme Gradient Boosting models compared to previous dendroprovenancing
approaches
The performance of previous approaches on Dt indicates that these approaches are not
suitable for our data as they show lower performances scores and higher error numbers than
our DMs,. The application of PCGA to find the provenance of the Diwst series resulted in f1
scores of 0.28 (LWD) and 0.16 (TRW), respectively (Fig. S 2-1 a-c)). PCGA has demonstrated
the ability to distinguish between high and low elevation sites (Akhmetzyanov et al. 2020) but
does not appear to be able to determine the provenance of the series as precise as the

XGBoost model in this study. Utilizing the method described in Wilson, Esper, and Luckman
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(2004) on the dataset indicates a non-linear correlation between the highest site and the other
elevational chronologies (Fig. S 2-1 a, d)). The striking low correlation between the highest
site and the N19 chronology might result from differing LBM signals between the sites, which
is supported by the observed performances decrease in DMgen compared to DMs, at N19 (Tab.
2-1, Tab. S 2-5). Thus, fitting a linear regression model on the series of Dy.in and testing this

model using Diest reveals a lower f1 score of 0.25 (Fig. S 2-1 a)).

Most existing approaches depend on a common period between the historical and living tree-
ring series, but even when a common period is given, DMsp, DMgen and RWMs, outperform
traditional dendroprovenancing approaches on our dataset. The XGBoost models (but also all
other tested ML models, Tab. S 2-3, S 2-4) do not require a common period. Our approach
has the advantage of including specifications on certain regions or tree-species (here
European larch) if needed and could likewise be applied to other dendroprovenancing
objectives, such as shipwrecks or art provenance as well as trade or transportation route
studies (Wazny 2002; Bridge 2011; Shindo and Claude 2019; Linderholm et al. 2021; Daly and
Tyers 2022). Testing different ML algorithms, which are independent of a common period,
might enlarge the pool of useable sites for these wood provenance studies and could thereby

improve detecting the geographical origin.

2.3.3 Dendroprovenancing of historical timber using Extreme Gradient Boosting

The classification of historical material reveals differences between our four models (Fig. 2-4
a, b)). DMsgp, DMgen and RWMgen classify most series to the lowest site S14, while RWMgen sorts
most series to N19. In contrast to their general not species-related equivalents the larch-
specific models classify more series to the LBM-influenced site N19 but less series to the
highest elevation sites. Comparison of the individual series predictions reveals that most of the
series assigned to a higher elevation by DMgen were sorted to N19 by the larch-specific DMsp.
This might again indicate that information on the intensity of the LBM mass outbreaks cyclicity
influences a model's differentiability of these sites and thus the model outcomes. An
assessment of the predictions reveals that 26% of the historical series are sorted to different
sites by DMs, and DMgen. With respect to the better performance and lower number of errors
of DMsp, compared to DMgen during the model validations, DM, likely performs more confident
with the historic series as well. RWMge, indicates a similar problem outlining a tendency to sort
historical series to S20, while the larch-specific RWMs;, attributes them to N19. Both ring-width
models have very low performance scores as well as high error numbers on Dist and,
compared to the density models, classify 49% (RWMgen to DMgen) and 41% (RWMs, to DMsp)
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of the historical series differently. The discrepancy between RWMs, and DM, classifications
persist throughout time (Fig. 2-5), culminating between 1250-1600 CE. This peak period is not
covered by living material (of known origin) and erroneous predictions (e.g., from RWMs;) could
lead to incorrect variability or mean levels in an RCS detrended chronology, when historical
series sorted to wrong elevations. As varying allocations of historical series may bias long
composite chronologies differently in certain time periods, these chronologies depend on a

reliable provenance of historical series.
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Fig. 2-5 Segment plots for the classified historic timber by DMsp, (larch specified density and ring-width parameter
model) in a) and RWMsp, (larch specified ring-width parameter model) in b). Colours in a) denote to the different
elevational classes, the historical material was grouped to by DMsp. In comparison to a), identical classifications of
DMsp and RWMg, are greyed in b). Colours in b) pronounce classification differences and give the respective
class.

As the analyses on Diest imply more accurate predictions by the DMs, in contrast to the other
models, especially to the ring-width models, the results of the classification of historical timber
by DMs, should be considered for further proceedings. For a reconstruction, we suggest using
series allocated to the temperature sensitive high elevation sites N19, S20 and S22. This will
result in using only 35 of 99 historical series but will improve the robustness of the signal
strength of these series. In the Simplon valley, these high elevated sites show distinct offsets
in their regional curves (Hartl et al. 2022), which must be considered when merging samples
and sites into one RCS run (Esper et al. 2014). Excluding 54 historical series from a chronology

would, however, massively reduce the sample replication. The period between 742-1450 CE
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will almost never exceed five series per year and puts the development of a continuous
millennium-length climate reconstruction at risk. Treeline shifts during the last millennium can
alter the elevational temperature signal strength, and bias climate reconstructions (Blintgen et
al. 2022). The provenance model cannot account for temporal changes in treeline elevation,
but it helps reducing the bias by excluding historical series classified to recent lower elevations
and reveals the series from close treeline sites with a very high likeliness of high temperature

sensitivity.

2.3.4 Outlook and future applications of machine learning algorithms in
dendroprovenancing
Our new approach for dendroprovenancing using ML shows considerable skill to differentiate
tree-ring samples over short distances and among different elevations. While this application
is limited to the Simplon Valley in the Swiss Alps and European larch, the proposed scheme
(Fig. 2-3 a)) could similarly be applied in other provenance studies. If suitable, existing multi-
centennial to -millennial long chronologies, based on ex situ historical or relict wood might be
improved using ML techniques. Improved provenance determination of dead wood will
increase the temporal stability of the climate signal of a chronology and enable a more reliable

reconstruction of past climate.

Algorithms may also be trained with geographical coordinates as target y and a matrix X of
series features from different chronologies to detect wood trade routes and origins of art or
ship timber. It is mentionable that for different study areas, the chosen final algorithm might not
match our best performing one, since tested algorithms might outperform each other differently
depending on the region or species (Wolpert 1996). We acknowledge that the available
features in this study are unique and are often not available in this quantity, hindering the exact
reproduction of the models. We consider the selected basic features of our study as a good
starting point, which can be extended with other tree-ring parameters, e.g., blue intensity, wood
anatomical features, dendrochemical parameters, biomarkers or isotopic signatures, that are
already tested in other provenance studies (e.g., Hajj et al. 2017; Traoré et al. 2018;
Akhmetzyanov et al. 2020; Dominguez-Delmas et al. 2020). In the presented study, the LMB
influence strongly impacts the performance of our models. Therefore, we suggest testing our
approach with a non-host species, i.e., with the tree-ring series of previous approaches, to
compare general cross-species models with each other. We hypothesis that the reduced
performance of a general cross-species model (DMsp, RWMsp) likely results from the LBM

manifestations in the larch samples. Using an undisturbed tree species might also result in

19



Using machine learning on tree-ring data to determine the geographical provenance of
historical construction timbers

better performances of the ring-width models. More data from living trees would likely improve
training the presented models. The DMs, should especially be tested in future studies using
corresponding blue intensity features, because it is a less labour and cost intensive approach
for gaining information on tree-ring density (McCarroll et al. 2002; Campbell et al. 2007;
Bjorklund et al. 2014).

2.4 Conclusion

Our novel approach using the ML algorithm XGBoost with tree-ring density and width data
including species-specific features (DMsp) improved to determine the provenance of wood of
unknown origin without relying on a common period with (living-tree) reference data. The origin
of 99 historical series was assigned along an elevational transect ranging from 1400 to 2200
m asl. Importantly, series from sites with diverging temperature responses have been identified
and were consequentially excluded from a reconstruction. Our approach enables the user to
include multiple parameters of individual trees and species and test various ML algorithms. It
reveals how model performances are impacted by tree growth disturbances and how these
performances can be used to detect the strength of growth disturbances. Our novel approach
may serve as a framework for future applications of ML and dendroprovenancing in tree-ring

research.
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2.7 Supplementary material

Tab. S 2-1 Descriptive statistics of the living tree sites and the historical dataset: mean series length (MSL), length
of chronology (Range), First-Order Autocorrelation (AR1) and inter-series correlation (Rbar) of tree-ring width
(TRW) and maximum latewood density (MXD) data.

Code Elevation | Expo | MSL First Last | Range | AR1 AR1 Rbar Rbar

[m asl] sure year (>5) | year TRW | MXD | TRW MXD

S$14 1400 south 73 1884 2011 128 0.68 0.5 0.7 0.37
(1928)

N16 1600 north 134 1860 2011 152 0.83 0.44 0.64 0.43
(1870)

SN17 1700 south 133 1679 2011 333 0.77 0.44 0.56 0.49
& (1854)

north

N19 1900 north 205 1582 2010 429 0.67 0.54 0.64 0.56
(1685)

S20 2000 south 213 1672 2010 339 0.77 0.61 0.7 0.62
(1714)

S22 2200 south 218 1542 2009 468 0.7 0.52 0.71 0.64
1717)

Histori | unknown | unkn 115 742 2002 1261 0.75 0.51 0.47 0.31
cal own (790)

Tab. S 2-2 Mean values of tree-ring proxies: average growth rate (AGR), site means of maximum latewood density
(MXD), earlywood width (EWW), latewood width (LWW), earlywood density (EWD) and latewood density (LWD).

Code Elevation | AGR | Mean MXD | Mean EWW | Mean LWW Mean EWD Mean LWD
[m asl]
S14 1400 1.58 1.02 1.08 0.49 0.35 0.91
N16 1600 0.94 1.02 0.66 0.29 0.34 0.91
SN17 1700 0.91 0.98 0.62 0.29 0.36 0.87
N19 1900 0.97 0.9 0.67 0.3 0.34 0.79
S20 2000 0.72 0.86 0.52 0.21 0.34 0.76
S22 2200 0.72 0.84 0.51 0.21 0.36 0.73
Historical | unknown | 1.16 0.99 0.84 0.32 0.37 0.88
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Tab. S 2-3 Hyperparameters of the fine-tuned models.

ML Algorithm Hyperparameter

Ridge Regression Classifier {'alpha': 0.3, 'solver": 'cholesky'}

{'multi_class": 'multinomial’, 'solver": 'newton-cg', 'C":

Logistic Regression Classifier (Softmax Regression) 15,
'penalty": '12', 'max_iter': 9000000}
Gaussian Naive Bayes {'var_smoothing" 8.111308307896856e-09}

{'criterion': 'entropy','max_depth': 20,

'min_impurity_decrease": 0.0001,
Random Forest
'min_sample_split": 5,

'n_estimators': 75}

{'eval_metric": 'mlogloss’, 'eta’: 0.3, 'max_depth': 5,

. ) 'subsample’: 1, 'n_estimators": 250,
Extreme Gradient Boosting (XGBoost)
‘colsample_by tree": 1,

'‘gamma’: 0.1, 'min_child_weight": 1, earlystopping}

{'algorithm':  'kd_tree', 'leaf _size': 1, 'metric":
k-Nearest Neighbor ‘euclidean’,

'n_neighbors": 1, 'weights': 'uniform'}

Support Vector Machine {'C": 30, 'gamma': 0.005}

{'alpha: 0.1, ‘'learning_rate": ‘optimal', ‘loss":
Stochastic Gradient Decent 'squared_hinge’',

'penalty': 11"}
Linear Discriminant Analysis {'shrinkage': 1, 'solver": 'Isqr'}

Tab. S 2-4 Tested fine-tuned Machine learning algorithms with f1 score means and standard deviations (std) of
repeated stratified k-fold (k = 10, repeats = 100) cross-validation.

ML Algorithm f1 score mean f1 score std
Ridge Regression Classifier 0.58 0.12
Logistic Regression Classifier (Softmax Regression) 0.57 0.13
Gaussian Naive Bayes 0.59 0.12
Random Forest 0.68 0.12
Extreme Gradient Boosting (XGBoost) 0.70 0.12
k-Nearest Neighbor 0.68 0.13
Support Vector Machine 0.61 0.14
Stochastic Gradient Decent 0.16 0.08
Linear Discriminant Analysis 0.35 0.08
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Tab. S 2-5 Classification Report: performance metrics of Drest (test dataset) on XGBoost in each individual class for
DMgen (density and ring width parameter model unspecified and general) and RWMegen (ring width parameter model
unspecified and general) (in brackets).

Site Precision Recall f1 score
S14 0.63 (0.5) 1(0.8) 0.77 (0.62)
N16 1(0.67) 0.6 (0.4) 0.75 (0.5)
SN17 0.67 (0.0) 0.4 (0.0) 0.5 (0.0)
N19 0.38 (0.17) 0.6 (0.2) 0.46 (0.18)
S20 1(0.0) 0.5 (0.0) 0.67 (0.0)
S22 1(0.2) 1(0.2) 1(0.2)
Average 0.78 (0.26) 0.68 (0.27) 0.69 (0.25)
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a) Precision Recall f1score
b: Akhmetzyianov et al. 2019/2020 (LWD) 0.4 0.22 0.28
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Fig. S 2-1 a) Other tested approaches. Results from the PCGA with b) latewood density and c) tree-ring width and
d) the linear regression model. Although ring width in c) seems to be better separated, the density PCGA
provenancing b) works better for provenancing (see a)), which is in line with findings from Akhmetzyanov et al.
(2020).
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Summary

Europe experienced severe heat waves during the last decade, which impacted ecological and
societal systems and are likely to increase under projected global warming. A better
understanding of pre-industrial warm-season changes is needed to contextualize these recent
trends and extremes. Here, we introduce a network of 352 living and relict larch trees (Larix
decidua Mill.) from the Matter and Simplon valleys in the Swiss Alps to develop a maximum
latewood density (MXD) chronology calibrating at r = 0.8 (p>0.05, 1901-2017 CE) against May-
September temperatures over Western Europe. Machine learning is applied to identify
historical wood samples aligning with growth characteristics of sites from elevations above
1900 m asl to extend the modern part of the chronology back to 881 CE. The new Alpine record
reveals warmer conditions in the 10" century, followed by an extended cold period during the
late Medieval times, a less-pronounced Little Ice Age culminating in the 1810s, and prolonged
anthropogenic warming until present. The Samalas eruption likely triggered the coldest
reconstructed summer in Western Europe in 1258 CE (-2.32°C), which is in line with a recently
published MXD-based reconstruction from the Spanish Pyrenees. Whereas the new Alpine
reconstruction is potentially constrained in the lowest frequency, centennial timescale domain,
it overcomes variance biases in existing state-of-the-art reconstructions and sets a new

standard in site-control of historical samples and calibration/ verification statistics.
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3.1 Introduction

There is a rising urgency to improve our understanding of natural and anthropogenic drivers
of temperature variations and reduce uncertainties in model predictions (Eyring et al. 2019).
Analysing past climate variability, identifying spatial patterns and updating paleoclimate
models is indispensable to establish the basic conditions for these models (Esper and Blintgen
2021). Common paleoclimate archives are tree-rings from high-elevation and high-latitude
sites, which are used to reconstruct past temperature variability and place anthropogenic
warming into historical context (Schweingruber 1988). This is not only true for long-term
changes in climate history but for annual fluctuations, for example, exceptionally warm/cold
and wet/dry years. With information on extreme events, we can set recent extreme events (and
the likelihood of future events) in an historical context regarding their timing, occurrence and
strength (e.g., Qin et al. 2011; Lyu et al. 2016; Borkotoky et al. 2021).

The European Alps have been of interest for such studies for decades as the regional warming
already exceeded 2°C from 1864 to 2017 CE (Allgaier Leuch et al. 2017). Tree-ring width
(TRW) and maximum latewood density (MXD) have been used as proxies to develop eleven
Alpine temperature reconstructions (Schweingruber et al. 1987; 1988; Blintgen et al. 2005;
Frank et al. 2005; Frank and Esper 2005a; Blintgen et al. 2006; Esper et al. 2007b; Corona et
al. 2010; Corona et al. 2011; Trachsel et al. 2012; Coppola et al. 2013; Leonelli et al. 2016,
Tab. 3-1). Mainly, these publications used larch (Larix decidua Mill.) tree-ring series with one

exception, which is a spruce (Picea abies L.) reconstruction (Esper et al. 2007b).

Most analyses targeted summer temperatures from June to August (JJA), whereas a few MXD
chronologies were used for longer seasons: Schweingruber et al. (1987/1988) and Buintgen et
al. (2006) calibrated their MXD chronologies to June to September (JJAS) temperatures, while
Frank and Esper (2005) reconstructed April to September temperatures. One exception is
Esper et al. (2007b), which found best correlations with temperatures from June-July for TRW
and August-September for MXD. Seven of the eleven reconstructions extend back to the first
millennium CE (Schweingruber et al. 1987; 1988; Blntgen et al. 2005; Blintgen et al. 2006;
Esper et al. 2007b; Corona et al. 2010; Corona et al. 2011; Trachsel et al. 2012). MXD-based
chronologies reached correlations up to 0.69 with instrumental JJAS temperatures (Blntgen
et al. 2006). The most recent reconstruction reported correlations up to 0.78 with JJA from
1763 to 2014 CE (Leonelli et al. 2016). Out of all mentioned publications, Blintgen et al. (2006)
received by far the most citations for their reconstruction from the Swiss Létschental (hereafter
referred to as Lotschental) implying the data often being used in other studies and the findings
having a generally high impact on the scientific community. Above all, it is the longest existing
MXD-based reconstruction from the Alps based on a single species and serves as comparison

for this study.
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Tab. 3-1 Existing TRW- or MXD-based temperature reconstructions based on from the European Alps in order of
publication year. The table includes the number of included sites, the elevation, the used proxies, the range of years
covered, as well as the species (Larix decidua Mill. = LADE, Abies alba Mill. = ABAL, Pinus cembra L. = PICE,
Picea abies L. = PIAB), the temperature signal used for reconstructing (letters denote to the first letter of the
corresponding months, e.g. JJUA June, July, August).

No. Publication # of Elevation Proxy Period [CE] Species Temperature
Sites [m asl] Signal
1 Schweingruber 16 100-1700, MXD 982-1976 PIAB, JJAS
et al. 1987/ 1800 ABAL
1988"
2 Bintgen et al. 5 >1500 TRW 951-2002 LADE, JJA
2005" PICE
3 Frank & Esper 53 >1500 TRW / MXD 1600-1988/ PIAB, JJA/ AMJJAS
2005 1650-1987 ABAL,
LADE,
PICE
4 Frank et al. 53 >1500 TRW 1760-1990 PIAB, JJA
2005 ABAL,
LADE,
PICE
5 Bintgen et al. 4 >1900 MXD 755-2004 LADE JJAS
2006"
6 Esper et al. 4 - TRW /MXD 1028-2003 PIAB JJ/AS
2007bh
7 Corona et al. 38 >1725 TRW & MXD 1000-2000 LADE, JJA
2010" PICE
8 Corona et al. 34 >1600 TRW 751-2003 LADE JJA
20110
9 Coppola et al. 4 >1910 TRW 1610-2008 LADE JJA
2013
10 | Trachsel et al. 4 - TRW, MXD, 755-2004 LADE, JJA
2012" BI, PIAB,
Chrionomid/ PICE
biogenic Silica
1 Leonelli et al. 42 > 1800 TRW 1470-2010 LADE, JUA
2016 PIAB,
PICE

h = used historical series from buildings

38




Revising Alpine summer temperatures since 881 CE

The mentioned millennium-long chronologies all include wood samples from historical
buildings (e.g. Corona et al. 2010; Trachsel et al. 2012) as high-elevation forests in the Swiss
Alps have been heavily influenced by anthropogenic forest use since the Middle Ages
(Conedera et al. 2017). Therefore, the likelihood of living trees spanning earlier ages is low
and in situ dead wood in the Alps is rare. The long history of human activity, however, enables
the use of construction timber of old, high-elevation settlements like Zermatt in Switzerland
(Coolidge 1912). The recurring issue with historical tree-ring samples in all of the existing
reconstructions spanning a millennium is the limited site control and validation that these
woods originate from elevations near treeline and contain strong temperature signals
(Riechelmann et al. 2020). Multiple studies showed that the temperature signal in tree-ring
parameters weakens with decreasing elevation (Neuwirth et al. 2004; Affolter et al. 2010; King
et al. 2013; Hartl-Meier et al. 2014a; Hartl-Meier et al. 2014b; Salzer et al. 2014; Zhang et al.
2015; Hartl-Meier et al. 2017b; Hartl et al. 2022), which can consequently influence the
temporal robustness of a reconstruction. Kuhl et al. (2023) recently introduced a method to
mitigate these biasing effects by fitting tree-ring parameters and growth characteristics to a
classification model to sort historical series to living stands with different distances to treeline.
This provenance method was tested on data from the Swiss Simplon Valley in Kuhl et al.
(2023) and is now applied to the Swiss Matter Valley data as well to exclude historical series
with growth behaviours similar to sites further away from the current treeline. With this
approach, we aim to build an improved millennium-length temperature reconstruction by the

selection of historical material based on the information we gain from the provenance models.

We present a new MXD-based temperature reconstruction from 352 living and historic larch
trees (Larix decidua Mill.) sampled in the southwestern Swiss Alps. We analyse the influences
of detrending and variance stabilisation on reconstruction variability and trends, assess and
mitigate the effects of larch budmoth infestation events, and revise Alpine temperature history
since 881 CE including severe changes compared to existing reconstructions from the
European Alps. The record is compared with other high-resolution warm season temperature
reconstructions, and common trends and extremes are discussed to evaluate large-scale

climate forcings.
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3.2 Methods

3.2.1 Study sites and data distribution

The study sites in the canton Valais in the South-Western Swiss Alps include a total number
of 352 series from living trees and historical buildings from valleys south of the Rhone valley
(Fig. 1a-c). In the Simplon (SV) and Matter (MV) valleys (Hartl et al. 2022; Kunz et al. 2023),
146 living series of larch (Larix decidua Mill.) from high elevations (hereafter SV1-3 and MV1-
3) were sampled. Likewise, 99 historical series from buildings in Simplon village and 206
historical series from buildings in Zermatt and Zmutt villages (Schmidhalter, M., Riechelmann
et al. 2013; Riechelmann et al. 2020) were sampled (Fig. 3-1 b-d)). From these samples, X-
ray densitometric measurements were conducted using a Walesch2003 (WALESCH,
Electronic GmbH, Switzerland) as described in Bjorklund et al. (2019). The distribution of
historical series in time was evaluated to prevent biases arising from an unbalanced dataset
(Fig. 3-2, Esper et al. 2016).

[CIY o @) site Elevation N
. SV1 1900 23
Sv2 2000 22
SV3 2200 24
Simplon 1480 36
MV1 2000 30
Mv2 2300 24
MV3 2300 23
Zermatt/Zmutt 1600/1900 170

Fig. 3-1 a) Study site in the Swiss Alps close to the Italian border, b) and locations of the sampling sites for living
trees (turquoise triangles) and historical buildings (dark blue quarters) in the Matter Valley (MV) and the Simplon
Valley (SV) ¢) The historical village of Zmutt in the Matter Valley (credits: C. Hartl) d) Information about the elevation
[m asl] and the number of samples (increment cores and discs) per site.
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Fig. 3-2 Temporally balanced distribution of the 146 living (grey) and 206 relict (coloured) samples, sorted by their
innermost rings in a bar plot. Pie charts show the even distribution of samples per house (top) and the total number
of yearly measurement points per building (bottom). Both, pie charts and bar plot support a balanced ratio between
the number of historical and living measurements.

3.2.2 Provenancing of the historical material

To determine the provenance of the historical series, two Machine Learning (ML) models were
trained based on densitometric measurements and statistical data from transect sites in both
valleys. For SV, the procedure is described in Kuhl et al. (2023) and was likewise applied to
MV. Compared to SV, MV had only a limited number of available sites from different elevations
(MV1 and MV2/MV3). Hence, samples showing a prediction probability lower than 0.8 in the
ML model output were excluded from the analysis. In rare cases, when A and B samples were
predicted to origin from different elevation classes, these were manually assigned to the most
likely elevation. From all measured historical samples, 36 (out of 99) from SV and likewise 170
(out of 206) from MV were used for this study. The final datasets were produced by including

the historical series to the corresponding living series collectives (Fig. 3-1 c), Tab. S 3-1).

3.2.3 Detrending

After provenancing, the sites were mean-adjusted valley by valley to the MXD level of the
highest sites (Fig. S 3-1). Differences in mean levels were estimated by calculating the offset
between regional curves (RCs) over a period of replication = 15 series (100 cambial years SV,

250 cambial years MV) for each site. The data from the two valleys were then combined and
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likewise adjusted in their mean levels over the first 300 years of cambial age meeting > 15
series. Missing rings were in-filled using Arstan (Version 41d, Cook 1985), series were power
transformed, pruned (Briffa et al. 2001) beyond 300 years of cambial age (considering pith
offsets) and standardized in R 4.2 (R Core Team 2021). To remove age-related density
changes (Braker 1981) the series were detrended as residuals (Cook and Peters 1997) using
regional curve standardization (RCS, Esper et al. 2003) with a 67% mean cambial age
smoothing filter (frequency response = 0.5). In addition, the signal free (SF) approach (Melvin
and Briffa 2008) on RCS and age-dependent spline detrending (Melvin et al. 2007), as well as
a 300-year smoothing spline (Cook and Peters 1981) and Hugershoff detrending (Cook et al.
1990) were applied for comparison (see Fig. S 3-2). SF detrending was calculated using the

program Signal Free (Version 45_v2b, Cook et al. 2017).

3.2.4 Larch budmoth treatment

Larch trees in these elevations and regions of the European Alps are affected by recurring
larch budmoth (Zeiraphera griseana Hb., LBM) mass outbreaks, leading to defoliation, and
consequently to reduced MXD values and radial growth in the event year (Esper et al. 20073;
Baltensweiler et al. 2008; Hartl-Meier et al. 2016; Hartl-Meier et al. 2017b; Kunz et al. 2023).
These distinct declines in MXD are independent of weather conditions and need to be removed
when reconstructing temperature. Several methods were introduced by Buntgen et al. (2009)
or Kunz et al. (2023) for LBM outbreak detection. From these methods, impulse indicator
saturation (Pretis et al. 2016, IIS) is the most effective one for our purpose as it not only detects
LBM events but also gives a correction factor for these years. The raw MXD series were
detrended prior to IIS using a 30-year smoothing spline. This algorithm identifies rapid breaks
(Fig. S 3-3 a)) as negative outliers and uses these as correction coefficients to be subtracted
from the RCS detrended series (Fig. S 3-3 b)). The method was initially introduced to
accurately detect volcanic events in simulated temperature time series and has proven its
potential for LBM detection (Pretis et al. 2017; Schneider et al. 2017; Kunz et al. 2023). When
applying 1IS, a non-host chronology can be included as a regressor to ensure that the algorithm
does not detect outliers that show climate induced declines (e.g. volcanic events) (Kunz et al.
2023). Between 1616 and 2017 CE a non-host Swiss stone pine (Pinus cembra L.) site from
MV (Kunz et al. 2023) and a non-host larch (Larix decidua Mill.) site from the Northern Alps
(Hartl-Meier et al. 2014a) were included in the algorithm (Fig. S 3-3 ¢)). As the non-host
chronologies only extend back to 1616 CE, prior comparison to the host chronology reaching
back to 881 CE was prevented. Consequently, the algorithm detected known volcanic events
as LBM events in this period. To avoid the correction of climatic induced growth declines,

stratospheric aerosol optical depth (SAOD) years from Sigl et al. (2021) were averaged over

42



Revising Alpine summer temperatures since 881 CE

the Westerlies zone (~30-60°N). In years, where SAOD values exceeded 0.03 and matched
an |IS detected year, the LBM correction value was not subtracted from the host chronology.
The valleys were treated individually to address the lag of outbreak years between the valleys
(Johnson et al. 2004; Saulnier et al. 2017; Kunz et al. 2023). Comparison of LBM detections
of the IIS algorithm corrected chronology and the non-host chronology (Fig. S 3-3 c)) confirms
that the algorithm can detect non-climate-related growth declines. The prevention of false
detection of volcanic cooling events as LBM outliers by using the SAOD values is necessary
to preserve climatic signals in the chronology, but it can lead to overestimated cooling when

LBM events and volcanic induced cooling years align.

3.2.5 Variance stabilization

The final chronology was constructed using Tukey’s bi-weight robust mean. To account for
changes in variance, chronology variance was stabilized using the method detailed in Osborn
etal. (1997). On trial, different window lengths were tested during stabilization. Results showed
shorter windows (e.g. 31 years) stabilize variance better than larger ones. However, applying
a narrow window for variance stabilization increases the risk to eradicate low-frequency trends
(Frank et al. 2007). We approached this risk by calculating residuals between the chronology
and a 100-year low-pass Butterworth filter. The variance of the high-frequency residuals was
then stabilized in a 31-year window, whereas the low-pass chronology was stabilized in a 201-
year window (Osborn et al. 1997)). Afterwards, the stabilized sub-chronologies were added
back together to the final chronology from 881 to 2017 CE. Calculations were performed in R
4.2 (R Core Team 2021) using the package “dpIR” (Bunn 2010).

3.2.6 Climate signals

Pearson’s correlations between instrumental temperatures (CRU TS 4.06; Harris et al. 2020)
and the MXD chronology were calculated from 1901-2017 CE in a classical bootstrap approach
(boot, = 1000, a = 0.95) using the R package “treeclim” (Zang and Biondi 2015). Correlations
were computed for monthly January-September (J-S) and JJA and May-September (MJJAS)
seasonal means. For every grid from -10°E to 20°W and 35-65°N, we likewise calculated
correlations between MJJAS mean temperature anomalies and the tree-ring chronology. We
averaged the temperature data of all grids exceeding r = 0.7. Static and running correlations

(31-year window) were performed using this averaged temperature record.

43



Revising Alpine summer temperatures since 881 CE

3.2.7 Calibration, verification, and reconstruction

Three different reconstruction approaches (linear regression, polynomial regression, and
scaling) were tested using a two-fold cross-validation from 1901-1959 and 1960-2017 CE
against MJJAS grid-averaged temperature anomalies. The correlation between predicted and
observed data (r), explained variance (R?) and root mean squared error (RMSE) were used to
assess model accuracies. For the final reconstruction, the best performing model was chosen
and then calibrated over the full period from 1901-2017 CE.

Uncertainty bands for the reconstruction were estimated by averaging RMSEs of sub-
chronology reconstructions for different, stepwise increasing sample depths from n = 5-50
series in five steps. For each of these replication steps, bootstrapped sub-chronologies of n
randomly sampled series were built (boot, = 1000). These individual sub-chronologies were
then used to reconstruct MJJAS temperature anomalies on the calibration period 1914-2002
CE. For each reconstruction r, R and RMSE were calculated. The mean RMSE for each
replication step (RMSE,) was then used to estimate the error of the reconstruction depending

on its sample depth n (error = 2*RMSE,).

3.2.8 Standard reconstruction approach

A reconstruction including all existing historical series was additionally modelled neglecting
provenance information. The data were gap-filled, power transformed and pruned (300-years).
In contrast to the new approach, no mean adjustment was performed. All series were
detrended, LBM corrected, and variance stabilized, just as the main chronology of this paper.
A linear model with the same temperature data was used to reconstruct the MJJAS mean
temperature variability (averaged grids), and the results compared with the novel provenance

considering reconstruction.

3.2.9 Superposed epoch analysis and extreme year analysis

Superposed epoch analysis (Lough and Fritts 1987, SEA) was applied to evaluate the
significance of major volcanic eruptions (Tab. S 3-2) considering a period of five years prior
(reference period) and five years after the event using the package “dpIR” (Bunn 2010). For
this, a 30-year high-pass filter was run on the new reconstruction and the Létschental record
(Buntgen et al. 2006). From bootstrap resampling (boot, = 10,000), 99% confidence intervals
were calculated to estimate significant deviations after volcanic event year period. In addition,
the coldest 20 years of the 50-year high-pass filtered records were compared against volcanic

event years.
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3.3 Results

3.3.1 Chronology development

The developed chronology covers the period from 881-2017 CE including 1137 years and thus
has the potential to revise climate variability back to the early medieval period. The minimum
sample depth n = 5 spans the period 881 to 901 CE and the maximum is reached in 1963 CE
with n = 93 series. The average correlation between the series is 0.54, with a mean segment

length of 146 years due to pruning of the data and a lag-1 autocorrelation of 0.3.

The removal of non-climate related biases in tree growth can help to increase the robustness
of a chronology. This improvement can be accomplished by selecting historical series, which
have been sorted to high-elevation microclimate growth characteristics by the provenance
model and are therefore more likely to have a stronger temperature signal. Considering this
information of the series allows for exploration of differences in MXD mean level offsets
between the sites (Fig. S 3-1). If not addressed, these differences can lead to deflated or
inflated values when RCS detrending is applied (Zhang et al. 2015; Rdmer et al. 2021; Hartl
et al. 2022), especially if a period is mainly covered with series from one elevational growth
characteristics. RCS mainly requires a great sample depth (here: 352 series), a homogeneous
distribution of tree-ring series in time (Fig. 3-2), heterogenous tree age and homogeneity in
the provenance of historical and living series (Briffa et al. 1992; Duthorn et al. 2015; Esper et
al. 2003; Melvin et al. 2013), which is improved by the provenance approach of Kuhl et al.
(2023). The RCS detrended chronology shows more variability and a stronger negative trend
towards the early 19" century compared to 300-year spline and Hugershoff detrending (Fig. S
3-2 a)), indicating a stronger preservation of the low-frequency (Briffa et al. 1992). The
standard deviation of the 100-year smoothed chronology is almost twice the size compared to
other detrending methods when we apply SF age-dependent spline detrending (Fig. S 3-2 a)).
The SF RCS chronology, however, does not show significant differences to the classical RCS
approach (Fig. S 3-2 b)).

Spectrum analysis emphasizes that a smaller window of 31 years can stabilize the variance
better than a wider window of 201 years. However, stabilization on narrow window can remove
low-frequency signals which are related to temperature (Fig. S 3-4 a)). While the 31-year
window stabilization has a reduced power spectrum moving towards lower frequencies, greater
windows (e.g. 201 years) preserve more low-frequency information but in turn do not stabilize
the variance as well (Fig. S 3-4 b)). Our new approach detangles low- from high-frequency

bands by stabilizing the variance individually on both, the high- and the low-frequency sub-
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chronologies. Treating low- and high-frequency on different window lengths reduces the loss
of low-frequency signals when applying a short window but at the same time improves

stabilization compared to using a wider window for the full chronology.

3.3.2 Climate-growth relationship

Correlations between temperature anomalies and the MXD chronology reveal a positive
relationship between tree growth and temperature. Spatial correlations for MJJAS and the
chronology between 1901-2017 CE show the significantly high (p<0.05) response between
Western European temperature variability and MXD indices (Fig. 3-3 a)). Grid points over
France, Switzerland, Southern Germany, Northern Italy, and Western Austria reached highest
correlations of r 2 0.7. Altogether, correlations do not drop below 0.5 in Western Europe. The
ability of the Alpine chronology to represent past temperature variability in Western Europe is
strengthened by calculating static correlations from 1901-2017 CE between temperatures of
the grids exceeding 0.7 for MJJAS in Fig. 3-3 a) and the MXD indices (Fig. 3-3 b)). From
March onwards, significant correlations (p < 0.05) with temperature are observed with highest
monthly correlations for August (r = 0.71). The coherence between the proxy and instrumental
temperatures increases when considering seasonal means up to r = 0.8 (MJJAS). Moving
window correlations indicate a temporally stable relationship over the full instrumental period
from 1901-2017 CE (Fig. 3-3 c)). Although correlations slightly decline in recent years, r values
do not fall below 0.6.

3.3.3 Reconstruction of Alpine summer temperature anomalies

For reconstruction, a linear regression model was chosen as these models perform best on
both cross-validation periods (1901-1959 CE, 1960-2017 CE) with correlations of 0.8 on the
entire period 1901-2017 CE between observed and predicted time series (Fig. 3-4 a)). These
cross-validation models explain up to 70% of the variance and are stable in time with the
validation periods reaching r > 0.82 (Tab. S 3-2). Although both models exhibit a high level of
performance, they predict underexaggerated values for the latest decades. While the model
trained on the early period fails to capture the recent warming from 1995 CE onwards, the
model for the later period cannot accurately predict the increase in temperatures since 2010
CE.
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Fig. 3-3 a) Correlations between the final (combined and variance stabilized) MXD chronology and gridded mean
May-September (MJJAS) temperature data (CRU TS 4.06 0.5°) from 1901-2017 CE b) Temperature data of all
grids with spatial MJJAS correlations = 0.7 (a) are averaged to calculate monthly correlations between January and
September, as well as using two different summer means (June-August JJA and May-September MJJAS). Grey
colouring denotes non-significant correlations (p<0.05), orange shows significant correlations and red illustrates the
MJJAS window that is chosen for further analysis ¢) Moving 31-year correlations between MJJAS mean
temperature and the MXD chronology.

Uncertainties of the reconstruction are highly related to changes in replication. With decreased
replication further back in time, model uncertainties are likely increasing. To test the reliability
of the linear regression model depending on replication, randomly built sub-chronologies of
different replications were fitted in linear regression models over a period from 1914-2002 CE,
where the replication is constantly over 50 series. This smaller window was chosen to test the
replication effect from 5 up to 50 series per sub-chronology. Results show a high correlation
of the sub-chronologies to the instrumental data until the replication drops below 15 series
(rmedian = 0.8) (Fig. 3-4 b)). When the sample replication equals ten series or lower, the linear
models lose accuracy as the confidence intervals increase towards lower correlation values.

Stl”, r'median does not fall below 0.7.

The robust temperature signals and the stability of the linear model with respect to replication
fluctuations enable the construction of a millennium-length MJJAS temperature reconstruction.
The reconstruction model fitted to 1901-2017 CE explains 64% of the variance with r = 0.8 and

is used to predict and revise Alpine temperature anomalies until 881 CE (Fig. 3-4 c, d)).
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Fig. 3-4 a) Linear Regression Models between the MXD chronology and May-September mean temperature
anomalies [w.r.t. 1961-1990 CE] (MJJAS Temp) of calibration periods (cp.) 1901-1959 CE (blue) and 1960-2017
CE (red). Detailed performance measures of the cross-valid cross-validation are listed in Tab. S 3-2 b) The effect
of replication on regression model accuracy: Correlations r between MJJAS Temp and instrumental data between
1914-2002 CE depending on different sample replications (5-50). Black dots represent correlation coefficient
between the individual model runs (1000 per replication step) and instrumental data. Red dots represent the
medians of the 1000 runs (rmedian). The black line shows r for the regression performed on the full period 1901-
2017 (min. replication 71 samples) c) Model fit of the linear regression between the MXD indexes and instrumental
data on the full period 1901-2017 CE, which is used for the reconstruction d) Final MJJAS Temp reconstruction:
the blue line shows the reconstruction with a 100-yr smoothing filter (dark blue). Grey shading presents the error
range of the reconstruction and orange the instrumental data. Light blue denotes to the sample depth n.

The temperature reconstruction (Fig. 3-4 d)) from the European Alps displays that long-term
temperature trends decrease during the early and high medieval times from 881-1200 CE.

Temperatures rise again until late medieval ages in the so-called medieval climate anomaly
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(MCA) and peak in the 1360s, which are on average 0.76 °C (uncertainty range: -0.08 to 1.6
°C) warmer than the reference period 1961-1990 CE. This maximum is followed by a slow
long-term decrease in temperatures during the Little Ice Age (LIA) until the early 19" century,
when the Tambora eruption caused the “year without summer” of 1816 CE (Stothers 1984;
Oppenheimer 2003). This decade is the coldest decade of the record and marks the peak of
the LIA. Here, temperature anomalies drop to -1.28°C (uncertainty range -2.12 to -0.44°C).
Between the end of the MCA and the peak of the LIA, temperatures decrease in total by
2.04°C. Afterwards temperatures rise again from 1900 until 2017 CE. This increase is shortly
disrupted between 1950 and 1980 CE.

The most prominent long-term periods of cooling are between 1000-1300 and 1750-1870 CE,
while warmer phases are found between 910-1000, 1300-1400, 1475-1575 and 1900-2017
CE. The 971-980 CE period represents the warmest decade of the record with a decadal
average of +1.17°C (uncertainty range: 0.25 to 2.09 °C), followed by the 960s, 1500s, 980s
and 2000s. Besides the 1810s, coldest decades of the record are the 1180s, 1040s, 1030s
and 1170s. The absolute warmest and coldest years of the record are not necessarily located
within these decades. Warmest years are recorded in 970 (2.72°C), 1483 (2.07 °C), 2003
(2.06°C), 1100 (1.82°C) and 980 CE (1.80°C), while the coldest years are 1180 CE (-2.9°C),
1258 (-2.86°C), 1181 (-2.8°C), 1816 (-2.43°C) and 1821 CE (-2.29°C).

3.4 Discussion

3.4.1 The new approach: Eliminating interference signals from elevation and insects

The here presented new approaches aim to make reconstructions, which depend on historical
series, more robust. Elevation and the potential weak temperature signals in historical series
have been neglected in the past when building chronologies. Using a ML based provenance
model helps to overcome this problem (Kuhl et al. 2023). The provenance of the historical
series allows the selection of series, that are likely to be most sensitive to temperature, and
therefore improves the temporal stability of the climate sensitivity in periods beyond the

lifespans of the living trees.

As MXD increases with decreasing elevations (Zhang et al. 2015; Hartl et al. 2022), mean
adjusting the series can reduce elevational biases while detrending with RCS. Lower elevation
series have higher MXD levels on cambial age scale compared to higher elevations and can
therefore potentially alter the regional curve towards higher mean values. This can be true for
elevational differences of 100 meters (Fig. S 3-1). Microsite differences like this have already
been observed and critically viewed in multiple studies in terms of regional curves biases in
RCS detrending (Gunnarson et al. 2011; Duthorn et al. 2013; Hartl et al. 2021; Hartl et al.
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2022). In previous reconstructions, these potential offsets between historical series have been
neglected, which is mainly due to the lack of information on the elevational origin of historical
tree-ring series. Simultaneously, differing MXD values of the series can also result from
temperature variability and changes in treeline (Blntgen et al. 2022a) and there is a likelihood
that mean adjustment causes a loss of temperature information. However, site control of
historical series offers the possibility to improve RCS detrending of living and historical series
to reduce visible biases in the data due to elevational non-temperature related MXD offsets as

presented in figure S 3-1.

The correction of negative outliers is indispensable when chronologies are based on tree
species with recurring insect outbreaks like larch (Buntgen et al. 2006; Aryal et al. 2023). As
the outliers in a chronology can potentially result from volcanic cooling, the inclusion of a non-
host chronology in combination with SAOD-analysis present necessary pre-steps before
applying correction coefficients. This can ensure that high-frequency temperature signals are

not removed from the data during this process.

The chronology depicts a different course of the temperature history when provenance
information of historical series is neglected in the reconstruction process (Fig. S 3-5). This
reconstruction profits from more available samples to extend the record further until 729 (n=5).
Compared to the main reconstruction, this record shows higher temperature estimates in the
medieval period until 1000 CE and between the 12"-15" century. A visible decrease in
temperatures during the LIA is almost 150 years later than in the main reconstruction but shows
a stronger decline due to the increased values from the 12™-15" century. Higher temperature
estimates in this period most likely result from the inclusion of historical series from lower
elevation growth characteristics with higher MXD levels and from the neglection of potential
level offsets (e.g., see Hartl et al. 2022 for SV).

3.4.2 Mitigated low frequency signals

For almost two decades, the Lotschental reconstruction has been the state of the art record
for European summer temperatures and was used in several larger network studies to present
Western European temperature variability (Esper et al. 2007¢; Brazdil et al. 2010; Luterbacher
et al. 2016; Wilson et al. 2016; Anchukaitis et al. 2017; Torbenson et al. 2023; Wang et al.
2023). The comparison between the new reconstruction and the Létschental record highlights
some maijor differences between 1000-1900 CE (Fig. 3-5 a)). In contrast to the Létschental
record, the new reconstruction shows less long-term variability. Although a long-term

temperature decrease during the LIA is observed, it is not as pronounced as in the Lotschental.
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There, the onset of the cold period begins after a peak at 1200 CE whereas the cooling in the
new reconstruction starts approximately 160 years later in the mid-14" century. In the
Loétschental record, the drop in temperatures (w.r.t. 1901-2000 CE) between the warmest pre-
LIA decade in the 1200s (0.66°C) and the 1810s (-2.31°C) is 2.97°C and the increase in
temperatures between the coldest decade (1810s) and the warmest following decade of the
1940s is 3.08°C. The reconstructed temperature decrease since the end of the MCA is almost
a degree less in the new record and could hint that the European Little Ice Age temperature
decrease was not as strong as the Lotschental record estimated and that the reconstruction
implies that summer temperatures are not as cool as in the period between 1000 and 1250
CE. However, there is evidence that the LIA must have existed in Europe, for example by
historical records or glacier advances in the Swiss Alps (Grove 2001), which challenges the

reconstruction’s skill in low-frequency variation.

We tested and eliminated various potential sources of error during the development of the
reconstruction (see Tab. S 3-3 for more detailed information). Sources, which can alter the
low-frequency signals, include the distribution of tree age in time, the detrending method, the
selection of series or an inadequate classification by the ML models (Kuhl et al. 2023). For
example, the model for MV uses data of only two different elevations as reference and despite
the model performance score (f1-score) of 0.99, series might align more with patterns from
lower elevations but will be sorted to either of the two elevations. We tackle this problem by
selecting only those series that are sorted to an elevational class with a prediction probability
greater than 0.8. As mentioned before, the mean adjustment might alter climate signals, when
tree-ring series are adjusted to higher elevation MXD levels. However, excluding these steps
(provenancing and mean adjustment) does not increase the low-frequency signal, especially
not during the LIA (Fig. S 3-5).

Besides the difference in the low-frequency signal in both records, the variance of the new
record is more stable in time (Fig. 3-5 c)). In the Létschental record, however, the variance is
not as stable and shows stronger temporal fluctuations, especially before the 13" century CE.
As variance changes are likely artificial and an artefact of alternating replication or varying
ecological habitats, the increase in variance pre 1200 CE might result from a change in
replication and the different origin of this historical tail being exclusively composed of the
Simplon valley (Bluntgen et al. 2006; Esper et al. 2016). Despite these differences, the
correlation in the common period (881-2004 CE) between both records is 0.54 and 0.62, when

a 500-year high-pass filter is applied to the Létschental record. It indicates that albeit low-
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frequency signals are mitigated in the new reconstruction higher frequency signals are more

coherent.
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Fig. 3-5 a) Comparison between the Létschental (green) and our record (blue) and b) comparison between the
Pyrenees (coral) and our record (blue). Dark lines in a) and b) present the 30-year smoothed data. r equals the
correlation between both records in their common period, respectively ¢) Differences in standard deviation of the
Pyrenees (coral), the Lotschental (green) and the new Alpine (blue) records (100-year running window).

A recently developed reconstruction from the Pyrenees (Blintgen et al. 2024), however,
coincides with the new Alpine record (Fig. 3-5 b)). Both reconstructions show a similar low-
frequency variability. They correlate with 0.4 but correlations reach 0.74 when both
chronologies are 300-year low-pass filtered. Although the LIA period is weakly pronounced in
both reconstructions, the Pyrenees record does not record a strong cooling in the 1810s, which
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is prominent in most Alpine records (Tab. 3-1) (Schweingruber et al. 1987; 1988; Blintgen et
al. 2005; Frank and Esper 2005b; Blintgen et al. 2006; Corona et al. 2010; Corona et al. 2011;
Trachsel et al. 2012; Coppola et al. 2013; Leonelli et al. 2016). The standard deviation of the
Pyrenees record in figure 3-5 c) is stable with lower variation than in the Létschental record

or the record of this study.

A focus on the warm and cold decades of the Létschental and the new record reveals that
while both reconstructions agree on the 1810s as the coldest decade, the warmest decade in
the new record is not in the last decades but earlier in the 970s. The most recent decades,
which are the absolute warmest decades according to the Létschental record, are not the
warmest in the new record anymore. Here, the warmest decades are mainly between 960 —
990 CE. Nonetheless, both records show the 2000s as one of the five warmest decades.
Surprisingly, the new record does not estimate the 2010s to be among the warmest decades,

which is not in line with the instrumental data.

3.4.3 Revising cold and warm extremes in Alpine temperature history

A stable and unbiased variance is crucial for robust extreme year analysis (Frank et al. 2007).
Artificial fluctuations of variance can lead to falsely detected extreme events and consequently
alter interpretations of extreme year distributions. This influence becomes visible when 30-year
high-pass filter reconstructions and their top 20 extreme years are compared (Fig. 3-6 a, c),
Tab. 3-2). The asterisks in the plots denote the 20 warmest and coldest years of the records,
respectively. If variance is not stable in time (Fig. 3-5 b)), extreme years like volcanic cooling
events are accumulated in periods with increased variance, for example the 11-12" century in
the Lotschental record. As these volcanic induced cooling years are recorded by tree-ring
proxies like MXD, they are frequently used to detect volcanic events (Esper et al. 2017) and
reveal information on their impact on temperatures and on their link to societal developments
like mass migrations, famines or cultural heydays (Blntgen et al. 2020). A bias in variance can
thus alter volcanic event detection and interpretation. Although the Létschental record detects
some of the strongest 20 volcanic SAOD events during the last millennium, a SEA of these
events reveals that a highly significant (p < 0.01) cooling in the year of the event and year after
the event is not detectable in this record (Fig. 3-6 d)). In comparison, the new reconstruction
has a temporally more stable variance (Fig. 3-5 b)), and the event year as well as following
years are found to be significantly cooler than the five years prior to the event (Fig. 3-6 b)). As
most volcanic events of the SEA fall within periods of lower variance in the Lotschental record,

the averaged cooling of these events does not exceed the non-volcanic induced declines in
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periods when the variance is higher. Further, the growth decline relative to the years prior to
the event is less pronounced than in the new record. With fluctuating variance, the volcanic
induced cooling years in the Létschental record are either no outliers in periods of low variance
or surrounded by outliers in periods of higher variance. The residuals between the event year

temperatures and the reference period are consequently lower.
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Fig. 3-6 Extreme Year Analysis: 30-year high-pass filtered reconstructions from this study in a) and Létschental in
c). Asterisks denote to the 20 warmest and the 20 coldest years, respectively. Triangles show 20 strongest volcanic
events between 880-2000 AD (see Tab. S 3-4). For these 20 events, panels b) and d) show the Superposed Epoch
Analysis (lag = 5, residuals from the 5 years prior to event) with mean (black line) and 99% confidence intervals
(grey) after bootstrap resampling (n = 10,000).

An example of the influence of variance on the interpretation of extreme events is given by
focusing on the Samalas eruption in 1257 CE, which is the largest volcanic eruption of the last
millennium (Lavigne et al. 2013). The following volcanic cooling is recorded in both
reconstructions with -2.32°C in the new record and -1.18°C in the Létschental record (w.r.t.
1252-1256 CE), respectively. While the Samalas induced cooling in 1258 CE presents the

54



Revising Alpine summer temperatures since 881 CE

strongest negative extreme event in the new record, it does not fall under the extreme events

detected in the Lotschental record. This might be explained by variance fluctuations in the

high-frequency domain. The resulting loss of climate information might explain why this

eruption is not imprinted in the top 20 cold events of the record. Guillet et al. (2017) present

historical evidence for bad (grape) harvest, increased prices, heavy precipitation and floodings

in the regions of Western European region, where temperatures correlate high with the new
record (Fig. 3-3 a)).

Tab. 3-2 Top 20 minimum and maximum extreme years (descending order) of the new Alpine record between 881-

2004 CE. Grey shaded boxed align with an eruption year or the year after using the dates of Tab. S 3-4.

No. Maximal Extreme Years Minimal Extreme Years
Year [CE] Temperature Anomaly [°C] Year [CE] Temperature Anomaly [°C]
1 897 2.03 1258 -2.42
2 1483 1.71 883 -2.18
3 1807 1.57 1180 -1.96
4 970 1.54 1481 -1.89
5 1684 1.54 1181 -1.85
6 1078 1.50 1912 -1.53
7 1100 1.46 1675 -1.51
8 1846 1.40 902 -1.49
9 1638 1.39 1628 -1.48
10 1584 1.38 1725 -1.47
11 1176 1.35 940 -1.45
12 1473 1.28 1454 -1.43
13 1131 1.26 1816 -1.41
14 2003 1.25 1425 -1.40
15 1412 1.21 996 -1.39
16 1009 1.20 1821 -1.35
17 1153 1.17 1434 -1.28
18 1616 1.17 1515 -1.23
19 908 1.15 1556 -1.19
20 1681 1.14 918 -1.18
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A strong cooling in 1258 CE can be observed in the Pyrenees record being -3.26°C colder
than the average of the previous five years (see Fig. 3-5b, Blintgen et al. 2024). Other NH and
Western Europe reconstructions decrease between -0.55 to -1.8°C compared to the ten year
mean prior the events (here: -2.52°C) (Esper et al. 2013; Schneider et al. 2015; Stoffel et al.
2015; Wilson et al. 2016; Hartl-Meier et al. 2017a). Less pronounced cooling in these records
compared to the Pyrenees or the Alps is likely due to the observed spatially diverse intensity
of the post volcanic cooling (Guillet et al. 2017; Bluntgen et al. 2022b). For the new Pyrenees
and Alpine reconstructions, the 1258 CE cooling is unrivalled in the last millennium (Figs. 3-5
b), S 3-7). In both, the cooling following the Samalas eruption is stronger than the cooling
observed for 1816 CE after Tambora, which is less prominent in the Pyrenees record
compared to the Alpine region. The new record agrees with previous studies that showed that
summer temperatures in the 1800/1810s have been relatively cold already before the event
compared to the situation in the 1250s (e.g., Frank and Esper 2005b; Corona et al. 2010;
Trachsel et al. 2012; Schneider et al. 2015). Although the volcanic induced decrease of 1.01
°C compared to the five years prior to the event appears less severe than the Samalas induced
temperature decline, the impact of the 1810s CE cooling on humanity was strong which is
proven by historical evidence (e.g., Brazdil et al. 2017; Blntgen et al. 2020). We are aware
that the LBM correction can bias the strength of volcanic cooling which is mediated by the
reconstruction. In years where LBM events and volcanic events align, LBM induced density
decline can amplify the reconstructed compared to the true volcanic cooling. However, as the
extreme year 1258 CE is also detected in the new Pyrenees record by Blintgen et al. (2024),
which is based on LBM-unaffected pine trees (Pinus uncinata Ramond s. str.), it supports our
findings that people in Western Europe experienced a year of unusual cold summer

temperatures in 1258 CE.

The top 20 summer heat extremes in the new record are relatively balanced throughout the
covered period with clusters in the late medieval times and during LIA. Although long-term
temperatures during the LIA are decreasing, exceptionally warm summers relative to
surrounding decades are observed in a recent study (Wanner et al. 2022). For example, the
summer in 1473 CE was extremely hot and dry in Europe causing early (grape) harvests or
harvest failures, loss of transportation routes (rivers), water shortages and wildfires
(Camenisch et al. 2020). Likely due to a decrease in variance in this period, this year is not
observed as an extreme year in the Lotschental record. Similarly, the 2003 CE heatwave
appears as an extreme year when long-term trends are included (Buntgen et al. 2006), but not
when the record is high-pass filtered. From 2003-2017 CE no cool extremes are observed in

the new Alpine record but no heat extremes either which does not agree with instrumental
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data. Resuming the fit of the reconstruction model (Fig. 3-4 a)) this might result from the

models’ limitation to fully capture the instrumental warming after 2010 CE.

3.4.4 Is there a divergence problem in the Alps?

Although the fit between instrumental and proxy data (r = 0.8) is very high, the dataset shows
signs of a beginning divergence from 2010 CE onwards (Fig. S 3-7). The divergence
phenomenon describes the weakening of the linear relationship between temperature records
and tree-ring proxies (TRW and MXD) during the 20" century (D’Arrigo et al. 2008). This
phenomenon has been observed in multiple sites all over the Norther Hemisphere (Wilmking
et al. 2005; Wilson et al. 2007; D’Arrigo et al. 2008; Andreu-Hayles et al. 2011; Shah and Shah
2015; St. George and Esper 2019) and in low elevation sites in the European Alps (Corona et
al. 2010). However, divergence has not been detected in high elevation sites in this region
during the 20™ century for European larch (Larix decidua Mill.) (Bintgen et al. 2008). Here, we
find first indications of a developing divergence phenomenon in the Swiss Alps in larch. From
2010 CE onwards MXD does not follow the increased warming observed in instrumental data.
This is underlined by a decline in the 30-year running correlations between temperature and
MXD indices from 1990 CE until present in figure 3-3 c¢). The linear relationship is weakened
and consequently, the prediction performance of linear regression likely decreases with
increasing divergence. Correlations with other climate parameters, for example drought or
precipitation, do not show a shift in signal in the Alps yet, but might in the future as it has been
observed in other regions, for example Corsica (Rémer et al. 2021). There, drought, and
consequently summer precipitation become more important for limiting tree growth.
Precipitation signals are, however, difficult to assess in network datasets like the new Alpine
chronology since precipitation patterns in mountainous regions can vary strongly between
valleys and elevations (Sevruk 1997; Auer et al. 2001; Schmidli et al. 2002).

3.5 Conclusion

In this study, we present a new temperature reconstruction based on tree-ring data from the
Swiss Alps. We introduce a new approach to improve temperature reconstructions and their
temporal reliability by considering elevational differences among data from historical buildings,
removing LBM signals with improved methods, and applying novel approaches to stabilize
variance. Albeit low-frequency trends are muted in our new reconstruction compared to
previous records, high-frequency temperature variability shows strong agreements with large
volcanic eruptions which is in line with historical evidence. We show how artificial variance

increases may alter extreme year analysis including the 1257 CE Samalas eruption, which led
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to stronger regional cooling than the 1815 CE Tambora eruption. Our study thereby
emphasizes how decision making, data selection and treatment in dendroclimatology
influences the outcome of a reconstruction approach (Blntgen et al. 2021). The different
applied methods, in particular the (1) data selection (of proxy and target), (2) mean adjustment,
(3) LBM correction, (4) variance stabilization, and (5) the chosen method of reconstruction,
alter the resulting record and interpretation of temperature variability towards its extreme
events and long-term temperature signals. This study highlights the urgency to continue the
development and testing of new methods to improve the temporal stability and reliability of
climate reconstructions. It stresses the importance that with new methods revising existing

records to improve our knowledge about past climate variability is indispensable.
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3.8 Supplementary material

Tab. S 3-1 Data Selection after applying the Provenance Model to Simplon and Zermatt/ Zmutt historical series
(Kuhl et al. 2023). Numbers include living and historical series.

Simplon Valley Matter Valley
Site SV1 SV2 SV3 (2200) MV1 MV2 (2300) | MV3 (2300) SUM
(Elevation [m asl]) (1900) (2000) (2000)
Total number of series 56 24 25 180 24 43 352
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Tab. S 3-2 Performance measures (correlation between predicted and observed (r), explained variance (R?) and
root mean squared error (RMSE)) of the linear models in Fig. 3-6a). Asterisks show the columns for the linear model
calibrated on the early period, without asterisks are the columns for the linear model calibrated on the later period.

Calibration Periods Validation Periods
Period [CE] 1901-1959* 1960-2017 1960-2017* 1901-1959
r 0.83 0.84 0.84 0.83
R? 0.69 0.7 0.7 0.69
RMSE 0.39 0.46 0.7 0.64

Tab. S 3-3 Testing for low frequency signals: Approaches applied to analyse the missing low frequency in our

reconstruction.

No

Approach

Visual improvement of low-

frequency signal?

1 No mean adjustment No

2 Including another high elevation living site. No

3 Other detrending methods (Spline, Hugershoff, signal-free age- | No
dependent Spline signal-free RCS, see Fig. S 3-2)

4 Include low elevation historical series and adjust their mean levels | No
accordingly

5 Use all historical series neglecting the new altitudinal approach (see | No
Fig. S 3-5)

6 Subsampling (50/50 ratio Simplon/ Zermatt samples) No

7 Reducing samples of houses with overrepresentation in a time period No

8 Influences of tree age distribution in time No

9 Only using only the historical series from Simplon No (replication too low)
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Tab. S 3-4 20 volcanic events between 880-2000 CE linked with the highest volcanic stratospheric aerosol optical
depth (SAOD) values in the Westwind Zone (30 - 60°N) from Sigl et al. (2021)". Eruption year and volcanos were
taken from Wang et al. (2022)? and Biintgen et al. (2020)3. Greyed event no. 20 is taken from Wang et al. (2022) to
extend the record into the 19" century (SAOD Peak was calculated over 30-90°N*).

No. Eruption Year [CE] SAOD Peak Year' [CE] SAOD Peak 30-60N’ Volcano
1 125723 1258 0.46 Samalas??
2 9393 939 0.43 Katla®
3 11802 1181 0.34 UE? /Katla®
4 178323 1783 0.32 Laki®
5 14572 1458 0.26 UE??
6 181523 1815 0.26 Tambora?3
7 12292 1229 0.24 UE??
8 164123 1642 0.23 Parker?3
9 183123 1832 0.2 UE®
10 11083 1109 0.16 UE®
11 147723 1477 0.16 Veidivotn??
12 1199 1199 0.15 UE
13 11702 1171 0.14 UE?23
14 160023 1600 0.13 Huaynaputina?®
15 121023 1209 0.12 Katla?
16 13432 1344 0.12 UE?
17 15862 1587 0.12 Kelud?
18 16672 1666 0.12 Shikotsu?
19 17293 1729 0.12 UE®
20 188323 1883 0.12* Krakatau??
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Fig. S 3-1 Mean adjustment of the Matter valley in a) and Simplon valley in b) depending on the regional curves.
Lower elevation sites were adjusted to the highest one. Differences were calculated over the period of replication =

15. Grey lines show the original curves of the sites.
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Fig. S 3-2 Different detrending methods compared with each other, smoothed with a 100-year smoothing spline. a)
Regional Curve Standardization (RCS, Briffa et al. 1992), 300-year Spline detrending (Cook and Peters 1981),
Hugershoff detrending (Cook et al. 1990) and a signal-free (SF) age-dependent spline detrending (Melvin and Briffa
2008) b) Comparison of classical RCS with the SF RCS (Melvin and Briffa 2014) detrending.
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Fig. S 3-3 Larch budmoth (LBM) detection and correction using Impulse Indicator Saturation (1I1S) after Pretis et al.
(2016). Residuals between the original and the corrected chronology in a) present a frequent detection of LBM
events throughout the timeseries b) The resulting corrected chronology ¢) A zoom into the 20th century in
strengthens how a larch non-host as addition indicator is used by the algorithm to exclude potential climate related

declines (asterisks) from the correction.
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Fig. S 3-4 Variance stabilization effects of window-size and the new presented split-window stabilization using the
method of Osborn et al. (1997): Panel a) shows the spectrum analysis (log10 power spectrum) calculated using
Fast Fourier Transformation b) Resulting standard deviations of the chronologies were calculated over a 100-year
running window with a 1-year lag.
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Fig. S 3-5 Comparison between a classical reconstruction (see methods chapter for more details on procedure)
and the new altitude considering approach in a). Panel b) shows the standard deviations of the reconstructions over
a 100-year running window (lag 1) c) presents the difference in sample depth between an altitude adjusted and a
classical dataset.
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Fig. S 3-6 Comparison between here presented reconstruction and the 500-year high-pass filtered Létschental
reconstruction (Blintgen et al. 2006).
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Fig. S 3-7 a) 30-year high-pass filtered reconstruction from this study and b) 30-year high-pass filtered Pyrenees
record. Asterisks denote to the 20 warmest and the 20 coldest years, respectively. Triangles show 18 strongest
volcanic events between 1119-2017 AD (see Tab. S 3-4). ¢) and d) Superposed epoch analysis for these 18 events
(lag = 5, residuals from the 5 years prior to event) with mean (black line) and 99% confidence intervals (grey) after
bootstrap resampling (n = 10,000).
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Fig. S 3-8 Z-scores of instrumental data versus the detrended MXD chronology.
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Summary

The susceptibility of dendrometer devices to technical failures often makes time-series
analyses challenging. Resulting data gaps decrease sample size and complicate time-series
comparison and integration. Existing methods either focus on bridging smaller gaps, are
dependent on data from other trees or rely on climate parameters. In this study, we test eight
machine learning (ML) algorithms to fill gaps in dendrometer data of individual trees in urban
and non-urban environments. Among these algorithms, extreme gradient boosting (XGB)
demonstrates the best skill to bridge artificially created gaps throughout the growing seasons
of individual trees. The individual tree models are suited to fill gaps up to 30 consecutive days
and perform particularly well at the start and end of the growing season. The method is
independent of climate input variables or dendrometer data from neighbouring trees. The
varying limitations among existing approaches call for cross-comparison of multiple methods
and visual control. Our findings indicate that ML is a valid approach to fill gaps in individual
trees, which can be of particular importance in situations of limited inter-tree co-variance, such

as in urban environments.
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4.1 Introduction

The growth of trees on intra-annual level has been the subject of numerous studies ranging
from urban tree growth (Lindén et al. 2016; Moser-Reischl et al. 2019) over experimental
orchard settings (Corell et al. 2014) to forest tree analyses (King et al. 2013; Ziaco and Biondi
2018; Salomon et al. 2022; Zhang et al. 2024). Whilst undisturbed time series of dendrometer
data over multiple years are desirable, many datasets contain longer periods of missing data.
The primary cause of data loss is irregular physical monitoring due to the accessibility of the
sites (e.g. remoteness of sites, time/cost minimization or travel restrictions during pandemics),
which can result in battery power or logger failure, full data storage capacity or dendrometers
at maximum. Furthermore, other technical damages like moisture intrusion, animal bites,
extreme weather events (e.g. storm damage) or vandalism can result in missing values over
multiple days to months. The presence of prolonged phases of missing data can impede the
ability to conduct a comprehensive analysis on a given dataset, particularly when these periods
coincide with the growing season, and can reduce sample size (e.g. in King et al. 2013; Corell
et al. 2014; Dulamsuren et al. 2023).

To date, the most common approaches for addressing gaps in dendrometer data have been
incorporated into R packages like treenetproc (Haeni et al. 2020; Knisel et al. 2021), or
dendRoAnalyst (Aryal et al. 2020). The imputation approaches are primarily based on linear
or spline interpolation and are constrained to a short period of consecutive missing values (e.g.
24 measuring points) in order to achieve acceptable results (Aryal et al. 2020; Knlsel et al.
2021). In addition to these methods, Aryal et al. (2020) introduced a linear-regression-based
network interpolation approach, which assumes that all individuals of a tree species at one
location share similar stem growth variability. For the successful gap filling this approach
requires neighbouring trees with no missing values and high co-variance. Lukovic et al. (2022)
tested different deep neural network architectures for gap filling and found that the combination
of long short memory (LSTM) and convolutional neural networks (CNNs) performed better
when an input of stem radius data and multiple climatic parameters, including temperature,
relative humidity, solar radiation, and vapour pressure deficit was given. While the results of
this study were promising, the authors suggested further tests of other machine learning (ML)

methods and on other data.

In this study, we present a ML approach to test multiple supervised algorithms, datasets and
feature combinations to reconstruct missing growth data from dendrometers. The novelty of

this approach lies in its ability to fill data gaps exceeding 12 hours (> 24 measuring points) of
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individual trees, when no supplementary data from other trees or climatic parameters are
available. Furthermore, we include an evaluation of the multicollinearity of input variables and

provide a straightforward scheme to be reproduced. The method was not only tested on stem

growth data, but also on raw dendrometer data to expand the method to broader research

applications.

4.2 Methods

4.2.1 Study location and data collection
The city of Mainz is located in western Germany (50.0° N, 8.3° E) and is defined by a temperate
climate with warm summers and without a dry season (cfb, Beck et al. 2018b). The average

yearly mean temperature and the average precipitation sum between 1991 and 2020 were

10.8°C and 579.3 mm, respectively (Mainz-Lerchenberg Station: Deutscher Wetterdienst
2024).

Fig. 4-1 a) Map of Mainz showing the locations in the urban (blue triangles) and non-urban (yellow triangles) areas.
Triangles pointing upwards show maple trees and triangles pointing downwards show plane trees. Size of the
triangles equal the size of the unsealed area around the trees relative to minimum and maximum (This figure has
been prepared using European Union's Copernicus Land Monitoring Service information;
https://doi.org/10.2909/3bf542bd-eebd-4d73-b53c-a0243f2ed862 and Google Satellite Image (2024)). b) Example
of a point dendrometer. ¢) Example of a full set up including a Stevenson screen. d) Example of a non-urban maple
tree. e) Example of an urban plane tree (Photo Credits: D. Thimm (b, c); S. Schéfl (d, €))

Norway maple (Acer platanoides L.) and London plane trees (Platanus x hispanica Minchh.)
are common urban tree species in Europe. In Mainz, these maple and plane species make up
for 32.5% and 8% of the total urban tree population (Landeshauptstadt Mainz 2024 (status of
2023)). In February 2019, six maple and six plane trees were selected at different locations
throughout the urban and surrounding non-urban areas of the city. On each location, point
dendrometers (Ecomatik GmbH DR2), temperature and relative humidity (RH) sensors were
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installed (BMC Solutions GmbH HOBO U23-001 Pro v2 data loggers) (Fig. 4-1). All sensors
measured in a 30-minute interval. For this study, all measurements in the common period from
April 2019 to October 2023 were used.

4.2.2 Preparation of sensor and dendrometer data

First, the temperature data was subjected to quality control procedures based on the methods
described in Eischeid et al. (1995), Beck et al. (2018a) and Barraro et al. (2022). The raw
dendrometer data were examined using the R package treenetproc (Haeni et al. 2020; Knisel
et al. 2021) to identify and remove any erroneous measurements such as shifts in the data
(here called jumps) related to technical failures. Here, the temperature data were used to
assure no removal of frost indicated jumps. Consecutive missing values due to erroneous data
in the temperature or dendrometer data, which did not exceed 24 measuring points (i.e. 12
hours), were gap filled using standard linear interpolation (Haeni et al. 2020; KnUsel et al.
2021). To extract tree growth from the cleaned dendrometer data, the zero-growth model
(Zweifel et al. 2016) was applied. Additional information on the trees included metadata such
as the area of unsealed soil [m?], the diameter at breast height [cm] or the tree height [mm]
(Table 1). In areas where trees were growing in a completely unsealed environment, a

maximum value of unsealed area was set at 144 m2.

To find the optimal approach for gap filling, a series of tests was conducted utilizing a
combination of different datasets (Tab. 4-1) and methods (Tab. S 4-1). Two hourly-resolved
datasets for each species, maple, and plane, were built including measurements from all
locations (datasets #1-2). Four additional datasets were constructed by splitting the species-
specific ones into urban and non-urban locations per species (datasets #3-6). Furthermore,
these datasets were utilized to investigate the effects of data size and hyperparameter tuning
on the model performances. Hyperparameter tuning enables data scientists to adjust model
parameters for optimal performance, thereby avoiding overfitting to the training data (Géron
2019). Additionally, 12 datasets representing the individual trees were subject to testing
(summarized in #7-8). The presence of multicollinearity among predictive variables was
evaluated using a variance inflation factor threshold of 5 (Dormann et al. 2013). Correlated
variables were excluded, leaving a specific set of predictors for each dataset (hereafter called
features Xi): day of the year (DQOY), year, hour, and area (set as constant value per tree). In
the non-urban datasets, tree height was included as predictor, as VIF values were below 5. All

mentioned data processing steps were computed in R 4.2.2 (R Core Team 2021).
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Tab. 4-1 Tested datasets for gap filling. Xi present the used features for prediction (DOY = day of year, area =
unsealed area around the trees). Average diameter at breast height (DBH) and average unsealed area are given.

VIF is the maximum variance inflation factor after multicollinearity tests and feature selection

# Dataset Xi Average DBH | Average VIF
[em] Unsealed
area [m?]
1 Maple DQY, year, hour, area 35.00 69.20 <1.06
2 Plane DQY, year, hour, area 55.22 52.14 <1.06
3 Urban Maple DQY, year, hour, area 30.37 15.24 <1.06
4 Urban Plane DOY, year, hour, area 58.67 13.22 <1.06
5 Non-urban Maple DOY, year, hour, area, tree | 39.63 123.474 <1.08
height
6 Non-urban Plane DOY, year, hour, area, tree | 51.77 90.75 <1.08
height
7 6 ind. Maple datasets DOY, year, hour 24.5-42.8 1.82-144 <1.07
8 6 ind. Plane datasets DOY, year, hour 41.5-88.7 2.77 - 144 <1.07

4.2.3 Machine learning implementation

First, the outputs from the zero-growth models were controlled for incorrect values, namely
negative values, or growth at the end (DOY > 304) or start (DOY < 60) of each year. Manual
data quality control is required to detect incorrect growth values or artefacts in winter, as bark
cell degradation is not taken into account in the zero-growth model (Zweifel et al. 2016).
Matrices comprising the features Xi, and the growth labels y were built and rows with missing
dendrometer data were excluded during model training process. Subsequently, X and y were
split into training (80%) and test (20%) subsets using stratified sampling of the features ‘year’
and ‘hour’ to ensure that the distribution of data in the subsets is balanced. Afterwards, all
features were normalized using z-transformation. The parameters of the z-transformation of
the training subset were employed to normalize the test subset data and the input data in

periods of missing values.

To find the best model, datasets #1-6 were fitted to eight supervised ML algorithms for
regression problems and tested though repeated 10-fold cross validation (10 repeats) on the
training subsets before hyperparameter tuning (see Tab. S 4-1 for a list of the algorithms). To

evaluate the performance of these ML regression models, the root mean squared error
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(RMSE) and the adjusted R? were calculated. Significant differences in the performances of
the algorithms were checked with the Friedmans test (Rainio et al. 2024). RMSE results
between two models were analyzed using the Mann-Whitney-U test. The best performing
algorithms were hyperparameter tuned using a 10-fold cross-validation and Bayesian
Optimization Search (iterations= 70) (Bischl et al. 2023). Afterwards, tuned models were
evaluated on the test subsets. The effects of the hyperparameter tuning and its necessity for
gap filling were analyzed. Permutation feature importance (PFI) was used to analyze the
features and their predictive power by calibrating and validating the model for each permutation
(boot = 50). The PFI value is here defined as the mean difference between the original and the
permuted R? of the model (Breiman 2001; Schwarz et al. 2024). A ‘random’ feature was

included to provide a statistical baseline for random performance decline.

A process scheme was developed following the necessary steps and functions for gap filling
dendrometer data (Fig. 4-2). The functions created for this project, along with detailed
explanations and data to replicate the process, are available at GitHub
(https://github.com/ESKuhl/DM_GF_XGB). The functions are based on the scikit-learn
package (Pedregosa et al. 2011) and are intended to simplify the application. The initial stage
of the process is the data preparation, during which the zero-growth model is applied (Zweifel
et al. 2016; Haeni et al. 2020; Knusel et al. 2021) and corrected for erroneous values in the
winter months. A dataset associated with the growth data must be constructed with continuous
values in the features ‘DOY’, ‘year’, and ‘hour’. For the functions to work properly, a variable
called ‘Label’ must be added, which includes the output of the zero-growth model (i.e., growth
labels y) with data gaps. Once the data have been prepared, they are fitted to an ML algorithm
in the second step using the function testxgb(), which returns the performance results and the
model. If the model performance on the test subset indicates a high degree of accuracy, the
gaps in the dendrometer data can be filled in the third step using the model.predict() function

of scikit-learn.
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Fig. 4-2 Gap filling process scheme using Extreme Gradient Boosting to fill long data gaps and needed functions
and packages. Green functions are implemented for this study and are available on GitHub

4.2.4 Gap filling model performance

To assess the functionality of this approach across different phases of the growing season,
artificial gaps of 30 consecutive days were created on datasets #3-8 for the start (April 16th to
May 15th), middle (June 1st to 30th) and end (September 1st to 30th) of the growing season
for each year of observation (2019-2023). The resulting 15 subsets, comprising the three-
period/ five-years combinations for each original dataset, were individually fitted to the ML

algorithms and tested, yielding 240 models for comparison (Fig. 4-2). Moreover, to benchmark
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the new approach against existing methods, network interpolation from Aryal et al. (2020) and

spline interpolation were applied to the same artificial gaps, if the data allowed for it.

All model fittings, runs and analyses were conducted with Python 3.9.19 and the packages
scikit-learn (Pedregosa et al. 2011), scikit-optimize (Head et al. 2018), and xgboost (Chen and
Guestrin 2016). The analysis can be replicated in R by utilizing the package reticulate (Ushey
et al. 2024), which enables the execution of Python functions in R studio when Python and the
necessary packages are installed on the device (for further details see:

https://rstudio.github.io/reticulate/).

4.3 Results and discussion

4.3.1 Algorithm selection and model evaluation

The eight algorithms significantly differed in their performances across all datasets (Tab. S 4-
2 for datasets #3-6). In all runs, nonlinear algorithms outperformed linear models and exhibited
higher adjusted R? and lower RMSE mean values. The three best-performing untuned
algorithms were identified as random forest (RF, Breiman 2001), extreme gradient boosting
(XGB, Chen and Guestrin 2016) and k-nearest-neighbour (kNN, Fix and Hodges 1951).
Although the linear models performed significantly worse relative to the nonlinear ones, RMSE
values did not differ significantly between each other. We selected the best three algorithms
(RF, XGB and kNN) for further hyperparameter tuning. Ridge regression (Hoerl and Kennard
2000) was additionally included as fourth algorithm to assess the impact of hyperparameter

tuning on a linear model.

After hyperparameter tuning, the RMSE values for kNN and XGB showed either minimal
improvement or no change (see Tab. S 4-3 for datasets #3-6). The RMSE values for RF
increased marginally after tuning from 0.00 to a maximum RMSE of 0.07. Ridge regression
RMSE values ranged between 0.56-0.96 and could not be improved by tuning. Model
performances before and after the tunings revealed no significant differences. The species-
specific models showed similar results. The results of the test subsets of these models (Tab.
S 4-4) demonstrated that the models exhibit comparable performances on the test subset data
and on the training subset data after tuning. When the algorithms were fitted to individual tree

data without hyperparameter tuning, the results showed similarly low RMSE values.

The computation time required for hyperparameter tuning is substantially growing with the
dataset size. While the time to fit the data without hyperparameter tuning has a maximum of a
few minutes, hyperparameter tuning can take from 20 minutes (individual small datasets,

approx. 25,000 datapoints) to 8 hours (model #3-6, approx. 90,500 data points) and exceeds
86


https://rstudio.github.io/reticulate/

A machine learning approach to fill gaps in dendrometer data

24 hours when the species-specific datasets are tuned (180,000 data points). Due to the
increased computation time, which did not significantly improve model performances, the

suggested procedure (Fig. 4-2) did not include hyperparameter tuning.

Among the predictor variables included in the datasets, the day of the year (‘DOY’) was the
most important feature of the grouped tree models (Fig. 4-3). The PFI values exceeded 1 for
the ‘DOY’ variable in all grouped tree models, with the highest values observed in the plane
tree models. This indicates that the permuted ‘DOY’ models are poorly fitting with negative R?
values. In the maple tree-growth models, the feature ‘area’ achieved a higher ranking than in
the plane-tree-based models. The feature ‘year’ also had a significant predictive value for all
four algorithms. Despite this, an increase in model error was not significantly observed for the
features 'tree height’ or ‘hour’, as their PFI values were not exceeding the PFI values from the
introduced random feature. Additional tests including various climatic parameters revealed no
significant PFI values for these parameters, which is example wise shown for VPD in figure 3
and demonstrates that these variables are not essential for gap reconstruction using this ML

approach.

All four algorithms were trained as individual and grouped tree models on the datasets with the
consecutive gaps at the start, middle and end of the growing seasons. No hyperparameter
tuning was applied. The average performance of these models on their test subsets highlights
the superiority of the individual tree models (Tab. S 4-5). The comparison between the four
algorithms clearly showed that in most of the cases, the decision-tree-based algorithms
outperformed kNN and ridge regression. The performance of ridge regression and kNN was
found to be significantly different to XGB and RF, respectively (p < 0.01), being similar in their
performance (p >0.1). All individual tree models performed on average similarly good than on
their training data. The grouped tree models, on the other hand, had higher average RMSE
values on the test subset data compared to the training subset data. This is an indicator for
generalization errors in the grouped tree models. Although these models performed well on
the test data with hyperparameter tuning (Tab. S 4-4), it is probable that the grouped tree
models are dependent on the tuning to prevent overfitting on the training subset data. The
diverse growth patterns of multiple trees might have forced the models to learn detailed
patterns, which are characteristically for the training data, but are too specific for a general

application to unseen data (Géron 2019).
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Fig. 4-3 Example of permutation feature importance (PFI) results for the tree most important features DOY (day of
year), year and are of the models derived from the urban (blue) and non-urban (yellow) multi tree datasets #3-6
(Tab. 4-1). The figure contains an additional example of the PFI values from climatic features like the vapour
pressure deficit (VPD), when these are included in the models.

As RF and XGB showed similar performance on the test subsets, a Mann-Whitney-U test
validated that the RMSE values of the artificial gap predictions were not significant different
between the algorithms (p > 0.01) (Fig. S1). These results indicate that XGB is the optimal
algorithm for this gap-filling approach. The algorithm is known for its high scalability, short
computation time, the ability to handle unbalanced datasets and its iterative learning process
(Chen and Guestrin 2016; Fatima et al. 2023). Compared to randomly build decision trees in
RF, XGB grounds on a gradient boosting algorithm (Friedman 2001) and iteratively builds an
ensemble model of decision trees. The objective of each iteration is to minimize the loss
function. The model optimization stops, when the performance of the training or the validation
subset, a 20% subset from the training subset, no longer improves. Consequently, overfitting

can be mitigated without the need for hyper-parameter tuning (Ying 2019).
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4.3.2 Evaluation on artificial gaps

Both, individual and grouped tree models predicted data for the artificially created growth gaps
to evaluate the performances on consecutive missing values. RMSE values for the various
gaps were calculated using the excluded observations (Figs. 4-4 and 4-5). The values for the
grouped tree models in figures 4-4d) and 4-5d) were generally higher than for the individual
tree models in a-c). Despite the performances of the grouped models, gap filling in the middle
of the growing season showed higher variance in RMSE values than at the start and middle
for the individual tree models. Best predictions of the individual tree models were observed for
the gaps at the end of the growing season. In this period, the performances in the grouped
models were worse compared to all other periods. It is likely, that XGB was unable to predict
growth with the same degree of accuracy when multiple trees with differing growth behaviors
and diverse growing season lengths were given as training data. From the grouped tree
models, the urban models had higher RMSE values than the non-urban models, which could
indicate more coherent tree-growth patterns between non-urban trees. Urban environments
have shown high heterogeneity of tree-growth influencing conditions between urban locations
and compared to non-urban environments (lakovoglou et al. 2001; Cedro and Nowak 2006;
Moser-Reischl et al. 2019; Lv et al. 2024).

a) Urban 1 b) Urban 2 c) Urban 3 d) Urban grouped
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Fig. 4-4 RMSE results for the predictions on all different phases (Start, Middle and End of growing season) and all
years (2019-2023) for the urban individual (a-c)) grouped tree models (d))

The distribution of RMSE values for each seasonal gap demonstrated that network

interpolation exhibited similar performance to the individual tree models during the middle of
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the growing season but had significantly higher RMSE values during the beginning of the
growing season (Fig. 4-6). At the end of the growing season, the variance in RMSEs was
considerably smaller for the network interpolation, although the number of gaps, where
network interpolation could be applied, was limited (22.4%). For the start and middle of the
season, it was possible to apply network interpolation to 16 and 26% of the artificially created
gaps, respectively. Spline interpolation showed higher variance in RMSEs for the middle and
end of the growing season. Significant differences (p<0.01) were found between the individual
tree and spline approach for the start of the growing season. For all approaches, the mid of

the growing season means were higher than for the start and end.

In figure S 4-2, the plane growth reconstruction for gaps at an urban example location for the
year 2022 was highlighted in comparison to existing methods. The location and year were
chosen as examples for the purpose of facilitating a more comprehensive comparison between
methods, given that network interpolation could not be applied to all examples. Applied to the
plane trees, the ML approach worked for all phases of the growing season with RMSE values
< 0.15 and the other approaches had higher RMSEs in most cases. The most striking visual
observations were those when spline interpolation predicted negative growth for the start of
the season in 2022 and when the network interpolation reconstructed reduced growth for mid

of growing season with an RMSE of 0.55.
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Fig. 4-5 RMSE results for the predictions on all different phases (Start, Middle and End of growing season) and all
years (2019-2023) for the non-urban individual (a-c)) grouped tree models (d))

The predictions for the maple tree at the same urban location (Fig. S3) revealed some

shortcomings of the ML approach. The network interpolation approach made the most
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accurate predictions for the middle and end of the growing season. However, at the start of the
growing season network interpolation did not capture the onset on the growing season, while
the spline interpolation captured it best. Due to the way spline interpolation operates, this
approach was unable to capture the characteristic stepwise growth in any gaps compared to

the other approaches although RMSE values were generally low.

When the scheme is applied to true gaps of the datasets, the results clearly demonstrate the
strength of the ML models to reconstruct long gaps in dendrometer data (Fig. 4-7). At visual
inspection, the individual tree models were able to comprehensibly fill these gaps. It should be
noted that the predictions for the non-urban plane tree (Fig. 4-7 d)) did not display reasonable
growth values for the year 2019. The model predicted a reduction in growth values with
increasing time. In such instances we recommend that these erroneous predictions should be
deleted and alternative methods like spline interpolation should be considered for these values.
Users are encouraged to test various method on their capability to reconstruct data gaps. We
recommend that any method used should be accompanied by a visual control of the

reconstructed data.
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Fig. 4-6 Comparison of RMSE values of the artificial gaps, when the gaps are filed with the individual tree models
(green), spline interpolation (blue) or network interpolation (orange). On each boxplot, the red bar indicates the
median, bottom and top edges indicate the 25th and 75th percentiles; the whiskers extend to all data points except
outliers (drawn as “+”). The median RMSE values are given at the top of the figure. Highly significant (p > 0.01,
Mann-Whitney-U test) are the differences for the start of the growing season
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The proposed ML method represents a complementary tool to existing methods as it enables
the gap filling for individuals of a tree species. Consequently, the necessity for neighbouring
trees with no gaps in the dendrometer data is negated. The findings indicate that individual
tree models are capable of filling large data gaps. The application to actual gaps revealed that
the models were capable of predicting reasonable values of growth even in gaps exceeding
30 days that span the transition between growth periods (start, middle, end) (Fig. 4-7). The
low RMSE values (Fig. 4-6) suggest that the individual tree models can predict growth at the
start and end of the growing season with high confidence. This allows, for example, a gapless
analysis of the onset and cessation of tree growth in consecutive years. The ML method is not
dependent on any climatic features. All features induced into the model are based on temporal
variables and are hence available at any time. Features were controlled for multicollinearity
before the application of any ML regression algorithm and dendrometer data has been carefully
checked for quality. When the quality is poor, it is reflected in the generalization error and
predictions made with these models are correspondingly unsatisfactory (Geiger et al. 2021;
Briesch et al. 2022).

The application of this method, however, did not work for predicting raw dendrometer data and
the models did not perform as good as the existing methods (Fig. S 4-4). This is likely due to
cyclical fluctuations of raw data due to stem growth, shrinkage and extension being more
complex than continuously increasing stem growth data. Still, the introduced method offers a
key advantage in handling long data gaps, especially when methods relying on sufficient data

are not suitable (i.e. due to a lack of data from neighbouring trees). Future work should be
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undertaken to develop and test machine learning methods, which not only work for individual
trees and independent from climatic variables but can also address positive and negative

fluctuations in raw dendrometer data.

4.4 Conclusion

We here introduced a novel method based on ML to fill dendrometer data gaps of individual
trees exceeding 24h. Unlike previous approaches, our method is not dependent on climatic
features or additional tree-growth data from neighbouring trees. Furthermore, we provided a
comprehensive scheme that enables the replication of the method for other dendrometer data.
The results showed that XGB-based models are capable of reconstructing tree-growth derived
from dendrometer data at the start, middle and end of the growing season. Nonetheless, the
comparison between methods revealed that no single universal method exists to fill long data
gaps perfectly. The process pf gap filling is complex and must be applied with caution. A visual
evaluation of the predicted data is essential for any given case. Further research should
explore the combination of methods and the functionality of the introduced ML approach on

other tree species and environments.
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4.7 Supplementary material

Tab. S 4-1 Regression algorithms tested in this approach

# Regression Algorithm Type
1 Linear Linear
2 Ridge Linear
3 Lasso Linear
4 Random Forest (RF) Nonlinear
5 k-Nearest-Neighbor (kNN) Nonlinear
6 Support Vector Machine (SVM) Linear
7 Extreme Gradient Boosting (XGB) Nonlinear
8 Partial Least Square (PLS) Linear
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Tab. S 4-2 Performance results (RMSE and adjusted R?) of eight algorithms trained on datasets #3-6 (Tabl. 1) to
predicting growth. Performance measures were estimated using repeated k-fold cross validation (k = 10, repeats =
10). Performance values shown here equal the mean of the 100 runs

Urban Maple Urban Plane Non-urban Maple Non-urban Plane

Model | RMSE | adjR? | Model | RMSE | adjR?* | Model | RMSE | adjR? | Model | RMSE | adjR?

RF 0.00 1.00 RF 0.00 1.00 RF 0.00 1.00 RF 0.00 1.00

XGB 0.01 1.00 XGB 0.02 1.00 XGB 0.01 1.00 XGB 0.01 1.00

kNN 0.10 0.99 kNN 0.13 0.99 kNN 0.04 1.00 kNN 0.06 1.00

SVM 0.49 0.8 SVM 0.92 0.71 SVM 0.33 0.82 SVM 0.51 0.82

Ridge 0.74 0.54 | Ridge 0.96 0.69 | Ridge 0.47 0.63 Ridge 0.64 0.73

Linear 0.74 0.54 Linear 0.96 0.69 Linear 0.47 0.63 Linear 0.64 0.73

Lasso 0.74 0.54 Lasso 0.96 0.69 Lasso 0.47 0.63 Lasso 0.64 0.73

PLS 0.74 0.54 PLS 0.96 0.69 PLS 0.52 0.56 PLS 0.64 0.72
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Tab. S 4-3 Ranked performance results from hyperparameter tuning to fit different algorithms to the datasets #3-6
(Tabl. 1). Best RMSE scores for all four datasets are shown in reference to growth in millimetres. Param. denotes
to the best hyperparameters found via Bayesian Optimization Search and 10-fold cross validation

Pos Urbane Maple Urban Plane Non-urban Maple Non-urban Plane
itio
n
M R Param. M R Param. M R Param. M R Param.
od | M od | M od | M od | M
el | SE el | SE el | SE el | SE
1 X | 0. | colsample_ | X | 0. | colsample_ | X | 0. | colsample_ | X | 0. | colsample_
G | 01 bytree= 1, G | 01 bytree= 1, G | 00 bytree= 1, G |0 bytree= 1,
B eta= 0.16, B eta= 0.1, B eta= 0.16, B eta= 0.1,
gamma= gamma= gamma= gamma=
10, 30, 50, 30,
max_depth max_depth max_depth max_depth
=15, =13, =13, =15,
min_child_w min_child_w min_child_w min_child_w
eight=7, eight= 8, eight= 6, eight= 3,
subsample= subsample= subsample= subsample=
0.9, 0.9, 0.9, 0.6,
early_stoppi early_stoppi early_stoppi early_stoppi
ng_rounds= ng_rounds= ng_rounds= ng_rounds=
10 10 10 10
2 RF | 0. bootstrap= | RF | 0. bootstrap= | RF | 0. bootstrap= | RF | 0. bootstrap=
02 True, 07 True, 02 True, 05 True,
max_depth max_depth max_depth max_depth
= 86, = 66, =75, =46,
max_featur max_featur max_featur max_featur
es=1.0, es=1.0, es=1.0, es=1.0,
max_leaf_n max_leaf_n max_leaf_n max_leaf_n
odes= 95, odes= 95, odes= 95, odes= 98,
n_estimator n_estimator n_estimator n_estimator
s= 116, s= 186, s= 170, s= 196,
random_sta random_sta random_sta random_sta
te=42 te= 42 te=42 te=42
3 kN | O. algorithm= | kN | O. algorithm= | kN | O. algorithm= | kN | O. algorithm=
N 08 'ball_tree', N 1 'brute’, N 04 'kd_tree', N 06 'brute’,
leaf_size= leaf_size= leaf_size= leaf_size=
31, metric= 11, metric= 66, metric= 11, metric=
'manhattan’, 'manhattan’, 'euclidean’, ‘euclidean’,
n_neighbors n_neighbors n_neighbors n_neighbors
=5,p=2, =5,p=1, =5,p=2, =7,p=2,
weights= weights= weights= weights=
'distance’ 'distance’ 'distance’ 'distance’
4 Ri | O. alpha=1.0 Ri | 0. alpha= 1.0 Ri | 0. alpha= 0.4 Ri | 0. alpha= 1.0
dg | 74 dg | 96 dg | 47 dg | 64
e e e e
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Tab. S 4-4 Test set RMSE values of the models based on the datasets #1-6 and the four algorithms extreme
gradient boosting (XGB), k-nearest neighbor (kNN), random forest (RF) and ridge regression after hyperparameter
tuning

# X XGB RF kNN Ridge
1 Maple 0.01 0.05 0.07 0.78
2 Plane 0.01 0.10 0.10 0.94
3 Urban Maple 0.01 0.02 0.09 0.74
4 Urban Plane 0.01 0.07 0.12 0.95
5 Non-Urban Maple 0.00 0.02 0.04 0.47
6 Non-Urban Plane 0.01 0.05 0.06 0.64

Tab. S 4-5 Test set RMSE mean values and standard deviation (in brackets) of the models based on the datasets
#3-8 and the four algorithms extreme gradient boosting (XGB), k-nearest neighbor (kNN), random forest (RF) and
ridge regression without hyperparameter tuning and VPD

# X XGB RF kNN Ridge
3 Urban Maple 1.03(0.01) | 1.36 (0.01) 1.15 (0.01) 1.14 (0.01)
4 Urban Plane 0.69 (0.01) | 0.92 (0.01) 0.78 (0.01) 1.55 (0.01)
5 Non-Urban Maple 0.77 (0.01) | 1.00 (0.01) 0.88 (0.01) 1.02 (0.01)
6 Non-Urban Plane 0.61 (0.01) | 0.80(0.01) 0.70 (0.01) 1.05 (0.00)
7 Urban 1 Maple 0.02 (0.01) | 0.00 (0.00) 0.03(0.00) 0.27 (0.00)
8 Urban 1 Plane 0.07 (0.08) | 0.00 (0.00) 0.18 (0.01) 1.20 (0.01)
9 Urban 2 Maple 0.13(0.10) | 0.00 (0.00) 0.19 (0.01) 1.29 (0.01)
10 Urban 2 Plane 0.01 (0.00) | 0.00 (0.00) 0.25 (0.01) 2.00 (0.01)
1 Urban 3 Maple 0.01 (0.00) | 0.00 (0.00) 0.06 (0.01) 0.40 (0.00)
12 Urban 3 Plane 0.04 (0.07) | 0.00 (0.00) 0.16 (0.01) 1.25 (0.02)
13 Non-urban 1 Maple 0.05 (0.09) | 0.00 (0.00) 0.10 (0.00) 0.87 (0.01)
14 Non-urban 1 Plane 0.11 (0.09) | 0.00 (0.00) 0.17 (0.00) 116 (0.01)
15 Non-urban 2 Maple 0.03(0.03) | 0.00 (0.00) 0.05 (0.00) 0.36 (0.00)
16 Non-urban 2 Plane 0.06 (0.05) | 0.00 (0.00) 0.10 (0.00) 0.66 (0.01)
17 Non-urban 3 Maple 0.01 (0.01) | 0.00 (0.00) 0.03 (0.00) 0.25 (0.00)
18 Non-urban 3 Plane 0.01 (0.00) | 0.00 (0.00) 0.14 (0.01) 1.16 (0.02)
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Fig. S 4-1 Comparison of RMSE values of the artificial gaps, when the models are based on a) random forest and
b) extreme gradient boosting. On each boxplot, the red bar indicates the median, bottom and top edges indicate
the 25th and 75th percentiles; the whiskers extend to all data points except outliers (drawn as “+”). No significant
differences could be found for the middle and end of the growing seasons (p > 0.01, Mann-Whitney-U test)
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Fig. S 4-2 Results of different approaches for predicting growth of the plane tree at an urban location of 2022 CE
fitted to the algorithm Extreme Gradient Boosting (XGB) for different seasons (a-c)). Top row shows the results of
the individual Urban Plane models. Middle and bottom row present the comparison to the network interpolation by
Aryal et al. (2020) and the classic spline interpolation
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a) Start of Growing Season b) Mid of Growing Season c) End of Growing Season
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Fig. S 4-3 Results of different approaches for predicting growth of the maple tree at an urban location in 2022 CE
fitted to the algorithm Extreme Gradient Boosting (XGB) for different seasons (a-c)). Top row shows the results of
the individual Urban Maple models. Middle and bottom row present the comparison to the network interpolation by
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5 Conclusions and perspectives

This dissertation aims to advance tools for assessing climate-growth relationships using ML
algorithms, highlighting the benefits and limitations in two major applications in
dendroclimatology. It demonstrates how ML methods can improve the development of
millennium-length temperature reconstructions and enhance our understanding of seasonal
tree growth using dendrometer data. Analyzing the relationship between tree- and forest-
growth responses to climate variations enable scientists to refine their understanding of the
complex spatial and temporal dynamics of the Earth’s system. Beside ML approaches,
numerous techniques have been devised to analyse past climate variability and the different
ways in which these can be used and combined can influence the results of a study. For
example, Blntgen et al. (2021) highlighted how different techniques throughout the
reconstruction process from series selection and detrending to the proxy calibration can
influence a reconstruction’s outcome. While uncertainties in paleoclimate modelling can never
be entirely eliminated due to the proxies being indirect indicators of climatic changes, a
reduction of uncertainty is feasible through continual refinement, development, and testing of

methods and approaches.

In this thesis, a method to find the provenance of historical timbers was established and then
applied to develop a new millennium-length summer temperature reconstruction using larch
trees from the European Alps. Additionally, a new approach to fill gaps in dendrometer data
was established and extended by a process scheme to apply the new method with a few,
simple steps. The findings of these study not only allow for an evaluation of ML as
methodological prospect, but also enable a revision of past climate variability in the European

Alps.

First, an XGB-based classification model successfully predicted the origin of historical larch
trees, particularly when incorporating wood density parameters data along with traditional TRW
data (f1 score = 0.8). A total of 99 historical samples was successfully sorted to six different
elevations, but the model performance was significantly lower, when the model was only
trained with TRW data. This ML approach improves temperature reconstructions and
advances dendroarchaeological studies by reducing dependence on shared temporal periods

when trained on width and density parameters.

In the second step, the XGB algorithm is applied to tree-ring series from the Matter valley.
Here, the thesis identifies data availability and quality as critical factors for ML model
performance. The provenance model requires adequate data from the specific original

locations. A model trained on data from the Simplon valley cannot accurately predict the origins
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of historical trees from the Matter valley, and vice versa. Moreover, the Matter valley dataset
includes only two elevational transect steps compared to six in the Simplon valley, which
enhances the likelihood of accurately classifying tree-ring series using the Simplon model
versus the Zermatt model. Additionally, the data quality significantly impacts model
performance. Erroneous, noisy, or inadequately prepared input data generally lead to
increased generalization errors and diminished model performance (Geiger et al. 2021;
Briesch et al. 2022).

Based on the provenance method, the development of the MXD reconstruction enabled a
revision of temperature variability in the European Alps. Techniques to mitigate signals from
LBM defoliation and variance stabilization refined the results of the reconstruction. While low-
frequency trends were muted, the reconstruction exhibits robustness in analysing high-
frequency variability, especially volcanic cooling events. These findings underscore the
methodological influence on outcomes (Blntgen et al. 2021). Previous studies have
highlighted potential risks of losing low-frequency signals due to methodological factors such
as standardization biases, as well as changes in site ecology or climate-growth relationships
(Briffa et al. 1996). Regional curve standardization (Briffa et al. 1992; Esper et al. 2003) has
shown to mitigate the loss of low-frequency information compared to traditional standardization
approaches (Esper 2002; Bunn et al. 2004; Peters et al. 2015). However, the potential loss of
low frequency due to changing climate-growth relationships remains unresolved. Studies have
found that instrumental and proxy data can diverge with rising temperatures, biasing climate
reconstructions (D’Arrigo et al. 2008). This thesis supports these findings by identifying signs

of a developing divergence in the European Alps.

The new XGB-based gap-filling approach is able to fill gaps of up to 30 consecutive days of
missing values. It has its advantage in being independent from neighbouring trees or any
climatic input parameters and performs with high grades of accuracy, especially when
predicting data for gaps at the start and end of the growing season. Still, the XGB models do
not consistently outperform network or spline interpolation. The findings indicate that there is
no single universally effective method for all scenarios yet and emphasize the need for visual
evaluation of any gap filling results. Further limitations arise in predicting future growth under
shifting climatic conditions, as the algorithms fail to establish models with significant predictive
power of critical climatic features. Initially, we attempted to incorporate additional climatic
variables while excluding non-climatic variables like DOY to increase the predictive power of

the former and forecast future tree growth. This, however, led to severe overfitting on the
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training data and poor generalization on the test data. Consequently, forward modelling using

this approach is not feasible.

The findings of this thesis demonstrate the significant potential of applying ML algorithms in
dendroclimatology to enhance provenance methods, refine temperature reconstructions and
thereby improve our understanding of past climate variability. However, these results also pose
challenges and thus opportunities for further testing of the introduced approaches. For
instance, future research should explore the combination and performance of different tree-
growth proxies such as blue intensity (Bl), Sl, or wood anatomical features with ML algorithms.
Especially Bl could lower the hurdle for the provenance method. Bl, which assesses light
reflectance from scanned images of tree-ring series to estimate density values, offers a
promising alternative to the time- and cost-intensive wood densitometry measurements
(Bjorklund et al. 2019). If replacing features of the provenance model with Bl-based parameters
proves equally effective, it could broaden the accessibility of this method to more researchers.
A recently introduced method called Binary Surface Intensity (Rydval et al. 2024) could add to

less cost- and labour-intensive methods to measure tree-growth parameters.

Additional investigation is also necessary to address questions about low-frequency trends in
reconstructions and why they are occasionally absent. Nonlinear ML algorithms present an
opportunity to mitigate these biases in climate reconstructions (Zhang et al. 2000; Gholami et
al. 2017) and warrant further exploration. For example, JevSenak et al. (2018) considered non-
linear algorithms and a multi-proxy input reconstruct mean temperatures for April-May and

June-August.

To successfully establish ML as integral part of dendroclimatology, access to the application
via code sharing and data availability must be ensured. Studies, which utilize ML should usually
follow standard procedures to find the best model for their purpose, but research showed that
a large number of publications have not gone through the individual steps in their entirety (Zhu
et al. 2023). The process of testing and tuning models can be computationally consuming and
often, the user must not necessarily go through all these steps, when the extensive tests have
been carried out beforehand. It is therefore important to enable the reproduction of the
research by developing easy to follow schemes and providing code, which can be made public
on platforms like GitHub. As many ML packages are produced and optimized for Python but
the dendroclimatology community is mainly working with R packages, an interface between
Python and R based codes should be available for the users. Existing R packages for

dendroclimatology should be made available for Python to allow for an uncomplicated
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integration of ML in basic tree-ring analyses. For example, the package ‘dpIR’ has recently

been translated to Python and has been published as ‘dplPy’ (Bunn 2010).

Future studies can highly benefit from the use of ML in assessing non-linear climate-growth
relationships to reconstruct past climate variability or to predict future growth of trees under
various climate scenarios. New ML algorithms should be tested for their potential to reconstruct
climate in different regions and from different species. Additionally, the potential to predict
future tree growth with should be further explored, which is especially of interest for urban
planners and foresters. The number of publications working with ML to address these topics is
increasing and shows that ML is no longer ‘a cutting edge’ in dendroclimatology. While Popa
et al. (2024) used ML to explore the non-linear relationship between climate and growth of
Norway spruce, Keret et al. (2024) developed a ML approach to detect xylem cell types, which
is easily applicable though a software and open access. Shindo et al. (2024) investigated the
use of ML to improve predictions of cambial age, based on the number of sapwood rings for
European larch. The variability and response of Scots pine growth in the Kazakh steppe to
changes in climate was analysed using RF and linear mixed effect models by Zhao et al.
(2024). Cho et al. (2024) finds that integrating ML algorithms into existing process-based
biogeochemical models enables to monitor and simulate tree mortality caused by droughts.
The introduced approaches of this thesis integrate well in these upcoming publications and not
only explore benefits and challenges occurring from ML application but also help the
community to make steps towards improved assessments of climate and tree-growth

relationships.
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