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Objectives of thesis

The topic of the dissertation theses-was chosen based on the current-needs of theforest sector. For the
acceleration of breeding programs, applying the most effective strategies based on advanced phenotyp-
ing methods using molecular markers-is necessary. These are the main foundations for ensuring quality
reproduction material for the future. The main aim of the dissertation theses is primarily to connect ge-
netics and tree physiology in the context of tree breeding. The physiological and morphological properties
of chosen populations will be monitored in different experimental plots. All obtained information will be
used for thorough statistical analyses.

Main aims:
Evaluation of the experimental plots based on growth and physiological traits.

To connect genetics and tree physiology in the context of tree breeding — a study of phenotype and geno-
type correlations between growth and physiological parameters (including genotype and environment in-
teractions).

A novel aspect will be the study of phenotypic and genotypic correlations between growth, physiological
parameters, and adaptive traits of chosen populations.

Hypotheses:

There are significant genetic correlations between physiological, production, and adaptive traits, which can
be further used for early indirect selection.

Methodology

Experimental material will be obtained mainly from seed orchards in Czechia and other European coun-
tries. The tree species of interest will be chosen based on suitable experimental sites with significant ge-
netic variation, the current needs of forestry, and in the context of climate change. The species of interest
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will likely be Pinus sylvestris, Fagus sylvatica, Alnus-glutinosa, Picea abies, Abies nordmanniana, Acer pseu-
doplatanus, or Quercus robur.

Production parameters (diameter at breast height, height) and physiological parameters (fluorescence,
reflectance, photosynthetic pigment content, leaf senescence) will be measured. The innovative aspect
will be the assessment of adaptive traits.

All data will be subsequently analyzed by multivariate mixed models, which enables the estimation of ge-
netic correlations. The presented results will be based on a model that best fits the genetic variability of
the analyzed data. A novel aspect will be mainly the effective linkage of all three groups of parameters.
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Abstract

This thesis investigates the application of novel methods in genetic evaluation by integrating
advanced phenotyping with quantitative genetic approaches in forest trees. Focusing on Pinus
sylvestris L., Fagus sylvatica L., and Alnus glutinosa (L.) Gaertn., it examines the genetic
variation and adaptive significance of key functional traits, including phenology, growth and

structural traits, photosynthetic and stress-related physiological traits, and spectral reflectance.

A multi-experiment framework was established, combining material from seed orchards and
provenance trials, some of which included family structure or clonal structure enhanced by
SNP-based genomic data. The resulting datasets were analyzed using linear mixed models to

estimate heritability and genetic correlations across traits, sites, and years.

The findings revealed strong genetic control of phenological traits, while growth and water-
use traits exhibit moderate heritability with pronounced site dependence. A central innovation
of this work was the use of hyperspectral reflectance as a high-throughput, non-destructive
proxy for physiological and structural variation. Reflectance in the visible and red-edge regions
exhibited high heritability and temporal stability, whereas near- and shortwave-infrared regions
captured environment-driven variation. Automated imaging methods, including a newly
developed bud-counting macro, further enhanced the efficiency and consistency of

phenotyping.

By integrating multiple sources of phenotypic and genetic relationship information, these
studies enhance the accuracy of genetic parameter estimation, enabling earlier and more
reliable detection of adaptive signals. The methodological framework developed here
establishes an effective link between growth, physiological, and adaptive traits in forest tree
populations. This approach provides valuable tools to accelerate breeding for climate
resilience, supporting a transition from traditional production-focused strategies to modern,

adaptive tree improvement programs designed for a rapidly changing environment.

Keywords: forest phenotyping, genetic evaluation, hyperspectral reflectance, genetic

correlations, genotype-by-environment interactions



Abstrakt

Tato prace zkoumd vyuziti novych metod genetické evaluace prostiednictvim integrace
pokrocilého fenotypovani s kvantitativné-genetickymi piistupy u lesnich dfevin. Se zamétenim
na druhy Pinus sylvestris L., Fagus sylvatica L. a Alnus glutinosa (L.) Gaertn. tato prace
analyzuje genetickou variabilitu a adaptivni vyznam kli¢ovych funkcnich znaki, vcetné
fenologie, rustovych a strukturalnich znaki, spektralni odrazivosti a fyziologickych znakt

souvisejicich se stresem a fotosyntézou.

Bylo realizovano nékolik experimentl s vyuzitim materidlu ze semennych sadi a
provenienc¢nich pokust, z nichz nékteré obsahovaly rodinnou nebo klonalni strukturou
podpofenou SNP-genomickymi daty. Ziskané soubory dat byly analyzovany pomoci linearnich
smiSenych modeltl za ucelem odhadu dédivosti a genetickych korelaci mezi znaky, lokalitami

a roky.

Vysledky ukazaly, Ze fenologické znaky jsou pod silnou genetickou kontrolou, zatimco ristové
znaky, ¢i znaky souvisejici s vodnim rezimem vykazuji stfedni dédivost a vyraznou zavislost
na stanovisti. Klicovou inovaci této prace bylo vyuziti hyperspektralni odrazivosti jako vysoce-
vykonného, nedestruktivniho nastroje pro odhad fyziologické a strukturdlni variability.
Odrazivost ve viditelnych a ,,red-edge* pasmech vykazovala vysokou dédivost a stabilitu mezi
roky, zatimco blizké a kratkovinné infracervené pasmo zachycovalo variabilitu zpisobenou
prostiedim. Automatizované optické zobrazovaci metody, véetné nové vyvinutého makra pro
pocitani pupent, jesté zvysily efektivitu a konzistenci fenotypovani.

Integraci vice zdrojii fenotypovych a genetickych informaci tyto studie zvysuji presnost odhadt

J 4

Vyvinuty metodologicky ramec vytvari U¢inné propojeni mezi ristem, fyziologickymi a
adaptacnimi znaky populaci lesnich dfevin. Tento pfistup poskytuje cenné ndstroje pro
urychleni Slechténi k odolnosti viici zméné klimatu a podporuje prechod od tradi¢nich
produkéné orientovanych strategii k modernim adaptivnim programiim Slechténi dfevin

ptizplisobenym rychle se ménicim podminkam prostfedi.

Klicova slova: fenotypovani lesnich dfevin, geneticka evaluace, hyperspektralni odrazivost,

genetické korelace, interakce genotypu s prostfedim



Abstrakt

Denne athandling underseger anvendelsen af nye metoder til genetisk evaluering i
treeforaedlingen gennem brug af avanceret fanotypning kombineret med kvantitative genetiske
analyser og med fokus pa Pinus sylvestris L., Fagus sylvatica L. og Alnus glutinosa (L.) Gaertn.
Afhandlingen underseger den genetiske variation i- og adaptive betydning af centrale
funktionelle traek, herunder fzenologi, vakst- og strukturelle traek, fotosyntetiske og
stressrelaterede fysiologiske traek, samt spektral reflektans.

Afthandlingen er baseret pa en r&ekke eksperimenter, der omfatter materiale fra froplantager og
proveniensforseg, nogle med familiestruktur eller klonstruktur, i flere tilfeelde fundet- og
forfinet vha. af SNP-baserede genomiske data. Data fra eksperimenterne er blevet analyseret
ved hjelp af lineere blandede modeller for at estimere arvelighed og genetiske korrelationer
pa tveers af egenskaber, lokaliteter og ar.

Resultaterne viser en sterk genetisk kontrol af fanologi, mens vakst- og
vandudnyttelseseffektivitet (water use efficiency) udviser moderat arvelighed athangig af
lokalitet. En central innovation i dette arbejde er brugen af hyperspektral reflektans som en
hejkapacitets, ikke-destruktiv proxy for fysiologisk og strukturel variation.

Reflektans i omrdder med synligt og redt lys, udviste hej arvelighed og tidsmassig stabilitet,
hvorimod reflektans 1 nar- og kortbelge-infrarode omrider viste stor miljevariation.
Automatiserede billedanalysemetoder, herunder en ny knoptallende makro, forbedrede
yderligere effektiviteten og konsistensen i fenotypningen.

Ved at integrere flere fenotypiske malinger og forbedre kendskabet til sleegtskaberne 1 treeerne
vha. genetiske markerer, forbedrede denne undersogelse nejagtigheden i estimeringen af
genetiske parametre, hvilket muliggjorde tidlig og mere pélidelig detektion af adaptive
signaler. Den metodologiske ramme, der er udviklet her, etablerer en effektiv forbindelse
mellem vakst, fysiologiske og adaptive egenskaber i skovtraer. Denne tilgang giver
veerdifulde vearktejer til at accelerere foradlingen for klimamodstandsdygtighed og
understotter en overgang fra traditionelle produktionsfokuserede strategier til moderne
treeforedlingsprogrammer der sigter mod tilpasningsdygtighed 1 forhold til et hurtigt skiftende
milje.

Nogleord: Fanotypning, genetisk evaluering, hyperspektral reflektans, genetiske

korrelationer, genotype-miljo vekselvirkninger



Résumé

Cette thése étudie I’application de méthodes innovantes d’évaluation génétique en intégrant un
phénotypage avancé a des approches de génétique quantitative chez les arbres forestiers. En se
concentrant sur Pinus sylvestris L., Fagus sylvatica L., et Alnus glutinosa (L.) Gaertn., elle
examine la variation génétique et I’importance adaptative de traits fonctionnels clés,
notamment la phénologie, la croissance et les traits structuraux, les caractéristiques

physiologiques liées a la photosynthése et au stress, ainsi que la réflectance spectrale.

Un cadre multi-expérimental a été établi, combinant du matériel provenant d’arboretums
a graines et d’essais de provenances, certains présentant une structure familiale ou clonale
renforcée par des données génomiques SNP. Les jeux de données obtenus ont été analysés
a I’aide de modéeles linéaires mixtes afin d’estimer I’héritabilité et les corrélations génétiques

entre traits, sites et années.

Les résultats révelent un fort contrdle génétique des traits phénologiques, tandis que les traits
de croissance et liés a I’usage de I’eau montrent une héritabilité modérée avec une dépendance
marquée au site. Une innovation centrale de ce travail est l'utilisation de la réflectance
hyperspectrale comme indicateur non destructif & haut débit des variations physiologiques et
structurelles. La réflectance dans les régions visibles et rouges a montré une héritabilité et une
stabilité¢ temporelle élevées, tandis que les régions infrarouges proches et courtes ont capturé
les variations liées a I'environnement. Les méthodes d'imagerie automatisées, notamment une
nouvelle macro de comptage des bourgeons, ont encore amélioré 1'efficacité et la cohérence du

phénotypage.

En intégrant plusieurs sources d'informations sur les relations phénotypiques et génétiques,
cette ¢tude a amélioré la précision de l'estimation des parametres génétiques, permettant une
détection plus précoce et plus fiable des signaux adaptatifs. Le cadre méthodologique
développé ici établit un lien efficace entre les caractéristiques de croissance, physiologiques et
adaptatives des populations d'arbres forestiers. Cette approche fournit des outils précieux pour
accélérer la sélection en faveur de la résilience climatique, favorisant ainsi la transition entre
les stratégies traditionnelles axées sur la production et les programmes modernes

d'amélioration adaptative des arbres congus pour un environnement en rapide évolution.

Mots-clés: phénotypage forestier, ¢évaluation génétique, réflectance hyperspectrale,

corrélations génétiques, interactions génotype X environnement
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1 Introduction

Forests provide essential ecological and economic services, including carbon sequestration,
water regulation, and biodiversity protection. Their stability and productivity are increasingly
threatened by climate change, manifested through rising temperatures, altered precipitation,
and more frequent extreme events. These changes pose serious challenges for long-lived tree

species, whose adaptive capacity is limited by slow generation turnover (Buras and Menzel,

2019; Chakraborty et al., 2024; Dyderski et al., 2018).

Traditional tree breeding has focused mainly on growth and wood quality traits (White et al.,
2007). While effective in terms of production, these approaches are often slow, labor-intensive,
and limited in their ability to assess and integrate complex adaptive traits contributing to
resilience. Accelerating breeding cycles and improving selection accuracy are essential as
climate pressures intensify (Aitken and Whitlock, 2013; Grattapaglia et al., 2018; Neale and
Kremer, 2011).

Advances in genetics and high-throughput phenotyping now offer new possibilities to
accelerate tree breeding and make it possible to incorporate a broader range of traits into
selection strategies. Techniques such as hyperspectral and imaging spectroscopy allow rapid,
non-destructive measurements of physiological and structural traits at leaf and canopy levels
(Bian et al., 2022; Fiorani and Schurr, 2013; Grubinger et al., 2023). Combined with genomic
data and advanced statistical models, these tools provide deeper insights into trait architecture

and genotype—environment interactions, supporting the selection of resilient genotypes.

This dissertation applies novel phenotyping methods in the genetic evaluation of Pinus
sylvestris L., Fagus sylvatica L., and Alnus glutinosa (L.) Gaertn. It combines provenance and
clonal trials, hyperspectral reflectance, physiological measurements, and genomic data to
develop a framework linking growth, physiology, and adaptive traits. Current breeding
programs are constrained by slow phenotyping and limited coverage of adaptive traits (Bian et
al., 2022). Climate change adds urgency to identifying resilient genotypes. Combining high-
throughput phenotyping with genetic analysis improves both the rate and reliability of

selection.

The primary aim of this research is to explore and apply novel phenotyping methods used for
genetic evaluation of forest trees. Specifically, it seeks to evaluate growth, phenological, and

physiological traits across different provenances, providing a foundation for understanding
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variation in key adaptive characteristics. Linear mixed models enable deeper insight into the
genetic variation of various traits. Hyperspectral reflectance is assessed as a high-throughput,
non-destructive proxy for adaptive traits, supporting more efficient phenotyping (Bian et al.,
2022). Furthermore, genotype—environment interactions are analyzed to capture how genetic
variation is expressed under different environmental conditions. Ultimately, the study aims to
develop integrative approaches that support climate-resilient breeding strategies, facilitating

the selection of productive and adaptable genotypes for future forest management.

By combining phenotypic, spectral, and genomic data, this research enables early detection of
adaptive signals. These methods support more efficient breeding and long-term forest

resilience.

Although this study integrates advanced methods, several limitations should be acknowledged.
Physiological measurements are sensitive to short-term environmental fluctuations and are
labor-intensive, limiting sampling scale and temporal consistency. Hyperspectral reflectance,
while high throughput, can be affected by measurement conditions and requires complex
processing to separate biological signals from noise. Genetic analyses depend on data quality
and balanced experimental design, and genotype-by-environment interactions may require
larger datasets to fully capture their complexity. These limitations highlight the importance of

careful design, rigorous data handling, and cautious interpretation.

The structure of this thesis is designed to provide both clarity and coherence across its different
components. A common literature review establishes the foundation of the research, beginning
with an overview of the studied species. It then introduces advanced phenotyping approaches
and their applications in tree research, followed by key concepts in forest genetics and tree
breeding that provide a foundation for the experimental work. The methodology and results are
then presented separately for each of the four individual experiments, reflecting their distinct
species, genetic materials, site conditions, phenotyping methods, and trait focus. This structure
allows each experiment to be described and interpreted within its own context, improving
transparency and readability while aligning methods and results closely. Finally, the joint
discussion is organized by trait categories, phenology, growth and structural traits, pigment,
photosynthesis-related traits, water-use or stress-related traits, and spectral reflectance,
allowing for cross-species comparisons and a clearer interpretation of genetic contributions,
environmental sensitivity, and adaptive significance. This integrated approach highlights both
the specific findings of each experiment and their broader implications.
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2 Objectives and Hypothesis

Objectives:

1) Evaluation of the experimental plots based on growth and physiological traits.

2) To connect genetics and tree physiology in the context of tree breeding - a study of
phenotype and genotype correlations between growth and physiological parameters
(including genotype and environment interactions).

3) A novel aspect will be the study of phenotypic and genotypic correlations between

growth, physiological parameters, and adaptive traits of chosen populations.

Hypothesis:

There are significant genetic correlations between physiological, production, and adaptive
traits, which can be further used for early indirect selection.
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Specific Objectives of Individual Experiments

Experiment 1 — Scots Pine Clones — Seed Orchards

To evaluate genetic variation in needle- and canopy-level reflectance traits, together with NFTs
in Scots pine clonal seed orchards using SNP genotyping to quantify realized genomic

relationships among clones.

e Experiment 1 is based on an already published study by Provaznik et al. (2025).

Experiment 2 — European Beech Provenances

To assess photosynthetic performance (gas exchange and chlorophyll a fluorescence) and
phenology among beech provenances and their altitudinal subgroups in a common garden

setting.

e Experiment 2 is based on an already published study by Provaznik et al. (2024).

Experiment 3 — Scots Pine Provenances - Seedlings

To develop an optimized, high-throughput phenotyping (HTP) pipeline using open-source

tools to assess key phenological traits in Scots pine seedlings.

e Experiment 3 is part of an unpublished manuscript called: From Pixels to Phenotypes:
Semi-automated Classification of Autumn Reddening and Bud Set Using Hyperspectral

Imaging in Scots Pine Seedlings.

Experiment 4 — Black Alder Provenances

To evaluate genetic variation and adaptive potential of black alder provenances in growth and

phenology across years and sites.

e Experiment 4 is part of an unpublished manuscript called: Understanding Genetic
Variation in Black Alder Growth: The Role of Soil Conditions in Genotype X

Environment Interactions.
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3 Literature Review
3.1 Climate Change and Tree Species Distribution

Climate change is increasingly reshaping ecosystems across the globe, with forested landscapes
among the most visibly affected. In Europe and beyond, shifts in temperature and precipitation
patterns, particularly during critical phases of the growing season, are altering the
environmental conditions to which tree species are adapted. These climatic changes not only
influence tree growth, regeneration, and survival, but also increase the frequency and intensity
of disturbances such as storms, pest outbreaks, and wildfires (Dyderski et al., 2018). As aresult,
the geographical distribution of many tree species is changing, with some expanding into newly
suitable areas while others face decline or local extinction. Tree species may respond to
environmental changes through acclimatization, local adaptation, migration, or, in the worst
case, mortality (Buras and Menzel, 2019; Dyderski et al., 2018; Zang et al., 2014). Together,

these responses will shape the future composition and resilience of forest ecosystems.

Species distribution models have been widely used to project how tree species' ranges may
shift under various climate change scenarios. Recent studies employing advanced modeling
techniques and extensive distribution data have revealed that tree species exhibit differential
responses to climate change. For example, late-successional species such as silver fir (4bies
alba Mill.), European beech (Fagus sylvatica L.) and pedunculate oak (Quercus robur L.) are
projected to be "winners," potentially expanding or maintaining their ranges under moderate
climate scenarios (Dyderski et al., 2018; Pietrzykowski and Wo§, 2021). In contrast, species
like silver birch (Betula pendula Roth) and Norway spruce (Picea abies (L.) Karst.) are more
likely to experience range contractions (Dyderski et al., 2018; Pietrzykowski and Wos, 2021).
Introduced species such as Douglas fir (Pseudotsuga menziesii (Mirb.) Franco) and black locust
(Robinia pseudoacacia L.) may also expand their ranges, posing additional ecological

challenges (Dyderski et al., 2018).

Rising temperatures and shifting precipitation patterns drive changes in species' potential
ranges, often causing a northward and upslope migration of suitable habitats (Buras and
Menzel, 2019; European Commission. Joint Research Centre., 2016). For example, studies
indicate that many European tree species are projected to experience habitat shifts and
contractions, particularly in mountainous regions such as the Pyrenees, Alps, and Carpathians,

with suitable areas moving up to 800 km northeast under severe climate scenarios (European
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Commission. Joint Research Centre., 2016). These changes pose risks of habitat loss, species
extinction, and altered forest dynamics, compounded by uncertainties in climate projections

and species' dispersal capabilities.

These shifting habitat patterns are already having visible consequences in European forests,
where some of the most widely planted and economically important tree species are showing
signs of stress and decline. Norway spruce and Scots pine (Pinus sylvestris L.), in particular,
are increasingly vulnerable. Norway spruce, often cultivated outside its natural range in Central
Europe, is especially susceptible to site-related stress and associated disturbances such as
windthrow and bark beetle outbreaks, both of which are expected to intensify in the coming
decades (Hlasny and Tur¢éni, 2013). Scots pine, though more drought-tolerant, has also shown
rising mortality under extreme conditions (Buras and Menzel, 2019; Lévesque et al., 2013;
Zang et al., 2014), underscoring the need to reassess their long-term viability under future

climate scenarios.

In response, forest management practices across Europe are shifting away from homogeneous
conifer plantations toward more diverse, resilient, and multifunctional forest stands. Integrating
broadleaved species into conifer-dominated systems has been shown to increase resistance to
both abiotic stressors, such as wind, and biotic threats like bark beetles (Griess et al., 2012).
This transition has brought renewed focus to species like European beech and drought-tolerant

Scots pine ecotypes, which offer greater adaptability to changing climate conditions.

While much attention has centered on the vulnerability of drought-sensitive upland conifers,
forest types in floodplain and riparian ecosystems are also experiencing significant declines. In
these systems, biotic agents, particularly invasive pathogens, are the primary drivers of tree
mortality. One of the most severe cases is the widespread dieback of Common ash (Fraxinus
excelsior L.), which has been recorded across much of Europe in recent decades. This decline
affects natural forests, urban plantings, and nursery stock alike (Bakys et al., 2009). The disease
is primarily caused by the fungal pathogen Hymenoscyphus fraxineus (formerly Chalara
fraxinea) (Bakys et al., 2009; Kowalski, 2006; Kowalski and Holdenrieder, 2009). Although
some genotypic variation in resistance exists, particularly among selected clonal material
(Mckinney et al., 2014), the disease continues to prevent many ash trees from reaching

maturity, limiting their long-term ecological role.
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Similarly, European elm species (Ulmus spp.) remain severely affected by Dutch elm disease,
caused by the fungus Ophiostoma novo-ulmi and spread primarily by Scolytus bark beetles
(Webber, 2008). Despite ongoing breeding efforts to develop resistant cultivars, the disease
continues to pose a persistent threat to elm populations in both managed forests and urban

landscapes.

A comparable dieback has been observed in alder species (Alnus glutinosa (L.) Gaertn.) and
Alnus incana (L.) Moench), particularly in riparian environments. Since the 1990s, widespread
mortality has been linked to Phytophthora alni, a novel hybrid waterborne pathogen of likely
recent origin (Husson et al., 2015). Spread through river and stream networks, the pathogen
has devastated alder populations in several European countries, resulting in significant
ecological and economic consequences (Bjelke et al., 2016). However, as climate change alters
hydrological regimes and creates new pathways for spreading, the long-term trajectory of this

disease remains uncertain.

Overall, the composition of European forests is changing not only due to abiotic stressors such
as drought and temperature extremes but also due to complex biotic interactions involving
novel pathogens and pest outbreaks. Both conifer-dominated upland forests and species-rich
riparian systems are experiencing significant declines in key species, prompting a reevaluation
of traditional forest management models. Future strategies will need to emphasize not only
production traits, but also species diversity, functional redundancy, and the incorporation of
resistant genotypes to enhance forest resilience in the face of accelerating environmental
change. To support these efforts, there is a growing need for advanced high-throughput
phenotyping techniques capable of efficiently assessing large populations for production, stress
responses, adaptive traits, and disease resistance. This means the new methods should
accelerate the identification and deployment of superior tree genotypes in forest breeding and

restoration programs.
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3.2 Overview of Selected Species

In light of the increasing urgency to enhance forest resilience under climate change, the
selection of species for phenotyping studies must consider ecological significance, economic
value, and vulnerability to environmental stressors. This thesis focuses on the application of
novel phenotyping methods to three key European forest species: Scots pine (Pinus sylvestris
L.), European beech (Fagus sylvatica L.), and European black alder (Alnus glutinosa (L.)
Gaertn.). These species represent a range of ecological niches, from upland to riparian forests,
and display varied responses to drought, temperature, and biotic pressures. Each species also
shows considerable intraspecific variation in adaptive traits, making them highly suitable for
exploring modern phenotyping approaches aimed at supporting future breeding and forest
management strategies. Both broadleaf and conifer species are included to capture the

phenotyping differences associated with leaf morphology in leaf-level measurements.
3.2.1 Scots Pine (Pinus sylvestris L.)

Scots pine is one of the most ecologically and economically important conifer species in
Europe, particularly in Nordic countries. Its relevance is expected to grow further due to
ongoing climate change, which challenges forest health and productivity across Europe.
Despite a general decline in coniferous forests, Scots pine continues to be a cornerstone of

European forestry (Buras and Menzel, 2019; Ols and Bontemps, 2021).

As a typical pioneer species (Linder, 1972), Scots pine demonstrates exceptional ecological
plasticity and extensive genetic variability. It occupies a vast natural range covering much of
Eurasia, from the Iberian Peninsula to eastern Siberia, and from the Mediterranean to northern
Scandinavia (Brichta et al., 2023). This wide distribution is enabled by its ability to adapt to
highly diverse climatic and ecological conditions, ranging from vegetative periods of 90 to 200
days, annual precipitation of 200—1780 mm, and mean annual temperatures from 3°C to 16°C

(Durrant et al., 2016).

Scots pine’s wide ecological distribution has led to pronounced local adaptation, evident in its
diverse growth forms, ecotypes, and physiological clines (Bruxaux et al., 2024). Trait variation
along latitudinal and altitudinal gradients is well-documented, highlighting the species'
capacity to adjust to a broad range of climatic conditions (Aitken and Whitlock, 2013; Bruxaux

et al., 2024). Key phenotypic traits, including bud flush and set, height growth, and frost
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hardiness, show considerable variation aligned with geographic and environmental gradients
such as latitude, temperature, and growing season length (Repo et al., 2000; Savolainen et al.,
2004; Taulavuori et al., 2010). These patterns are reinforced by long-term field studies,
provenance trials, and common garden experiments. Scots pine is in some regions categorized
into distinct altitudinal ecotypes, such as upland and lowland forms, based on elevation-related

differences in growth characteristics and local adaptation (Sindeléf et al., 2007).

Physiological traits such as needle size and pigment content have been central to evaluating
adaptive variation. Provenances from colder climates typically have shorter needles, a trait with
clear genetic underpinnings (Jankowski et al., 2019; Novikova and Milyutin, 2006; Pakharkova
et al., 2014). Recent studies have also begun to explore chlorophyll fluorescence and

photosynthetic pigment content as indicators of physiological performance (Cepl et al., 2018).

Autumn coloration, especially in first-year seedlings, is another notable phenological trait,
shown to be linked to stress tolerance. This coloration results from anthocyanin accumulation,
which, alongside other flavonoids, acts as an antioxidant and UV protectant (Bogolitsyn et al.,
2024; Kaur et al., 2023; Nozzolillo et al., 2002). Seasonal variation in carotenoid content in
Scots pine needles further reflects environmental responsiveness and stress adaptation (Linder,

1972; Miettinen et al., 2025).

Genetically, Scots pine exhibits low interpopulation differentiation but significant phenotypic
clines across its range, suggesting strong local adaptation despite panmixia and high gene flow

(Bruxaux et al., 2024)
3.2.2 European Beech (Fagus sylvatica L.)

European beech is one of the most widespread and ecologically important broad-leaved tree
species in Europe. In Central Europe alone, it occupies approximately 12 million hectares
(Bolte et al., 2007; Dounavi et al., 2016), and its role in mixed-species forests is growing. Over
recent decades, beeches have increasingly been introduced into pure coniferous stands across
Central Europe to improve forest resilience to climate-induced disturbances such as windthrow
and bark beetle outbreaks (Griess et al., 2012). As a truly autochthonous species in many
regions where it is being reintroduced, beech is often a natural and ecologically valuable choice

in forest restoration (Ammer et al., 2008). This growing reliance has led to rising demand for
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seedlings from resilient provenances and ecotypes suited to future environmental conditions

(Hazarika et al., 2021).

Despite its prominence, the long-term survival of the European beech is becoming increasingly
uncertain. Ongoing climate change poses a substantial threat, particularly through intensified
drought events and rising temperatures, conditions to which beech is notably sensitive (Aranda
etal., 2015; Bolte et al., 2007; Fotelli et al., 2009; Gessler et al., 2020; Leuschner et al., 2001).
Declines in growth and vitality have already been observed and are predicted to worsen across
much of its range, except for some northern margin populations (Castillo et al., 2022).
Populations at the southern distribution limit are especially vulnerable, as they are exposed to
the most pronounced climatic shifts, including prolonged periods of drought (Jump et al.,

2006).

However, these southern and xeric populations also offer valuable adaptive traits. Studies have
shown that they exhibit morphological and physiological adaptations, such as thicker leaves,
higher net CO. assimilation, and greater drought tolerance (Aranda et al., 2015; Cater and
Levanic¢, 2019; Garcia-Plazaola and Becerril, 2001). Provenances from southeastern Europe
also show increased adaptability to varying soil moisture regimes and faster growth compared
to northwestern populations (Nielsen and Jergensen, 2003). These traits may prove critical in

selecting climate-resilient planting material for future forestry strategies.

Genetically, beech demonstrates low interpopulation but significant intrapopulation variability
(Lefeévre et al., 2004; Vornam et al., 2004), emphasizing the importance of identifying and
conserving genetically diverse and locally adapted populations. Of particular interest are
populations in marginal and refugial areas, which are believed to harbor key elements of the
species’ adaptive gene pool (Hampe and Petit, 2005). While Mediterranean refugia such as the
Italian Peninsula preserved beech through glacial periods (Magri et al., 2006; Pott, 1997),
postglacial recolonization of central and northern Europe appears to have originated from more
northern refugia in regions like southern France, the eastern Alps, and southern Moravia—
Bohemia (Magri et al., 2006). These differing origins may be reflected in distinct phenological
and physiological traits, including photosynthetic efficiency and growth rhythms.

A critical aspect of beech's climate adaptability is its phenological plasticity. Variations in bud
burst, leaf senescence, and growth duration have been linked to latitude, altitude, and local

climate, with southern and lowland populations generally flushing earlier than northern or high-
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altitude counterparts (Nielsen and Jergensen, 2003; Robson et al., 2013). However, separating
the effects of geographic and elevational factors remains challenging due to the overlapping
nature of provenance origins. Studies also show that beech maintains stable flushing patterns
even after replanting in new environments, suggesting strong genetic control over phenological
traits (Robson et al., 2013). Long photoperiods have been shown to accelerate bud development
(Basler and Korner, 2014), while phenological phase timing can vary markedly between years
depending on spring temperatures (Bednarova and Merklova, 2007; Slovikova and Bednétova,

2014; Vitasse et al., 2009).

Studies across diverse environmental conditions further reveal substantial ecotypic
differentiation in beech populations. Provenance trials and common garden experiments have
shown distinct patterns in growth timing, morphology, and biomass allocation between
montane and lowland populations (Chmura et al., 2002). Photosynthetic performance also
varies by climate and altitude of origin (Kucerova et al., 2018; Kurjak et al., 2019; PSidova et

al., 2018; Robson et al., 2012).

The European beech plays a central role in the ecological functioning and management of
European forests. Yet, its future under climate change will depend on the identification,
conservation, and utilization of resilient genotypes, particularly from xeric and marginal
populations. Advances in phenotyping technologies, especially high-throughput and non-
invasive methods, are essential for characterizing this intraspecific variation and supporting

informed decisions in forest restoration, assisted migration, and genetic resource management.
3.2.3 European Black Alder (Alnus glutinosa [L.] Gaertn.)

Black alder is naturally distributed across a wide range in Europe, from central Scandinavia in
the north to North Africa in the south, extending from the western Iberian Peninsula to the
mountainous regions of Turkey in the east (Vacek et al., 2022). It typically occurs in lowlands
and middle altitudes, thriving in water-influenced habitats such as wetlands, riverbanks, and
marshy areas where soil moisture is high (De Kort et al., 2016; Hrivnék et al., 2023; Lukyanets
et al., 2022). Black alder is a water-demanding species with leaves that lack mechanisms to
control transpiration, making it dependent on high precipitation or access to groundwater, with
a minimum annual precipitation requirement of about 1500 mm if groundwater is unavailable
(Claessens et al., 2010; Rutkowski and Konatowska, 2019). The species is well adapted to wet

and anaerobic soils, with a root system capable of penetrating waterlogged substrates, allowing
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it to survive flooding better than many other temperate trees (Claessens et al., 2010; Rutkowski
and Konatowska, 2019). Climate change is expected to influence its distribution, with alder
stands likely to spread to higher altitudes and northern regions while declining in southern and
lower altitude areas due to changing hydrological conditions (Vacek et al., 2022). Black alder
also forms monodominant stands in stable water regimes such as mires and riparian forests,
where periodic flooding and soil oxygen availability shape its habitat preferences (Hrivnak et

al., 2023).

The black alder is a keystone species in temperate riparian ecosystems, valued for its essential
roles in nitrogen fixation, soil stabilization, and habitat provision for a wide array of aquatic
and terrestrial organisms (Vacek et al., 2022; Verbylaité et al., 2023). Its capacity to fix
atmospheric nitrogen enhances soil fertility, supports stream food webs via nutrient-rich leaf
litter (Handa et al., 2014), and allows its use in the reclamation of degraded sites such as post-
mining landscapes (Kuznetsova et al., 2011). Furthermore, black alder demonstrates ecological
flexibility by persisting in brackish coastal zones (Deptuta et al., 2020) and is being explored

as a substitute species in forest areas impacted by ash dieback (Broome et al., 2019).

Despite relatively low genetic differentiation among populations, there is strong evidence of
adaptive differentiation, particularly in phenological traits such as bud burst, which are closely
tied to local temperature regimes (De Kort et al., 2016, 2014). High intrapopulation genetic
diversity likely reflects ongoing long-distance gene flow, while phenotypic clines suggest

selection for local adaptation.

Climate change poses a growing threat to A. glutinosa populations by altering precipitation
regimes, soil moisture availability, and temperature patterns, especially at the edges of the
species’ range, where even autumn temperatures affect flowering and leaf-out timing (Rojo et
al., 2021). Recent diebacks linked to biotic stressors and environmental extremes further

highlight the urgency of identifying climate-resilient genotypes.

Growth traits in A. glutinosa are significantly influenced by genotype-environment (G % E)
interactions, particularly with respect to soil moisture, nutrient availability, and temperature
(Rodriguez-Gonzalez et al., 2014; Rojo et al., 2021; Vacek et al., 2022). Studies have revealed
substantial phenotypic plasticity, enabling adaptation to diverse habitats (De Kort et al., 2016;
Plitira, 2004), yet also emphasize the importance of genetic background in shaping local

responses (De Kort et al., 2014; Verbylaite et al., 2023). For instance, low-latitude provenances
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tend to exhibit earlier bud burst and reduced chilling requirements, while northern populations
often show greater plasticity under changing conditions (De Kort et al., 2016). Broad-sense
heritability for bud burst varies considerably, indicating significant evolutionary potential in

these traits (De Kort et al., 2016; Heide, 2003).

Understanding and managing G x E interactions in A. glutinosa is also essential for enhancing
resilience under climate change. Factors such as soil pH, moisture content, and nutrient status
significantly affect growth and phenology (Rutkowski and Konatowska, 2019; Usta et al.,
2014), while susceptibility to pathogens can further modulate genotype performance (Redondo
et al., 2020). To accurately assess these interactions, it is crucial to integrate detailed climate

and soil microclimate data into phenological and genetic analyses.

Modern phenotyping approaches offer new opportunities to track health status and
phenological patterns in riparian forests dominated by black alder (Guerra-Hernandez et al.,
2021). Together with common garden experiments and genotypic data, these tools can inform
adaptive forest management and conservation strategies aimed at maintaining the ecological

functions and genetic diversity of this vital species.
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3.3 Phenotyping in Forest Trees

Phenotyping refers to the measurement of observable plant traits: morphological,
physiological, biochemical, or performance-related, influenced by both its genetic constitution
(genotype) and the environment in which it grows. The phenotype results from the interaction
between genotype and environment, and phenotyping aims to assess these traits to understand
how much variation is due to genetic differences versus environmental influences (Eriksson,
2006). In forest trees, these traits serve as vital proxies for understanding tree growth,
productivity, stress responses, and adaptive capacity. Given the complexity, size, and long
lifespan of forest trees, phenotyping is both an essential and particularly challenging

component of forest research and breeding programs (Bian et al., 2022; Dungey et al., 2018).

Forest phenotyping is critical for improving tree breeding, guiding silvicultural practices,
optimizing genotype-site performance, and enhancing the resilience and productivity of forests
under climate change (Bian et al., 2022; Neale and Kremer, 2011). By enabling the assessment
of traits such as height, diameter, phenology, photosynthetic performance, and wood quality,
and other traits, phenotyping helps in identifying superior genotypes and understanding their

plastic responses to environmental variation.
3.3.1 Traditional Approaches

In many countries, it is often taken for granted that the primary goal of silviculture is to produce
high-quality raw materials for sawmills, the pulp and paper industry, and other wood-based
markets (Eriksson, 2006). This objective has shaped the foundation of traditional tree
improvement programs, which aim to enhance both the quantity and quality of forest products.
Tree improvement involves the application of forest genetics, tree biology, silviculture, and
economic principles to develop genetically superior varieties of forest trees (White et al., 2007).
Much like breeding programs in agriculture or livestock, forestry breeding programs focus on
selecting and propagating trees that exhibit desirable traits such as fast growth, straight stems,

disease resistance, and wood quality.

Traditional phenotyping for growth traits plays a central role in this context. Measuring traits
such as height, diameter at breast height (DBH), stem form, and volume increment has long
served as the cornerstone of selection decisions in tree breeding. These observable traits offer

a direct link between genotype and end-product value, making them vital targets in early
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selection stages and in long-term genetic gain assessments. Despite being time-consuming and
labor-intensive, this manual approach has provided robust datasets that have shaped the

trajectory of forest improvement across many regions.
3.3.2 Functional Traits in Phenotyping

Functional traits are measurable characteristics of plants that influence their growth,
reproduction, and survival, serving as indicators of performance across varying environmental
conditions. These traits reflect both the ecological strategies of individual species and their
responses to environmental pressures. Functional traits are widely used to characterize
ecological communities, interpret patterns in forest composition and structure, and predict
ecosystem processes such as productivity, nutrient cycling, and carbon sequestration. In
applied contexts, they support the management of forest systems for multiple objectives,

including biodiversity conservation and climate resilience (Russell et al., 2014).

Accurate measurement of functional traits is essential even when developing novel and high-
throughput methods for indirect selection in breeding programs, especially the leaf or needle
functional traits. These traits serve as critical reference points, or ground truth, enabling
researchers to validate and calibrate remote sensing or imaging-based proxies (Svik et al.,
2023). By measuring them directly, one can assess how well spectral or structural features

captured through high-throughput phenotyping correspond to actual biological performance.

Moreover, these conventional trait measurements are necessary for identifying meaningful
genetic correlations. Understanding the relationships between easily measurable spectral
features and more complex physiological or developmental traits allows us to select individuals
based on surrogate indicators, thus improving selection efficiency. Without this foundational
data, high-throughput methods risk losing their biological relevance, making it difficult to link
what is observed remotely to traits that truly influence plant fitness, productivity, or stress
adaptation. In this way, traditional trait data remains indispensable for building reliable,
scalable phenotyping frameworks that can inform selection decisions in large and genetically

diverse populations.
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3.3.2.1 Structural Functional Leaf Traits

Structural functional traits such as leaf mass per area (LMA), specific leaf area (SLA), leaf
morphology, and water-related characteristics are fundamental indicators of plant strategies for
resource use, growth, and adaptation to environmental conditions. LMA and SLA, which
represent the dry mass investment per unit leaf area and its inverse, respectively, are
particularly informative of leaf structure and efficiency in capturing light and utilizing
resources. These traits are tightly linked to photosynthetic capacity and growth rates, reflecting
how plants balance investment in durable tissues with the need for rapid resource acquisition
(Kothari et al., 2023; Svik et al., 2023) Leaf morphology, encompassing anatomical features
such as mesophyll structure and the presence of specialized tissues, influences the efficiency
of light capture and gas exchange, directly affecting physiological performance under varying
environmental conditions (Lhotakova et al., 2025). Water-related traits like equivalent water
thickness (EWT) and overall leaf water content are critical for maintaining cellular functions
and turgor pressure, particularly under drought stress, and provide insight into species’ drought
tolerance strategies (Kothari et al., 2023; Svik et al., 2023). Together, these structural traits not
only reflect ecological adaptation across gradients of light, temperature, and moisture but also
serve as measurable proxies for ecosystem functioning, enabling scalable assessments through

both laboratory and remote sensing techniques.

3.3.2.2 Photosynthetic Pigments

Photosynthetic pigments in trees, primarily chlorophylls and carotenoids, are fundamental to
capturing light energy and driving the photosynthetic process. Chlorophyll a serves as the
central pigment in both photosystems / and 7/, enabling the conversion of light into chemical
energy during photochemical reactions. Accessory pigments like chlorophyll b and carotenoids
expand the range of absorbed light wavelengths and contribute significantly to photoprotection,
safeguarding the photosynthetic apparatus from photooxidative damage (Bogolitsyn et al.,

2024; Linder, 1972).

These pigments are not static but undergo seasonal changes. Chlorophyll and carotenoid
concentrations typically peak in late summer, corresponding to maximum photosynthetic
activity, and gradually decline during winter and early spring. This fluctuation reflects

physiological adjustments to environmental cues such as photoperiod, temperature, and light
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intensity (Linder, 1972). Concurrently, shifts in the chlorophyll-to-carotenoid ratio occur, often
associated with enhanced photoprotection under stress, including high light or low temperature
(Bogolitsyn et al., 2024). During winter, photosystem / becomes more dominant due to lower
light levels, and carotenoid accumulation helps dissipate excess energy and mitigate oxidative
stress, further supported by the presence of phenolic compounds (Bogolitsyn et al., 2024;
Linder, 1972).

The regulation of pigment content is also responsive to spectral light quality. Different
wavelengths influence both primary and secondary pigment accumulation, modulating
antioxidant activity and protective responses. For example, red light has been observed to
increase reactive oxygen species and stimulate flavonoid synthesis, while blue light enhances
levels of key antioxidants such as ascorbate and glutathione (Pashkovskiy et al., 2023). These
responses underline a finely tuned balance between light harvesting and defense, with pigment
dynamics playing a central role in the acclimation of trees to their ever-changing environments

(Bogolitsyn et al., 2024; Pashkovskiy et al., 2023)

3.3.2.3 Phenology

Phenology, the timing of seasonal biological events such as bud burst, bud set, leaf senescence,
and dormancy, is a fundamental aspect of plant fitness and survival in temperate forest
ecosystems. These traits are tightly regulated by environmental cues, particularly day length
and temperature, and serve as essential mechanisms for synchronizing growth and
developmental processes with seasonal climatic variability (Repo et al., 2000; Savolainen et
al., 2004). In long-lived forest trees, phenological variation across geographic and climatic
gradients reflects local adaptation, enabling populations to optimize growth and survival in
diverse environments. Understanding this variation is critical for predicting species resilience
under changing climate conditions and for informing adaptive forest management strategies

(Aitken and Whitlock, 2013).

Phenology is also closely linked to variation in photosynthetic pigment concentrations, which
influence leaf reflectance properties throughout the growing season (Linder, 1972). In
deciduous and evergreen species alike, pigments such as chlorophylls, carotenoids, and
anthocyanins undergo seasonal fluctuations that correspond to key phenological stages,
particularly during senescence. These changes not only reflect shifts in physiological status but

also affect spectral characteristics of foliage. Monitoring pigment dynamics using
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hyperspectral reflectance data allows for quantitative assessment of phenological development,
species discrimination, and broader evaluations of plant health and productivity (Blackburn,

1998).

The role of pigments extends beyond reflectance and phenological tracking; they are also
central to stress protection and ecological function. For example, autumn reddening in young
seedlings, driven by anthocyanin accumulation, is a common response in the first year of
growth and serves as an indicator of stress tolerance (Kaur et al., 2023; Nozzolillo et al., 2002).
Flavonoids, including anthocyanins, function as antioxidants and UV protectants, providing a
critical defense mechanism for conifer needles (Bogolitsyn et al., 2024). Carotenoids also
contribute to photoprotection and antioxidative defense, with their content showing marked
seasonal shifts influenced by needle age and environmental conditions (Linder, 1972;
Bogolitsyn et al., 2024; Miettinen et al., 2025). Provenance studies consistently show that
northern populations initiate bud set and frost hardening earlier than southern ones, a clear sign
of local adaptation to shorter growing seasons and colder climates (Repo et al., 2000;

Savolainen et al., 2004).

From a breeding perspective, knowledge of flowering phenology is a prerequisite for successful
selection and crossing efforts. Without flowering, no controlled breeding can occur, and it is
essential to understand the conditions that promote reproductive development. This task is
generally more straightforward in temperate and boreal zones, where distinct seasonal changes
govern reproductive timing, compared to tropical regions with less pronounced seasonality
(Eriksson, 2006). Phenology differences are also essential for the fitness of trees (Robson et

al., 2013).
3.3.3 Novel Phenotyping Methods for Forest Trees

Traditional phenotyping methods are time-consuming, labor-intensive, often destructive, and
prone to error. These limitations are especially pronounced in forest trees due to their size,
connected to long generation times. Most conventional phenotyping in forest trees has relied
on progeny or common garden trials aimed at assessing growth traits, which, while useful, do
not capture the full spectrum of functional or physiological traits critical for stress resistance

and adaptation (Singh et al., 2021; White et al., 2007).
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Recent technological developments are beginning to overcome these limitations through the
advent of high-throughput phenotyping (HTP) systems. HTP leverages automated sensor-
based approaches, such as imaging, spectroscopy, LIDAR, and thermography, to collect large
volumes of data with high precision and spatial-temporal resolution (Bian et al., 2022). Other
methods enabling repeated, non-invasive measurements of physiological parameters, such as
chlorophyll fluorescence, gas exchange, and water use efficiency, are particularly valuable for
monitoring plant responses under dynamic environmental conditions, though they typically
offer lower throughput compared to imaging-based phenotyping approaches (Fiorani and

Schurr, 2013; Haworth et al., 2018).

Phenotyping data are central to unraveling the genetic architecture of complex quantitative
traits such as growth, drought tolerance, flowering phenology, bud burst, or bud set. These
traits often exhibit varying degrees of heritability and environmental plasticity, and
understanding their expression across ecological gradients is essential for both breeding and

conservation (Climent et al., 2024; Neale and Kremer, 2011).

The future of forest phenotyping depends on interdisciplinary collaboration across genetics,
physiology, ecology, and engineering to develop standardized and scalable high-throughput
phenotyping platforms that are both cost-effective and adaptable. Mobile and non-invasive
tools suitable for diverse field conditions are especially needed. At the same time, advances in
environmental monitoring and bioinformatics are essential to manage complex datasets and
enable multivariate models that integrate phenotypic, genotypic, and environmental data,

supporting precision forestry and climate-resilient forest management.

Among the methods discussed, this thesis specifically focuses on laboratory and imaging
spectroscopy, chlorophyll a fluorescence, and gas exchange, examining their relationships with

growth, physiological, and phenological traits.

3.3.3.1 Laboratory Spectroscopy

Spectroscopy is a physics-based approach that investigates the properties of electromagnetic
spectra in interaction with the examined samples. In laboratory settings, this typically involves
the use of spectroradiometers to acquire high-resolution spectral curves across the 350-2500
nm range (Albrechtové et al., 2017). Reflectance at a specific wavelength is defined as the ratio

of reflected light intensity to the intensity of the incident light (Cavender-Bares et al., 2016).
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Spectroradiometers provide stable, detailed measurements that support the estimation of
photosynthetic pigments like chlorophyll, enabling the non-destructive assessment of plant
physiological condition (Croft et al., 2014; Lhotakova et al., 2013). Conventional biochemical
analyses of leaf traits are often laborious, costly, and destructive. Spectroscopy offers a non-
destructive and rapid alternative to model relationships between spectral signatures and
physiological characteristics (Jacquemoud and Ustin, 2019; Lhotdkova et al., 2013). Light
reflectance and absorption by leaves depend on their biochemical and structural properties,
primarily pigment content and water status (Croft et al., 2014; Jacquemoud and Ustin, 2019;
Kureel et al., 2022). Spectral reflectance curves reveal how plant leaves interact with light
across the visible (VIS), near-infrared (NIR), and shortwave infrared (SWIR) regions of the

electromagnetic spectrum.

Healthy leaves absorb 70-90% of visible radiation, particularly in the blue (~450 nm) and red
(~670 nm) regions, and reflect most green light (~533 nm), which explains their green
appearance. Photosynthetic pigments such as chlorophyll are primarily responsible for these
absorption patterns, and visible (VIS) bands are strongly correlated with pigment content
(Gitelson & Solovchenko, 2018). In contrast, the near-infrared (NIR) region (700—1300 nm) is
largely reflected and transmitted due to scattering by cell walls and internal leaf structures
(Roman & Ursu, 2016), and is associated with structural features (Buschmann et al., 2012).
Water content influences characteristic dips in reflectance around 1450 nm and 1950 nm in the
shortwave infrared (SWIR) region and can also be detected in the green spectrum (~550 nm)
(Granlund et al., 2018). The red-edge region (680-800 nm), where reflectance rapidly shifts
between red and NIR wavelengths, is especially sensitive to chlorophyll concentration, plant
stress, and phenological changes (Baranoski and Rokne, 2005; Campbell et al., 2019; Curran
et al., 1995; Jacquemoud and Ustin, 2019; Neuwirthova et al., 2021). Recent advances in
hyperspectral remote sensing have significantly improved the ability to monitor vegetation
traits and ecosystem dynamics (Zhang et al., 2022a). Spectral properties of different materials
can be described using the spectral reflectance curve. The spectral reflectance curve of

vegetation is shown in Fig. 1.

41



Visible Near Infrared
- &

80 [Leaf pigments Cell Structure

Water Content

70

60 | Chlorophyll
Absorption

Reflectance (%)
<

Leaf Biochemicals, Proteins, Lignin, Cellulose

High Reflectance
40 of Vegetation in NIR
30
«— Red Edge
20
L AN
0 T T T T T T T ? T

0.4 0.6 0.8 1 12 1.4 1.6 1.8
Wavelength (um)

Figure 1: The spectral reflectance curve of vegetation. The major absorption and reflectance features are indicated

(Roman & Ursu, 2016).

Stressed vegetation exhibits altered spectral signatures, including increased yellowing in the
VIS region and decreased NIR reflectance (Roman and Ursu, 2016). These differences can be
used to differentiate plant health status or physiological stress responses. Vegetation indices,
quantitative measures derived from combinations of spectral bands, translate raw spectral data
into interpretable traits such as chlorophyll content, pigment degradation, or water stress,
particularly when based on red and NIR bands, which are especially useful for monitoring plant

vigor, quality, and stress (Croft et al., 2014; Roman and Ursu, 2016). The different spectral

properties of healthy and stressed vegetation are shown in Fig. 2.
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Figure 2. Reflectance curves for healthy vs. stressed vegetation (Roman & Ursu, 2016).

Spectral traits derived from these measurements serve as proxies for various physiological
characteristics and are especially valuable for forest tree research. For example, spectral
reflectance has been used to detect chlorophyll degradation in Scots pine at high elevations
(Dengel et al., 2013) and to distinguish between provenances, revealing patterns of ecotypic
variation and adaptability (Cepl et al., 2018; Danusevicius et al., 2014). Structural information

from the NIR spectrum has even been used to identify population origin (Stejskal et al., 2023).

These spectral proxies are increasingly being used in breeding programs for indirect selection,
helping to estimate trait heritability and genetic correlations that would otherwise require
destructive, time-consuming methods (Bian et al., 2022). Lab-based spectroradiometry,
although precise, remains resource-intensive and low-throughput when applied to large

populations or breeding trials.

3.3.3.2 Imaging Spectroscopy

Imaging spectroscopy offers a distinct advantage over traditional spectroradiometers by
combining high spectral resolution (multispectral or hyperspectral) with spatial detail, enabling
pixel-level analysis of heterogeneous plant traits across complex canopies or seedling
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populations. Hyperspectral cameras mounted on UAVs (unmanned aerial vehicles) allow for
rapid, high-resolution data acquisition over extensive field plots, significantly increasing the
throughput of phenotyping efforts (Eismann, 2012; Grubinger et al., 2023). These systems
typically capture reflectance across the visible (VIS), near-infrared (NIR), and sometimes also
shortwave infrared (SWIR) bands, each linked to distinct physiological attributes: VIS bands
correlate with pigment content (Gitelson and Solovchenko, 2018), NIR bands with structural

integrity (Buschmann et al., 2012), and SWIR bands with water status (Granlund et al., 2018).

Imaging spectroscopy also presents specific challenges. Data quality is influenced by spatial
resolution and ambient lighting (Feduck et al., 2018), and image segmentation is complicated
by shadows and understory vegetation (Kopackova-Strnadova et al., 2021). However,
innovations such as snapshot cameras address some of these limitations by capturing full
spectral images in a single exposure, thereby improving efficiency in the field (Fachn et al.,
2024). However, its design requires a stationary setup, which limits its use in UAV-based

applications.

Multimodal approaches that integrate RGB and hyperspectral imagery with machine learning
have further enhanced classification accuracy, for example, in species identification or fruit

maturity detection (Garillos-Manliguez and Chiang, 2021; Liu et al., 2022)

3.3.3.3 Spectral Tools for Forest Genetics and Physiology

While remote sensing is well established in ecological studies, its application in tree physiology
and forest genetics remains limited (Cepl et al., 2018; D’Odorico et al., 2023; Wong et al.,
2019). Understanding genotype-by-environment interactions (GxE) is essential for forest
management, as GXE can cause substantial performance variation if not accounted for (Zobel
and Talbert, 1984). Though GXE has been studied for traits like height and vitality in Scots
pine (Calleja-Rodriguez et al., 2019; Hejtmanek et al., 2023), its influence on hyperspectral

reflectance remains underexplored.

Bridging this gap will require a multidisciplinary approach integrating quantitative genetics,
genomics, plant physiology, and remote sensing (Cavender-Bares et al., 2020). Hyperspectral
tools show potential within such frameworks, already demonstrating utility in predicting
biochemical traits (Song et al., 2024), evaluating drought response and seasonal adaptation

(Grubinger et al., 2023), and assessing population differentiation (Stejskal et al., 2023).
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Advancements in UAV-based phenotyping and digital imaging have improved scalability and
reduced observer bias (Cloutier et al., 2024; Hu et al., 2022). However, most platforms remain
tailored to agriculture and lack the precision or adaptability required for forests, tree seedlings,
or the specifics of conifers. Future phenotyping systems must accommodate fine-scale
morphological and physiological variability, while remaining portable, efficient, and robust
under diverse environmental conditions (Araus and Cairns, 2014; Pieruschka and Schurr,

2019).

Spectral information has been applied to forest trees, including Scots pine, to assess ecotypic
variation and physiological responses. For instance, (Dengel et al., 2013) demonstrated
chlorophyll degradation in Scots pine at high elevations through needle spectral reflectance.
Other studies have shown that needle reflectance can distinguish between provenances,
indicating adaptability at the intra-population scale (Cepl et al., 2018; Danusevicius et al.,
2014). Moreover, NIR-based structural information can help identify population origin

(Stejskal et al., 2023).

Spectral phenotyping has shown promise for assessing physiological traits and nutrient
dynamics in the alder species, though studies remain relatively scarce. Near-infrared (NIR)
spectroscopy has been used to non-destructively differentiate nitrogen sources in black alder,
detecting biochemical differences between symbiotically fixed and soil-derived nitrogen not
captured by conventional chlorophyll measurements (Georgopoulos et al., 2025). During
autumn senescence, black alder retains high chlorophyll levels and remains green, contrasting
with species like rowan (Sorbus aucuparia L.), which rapidly loses chlorophyll and turns red,
reflecting distinct nutrient resorption strategies (Taulavuori, 2006). A rare study on grey alder
(Alnus incana (L.) Moench) highlights continuous seasonal spectral changes, with chlorophyll
indices increasing late into the growing season and complex red-edge dynamics that challenge

the use of REIP as a stable proxy (Mottus et al., 2014).

3.3.3.4 Imaging-Based Phenotyping for Conifer Seedling Phenology

Although phenological traits in forest trees are crucial for both ecological research and breeding
programs, they are still most often assessed through manual visual scoring. This approach
requires frequent site visits during transitional periods, relies on trained personnel, and

introduces subjectivity and variation between observers (Vilhar et al., 2013). While this method
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can provide valuable insights, it becomes increasingly impractical and error-prone when

applied to large-scale experiments or long-term monitoring.

Recent developments in indirect phenotyping techniques expanded the ability to monitor plant
traits at scale (Cloutier et al., 2024; Hu et al., 2022). These methods reduce observer bias, allow
for higher throughput, and can provide temporally resolved data at finer spatial scales.
However, current applications are predominantly optimized for agricultural crops and canopy-
level assessments. As a result, these setups often lack the spatial resolution, species-specific
adaptability, and classification precision needed for seedling-scale studies in forest trees,

especially conifers.

To address these limitations, plant phenotyping requires scalable, image-based tools capable
of capturing subtle morphological and physiological variation across genetically diverse
seedlings and under varied environmental treatments (Omari et al., 2020). Such tools must
generate repeatable, quantitative outputs while accommodating the large sample sizes typical
of breeding programs and common garden trials (Pieruschka and Schurr, 2019). Moreover,
spatially explicit visualizations, such as mapping red needle area or detailing bud morphology,
can provide critical insight into plant-environment interactions. For practical deployment, any
phenotyping pipeline must be computationally efficient, accessible, and robust to variation in
imaging conditions, or alternatively, designed so that the imaging setup can be relocated closer

to the experimental site to establish unified conditions (Araus and Cairns, 2014).

Hyperspectral imaging (HSI) has become an increasingly powerful tool in plant phenotyping,
offering non-destructive, high-resolution insights into plant structure and physiology.
Traditional HSI systems, such as line-scan or pushbroom configurations, require mechanical
scanning of either the object or the camera, which can slow down data acquisition and
complicate experimental workflows and relocation of the setup. In contrast, snapshot
hyperspectral cameras capture full spectral images in a single exposure without the need for
spatial scanning, streamlining the imaging process and reducing mechanical complexity. The
VNIR SNAPSCAN camera (imec, Leuven, Belgium) is one such device that integrates line-
scan and snapshot functionality using on-chip filter technology. This hybrid approach improves
usability across various plant imaging contexts and has recently been demonstrated as effective
in root phenotyping studies (Faehn et al., 2024), where it enabled accurate classification of

root, soil, and rhizosheath interfaces at both macro- and microscale levels. Although initially
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developed for below-ground traits, this methodology provides a valuable framework for

broader applications in plant science.

Recent advances in hyperspectral image classification using the VNIR SNAPSCAN system
highlight the power of integrating spectral and spatial information with advanced machine
learning techniques. For instance, multimodal deep learning approaches that fuse RGB and
hyperspectral data have significantly improved fruit maturity classification across multiple
developmental stages in a study by Garillos-Manliguez and Chiang (2021). Similarly,
lightweight convolutional neural networks trained on hyperspectral bands have been shown to
outperform traditional RGB-based classifiers for live plant species identification by capturing
subtle spectral features in red-edge and near-infrared ranges (Liu et al., 2022). In outdoor
applications, spectral reflectance estimation under variable illumination has improved weed
detection accuracy, even under inconsistent lighting conditions, highlighting the importance of
robust image acquisition strategies (Amziane et al., 2021). These findings reinforce the
adaptability of HSI for diverse plant phenotyping challenges and support its implementation in

semi-automated phenological monitoring of tree seedlings.

3.3.3.5 Variable Chlorophyll a Fluorescence

Chlorophyll fluorescence (ChlF) kinetics, particularly fast induction dynamics known as the
OJIP transient, have become a vital tool for evaluating photosynthetic performance, stress
responses, genetic variation, and ecological adaptation in plants (Akinyemi et al., 2023; Mishra,
2018; Murchie and Lawson, 2013). The shape of the OJIP curve and associated parameters
provide an indirect yet highly sensitive representation of the photosynthetic process (Jalink and
Schoor, 2015; Jansen et al., 2009) and a plant's adaptive capacity under varying environmental
conditions (Baker and Rosenqvist, 2004). Each phase of the OJIP transient reflects a specific
physiological process: the O-J rise corresponds to the reduction of the PSII acceptor side, the
J-I phase relates to plastoquinone pool dynamics, and the I-P phase reflects the re-reduction
of plastocyanin (PC*) and P700" in PSI (Oukarroum et al., 2009). An example of an OJIP
transient is visualized in Fig. 3. This physiological mapping enables the detection of distinct
stress responses and environmental sensitivities across phases (Bussotti et al., 2020, 2010;

Kalaji et al., 2016; Perboni et al., 2012; Strasser et al., 2004).
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Figure 3: Example of fluorescence transients labeled at the O, J, I, and P steps (Bussotti et al., 2010).

A wide range of fluorescence indices can be derived from the OJIP curve, each capturing
distinct aspects of the photosynthetic apparatus and offering varying sensitivities to
physiological status, environmental stress, or genetic variation (Strasser et al., 2004). Among
ChlF-derived metrics, the maximum quantum yield of PSII (F/Fn) is the most commonly used
indicator of early stress, while the performance index on an absorption basis (Plags) provides
a more integrative view of photosynthetic efficiency (Kalaji et al., 2011; Parammal et al.,
2019). These metrics are particularly useful for diagnosing plant stress before visible symptoms
or growth reductions occur (Fiorani and Schurr, 2013). The ability to localize changes along
the OJIP curve enhances its diagnostic potential, not only under stress but also under non-stress
conditions where genetic differences may be apparent (Cepl et al., 2016). ChlF measurements
are rapid, non-invasive, and feasible in the field, making them well-suited for ecological and
breeding studies. For instance, research on European beech has demonstrated provenance-
specific differences in ChlF parameters based on environmental origin, such as altitude
(PSidova et al., 2018) or climatic background (Kucerova et al., 2018; Kurjak et al., 2019;
Robson et al., 2012).
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3.3.3.6 Measurements of Foliage Photosynthetic Rates

Photosynthesis is the primary driver of plant productivity, underpinning growth, biomass
accumulation, and nutrient assimilation. The capacity to maintain photosynthetic carbon
dioxide and nitrate assimilation under environmental stress is fundamental for sustained plant
performance (Tilman et al., 1996). Various techniques are used to study photosynthesis,
ranging from growth analysis and detailed in vitro biochemical assays to biophysical
measurements. Among these, gas exchange remains one of the most widely used approaches,
providing macroscopic insights into plant-environment interactions (Busch et al., 2024; Wang
et al., 2012). Importantly, photosynthesis is not measured directly; rather, it is calculated based
on gas concentrations, flow rates, and other parameters (Field et al., 1989; Hussain et al., 2024).
Rapid, non-invasive alternatives such as carbon uptake monitoring and chlorophyll
fluorescence analysis can also offer valuable indicators of plant physiological status
(Niinemets, 2010; Song and Zhu, 2024). The overall efficiency of photosynthesis is critical
across agriculture, forestry, and ecology. It is influenced by numerous factors, including
photosynthetically active radiation (PAR), temperature, water availability, nutrient status,
photorespiration, and exposure to pollutants such as heavy metals. Understanding how these
factors interact with changing environmental conditions remains a central focus of both applied

and fundamental research (Tamayo et al., 2001).
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3.4 Forest Genetics, Tree Breeding, and Genetic Evaluation

Forest genetics is a specialized branch of genetics that investigates hereditary variation and the
inheritance of traits in forest tree species, aiming to understand how genetic factors influence
growth, adaptation, and survival in diverse environments (Eriksson, 2006; White et al., 2007;
Zobel and Talbert, 1984). Despite their large size and long-life cycles, which make forest trees
less conventional as genetic model organisms, their ecological and economic significance
underscores the importance of studying their genetic makeup (Grattapaglia et al., 2009; White
et al., 2007). Central to forest genetics is the analysis of genetic variation within and among
populations, the dynamics of gene flow, and the role of natural selection in shaping genetic
structure (Eriksson, 2006). This understanding provides the foundation for tree breeding, which

applies genetic principles to improve the target traits.

Progeny trials, where offspring of selected “plus trees” are planted and evaluated over time to
estimate the heritability and genetic control of desirable traits, are a key element in breeding
cycles (Bilir and Ozbey, 2022; Zobel and Talbert, 1984). These trials are essential for
identifying superior genotypes that are then propagated in seed orchards through grafting and
controlled pollination to produce improved seeds (Zobel and Talbert, 1984). The breeding
process is refined over successive generations by roguing fewer desirable clones and advancing
the most promising individuals into second-generation breeding populations, thereby
maximizing genetic gain and enhancing the long-term performance and adaptability of forest

plantations (Eriksson, 2006; White et al., 2007).

Forest tree breeding mostly targets quantitative (polygenic) traits (e.g., growth traits, bud set,
bud burst, frost hardiness, and wood density) (Eriksson, 2006; Sederoff et al., 2009). These
traits are highly relevant for assessing adaptive potential and evolutionary responses,
particularly in the face of environmental variability and climate change (Aitken et al., 2008).
Because specific genotypes can't be identified for polygenic traits (in contrast to qualitative
traits where phenotypes are identifiable and environmental variation negligible), statistical
methods of quantitative genetics are used to quantify phenotypic variation, estimate genetic
and environmental contributions, and predict the total genetic value of each individual, family,
or clone (Caballero, 2020; Falconer and Mackay, 1996; Grattapaglia et al., 2009; Lynch and
Walsh, 1998).
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Phenotyping plays a critical role in studying quantitative traits for several reasons. Firstly, it
enables the detection of natural variation, which is typically not expressed in discrete
Mendelian patterns (in qualitative traits) but rather as continuous variation across populations
(Eriksson, 2006; Falconer and Mackay, 1996). Secondly, it provides the empirical data
necessary to estimate key quantitative genetic parameters, such as heritability, genetic
correlations, breeding values, and genotype-by-environment interactions (Caballero, 2020;
Falconer and Mackay, 1996; Lynch and Walsh, 1998). These parameters are all essential for
predicting how traits will respond to selection and for making informed decisions in breeding

programs.
3.4.1 Heritability

Heritability is a central concept in quantitative genetics, describing the proportion of
phenotypic variation in a trait that is due to genetic differences among individuals. It is
commonly expressed in two forms: narrow-sense heritability (h?) and broad-sense heritability

(H?) (Eriksson, 2006; Falconer and Mackay, 1996; White et al., 2007; Zobel and Talbert, 1984).

Narrow-sense heritability (h?) can be interpreted in three equivalent forms (Falconer and

Mackay, 1996; White et al., 2007):

1. As the proportion of phenotypic variance (Vp) explained by additive genetic variance
(Va):

-
V'
or variance in breeding values, reflecting only the transmissible portion of genetic

variance.

2. As the regression coefficient of breeding value on phenotype, which indicates how

much the breeding value is expected to change per unit change in phenotype.

3. As ameasure of the resemblance between parents and their sexual offspring. When h?
is close to 1.0, the phenotype reliably reflects the breeding value, and offspring

performance is expected to closely mirror that of the parent.

4. As the probability that parents and offspring share the same position in the trait
distribution, (how often offspring in the selected part of the phenotype range come from

parents in that same range). When this parent—offspring matching rate is high, it
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indicates high narrow-sense heritability because the trait is being consistently

transmitted across generations (Lstiburek et al., 2018).

These same interpretations apply to broad-sense heritability as to narrow-sense heritability,
with additive variance, breeding value, and sexual offspring replaced by total genetic variance,
clonal value, and clonal offspring, respectively (White et al., 2007). Broad-sense heritability is
the ratio of total genetic variance (V) to total phenotypic variance (Vp), capturing the full
genetic contribution, including additive, dominance, and epistatic effects (White et al., 2007):

o Ve
Vp

It is important to note that heritability is population- and environment-specific. Accurate

estimation requires well-designed, replicated trials to properly separate genetics from

environmental sources of variation. High heritability suggests that phenotypic selection will be

effective, whereas low heritability indicates that more rigorous testing (e.g., progeny trials) is

needed to identify superior genotypes (Bernardo, 2020).
3.4.2 Breeding Values

Breeding values are fundamental concepts in quantitative genetics and tree breeding,
representing the genetic worth of an individual. The breeding value of a tree (if mated to a
number of individuals taken at random from the population) is defined as twice the deviation
of its progeny mean from the overall population mean, reflecting the additive genetic
contribution that the individual passes on to its offspring (Eriksson, 2006; Falconer and
Mackay, 1996). This value is dependent on the specific population and environmental
conditions under which the progeny is tested, making it a relative estimate. The variance of
breeding values within a population is known as the additive genetic variance, which is crucial
for predicting the potential for genetic improvement through selection (Caballero, 2020;

Eriksson, 2006; Falconer and Mackay, 1996).

General Combining Ability (GCA) is closely related to breeding values and refers to the
average performance of a parent in hybrid combinations, independent of the specific mating
partner. It is estimated as the average deviation of a parent’s progeny from the grand mean in
a mating design such as a diallel (Caballero, 2020; Eriksson, 2006). Specific Combining Ability

(SCA), on the other hand, captures deviations in progeny performance that are specific to
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particular parental combinations and not explained by GCA alone (Eriksson, 2006). While
SCA reflects non-additive gene action, the breeding values of progenies are determined solely
by the additive genetic effects they receive from their parents. In quantitative genetic terms, a
progeny’s breeding value represents the sum of the average additive effects contributed by each
parent, and therefore only the GCA component of parental performance directly contributes to

progeny breeding values (Falconer and Mackay, 1996; White et al., 2007).

In modern breeding programs, these additive effects are most accurately estimated using animal
models (described later), a class of mixed linear models that incorporate pedigree or genomic
relationships among individuals. Through Best Linear Unbiased Prediction, animal models
partition phenotypic variation into fixed environmental effects and random additive genetic

effects, yielding estimated breeding values for each progeny (Walsh and Lynch, 2018).
3.4.3 Phenotypic and Genetic Correlations

3.4.3.1 Phenotypic Correlation

When two different traits are measured in a forest tree population, there may be an association
between them. This indicates a phenotypic association between the traits, which is quantified
by the phenotypic correlation (rp), a measure of the strength and direction of their observed

relationship (White et al., 2007).

3.4.3.2 Type A Genetic Correlation

Genetic correlations refer to the relationship between two different quantitative traits that may
be influenced by the same alleles or loci. This concept is important in tree breeding because
selecting for one specific trait can affect other traits due to their genetic linkage or pleiotropy
(when one gene influences multiple, seemingly unrelated traits in an organism) (Mode and
Robinson, 1959). Genetic correlations are typically calculated as the correlation of breeding

values between two traits and are denoted as (ra) (Caballero, 2020; Eriksson, 2006).

3.4.3.3 Type B Genetic Correlation and Genotype-by-Environment Interactions

Type B genetic correlations refer to the genetic correlations of the same trait expressed in
different environments or under different environmental conditions. These correlations

measure the consistency of genetic effects across environments and are important for
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understanding genotype-by-environment interactions (Eriksson, 2006; Walsh and Lynch,

2018; White et al., 2007).

In the context of forest genetics, type B correlations indicate how well the genetic performance
of a trait in one environment predicts its performance in another environment. A high type B
genetic correlation suggests that the genetic control of the trait is stable across environments,
while a low type B genetic correlation indicates significant genotype-by-environment (GxE)
interaction, meaning that different genotypes perform differently depending on the

environment (Eriksson, 2006).

The essence of GXE interaction is the inconsistency in the relative performance of genotypes
across different environments. This can take two forms: rank change interaction, where
genotype rankings differ between environments, and scale effect interaction, where rankings
remain the same but the magnitude of differences in performance varies across environments

(White et al., 2007).

Type B correlations are crucial in tree breeding and selection because they affect the reliability
of selecting superior genotypes in one environment for deployment in another. If type B
correlations are low, breeding programs may need to conduct multi-environment trials to

identify genotypes with stable performance.

The following equation represents the type B genetic correlation (rg3):

Va

2
rgp = o)
95 = e Voo

where V,is the additive genetic variance, and V, is the variance due to the interaction between
the additive genetic effect and site (GXE interaction). If the interaction term V,yis 0, the

Type B genetic correlation corresponds to 1, indicating no GXE interaction.

3.4.3.4 Age-to-Age (Year-to-Year) Correlations

Age-age correlations (also called juvenile-mature correlations) refer to the genetic correlation
between the same trait measured at different ages in a tree’s life (White et al., 2007). If the
same gene loci largely influence the trait across ages, the genetic correlation will be high, and
early selection will reliably predict mature performance. However, if different genes influence
the trait at different stages, the correlation will be lower, making early selection less effective.

The success of juvenile selection depends on the strength of this age-age genetic correlation
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(White et al., 2007). Early testing has long been explored as a way to accelerate breeding cycles,
but juvenile-mature correlations for growth traits have historically been inconsistent, with
some studies reporting strong relationships while many others found weak or no predictive

value (Eriksson, 2006).
3.4.4 Indirect Selection

Indirect selection is a breeding strategy in which individuals are selected based on one trait (the
measured trait) to improve another genetically correlated trait (the target trait) (Eriksson, 2006;
Falconer and Mackay, 1996; White et al., 2007). This approach is especially useful when the
target trait is difficult, costly, or time-consuming to measure, but shows a strong genetic

correlation with a more easily assessed trait (Eriksson, 2006).

In forest genetics, indirect selection can be effective when the measured trait has high
heritability and is positively correlated with the target trait. However, care must be taken to
avoid negative genetic correlations, which can lead to unintended or undesirable changes in the
target trait (Eriksson, 2006). Several surrogate traits, which are simple and rapid measurements
used as proxies for more difficult or costly assessments, are widely applied in forestry and
wood science. For example, Pilodyn penetration and acoustic velocity have been used to
estimate solid wood properties in standing Norway spruce trees (Chen et al., 2015), and near
infrared (NIR) spectroscopy has been applied to predict a range of wood physical, mechanical,

and chemical traits (Tsuchikawa and Kobori, 2015).
3.4.5 Linear Mixed Models

Linear mixed models (LMMs) are a flexible extension of classical linear models, well-suited
for the complex and unbalanced data typical in plant breeding programs, enabling more
accurate estimation and prediction of various genetic parameters mentioned above (Bernardo,
2020). However, many of these parameters require a complex modelling approach (MET trials,
bivariate models estimating genetic correlations between traits, etc.). LMMs are statistical
models that extend classical linear models by incorporating both fixed effects and random
effects. In the context of plant breeding and quantitative genetics, LMMs are used to analyze
phenotypic and genetic data, especially when data are unbalanced or when there is relatedness

among individuals (Bernardo, 2020).

A typical linear mixed model can be expressed as:
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Yy =+ g+ ¢ + (ge); + &;
where:
e uis the grand mean (fixed effect),
o g;is the effect of genotype i1 (can be modeled as fixed or random),
o ¢jis the effect of environment j (fixed effect),

e (ge)j is the genotype * environment interaction effect (random effect),

&ij 1s the residual error.

In LMMs, factors are classified as either fixed or random effects based on the objective of the
experiment. Fixed effects refer to factors where interest lies in the specific levels used in the
experiment, which are treated as constants without associated variance or covariance. Common
fixed effects include: (1) treatment effects such as fertilizers, irrigation, and planting density;
(2) environmental effects related to the experimental design, like location, year, or block; and
(3) fixed genetic effects, also known as group effects, such as provenance, seed source, or

generation of selection (Falconer and Mackay, 1996; White et al., 2007).

In contrast, a random effect represents a factor whose levels are considered a random sample
from a larger population, and the goal is to make inferences about that broader population or
predict future performance. In forest genetics, genetic effects such as families, breeding values,
and clonal values are always treated as random effects in LMM analysis, as they reflect
underlying genetic variation and are associated with variance components that contribute to

phenotypic prediction (Caballero, 2020; Walsh and Lynch, 2018; White et al., 2007).

Additionally, significant spatial variation is common in forestry genetic trials. Incorporating x
and y coordinates into mixed model analyses through spatial analysis can help account for this
variation, reducing experimental error and improving the accuracy of results. This approach
often leads to higher heritability estimates and greater genetic gain from selection, making it a

valuable tool in forest genetics (Walsh and Lynch, 2018; White et al., 2007).

3.4.5.1 Parental (Family) Models

Historically, quantitative genetics in forestry and crop breeding has relied on parental models,

where genetic effects are defined by the influence of parents on their offspring. These models,
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commonly used for half-sib and full-sib families, include family effects that trace back to the

genetic contribution of parents (White et al., 2007).

Parental models have been widely used in forest genetics and dominate the literature. However,
their application depends on several key assumptions: (1) parents are unrelated and non-inbred;
(2) they represent a random, unselected sample from the population; (3) they come from the
same generation; (4) mating is random; and (5) a single, consistent mating design is used.

Additionally, the models assume regular diploid inheritance (Falconer and Mackay, 1996).

3.4.5.2 Individual Tree (Animal) Models

Traditional parental models predict breeding values only for parents, not for the measured trees
themselves. To overcome this limitation, individual tree models (also known as animal models
in animal breeding) were developed. These models treat the breeding value of each measured
tree as a random effect, allowing simultaneous prediction of breeding values for offspring,

parents, and ancestors (White et al., 2007).

This is achieved using a pedigree file and an additive genetic relationship matrix (Identity by
Descent). Identity by Descent (IBD) refers to alleles in two individuals that are inherited from
a common ancestor without mutation, and it forms the basis for calculating additive genetic
relationship matrices used in quantitative genetic analyses (Caballero, 2020; Lynch and Walsh,
1998). These relationship matrices quantify the expected proportion of shared genetic material
among individuals and therefore define their genetic relatedness. By incorporating these IBD-
based relationships, data from all measured trees contribute to a unified prediction of breeding
values across generations, enabling consistent selection decisions regardless of pedigree depth
(White et al., 2007). These models can also accommodate complex mating designs, clonal tests,

and integration with quantitative trait loci (QTL) data.

The additive genetic relationship matrix (often denoted as 4) captures the expected proportion
of alleles shared between individuals due to common ancestry. This matrix allows information
to flow across related individuals, improving the accuracy of breeding value predictions. It also
supports the inclusion of related, inbred, or selected individuals from different generations,

making the model robust and flexible for complex breeding programs (White et al., 2007).
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3.4.6 REML and Variance Component Estimation

Restricted Maximum Likelihood (REML) (Patterson and Thompson, 1971) is an iterative
method used to estimate variance components by maximizing the likelihood of the residuals
rather than the raw observations, thereby removing fixed-effect bias from variance estimates.
REML is particularly advantageous in forest genetic analyses because it yields unbiased
estimates of variance components even in unbalanced datasets, a common feature of long-term
field trials where missing trees, heterogeneous environments, or incomplete pedigrees often
occur. In this respect, REML offers a modern and statistically robust alternative to classical
analysis of variance (ANOVA) methods, which require strict balance and homogeneity of
variance and are therefore unsuitable for many forestry datasets (White et al., 2007). By
estimating additive genetic, environmental, and interaction variance components, REML
enables LMMs to generate accurate estimates of heritability and to support the prediction of
breeding values using Best Linear Unbiased Prediction (BLUP), a framework originally
developed by Henderson, (1975). When REML-derived variance components are combined
with BLUP, all available phenotypic, pedigree, and genomic marker information (when
included) is optimally integrated to produce the most accurate predictions of additive genetic
merit (Caballero, 2020; Lynch and Walsh, 1998). In forestry applications, this combination of
REML and BLUP has become the standard approach for genetic evaluation across generations
and environments because it can accommodate complex mating designs, spatial variability,
clonal replications, and incomplete data structures, enabling robust and biologically
meaningful inference about genetic parameters and breeding values (Bernardo, 2020; White et

al., 2007).
3.4.7 Estimation of Fixed and Random Effects

Estimation of random and fixed effects, as well as variance components, in the context of
quantitative genetics for plant breeding, is effectively handled using mixed-model analysis.
This approach involves best linear unbiased estimation (BLUE) for fixed effects and best linear

unbiased prediction (BLUP) for random effects (Bernardo, 2020).

BLUP refers to the prediction of random effects in a mixed model. In plant breeding, BLUP is
commonly used to predict genetic values (such as genotypic values of lines, clones, or hybrids)

by incorporating information from relatives through covariance matrices of random genetic
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effects. BLUP accounts for relatedness and shrinks estimates toward the population mean to
improve prediction accuracy. A key extension of this framework is the use of the realized
relationship matrix, which quantifies the actual genomic relationships among individuals based
on marker data rather than relying solely on expected pedigree relationships. This matrix
improves accuracy by capturing Mendelian sampling variation and cryptic relatedness and
forms the basis of genomic prediction models such as GBLUP (genomic best linear unbiased
prediction) (VanRaden, 2008). BLUP treats genetic effects as random variables and provides
the best linear unbiased predictions of these effects, making it a central tool in both traditional

pedigree-based evaluations and modern genomic selection approaches (Bernardo, 2020).

BLUE refers to the estimation of fixed effects in a mixed model. Fixed effects might include
overall means, environmental effects, or known major gene effects. BLUE provides the best
linear unbiased estimates of these fixed parameters, assuming the model and variance
components are correctly specified. Unlike BLUP, BLUE treats effects as fixed and does not
shrink estimates (Bernardo, 2020).

3.4.8 Multivariate Linear Mixed Models

In some situations, a multivariate linear model is more appropriate than a univariate approach,
especially when analyzing multiple traits or when the same trait is measured across different
environments. In such cases, measurements from each test site are treated as distinct variables
within the model. This allows for more flexible modeling of site-specific genetic effects,
capturing variation that may be masked in simpler models (Calleja-Rodriguez et al., 2019;

White et al., 2007).

This approach is particularly valuable when genetic control of a trait differs across test
environments. Indicators of such variation include: substantially different heritability estimates
among sites, measurements taken at different ages, and uneven levels of G x E interaction
between site pairs (Li et al., 2017; White et al., 2007). Treating each environment or age as a
separate variable enables the estimation of unique variance structures, such as environment-
specific heritability, improving the biological relevance and predictive power of the model

(White et al., 2007).

In some cases, edaphoclimatic data and exploratory analysis reveal logical groupings of test

sites. If genotype x environment interaction is high between groups but low within them, it is
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effective to treat each group as a separate variable while pooling data within each group. This
allows for both flexibility across environments and efficiency within similar conditions,
enhancing the utility of multivariate models in forest genetics (Li et al., 2017; Poupon et al.,

2023; White et al., 2007).
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4 Methodology

The methods section of the thesis is divided into four individual experiments for clarity and
provides a structured approach for each experiment, reflecting the distinct characteristics and
objectives of each experiment. Each experiment represents a distinct species, genetic material,
site conditions, phenotyping methods, and trait focus. This variation leads to unique
experimental designs, data types, and research questions that are best understood when
presented independently. Structuring the methods by experiments aligns with the organization
of results, thereby improving the thesis's overall readability and scientific transparency. The

thesis comprises four distinct experiments, which are summarized in Table 1.

Experiment Plant Genetic Seasons of Number Novel Phenotyping Supporting L
ocation
Number Material entries Measurements of Sites Methods measurement
Scots pine i :
. ) yperspectral photosynthetic
2 (UAV imaging q .
reflectance pigments,
1 (clonal seed clones in 1 site), 2 ( . " Czechia
; spectroradiometer, needle
arsiend 1 (other traits) o
graftings) UAYV - imaging) morphology
European
beech proven- 1 (physiological chlorophyll a phenology,
2 traits), 1 fluorescence, gas senescence, Denmark
(juvenile GlCcEs g
2 (phenology) exchange survival
trees)
q h tral imagi ion leak
Scots pine proven- yperspectral imaging ion .ea age ‘
3 1 1 (Imec Snapscan), (not included Finland
: ances
(seedlings) short-day treatment in the thesis)
roven-
black alder P 4 (growth traits), hyperspectral bud burst,
ances,
4 (juvenile ) 1 (phenological 4 reflectance hyperspectral Denmark
half-sib is) ( . ) 5
traits spectroradiometer reflectance
sz families

Table 1: Overview of experiments presented in the thesis.
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4.1 Methodology for Experiment 1 — Scots Pine Clones — Seed Orchards

4.1.1 Plant Material

Two first-generation clonal seed orchards of Scots pine (Pinus sylvestris L.) were selected for
this experiment. The orchards are referred to by their neighboring towns, Plasy and Nepomuk,
located in the western part of Czechia at 49°54'31.543" N, 13°26'33.860" E (Plasy) and at
49°28'53.747" N, 13°31'38.760" E (Nepomuk), approximately 50 km apart. Both orchards
were established by grafting scions from plus trees, i.e., phenotypically superior individuals
selected for their growth performance and overall vitality. The sites are situated within the same
geographic region but differ slightly in soil characteristics, particularly in magnesium,
phosphorus, nitrogen content, and carbon-to-nitrogen ratio (Supplementary Table 1). The Plasy
orchard was established in 1980 and consists of 87 grafted clones and 1165 ramets, covering
an area of 6.48 ha. The Nepomuk orchard was established in 1975 and consists of 45 clones
and 410 ramets, covering 2.24 ha. Twenty-four genotyped clones were common to both
orchards. The spatial layout of all genotyped clones is shown in Supplementary Figure 1 (Plasy)
and Supplementary Figure 2 (Nepomuk).

Sampling was conducted during the 2021 growing season. At Plasy, samples were collected
from 148 ramets representing 29 clones, and at Nepomuk from 200 ramets representing 31
clones. A maximum of seven ramets per clone was targeted to ensure adequate representation.
In some cases, fewer ramets were available due to mortality or limited planting density; for one
clone at Plasy, only a single ramet was sampled. Leaf-level data collected in 2020 were
excluded from the analyses due to insufficient replication of clones, which would have limited
the reliability of the genetic evaluation. Fully sun-exposed branches were collected from the
mid-to-upper crown on the southern side of each tree using telescopic pole scissors. Sampling
was performed between 10:00 AM and 4:00 PM during a single day at each site. Branches were
at least 100 cm in length to minimize water loss, and the cut ends were wrapped in moistened
towels immediately after collection. At the end of each collection day, all samples were
transported to the laboratory, stored at approximately 4 °C, and processed the following
morning. Collection times were recorded to ensure consistent processing order, and all spectral
measurements were completed within 24 hours of cutting. This sampling protocol was based
on previous work, which demonstrated stable chlorophyll fluorescence and reflectance values

in evergreen conifers for up to 48 hours after branch excision (Cepl et al., 2018, 2016;
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Richardson and Berlyn, 2002). A schematic overview of the methodological workflow is

presented in Fig. 4.

canopy level reflectance canopy level reflectance

2021

needle level reflectance
shoots from 2021 l shoots from 2021
\ \ =
Nepomuk /_i Plasy
N Ny
.f"/

I - )

pigments-related traits SNP genotyping array

structural- and water-related traits

Figure 4: Graphical abstract illustrating the workflow of individual measurements and analyses conducted for specific years
and sites. Published in Provaznik et al. (2025).

4.1.2 Needle Level Reflectance

Needle-level spectral reflectance was measured using a FieldSpec 4 Wide-Res portable
spectroradiometer (Malvern Panalytical Ltd., United Kingdom) equipped with a detachable
contact probe. The probe includes an internal light source, enabling measurements across the
350-2500 nm spectral range. The spectroradiometer contains three detectors covering 350—
1000 nm (spectral resolution 3 nm), 1000-1800 nm (8 nm), and 1800-2500 nm (8 nm).
Instrument calibration was performed every 15 minutes using a Spectralon® white reference
panel (SphereOptics, Herrsching am Ammersee, Germany), which provides approximately
99% reflectance across all measured wavelengths. For measurements, shoots (also used for
NFT measurements) with attached needles were placed on a measurement plate coated with a
low-reflectance black surface (NEXTEL Velvet-Coating 811-21). Needles from the upper part
of the branch were arranged tightly to fully cover the probe aperture, following previously
established protocols (Cepl et al., 2018; Hejtmanek et al., 2022). The scan average on the
spectroradiometer was set to 25. Reflectance was calculated as the ratio between the radiance

measured from the sample and that of the white reference panel. For each sample, five
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measurements were taken, with branch rotation and needle rearrangement between
measurements to reduce positional variability. The median reflectance from the five replicates
was used for further analyses. All spectral reflectance and NFT measurements were performed

within 24 hours of branch collection to ensure data quality and consistency.
4.1.3 Canopy Level Reflectance

Hyperspectral image data were acquired using a Nano-Hyperspec camera (Headwall Photonics
Inc., Fitchburg, Massachusetts, USA) mounted on a DJI Matrice 600 Pro UAV. The camera
operates in the spectral range of 400—1000 nm and is divided into 269 spectral bands. All flights
were conducted around midday to maximize solar elevation. At Plasy, data were collected in
September 2021 under overcast conditions. Although cloudy skies reduce the signal-to-noise
ratio (SNR), diffuse illumination can enhance vegetation spectral features (Arroyo-Mora et al.,
2021; Shoshany et al., 2019). The flight altitude was 68.9 m above ground level, resulting in a
ground sampling distance of approximately 3 cm. A 40% side overlap between flight lines was

applied to ensure complete crown coverage of each tree.

Radiometric and basic geometric corrections were carried out using Spectral View — Hyperspec
v3.1.0 (Headwall Photonics Inc.). Radiometric calibration was performed using a portable
fabric reflectance target with known reflectance (Group 8 Technology, Inc., Provo, UT, USA)
placed in the scanned area. Geometric corrections were based on GNSS and IMU logs recorded
by the UAV. Orthorectification employed a global digital elevation model (pixel size 0.0083°)
provided by the Headwall software, as no digital surface model including trees was available.
Since the orchard terrain is flat, an orthophotomosaic was not generated. All parameters used

for data acquisition are summarized in Table 2.
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seed orchard/year Plasy 2020 Plasy 2021 Nepomuk 2021
date 05/08/2020 17/09/2021 25/08/2021
local time 11:59-14:30 12:33-13:18 13:09-13:39
weather conditions clear sky overcast clear sky
exposure 3.996 ms 5.995 ms 5.995 ms
number of flights 4 2 2
number of flight lines 16 16 11

Table 2: Summary of flight conditions when canopy-level data were acquired. Published in Provaznik et al. (2025).

Initial data processing focused on classifying five surface cover classes: green canopy needles,
branches, undergrowth vegetation, soil, and shadows. Object-Based Image Analysis (OBIA)
was performed in ENVI (version 5.5) using the Feature Extraction toolbox. Segmentation was
carried out with a scale level of 30 and a merge level of 85, based on all spectral bands and
spatial attributes (Jin, 2012). The scale parameter defined the size of image segments, while
the merge level controlled the merging of adjacent segments. For training and validation, 50
samples were visually selected for each class and split into a 3:2 ratio, with 30 samples used
for training and 20 for validation. OBIA classification employed a Support Vector Machine
(SVM) with a radial basis function kernel. Input features included spectral (mean, standard
deviation, minimum, maximum), texture (range, mean, variance, entropy), and spatial

attributes (area, length, compactness, convexity, solidity).

Classification results demonstrated high accuracy, with overall accuracy exceeding 85% for
both sites. For the target class (green canopy needles), producer’s accuracy was 94% and user’s
accuracy 90% for Plasy, and 92% and 88% for Nepomuk, respectively. Mean reflectance
values for each tree crown (green canopy needles only) across all 269 bands were extracted
using the Zonal Statistics Multiband Toolbox from the Dymaxion Labs plugin in QGIS (QGIS
Development Team, 2024).

To address systematic fluctuations in every second wavelength, each pair of neighboring bands
was averaged, resulting in smoother spectral curves. The first 13 and last 36 bands were

removed to eliminate spectral noise, leaving 220 bands (429-919 nm) for further analyses.
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Hyperspectral data were acquired for the entire seed orchard area, covering all trees. For
subsequent analyses, only ramets of genotyped clones were included: 984 ramets representing
67 clones at Plasy and 261 ramets representing 25 clones at Nepomuk. Spatial visualization of
these clones is provided in Supplementary Figure 1 (Plasy) and Supplementary Figure 2
(Nepomuk).

4.1.4 Measurement of Needle Functional Traits

Needle samples for NFT assessment were collected from the same branches used for needle-
level reflectance measurements. Branches with current-year shoots were sampled. From each
shoot, two needle samples (three current-year needles per sample) were collected: one sample
for pigment content analysis and the other for water content and leaf mass per area (LMA)

determination.

The first needle sample was used for the biochemical assessment of photosynthetic pigments,
including chlorophyll a (chl a), chlorophyll b (chl b), total chlorophylls (chl T), and total
carotenoids (car). Needles were cut into 2-3 mm segments, sealed in plastic vials, and stored
at —20 °C until biochemical analysis. Pigments were extracted in the dark at 4 °C for seven
days using N-dimethylformamide (Porra et al., 1989). Absorbance of the extracts at 480, 647,
664, and 750 nm was measured spectrophotometrically using an Evolution 201
spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA). Pigment concentrations
were calculated according to (Wellburn, 1994) and expressed per unit of dry mass (mg pigment
g ' dry mass). The carotenoid-to-chlorophyll ratio (car:chl T) was also derived from the

measured values.

The second needle sample was used to determine water content and LMA. Measurements were
carried out in the laboratory the day after field collection (see Section 2.1). Needles were
weighed fresh, scanned using an EPSON Perfection V600 Photo scanner with an upper lamp
at 800 dpi in grayscale, and then dried at 60 °C to constant weight. Needle projection area and
length were determined from binary images in ImageJ (National Institutes of Health, Bethesda,
Maryland, USA). LMA was calculated as the ratio of dry weight to needle projection area (g
cm?). LMA values were also used to convert pigment and water contents to area-based units,

following standard practices in remote sensing and spectroscopy (Kattenborn et al., 2019).
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Photosynthetic pigment contents were expressed relative to both dry needle mass (mg g'; e.g.,
chl aM for chlorophyll a per dry mass) and needle projection area (ug cm™2; e.g., chl aA for
chlorophyll a per area). Needle water content (NWC) was calculated as the percentage
difference between fresh and dry weights. Equivalent water thickness (EWT) was calculated

as the amount of water per needle area (g cm™2).
4.1.5 SNP Genotyping Array

The clones included in this experiment were sampled in 2022 for subsequent genotyping.
Approximately 100 mg of needles per sample were cut into small pieces with a scalpel and
immediately preserved in liquid nitrogen. The frozen material was then homogenized for three
minutes at 30 Hz using an MM400 mixer mill (Retsch, Haan, Germany). Total genomic DNA
was extracted using the NucleoSpin Plant II kit (Macherey-Nagel, Diiren, Germany) according
to the manufacturer’s instructions. DNA concentration and purity were measured with a
NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific, Madison, WI, USA), and a
subset of samples was additionally quantified using a Qubit assay (Thermo Fisher Scientific,
Madison, WI, USA) for validation. DNA integrity was assessed by electrophoresis on a 0.8%
agarose gel. Undiluted aliquots of 45 uLL DNA (mean concentration 116 ng pLL™!, 260/280 ratio
between 1.56 and 1.93) were pipetted into 96-well PCR plates. The plates were shipped on dry
ice to SGS INSTITUT FRESENIUS GmbH, Germany, for genotyping. SNP genotyping was
performed using the PiSy50k SNP chip Axiom array following (Kastally et al., 2022). The

resulting raw data were delivered in CEL file format.
4.1.6 Genomic Data

74 Scots pine clones were genotyped using the PiSy50k SNP chip array (Kastally et al., 2022)
and standard filtering procedures were applied to ensure high-quality SNP data. Markers with
low quality, low minor allele frequency, significant deviations from Hardy—Weinberg
equilibrium (p < 0.001), or heterozygosity exceeding 60% were removed. After filtering,
20,216 SNPs were retained and used to construct the genomic relationship matrix (GRM) K
following the method of Yang et al. (2010), implemented in the AGHmatrix R package
(Amadeu et al., 2016).

The genomic relationship matrix allowed us to identify genetically related clones that likely

originated from plus trees located in close proximity within seed stands of naturally regenerated
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forests. All ramets belonging to the same clone were assumed to share an identical genotype
and were treated accordingly in the analysis. In total, 68 genotyped clones were included in the

final analysis of canopy-level reflectance.
4.1.7 Statistical Analysis and Genetic Parameters

A linear mixed model (LMM) was fitted to evaluate genotype-by-environment interaction in
terms of type B genetic correlations (Burdon, 1977) implemented in the ASReml-R package
(Butler et al., 2017) as follows:

y =X+ Zu + e,

where y is a vector with the measurements, £ is a vector of fixed effects including overall mean,
site, and population within site, and u is a vector of random effects including additive genetic
effects nested within site, following u~N (0, G), where G variance/covariance structure is

defined as follows:

. [ 0351 Gaslszl S K.

2
Gasl Sy O-asz

where 0'351 and oﬁsz are additive genetic variances at site 1 and site 2, g, 5,52 is additive genetic

covariances between sites 1 and 2, K is the genomic relationship matrix described earlier, e is
a vector of residuals following e~N(0,R), where R is the residual variance/covariance

structure defined as follows:

0-52 [AR1(pcor) ® ARL(Prow)] Oﬁs I 0
R=|"" !
0 05252 [AR1(pco1)  ARL(Prou)] + a,?szl ’

where 0'5251 and 05252 are variances for spatially dependent residus at sites 1 and 2, 0,?51 and
07?52 are variances for independent residuals (nugget) at sites 1 and 2, AR1(p.,;) and AR1(pyow)

are first-order autoregressive correlation matrices in column and row directions, 7 is the identity
matrix (Dutkowski et al., 2002), X and Z are incidence matrices associating fixed and random

effects.

The genetic correlations between different traits (e.g., type-a correlation) or between the same

trait measured at various ages (e.g., age-by-age correlation in this case, limited to the two
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following years and, thus, further referred to as year-to-year correlation) were estimated on
pooled data using a bivariate mixed linear model implemented with the ASReml-R package

(Butler et al., 2009) as follows:
y = Xp+ Zu + e

where y is a vector with measurements stacked, f is a vector of fixed effects including mean
for each trait (or age) and population within trait (or age) nested within trait (or age), u is a
vector of additive genetic effects nested within trait (or age) following u~N (0, G), where G

variance/covariance structure is defined as follows:

2
G _ l O-aTl aaTszl ® K’

2
O-arsz GaTZ

where 2. and o2, are additive genetic variances at trait (or age) 1 and trait (or age) 2, 0,.. 1-
aT1 aTZ g g g aTl 2

is the additive genetic covariances between trait (or age) 1 and trait (or age) 2, K is the genomic
relationship matrix described earlier, e is a vector of residuals nested within trait (or age)

following e~N (0, R), where R is residual variance/covariance structure defined as follows:

R _ l o—eZTl UeTszl ® I,

2
Gersz UeTZ

where O’ele and 0'62T2 are residual variances at trait (or age) 1 and trait (or age) 2, Oer,T, is the

residual covariances between trait (or age) 1 and trait (or age) 2, I is the identity matrix.

All estimated genetic parameters, including genetic correlations, were tested using a likelihood
ratio test (LRT), which compares the final model with a baseline model where the tested

parameters are fixed to zero.

Best Linear Unbiased Predictors (BLUPs) of genotypic (clonal) effects were extracted from
the fitted linear mixed models to estimate the performance of individual clones. These BLUPs
account for random effects and are used to derive clonal rankings based on genetic merit.
Clones are ranked according to their BLUPs, providing a basis for selection decisions (usually

in breeding programs) (White et al., 2007).

Broad-sense heritability (H?) is calculated using the following equation:



where g is the total genetic variation, and o3 is the total phenotypic variation estimated from
LMM described above. Heritability values range from 0 to 1, where a value of 0 indicates that
observed variation is entirely due to environmental or residual effects (i.e., no genetic
contribution), and a value of 1 indicates that all phenotypic variation is attributable to genetic

differences.
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4.2 Methodology for Experiment 2 — European Beech Provenances

This experiment, which was published by Provaznik et al. (2024), aimed to assess variation in
photosynthetic performance among European beech (Fagus sylvatica L.) seedlings of different
geographic and altitudinal origins. The experiment was conducted in a Danish common garden
and included plant material from three Italian provenances from the Calabria region, each with
subgroups based on elevation, as well as two local Danish provenances. Seedlings were
monitored for key physiological and phenological traits, including chlorophyll a fluorescence
(ChlIF), gas exchange (GE), bud flushing, leaf senescence, and survival after 2 years. The
design allowed for the evaluation of both within-provenance variation related to altitude and

broader inter-provenance differences across geographic origins.
4.2.1 Plant Material

European beech seedlings, aged 1-2 years, were sourced from both Denmark and Calabria,
Italy, and used to establish a common garden experiment. The experimental setup included
three Italian provenances from distinct mountain ranges, each with subgroups based on
elevation, and two Danish provenances representing local populations. In September 2016,
seedlings were transplanted into HerkuPlast Quick Pot 12 T/18 trays (produced by Kubern
GmbH, Germany) and placed in an outdoor common garden at the University of Copenhagen
nursery. Seedlings from the same provenance subgroup were grouped within trays, initially
arranged as 3 x 4 plants per tray. Each block in the garden contained at least nine Italian
subgroups (from the three provenances), forming an incomplete randomized block design with
9 trays in each of 20 incomplete blocks. Replication of Italian provenances ranged from 9 to
15 trays, while Danish provenances were replicated in two blocks using 3 and 4 trays containing
12 seedlings each. Some plant mortality occurred after transplanting, which disrupted the
original design prior to measurement. The layout of the experiment as of September 2018 is
shown in Supplementary Figure 3. Design imbalances caused by mortality were adjusted for
using REML analysis (Butler et al., 2018), with statistical model details provided in the relevant

analysis section.

For this experiment, a subset of plant material was chosen, including two Italian provenances,
Aspromonte and Sila Grande, each with two subgroups based on altitude: Aspromonte (1270

and 1900 m a.s.l.) and Sila Grande (1300 and 1900 m a.s.l.). Danish plant material included
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seedlings from two seed stands: F13 — Stenderup Midtskov and F419 — Holstenshuus. The
geographic coordinates of all provenances and the location of the experimental site are listed
in Table 3 together with bioclimatic data associated with the provenance origins, taken from

WorldClim version 2.1 for the period 1970-2000 (Fick and Hijmans, 2017).

Primary measurements, chlorophyll a fluorescence (ChlF) and gas exchange (GE), were taken
between September 10 and 14, 2018, marking the end of the seedlings’ second growing season
in the common garden. Precipitation levels were adequate at the end of August 2018, and the
weather during the measurement period was mostly overcast with intermittent rainfall. There

were no visible signs of stress in the trees during data collection.

Location A1270 A1900 SG1300 SG1900 DK-F13 DK-F419 C-G CPH

Altitude [m.a.s.L] 1270 1900 1300 1900 20 80 8

Latitude (WGS84) 38.11225  38.16074  39.24688  39.28361  55.48083  55.10828  55.68615

Longitude (WGS84) 15.83665 1591953  16.55135  16.45029 9.6505 1030975  12.54405

Annual Mean

Temperature [°C] 10.2 7.8 9.8 6.6 7.7 8 8.5
Mean Temperature of
17.8 15.6 17.3 14.1 15.2 15.4 16.6
Warmest Quarter [°C]
Mean Temperature of
34 1 3 -0.2 0.5 0.9 1
Coldest Quarter [°C]
Annual Precipitation o, 849 874 860 722 654 622
[mm]
Precipitation of
Wettest Month [mm] 112 113 121 113 81 71 67
Precipitation of Driest 20 2 2 25 39 37 34

Month [mm]

Table 3: Characteristics of locations of origin and the common garden experimental plot in Copenhagen (C-G CPH), where
the experiment was conducted. Published in Provaznik et al. (2024).

4.2.2 Chlorophyll Fluorescence Kinetics

Chlorophyll a fluorescence (ChlF) kinetics were assessed using the FluorPen FP110 device

(Photon Systems Instruments, Brno, Czech Republic). Measurements were conducted on all
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320 surviving seedlings representing the six provenance subgroups (see Table 4). The ChIF
induction curve (OJIP) was recorded following dark adaptation, achieved by placing
detachable leaf clips on the leaves approximately 20 minutes prior to measurement. Once the
FluorPen was attached to the leaf clip, a saturating blue light pulse (470 nm) with an intensity
of 3000 pmol m™ s was applied. The rapid fluorescence response was recorded within the
first second after exposure. OJIP parameters were computed using FluorPen software based on
the method described by Strasser et al. (2010). Additional parameters related to the I-P phase
were derived from raw fluorescence data following the approach outlined by Oukarroum et al.

(2009). A full list of measured and calculated fluorescence parameters is provided in Table 5.

Provenance Count 2018 Survival 2018 Count 2020 Survival 2020

A1270 41 28% 40 28%
A1900 52 31% 48 29%
DK-F13 20 56% 17 47%
DK-F419 29 60% 28 58%
SG1300 53 49% 52 48%
SG1900 125 69% 59 NA

Table 4: Seedlings count and survival rate at the end of the vegetation season in 2018 and 2020. The survival rate for SG1900

cannot be calculated because not all seedlings from this provenance subgroup were replanted into the new permanent site in

2019 due to a higher seedling count in relation to other provenances. Published in Provaznik et al. (2024).
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Fo Minimal fluorescence intensity from a dark-adapted leaf (50 ps)

F; Fluorescence intensity at J-step (at 2 ms)

Fi Fluorescence intensity at I-step (at 30 ms)

Fin Maximal fluorescence intensity; PSI, photosystem I; PSII, photosystem II; RC,
reaction center

Fy Maximal variable fluorescence Fy = Fn - Fo

V; Relative variable fluorescence intensity at J-step Vj = (F; - Fo) / (Fm - Fo)

Vi Relative variable fluorescence intensity at I-step Vi = (Fi - Fo) / (Fm - Fo)

tFm Time to reach F (in ms)

Fm/Fo Ratio of maximal and minimal fluorescence intensity

Mo Approximated initial slope of the fluorescence transient Mo = 4 (F300 — Fo) / (Fm —
Fo)

Sm Sm = Area / (Fm - Fo) (multiple turn-over)

Fv/Fm (pro) The maximum quantum yield of primary photochemistry. Fy/Fn= ¢@po = 1-Fo / Fi

Yo The probability that a photon trapped by the PSII reaction center will enter the
electron transport
chain. yo=1-Vj

PR ¢e0= (1-(Fo / Fm)) * wo

QDo opo = Fo/Fm

(PPav @pav = Ppo (SM / tFm)

ABS/RC  Average absorbed photon flux per PSII RC (apparent antenna size of an active PSII)
(Mo / Vy) (1 /Fv/Fm)

TRoRC Maximum trapped exciton flux per PSII RC. TRo/RC =My / V;

ETo/RC Electron-transport flux from Qa to Qg per PSII RC. ETo/RC=Mo/ Vy) 1-V;

DIo/RC Dissipated energy flux per RC. DIo/RC = (ABS / RC) — (TR / RC)

ORo Efficiency with which an electron can move from the reduced intersystem electron
acceptors to the PSI end electron acceptors. dro = (1-V1) / (1-V))

PRO Quantum yield of reduction of end acceptors of PSI. @ro= @ro * yo * Oro

PlaBs Multi-parameter photosynthetic performance index expressing energy conservation
from absorption of light by an antenna. Plags = [(Vy/ Mo) * (Fv/Fm)] * (Fv/Fo) *
[(1-V)) / V1]

PlItoraL Performance index for energy conservation from photons absorbed by PSII antenna
until the reduction of PSI acceptors. PItoraL = Plass - 6ro / (1 — Oro)

AVip Decrease of the relative contribution of the I-P phase. AVip = 1-Vi = (Fiu—Fi)/(Fn—

Table 5: List of C/ljlj)v) parameters and their formulas. The parameters used in the analyses are in bold letters. Published in

Provaznik et al. (2024).

74



4.2.3 Gas Exchange

Gas exchange (GE) measurements, reflecting net photosynthetic activity, were carried out on
a subset of 84 randomly selected seedlings spanning all six provenance subgroups: A1270 (14
individuals), A1900 (17), SG1300 (19), SG1900 (19), DK-F13 (7), and DK-F419 (8).
Measurements were performed using the LI-6400XT gas exchange system (LI-COR
Biosciences, Nebraska, USA) equipped with a 6400-02B LED light source, which provided
consistent and uniform illumination within the chamber. Leaf samples were taken from the
upper canopy region of each seedling. The chamber temperature was adjusted to match ambient
outdoor conditions, and the reference CO: concentration was maintained at 415 umol m2 s™.
A light response curve was generated by exposing leaves to a decreasing sequence of light

intensities: 1500, 1000, 500, 250, 120, 60, 40, 20, 10, and 0 umol m2 s,

Net photosynthesis rates were plotted against the corresponding light intensities and fitted

using the equation proposed by Prado and De Moraes (1997) for woody species:

Py = {Fgmax[1 — exp(=k(I — lcomp)]} — Rp,
where Py represents the net photosynthetic rate [pmol(CO2) m™2 s7'], Pgmax 1s the maximum
gross photosynthesis rate, & is the curve-fitting constant, / is the photosynthetic photon flux
density, l.omp is the light compensation point, and Rp is the dark respiration rate. Model
constants were optimized by minimizing residual sum of squares using the Solver function in
Microsoft Excel, following the procedure outlined by Lobo et al. (2013). The final gas

exchange parameters used in subsequent analysis are summarized in Table 6.

P~ net assimilation of COz [pmol.m2.s™!]

LCP light compensation point [pmol (photons) m2.s™']

LSPos light saturation point for Px + Rp equal to 95% of Pxmax [mol (photons) m2.s™1]
Rp dark respiration rate [umol (CO2) m2.s7!]

d10 quantum yield at I = 0 umol(photon) m2.s™! [umol (CO2) umol™! (photons)]

Table 6. List of GE parameters. Parameters in bold were later used for further analyses. Published in Provaznik et al. (2024).

4.2.4 Bud Flushing

Bud flushing was assessed twice during the experiment period. The first evaluation occurred
in May 2018, marking the start of the seedlings' second growing season. A second assessment

was conducted in April 2020 at a permanent forest site near the original common garden, where
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the seedlings had been replanted in 2019. The initial flushing evaluation included only the
Italian provenances, while the second assessment in 2020 covered all provenance groups. A
total of 361 seedlings were scored in the first assessment and 247 in the second. Bud flushing

was evaluated using a 7-point scale based on the system described by (Robson et al., 2013):

Dormant buds

Buds swollen and elongated

First green visible from bud scales, buds adopt a silver-grey sheen

First folded hairy leaves visible but remain partially held by the bud
Entire leaves cascade from the bud; the leaves are still folded and flaccid
Leaves unfolded but still corrugated, fan-shaped and hairy

Leaves fully unfolded, smooth, and flat

Nk W=

4.2.5 Senescence Scores

Leaf senescence was evaluated in early November 2020 for all 244 seedlings located at the
permanent experimental site. The assessment used a 10-point visual scoring scale (ranging
from 0 to 9) based on the condition of the majority of leaves on each individual. A score of 0
indicated fully green leaves with no visible senescence symptoms; scores from 1 to 4 denoted
increasing degrees of yellowing; scores from 4 to 8 reflected progressive development of

necrosis; and a score of 9 corresponded to completely dry and dead foliage.
4.2.6 Statistical Analyses

Statistical analyses were performed using R software (R Core Team, 2014). To evaluate the

photosynthetic traits, a linear mixed model (LMM) was applied with the following structure:

Y=u+Xa+27ZS +272,5:S;+e,
In this model, Y represents the response variable; u is the overall mean; X is the incidence
matrix corresponding to the fixed effect; a denotes the fixed effect of individual provenance;
Z; and Z: are incidence matrices for random effects; S; is the random effect of block; S; is the
random effect of box nested within block; and e is the residual error term, assumed to follow a
normal and independent distribution. Model fitting was conducted using the ASReml-R
package (Butler et al., 2018). Outliers, typically ranging from 0 to 10 per trait and attributed to
measurement errors, were removed after model fitting. Pairwise comparisons of GE and ChlF
parameters were performed using custom R scripts based on the least significant difference

(LSD) method, with no adjustment for multiple testing.

76



To assess the fixed effect of country of origin, the fixed term a in the model was redefined to
represent pooled Danish vs. Italian provenances. Wald tests (W-values) were used to evaluate

this effect across all measured traits.
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4.3 Methodology for Experiment 3 — Scots Pine Provenances - Seedlings

4.3.1 Plant Material

The plant material used in this experiment consisted of Scots pine (Pinus sylvestris L.)
container seedlings originating from eight European provenances listed in Table 7. The
provenances were assigned to three geographical groups corresponding to European regions
with similar climatic conditions. The seedlings were grown for one season in low-humified
Sphagnum peat in hard plastic containers (trays) (Plantek PL81F, 81 cells per tray, cell volume
85 cm?) on raised metal pallets at Natural Resources Institute Finland Suonenjoki nursery (62°
39'N, 27°03’E). The seeds were sown on May 21, 2024, and grown in a greenhouse until the
end of July, after which they were moved outdoors. The seedlings were irrigated and fertilized
according to standard nursery practice. The provenances were assigned to three geographical
groups corresponding to European regions with similar climatic conditions. Half of the
seedlings from each seed lot from the Central-Eastern and Southern regions were short-day

treated (September 17 to 27; 14 h night length).

The total number of seedlings was 4366, grown in 57 trays (81 seedlings each). Since
provenances were not mixed in trays, one tray is considered an experimental unit in this
experiment. The trays were moved and had no permanent spot. The hyperspectral images of

the seedlings were taken on the 21% of October 2024.
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Provenance Group Number of trays  Number of seedlings
Finland - Patasalo North (N) 8 616
Norway - Romedal North (N) 8 646
Czechia - D&cin Central-East (C-E) 4 251
Romania - Cozia Central-East (C-E) 8 641
Romania - Tulnici Central-East (C-E) 8 619
Switzerland - Maienfeld South (S) 8 647
Italy - Monte Duro South (S) 6 425
Spain - Pirineo Navarro South (S) 7 521
Table 7: The provenance of the Pinus sylvestris seedling grown in the experiment.

4.3.2 HSI System Setup and Acquisition Parameters

The HSI system used in this experiment consisted of an Imec SNAPSCAN VNIR camera
equipped with a Schneider Optics APO-Xenoplan 21-1071371 2.0/24mm Standard Anti
Shading 1.3" lens. [llumination was provided by ARRI ARRILITE 750 Plus lights (MAN, 220-
250V, 1P20), ensuring uniform lighting during imaging. Hyperspectral images were acquired
using the HSI SNAPSCAN software (version 1.8.1.1). The white reference image was obtained
by scanning the white reference target covering the entire frame under the same settings as the
samples, with reflectance calibrated to 95%. The dark reference image was captured using the
built-in mechanical shutter. The imaging system was configured to capture hyperspectral
images of the Scots pine seedlings under controlled lighting conditions. The acquired images

were in 2048x2048 spatial resolution with 150 bands ranging from 470 nm to 900 nm.
4.3.3 Image Processing

Spatial cropping was applied to the images using Spectronon software (Resonon, Bozeman,

MT, USA), resulting in a total of 1993 samples cropping out the area on the edge of the images
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not covered by the white reference correctly. Savitzky-Golay filtering with a window size of

19 and polynomial order of 2 was applied to smooth the hyperspectral data and reduce noise.

The processed images were loaded to Fiji (ImageJ) (Schindelin et al., 2012) using the MSTools
plug-in to load the images in the software. Negative values resulting from hyperspectral data

acquisition were saturated to zero to prevent erroneous data interpretation.

A Fiji (ImageJ) macro was created to automate hyperspectral image processing. The macro
prompts the user to select a folder containing ENVI files, then scans the folder for files with
the right filename extensions. It opens each valid file, using the MSTools plug-in, with the "use
saturate" option to saturate negative values to zero to prevent erroneous data interpretation. The
95th slice of each image stack (corresponding to 741nm wavelength) is duplicated and scaled
between -0.01 and 1.25. Automatic thresholding using the Shanbhag method segments the
image, creating a binary mask that is converted to an 8-bit image. This mask is multiplied with
the original image stack to isolate relevant portions, and the result is saved as a new file with

background pixels having a NaN value.

The resulting images with NaN background were used for an average tray reflectance
acquisition. Selection of all seedlings in a tray was created with the Freehand selections tool,
as not all of the background was correctly replaced by NaN (mainly marking paper tape for
tray placement at edges of the image and some weeds in trays containing fewer seedlings).
Then the Plot Z-axis profile function was used to save the average reflectance data from the

selection of all seedlings from a given tray into a data file.

Another macro was applied to replace NaN values with zeros across all image slices to make
the images without background readable for the Spectronon software, in which the

classification was done.
4.3.4 Image Classification

In the Spectronon software, the free-form pixel selection tool was used to select pixels for each
class (background, green needles, red needles, dry needles, and buds) from all provenances
(not all trays). Datacubes from these selections were created and appended together within a
given class to create data cubes used for the supervised classification. In the batch processor,
the Auto Classifier tool was selected, and the class data cubes were loaded for training. The

Auto Classifier tool simplifies hyperspectral image classification by automatically performing
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feature engineering with the concatenation of first derivatives to Savitsky-Golay smoothed
spectra, dimensionality reduction via PCA, and classification using a Random Forest model,
producing probability maps for each class. With the Classification to Color Map tool, the
classified images were created, colors were adjusted to visualize the different classes, and they

were exported as RGB images.
4.3.5 Macro for Bud Counting

A Fiji (ImageJ) macro was employed to process the preprocessed image files and selectively
retain Regions of Interest (ROIs) based on specific morphological and spatial criteria. Images
were converted to the HSB (Hue, Saturation, Brightness) color space and split into individual
channels. Thresholding was applied to the Hue channel (169—-171) to select only the blue pixels
from the classified image. Binary masks were generated for each channel and combined using
logical AND operations to create a final mask highlighting relevant areas. Particle analysis was
then performed on the final mask to detect ROIs exceeding 50 pixels in size with circularity
between 0.05 and 1.0. Detected ROIs were filtered by shape descriptors, retaining only those
with solidity > 0.4, roundness > 0.4, and aspect ratio (AR) < 2.3. Additionally, spatial filtering
was applied to exclude ROIs located within 100 pixels of previously accepted centroids to

prevent clustering. The macro reported the total number of accepted ROls.
4.3.6 Partial Least Squares Discriminant Analysis (PLS-DA)

Partial Least Squares Discriminant Analysis (PLS-DA) is a classification technique derived
from Partial Least Squares Regression (PLSR). It transforms the regression results of PLS into
a set of latent variables, which can be used to predict the dependent variable (i.e., class
membership). PLS-DA was employed to classify geographical groups within the dataset based
on spectra or pixel counts in each class from the classified images. The analysis was performed
using the Caret package (Kuhn, 2008) in R (R Core Team, 2014). The Caret package provides
an accuracy of the PLS-DA model prediction and Cohen’s Kappa coefficient (k). k is a metric
that accounts for the agreement occurring by chance and provides a more robust measure

compared to simple accuracy. x is calculated as:

K:po_pe
1_pe
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Po 1s the observed agreement pe is the expected agreement by chance, calculated based on the

marginal probabilities of each class.
4.3.7 F-Score

To evaluate the segmentation accuracy and bud detection using the custom macro and
classification data, three metrics were employed: precision (p), recall (re), and F-score (F).
Precision (p) measures the accuracy of tree segmentation by calculating the ratio of true
positives (7P) to the sum of true positives and false positives (F/P), as described by the formula:

TP

P=TpfrFp

Recall (re) quantifies the detection rate of trees by determining the ratio of true positives to the
sum of true positives and false negatives (FN), expressed as:

TP

"¢ = TP+FN

The F-score (F) provides an overall accuracy assessment by harmonically balancing precision

and recall, calculated as:

_2XpXre

p+re

Here, TP represents the number of correctly detected trees, F'P refers to the number of falsely
detected trees, and FN denotes the number of missed trees. The precision metric reflects the
accuracy of tree segmentation, recall indicates the detection rate, and the F-score represents the

overall accuracy, accounting for both FP and FN.

The pipeline of the methods used is visualized in Fig. 5.
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4.4 Methodology for Experiment 4 — Black Alder Provenances

4.4.1 Plant Material

The plant material originated from open-pollinated (half-siblings) selected plus trees (trees with
superior phenotype) from 12 Danish provenances of black alder (4/nus glutinosa L. Gaertn.),
which are listed in Table 9 in bold together with abbreviations by which they are referred to.
10 provenances originated from natural stands, provenance RAV originated from a seed lot,
and provenance TRUE originated from a stand that already originates from selected plus trees.

The 12 provenances are shown in Fig. 6 in hollow shapes.

Experimental sites also contain additional Black Alder plant material from seven officially
approved seed sources (two seed stands and five clonal seed orchards, including three Swedish
seed orchards and one Swedish seed stand. This additional plant material does not have a
recorded family structure and, therefore, is included only in provenance effect comparison.

Details about the additional plant material are also presented in Table 9.
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Full name Abbrevation Origin Country
Draved Skov-Vest DRA Natural stand DK
Dybvig Skov, Genner Bugt DY Natural stand DK
Fussinge FUS Natural stand DK
Hald Se-Vestende HALD Natural stand DK
Live LIV Natural stand DK
Lounkeer LOU Natural stand DK
Ravnholt, Senderskov RAV From seed lot DK
Runde Molle ved Genner RU Natural stand DK
Rydhave Skov RYD Natural stand DK
Slette A SLET Natural stand DK
Slotsved Skov SLOT Natural stand DK
True Skov TRUE Stand of selected plus trees DK
FP. 658 Laugesen FP658 Clonal seed orchard DK
FP. 657 Tophgj FP657 Clonal seed orchard DK
F.840 Tusenzes F840 Seed lot from F.2 Grasten DK
FP.850 Kollaberga FP850 Clonal seed orchard (FP851 copy) S
FP.852 Trolleholm FP852 Clonal seed orchard

F.829 Skjoldenasholm F829 Seed lot from FP.851 DK
FP.851 Ignaberg FP851 Clonal seed orchard S

Table 8: Plant material origin. Provenances with family (half-siblings) structures are in bold, material without family structure
(from seed stands and clonal seed orchards) is in normal font.

Four experimental plantations were established from the plant material: three seedling seed
orchards (505, 506, and 507) and one combined provenance—progeny trial 504. Seedling seed
orchards are foreseen as future seed sources when their fructification starts. However, they also
serve as provenance—progeny trials. The experimental sites are shown in Fig. 6 in filled shapes.
All sites were planted with the same genetic material to estimate genotype-by-environment
interactions. Individual families (open-pollinated half-siblings) of different provenances are
differentiated with a number added to the provenance abbreviation, e.g., SLOT1, SLOT?2, etc.
There are 4 to 10 families per provenance, depending on the experimental site. Each
experimental site contains all provenances (except for DY at 504), but some families are not
present at all sites. The four experimental sites differ substantially in soil conditions and water

availability.
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Provenance—progeny trial 504 Lounker Forest (Eastern Jutland) is established on a typical
alder site with high groundwater levels. The soil is classified as saltwater silt. Due to the
abundance of natural alder in the neighboring forest, a seed orchard is not feasible in this
location because of the high risk of external pollen contamination. It was established as a
combined provenance-progeny trial with an experimental design slightly different from the
other sites — family plots nested in provenance plots and blocks. The experimental design can

be seen in Supplementary Figure 4.

Seedling seed orchard 505 Hanehgj Plantation (Eastern Jutland) is located on nutrient-poor,
former conifer stand with soil classified as meltwater sand that quickly dries out. The seedling
seed orchard is organized in single-tree plots in blocks. The experimental design can be seen

in Supplementary Figure 5.

Seedling seed orchard 506 C.E. Flensborg Plantation (Central Jutland) is established on former
agricultural land with soil classified as sandy till. The seedling seed orchard is organized in

single-tree plots in blocks. The experimental design can be seen in Supplementary Figure 6.

Seedling seed orchard 507 Wendelholm (North Zealand) is planted on former agricultural land
with soils classified as meltwater sand, similar to site 505. The seedling seed orchard is
organized in single-tree plots in blocks. The experimental design can be seen in Supplementary

Figure 7.

All trials and seedling seed orchards were established in spring 2022. Tree height was recorded
before and after the growing seasons of 2022, 2023, and 2024 at 504 Lounkar Forest, 505
Hanehgj Plantation, and 507 Wendelholm, while measurements at 506 C.E. Flensborg

Plantation were collected for the 2023 and 2024 growing seasons only.
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Figure 6: Map of trials and provenance origins. Clonal seed orchards and seed stands are not included.
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4.4.2 Bud Burst

Bud burst was assessed 24" of April 2024 in the Seedling Seed Orchard 506 C.E. Flensborg
Plantation as a maximum degree of bud burst of the individual. The developmental stage of
each tree was scored on a scale from 0 to 9, where 0 represented trees in winter dormancy with

no visible sprouting, and 9 indicated trees with fully developed leaves.
4.4.3 Precipitation

To further illustrate conditions on different experimental sites, monthly precipitation totals are
presented in Fig. 7. Data were provided as hourly precipitation by the Danish Meteorological
Institute (DMI), Open Data portal, licensed under CC BY 4.0. For sites 504 and 505 the data
were collected from Havng station (56°42'56.5"N 10°09'51.8" E) situated between the two
experimental sites circa 2.5 km away from each. For site 506, the data were gathered from Ars
Syd station (56°45'20.9"N 9°3024.1" E) located circa 15 km north of the site (Fig 2B). For the
site 507, the data were obtained from Sjalsmark station (55°52'35.0"N 12°24'43.6" E) located
13.5 km south-east of 507.
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Figure 7: Total monthly precipitation at climate data stations nearest to the experimental sites. A. data from Havno station
situated between 504 and 505, B. data from Ars Syd station located north of 506, and C: data from Sjeelsmark station located
south-east of 507. Hourly precipitation data is provided by the Danish Meteorological Institute (DMI), an open data portal
licensed under CC BY 4.0.
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4.4.4 Hyperspectral Reflectance

To evaluate leaf-level reflectance, the FieldSpec 4 Wide-Res portable spectroradiometer
(Malvern Panalytical Ltd., United Kingdom) equipped with a plant probe and leaf clip
attachment (Malvern Panalytical Ltd., United Kingdom) was used. The plant probe contains an
internal light source, enabling measurements across the 350-2500 nm spectral range. The
spectroradiometer is fitted with three sensors covering 350—1000 nm (spectral resolution 3 nm),

1000-1800 nm (8 nm), and 1800—2500 nm (8 nm).

Calibration was performed every 15 minutes using the Gore-Tex white PTFE reflector
background incorporated into the leaf clip.. Leaf reflectance was measured directly in the field
on living trees by inserting leaves into the leaf clip to ensure full coverage of the measurement
window. The scan average was set to 25. Reflectance was calculated as the ratio between the
radiance measured from the sample and that of the white reference panel. Three leaves per
plant were measured. The reflectance measurements were made only at 504, 505, and 507 in
spring and autumn of 2023 for a subset of 10 provenances, each comprising 4 families of 6
individuals (240 trees). The specific measurement days were 24"-27" of May for spring, and

20%-23™ of September for autumn.
4.4.5 Statistical Analysis

Single-Site Models

A linear mixed model (LMM) for single sites (505, 506, and 507) was fitted using the ASReml-
R package (Butler et al., 2017), and 1s specified as follows

y=XL+Zu+e,

where y is the vector of phenotypic observations, 3 is a vector of fixed effects including the
overall mean, provenance, and block, and u is a vector of random effects. The random effects

included family, row within block, column within block, and individual units, such that
u~ N(0,G),

with G a block-diagonal covariance matrix corresponding to the specified random terms. The
residual term e was modeled using a two-dimensional first-order autoregressive process to

account for spatial correlation among neighboring trees within each trial. Specifically,

e ~N(O,R),
90



where R represents the residual variance—covariance structure defined as:
R = G% [AR1(Dco) ® ARL(Prow)] + GTZ]I

Here, 052 denotes the variance associated with spatially correlated residuals, and a,f represents

the variance of independent (nugget) residuals. AR1(p.,)and AR1(p,.,) are first-order
autoregressive correlation matrices describing the correlation between observations in the
column and row directions, respectively, and I is the identity matrix. The Kronecker product
(®) combines the two one-dimensional autoregressive processes into a two-dimensional
spatial structure (Dutkowski et al., 2002). This specification captures spatial dependence
among residuals arising from local environmental heterogeneity or micro-site effects within
each experimental block. Missing values were retained in both response and explanatory

variables and handled directly within the ASReml-R estimation procedure.

For site 504, the model specification differed by including additional random terms due to a
different design: family effects within provenance plots nested in blocks and provenance plot
effects nested in blocks, in addition to the family, unit, and residual spatial effects described

above.

Obvious outliers were identified and removed after visual inspection of diagnostic plots from

the fitted model.

Narrow-sense heritability (4°) was calculated as

2

2 - =
h =2
P

where o2 is the additive genetic variance, and 05 is the total phenotypic variance estimated
from the mixed model described above. Heritability values range from 0 to 1, where a value of
0 indicates that phenotypic variation is entirely due to environmental or non-additive effects,
and a value of 1 indicates that all phenotypic variation is explained by additive genetic

differences.

Predicted values were obtained using the predict.asrem! function in ASReml-R, with family and
provenance specified as classification factors. This produced best linear unbiased predictions
(BLUPs) that were adjusted for the best linear unbiased estimate (BLUE) of the fixed

provenance effect for each relevant family—provenance combination derived from the fitted
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mixed model. The prediction table was extracted from the $pvals element of the prediction

object for further analyses.

A genotype—environment biplot (Fig. 30) was generated using the ASRtriala package, with
families as units and site-year combinations as vectors, using height increment as the response.
Predicted values (BLUPs) for each family—provenance combination, obtained as described
above using the predict.asreml function in ASReml-R, were used in this analysis. Only families
present at all sites were retained, and relevant columns were converted to factors while site and
year columns were removed. The first two principal components were plotted with
standardization applied, and both family and vector labels were displayed to facilitate

visualization of genotype x environment interactions across sites and years.

The BLUEs of provenances, including those from the seed stand and clonal seed orchard
material, were used to establish provenance rankings, enabling comparison between them, as

the provenance effect was highly significant.
Multi-environment trial analyses

A multi-environment linear mixed model (MELMM) was fitted using the ASReml-R package

(Butler et al., 2017) to analyze data across sites. The model was specified as
y=Xf+Zu+e

where y is the vector of phenotypic observations, £ is a vector of fixed effects including site
and provenance within site, and u is a vector of random effects. The random effects included:

family within site, block within site, and individual units within site.

The residual term e was modeled with a site-specific two-dimensional spatial structure to

account for autocorrelation among neighboring trees within each trial. Specifically,
e ~N(O,R),

where R represents a block-diagonal residual variance—covariance matrix defined as
R = dsum (USZS‘ [AR1(pcol) ® AR1(prow)] + a,?s, | site i).

Here, ngs,denotes the variance of spatially correlated residuals at site i, a,%s,the variance of
L l

independent (nugget) residuals, AR1(p.,;)and AR1(p,,)the first-order autoregressive

correlation matrices in the column and row directions, respectively, and Ithe identity matrix.
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The Kronecker product (&) combines the two one-dimensional autoregressive processes into
a two-dimensional spatial structure (Dutkowski et al., 2002). This formulation allows for site-
specific residual variances and correlations, effectively capturing local environmental

heterogeneity within each experimental site.

Type-B genetic correlations were estimated by modeling additive genetic effects as a site-
specific, correlated random effect. The vector of additive genetic effects z was partitioned by
site and assumed to follow a structured multivariate normal distribution, u~N (0, G), where the

genetic covariance matrix Gis

oks. O,
G — [ asSq a5152] ® K_

2
o—aslsz GaSZ

Here, oﬁsland oﬁszare the additive genetic variances specific to sites 1 and 2, g, s,1s the

between-site additive genetic covariance, and Kis the pedigree-relationship matrix. The type-

B genetic correlation was then computed as:

C asS4S
192
T —_—

0.2

2
0, as,

aS,

which quantifies the consistency of genetic expression across environments (values near 1
indicating low GXE interaction). Significance of the covariance component, and thus of the
type-B correlation, was evaluated using a likelihood-ratio test (LRT) by comparing the full
model with a reduced model in which g, 5, was fixed to zero. Missing values were retained in
both response and explanatory variables and handled directly within the ASReml-R estimation

procedure.
Age-to-age analyses

The same multi-environment linear mixed model was used for repeated measures, replacing
site with season to perform age-to-age analyses. Fixed effects included season and provenance
within season, while random effects accounted for family within season, block within season,
and individual units within season. Residuals were modeled with a season-specific two-
dimensional spatial structure, analogous to the site-specific structure described above, to
account for spatial autocorrelation among neighboring trees within each season. In this
formulation, genotype-by-environment interaction was modeled in the same way as in the

multi-site analysis, with season treated as the environmental factor, allowing the estimation of
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age-to-age genetic correlations through a season-specific genetic variance—covariance
structure. Age-to-age correlations were tested using a likelihood ratio test (LRT), which

compares the final model with a baseline model where the tested parameters are fixed to zero.
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S Results
5.1 Results of Experiment 1 — Scots Pine Clones — Seed Orchard

5.1.1 Genetic Variation in Needle Functional Traits

The broad-sense heritability (H?) of needle functional traits (NFTs) was estimated using clonal
replications from both seed orchards sampled in 2021. Traits were divided into two groups: (1)
photosynthetic pigment-related traits (chl a, chl b, car, chl T, car:chl T; Table 10) and (2)
structural and water-related traits (NL, NWC, LMA, EWT; Table 11).

At Nepomuk, pigment-related traits expressed on a mass basis showed moderate heritability
values: 0.14 for chlorophyll a, 0.15 for chlorophyll b, 0.14 for carotenoids, and 0.12 for total
chlorophyll. Area-based heritability values were slightly higher for most traits, with the
exception of chl a. The highest heritability among pigment traits was observed for the
carotenoid-to-total chlorophyll ratio (car:chl T), reaching 0.29. In contrast, at Plasy, H? values
for most pigment traits were lower or not statistically significant, but car:chl T again showed

the highest value (0.25).

When data from both sites were pooled, heritability estimates remained moderate overall, with
consistently higher values for area-based traits compared to mass-based traits. The highest H?
across all pigment traits was again found for car:chl T (0.26). A very high type B genetic
correlation (0.99) between the two sites for this trait indicates strong and stable genetic control.
Pooling the data also reduced the standard errors of the heritability estimates, on average by

0.02.

Structural and water-related traits showed higher heritability than pigment-related traits. Across
both sites, the highest H> was estimated for NL (0.29, SE = 0.07), while the highest single-site
value was observed for needle water content (NWC) at Plasy (H? = 0.38, SE = 0.10). Type B
genetic correlations were significant for all structural traits except NL, reaching 0.99 for LMA
and EWT and 0.72 for NWC. These high values indicate minimal genotype-by-environment

interaction and stable expression of structural traits across sites (Table 11).
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chl am chl bm chl Tm carm chl aa chl ba chl Ta cara
car:chl T
[mg/g]  [mg/g]  [mg/g] [mg/g] [pg/em?] [pg/lem?] [pg/em?]  [pg/em?]
0.13 0.12 0.10 0.11 0.25
H? Plasy (SE) NS NS NS NS
(0.09) (0.08) (0.08) (0.08) (0.08)
0.14 0.15 0.12 0.14 0.13 0.22 0.16 0.19 0.29
H? Nepomuk (SE)
(0.07) (0.07) (0.07) (0.07) (0.07) (0.08) (0.08) (0.08) (0.09)
0.14 0.13 0.11 0.12 0.13 0.17 0.14 0.16 0.26
H? both sites (SE)
(0.06) (0.05) (0.05) (0.05) (0.05) (0.06) (0.06) (0.06) (0.07)
type B gen. corr. 0.99
NS NS NS NS NS NS NS NS
(SE) (NA)

Table 9: Broad-sense heritability (H?), standard errors (SE), and type B genetic correlations (a measure of GxXE) across sites
in 2021 of pigment-related NFTs. NS = non-significant. Chl a — chlorophyll a, chl b — chlorophyll b, chl T — total chlorophyll
a+b, car — total carotenoids, car:chl T — ratio of total carotenoids to total chlorophyll. Concentrations of photosynthetic
pigments are related to dry weight marked with an m lower index [mg/g] (first four columns on the left) and to needle area
projection marked with an 4 lower index [ug/cm’] (following four columns to the right). Published in Provaznik et al. (2025).

NL LMA NwC EWT
0.35 0.21 0.38 0.15
H? Plasy (SE)
(0.10) (0.09) (0.10) (0.09)
0.24 0.15 0.23
H? Nepomuk (SE) NS
(0.09) (0.07) (0.09)
0.29 0.14 0.28 0.20
H? both sites (SE)
(0.07) (0.05) (0.07) (0.06)
type B gen. corr. 0.99 0.72 0.99
NS
(SE) (NA) (0.24) (NA)

Table 10: Broad-sense heritability (H?), standard errors (SE), and type B genetic correlations across sites in 2021 of structural
and water-related NFTs. NL — needle length, LMA — Leaf Mass per Area, NWC — needle water content, EWT - Equivalent
Water Thickness, NS — non-significant. Published in Provaznik et al. (2025).
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5.1.2 Spectral Reflectance

The broad-sense heritability (H?) was estimated for each wavelength across the spectral range
of 350-2500 nm at the needle level and 429-919 nm at the canopy level. In 2021, needle-level
reflectance was analyzed for clones present at both Nepomuk and Plasy orchards. A lower
sample size at Plasy in 2021 resulted in slightly higher standard errors, which is reflected in

the wider error bars at this site (Fig. 8A) compared to those at Nepomuk (Fig. 8B).
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Figure 8: Estimated broad-sense heritability (H?) with standard errors (SE) for needle-level spectra, shown alongside the
mean needle-level reflectance of all clones at the Plasy (A) and Nepomuk (B) sites in 2021. Published in Provaznik et al.
(2025).

98



At both Nepomuk and Plasy in 2021, broad-sense heritability (H?) of needle-level reflectance
across individual wavelengths ranged from 0.10 to 0.25, with Plasy generally exhibiting
slightly higher values. Significant H? estimates were observed across the VIS, NIR, and SWIR
regions, although most NIR wavelengths at Nepomuk did not exceed the significance threshold

(a = 0.05).

For the canopy-level analysis, all clones and their replications were included in the UAV
campaigns at both sites. The smaller size of the Nepomuk orchard and the lower number of
clones and ramets (Supplementary Figure 2) resulted in a higher standard error for heritability
estimates (Fig. 9C). Heritability remained significant across the full analyzed spectral range

(429-919 nm) at the canopy level (Fig. 9).

In the VIS region, H? values were typically higher between 429 and 500 nm and lower around
520 nm, particularly at Plasy in 2021. While the heritability patterns at Plasy 2020 and
Nepomuk 2021 were relatively flat with consistently higher values, Plasy 2021 displayed a
more distinct spectral trend that closely resembled the needle-level reflectance heritability

pattern.
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5.1.3 Year-to-Year Genetic Correlations of Canopy-Level Reflectance

Spectral data at the canopy level were collected at Plasy in 2020 and 2021, allowing for a
detailed assessment of year-to-year genetic correlations across the spectral range captured by
the hyperspectral sensor. The substantial sample size and replicated clonal structure at this site

provided a robust basis for these analyses.

Significant positive genetic correlations were observed primarily in the VIS region, with
correlation values gradually decreasing with increasing wavelength, from 0.93 at 450 nm to
0.59 at 690 nm (Fig. 10A). At 450 nm (Fig. 10B), clonal rankings based on BLUP-estimated
genetic values remained highly consistent across years, reflecting strong genetic stability and
aligning with the highest year-to-year genetic correlation. In contrast, at 690 nm (Fig. 10C),
the genetic correlation reached its minimum (0.59), corresponding to more pronounced shifts

in clonal ranking between years.

Following this minimum in the red edge region, genetic correlation values increased again,
forming a local peak of 0.73. Across the NIR region, year-to-year genetic correlations remained
stable at approximately 0.68. However, this level of correlation was insufficient to maintain

stable clonal rankings over time (Fig. 10D).
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5.1.4 Genotype-by-Environment Interaction in Needle- and Canopy-Level Reflectance

Type B genetic correlations of hyperspectral reflectance at both the needle and canopy levels

across Nepomuk and Plasy in 2021 were estimated to assess GXE interactions.
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At the canopy level, significant positive type B genetic correlations were observed across the
VIS region, ranging from 0.72 to 0.99, indicating small to negligible GXE effects (Fig. 11A).
Clonal rankings remained highly consistent across sites at wavelengths 533 nm and 697 nm,
where the correlations were highest (Fig. 11B, 11C). The strongest correlation was observed at
697 nm, corresponding to the most stable clonal ranking across environments (Fig. 11C). In
contrast, in the NIR region, type B genetic correlations declined to zero or negative values,
indicating considerable GXE interactions. This was evident at 852 nm, where clonal rankings
diverged between sites and certain genotypes performed well in one environment but not in the

other (Fig. 11D).

At the needle level, similar strong type B genetic correlations were found in the VIS region,
again followed by a sharp decrease to zero and negative values in the NIR (Fig. 11F). A distinct
pattern was also observed in the SWIR region, where type B genetic correlations reached one
(though statistically insignificant) around major water absorption bands at 1440 nm, 1900 nm,
and 2500 nm. At 1440 nm, clonal rankings were consistent across sites, but the variance
between Nepomuk and Plasy differed, indicating heterogeneous genetic variance despite stable

rank order (Fig. 11E).
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Figure 11: Type B genetic correlation between Plasy 2021 and Nepomuk 2021 as a proxy for GXE interaction in canopy-level
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Published in Provaznik et al. (2025).
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5.1.5 Genetic Correlations Among the Spectra and NFTs

Type A genetic correlations describe the genetic association between two traits, offering insight
into their shared biological pathways and potential causal relationships. These correlations
between needle- and canopy-level reflectance and both photosynthetic pigment content and

structural or water-related needle traits were estimated in Experiment 1.

At the needle level, significant genetic correlations were detected between reflectance and all
analyzed photosynthetic pigments (Fig. 12). Pigment traits expressed on a dry mass basis
showed strong, significant, positive correlations in the SWIR region. In contrast, pigment traits
expressed on a needle area basis exhibited strong, significant, negative correlations in the red
edge region. The carotenoid-to-total chlorophyll ratio (car:chl T) did not show significant

genetic correlations with reflectance across the needle-level spectral range (350-2500 nm).
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Figure 12: Genetic correlations between needle-level reflectance spectra and photosynthetic pigments estimated from pooled
data (Plasy 2021, Nepomuk 2021). Chl a — chlorophyll a, chl b — chlorophyll b, car — total carotenoids, car:chl T — ratio of
total carotenoids to total chlorophyll. Concentrations of photosynthetic pigments are related to dry weight marked with an m
lower index [mg/g] and to needle area projection marked with an 4 lower index [ug/cm?]. The standard error of genetic
correlation reached the average value of 0.3 (not shown). The significance of the genetic correlation was expressed by shades

of pink. The reflectance plotted is the mean of all clones across the sites. Published in Provaznik et al. (2025).
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Leaf mass per area (LMA) showed strong, significant, negative genetic correlations with
needle-level reflectance in the NIR and at the beginning of the SWIR region (Fig. 13). Needle
water content (NWC) exhibited significant, strong, positive correlations in the NIR, while
equivalent water thickness (EWT) displayed significant, strong, negative correlations in the
later part of the NIR and at the beginning of the SWIR region (Fig. 13). In contrast, needle
length (NL) showed no significant genetic correlations with reflectance across the analyzed

spectral range (Fig. 13).

NL LMA
c c
] -] ——
T o [ g oo | [ o
5 2 f o~ e 3
£ £
: | \ : [\
g I | i £ (g
g — - el 5 —d TN —
g © g o
g )
8 8
§ s
5 S
o 'S \ ~—
o | /
T T T T T ' T T T T
500 1000 1500 2000 2500 500 1000 1500 2000 2500
Wavelength [nm] Wavelength [nm]
NWC EWT
- — -

c N c
£ ——~ 2 ——~_
B 0 >\ 5 n | 1\
g o ) N 2 S i Sy
S 1 \ 3
g / \ 8 / \
£ S g T
g —_—d \ ‘L,—.*_ B —_— - \
8 © § o
g g
g 2 L
g g
8 8
g 8
= 2
€ H ~ ST

T T T T T o T T T T

500 1000 1500 2000 2500 500 1000 1800 2000 2500

Wavelength [nm] Wavelength [nm]

e reflectance

® significant genetic correlation
non-significant genetic correlation
SE=03

Figure 13: Genetic correlations between needle-level reflectance spectra and needle structural and water-related traits
estimated from pooled data (Plasy 2021, Nepomuk 2021). NL — needle length, LMA — Leaf Mass per Area, NWC — needle
water content, EWT - Equivalent Water Thickness. The standard error reached the average value of 0.3 around the genetic
correlation value (not shown). The significance of the genetic correlation was expressed by shades of pink. The reflectance
plotted is the mean of all clones across the sites. Published in Provaznik et al. (2025).

At the canopy level, significant genetic correlations were observed only with total chlorophyll
content expressed on a mass basis (chl Tm) and equivalent water thickness (EWT) (Fig. 14A,
14B). Chl Twm exhibited a strong negative genetic correlation in the red edge region (around
720 nm) and in the adjacent NIR wavebands, reaching —0.99. Because the model reached the

boundary, standard errors could not be estimated for these correlations.
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EWT showed a positive genetic correlation at the green reflectance peak (around 540 nm) in
the VIS spectrum and across most of the NIR region, with values around 0.9 and standard errors
ranging from 0.23 to 0.30. For comparison, leaf mass per area (LMA) exhibited a similar
correlation pattern to EWT, but the values dropped to zero in the NIR region and did not reach

statistical significance (results not shown).
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Figure 14: Genetic correlations between canopy-level reflectance spectra and needle functional traits (NFTs) estimated from
pooled data (Plasy 2021, Nepomuk 2021). chl T v — total chlorophyll a+b (related to dry weight [mg/g]), EWT — Equivalent
Water Thickness. The standard error (SE) reached the average value of 0.3 around the genetic correlation value (not shown).
The significance of the genetic correlation was expressed by shades of pink. The reflectance plotted is the mean of all clones
across the sites. Published in Provaznik et al. (2025).
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5.2 Results of Experiment 2 — European Beech Provenances

5.2.1 Photosynthetic Performance

The Italian provenances exhibited significantly higher average values than the Danish
provenances for most chlorophyll fluorescence (ChlF) parameters: Fin/Fo (W = 1.55 x 107°),
Fv/Fm (W =3.93 X 107), yo (W = 1.53 X 107), ¢ro (W = 7.27 x 107®), 8ro (W = 0.001), pro (W
=2.76 x 1077), PIaps (W =5.16 x 107®), PItoraL (W = 6.58 x 1077), and AVip (W =3.75 x 1079).
Conversely, the Italian provenances showed significantly lower average values than the Danish
provenances for opo (W =3.76 x 1077), ABS/RC (W =4.24 x 1077), TRo/RC (W =1.47 x 107%),
and DIo/RC (W = 8.81 x 107°). No significant differences were detected for ET¢/RC (W =
0.721) or Pav (W = 0.259). Model-predicted means of ChlF parameters for each provenance

subgroup are summarized in Table 12.
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A1270 A1900 DK-F13  DK-F419  SG1300 SG1900
- 4.765 5.065 3.921 4.528 4.804 4.976
mEo (0.113) (0.104) (0.194) (0.234) (0.114) (0.092)
Fu/Fn (0r0) 0.786 0.801 0.742 0.778 0.789 0.797
vEm (Pro (0.005) (0.005) (0.009) (0.011) (0.005) (0.004)
0.600 0.625 0.534 0.547 0.602 0.614

Vo (0.012) (0.011) (0.020) (0.024) (0.011) (0.009)
0.472 0.501 0.384 0.427 0.474 0.490

Pro (0.011) (0.010) (0.019) (0.022) (0.011) (0.087)
0.214 0.199 0.258 0.222 0.211 0.202

oo (0.005) (0.005) (0.009) (0.011) (0.005) (0.004)
937.1 934.6 941.1 935.7 937.6 932.0

Prav (2.010) (1.813) (3.578) (3.767) (2.020) (1.464)
1.508 1.457 1.842 1.638 1.557 1.493

ABS/RC (0.034) (0.031) (0.060) (0.068) (0.034) (0.026)
TR.RC 1.196 1.165 1.393 1.272 1.228 1.190
v (0.226) (0.021) (0.041) (0.043) (0.023) (0.018)
ETJRC 0.701 0.726 0.738 0.690 0.739 0.729
o (0.019) (0.018) (0.033) (0.039) (0.020) (0.016)
DI/RC 0.325 0.292 0.474 0.364 0.330 0.303
0 (0.014) (0.013) (0.025) (0.029) (0.014) (0.011)

5 0.558 0.565 0.506 0.504 0.533 0.577
RO (0.010) (0.009) (0.017) (0.016) (0.010) (0.008)
0.258 0.282 0.194 0.214 0.256 0.282

Pro (0.009) (0.008) (0.015) (0.018) (0.009) (0.007)
P 4.039 4.838 1.461 2.465 3.985 4.507
ABS (0.316) (0.294) (0.546) (0.661) (0.324) (0.259)
Pl 5.073 6.464 1.597 2.538 4.905 6.228
TOTAL (0.495) (0.460) (0.854) (1.028) (0.510) (0.405)
AV 0.333 0.353 0.271 0.275 0.325 0.354
P (0.010) (0.009) (0.017) (0.019) (0.010) (0.008)

Table 11: Predicted means of ChlF parameters with standard errors (SE) of each provenance subgroup (based on LMM,).
Published in Provaznik et al. (2024).

In terms of gas exchange (GE) traits, the Italian provenances displayed significantly higher
average values for LSP9s (W = 7.90 x 107®) and Pn (W = 2.64 x 107%), indicating that under
identical irradiation, Italian provenances reached their maximum assimilation rate more rapidly
and achieved a higher net assimilation compared to Danish provenances. No significant
differences were observed for the light compensation point (LCP) (W = 0.764) or dark
respiration (Rp) (W = 0.309). All provenances required a similar photon flux density to achieve

net positive carbon assimilation. Additionally, no differences were detected in the quantum
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yield of photosynthesis (¢p0) (W = 0.701), suggesting that the molar ratio between assimilated
carbon and absorbed photons did not differ between provenance groups. Model-predicted

means of GE parameters for each provenance subgroup are presented in Table 13.

A1270  A1900 DK-FI3 I?ﬁ; SG1300 SG1900

6.648 6332 6316 5438 6256  6.062
(0.51)  (048)  (0.87) (1.33)  (0.48)  (0.47)

0.134  0.164  0.100  0.101  0.150  0.104
(0.033)  (0.032) (0.055) (0.077) (0.034) (0.031)

6859 6834 3732 4236 587.6  598.8
(30.2) (27.7) (@74) @61 (267  (26.3)

14.06  13.67  7.61 8.67 1221  12.05
(0.64) (059 (1.07) (1.11) (0.58)  (0.56)

0.063 0061 0061 0063 0063  0.063
(0.0016) (0.0015) (0.0024) (0.0025) (0.0015) (0.0014)

LCP [umol (photons) m=2.s]
Rp [umol (CO2) m2.s7!]
LSPys [umol (photons) m2.s]

Px [umol.m™2.s]

¢ 10 [wumol (CO,) pmol ™ (photons)]

Table 12: Predicted means of GE parameters with standard errors (SE) of each provenance subgroup (based on LMM).
Provenance effects were significant (a. = 0.05) for parameters shown in bold, later used for further analyses. Published in
Provaznik et al. (2024).

5.2.2 Provenance Pairwise Comparison

All provenance subgroup pairs were compared for both chlorophyll fluorescence (ChlF) and
gas exchange (GE) parameters (Fig. 15). Clear differentiation between Italian and Danish

provenances was evident across both measurement types.

Among the Italian provenances, several ChIF parameters, Dio/RC, @ro, PItoraL, and AVip,
showed significant differences between subgroups originating from different altitudes (Fig. 15,
pink). In contrast, GE parameters LSPos and Pn distinguished between Italian provenances from
different geographic locations (Aspromonte vs. Sila Grande; Fig. 15, gray and red). No clear
altitudinal pattern was observed in the GE data, while ChlF measurements did not fully

discriminate between geographically distant Italian provenances.

A different pattern emerged when comparing the two local Danish provenances. Here, seven
ChIF parameters (Fm/Fo, Fv/Fm, @ro, ®po, ABS/RC, TR¢/RC, and DI¢/RC) were sufficient to
distinguish between the two Danish subgroups (Fig. 15, light green), whereas GE parameters
did not reveal any significant differences. Notably, the only parameter capable of

differentiating both the altitudinal subgroups within the Italian provenances and the two Danish
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provenances was Dio/RC (Fig. 15, pink and light green), highlighting its sensitivity to variation

both within and between provenance groups.
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Figure 15: Heatmap of LSD test p-values comparing all pairs of provenance subgroups based on ChlF and GE parameters

(without correction for multiple testing) (based on LMM). Published in Provaznik et al. (2024).

113



5.2.3 Bud Flushing

In May 2018, significant differences in bud flushing scores were observed between
provenances from the two mountain ranges, Sila Grande (SG) and Aspromonte (A) (p = 1.92
x 107'%). The more southern Aspromonte provenance exhibited more advanced bud
development at the time of assessment. Within the Sila Grande provenance, a clear altitudinal
effect was detected, with SG1900 showing significantly less developed buds than SG1300 (p
=2.87 x 107'%). No significant differences were observed between altitudinal subgroups within
Aspromonte. Detailed pairwise comparisons for May 2018 are provided in Table 14, and the

distribution of flushing scores illustrating these differences is shown in Fig. 16A.

The flushing assessment conducted in April 2020 on the surviving trees revealed the same
overall pattern (Fig. 16B). Although the trees were at an earlier flushing stage during this later
assessment, differences between provenances and their subgroups remained significant for the
same pairs, except for SG1300 and A1270 (Table 14). The overall difference between
Aspromonte and Sila Grande persisted clearly (Fig. 16, red vs. green).

In 2020, bud flushing was also evaluated for the Danish provenances. Both Danish provenances
were in a more advanced flushing stage than the Italian ones, except for SG1300, which
exhibited a delayed flushing pattern more similar to the Danish beech. The statistical

significance of all pairwise comparisons is presented in Table 14.
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Year 2018 2020

Compared pair p-value p-value
SGx A 1.92e-15 0.0009
Ix DK - 5.316e-07
SG1300 x SG1900 8.80e-13 6.197e-07
SG1300 x A1270 0.0107 0.9836
SG1300 x A1900 0.4440 0.5887
SG1900 x A1900 4.46e-14 7.547e-07
SG1900 x A1270 2.87e-14 0.0001
A1270 x A1900 0.0503 0.6287
DK-F13 x A1270 - 0.0014
DK-F13 x A1900 - 0.0001
DK-F13 x SG1300 - 9.407e-05
DK-F13 x SG1900 - 0.1598
DK-F419 x A1270 - 0.0002
DK-F419 x A1900 - 4.09¢-06
DK-F419 x SG1300 - 2.706e-06
DK-F419 x SG1900 - 0.1615
DK-F13 x DK-F419 - 0.7061

Table 13: Two-sided Wilcoxon signed-rank test of flushing scores between pairs of provenances and provenance subgroups
scored in May 2018 and April 2020. Published in Provaznik et al. (2024).
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B A1900
DK-F13
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Figure 16: Density plots of flushing scores among provenance subgroups scored in May 2018 (A) and April 2020 (B).
Published in Provaznik et al. (2024).
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5.2.4 Senescence

At the beginning of November 2020, all provenances exhibited clear signs of senescence, with
most leaves showing yellowing across nearly all assessed trees. No significant differences in
senescence scores were detected between provenance subgroups. The distribution of

senescence scores for each provenance subgroup is presented in Fig. 17.

Provenance

DK-F419
SG1300
SG1900

1 1 1 1 1 1 1
01 2 3 4 5 6 7 8 9
Senescence score

Figure 17: Density plots of leaf senescence scores of individual provenances and the altitudinal subgroups assessed at the
beginning of November 2020. Published in Provaznik et al. (2024).
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5.3 Results of Experiment 3 — Scots Pine Provenances - Seedlings

5.3.1 Background Removal and Mean Reflectance Extraction

The first outcomes of the proposed pipeline are smoothed hyperspectral images with empty
(NaN according to Imagel]) background pixels. These images can already be visually
interpreted in Spectronon software by selecting combinations of any 3 wavelengths. It can be
a standard RGB or any other possible wavelength combination ranging from 470 to 900 nm.
To demonstrate the potential use, mean reflectance values for each tray corresponding to
seedling provenances were extracted. Subsequently, the provenances were grouped into three
geographical groups of origin (Fig. 18). In the next step, the first derivative of these spectra
was calculated (Fig. 19). Both plots show a clear separation among the three geographical
groups in both visible (VIS) and near infrared (NIR) spectral regions. The numerical values of

mean reflectance and the respective 1st derivative were used for PLS-DA analyses.

Mean Reflectance of Provenance Groups
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Figure 18: Visualization of the mean reflectance spectra of the three geographical groups. Data was later used for PLS-DA
analyses.
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First Derivative of Mean Reflectance
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Figure 19: Visualization of the I derivative of mean reflectance spectra of the three geographical groups. Data was later
used for PLS-DA analyses.

5.3.2 Classification

Three provenances representing three distinct geographical groups were chosen to demonstrate
classification results in Figure 19. From the original datacubes (Fig. 20 — A, D, G), smoothed
hyperspectral images with empty background pixels were produced (Fig. 20 — B, E, H). A
supervised classification model was created using representative pixels for five categories:
background, green needles, red needles, dry needles, and buds (Fig. 20 — C, F ,I). In the entire
figure, one can clearly observe the differentiation among provenances from distinct
geographical groups, mainly due to autumn phenology. The main benefit after the classification
is the precise quantification of the autumn reddening (bright orange) and bud set (blue) within

the classified images (Fig. 20 - C, F, I).
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original datacube processed datacube classified image

rway - Rmedal N)

Figure 20: Image results from different stages of data processing represented by examples from provenances of each
geographical group. The figure shows RGB rendered (640nm, 562nm, 470nm) images of original datacubes (4,D,G),
processed datacubes that were used for classification (B,E,H), and the classified images (C,F,1).
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5.3.3 Partial Least Squares Discriminant Analysis

The PLS-DA model predicting individual provenances' origin performed best on classified
images (with 45% accuracy, PLS-DA score plot shown in Fig. 21). In comparison, on raw
spectra, it achieved 40% accuracy, and on the first-derivative spectra, it reached 43% accuracy.
The PLS-DA of classified images performed even better when predicting the geographical
groups of origin (with 95% accuracy, PLS-DA score plot shown in Fig. 22). In comparison,
models based on raw spectral data achieved 82% accuracy, while the first-derivative spectra

reached 93% accuracy when predicting geographical groups.

While data from the classified images cannot reliably separate the treatment and control, the
mean spectra and the 1st derivative of the mean spectra predict the short-day treatment in the
treated provenances with similar accuracy. The PLS-DA from the 1st derivative of mean

spectra achieves an accuracy of 0.76, and its PLS-DA score plot is shown in Fig. 23.

All the numerical values of the resulting accuracies and agreement scores (k) from the PLS-

DA predicting provenances, groups, and treatment are listed in Table 15 for comparison.

data for accuracy K accuracy K accuracy K
PLS-DA (provenances) (provenances) (groups) (groups) (treatment)  (treatment)
mean spectra 0.40 0.33 0.82 0.73 0.71 0.43

1%t derivative
of mean 0.43 0.36 0.93 0.89 0.76 0.51

spectra

pixel counts
of classified 0.45 0.36 0.95 0.92 0.56 0.13

images

Table 14: Partial Least Squares discriminant analysis results for differently processed data grouped by geographical groups
and individual provenances.
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PLS-DA Score Plot
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Figure 21: PLS-DA score plot for individual provenances based on the classified image data (predicting with the highest
accuracy = 0.45; k = 0.36)
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Figure 22: PLS-DA score plot for geographical groups based on the classified image data (predicting with the highest
accuracy = 0.95; k = 0.92)
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PLS-DA Score Plot (1st derivative spectra)
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Figure 23: PLS-DA score plot for short-day treatment based on the I derivative of mean spectra (predicting with accuracy
=0.76, k = 0.51). The individual provenances within the treatment and control are visualized with shapes.
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5.3.4 Bud Count

Additionally, a macro to automatically count visible terminal buds from the classified images
was developed, achieving a counting accuracy of 93 %. Fig. 24 provides an example of close-
up image processing at various stages of the analysis workflow. The macro provides the user
with the final number of buds that satisfy the predefined filtering criteria. Additionally, an
image displaying tissue regions classified as buds is generated for the user (Fig. 24C), allowing
visual inspection of pixel groups to verify which regions were identified as buds and which did
not meet the specified criteria. The filtering conditions (defined in the methods section) can be

modified based on the age of the trees or species in question.
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Figure 24: Visualization of the bud-count processing workflow. A is a cropped part of an RGB rendered (640nm, 562nm,
470nm) image of the original datacube, B is a cropped equivalent of the classified image, and C is a cropped equivalent of the
mask from Fiji (ImageJ), which was used in the proposed macro for bud count. Yellow represents correctly counted buds; the
red bud was incorrectly omitted by the macro (false negative), and the blue bud was not counted due to proximity conditions
preventing a double count of split buds (obscured by a needle). The white color in the mask represents pixels incorrectly
classified as blue in the classified image (B).
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5.4 Results of Experiment 4 — Black Alder Provenances

5.4.1 Survival Rates

After three growing seasons, survival rates from spring 2022 to autumn 2024 were assessed.
Negligible mortality, mainly due to browsing, was excluded from the survival rate calculations.
Survival rates were 93% in F504 Lounkar Forest, 98% in F505 Hanehgj Plantation, 99% in
F506 C.E. Flensborg Plantation, and 96% in F507 Wendelholm. These consistently high
survival rates, combined with a low incidence of top dieback (<2%), enabled meaningful

genetic evaluation of growth increments.
5.4.2 Bud Burst

For bud burst at 506, a high heritability of 0.74 with a standard error (SE) of 0.13 was estimated.
Most performances had a similar level of leaf development except TRUE, which showed
slightly earlier budburst compared to other provenances, as apparent from Fig. 25. Trees from
seedling seed orchards FP657 and FP851, on the other hand, displayed later leaf development.
Significant Pearson correlation of » = 0.45 (p = 1.76e-6) was obtained between the predicted

mean values of height increment and bud burst among individual families.

bud burst in 2024
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Figure 25: Violin plot of the maximum level of budburst (bud burst scores) for provenances at site 506 on 24" April 2024.
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5.4.3 Heritability Estimates for Growth Increment

To minimize the influence of initial nursery conditions, yearly height increment was considered
as the primary growth trait for analysis. 4’ estimates for height increment reached from 0.10 to
0.28 with SE between 0.04 and 0.09. The highest and most consistent /#” was estimated at site
507. All the estimates for individual sites in different growing seasons are presented in Table

16.

H?2022 SE 2022 H?2023 SE 2023 H?2024 SE 2024

504 0.28 0.09 0.17 0.07 0.11 0.06
505 0.10 0.06 0.15 0.07 0.15 0.07
506 NA NA 0.17 0.05 0.13 0.04
507 0.28 0.07 0.28 0.06 0.21 0.05

Table 15: Narrow-sense heritability estimates for height increments in specific years at individual sites.

5.4.4 Family Performance in Height Increment Across Sites and Years

To evaluate the height increments of individual families at each site, the family means were
predicted. The effect of provenances was significant at each site and has been added to the
predictions to allow for comparison between families from different provenances. The
predicted family means can be seen in Figures 26, 27, 28, and 29 for sites 504, 505, 506, and
507, respectively. At all sites, there is a trend of increasing increment in each following growing

season, although the proportions of the increase vary by site.

At site 504, the best 5 performing families in 2022 were TRUE10, SLET6, SLET9, SLET7,
and SLETS, showing the superior growth of the SLET provenance. In 2023, the families from
RYD outperformed the others, with the top 5 families being RYD3, SLET9, RYDS, RYD?9,
and SLET7. In 2024, four out of the top five performing provenances were again from the
SLET provenance: SLET7, SLET8, SLET9, SLET6, and SLOT2. Interestingly, SLOT2
performed below average in both previous growing seasons. The worst performing families in
2022 were FUS2, FUSS, FUS3, FUSI and HALD3, in 2023 they were HALD2, HALDS,
DRA3,LOUI1, and LOU2. The worst-performing family in 2024 was again HALD2, followed
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by RAV4, HALDS, RAVS, and DRA3. The performance in growth increments of all families
at site 504 can be followed in Fig. 26.

At site 505, the provenance effect was more profound, and the top 5 performing families in
growth increment were in all 3 seasons from the TRUE provenance (except 5™ place in 2024
occupied by SLET9). The family that performed best in 2022 from a provenance other than
TRUE was SLET9 at 11" place (after all the TRUE families). In 2023, it was SLET 8 at 6th
place, and in 2024, it was SLET 9 at 5" place. The best performing family of the TRUE
provenance was TRUE7. The worst-performing families in 2022 were RAV6, HALDS, RAVS,
FUSS8, and HALDG6. In 2023, the worst-performing families were all from the RAV
provenance, specifically RAV4, RAVS, RAV7, RAV2, and RAV9. In 2024, HALD 5 had the
smallest increment, followed by RAVSE, HALD4, RAV6, and RAV2. The performance in

growth increments of all families at site 504 can be followed in Fig. 27.

At site 506, the height increment for 2022 was not measured. In 2023 however, the height
increment at 506 was substantially larger than on the other sites with the average of all families
being 94.9 cm, while in comparison it was 77.4 cm at 504 (typical black alder site), 37.7 cm at
505 (poor soil with generally lower increments), and 30.14 cm at 507 (comparable site to 505
with regard to soil). Despite the scale differences, the top 5 performing families at 506 are from
TRUE provenance in both 2023 and 2024, similarly to site 505. The best performing family at
site 506 is TRUE3. Another well-performing provenance at 506 is RYD, with families RYD2,
RYD4, RYD3, RYDS, and RYDI occupying the 9th to 13th place, respectively, in 2023. In
2024, RYD3, RYD2, and RYD1 jumped up to 6th to 9th place, respectively. Interestingly,
families from SLET provenance, which performed well at all other sites, showed only average
or below-average height increments at site 506 in 2024. The worst performing families were
HALDS, HALDG6, LIV7, HALD4 and HALD?2 in 2023, and HALDS, LIV13, RAV3, DRA3,
and LIV6 in 2024. The performance in growth increments of all families at site 506 can be

followed in Fig. 28.

At 507, the family height increments substantially increased in 2024 to 106.0 cm, while in 2023

it was only 30.1 cm and in 2022 only 13.0 cm (as seen in Fig. 29). The best 5 performing

families in 2022 were TRUE10, TRUE9, TRUE6, LIV11, and LIV10. In 2023, the best 5

performing provenances were again only from the TRUE provenance: TRUE7, TRUEI10,

TRUE6, TRUE9, and TRUE2. In 2024, the rowing provenances were TRUE7, TRUES,

TRUE10, TRUEI1, and SLET7. The worst-performing families in 2022 were all the families
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from the HALD provenance. In 2023 the worst performing families were HALD2, LIV3,
RAVS, HALDS and HALD4, and in 2024 they were HALDS, DRA1, RAVS5, HALD2 and
RAVT.
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Predicted family means with provenance effect at site 504
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Figure 26: Predicted family means with provenance effect at site 504. For each year, the increment is presented by a different
color. The black lines on top of each increment bar are visualizing the standard errors.
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Predicted family means with provenance effect at site 505
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Figure 27: Predicted family means with provenance effect at site 505. For each year, the increment is presented by a different

color. The black lines on top of each increment bar are visualizing the standard errors.
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Predicted family means with provenance effect at site 506
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Figure 28: Predicted family means with provenance effect at site 506. For each year, the increment is presented by a different
color. The black lines on top of each increment bar are visualizing the standard errors.



Predicted family means with provenance effect at site 507
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Figure 29: Predicted family means with provenance effect at site 507. For each year, the increment is presented by a different
color. The black lines on top of each increment bar are visualizing the standard errors.
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To display the height increment family predictions in a single figure, a biplot - a graph that
shows both observations (as points) and variables (as arrows) from a dataset on the same two-
dimensional plot (based on Principal Component Analysis) was constructed. In the biplot in
Fig. 30, trial (site) and year combinations are vectors, and genotypes (families) are units. The
closer the families are in the plot, the more similar their values are across the sites. The more a
family’s point lies in the direction of a site—year vector, the better its performance in that site—
year. The angles between the site—year vectors indicate their type-B genetic correlation. Small
angles suggest positive correlations, while large angles suggest no or negative correlation,
indicating the presence of G x E. For instance, in Fig. 30, the site—years 504—2023 and 504—
2024 form a larger angle with the other site—years, indicating the presence of G x E interaction.
The length of the site—year vector in the biplot indicates how strongly that site—year contributes
to the variation explained by the principal components. Longer vectors represent site—years
with greater influence or stronger discrimination among families for height increment, while
shorter vectors indicate site—years that contribute less to the overall variation or where family
performance was more uniform. The biplot provides a useful visualization of the results
through dimensionality reduction, but it includes only the first two principal components,

which together explain 77% of the total variability.
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Figure 30: Genotype—by-environment interaction denoted by biplot showing performance of families across site—year
combinations in height increment. Families are represented as points (units) and site—year combinations as vectors, based on
the first two principal components of predicted values (BLUPs) from the single-site LMMs. Only families present at all sites
are included. Data were standardized to visualize genotype * environment interactions.

5.4.5 Genotype-by-Environment Interactions

Table 17 presents the G % E interaction in the form of type B genetic correlation coefficients
between sites. Highly positive type B genetic correlations indicate stable family rankings in
growth performance across sites, whereas low correlations suggest the presence of G x E

interactions, where family performance varies between sites.

In 2022, the type B genetic correlations are relatively high, indicating limited G x E interaction.
In contrast, in 2023, correlations between site 504 and the other sites are lower, suggesting
stronger G X E interactions, consistent with the patterns (vector angles) observed in Fig. 30.

The 2023 data also reveal a G x E interaction between sites 505 and 506. In 2024, G x E
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interactions are evident between sites 505 and 506, and between 506 and 507, with a weaker
interaction observed between sites 504 and 505. Across all three seasons, correlations between
sites 505 and 507 remain consistently high, indicating stable family performance rankings at

these two sites.

2022 505 506 507
504 (Lounkaer) 0.82 NO DATA 0.95
505 (Hanehgj) NO DATA 0.90
506 (CEF) NO DATA
2023 505 506 507
504 (Lounkeer) 0.59 0.42 0.55
505 (Hanehgj) 0.85 0.99
506 (CEF) 0.68
2024 505 506 507
504 (Lounkeaer) 0.74 0.99 0.85
505 (Hanehgj) 0.57 0.99
506 (CEF) 0.65

Table 16: Genotype-by-environment interactions as type B genetic correlations from the MELMM.

Age-to-Age Interactions

Table 18 presents the age-to-age correlation coefficients. High correlations indicate consistent
genotype performance across years and the absence of age-to-age interactions. At site 504,
correlations between 2022 and the subsequent years are low, suggesting changes in family
performance rankings in 2023 and 2024 compared to 2022. At site 505, family rankings remain
consistent across all years, indicating stable performance over time. A similar pattern is
observed at site 506, where correlations between 2023 and 2024 also suggest stability in family
rankings. In contrast, site 507 shows age-to-age correlations similar to those at 504, indicating

differences in family performance between 2022 and later years.
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504 2023 2024 505 2023 2024
2022 0.500 0.518 2022 0.999 0.999
2023 0.999 2023 0.999
506 2023 2024 507 2023 2024
2022 nodata nodata 2022 0.782  0.590
2023 0.999 2023 0.999

Table 17: Age-to-age correlation coefficients between increments from different years at individual sites.
Provenance was a significant factor in all evaluated models and represented a major source of
variation in height increments across years and sites. When assessing provenance performance,
trees from Danish and Swedish clonal seed orchards and seed stands were also included.

Provenance rankings for height increment across sites and years are presented in Fig. 31.
5.4.6 Provenance Evaluation Across Sites and Years

The TRUE provenance consistently performed best, ranking first or second at all sites and years
except at site 504 in 2024 and 2025 (Fig. 31A). At site 504, the top-performing provenances
were SLET and RYD. SLOT performed well in 2022 and 2024 but declined in 2023, whereas
RYD and RU performed best in 2023, with RYD maintaining strong performance across all
years. Trees from the Danish clonal seed orchard FP658 exhibited low increment in 2022 but
rose to the top rankings in 2023 and 2024. A similar pattern was observed for FUS, which
showed substantial improvement in later years. In contrast, TRUE, the best-performing
provenance at other sites, ranked mid-range at 504 in 2023 and 2024. RAV and HALD
consistently ranked at the bottom across all three growing seasons. DRA ranked fifth in 2022
but declined below average in subsequent years. The Danish seed stand F840 improved from
eighth in 2022 and 2023 to second in 2024. Other Danish seed orchards (FP657) and Swedish
sources (F829, FP850, FP851) generally performed poorly. The only Swedish seed orchard
material performing well was FP852, which ranked within the top five across all three years.

The relatively large rank changes in Fig. 31A indicate strong age-to-age interactions.

At site 505, provenance rankings were the most stable across the three growing seasons (Fig.
31B). The consistently high-performing provenances were TRUE, FP658, RYD, SLET, F840,
LIV, and LOU. FP657 and RU started above average in 2022 but dropped to mid-rank positions
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in later years. SLO, DY, DRA, FUS, and F829 remained stable in the middle of the rankings.
The poorest performers were HALD, RAV, FP852, and the other two Swedish seed orchard
materials FP850 and FP851, which are closely related (also with F.829).

At site 506, the most stable top-performing provenances were TRUE, F840, RYD, and F829
(Fig. 31C). FP657, FP658, SLET, and FP852 performed well in 2023 but dropped in 2024. RU
and SLOT ranked mid-range in 2023 but rose to the top in 2024, while LOU and FUS improved
from the lower ranks in 2023 to the middle in 2024. Provenances consistently ranking at the

bottom in both 2023 and 2024 included DRA, DY, RAV, HALD, and FP851.

At site 507, provenance rankings were relatively stable between 2023 and 2024, but notable
age-to-age interactions were evident between 2022 and 2023 (Fig. 31D). The TRUE
provenance ranked first in all three years. LIV, SLOT, DY, RU, and LOU ranked among the
top in 2022 but declined in 2023 and slightly further in 2024. FP658 and RYD maintained
stable positions in the top half throughout all years. SLET rose from mid-ranking to second
place in 2023 and 2024, while FP657 showed the most dramatic improvement, rising from 18th
in 2022 to fourth in 2023 and third in 2024. FP852, F840, and FP850 remained mid-ranked
across all seasons. DRA declined from a lower-half ranking to third from the bottom in 2024.

The consistently poorest performers at 507 were FUS, F829, FP657, RAV, HALD, and FP851.
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Figure 31: Rankings of provenances derived from their respective BLUES from single sit LMMs.

5.4.7 Spectral Reflectance

The reflectance curves from 2023 for the 10 selected provenances are shown in Fig. 32. In Fig.
32 A, C, and E, which depict spring reflectance, the green peak around 550 nm is clearly more
pronounced compared to the autumn measurements shown in Fig. 32B, D, and F. Differences
between spring and autumn reflectance are also evident across the entire NIR region, as well

as in specific SWIR bands.

The strongest provenance-related variation occurred in the green peak of the VIS region, the
red-edge region (associated with photosynthetic pigments), and the NIR range (reflecting leaf
structural properties), indicating that these spectral regions are particularly sensitive to
differences among provenances. Hyperspectral reflectance represents a highly informative
high-throughput phenotyping tool for identifying and characterizing genetic variation among
and within provenances. The detailed analysis of the reflectance data combined with other
physiological traits will be the focus of a subsequent study, aiming to explore their potential

for early selection and trait prediction in black alder breeding programs.
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Figure 32: Mean hyperspectral reflectance for 10 selected provenances at sites 504, 505, and 507 in spring (S) and autumn/fall
(F) 2023.
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6 Discussion

This thesis investigates three widespread and ecologically significant European tree species:
Scots pine, European beech, and black alder. To investigate the genetic and physiological
underpinnings of functional trait variation using novel phenotyping methods across these
species, four complementary experiments were conducted. The first experiment focused on
needle functional traits and spectral reflectance in Scots pine, integrating two clonal seed
orchards incorporating a novel SNP genotyping array. This approach enabled the estimation of
genetic parameters, assessment of genotype x environment and year-to-year interactions, and
exploration of genetic correlations between physiological and spectral traits. The second
experiment examined photosynthetic performance and phenology in European beech,
comparing southern and northern provenances using gas exchange and chlorophyll
fluorescence methods in a common garden setting. The third experiment developed and applied
a high-throughput hyperspectral imaging pipeline to detect physiological and phenological
variation in pine seedlings at the end of the growing season. Finally, the fourth experiment
investigated genetic variation in juvenile growth and bud burst phenology in black alder

through multi-site progeny trials established across contrasting soil moisture regimes.

Understanding the genetic architecture of functional traits is central to predicting the adaptive
potential of forest tree species and identifying meaningful targets for breeding and selection.
Functional traits related to photosynthesis, structural investment, water use, and phenology
often show substantial genetic variation, but their degree of heritability and stability across
environments varies (e.g., Marguerit et al., 2014). These traits are not only important for
physiological performance but are also tightly linked to survival, growth, and reproductive
success. In long-lived forest trees, the timing of phenological transitions, leaf structure, water-
use efficiency, and pigment composition are critical in determining how individuals cope with
abiotic stress, compete for resources, and persist across variable environments (De Kort et al.,

2016; Pulkkinen et al., 2011; Robson et al., 2012).

Moreover, because these traits mediate responses to temperature, water availability, and
growing season length, they play a key role in resilience to changing climate conditions,
including altered drought regimes and shifts in seasonal timing (Alberto et al., 2013; Plidira,
2004). Identifying genetically controlled and environmentally robust traits can therefore
support the development of adaptive breeding and management strategies aimed at maintaining
forest productivity and stability under future climates. By combining clonal field trials,
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provenance experiments, and high-throughput phenotyping approaches, this work provides
insight into the relative genetic contribution to different categories of traits in various tree

species.

By organizing the discussion mainly according to trait categories, including phenology, growth
and structural traits, photosynthetic pigments, photosynthesis-related traits, water-use related
traits, and spectral reflectance, this thesis aims to disentangle the relative genetic contribution,
environmental sensitivity, and adaptive significance of each functional domain. This structure
enables meaningful cross-species comparisons and highlights how distinct trait groups shape
the adaptive capacity and resilience of forest trees under changing climatic conditions. It also

offers an insight into novel methods and approaches in tree phenotyping.
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6.1 Phenology and Seasonal Timing

Phenology is one of the most fundamental axes of adaptation in temperate and boreal forest
trees. The timing of seasonal transitions, such as bud burst, leaf flushing, growth cessation, and
autumn senescence, strongly influences survival, productivity, and stress tolerance. These traits
are under strong genetic control, reflecting evolutionary responses to climatic regimes. In long-
lived species like Scots pine, European beech, and black alder, phenological timing determines
the length of the growing season, exposure to frost, and competitive dynamics within stands
(Plitira, 2004; Pulkkinen et al., 2011; Robson et al., 2012). Early or delayed phenological
transitions can directly affect growth potential and stress avoidance, making these traits
particularly relevant for understanding adaptive variation and for guiding breeding and
deployment strategies under changing climatic conditions (De Kort et al., 2016; Dittmar and

Elling, 2006; Nielsen and Jergensen, 2003).
6.1.1 Bud Burst and Flushing Dynamics Across Broad-Leaved Species

Bud burst and flushing mark the onset of the growing season and are strongly linked to
temperature and photoperiod cues. This was particularly evident in Experiment 2, where the
southern provenance of European beech from Aspromonte exhibited significantly higher
flushing scores than the Sila Grande provenance in both 2018 and 2020. In the same year,
Danish provenances flushed later than Italian ones, reflecting well-established patterns of
latitudinal and altitudinal adaptation in this species (Cufar et al.,, 2012; Dittmar and Elling,
2006; Nielsen and Jergensen, 2003). These results are consistent with previous studies showing
that flushing in beech is significantly correlated with geographic and climatic variables such as
latitude, longitude, and altitude, and influenced by chilling, temperature sums, and day length
(Nielsen and Jergensen, 2003). The duration of phenological phases also varies between years,
mainly in response to temperature fluctuations (Bednafova and Merklova, 2007; Slovikova and
Bednatova, 2014). Similarly, research from Slovakia (Schieber et al., 2013), southern Germany
(Dittmar and Elling, 2006), and Slovenia (Cufar et al., 2012) showed phenological variation
with altitudinal gradients (various provenances from different altitudes); in one study, leaf
unfolding was delayed by approximately 2-3 days for every 100 m increase in elevation
(Dittmar and Elling, 2006). In Experiment 2, Sila Grande exhibited some altitudinal variation,
while Aspromonte did not show a similar pattern. Nevertheless, the provenance-level ranking

in flushing remained somewhat stable across 2018 and 2020, indicating a genetically based
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adaptation of flushing behavior that is maintained under Danish climatic conditions. This
stability is in line with observations that beech leaf unfolding is less temperature-sensitive than
in other European tree species, suggesting that other factors, particularly photoperiod, play a

major role in controlling its timing (Vitasse et al., 2009).

Similar patterns of strong genetic differentiation in bud burst were observed in black alder. In
experiment 4, a high narrow-sense heritability (h> = 0.74, SE = 0.13) was estimated, indicating
strong genetic control, which is within or even slightly above published ranges for black alder.
Multi-site Lithuanian progeny tests reported moderate-to-high heritability for bud flushing
depending on site (h> = 0.30 at Kaunas and 0.72 at Siauliai) (Plitira, 2004); clonal work across
European regions estimated broad-sense heritability (H?) for bud burst between 0.14 and 0.54
and much lower heritability for bud burst plasticity, with temperature driving reaction norms
and variance components (De Kort et al., 2016). The slight earliness of TRUE provenance and
delayed leaf development of FP657/FP851 are consistent with well-documented
population/family differences and population % environment interactions for bud flushing in
black alder (Plitira, 2004) and with regional adaptive signals in phenology along temperature
gradient patterns and potential frost-tolerance phenology trade-offs (De Kort et al., 2016). In
Experiment 2, a significant Pearson correlation of » = 0.45 (p = 1.76e-6) was obtained between
the predicted mean values of height increment and bud burst among individual families,
accounting for provenance effects. Climate sensitivity of bud burst is further supported by
evidence that spring frosts can suppress detectable family variance and weaken between-trial
correlations for alder phenology, complicating inference in some years and sites (Baliuckas
and Plitra, 2008). More broadly, in red alder (4/nus rubra Bong.), phenological patterns show
that northern families exhibit earlier bud burst and leaf drop than southern families when

planted at the same site (Hamann et al., 2000; Porter et al., 2013)
6.1.2 Autumn Senescence and Coloration

Autumn senescence represents the other key phenological transition in temperate trees,
marking the end of active growth and the onset of dormancy. In Experiment 3, autumn
reddening associated with anthocyanin accumulation was observed to vary consistently among
Scots pine provenances. Northern provenances showed earlier, and more intense coloration
compared to southern ones, reflecting adaptation to shorter growing seasons and earlier frost

onset. Anthocyanin accumulation is thought to play a photoprotective role during the transition
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from active photosynthesis to dormancy, mitigating photooxidative stress under cold and high-
light conditions (Pulkkinen et al., 2011; Toivonen et al., 1991). This trait is particularly
interesting because it provides a visible and quantifiable marker of physiological transition,
which can be measured non-destructively and even remotely through spectral imaging

(Seyednasrollah et al., 2021).

No visible differences in leaf senescence were observed in Experiment 2 among European
beech provenances and provenance subgroups at the beginning of November 2020 (Fig. 16).
Based on this, the conclusion is that the photosynthetic measurements conducted at the
beginning of September 2018 were not influenced by the direct onset of leaf senescence, as the
senscence in November was still in an earlier (low senscence scores) stage. Senescence is
closely linked to chlorophyll content, as the progressive loss of chlorophyll in deciduous trees
leads to a decline in photosynthetic capacity on a leaf area basis (Adams et al., 1990). Leaves
that persist longer in the season typically show more efficient nutrient translocation, and this
capacity is species dependent (Niinemets and Tamm, 2005). In a related beech species (Fagus
grandifolia Ehrh.), chlorophyll degradation during senescence was shown to be gradual rather
than abrupt. The slower formation of the abscission layer allowed for extended nutrient
withdrawal from leaves (Primka and Smith, 2019). Although less pronounced in black alder,
autumn phenology is well-documented in these species. In beech, senescence timing shows
clear provenance-level differentiation and is largely driven by photoperiod, with additional
modulation by temperature and site conditions (Dittmar and Elling, 2006; Robson et al., 2012;
Schieber et al., 2013). Black alder is relatively inefficient in nitrogen resorption during autumn
senescence because it hosts N-fixing Frankia in its root nodules, providing a steady nitrogen
supply and allowing the leaves to stay green in autumn (Taulavuori, 2006). Nonetheless, subtle
differences can be detected using hyperspectral reflectance, particularly in the green peak of
the VIS region, which typically decreases during the autumn period. A thorough analysis of

reflectance variation among black alder provenances will be the focus of future research.

6.1.2.1 Supervised Classification Captures Adaptive Phenology in Scots Pine

The classified images from Experiment 4 presented in Figure 19 effectively demonstrate the
differentiation among Scots pine provenances from three distinct geographical groups,
primarily driven by variations in autumn phenology. The supervised classification model,

trained on representative pixels for five categories (remaining background pixels, green
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needles, red needles, dry needles, and buds), allowed for detailed semantic segmentation of the
images (Fig. 19 — C, F, I). Supervised classification allows us to define biologically meaningful
classes based on expert knowledge, ensuring the model targets relevant phenotypic traits. It
improves accuracy by training on labeled data that reflects true variability and avoids irrelevant
spectral patterns. The Auto Classifier tool (within Spectronon freeware) automates the complex
process of hyperspectral image classification by minimizing user input, making it accessible to
non-experts (without advanced programming skills), while providing probability maps instead
of simple categorical labels for even more nuanced interpretation. The Auto Classifier tool runs
in a batch processor, processing each image independently, which reduces the computational
load of large datacubes. Despite this, it applies consistent thresholds derived from pooled pixel
data across all provenances (supervised classification categories), ensuring standardized
outputs. Finally, the Classification to Color Map tool creates classified images representing

pixels of the chosen categories for easy interpretation.

Reducing hyperspectral data dimensionality by the proposed classification allows for a clear,
unbiased assessment of autumn phenology. This approach aligns with recent advances in UAV-
based phenotyping and deep learning techniques, which have been shown to improve the
accuracy and objectivity of phenological trait monitoring in forest trees (Cloutier et al., 2024;

Hu et al., 2022).

6.1.2.2 Short-day Treatment Differences Revealed by Hyperspectral Data

Short-day treatment in pines is known to induce complex physiological and biochemical
changes beyond visible color differences. In Scots pine, it stops shoot elongation and advances
bud set while triggering shoot-specific increases in abscisic acid and rapid changes in its
turnover (Odén and Dunberg, 1984). In Chinese pine (Pinus tabuliformis Carr.), short-day
treatment enhances chlorophyll, starch, abscisic acid, and lignin, while also elevating activities
of phenylalanine ammonia lyase, polyphenol oxidase, and peroxidase, and altering needle
protein expression linked to photosynthesis and stress responses (Jiang et al., 2019). Similarly,
it can shift nutrient partitioning, for instance by increasing stem and foliar nitrogen and
phosphorus (Pan et al., 2017). However, not all responses translate into practical benefits:
early-season short-day treatment did not improve field survival or growth in Scots pine in an

experiment by Luoranen and Rikala (2012).
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In experiment 3, PLS-DA models based on first-derivative spectral data were able to predict
short-day treated seedlings with relatively high accuracy. In contrast, classification of images
alone was not sufficient, suggesting that the differences induced by short-day treatment cannot
be reduced to simple categories such as the presence or absence of needle reddening. A finer
classification system, or alternative approaches that capture biochemical variation, would be

required.

Studies show that short-day treatment reliably induces dormancy-related and stress-associated
biochemical responses in pines (Jiang et al., 2019; Odén and Dunberg, 1984; Pan et al., 2017).
Yet, its practical benefits depend on species, timing, duration, fertilization, and nursery
management, requiring protocols to be tailored carefully (Jiang et al., 2019; Pan et al., 2017).
Importantly, hyperspectral reflectance data (particularly in first-derivative form) capture subtle
changes in pigments, carbohydrates, and stress-related chemistry caused by short-day
treatment. These biochemical shifts are not easily reflected in simple visual classifications such
as needle reddening, highlighting the value of detailed hyperspectral data for detecting

treatment effects and linking them to underlying physiological processes.
6.1.3 Autumn Bud Set in Scots pine Seedlings

Bud set, the timing of terminal bud formation, is another key phenological trait closely linked
to climatic adaptation and frost hardiness. Studies have demonstrated that bud set in Scots pine
exhibits strong clinal variation with latitude, with northern populations setting buds earlier than
southern ones, reflecting adaptation to shorter growing seasons and earlier onset of frost
(Hurme et al., 1997; Taulavuori et al., 2010). The genetic basis and heritability of bud set have
been documented, with significant additive genetic variation within and between
populations (Savolainen et al., 2004). In Experiment 3, clear provenance variation in bud set
was observed, but as this phenomenon has already been studied, the focus of the experiment

was rather to automate the bud set assessment method, as discussed later.
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6.2 Growth and Leaf (Needle) Structural Traits

Growth and structural traits are key components of tree adaptive strategies and are tightly
linked to resource acquisition, physiological efficiency, and competitive ability. They play a
critical role in determining how trees respond to environmental conditions over their lifespan
and are often under both strong genetic control and environmental modulation (Bhat et al.,
2016; Donnelly et al., 2016; Marguerit et al., 2014). It is important to note that in clonal seed
orchards, growth traits cannot be reliably measured due to the grafted origin of the trees and
regular trimming to maintain orchard structure. As a result, direct measurements of height or
diameter growth were not available for Scots pine in Experiment 1 in this context, and the focus
was placed instead on structural needle traits such as needle length and leaf mass per area,
which are less affected by management practices and reflect genetic differences more
consistently (Rweyongeza et al., 2003; Tao et al., 2021). Similarly, early seedling development
is largely supported by seed reserves rather than active photosynthesis and nutrient uptake;

therefore, the seedling height was not assessed in Experiments 2 and 3.
6.2.1 Genetic Variation of Needle Structural Traits

In Experiment 1, NL exhibited consistently moderate to high heritability across sites,
supporting previous findings in Scots pine (Donnelly et al., 2016). Although reported
heritability values vary among studies, the overall pattern reinforces that needle morphology
traits, particularly NL, are strongly influenced by genetic factors in conifers, including black
pine (Pinus nigra subsp. pallasiana (Lamb.) Holmboe), and chir pine (Pinus roxburghii
Sargent) (e.g., Bhat et al., 2016; Donnelly et al., 2016; Rweyongeza et al., 2003; Yigit et al.,
2023).

Because LMA reflects key morphological features of needles, its heritability patterns are likely
shaped by similar genetic factors influencing NL but remain strongly modulated by
environmental conditions. In conifers, LMA is primarily determined by needle thickness, tissue
density, and degree of lignification (Buraczyk et al., 2022; Houminer et al., 2022). A
provenance common garden study of Scots pine demonstrated that LMA varies within
populations, highlighting its value for detecting intrapopulation variability (Buraczyk et al.,
2022). In Experiment 1, however, significant heritability of LMA was detected only at Plasy in
2021. This site- and year-specific expression suggests that the genetic signal underlying LMA
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can be either masked or amplified by environmental factors, aligning with previous findings
that phenotypic variation in LMA reflects a combination of genetic differentiation and

plasticity.

The presence of significant heritability under specific conditions indicates that selection could
act on LMA in certain environments, potentially contributing to adaptation to local climatic
constraints. Experimental studies have linked high LMA to conservative water-use strategies
and enhanced drought resistance, as species with larger LMA tend to maintain both
photosynthetic capacity and midday water potential under water deficit (Bhusal et al., 2021).
Similarly, hybrids and populations adapted to semi-arid sites frequently exhibit elevated LMA,
supporting its role in conferring vigor and resilience in marginal environments (Houminer et
al., 2022). At the physiological level, persistent xylem impairment after drought can limit the
recovery of gas exchange even when water potential improves, underscoring how structural
traits like LMA interact with hydraulic function to shape post-drought performance (Rehschuh
et al., 2020).

Collectively, these lines of evidence highlight LMA as a key integrative trait linking leaf
structure, hydraulic function, and drought resilience in Scots pine and other conifers (Bhusal
et al., 2021; Buraczyk et al., 2022; Houminer et al., 2022). Beyond its physiological relevance,
LMA also provides valuable information for ecosystem modeling and fire risk assessments
(Féret et al., 2019), making it a practical trait for both ecological research and applied forest

management.
6.2.2 Genetic Variation in Early Growth of Black Alder

As black alder has only recently gained interest from European foresters (mainly as a substitute
for declining ash), only a few studies have documented its genetic variation in growth. A
progeny trial in Lithuania using 85 open-pollinated families drawn from 17 populations
reported narrow-sense heritability for juvenile height growth that in individual test plantations
reached from 0.43 to 0.70, and /4’ of stem diameter reached 0.28 to 0.51 (Plifira, 2004). In
Experiment 4, the 4° values for height increment in individual years and sites reached between
0.11 and 0.28. indicating substantial heritable variance which can be exploited in breeding and
provenance/family selection. The former nursery planting effect often causes high heritable

variation in height. The estimates in Experiment 4, based on annual increments, are generally
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lower and more realistic. Other studies of black alder have addressed the heritability of
phenological traits: for instance, bud burst timing and its plasticity have been found to have
substantial broad-sense heritability under multiple temperature treatments (De Kort et al.,
2014). In the study by Plitira (2004), heritability estimates of bud flushing, frost resistance, and
disease resistance are also presented. Because of its rapid growth and relatively early onset of
flowering, black alder allows for progeny testing and early evaluation of provenances for both
general and specific combining ability at an early stage of the breeding program (Onokpise and

Hall, 1994).
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6.3 Physiological Stress-Related Traits

Physiological traits provide valuable insights into the functional strategies and stress responses
of forest trees. Unlike purely morphological or phenological traits, physiological traits respond
more dynamically to environmental fluctuations and can reveal genotype-specific differences
in acclimation capacity (Marguerit et al., 2014; Tao et al., 2021). The thesis examines needle
pigment and needle water-related traits in Scots pine, and photosynthetic activity in European
beech. Integrating these results to understand how physiological processes shape adaptive

potential and resilience under variable climatic conditions.
6.3.1 Photosynthetic Pigments and Physiological Indicators

At the Nepomuk site in Experiment 1, chlorophylls and carotenoids showed low broad-sense
heritability, indicating modest genetic control over pigment composition. Similar patterns were
observed by Sigala et al. (2020), who reported provenance- and treatment-related pigment
variation linked to differences in growth and survival, suggesting that pigment responses can

influence plant fitness under water-limited conditions.

Photosynthetic pigment composition, particularly the balance between chlorophylls and
carotenoids, plays a central role in drought tolerance by maintaining photosynthetic function
and providing photoprotection in Scots pine (Semerci et al., 2017). Trees under drought stress
that maintain higher chlorophyll levels while increasing the carotenoid-to-chlorophyll ratio can
better protect their photosystems, sustaining carbon assimilation and improving water-use
efficiency during acclimation (Semerci et al., 2017). Among pigment traits in Experiment 1,
car:chl T showed the strongest genetic signal, suggesting that this metric could capture

underlying genetic influences more effectively than individual pigments.

At the Plasy site, lower or non-significant heritability estimates likely reflected greater
environmental heterogeneity and smaller sample size, both known to reduce statistical power
(Visscher and Goddard, 2015). However, pooling data across sites increased precision, and
car:chl T exhibited high genetic correlation between environments, indicating minimal GXE

and a stable clonal ranking in this ratio.

The ecological relevance of car:chl T is well established: it responds sensitively to light
intensity, and reflects acclimation strategies during plant development (Demmig-Adams and

Adams, 1996; Garcia-Plazaola et al., 2012). Moreover, the seasonal dynamics of the spectrally
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detected car:chl T ratio closely tracked photosynthetic activity in lodgepole pine (Pinus
contorta, Dougl.), under both controlled and field conditions (Gamon et al., 2016). With
advances in hyperspectral imaging, this ratio can now be measured non-destructively and at
scale (Gitelson, 2020; Song and Wang, 2022; Sonobe et al., 2020), making it a robust, heritable,
and scalable marker for monitoring physiological performance and incorporating stress

resilience into breeding strategies.
6.3.2 Water Use Stress-Related Traits

Water-related traits in Experiment 1 showed clear genetic control but generally lower
heritability estimates than structural traits. However, anatomical adjustments such as shorter
needles, modified mesophyll-to-phloem ratios, and reduced needle surface area can limit
transpiration and improve water retention under recurrent drought (Bachofen et al., 2021),
highlighting the close link between structural and water-related traits. Among the traits
assessed, NWC exhibited the highest heritability, indicating meaningful genetic variation in
water retention capacity. However, the values remained moderate, consistent with earlier
reports for other pine species such as maritime pine (Pinus pinaster Ait.) (Marguerit et al.,
2014). Overall, needle water-related traits can serve as useful indicators of drought strategies
and recovery potential in pine species (Bachofen et al., 2021; Bhusal et al., 2021), including
Scots pine (Rehschuh et al., 2020), and, when heritable, may be integrated into breeding

programs targeting drought resilience.

Estimates of type B genetic correlations further illustrate the stability of trait expression across
environments. Structural traits such as LMA and EWT showed high type B values, indicating
low genotype x environment interaction and stable clonal performance across sites. In contrast,
NWC exhibited slightly lower type B correlations, suggesting greater site-specific variability.
These patterns align with previous findings on variation in needle morphology and physiology
in Scots pine (Donnelly et al., 2016) and support the potential for selecting stable, heritable

traits under variable environmental conditions.
6.3.3 Photosynthetic Activity Related to Altitude of Origin

Several studies have examined the photosynthetic performance of European beech provenances
originating from different altitudes, often in contexts where elevation is confounded with

cardinal direction (eg, Kucerova et al., 2018; PSidova et al., 2018; Robson et al., 2013, 2012).
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In such cases, the effects of altitude can be difficult to separate from latitude and longitude. In
contrast, in Experiment 2, provenance subgroups were sampled from the same mountain ranges
with minimal geographic distance between them, allowing us to attribute physiological

differences primarily to altitudinal origin.

Chlorophyll fluorescence (ChlF) parameters are widely used to detect early stress responses
before growth decline becomes apparent (Faseela et al., 2020; Fiorani and Schurr, 2013).
Among these, DIo/RC and F,/F, are common drought and temperature stress indicators (Fghire
et al., 2015; Mathur et al., 2013; Yuan et al., 2013), though F./Fn, is relatively robust and can
be less sensitive than other parameters (Bussotti et al., 2020). Since the measurements in this
experiment were made under non-stressed conditions, the observed variation in ChIF
parameters primarily reflected provenance differentiation and post-replanting vitality rather

than stress per se.

Within the Italian provenances, four ChlF parameters, DIo/RC, @ro, Pltorar, and AVip,
differentiated subgroups along the altitudinal gradient. High-altitude subgroups exhibited
higher @ro, Pltorar, and AVip, whereas low-altitude subgroups showed higher DIo/RC. Of
these, DIo/RC was the most discriminating, distinguishing both between altitudinal subgroups
and between the two Danish provenances. The AVip parameter was of particular interest, as it
reflects the loss of PSI reaction centers during the I-P phase (Oukarroum et al., 2009), which
has not been extensively explored in European beech. Previous work has also highlighted Fyv/Fn,
and AVyp as sensitive indicators of photosynthetic efficiency and responses to environmental

stress (Bussotti et al., 2020).

Findings from this experiment align with previous studies reporting mechanistic differences in
ChIF kinetics among beech provenances. Kucerova et al. (2018) observed that Austrian and
Polish provenances differed in F./Fm, while PSidova et al. (2018) found lower ABS/RC and yo
in lower-altitude provenances during heatwaves. Higher-altitude provenances showed better
PSII photochemical performance (PIass) under both dry and wet conditions. Similarly, Kurjak
et al. (2019) reported that provenances from colder, wetter regions exhibited higher PSII
performance than those from warmer, drier sites, with performance decreasing toward the
northwestern margins. These patterns mirror the results of Experiment 2, where altitude and

latitude-related differences were clearly reflected in ChlF parameters.
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Gas exchange (GE) measurements provided complementary insights. Two GE parameters,
LSPys and Pn, effectively distinguished provenances from different Italian mountain ranges
(Aspromonte vs. Sila Grande), but did not reflect an altitudinal trend. This differs from the
findings of Kucerova et al. (2018), who observed a linear altitudinal effect on CO: assimilation
across geographically distant Central European provenances, but where also latitude and
longitude likely contributed to these observed differences. In Experiment 2, Aspromonte
provenances exhibited higher LSP9s and Pn values than Sila Grande, suggesting local

adaptation to their respective light and climate regimes.

Previous work shows that shade-adapted plants have lower light saturation points (Meng et al.,
2014), although post-disturbance light release can reduce differences between shade-grown
and sun-grown seedlings (Reynolds et al., 2003). Moreover, Cater and Levanic (2019) reported
reduced shade tolerance and higher photosynthetic efficiency in southern beech populations,
consistent with the observation of higher LSPos in the more southerly Aspromonte

proveénances.

Taken together, the ChlF and GE data highlight complementary patterns of provenance
differentiation. While ChlF captured altitudinal and latitudinal differences in PSII performance,
GE traits distinguished provenances based on geographical origin. These findings demonstrate
how integrating both approaches can reveal fine-scale variation in photosynthetic strategy,

potentially linked to local adaptation and climate-of-origin effects.

However, some limitations to this experiment need to be stated. Firstly, only two provenances
from Calabria, representing beech refugia, which we separated into two distinct altitudinal
subgroups, and two local Danish provenances were used. Secondly, the sample size of GE
measurements was smaller than that of ChIF measurements due to the extensive time
consumption of the GE method. And thirdly, the experiment did not involve any stress
treatment or biomass measurements, which would also be beneficial in understanding the well-

being of replanted trees in new conditions.
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6.4 Remote Sensing-Based Phenotyping and Spectral Reflectance

High-resolution spectroscopy can detect fine-scale trait variation, providing valuable insight
into underlying genetic differences (C. Li et al., 2023). By capturing this variation spatially,
spectral data can help assess the evolutionary potential of populations to adapt to environmental
change. For example, studies on apple trees under drought stress have reported high broad-
sense heritability for several multispectral vegetation indices, demonstrating their potential to
capture genetic variation in physiological responses (Coupel-Ledru et al., 2019; Virlet et al.,

2015).
6.4.1 Genetic Variation in Canopy-Level and Needle-Level Reflectance

Studies on Scots pine and slash pine (Pinus elliottii Engelm.) conducted under variable field
conditions and using half-sib structures have generally reported low narrow-sense heritability
estimates (Cepl et al., 2018; Tao et al., 2021). Experiment 1 provides new insights into the
broad-sense heritability of canopy-level reflectance in Scots pine, where estimates reached
moderately high values. This represents one of the first assessments of canopy-level spectral
heritability in forest trees under natural field conditions. Notably, heritability estimates were
consistently higher at the canopy level than at the needle level, suggesting that integrating
reflectance over larger spatial scales can buffer environmental noise and better reveal

underlying genetic differences.

The results also revealed persistent heritable variation in the red edge and visible (VIS) spectral
regions, in line with previous findings (Cepl et al., 2018). These regions are closely linked to
pigment absorption and stress-related physiological processes (Cepl et al., 2018; Curran, 1989;
Curran et al., 1995; Eitel et al., 2011), reinforcing their relevance as targets for genetic and
evolutionary studies. The spatial and temporal consistency of heritability patterns in these
spectral regions further supports their robustness as indicators of genetic variation. For
example, the low heritability observed in the NIR region at the Nepomuk site corresponded
with low heritability of NWC, illustrating the close functional link between spectral signals

and physiological traits.

Finally, the significant clonal differentiation in spectral traits found in this experiment
complements emerging evidence of genetic variation in foliar reflectance in other tree species,

including interior spruce (Picea engelmannii x glauca) (Grubinger et al., 2025) and Fremont
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cottonwood (Seeley et al., 2024). Together, these findings demonstrate that reflectance traits,
particularly in the VIS and red edge regions, are heritable and likely capture adaptive variation
relevant to stress tolerance and resource-use efficiency, traits that are expected to be under

selection in a changing climate.
6.4.2 Robust Background Removal and Spectra-based Differentiation

Accurate background removal is a critical preprocessing step in HSI pipelines, particularly
when applied to plant phenotyping. Unlike in phenotyping facilities, seedlings in nurseries are
often imaged against non-uniform backgrounds, usually soil, which can vary in color, texture,
and moisture content. This heterogeneity introduces noise and spectral overlap that can
confound the reflectance signals associated with the target plant tissues (Fachn et al., 2024).
Effective separation of the plant signal from the background is crucial to ensure that subsequent
analyses capture true biological variation rather than artifacts introduced by the imaging
environment (Mazis et al., 2020). Soil presents a particular challenge for image-based analyses
due to its spectral complexity and the overlap of its reflectance properties with those of plant
tissues at certain wavelengths, complicating accurate segmentation and trait extraction (Fachn
et al., 2024). Moreover, the presence of algae or various weeds growing in the soil further
complicates background removal by introducing additional spectral variability that can be
misclassified as the target plant material. Addressing these issues requires carefully selecting

segmentation strategies and thresholds to minimize misclassification and preserve data quality.

The proposed setup in Experiment 3 provided high spatial resolution, yielding multiple pixels
across the width of a single needle of the imaged seedlings. This enabled the application of
more stringent thresholding criteria during pixel removal, improving the accuracy of needle
segmentation and minimizing the inclusion of background noise. Wavelengths in the NIR
region proved to be the best for creating the mask applied for background removal. Minor
imperfections in the initial masking were subsequently resolved through supervised
classification. Similarly, Faehn et al. (2024) demonstrated the effectiveness of snapshot HSI
combined with supervised classification to accurately differentiate root, soil, and root-soil
interfaces, underscoring the importance of precise background separation in phenotyping
pipelines. Overall, the complexity of soil backgrounds in nursery imaging necessitates robust

and adaptive segmentation approaches to ensure that phenotypic trait quantification is accurate
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and reliable, supporting downstream analyses in plant phenotyping and breeding

programs (Bian et al., 2022).

The initial outputs of the proposed pipeline already provide a robust foundation for phenotypic
analysis. The numeric spectral reflectance data allow for the initial estimation of spectral
differences among seedlings. By extracting mean reflectance values per tray corresponding to
seedling provenance and grouping these into three geographical origin regions, distinct spectral
signatures that reflect geographical group-specific traits were observed. The subsequent
calculation of the first derivative of these spectra further enhanced the accuracy of the
differentiation among geographical groups in both VIS and NIR regions. These clear
separations underscore the sensitivity of hyperspectral data to subtle phenological and
physiological variations linked to climatic adaptation or genetic differentiation among
populations. This finding aligns with previous research demonstrating that leaf reflectance
spectra can effectively detect genetic variation and gene-by-environment interactions in tree
populations, enabling the identification of population-specific physiological responses to

environmental stresses (Corbin et al., 2024; Stejskal et al., 2023).
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6.5 Trait-Based Patterns of Provenance Differentiation

6.5.1 European Beech Provenances Separated by Photosynthetic Parameters

Chlorophyll fluorescence (ChlF) and gas exchange (GE) provide valuable estimates of a tree’s
physiological status by capturing photosynthetic assimilation rates at the leaf level (Niinemets,
2010). In Experiment 2, significant differences were detected between Italian and Danish
provenances in nearly all photosynthetic parameters. As hypothesized, Italian provenances
exhibited higher values for both Pn (GE method) and Plrorar (ChIF method), indicating

stronger photosynthetic performance under Danish site conditions.

Within the Italian material, provenances from higher altitudes outperformed lower-altitude
ones, achieving higher Pn and Pltorar values. This pattern suggests that trees originating from
cooler, harsher environments were better adapted to the colder and wetter Danish climate. This
physiological advantage was accompanied by a higher survival rate in these provenances,
particularly in SG1900, which showed the highest survival in 2018, surpassing even local
Danish provenances. The later bud flushing of SG1900 in 2018 may have provided additional
protection against spring frost, contributing to this survival advantage. In contrast, the two
Aspromonte provenances showed lower survival rates that year. Between 2018 and 2020,
survival rates across provenance subgroups remained stable, with minimal additional mortality
(Table 4). The initially higher survival of Danish provenances likely reflects their local

adaptation and the shorter transport time before planting compared to the Italian material.

While few studies have examined altitudinal differences within similar origins, several have
reported latitudinal effects on photosynthetic performance. For instance, in a common garden
study, southern beech provenances maintained higher net photosynthesis rates (Pn), water-use
efficiency, and growth throughout the summer compared to northern ones (Robson et al.,
2012). In contrast, a Romanian provenance displayed lower absolute Py values than a Danish
provenance under varying CO: conditions (Leverenz et al., 1999). Additionally, xeric
provenances have shown faster post-drought Px recovery (Arend et al., 2016), and provenance
differences in GE and ChlF parameters are known to become more pronounced under drought

stress (Aranda et al., 2015).

In the case of Experiment 2, the higher photosynthetic activity of Italian provenances likely

reflects their phenological timing and adaptive origin, as southern provenances typically
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sustain growth and assimilation later into the season. This interpretation aligns with previous
findings that Danish beech provenances tend to cease growth earlier than those from southern
Europe under similar climatic conditions (Nielsen and Jergensen, 2003). Flushing was
unfortunately not scored for the Danish plant material in 2018, so it can only be compared in

2020.

6.5.2 Hyperspectral Signatures Reveal Physiological Differentiation Among Scots Pine

Origins

PLS-DA models based on classified images outperformed those relying solely on raw or 1%
derivative spectral data, underscoring the importance of visual inspection, implementing
biologically meaningful categories. The limited spectral separation among individual
provenances is likely a result of their close genetic relatedness. Grouping by geographic region
improves differentiation by capturing broader patterns of adaptive variation, as illustrated by

the comparison between Figures 4 and 5.

The results demonstrate that HSI, particularly when combined with robust background removal
and image-based classification, is highly effective for differentiating the geographic origins of
European Scots pine seedlings. This aligns with findings from (Miettinen et al., 2025), where
HSI was effectively used to monitor pigment dynamics and spatial patterns in Scots pine under
water stress, demonstrating the power of imaging spectroscopy to reveal physiological and

biochemical heterogeneity within plant tissues.

The northern European Scots pine seedlings exhibit higher reflectance in the red bands of the
visible spectrum, which aligns well with findings by Pulkkinen et al. (2011) and (Linder, 1972)
that mention that the red/reddish coloration in conifer seedlings is more common in northern
origins and is associated with increased accumulation of pigments such as flavonoids and
carotenoids, which contribute to photoprotection and frost hardiness. This pigmentation is an
adaptive response to the harsh high-latitude light regimes characterized by long nights and low
temperatures, mitigating oxidative stress through enhanced antioxidant capacity, as also
supported by the phenolic and pigment accumulation dynamics described by Bogolitsyn et al.
(2024), where ambient light and temperature were identified as key climatic factors influencing
pigment and phenolic compound content in Scots pine needles. Furthermore, the physiological
role of these pigments in photoprotection and their seasonal dynamics are supported by the

pigment analyses and remote sensing study by D’Odorico et al. (2020) and Gamon et al.

159



(2016), where carotenoid pigment indices were used to reveal photosynthetic phenology in
evergreen conifers, emphasizing the importance of pigment composition in seasonal

adaptation.

Genetic differentiation and local adaptation among Scots pine populations are evident in
regional variation, as shown by Bruxaux et al. (2024) and supported by physiological
studies (Linder, 1972; Miettinen et al., 2025; Pulkkinen et al., 2011). Strong local adaptation
in traits such as bud set and cold hardiness is evident (Savolainen et al., 2013, 2004), which
likely modulates pigment biosynthesis pathways and thus spectral signatures. These adaptive
traits are crucial for survival and phenological timing in different environments. The ability to
distinguish these categories is particularly important for capturing phenological events such as
autumn reddening and bud set. Autumn reddening in Scots pine seedlings, associated with
anthocyanin accumulation, occurs during the time period linked to frost hardiness (Pulkkinen
et al., 2011; Toivonen et al., 1991). However, the relationship between needle coloration and
frost hardiness remains debated. Toivonen et al. (1991) found the connection to be
inconclusive, suggesting that further research is needed. In contrast, Pulkkinen et al. (2011)
observed that seedlings exhibiting reddish coloration in autumn of their first vegetation season
showed higher survival rates and slightly greater productivity after 14 years of growing in field
trials compared to their originally green counterparts. These findings suggest that autumn
reddening may serve as a useful phenotypic marker for early selection in Scots pine breeding

programs.

Apart from genetic factors, epigenetic mechanisms play a crucial role in conifers' adaptive
capacity by modulating gene expression in response to environmental conditions without
altering the DNA sequence. This transgenerational epigenetic memory, an adaptive phenotypic
plasticity inherited during embryo development, influences key phenological traits such as bud
burst, bud set, and cold acclimation (Bose et al., 2020; Fossdal et al., 2024; Yakovlev et al.,
2012). To fully separate these epigenetic effects, seeds would need to develop under identical
climatic conditions, a challenging long-term endeavor in natural settings. However, innovative
approaches like the pollen-based assisted migration strategy proposed by Chludil et al. (2025)
may provide promising frameworks to design controlled experiments that isolate these effects.

Furthermore, the HTP pipeline could contribute to a novel assessment of this plasticity.
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6.5.3 Provenance Variation and Local Adaptation in Black Alder Growth Performance

Provenance was a significant source of variation in height increment across sites and years; a
pattern also reflected in the family rankings. When comparing provenances independently,
material from clonal seed orchards and seed lots without defined family structures was also
included. The provenance TRUE, derived from previously selected plus trees, consistently
exhibited superior growth across sites and years. This indicated that even phenotypic selection,
applied twice in this case, can effectively enhance growth performance in black alder even
across a range of sites, as other provenances went only through one round of phenotypic
selection. Similar results were reported in a breeding study on Chinese alder (Alnus
cremastogyne Burkill), where significant variation in growth traits was observed both among
and within provenances (Zheng et al., 2023). Additionally, the superior increment growth of
the TRUE provenance aligns with the highly heritable, earlier bud burst, giving the trees from
this provenance an earlier start of growth within the vegetation season. Rotzer et al. (2004)
showed that the timing of bud burst can significantly influence tree growth: when bud burst
occurs earlier under favorable environmental conditions, trees gain an extended period for leaf-
based carbon assimilation and growth, which can translate into greater biomass accumulation

over the season.

In contrast, trees originating from Swedish clonal seed orchards or seed/plus-tree stands
performed poorly under Danish conditions when compared with local provenances. This
suggests a degree of local adaptation in the Swedish material that is not advantageous under
Danish environmental conditions. Comparable provenance-by-environment interactions have
been observed in red alder across seed-transfer trials in North America, where populations
performed best near their origin sites, leading to clear geographic clines in growth and survival
and motivating the delineation of separate breeding/seed zones to minimize maladaptation
(Hamann et al., 2000; Xie, 2008). Xie (2008) found latitudinal trends in 10-year volume and
survival and recommended separate northern and southern breeding zones (boundary = 52°N)
to limit performance loss and increased mortality with seed transfer. Hamann et al. (2000)
showed significant genotype x environment interactions at population and family levels, and
demonstrated how geostatistical methods (kriging, PCA, GIS) can be used to map predicted
performance and associated uncertainty, thereby deriving objective seed-transfer guidelines
and probability-based seed-procurement zones. Among the Danish provenances in Experiment
4, those from the northwestern regions generally performed best, whereas the southern
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provenances exhibited below-average height increments. This trend likely reflects the northern
location of the experimental sites, which may favor local adaptation of northern provenances.
Additionally, trees derived from Danish clonal seed orchards also performed very well,

particularly the material from FP658.

6.5.3.1 General Performance of Provenances and Families Across the Environment

The LMM analyses revealed a significant family effect as well as a provenance effect,
indicating that genetic differences play an important role in growth performance. Within each
provenance, both superior and inferior families were identified, confirming the presence of
substantial genetic variability that can be exploited for selection. This variability was further
influenced by environmental conditions, as family rankings differed among the four test sites
and across years with contrasting climatic conditions. Some families performed particularly
well on nutrient-poor or drier sites, whereas others showed superior growth under more
favorable conditions, highlighting strong genotype x environment interactions. This pattern
aligns with evidence that alder growth and nitrogen-fixing performance are strongly modulated
by soil conditions, including nutrient status and hydrology (Claessens et al., 2010). Overall,
these results indicate that black alder populations harbor both adaptive genetic variation and
phenotypic plasticity, traits that may underpin resilience to site heterogeneity and future

climatic shifts.

Black alder is a pioneer, light-demanding species that regenerates and grows best on disturbed,
moist substrates (floodplains, marshy or alluvial soils) and shows high early growth rates on
such sites (Lukyanets et al., 2022). Among the test sites, trees growing at sites 504 and 506
generally exhibited larger seasonal increments, likely reflecting more favorable environmental
conditions. These locations experienced higher soil moisture availability, which was
particularly beneficial during the dry early summer of 2023. The year 2023 was notably dry,
with minimal rainfall in April, May, and June, in contrast to the more favorable conditions
observed in 2024, which likely contributed to differences in growth performance among sites
and families (Figure 2). Site 504, situated in a natural habitat with high groundwater levels
accessible to tree roots, and site 506, located further west with higher precipitation levels,
especially compared to site 507 in eastern Denmark (Zealand). Black alder typically prefers
wet, riparian, and waterlogged sites with access to high groundwater, where soil moisture is

readily available and trees are less limited by precipitation deficits (Claessens et al., 2010;
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Vacek et al., 2022). In contrast, sites 507 and 505 were established on sandy soil, providing
poorer growth conditions due to their lower fertility and limited water-holding capacity. Its
growth is also influenced by local factors such as soil type and previous land use, so stands
with stable high groundwater or regular flooding generally show better adaptation to climatic

extremes than sites with lower water access (Rodriguez-Gonzalez et al., 2014).

Despite these findings providing valuable insights for future selection decisions, it remains too
early to determine whether heritability estimates or family rankings have stabilized sufficiently
to support fully reliable selection outcomes. Nonetheless, given the rapid growth and relatively
early flowering of black alder, progeny evaluations can still be conducted relatively early in
the breeding program, allowing identification of provenances with general and specific
combining ability in the coming years (Onokpise and Hall, 1994). Continued monitoring over
subsequent years will, however, be essential to confirm the consistency and robustness of these

genetic patterns.
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6.6 Genetic correlations

6.6.1 Genetic Correlation Between NFTs and Spectra

Genetic correlations are often attributed to pleiotropy, where a single gene influences multiple
phenotypic traits (Mode and Robinson, 1959). This principle forms the basis for indirect
selection in breeding programs, where improvement in one trait can lead to correlated
responses in others. However, in forest trees, studies exploring genetic correlations between

spectral reflectance and physiological traits remain limited.

In Experiment 1, significant genetic correlations were identified between needle-level
reflectance and key needle functional traits (NFTs), particularly in the NIR and SWIR spectral
regions. These patterns are consistent with findings in crop species, where reflectance data
reliably capture structural and physiological variation. For example, Montes et al. (2022)
demonstrated links between SLA and leaf nitrogen in soybean and hyperspectral signatures,
revealing shared genetic loci that confirmed a pleiotropic basis. Similarly, in slash pine, genetic
correlations were found between growth traits (height and canopy projection area) and

multispectral indices, which varied seasonally (Y. Li et al., 2023).

The results of this experiment extend this evidence to Scots pine, showing that genetic
correlations between LMA and reflectance in the NIR and SWIR regions likely reflect shared
genetic control over needle structure and water status. These associations align with
observations in Norway spruce, where pigment-related variation was strongly linked to SWIR
(Hejtmanek et al., 2022), and with studies across multiple broadleaved and coniferous species
demonstrating red-edge sensitivity to pigment content (Zhang et al., 2022). The SWIR region
appears to integrate signals from both structural and biochemical components, reflecting

overlapping absorption features of water and other leaf constituents.

There were also genetic correlations between canopy-level reflectance and physiological traits
such as EWT and chl Twm. This is one of the first reports of significant genetic correlations using
UAV-derived canopy spectra in a forest tree context. Previous studies have focused on leaf-
level correlations, and no comparable UAV-based analysis has been documented for trees. In
crop science, a similar approach by Feng et al. (2017) found genetic correlations between

image-based reflectance indices and key agronomic traits in rice, including chlorophyll content.
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6.6.2 Gene-by-Environment Interactions

6.6.2.1 Gene-by-Environment Interactions in Spectral Reflectance

In Experiment 1, using type B genetic correlations to quantify GXE interactions, reflectance in
the VIS region was found to be highly consistent across both sites at canopy and needle scales.
This pattern mirrors the stable VIS performance previously reported for multispectral indices
in slash pine (Tao et al., 2021). Such stability suggests that pigment-associated spectral features
are under robust genetic control, making them promising targets for operational breeding or

physiological performance monitoring.

In contrast, type B genetic correlations in the NIR region were lower, indicating substantial
genotype x environment interaction or site-specific genetic variation in this spectral range.
Environmental effects on needle cellular structure, influenced by factors such as nutrient status,
water availability, and soil characteristics, likely explain this variability (Buschmann et al.,
2012; Granlund et al., 2018). The lower type B genetic correlation in the NIR could be
explained by insignificant /7 in LMA at the Nepomuk site, as LMA reflects the needle
structure. The presence of a significant genetic correlation between LMA and NIR reflectance

further supports this interpretation.

In the short-wave infrared (SWIR) region, needle-level reflectance around major water
absorption bands (<1440, 1900, and 2500 nm) exhibited very high but non-significant type B
genetic correlations, indicating stable reflectance expression related to water content and
suggesting minimal differences in water availability between sites. However, this pattern

requires further validation with larger sample sizes to confirm its robustness.

At the among-population level, significant GXE interactions have been observed in spectral
indices related to photosynthetic efficiency and water content in Populus (Corbin et al., 2024).
These findings indicate that population-level differences may lead to distinct adaptive

strategies when genotypes are exposed to contrasting environments.

6.6.2.2 Climatic and Soil Conditions Related to GXE in Black alder

The contrasting performance across the four test sites in Experiment 4 underscores the strong
influence of edaphic and climatic gradients on GxE in black alder. Sites 505 and 507, which

share similar soil properties and both exhibited relatively poor productivity, likely impose
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greater constraints on growth (e.g., nutrient limitation or acidity). In contrast, the more
favorable soil conditions at sites 504 and 506 allowed genotypes to more fully express their
potential. The fact that family rankings significantly shift across these sites signals genuine
GxE interactions, rather than mere scaling effects, consistent with observations in other forest
tree systems (Li et al., 2017). In radiata pine, for example, rank changes are common across
contrasting soils and climates, precisely because certain genotypes are specialized for narrower

niches (Gapare et al., 2015).

In Experiment 4, the moisture availability defined the GXE patterns: sites 504 and 506 were
wet, either due to soil (504) or climate (506) (and likely due to deeper rooting), whereas sites
505 and 507 were dry, imposing moisture stress on families with limited drought tolerance.
Families that maintained relatively stable performance across this moisture gradient in these
trials are candidates for broad adaptation, yet the rank changes observed indicate that no single
family dominated across the full gradient. The data suggest that some families exhibit
specialized adaptation to nutrient-poor or drier sites, whereas others display broader plasticity,

performing reliably across a wider range of conditions.

This pattern (specialists performing well under specific stressful edaphic conditions while other
genotypes show broader plasticity) matches findings from provenance and common-garden
studies showing genotype x environment interactions and family-level differences in plasticity
and stability in A/nus and other riparian trees (Baliuckas and Pliiira, 2008; Cooper et al., 2022).
More generally, experimental and observational work across tree species confirms that reduced
soil moisture dampens growth responses to favorable climatic conditions and highlights
genotype-specific performance differences, implying that selection for broad adaptation should

favor families with stable performance under variable soil moisture (Reich et al., 2018).
6.6.3 Age-to-Age Genetic Correlations

6.6.3.1 Spectral Reflectance Year-to-Year Genetic Correlations

Year-to-year genetic correlations offer valuable insight into the temporal stability of trait
expression, providing a foundation for both breeding strategies and evolutionary inference.
Such correlations indicate whether genetic rankings of individuals or clones remain stable over
time, an essential criterion for selecting genotypes with consistent performance across variable

environmental conditions (Hong et al., 2015).
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The temporal stability of canopy-level reflectance in Experiment 1 was evaluated by estimating
genetic correlations across two consecutive years at a single site. Significant, highly positive
correlations were observed in both the VIS and NIR spectral regions, with slightly lower values
in the NIR. This pattern indicates that relative genetic rankings of clones remained largely
stable between years, supporting the reliability of these spectral traits for long-term monitoring

and selection.

These results are consistent with previous findings in other species. For example, Song et al.
(2024) documented stable genetic variation in reflectance-derived phenolic content within a
growing season in slash pine, while El-Hendawy et al. (2022) demonstrated stable spectral
predictions across years and developmental stages in wheat. Although temporal scales and
species differ, these studies collectively highlight the potential of spectral traits to capture
heritable variation that persists over time, making them valuable indicators for breeding and

adaptive studies.

6.6.3.2 Age-to-Age Interactions in Growth Increment

Age-to-age genetic correlations provide valuable insight into the stability of provenance
performance over time, particularly under variable site conditions. Differences in soil type and
site history played a major role in shaping early growth dynamics in Experiment 4. Sites 507
and 505, both established on sandy soils with low fertility and limited water-holding capacity,
exhibited low age-to-age correlations, retaining stable early growth rankings of generally poor
increments under resource-limited conditions. Growth during this period may also have been
shaped by local site characteristics, as stands with stable groundwater levels or regular flooding
tend to show greater resilience to climatic extremes compared to those with limited water
access (Rodriguez-Gonzalez et al., 2014). This effect was particularly evident at site 505, a
former conifer stand where legacy needle litter likely acidified the soil, further constraining

early growth.

Patterns observed in 2023, a year marked by an exceptionally dry early summer, provided
further evidence of age-to-age interactions. The response was especially pronounced at site
504, where changes in provenance rankings between years suggested differential drought
tolerance among provenances. Provenances that improved or declined under these conditions
may reflect genetic differences in drought response, which were more apparent at this

otherwise wetter site. Provenances that improved or declined in ranking under these conditions
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may indicate varying levels of drought tolerance, which was especially evident at this normally
wetter site. These combined findings suggest the rank shifts observed in 2023 plausibly reflect
genetic variation in drought tolerance among provenances, and they underscore the value of
multi-site testing, including stressful years, for detecting adaptive differences (Hamann et al.,
2000). Spring 2022 was also very dry, but since the trees were planted in 2022, the initial
growth increment may still have been influenced by the nursery effect, which often affects

early establishment and vigor as well. Therefore, the drought effect is harder to evaluate.
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6.7 Novelties Related to Plant Phenotyping, Their Advantages and
Limitations

6.7.1 Importance of Genomic Data in the Estimation of Genetic Parameters for Needle

Functional Traits Related to Environmental Variation

Experiment 1 estimated the broad-sense heritability of multiple needle functional traits (NFTs)
using clonal replications established in seed orchards across two experimental sites in 2021.
To complement phenotypic analyses, genomic data obtained with a recently developed 50K
SNP genotyping array were incorporated to better characterize genetic relationships among
clones. Analysis revealed weak but non-negligible relatedness, likely resulting from the
selection of related plus trees in natural regeneration stands. This structure was explicitly
accounted for in the statistical models to avoid bias in parameter estimation. A stringent

filtering strategy ensured the reliability of SNP data for constructing a robust GRM.

The inclusion of SNP-based genotyping was driven by the need to quantify realized genomic
relatedness in Scots pine clones, where historical selection from natural stands has resulted in
a lack of pedigree records. In such populations, pedigree-based approaches fail to capture
hidden relatedness, which can bias estimates of heritability and genetic correlations (De Los
Campos et al., 2015; Grattapaglia and Resende, 2011). By constructing a GRM from high-
density SNP data, this experiment integrated genomic information into mixed-model
frameworks, thereby increasing the precision and biological accuracy of quantitative genetic

parameter estimates.
6.7.2 Novel Hyperspectral Imaging Setup: Advantages and Limitations

The newly proposed HIS setup in Experiment 3 offers several advantages for pine seedling
phenotyping and shows great potential for broader use in other experimental plant studies. Its
portability enables convenient transportation and on-site deployment, eliminating the need for
extensive laboratory infrastructure and prolonged seedling transport. This mobility is
especially advantageous for capturing phenotypic traits near experimental sites, such as tree
nurseries, where timely and context-specific data acquisition is critical for accurate assessment.
The spectral resolution of the Snapscan system allows effective discrimination between
species, including separating target species from weeds, enhancing the accuracy of

phenotyping and weed management strategies (Amziane et al., 2021; Liu et al., 2022). The
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Snapscan camera provides high spatial resolution hyperspectral images, enabling detailed
capture of seedling features at a fine scale. This high resolution supports precise analysis of
morphological and spectral characteristics, which is essential for distinguishing subtle

differences among narrow conifer needles.

However, some disadvantages are associated with the Snapscan camera. The multishot
acquisition process, which involves successive frame captures, can be sensitive to illumination
variations during image acquisition, potentially affecting reflectance estimation and spectral
consistency (Amziane et al., 2021). Although methods exist to mitigate these effects, such as
frame-level illumination estimation, these add complexity to data processing. Furthermore, the
acquisition time may limit its use in highly dynamic or large-scale field conditions. Despite
these limitations, the Snapscan camera remains a robust and versatile tool for detailed
phenotyping of plants and tree seedlings, combining mobility, high spatial resolution, and

spectral discrimination capabilities crucial for advanced plant research.
6.7.3 Automated Bud Set Detection in Scots Pine

The proposed macro script for automated terminal bud counting represents a substantial
advancement in the phenotyping of Scots pine seedlings. By leveraging classified hyperspectral
images, this macro achieves a high accuracy rate of 93 %, significantly reducing the labor and
subjectivity associated with manual bud counting. This is particularly important in large-scale
phenotyping experiments, where manual methods are not only time-consuming but also

susceptible to observer bias, potentially affecting the reproducibility and reliability of results.

The macro's visualization output, which highlights classified bud pixels, enhances transparency
and allows users to verify the accuracy of the automated classification. The ability to adjust
filtering conditions further increases the macro's utility, enabling its application across different
developmental stages and potentially extending its use to other species with varying bud
morphologies. This adaptability is crucial, as phenological traits such as bud set and frost
hardiness are not only important for understanding local adaptation but also for breeding

programs aimed at improving resilience to climate change (Pulkkinen et al., 2011).

Integrating automated image-based phenotyping tools, such as this macro, aligns with broader
trends in plant phenotyping research, where HTP platforms are increasingly used to collect

quantitative data on key traits at scale (Bian et al., 2022; Omari et al., 2020; Pieruschka and
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Schurr, 2019). These technologies facilitate the collection of large, reproducible datasets
necessary for genetic association studies, quantitative trait locus mapping, and the development

of climate-resilient tree populations.

Altogether, this innovation offers a robust and scalable tool that not only facilitates large-scale,
reproducible phenotyping of bud set in Scots pine, which could strengthen both basic research
on climatic adaptation and applied breeding programs aimed at enhancing the resilience and

productivity of coniferous forest resources.
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7 Conclusions

This thesis demonstrates how advanced phenotyping and modern genomic approaches can
substantially improve genetic evaluation in forest trees. Across Scots pine, European beech,
and black alder, results revealed significant genetic variation in key adaptive traits, particularly
phenology and pigment-related spectral features, while growth and water-use traits showed

greater environmental sensitivity.

Hyperspectral reflectance proved to be a powerful tool for detecting heritable variation at both
needle and canopy levels. VIS and red-edge reflectance exhibited stable genetic signals,
whereas NIR and SWIR were more environmentally responsive, reflecting structural and
water-related processes. In addition to applying established methods, this work introduced a
new hyperspectral imaging setup for high-throughput trait assessment and a bud count macro,

enabling precise and more automated phenology measurements.

Incorporating SNP-based genomic information improved the accuracy of genetic parameter
estimation by capturing previously hidden relatedness in clonal seed orchard populations.
Phenological traits emerged as particularly robust indicators of local adaptation, while
physiological and structural traits highlighted both heritable components and plastic responses,

underlining their importance for resilience under changing climates.

Together, these studies provide an integrated framework linking forest genetics and physiology
along environmental gradients. By combining classical quantitative genetics with spectral and
physiological phenotyping, this work identifies reliable trait targets for breeding and
management and improves predictions of adaptive responses to future climatic shifts. This trait-
based, integrative approach, strengthened by novel imaging and phenotyping tools, supports

the development of resilient and adaptive forest tree populations.
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Attachments

Attachment 1 - Experiment 1 — Soil Analyses in Seed Orchards

1988 2015
Plasy Nepomuk Plasy Nepomuk
exchange acidity of soil - pH 33 3.6 3.7 3.8
Calcium content (mg Ca/kg) 263 293 441 660
Magnesium content (mg Mg/kg) 50 41 53 121
Phosphorous content (mg P/kg) 11 36 19 9
Potassium content (mg K/kg) 20 43 83 92
Carbon content (% C) - - 1.7 1.3
Nitrogen content (% N) 0.05 0.08 0.11 0.16
Hummus content (%) 1.7 1.61 3 2.2
C:N ratio 20 8 14 8

Supplementary Table 1: Soil Analyses Results from Plasy and Nepomuk seed orchards from 1988 and 2015. The Forestry and
Game Management Research Institute prepared data from 1988. For the 2015 data, n=6 (Nepomuk), n=7 (Plasy). All element
concentrations are expressed on a dry-soil basis (mg/kg oven-dry soil). The hyphen symbol indicates that the analysis was not
performed.
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Attachment 2 - Experiment 1 — Seed Orchard Layouts

Seed Orchard Design Plasy
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Supplementary Figure 1:Spatial visualization of the Plasy seed orchard design and the clones utilized for the analyses.
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Supplementary Figure 2: Spatial visualization of the Nepomuk seed orchard design and the clones utilized for the analyses.
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Attachment 3 - Experiment 2 — Experimental Layout
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Supplementary Figure 3: Spatial design of the common garden in Experiment 2 in September 2018. Published in (Provaznik

etal, 2024).
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Attachment 4 — Experiment 4 — Experimental Layouts of Each Site
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Supplementary Figure 4: Experimental layout at the 504 site.
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Supplementary Figure 5: Experimental layout at the 505 site. The white positions marked as NA were left empty.
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Supplementary Figure 6: Experimental layout at the 500 site.
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Experimental layout at 507
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Supplementary Figure 7: Experimental layout at the 507 site.
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