Analysis and visualization of

multi-omics data

Inaugural-Dissertation

zur Erlangung des Doktorgrades

der Mathematisch-Naturwissenschaftlichen Fakultat

der Heinrich-Heine-Universitat Dusseldorf

vorgelegt von

Freya Maria Rosemarie Ziegler

aus Monchengladbach

Dusseldorf, Marz 2025



aus dem Institut fur Biological Data Science

der Heinrich-Heine-Universitat Dusseldorf

Gedruckt mit der Genehmigung der

Mathematisch-Naturwissenschaftlichen Fakultat der

Heinrich-Heine-Universitat Diusseldorf

Berichterstatter:

1. Prof. Dr. Bjorn Usadel

2. Prof. Dr. Oliver Ebenhoh

Tag der mindlichen Prifung: 13.10.2025



Publications

Table of contents

1 A BSTRACT eeuuuiireeuniereeansiereessseeseessssessessssessesssssssssssssssssssssssesssssssessssssssssssssssessssessessssnsens 8
2 ZUSANMMENFASSUNG...ceveeerresssssseeesseessssssssssssssssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssns 9
3 INTRODUGCTION. .. cetttuterterneereereesereessesesressssessesssssssesssssssssssssessessssessesssssssessssssssssssnssssnnnnns 10

3.1 Analyzing plants through omics technologies and bioinformatic

BOOIS s e s s an e s s e ane s s snans 10
3.1.1  Genomics as the foundation of biological existence 10

3.1.2 Transcriptome: The next level 14

3.1.3 Metabolomics: A biological response 15

3.2 Integration of multi-omics data...........cccccvvverriviiiiiiniieiniiiicccccen, 17
3.3 Application of omics technologies.........ccccceeveerrrcieririccceericsceeercccneen. 19
3.3.1  Transcriptomics in strawberry 20

3.3.2 A multi-omics approach in blackcurrant 23

34 Aims of this theSis.........cccivviiiiiiiiniiiiin e 25
4 MATERIAL AND IMIETHODS...cccceitiieccenereeniieiessnnneeeesssessssnnneessssssssssssnsessssssssssnnneessssssssnnn 27
4.1 Visualization of omics results..........cccceveiriiiiiiiiininiininnnciienicecnns 27
4.1.1 Implementation 27

4.2 Evaluation of multi omics data.........cccccccevriiiiiiiiinciiiiiiinincrcneee, 27

4.2.1 Transcriptomic response of floral initiation stage in F. xananassa

28

4.2.2 Generating Pore-C data for S. fuberosum cv. ‘Altus’ as example 30

4.2.3 Drought stress response of R. nigrum leaves and roots 31

5 RESULTS.ccciiiiiieiiennreeriieisssnnnneeessissssssnnneesssssssssssnnnresssssssssssnnsessssssssssnnnresssssssssssnnnsesssss 39
5.1 Visualization of omics data for plants..........ccccceccviriivciiriiiicenicinccniennns 39

5.1.1 Visualization of RNA-Seq data for plants 39



Supplemental Material

5.2 Phenotypic and transcriptomic variation of floral initiation in
Fragaria X @nanassa..............ccueevvvueiiiiinineiniiniiinniisinnesisesnsesssesssessnsesssesssses 42

5.2.1 Phenotypic variation of floral initiation according to the

environment and the cultivar 42
5.2.2 Choosing relevant dates of sampling for studying the first stage of
floral initiation 44
5.2.3 Transcriptome variation in strawberry leaf and terminal bud in
floral initiation 46
5.2.4 Common DEGs between TO and T10 in first stage of floral
initiation 48
5.2.5 Overview of DEGs in the first stage of floral initiation highlight
known genes involved in the flowering pathway 50
5.2.6 Comparative analysis of selected genes in floral initiation based
on reference data in cultivated strawberry 56

5.3 Quality assessment of Pore-C data on the tetraploid haplotype

genome assembly of S. tuberosum cv. AIfUS..........ccccverrrcrreirrcrirenrcrerenrenens 58

54 Constructing the R. nigrum genome for assessing drought

stress-induced transcriptomic and metabolomic responses...........cccceceeunn...e. 63
5.4.1 Ribes nigrum genome sequencing and assembly 63
5.4.2 R. nigrum genome annotation 70
5.4.3 Drought stress-induced DEGs 70
5.4.4 Drought stress induced MapMan protein classes 74
5.4.5 Impact of drought stress on protein kinases 76
5.4.6 Transcription factors and metabolism 78
5.4.7 Relative expression of drought stress induced through qRT-PCR
78
5.4.8 Metabolite changes due to drought stress 80
5.4.9 Connecting DEGs with metabolites in response to drought stress
82
6 DISCUSSION.....uuueeeetteieeeersnnreeteeeeeesssnnnteesasessssssnseeeeseseessssnseeessssssssssnnsenssssessssnnsesesnesanss 87
6.1 Exploring and visualizing RNA-Seq data: Gaining first impressions
and analysing DEGS........cccccoevtiiiiiniiininnnenienineniissnsessesssesisssssessssssssssssssnsesssssnsens 87
6.2 Floral initiation of strawberry..........cccccvvviiiiiviiiiiiiiiiiinececcae, 90
6.2.1 Photoperiodic pathway and floral integrators 91
6.2.2 Phytohormones signaling 92
6.2.3 Transcription factors 93
6.2.4 Carbohydrate and energy metabolism 94
6.2.5 Cytoskeleton, cell division and cell wall dynamics 95



Publications

10

11

12

13

14

6.2.6 Subgenome expression regulation 96
6.3 Generating Pore-C data with Potato.........ccccccceevvverrriciceerccreeerccceeen, 97
6.4 Molecular response to drought stress effects of blackcurrant........ 100
6.4.1 Genome assembly of R. nigrum 100
6.4.2 Differentially expressed genes during drought stress in leaf and
root tissue 103
6.4.3 Protein kinases 103
6.4.4 Hormone related genes 107
6.4.5 Transcription factors 108
6.4.6 The primary response to drought: from differentially expressed
genes to metabolites 109
CONCLUSION. ...eeeeeeerereerensnneeseesssesasessssessessssessassnsesssssssesssessssessessnsesssssssesssssasesssssansasanne 114
AABBREVIATIONS...ccicerrerreessneessessnnessassanesssssnnessssssnsesssssnsessssansesssssnsesssssasesssssanesssssanasssss 115
LITERATURE....uueeteeeereeeesssnnneeeesssesssssnsreessssssssssanssesssssssssssnneessssssssssnnssessssssssssnnneenssssssns 119
SUPPLEMENTAL IMIATERIAL....etiiueiisseniisnesssnesssseessssssssssssssssssssssssssessssssssssesssssessssssssssess 140
ACKNOWLEDGEMENT ..cceeettieeeesssnneeeessseesssssnneessassssssssnnsssesssssssssnnsesssssssssssannsessssssssssnnnees 171
CONTRIBUTIONS. ...uuveeeseerureesessenessasssnessssssanessassanesssssssessssssssessassssesssssssessssssnsessssnnasssssns 172
PUBLICATIONS. .. .uuuueeereerireieceseneeeeteieessssnnseesssesessssanseessesessssssnnnsessssessssssnnsessssessssssnnnnes 173
EIDESSTATTLICHE ERKLARUNG.......uuuemereeriiecsirsnnneeeessssesssnnneessssssssssnnnssssssssssssnnnnsessssssses 174



Supplemental Material

List of figures

FiGURE 1: SCHEMATIC REPRESENTATION OF A DNA MOLECULE TRANSLATING THE POLYMER MEMBRANE THROUGH A
PROTEIN NANOPORE.. 11
FIGURE 2: SCHEMATIC ILLUSTRATION OF THE DIFFERENT DEVELOPMENTAL PROCESSES IN SEASONAL FLOWERING
(SF) CULTIVATED OCTOPLOID STRAWBERRY. 21
FiGURE 3: EXAMPLE OF COMBINED PRINCIPAL COMPONENT ANALYSIS (PCA) AND OVERREPRESENTATION ANALYSIS
(ORA) RESULTS BASED ON TRANSCRIPTS PER MILLION (TPM) VALUES OF DIFFERENTIALLY EXPRESSED GENES
(DEGsS). 40
FiGure 4: FicURE ouTPUT FROM THE PCA-ORA PLOTTING TOOL. 41
FIGURE 5: EVOLUTION OF THE PERCENTAGE OF FLORAL INITIATED PLANTS OF STRAWBERRY PER CULTIVAR (‘CLERY’,
‘GARIGUETTE’) AND LOCATION (GE: GERMANY, FR: FRANCE). 43
FiGURE 6: EVOLUTION OF THE FLORAL DEVELOPMENTAL STAGE OF THE SHOOT APICAL MERISTEM (SAM) oF
STRAWBERRY PER CULTIVAR (‘CLERY’, ‘GARIGUETTE’) AND LOCATION (GE: GERMANY, FR: FRANCE). 44
Ficure 7: PrINCIPAL COMPONENT ANALYSIS (PCA) ON DIFFERENTIALLY EXPRESSED GENES (DEGS) IN LEAF
TISSUE OF CULTIVARS CLERY (CL) AND GARIGUETTE (GA) GROWN IN FRANCE IN THE YEAR 2016 (FR16)
AND 2018 (FR18) As WELL As IN GERMANY (GE16), SAMPLED AT FOUR TIMEPOINTS, TO (WEEK 29),
T10A (week 32), T10B (week 33) anp T50 (week 35). 47
FiGure 8: OVERREPRESENTATION ANALYSIS (ORA) oF commoN GENES IN CLERY (CL), GARIGUETTE (GA), IN
BOTH CULTIVARS (CL+GA) FOR LEAF AND TB TISSUE (SEPARATED BY DOTTED GREY LINE). 50
FIGURE 9: THE HEATMAP ILLUSTRATES EXPRESSION OF GENES OF ‘CLERY’ (CL) AND ‘GARIGUETTE’ (GA)
CULTIVARS IN LEAF AND TB Tissues sampLED FROM FRANCE (FR) IN 2016 anp 2018, As WELL As
GerMANY (GE) IN 2016, DURING STRAWBERRY FLORAL INITIATION. 53
Ficure 10: ExPressioN TPM For caNDIDATE GeNES (BHLH, DELLA, MYB, FD, TFL1) AND THEIR
HOMOLOGOUS SEQUENCES ACROSS VARIOUS DATES DURING THE FLORAL INITIATION STAGE IN
FRAGARIA %X ANANASSA TB TISSUE, COMPARING THE GENOTYPES CLERY AND GARIGUETTE AT GERMAN (GE)
AND FrencH (FR) LocaTiONS. 55
Ficure 11: WHISKER-BOXPLOTS ILLUSTRATING TPM VALUES FOR THE CANDIDATE GENES OF PP2, EIN3,
XTH23, TPS, FER4 anp BRNII INVOLVED IN THE PATHWAYS OF ABSCISIC ACID, BRASSINOSTEROID,
ETHYLENE SIGNALING AND CARBOHYDRATE METABOLISM AND THEIR HOMOLOGOUS SEQUENCES ACROSS
VARIOUS DATES DURING THE FLORAL INITIATION STAGE IN FRAGARIA X ANANASSA TB TISSUE, COMPARING THE
GENOTYPES CLERY AND GARIGUETTE AT GERMAN (GE) AND FRENCH (FR) LOCATIONS. 57
FiGurRe 12: CoMPARISON OF CORRECTED PORE-C COUNTS OF SEVEN BIOLOGICAL REPLICATES FOR LEAF TISSUE OF
S. TUBEROSUM cv. ALTUS BY GENOMIC DISTANCE AT A 10 KB RESOLUTION. 60
FiGURE 13: WHISKER-BOXPLOTS REPRESENTING THE RELATION BETWEEN SHORT- AND LONG-RANGE INTERACTIONS
FOR BIOLOGICAL REPLICATES FOR LEAF TISSUE OF S. TUBEROSUM CV. ALTUS.. 61
FiGURE 14: WHOLE GENOME CONTACT MATRIX GENERATED BY ALIGNING PORE-C DATASETS TO THE
HAPLOTYPE-RESOLVED REFERENCE GENOME ASSEMBLY OF S. TUBEROSUM (MARI ET AL., 2023) usING

JUICEBOX. 62



Publications

FiGURE 15: CONTACT MATRIX GENERATED BY ALIGNING PORE-C DATASETS TO THE DE NOVO BLACKCURRANT
CONTIG ASSEMBLY USING JUICEBOX. 64
FicuRE 16: CHROMOSOME-LEVEL CHARACTERISTICS OF THE R. NIGRUM GENOME. THE GENOME IS DIVIDED INTO
EIGHT CHROMOSOMES (CHR 1-8). 65
FiGURE 17: THE K-MER (K = 23) SPECTRA AND FITTED MODEL FOR THE UNASSEMBLED ILLUMINA SHORT READS OF
THE DIPLOID RIBES NIGRUM GENOME 66
Ficure 18: ASSIGNMENT OF 73 GENETIC MARKERS TO THE R. NIGRUM REFERENCE GENOME. THE 73 MARKERS
FROM THE GENETIC MAP OF R. NIGRUM POPULATION SCRI 9328 (RussELL ET AL., 2011) WERE ASSIGNED

TO EIGHT LINKAGE GROUPS (LG1—8) WHICH WERE LARGELY COLLINEAR WITH OUR EIGHT

PSEUDO-CHROMOSOMES (CHR 1-8). 68
FicuRE 19: DROUGHT STRESS TREATMENT OF ADULT R. NIGRUM cV ROSENTHALS LANGTRAUBIGE PLANTS. 71
Ficure 20: DROUGHT STRESS TREATMENT OF YOUNG R. NIGRUM ¢V ROSENTHALS LANGTRAUBIGE PLANTS. 72

FIGURE 21: PHYSIOLOGICAL PARAMETER OF YOUNG BLACKCURRANT PLANTS UNDER DROUGHT STRESS TREATMENT.
NUMBER OF LEAVES, HEIGHT AND GROWTH ARE SHOWN AS BOXPLOTS FOR CONTROL (BLUE) AND DROUGHT
(RED) TREATED PLANTS. 73

FIGURE 22: OVERLAPPING DIFFERENTIALLY EXPRESSED GENES (FDR < 0.1) BETWEEN YOUNG AND ADULT
BLACKCURRANT PLANTS UNDER DROUGHT STRESS TREATMENT IN LEAF TISSUE. 74

Ficure 23: PrINCIPAL CoMPONENT ANALYSIS (PCA) ON DIFFERENTIALLY EXPRESSED GENES (DEGS) IN LEAF
TISSUE OF ADULT PLANTS OF R. NIGRUM. OVERREPRESENTATION ANALYSIS (ORA) WAS SUBSEQUENTLY
PERFORMED USING MAPMAN PROTEIN CLASSES BASED ON THE LOADINGS FOR PRINCIPAL COMPONENT 1
(PC1) anDp PriNciPAL ComPONENT 2 (PC2). 75

Ficure 24: PriNCIPAL CoMPONENT ANALYSIS (PCA) ON DIFFERENTIALLY EXPRESSED GENES (DEGS) IN LEAF
TISSUE OF YOUNG PLANTS OF R. NIGRUM. OVERREPRESENTATION ANALYSIS (ORA) WAS SUBSEQUENTLY
PERFORMED USING MAPIMAN PROTEIN CLASSES BASED ON THE LOADINGS FOR PRINCIPAL COMPONENT 1
(PC1) anp PriNciPAL ComPONENT 2 (PC2). 76

FiGURE 25: HEATMAP DEPICTION OF QUANTITATIVE EXPRESSION (LOGT1OFC) oF aRT-PCR anp RNA-SEaq
EXPRESSION FOR A) DROUGHT STRESS TREATMENT ON YOUNG PLANTS IN LEAF TISSUE AND B) DROUGHT
STRESS TREATMENT ON ADULT PLANTS IN LEAF AND ROOT TISSUE. BLUE FILLED FIELDS DESCRIBE A DOWN
REGULATION AND RED AN UPREGULATION OF GENES. 79

FiGURe 26: THE CONNECTION BETWEEN DEGS AND METABOLIC PATHWAYS THAT SIGNIFICANTLY ALTER METABOLITE
LEVELS UNDER DROUGHT STRESS IN THE LEAVES AND ROOTS OF R. NiGRUM. DEGS ENCODING ENZYMES
(ANNOTATED USING MAPMAN) ARE ALIGNED WITH SPECIFIC METABOLIC REACTIONS (ABSENT = BOLD GRAY). 83

FIGURE 27: PROLINE BIOSYNTHESIS METABOLITES WITH SIGNIFICANTLY ALTERED LEVELS UNDER DROUGHT STRESS IN

THE LEAVES OF R. NIGRUM. 84



Supplemental Material

List of tables

TABLE 1: FLORAL INITIATION [%] FOR SAMPLE EXTRACTION DATES OF STRAWBERRY LEAF (L) AND TERMINAL BUD

(TERMINAL BUD, TB) TisSUE FOR LOCATIONS IN FRANCE (FR) AnD GERMANY (GE) AND THE CULTIVARS

CLERY (CL) AND GARIGUETTE (GA). 45
TaABLE 2: PoORE-C METRICS OF ALL SAMPLES AFTER ALIGNMENT TO THE REFERENCE GENOME OF S. TUBEROSUM

AND DEDUPLICATION. 59
TABLE 3: ASSEMBLY STATISTICS FOR THE R. NIGRUM GENOME AT THE PSEUDO-CHROMOSOMAL LEVEL. 67

TaBLE 4: REPETITIVE DNA CONTENT OF THE SCAFFOLDED BLACKCURRANT GENOME AT THE ANCHORED
PSEUDO-CHROMOSOME LEVEL. 69

TABLE 5: METABOLITES IN BLACKCURRANT LEAF AND ROOT TISSUE FOR ADULT AND YOUNG PLANTS THAT CHANGE IN
ABUNDANCE IN RESPONSE TO DROUGHT STRESS. 81

TABLE 6: DIFFERENTIALLY EXPRESSED TRANSCRIPTS INVOLVED IN PROLINE METABOLISM AND THEIR MAPMAN
ANNOTATIONS. UPREGULATION (RED) AND DOWNREGULATION (BLUE) REFLECT THE LOG,FC VALUES, WITH

SIGNIFICANCE (FDR ADJUSTED P VALUES) SHOWN IN BOLD. 85



Publications

1 Abstract

Crop production is influenced by biophysical, technological, and socioeconomic factors,
with climate change and abiotic stressors significantly impacting crop physiology and
yield. Understanding the molecular mechanisms underlying stress responses and
physiological development is essential for improving plant performance. Omics
technologies such as genomics, transcriptomics, proteomics, and metabolomics can
offer comprehensive insights into plant biology and are essential for studying these

processes.

This study aimed to generate, visualize, and integrate multi-omics datasets to investigate
molecular mechanisms in strawberry (Fragaria x ananassa) during floral initiation and
blackcurrant (Ribes nigrum) under drought stress. An R-based function was developed to
integrate gene functional annotations into principal component and overrepresentation

analyses (PCA-ORA), facilitating the identification of key genes across plant species.

In strawberry, transcriptomic analyses of leaf and terminal bud (TB) samples from two
cultivars (‘Clery' and 'Gariguette') grown in France and Germany focused on early floral
initiation. Differential gene expression analysis revealed enrichment for genes involved in
carbohydrate metabolism, phytohormone pathways, and protein classes related to
cytoskeleton organization, cell cycle regulation, and chromatin structure. Key floral
integrators, including TFL1, SOC1, and genes linked to phytohormone regulation
(XTH23, PP2, EIN3), were identified.

For blackcurrant, a high-quality chromosome-scale genome assembly of R. nigrum
('Rosenthals Langtraubige') was produced using Oxford Nanopore Technologies (ONT)
and PacBio HIFI sequencing, resulting in eight pseudo-chromosomes. Integration with
transcriptomic and metabolomic data revealed drought stress responses, including
differentially expressed transcription factors (bZIP, bHLH, MYB, WRKY) and kinases
(PERK, DUF26). Metabolomic analysis indicated increased proline and decreased

organic acids under stress, suggesting metabolic adaptation.

This integrated multi-omics approach provides new insights into the genes involved in
early floral initiation in strawberry and the genetic and metabolic pathways underlying
drought stress responses in blackcurrant. These findings offer valuable resources for
future research and potential applications in improving crop resilience and breeding

strategies.
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2 Zusammenfassung

Die Pflanzenproduktion wird von biophysikalischen, technologischen und
soziookonomischen Faktoren beeinflusst, wobei Klimawandel und abiotische
Stressfaktoren die Pflanzenphysiologie und den Ertrag erheblich beeintrachtigen. Ein
Verstandnis der molekularen Mechanismen hinter Stressreaktionen und physiologischen
Prozessen ist entscheidend, um die Pflanzenleistung zu verbessern.
Omics-Technologien wie Genomik, Transkriptomik, Proteomik und Metabolomik bieten

umfassende Einblicke in diese Prozesse.

Ziel dieser Studie war es, Multi-Omics-Datensatze zu generieren, visualisieren und
integrieren, um molekulare Mechanismen bei Erdbeeren (Fragaria x ananassa) wahrend
der Bliteninitiation und bei Schwarzen Johannisbeeren (Ribes nigrum) unter
Trockenstress zu untersuchen. Eine R-basierte Funktion wurde entwickelt, um
funktionale Genannotationen in Hauptkomponentenanalyse (PCA) und
Overrepresentation Analysis (ORA) zu integrieren und so die Identifikation zentraler

Gene zu erleichtern.

Bei Erdbeeren zeigten transkriptomische  Analysen von Blatt- und
Terminalknospen-Proben aus zwei Sorten (‘Clery' und 'Gariguette') eine Anreicherung
von Genen, die am Kohlenhydratstoffwechsel, an Phytohormon-Signalwegen sowie an
der Zellzyklusregulation beteiligt sind. Wichtige Blutenintegratoren wie TFL1, SOC1
sowie Gene zur Phytohormonregulation (XTHZ23, PP2, EIN3) wurden identifiziert.

Fiar die Schwarze Johannisbeere wurde ein chromosomenskaliertes Genom-Assembly
von R. nigrum ('Rosenthals Langtraubige') mithilfe von Oxford Nanopore Technologies
(ONT) und PacBio HiFi-Sequenzierung erstellt. Die Integration mit transkriptomischen
und metabolomischen Daten zeigte Trockenstressreaktionen, darunter differentiell
exprimierte Transkriptionsfaktoren (bZIP, bHLH, MYB, WRKY) und Kinasen (PERK,
DUF26). Die Metabolomanalyse zeigte eine erhoéhte Prolinkonzentration und eine
Abnahme organischer Sauren unter Stress, was auf eine metabolische Anpassung

hinweist.

Dieser integrierte Multi-Omics-Ansatz liefert neue Erkenntnisse lber die genetischen und
metabolischen Signalwege bei der Bliteninitiation in Erdbeeren und der
Trockenstressantwort in Schwarzen Johannisbeeren. Diese Ergebnisse bieten wertvolle
Ressourcen fir zuklnftige Forschungsarbeiten und Anwendungen zur Verbesserung der

Pflanzenresilienz und Zichtungsstrategien.
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3 Introduction

3.1 Analyzing plants through omics technologies and

bioinformatic tools

Crop production is a dynamic and multifaceted system influenced by biophysical,
technological, and socioeconomic factors. Climate change and abiotic stressors
significantly impact crop physiology and vyield through the increased frequency
and intensity of extreme weather events. Therefore, understanding the core
mechanisms and pathways dictating reactions such as stress response and
physiological development is essential for utilization and comprehensive
understanding of plants within a resource-efficient framework. For this purpose,
omics technologies have emerged as invaluable tools (Raza et al., 2022). The
term ‘omics’ refers to several methods in the field of biological sciences and
includes genomics, proteomics, transcriptomics and metabolomics, among
others, being widely applied (Jamla et al., 2012a; Khan et al., 2021) and are
frequently employed in conjunction, enabling a comprehensive analysis of plants

at multiple molecular levels.
3.1.1 Genomics as the foundation of biological existence

The access to primary DNA sequences and how genes are encoded within the
genome is a fundamental resource in biology. Genomics encompasses a
comprehensive investigation of the structural organization, functional interactions,
and genetic characteristics of plant genomes through processes such as
sequencing, marker profiling and genetic prediction (Gilliham et al., 2017,
Hamilton and Buell, 2012). Plant genome sequencing is particularly challenging
due to repetitive sequences, heterozygosity, transposable elements and
polyploidy (Hamilton and Buell, 2012; Bolger et al., 2017; Rai et al., 2019). Over
the last decades, significant progress has been made in sequencing
technologies, marked by enhanced throughput, reduced sequencing expenses,
and the advent of Next Generation Sequencing (NGS) methods. These
encompass short-read sequencing, exemplified by Illumina. Third-generation
sequencing technologies, including PacBio single-molecule real-time (SMRT)

sequencing and Oxford Nanopore Technologies (ONT) sequencing, represent an
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advanced sequencing approach that addresses the limitations of short-read NGS
platforms. These methods enable the generation of long-read sequences,
facilitating the resolution of complex genomic regions, structural variants, and
repetitive sequences that are challenging to analyze using short-read
technologies (Hamilton and Buell, 2012; Bolger et al., 2017). For ONT
sequencing extracted DNA is forwarded to ONT library preparation and then
loaded onto an ONT flow cell for sequencing. Here a single DNA strand passed
through the nanopore, the different nucleobases are detected by changes in
electrical conductance, and this data is used to generate the sequencing

information (Figure 1).

Advancements in sequencing technologies, coupled with novel computational

DNA or RNA

Motor protein

Reader protein

Bdbit i

Polymer membrane -
~ssDNA [ /YN [ [ Nanopore signal

...CTGAGGTCTGAATCG... Basecalling

methodologies, enable the attainment of highly contiguous genome assemblies.
Long read sequencing using PacBio SMART sequencing typically achieves
>99.9% average read accuracy with 15-20 kb average read lengths. In contrast,
ONT exhibits slightly lower average read accuracy (99.75%) but yields longer
reads, ranging from 10-100 kb for long-reads and 100-300 kb for ultra-long reads
(Olson et al.,, 2021; Tan et al., 2022; Marx, 2023). To compensate for the
error-proneness, several toolkits and pipelines are available to build genome
assemblies based on different algorithms especially for noisy ONT long-reads. In

this context, assembly tools like Flye (Kolmogorov et al., 2019) generate diverse

11
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paths within an unidentified repeat graph, while Necat (Chen et al., 2021) serves
as an error correction and de novo assembly tool specifically designed for ONT
reads, utilizing a rapid two-step progressive approach to correct nanopore
sequencing data efficiently. Furthermore, the recently published Nextdenovo
assembler corrects the reads first and then assembles them (Hu et al., 2023).
Additional methods to enhance assembly accuracy involve post-assembly
polishing using tools like Pilon (Walker et al., 2014), Racon (Vaser et al., 2017),
NextPolish (Hu et al., 2019) and Medaka

(https://github.com/nanoporetech/medaka).  These tools utilize  precise

short-reads to rectify the contigs obtained from an assembly (Bolger et al., 2018).

While the accuracy can be improved by pre- or post-correction,
outcrossing species and clonally propagated crops are highly heterozygous, with
diverse genetic elements like repetitive sequences, single nucleotide
polymorphism (SNP), and structural variants across haplotypes. Long-read
assembly methods can correct and distinguish divergent haplotypes, resulting in
assemblies larger than the monoploid genome size, capturing the complexity of
heterozygous genomes. But the resulting genomes contain a mixture of
‘duplicated’ regions where divergent haplotypes are assembled separately, and
single copy regions with relatively few polymorphisms are sometimes collapsed
into a single sequence. To avoid problems in downstream processing the
duplicated regions need to be marked down (Kaijitani et al., 2014; Michael and
VanBuren, 2020). Tools like Purge Haplotigs (Roach et al., 2018), HaploMerger2
(Huang et al., 2017), and purge dups (Guan et al., 2020) address this issue.
Purge Haplotigs uses read depth and sequence similarity to find haplotigs,
requiring specified depth cutoffs and lacking identification of heterozygous
overlaps. HaploMerger2 identifies both haplotigs and overlaps but does not
consider read depth. On the other hand, Purge dups resolve haplotig overlaps in
primary assemblies using sequence similarity and read depth, automatically
setting coverage thresholds. The choice of deduplication method should match
the genome assembly's heterozygosity level and the combination of assembly
and deduplication tool. The interplay between assembly and deduplication tools

could shrink the genome size while potentially compromising completeness score

12
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and coverage (Guiglielmoni et al., 2021; Zhang et al., 2022). Hence, it is crucial

to assess various combinations to optimize results.

The final step in genome assembly is ordering and orientating the
assembled sequences to form chromosomal pseudomolecules. This step is
called scaffolding and is crucial for downstream analyses such as
marker-assisted breeding, genotype-phenotype associations and chromosome
evolution. The reconstruction of chromosomes can be achieved by using guided
marker sequences from independently determined genetic maps, which were
utilized for scaffolding of Arabidopsis thaliana and rice genomes (Kaul et al.,
2000; Goff et al., 2002; Yu et al., 2002). Recent technologies for fast and
accurate scaffolding of plant genomes are BioNano optical maps and chromatin
conformation capture technique (Hi-C) (Yuan et al., 2020). Hi-C relies on
chromatin proximity ligation, detecting long-distance DNA interactions to establish
linkage between contigs (Bolger et al., 2018; Pal et al., 2019; Kong et al., 2023;
Luo et al., 2021). Hi-C and similar derived techniques have become a standard
procedure, particularly for complex polyploid genomes (Zhang et al., 2018; Chen
et al., 2020; Kong et al., 2023). ONT recently introduced Pore-C, a method
combining chromatin conformation capture and nanopore sequencing of
concatemers (Deshpande et al., 2022). Unlike other Hi-C approaches using
short-read-based chromatin structure and generating pairwise data, Pore-C relies
on long reads. This technique enables researchers to explore close-range
interactions within high-order chromatin structures across the entire genome
(Deshpande et al., 2022). Furthermore, integrating long-read sequencing data
into genome assembly pipelines can substantially enhance the quality and
contiguity of assembled genomes, enabling reconstruction at the chromosome
level or achieving telomere-to-telomere completeness. It supports scaffolding
contigs by providing long-range connectivity information, making it easier to order
and orient the contigs into larger, more accurate scaffolds. This was already
shown in Mari et al. (2024) where Pore-C data robustly validated the haplotype
concordance of the haplotype Solanum tuberosum assembly.

Following the genome assembly, DNA sequence annotation involves the

identification of functional elements across the genome. Gene prediction is

13
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primarily approached through two main methods: extrinsic and intrinsic. Extrinsic
methods identify genes based on similarities to known sequences, enhancing
accuracy by incorporating diverse biological evidence, like RNA sequencing or
protein homology (Cho and Walbot, 2001; Mathé et al., 2002). Intrinsic methods
solely analyze inherent DNA patterns without external data, potentially limiting
their scope but offering direct genomic analyses (Fickett, 1996; Borodovsky et al.,
1994; Mathé et al., 2002). These tools vary in their algorithms, reliance on
external data, and accuracy levels. Often, a combination of intrinsic and extrinsic
methods can provide more accurate gene predictions by leveraging both
sequence features and external evidence. Gene prediction tools such as
AUGUSTUS/ BRAKER2 (Hoff et al., 2016) employ hidden Markov models
(HMMs) and incorporate RNA-Seq data and protein homology. Additionally,
GeneMark-EP+ combines unsupervised and supervised machine learning with
RNA-Seq data, while Helixer has also been available for gene prediction,
primarily relying on ab initio algorithms to predict genes based on intrinsic
sequence features (Stiehler et al., 2020). This process is crucial because the
functions of DNA sequences remain unknown at this stage. Upon the completion
of structural annotation, biological functions can be assigned to each gene. To
streamline this process, various tools have been developed that automatically
annotate genes using ontologies. Examples of such tools include MapMan
(Lohse et al., 2014), Blast2Go (Conesa and Gotz, 2008), and the KEGG
Automatic Annotation Server (Moriya et al., 2007). These tools aid in the efficient
and automated functional annotation of genes by assigning relevant biological

functions.
3.1.2 Transcriptome: The next level

The genome serves as the genetic foundation, whereas the transcriptome
furnishes insights into genetic responses, e.g. induced by environmental stimuli
or the genetic processes at specific developmental stages. In conjunction with the
enhancement of DNA sequence data through transcript data, transcriptome
sequencing has emerged as a highly prevalent technology in contemporary
biology. It is widely employed to investigate both model and non-model

organisms, facilitating the analyses of functional genes and regulatory

14



Publications

mechanisms in plants. Through the application of transcriptome sequencing,
advancements in biological research, plant breeding, and selection techniques
can be achieved, contributing to the improvement of crops and plant-based

agricultural practices (Cao et al., 2019; Guo et al., 2021).

The field of gene expression profiling has witnessed a profound revolution
in the last two decades. This transformation can be attributed to significant
advancements in transcriptome sequencing and analyses technologies. As a
result, a diverse range of molecular techniques for expression profiling and
transcription  quantification has emerged, demonstrating remarkable
achievements in the field (Nejat et al., 2018). The ONT platform offers a high
throughput capacity and long read lengths at a cost-effective rate, making it an
advantageous choice. Visualization of such data sets refers to the graphical
representation and analyses of data related to gene expression at the transcript
level. Visualizing transcriptomic data is crucial for understanding gene expression
patterns, identifying differentially expressed genes, and gaining insights into the
molecular mechanisms underlying various biological processes. Visualizing this
data often begins with the creation of expression profiles, showing the abundance
of RNA transcripts for each gene across different samples, conditions of time
points through Whisker-Box Plots, heatmaps or volcano plots. But having large
data sets with plenty of genes, the selection of single genes to plot through
different samples or conditions is difficult. Therefore, functional annotation of the
genes is essential. Specialized databases, including Gene Ontology (GO) and
KEGG pathway annotations, along with functional annotations using the
Mercator/MapMan framework, can be utilized for comprehensive functional
characterization. Based on this annotation, enrichment plots, network diagrams
or pathway analyses can be performed. Additionally, dimensional reduction
techniques such as PCA, t-distributed stochastic neighbor embedding (t-SNE) or
uniform manifold approximation and projection (UMAP) are used to reduce
high-dimensional transcriptomic data while preserving important relationships
(van der Maaten and Hinton, 2008; Mclnnes et al., 2018; Huang et al., 2022).
Transcriptome analyses with RNA-Seq data serves as a valuable scientific
approach to investigate specific pathways and mechanisms, such as those

related to drought stress or developmental stages.
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3.1.3 Metabolomics: A biological response

The metabolome refers to the collective profile of metabolites within an organism,
an organ, a tissue or even an individual cell. It is sensitive to environmental
conditions and varies along developmental phases and reflects the status of a
specific time point and prevailing conditions, if measurements are not taken as
time series (Alonso et al., 2015; Kumar et al., 2017). The emerging discipline of
analyzing the metabolome at a certain time and under specific physiological
conditions is called metabolomics. Metabolites are compounds that act as
intermediate or end products arising from a cascade of enzymatic reactions.
These molecules play a crucial role in providing valuable insights into an
organism's biochemical activity (Alonso et al., 2015). Metabolites are classified
into primary and secondary metabolites. Primary metabolites including sugars,
fatty acids, and amino acids play a fundamental role in growth, development and
reproduction of organisms and contribute to essential physiological processes. In
contrast, secondary metabolites do not play an essential role but are involved in
specialized functions such as defense mechanisms, reproduction, defense and
adaptation to stressors (Roessner et al., 2001; Roessner et al., 2002; Shulaev et
al., 2008). In general, metabolomic studies enhance plant breeding by identifying
biochemical markers, elucidating plant stress responses, and improving

nutritional quality.

One of the most popular method applied in metabolomics is gas
chromatography-mass spectroscopy (GC-MS) (Patel et al. 2021; Shulaev et al.,
2008), further techniques are liquid chromatography-mass spectroscopy (LC-MS)
or nuclear magnetic resonance (NMR). GC-MS is widely used to detect
compounds like sugars, organic acids, amino acids, alcohols, amines, terpenes,
and fatty acids. In contrast, LC-MS is used for non-volatile compounds with
higher separation efficiency and throughput (Giri et al., 2007). Various
metabolites are identifiable across diverse platforms, yet employing a range of
analytical tools is key to reveal the spectrum of compounds synthesized by plants
(Ma and Qi, 2021).

Metabolomic analyses can further be classified by their technical approach

depending on the target of the study. It is mainly divided into complementary
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approaches, such as untargeted and targeted metabolomics. Untargeted
metabolomics strives for a thorough profiling of diverse metabolites in a biological
sample, encompassing both known and unknown compounds. In contrast,
targeted metabolomics aims at quantifying and identifying a predetermined set of
established metabolites (Bhalla et al., 2005; Mihailova et al., 2021). Identified
metabolites are annotated using spectral mass databases like NIST

(https://www.nist.gov/pml/atomic-spectra-database), PMN

(https://www.plantcyc.org/), MetaboLights (https://www.ebi.ac.uk/metabolights/),
METLIN (Smith et al., 2005) or SIRIUS (Bocker et al., 2009), along with

information on biochemical reactions found in databases like KEGG

(https://www.genome.jp/kegg/; Ogata et al., 1999), MetaCyc (https://metacyc.org/;

Karp and Caspi, 2011), WikiPathways (https://www.wikipathways.org; Martens et

al., 2021) and PlantCyc (https://plantcyc.org; Hawkins et al., 2021, Ma and Qi,
2021).

3.2 Integration of multi-omics data

For complex networks of biological regulation, the full potential of omics is tapped
when combining them for the comprehensive characterization of specific
biological phenomena (Yang et al., 2023; Kumar et al., 2023). Genomic and
transcriptomic analyses can directly aid in plant breeding by identifying and
manipulating genes and gene expression patterns. Proteomic approaches enable
the identification of plant proteins, and provide insights into changes in protein
expression in response to various factors, such as environmental stresses. In
contrast, metabolomic analysis reveals the end products, such as human
health-beneficial compounds. Furthermore, epigenomics focuses on epigenetic
modifications, which affect gene expression without altering the DNA sequence.
Integrating multiple omics techniques bridges gaps between findings. McLoughin
et al. (2018) combined mRNA-Seq and protein abundance analyses to identify
organelles, protein complexes, and individual proteins, uncovering autophagic
substrates in maize autophagy mutants. A multi-omics approach with integrated
network analysis was used to reveal system relationships between structural
genes, transcriptional regulators and metabolites in developing grape berries

exposed to water deficit (Savoi et al. (2017). Each omics approach individually
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possesses considerable efficacy, but a combination of them exponentially
increases the possibilities to draw conclusions on biological questions elucidating
a holistic picture of processes that happen in a plant at molecular level. By
integrating different approaches to a multi-layer study, a more profound
understanding of molecular mechanisms and gene-phenotype relationships can
be achieved in response to scientific inquiries (Raza et al., 2020; Mahmood et al.,
2022). This process can be particularly difficult as it needs multiple steps of data
evaluation such as prioritizing candidate genes, hypothesizing the mechanisms
by finding data types such as gene-phenotype associations, expression/
co-expression information and protein-DNA interactions (Hassani-Pak and
Rawlings, 2017; Weighill et al., 2017).

The underlying information is often distributed across several databases from
various sources that might lack interoperability, leading to difficulties in the
integration of plant data due to their metabolic diversity and poorly annotated
larger genomes, especially for non-model species (Jamil et al., 2020). In general,
integration of methods can be divided into three main groups such as detecting
biomarkers, classifying samples, and inferring functional relationships between
the molecular levels. Strategies for data interpretation such as element-based,
pathway-based and mathematical-based approaches lead to more refined
correlations (Jamil et al., 2020). The element-based approach is divided into
correlation algorithms such as the univariate analysis methods of Pearson
(Benesty et al., 2009) or Spearman, where significant results suggest strong
relationships between datasets and clustering which allows grouping of datasets
using e.g. k-means or random forests regression. Additionally, multivariate
analysis allows using more complex data sets with greater flexibility employing
techniques such as PCA, partial least squares (PLS) or orthogonal projection to
latent structures discriminant analyses (OPLS-DA) (Silva et al., 2017; Ye et al.,
2017; Wang et al., 2016; Acharjee et al., 2016; Ma et al., 2014; Silva et al., 2019).
In terms of genomics and transcriptomics, overrepresentation and enrichment
analyses are widely used. These are versatile tools to identify involved biological
processes. However, they might be limited due to the lack of comprehensive
annotations (Liu et al., 2022). The pathway-based approaches can be divided

into pathway-mapping with tools such as PathVisio (Kutmon et al., 2015), KEGG
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or MapMan and weighted interaction networks such as Co-expression or tools
such as Cytoscape (Shannon et al., 2003) (Bjornson et al., 2017; Zhu et al.,
2018; Lopez-Hidalgo et al., 2018; He et al., 2018; Jiang et al., 2019). The
mathematical approach encompasses both differential and genome-scale
methods, which can be utilized to predict metabolic responses across various
environments or stress conditions, optimize plant breeding strategies, and identify
novel target genes for genetic modifications. Here, the differential approach, flux
balance analyses or ordinary differential equation are used, while flux variability
analyses and tools such as PlantSEED (Seaver et al., 2018) and MetNetDB
(Wurtele et al., 2003) are used (Soubeyrand et al., 2018; Wang et al., 2018,
Scheunemann et al., 2018; Li et al., 2015; Bogart and Myers et al., 2016).
Limiting factors for the differential approach are the lack of flexibility by the
statistical analyses due to absence in the available map and by pathway
boundaries. These are based on curators’ decisions and by the number of
molecular features included in the maps, which may not cover the measured
features or belong to multiple features (Liu et al., 2022). Concluding, the
integrative omics technologies produce a massive amount of data and thus an
effective methodological approach is needed to relate the data to the research

objectives and find connections in between.
3.3 Application of omics technologies

Each omics layer offers distinct insights into plant physiology and metabolism. As
previously mentioned, transcriptome sequencing facilitates progress in biological
research, plant breeding, and selection strategies, thereby aiding in the
optimization of crops and the improvement of plant-based agricultural practices.
The integration of multi-omics data thus serves as a powerful bridge between
cutting-edge molecular insights and tangible improvements in plant production
strategies. Optimizing plant production extends beyond traditional methods,
converging with a focus on utilizing secondary metabolites. These compounds,
intricately linked to plant defense and adaptation, shape crop resilience and

contribute to nutritional and medicinal value.

Plants such as berries play an economically important role as fruit crops

worldwide, representing an invaluable source of vitamins, minerals, and human
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health-promoting secondary compounds like flavonoids and polyphenols
(Lépez et al., 2021). In the family of Rosaceae apple, cherry and strawberry are
the most important crop fruit species. They show a high economical value and
popularity with high diversity within natural and breeding populations with regard
to important traits such as vyield, fruit size, color and flavor (Carbone et al., 2009)

and are also the best studied species.
3.3.1 Transcriptomics in strawberry

The floral initiation is a pivotal event in the life cycle of angiosperm plants and has
a substantial influence on crop yield. This transition from vegetative to
reproductive phases occurs in the shoot apical meristem (SAM), which generates
leaves, shoots and flowers (Benlloch et al., 2007; Figure 2A). Flowering plays a
critical role in a plant's reproductive success, significantly impacting pollination
and fruit production (Weberling 1989; Wyatt, 1982).

Strawberry (Fragaria xananassa) is the most cultivated berry worldwide. In this
species, fruit yield depends on timing and duration of floral initiation
(Costes et al., 2014). Most strawberry genotypes are seasonal flowering (SF),
also referred to as 'short-day,' 'single cropping plants,' or 'June-bearing'. They
show a single period of production in spring in year N. The floral initiation
occurred the previous autumn in year N-1 and is triggered by decreasing
temperatures and day length, which corresponds to the end of summer —
beginning of autumn (Heide et al., 2013; Figure 2). Floral initiation is followed by
floral development with the organogenesis of flowers, which compose the
inflorescence. Following dormancy and the fulfillment of chilling requirements, the

flowers initiated in autumn emerge in spring.

In addition, strawberry can reproduce asexually via stolons, which are elongated
stems bearing daughter plants (Tenreira et al., 2017). The trade-off between
sexual and asexual reproduction takes place in the axillary meristem (AXM),
which can produce either an inflorescence-bearing branch or a stolon and
determines two antagonist traits: fruit yield, a major trait for producers; and
daughter-plant yield, a major trait for nurseries (Tenreira et al., 2017; Gaston et
al., 2021).
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Figure 2: Schematic illustration of the different developmental processes in seasonal flowering (SF)
cultivated octoploid strawberry. (A) Along nursery, temperatures and photoperiod decrease, allowing the
floral initiation to occur. The shoot apical meristem (SAM) which was vegetative (arrow) became floral (yellow
sphere). Because strawberry is a rosette, the terminal bud (TB) is not visible and represented here inside the
dotted line on the bottom of the plant. (B) Runnering occurs on long days. Dormancy occurs during the end
of autumn and winter when temperatures do not allow the vegetative development. Circle with a dotted line
indicates the terminal bud, that includes the terminal meristem and foliar primordia. (taken from Ziegler et al.,
2025)

The interplay of photoperiod, temperature, and their combined influence on floral
initiation have been extensively documented (Stewart and Folta 2010;
Heide et al. 2013). Experimental investigations were meticulously conducted
under controlled environmental settings, ensuring that plants were maintained in
non-inductive conditions until they were transferred to conditions that favor floral
initiation (Durner et al., 1984; Verheul et al., 2006; Sgnsteby and Heide, 2008).
Notably, to keep non-initiated plants, they were maintained under long-day
conditions, which exhibit a pronounced inhibitory effect on floral initiation
(Vince-Prue and Guttridge, 1973). To specify temperatures, photoperiods and

their interaction that promote floral initiation, Heide et al. (2013) collated the
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results of a large number of studies. The overarching consensus from these
observations suggests that optimal conditions for floral initiation involve
temperatures ranging from 12 to 18°C and photoperiods of 10 to 12 hours,
maintained over a period of 3 to 4 weeks. Variations in these parameters are

mainly due to cultivar-specific responses (Verheul et al., 2006).

In strawberry, thanks to the considerable advances in the genetic and molecular
control of flowering, flowering pathway genes modulating floral initiation and plant
architecture and yield have only recently begun to be deciphered (Hytonen and
Kurokura, 2020). The CENTRORADIALIS/TERMINAL FLOWER
1/SELF-PRUNING (CETS) family, represented by FT/TFL1 genes, assumes a
pivotal role in maintaining this equilibrium and plays a crucial role in regulating
floral initiation and reproductive development (Wickland and Hanzawa, 2015;
Kurokura et al., 2017; Gaston et al., 2021). In the context of woody strawberries
(F. vesca) a natural mutation affecting the floral repressor FveTFL1 (tfl1) results in
perpetual flowering (PF) (lwata et al., 2011; Koskela et al., 2012). The role of this
floral repressor has been confirmed in the cultivated strawberry (Koskela et al.,
2016). Furthermore, tfl1 was found to be involved in floral initiation of cultivated
strawberry cv. ‘Benihoppe’ (Liang et al., 2022). Three FTs have been identified in
the FT/TFL1 family. FveFT1 has been shown to function as a long day floral
activator in the tfl1 genetic background (Koskela et al., 2012; Rantanen et al.,
2014). FveFT2 serves as a non-photoperiodic florigen (Gaston et al., 2021) and
operates in tandem with the photoperiodic antiflorigen, FveTFL1 (Gaston et al.,
2021). Overexpression of FveFTZ2 leads to very early flowering phenotype.
FveFT3 has not been identified as a florigen despite its possible role as a floral
inducer in flowering in the octoploid cultivated strawberry (Koembuoy et al.,
2020). The overexpression of FveFT3 promotes increased plant branching when
overexpressed in a genetic background with tf/7 mutations, likely by influencing
AXM fate.

The regulation of flowering is closely associated with stolon production in
strawberries. Gibberellin biosynthesis and signaling play a critical role in
determining plant architecture and fruit yield by directing whether the axial

meristem forms a stolon or an inflorescence-bearing branch crown (Tenreira et

22



Publications

al., 2017; Caruana et al., 2018). A natural mutation in FveGA200x4 results in a
runnerless phenotype (Tenreira et al., 2017), which can be reversed by mutating
FveRGA1 (REPRESSOR OF GIBBERELLIC ACID1), a gene encoding a DELLA
protein (Caruana et al., 2018). Despite these insights, the molecular mechanisms
regulating the balance between sexual and asexual reproduction in the axial

meristem remain poorly understood.

The molecular regulation of floral initiation in cultivated strawberry (Fragaria x
ananassa) under natural conditions has not yet been extensively characterized.
In this study, we investigated the early molecular events underlying floral initiation
through transcriptomic analysis, considering both genetic and environmental
influences. We analyzed two cultivars—Clery (CL) from Italy and Gariguette (GA)
from France—at two different locations, one in France and the other in Germany.
RNA-Seq data were collected from leaf and terminal bud tissues during the
transition from the vegetative phase to the early stages of floral initiation in the
shoot apical meristem (SAM) at weeks 29, 32, 33, and 35. As expected, both
cultivars exhibited an enrichment of differentially expressed genes (DEGs) during
early floral initiation. These DEGs encoded proteins not only involved in flowering
regulation but also associated with chromatin organization, cytoskeletal
dynamics, serine/threonine phosphatase signaling, cell division, cell wall

modification, and RNA biosynthesis.
3.3.2 A multi-omics approach in blackcurrant

Beyond the Rosaceae family, berry crops from the Grossulariaceae family
produce widely consumed fruits and exhibit significant diversity in natural
breeding populations. This diversity extends to berry traits, resistance to abiotic
and biotic stresses, and adaptation to various environmental conditions, making
them valuable for crop improvement and breeding programs. Blackcurrant (Ribes
nigrum L.) is a winter-hardy shrub (family: Grossulariaceae) grown in temperate
regions that is primarily cultivated for its edible berries. These are associated with
several health benefits reflecting the high levels of vitamin C, anthocyanins,
antioxidants and flavonoids (Mitchell et al, 2011). However, drought stress
caused by climate change impairs plant growth and development, and seriously

affects crop production and vyield. Under drought stress conditions during
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flowering, certain blackcurrant cultivars experience diminished flower biomass
and increased flower abortion, resulting in decreased commercial yield during
harvest (Yang et al., 2021; Cerekovi¢ et al., 2013).

Drought stress influences multiple biochemical and physiological processes at
the cellular and whole-plant levels (Bhargava and Sawant, 2012), including
growth, membrane integrity, pigment content, osmotic adjustment, water
relations, and photosynthetic activity (Yang et al., 2021; Anjum et al., 2011). It
also promotes senescence, which is necessary for plant survival. Leaf
senescence requires the combined activity of phytohormones and transcriptional
factors such NAC, AP2/ERF and WRKY, which are modulated by ethylene
(Munné-Bosch and Allegre, 2004; Jan et al, 2019). One of the key
phytohormones that mediates drought stress responses and tolerance is abscisic
acid (ABA), which regulates stomatal closure and the expression of stress
response genes (Cutler et al., 2010). Roots transmit information about water
deficit to the leaves, where ABA accumulates in the vasculature (Kuromori et al.,
2018; Takahashi et al., 2020). Drought stress is also regulated by calcium
signaling, reactive oxygen species (ROS) and phytohormone translocation (Choi
et al., 2017). Furthermore, plants synthesize and accumulate osmolytes such as
soluble carbohydrates, proteins, free amino acids, glycine betaine and proline, to
increase their osmotic potential at the cellular level (Kishor et al., 2005; Ozturk et
al., 2020).

Multiple omics analyses of drought stress responses have focused on the model
and several major crops such as rice (Lawas et al, 2018), chickpea
(Awasthi et al., 2017) and maize (Farooqi et al., 2022) their relatives. Additionally,
drought stress effects on non-model species such as Solanum lycopersicoides
(Powell et al., 2022) or grape berries (Hewitt et al., 2023) were reported.
However, significantly less data is available for currants. Indeed, only two studies
have considered drought stress in blackcurrants. Cerekovié et al. (2013)
compared irrigated and non-irrigated specimens of cvs. ‘Narve Viking’ and ‘Ben
Gairn’ after 12 days of treatment and 17 days of recovery, revealing that drought
stress reduced the cumulative evapotranspiration of both cultivars during

flowering due to stomatal closure and reduced leaf area. The same authors also
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investigated the effect of drought on gene expression in the leaves of Ben Gairn
plants (Cerekovi¢ et al., 2015), discovering more than 2000 differentially
expressed genes during drought treatment based on a custom Ribes microarray.
In this context, various transcription factors, including bZIP, WRKY, MYB, and
zinc finger, were identified up- and downregulated. Additionally, genes associated
with the cell wall and cell cycle belonging to the cytochrome P450 family,
gibberellin-regulated family, and 2-oxoglutarate superfamily were detected up-
and downregulated. Although this provided initial insights into the molecular basis
of drought stress in blackcurrant, the specific functions of many genes remain

unknown.

The blackcurrant transcriptome was analyzed in more detail by Russell et al.
(2011), who identified transcriptome-based markers from blackcurrant leaf buds
and mapped them to parental genotypes of a reference mapping population using
454 sequencing. Jarret et al. (2018) assessed blackcurrant fruit at different
developmental stages for changes in gene expression and for variation in
metabolite content and used RNA-Seq data to create a de novo transcriptome
assembly. A transcriptome assembly based on blackcurrant fruit was then
published by Thole et al. (2019) and the transcriptomic response of blackcurrant
cultivar Aldoniai to the blackcurrant reverse virus infection was studied by
Mazeikiené et al. (2022) and Juskyté et al. (2022). However, despite the
shortcomings of transcriptome assemblies, only a chloroplast genome (Sun et al.,
2023) but no reference genome for the family Grossulariaceae or the genus

Ribes (Chiche et al., 2003) is currently available.
3.4 Aims of this thesis

The objective of this study was to generate, analyze, visualize, and integrate
diverse omics datasets to gain comprehensive insights into complex biological
systems of strawberry and blackcurrant. Omics technologies, such as genomics,
transcriptomics, and metabolomics, generate large-scale data sets that provide a
holistic view of biological processes. The objective was to utilize omics data,
visualization methods for a comprehensive understanding of the molecular
mechanisms occurring in F. xananassa cv. ‘Gariguette’ and cv. ‘Clery’ during the

floral initiation for French and German populations. By establishing an exemplary
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ONT Pore-C pipeline on S. tuberosum, we laid the foundation to achieve
pseudo-chromosome level assembly for the de novo genome of R. nigrum.
Followed by the integration of transcriptomic and metabolomic data, we gained
valuable insights into the molecular processes involved in blackcurrant plants

under drought-induced stress.

A standardized method to integrate gene functional annotation into dimensional
reduction for evaluating the influence of protein groups on sample separation
remains limited. To address this, we developed an R function that incorporates
protein function data from plant organisms into PCA, facilitating the visualization
of RNA-Seq sample differentiation. This integration relies on the analyses of
differentially expressed genes and their Mercator annotation file using ORA. This
approach facilitated a comprehensive overview of different treatments and
allowed for the identification of significant gene clusters. Transcriptomic data
visualization and evaluation was done for strawberry leaves and meristem
samples. The aim was to examine the early molecular event of floral initiation by
checking the stage of the SAM into the terminal buds. We tested two distinct
cultivars, namely, 'Clery' (Italian variety, CL) and 'Gariguette' (French variety, GA),
at two locations, one in France and one in Germany. The previously established
PCA/ORA plot will be utilized to initially grasp the distribution of individual
treatments, like location, genotype, and tissue. The results were then used to
identify genes associated with floral initiation or early organogenesis to gain

insights on the molecular mechanisms of floral initiation in strawberry.

The final section of this thesis focuses on the integration of genomic,
transcriptomic, and metabolomic data for R. nigrum under drought-stress. To
accomplish this, we generated a partially haplotype-resolved chromosome-scale
genome assembly of blackcurrant (R. nigrum L. cv. ‘Rosenthals Langtraubige’)
relying on a hybrid ONT long-read and PacBio HIFI sequencing. The
chromosome scale genome with eight pseudo-chromosomes was then used to
investigate drought stress effects in ‘Rosenthals Langtraubige’ leaves and roots
at transcriptomic and metabolomic levels. Our results could help to optimize
production, breeding and cultivation of blackcurrant and other Ribes species such

as redcurrant or gooseberry.
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4 Material and Methods

4.1 Visualization of omics results
Effective visualization of omics data is essential for interpreting complex,
high-dimensional biological datasets and identifying meaningful patterns.
Principal component analysis (PCA) is a widely used dimensionality reduction
technique that facilitates the identification of major sources of variation and the
clustering of samples. In this study, a combined visualization approach was
developed, integrating PCA with overrepresentation analysis (ORA) to annotate

functional gene categories that contribute to sample separation in RNA-Seq data.

The function enables the visualization of RNA-Seq data from differentially
expressed gene (DEG) analyses by combining PCA and ORA based on MapMan
annotations for plant datasets. Users must first generate a MapMan annotation
for the reference transcriptome or proteome and analyze the RNA-Seq data using
software such as edgeR (Robinson et al., 2010). The resulting data is used to
produce graphical outputs, log files, and tables summarizing the PCA and ORA

results.

4.1.1 Implementation
The PCA-ORA plot is an open-source function on  Github
(https://github.com/fZiegle/PCA-ORA _plot) implemented in R v4.2.3 (R Core
Team, 2023). The function incorporates other R packages, including dplyr v1.1.2
(Wickham et al., 2023), stringr v1.5.0 (Wickham, 2022) and RColorBrewer v1.1-3
(Neuwirth, 2022) PCA and ORA calculation and visualization. The plotting is done
in the base R graphic system.

As case studies, RNA-Seq data of strawberry (chapter 4.2.1.2) and blackcurrant
(chapter 4.2.3.8) were used.

4.2 Evaluation of multi omics data
Single-omics  technologies, including genomics, transcriptomics, and
metabolomics, provide comprehensive insights into plant biology and are crucial
for investigating processes such as developmental transitions and stress

responses. Integrating these approaches enables a more holistic understanding
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of complex biological mechanisms. In this study, transcriptomic analysis was
conducted to examine gene expression dynamics in cultivated strawberry
(Fragaria x ananassa) during floral initiation in leaf and terminal bud tissues.
Additionally, an integrated multi-omics approach combining genomic,
transcriptomic, and metabolomic analyses was applied to blackcurrant (Ribes

nigrum) to elucidate drought stress responses in leaf and root tissues.

4.2.1 Transcriptomic response of floral initiation stage in

F. xananassa

4.2.1.1 Plant
materi
al and
floral
initiati
on
timing
The timing of floral initiation was determined by non-invasive architectural
analysis of the Fragaria x ananassa cultivars Gariguette (GA) and Clery (CL),
discriminating between the vegetative and floral stages of the shoot apical
meristem (SAM) in the terminal bud. Plant architecture assessments were
conducted over time throughout the summer and autumn at two locations:
Bordeaux in France and Geisenheim in Germany. The first samples were
collected in mid-July (TO, w29), coinciding with the presence of daughter plants
featuring only small root primordia on stolons. Subsequent sampling took place in
August (w32), 3 weeks after the transplantation of rooted plants to the field or
nursery, and at 10-day intervals until early October (w40), making eight sampling

dates in total.

Plant architecture was assessed as previously described (Krlger et al., 2022).
Briefly, we described the daughter plants (including the number of developed
leaves and the stage of the terminal bud) using a stereomicroscope with 40—-60x
magnification. A single terminal bud from the main crown of each plant was
dissected for analysis (Supplemental Material Figure 1A). We dissected 9-12
plants representing each cultivar and environment at each sampling date. The

vegetative or floral status of the terminal buds was assessed as previously
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described (Kriger et al, 2022) as adapted from earlier methods
(Jahn and Dana 1970; Taylor et al., 1997). The data was kindly provided by
Béatrice Denoyes, Amelia Gaston (INRAe, France) and by Erika Krlger,
Bastienne Brauksiepe and Klaus Eimert (University of Geisenheim, Germany) on

context of the GoodBerry project.

4.2.1.2 Proce
ssing
of
RNAS

eq
data
Adaptors were removed from the lllumina RNA-Seq dataset using Trimmomatic
v0.38 “SE  -phred33 ILLUMINACLIP:TruSeq3-SE:2:30:10 LEADING:3
SLIDINGWINDOW:4:15 MINLEN:40” (Bolger et al., 2014) followed by alignment
to the Fragaria_ananassa v1.0.a2 cv. Camarosa reference genome (GDR
database https://www.rosaceae.org; Liu et al. 2021) using the pseudo-aligner
Salmon v1.10.1 with default settings for read count quantification (Patro et al.,
2017). DEGs were identified using edgeR v3.40.1 (Robinson et al., 2010).
Contrasts were calculated between the different sampling points (TO, T10A, T10B
and T50) and cultivars separately for both tissues. The transcripts per million
(TPM) were evaluated by PCA, and ORA was applied to the PC1 and PC2 axes.
This provided insights into the leading MapMan (Schwacke et al., 2019) protein
classes contributing to the separation along PC1 and PC2 in positive and
negative directions. The outcomes were visually represented as bar charts
illustrating the enrichment factor along these axes. The top five genes in both
directions along PC1 and PC2 were also depicted on the PCA plot. Venn
diagrams were generated to identify shared DEGs in different comparisons using
VennDiagram v1.7.3 (Chen and Boutros, 2011) in R. A threshold of FDR < 0.05
was used to filter significant DEGs. Heat map clustering was applied to discern

gene relationships within each tissue.
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421.3 Gene
corres
ponde
nce
and
functi
onal
analys
is

To link our work to the published literature (Li et al., 2019; Liang et al., 2022), we
matched gene names between the current Camarosa F x ananassa
annotation (v2) and the diploid genome of F vesca or the Camarosa v1
annotation used by Liang et al. (2022). The genes were checked bidirectionally
against the diploid transcriptome of F. vesca and F. x ananassa cv. Camarosa
using Blast+ v2.15.0 (Camacho et al., 2009). We focused on the DEGs in our
study and applied ORA to the overlapping genes to identify MapMan protein
classes that potentially influence floral initiation. Statistical analysis was carried
out using R Studio base version 2023.06.0 (RStudio Team, 2023).

4.2.2 Generating Pore-C data for S. tuberosum cv. ‘Altus’ as

example

4.2.2.1 Potato

Plant
Materi
al and
sampl
e
collect
ion

A potato plant (Solanum tuberosum cv. ‘Altus’) was grown from a tuber under

long-day conditions at 22 °C in the greenhouse of Heinrich-Heine University of

Dusseldorf. After four weeks (30.03.2023), young leaves were harvested and

immediately flash-frozen in liquid nitrogen for subsequent Pore-C analysis.
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Additional young leaf samples were similarly collected and flash-frozen on 04.07,
04.08, 18.08, and 23.08.2023 for Pore-C analysis.

4222 Pore-
C
library
constr

uction

RE-Pore-C libraries were prepared according to the ONT Plant Pore-C protocol
using the restriction enzyme Dpnll. The enzyme was heat-denatured after
overnight incubation and crosslinked DNA clusters were ligated in proximity. The
protein was then degraded and decrosslinked, releasing the chimeric Pore-C
dsDNA polymers. DNA degradation and contamination were monitored by 1%
agarose gel electrophoresis. DNA purity was checked using a NanoDrop
spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA) and the DNA
concentration was determined using the Qubit DNA Assay Kit and a Qubit
fluorometer (Thermo Fisher Scientific). Remaining DNA fragments were used to
prepare Oxford Nanopore Technologies (Qubit DNA Assay Kit and a Qubit
fluorometer (Thermo Fisher Scientific)) libraries for sequencing. Samples with a
low A260/230 ratio (indicating the presence of polysaccharides) were cleaned up
by phenol-chloroform (1:1) extraction and ethanol precipitation. Genomic DNA
fragments were damage-repaired, end-repaired, and A-tailed using NEBNext
FFPE DNA Repair Mix and the NEBNext Ultra Il End Repair/A-Tailing Module.
Libraries were constructed using the ONT Ligation Sequencing Kit
(SQK-LSK114) and were sequenced using two R10.4.1 PromethlON flow cells.
The runtime was set to 100 h and the accurate speed mode (260 bps) was
selected. Flowcells were flushed and reloaded after 24, 48 and 72 hours.
Basecalling was performed using guppy v6.4.8 (ONT, model “super”) resulting in
~52 Gb of ONT Pore-C data.
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4.2.2.3 Qualit

y
asses
sment
Pore-
C data

The quality of the generated Pore-C data was assessed by using a similar
pipeline to wf-pore-c (EPI2ZME Labs, 2024) that was developed by ONT. Initially,

basecalled reads were processed using pore-c-py v2.0.6

(https://github.com/epi2me-labs/pore-c-py) digest with default settings and

restriction enzyme Dpnll. Resulting reads were aligned to the haplotype resolved
genome assembly of S. tuberosum generated in Mari et al. (2024) employing
Minimap2 v2.24 (Li, 2018; Li, 2021) with default settings for ONT data (“-ay -x
map-ont”). After alignment, annotation of monomer sequences was done using
pore-c-py Vv2.0.6 “annotate” with parameters “-monomers --stdout true
--summary”. Then spurious alignments were filtered, and ligation junctions were
detected using pairtools v1.0.3 (Open2C et al., 2023) command "parse2”.
Restriction fragments were then assigned to pairs using pairtools command
“restrict” and a matrix was prepared utilizing pairtools commands “flip” and “sort”.
Optical duplicates and PCR duplicates were removed with pairtools command
“‘dedup”. Pairtools commands were used with default settings. Resulting files
were forwarded to juicer tools v1.22.01 (Durand et al., 2016) to create a contact
map, which was plotted using Juicebox v1.11.08 (Dudchenko et al., 2018),
showing the intensity of the physical interaction between genome regions. For
further quality validation, the contact map in .hic format was converted to .mcool
format using HiCExplorer v3.7.3 (Ramirez et al., 2018) hic2cool with default
settings. Resulting files were processed using HiCExplorer hicPlotDistVsCounts
with default settings to show Pore-C corrected counts vs. genomic distance.
Furthermore, HiCExplorer hicPlotSVL was used to create boxplots showing the

relation between short- and long-range interactions.
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4.2.3 Drought stress response of R. nigrum leaves and roots

4.2.3.1 Plant
materi
al
For DNA sequencing, young blackcurrant (R. nigrum cv Rosenthals
Langtraubige) leaves were collected from a single adult plant and flash frozen in
liquid nitrogen. For the drought stress experiments, plants in 3-L pots were
irrigated with 150 mL of water per day (control) or water was withheld for 4 days
(stress treatment). Root and leaf samples (three replicates per plant) were taken
the morning after the last treatment day. The samples were collected by Lucas
Munnes under the supervision of Freya M.R. Ziegler. Blackcurrant cv Tihope
plants were grown under field conditions in Poland. Samples were taken at
different developmental stages: flower initiation, dormancy induction, and
dormancy release. Bud samples were collected at nine different time points,
whereas leaf samples were taken at three time points during flower initiation. The
samples were used for RNA deep sequencing on the lllumina HiSeq 2500
platform. Blackcurrant RNA-Seq datasets of cv Ben Gairn were generated from
20 bud samples on the same sequencing platform. The lllumina RNA-Seq
datasets were provided by Anita Segnsteby, tukasz Seliga, Sylwia
Keller-Przybytkowicz as part of the GoodBerry EU project.

Stem cuttings of Ribes nigrum cv. 'Rosenthals Langtraubige' were cultivated in
500 mL pots for five weeks under controlled greenhouse conditions. For the
drought stress experiment, plants were initially irrigated until the soil reached full
water-holding capacity. Subsequently, plants in the control group were watered to
maintain 70% of pot weight based on water loss, while those in the stress
treatment group received no water for a period of nine days. Leaf samples were
collected the morning following the final day of treatment. RNA was extracted as
described below and samples were used for RNA deep sequencing on the

lllumina HiSeq 2500 platform.
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4.2.3.2 DNA
library
constr
uction
and
seque
ncing
DNA was extracted from 1 g of frozen leaf material using the NucleoBond HMW
DNA Kit (Machery Nagel, Thermo Fisher Scientific, Waltham, MA, USA). Short
fragments were separated using the Circulomics short read eliminator (SRE XL)
Kit (Pacific Biosciences, Melno Park, CA, USA) with a threshold of > 40 kbp. DNA
degradation and contamination were monitored by 1% agarose gel
electrophoresis. DNA purity was checked using a NanoDrop spectrophotometer
(Thermo Fisher Scientific) and the DNA concentration was determined using the
Qubit DNA Assay Kit and a Qubit fluorometer (Thermo Fisher Scientific). Filtered
long fragments were used to prepare ONT libraries for sequencing (Qubit DNA
Assay Kit and a Qubit fluorometer). We used the standard ONT protocol for the
SQK-LSK112 Kit. Genomic DNA fragments were repaired and 3'-adenylated
using the NEBNext FFPE DNA Repair Mix and the NEBNext Ultra |l End
Repair/A-Tailing Module (New England Biolabs/NEB, Ipswich, MA, USA).
Sequencing adapters provided by ONT were then ligated using the NEBNext
Quick Ligation Module (NEB). After purification with AMPure XP beads
(Beckmann Coulter, Brea, CA, USA), libraries were loaded onto primed 10.4.1
Spot-On Flow Cells and sequenced using a PromethlON device (ONT) with 72-h
runs. Cells were flushed and reloaded after 18 h. Basecalling was achieved using
guppy v6.1.1 (ONT). PacBio sequencing of the ONT long-read sequences was
carried out by Genohub (Brigham Young University, Provo, UT, USA). Filtered

short-read sequences were sequenced by Genewiz (Leipzig, Germany).

35



Supplemental Material

4.2.3.3 Pore-
C
library
prepar
ation
and
nanop
ore
seque
ncing
RE-Pore-C libraries were prepared according to the ONT Plant Pore-C protocol
using the restriction enzyme Dpnll. The enzyme was heat-denatured after
overnight incubation and crosslinked DNA clusters were ligated in proximity. The
protein was then degraded to remove crosslinks, releasing the chimeric Pore-C
dsDNA polymers. DNA concentration and purity were determined as described
above. Samples with a low Ayps ratio (indicating the presence of
polysaccharides) were cleaned up by 1:1 phenol/chloroform extraction and
ethanol precipitation. Genomic DNA fragments were damage repaired, end
repaired, and A-tailed using NEBNext FFPE DNA Repair Mix and the NEBNext
Ultra Il End Repair/A-Tailing Module. Libraries were constructed using the ONT
Ligation Sequencing Kit (SQK-LSK114) and were sequenced using two R10.4.1
PromethlON flow cells. The runtime was set to 100 h in accurate speed mode
(260 bps).

4.2.3.4 Geno

me

assem

bly
After basecalling, any remaining adapters were removed from the genomic DNA
using Porechop v0.2.4 (Wick et al., 2017) and the longest reads (> 50 kbp) were
selected using Filtlong v2.9.1 (https://qgithub.com/rrwick/Filtlong) and setting
‘-min_length 50,000’. The filtered ONT reads were assembled with the PacBio

single-molecule real-time (SMRT) reads using hifiasm v0.19.6-r595

(Cheng et al., 2022; Cheng et al., 2024) in hybrid mode where the nanopore data
was supplied with setting ‘—ul’ and an estimated genome size of 0.8 Gbp. For
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k-mer analysis, we used Jellyfish v2.2.10 (https://github.com/gmarcais/Jellyfish)

and GenomeScope (http://gb.cshl.edu/genomescope/) with default parameters (k

= 23). PurgeHaplotigs v1.1.2 (Roach et al., 2018) was used to remove duplicate
sequences. The Pore-C sequences were virtually digested using pore-c-py
‘digest’  (https://github.com/epi2me-labs/pore-c-py) and aligned with the
previously generated genome using minimap2 v2.25 (Li et al., 2018). Aligned files
were annotated using pore-c-py ‘annotate’ in paired-end mode (with settings
‘--monomers --chromunity --chromunity_merge_distance -1 --paired_end
--filter_pairs --paired_end_minimum_distance 100
--paired_end_maximum_distance 200’) and duplicates were removed using
picard v2.21.8 with setting ‘MarkDuplicates’
(https://github.com/broadinstitute/picard) and default parameters. The aligned
Pore-C data were then used by yahs scaffolder v1.1 (Zhou et al., 2022) to
scaffold the contig assembly, followed by manual curation using Juicebox
Assembly Tools v1.11.08 (Dudchenko et al., 2018). Quality was assessed using
Quast v4.6.3 (Gurevich et al.,, 2013) and BUSCO v5 (Siméo et al., 2015) to

provide information on assembly completeness and genome quality.

Finally, the two resulting haplotypes constructed by hifiasm were scaffolded to the
haploid genome representation using RagTag v2.1.0 (Alonge et al., 2022) using
correct and scaffold with default parameters to obtain complete chromosome
scale haplotypes. Synteny and structural rearrangements were visualized using

Syriv1.7.0 (Goel et al., 2019) with default parameters.

Single nucleotide polymorphisms (SNP) were called using Freebayes v1.3.6
(Garrison & Marth, 2012) with DNA short reads and default parameters for diploid
organisms. SNPs were then annotated using SNPEff v5.2c (Cingolani et al.,
2012). Furthermore, SNPs were functionally annotated using MapMan protein
classes, and an enrichment analysis based on these classes was conducted
using R Studio (version 2023.06.0, RStudio Team, 2023).
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4.2.3.5 Geno
me
analys
is
Methylated site probabilities from mapped PacBio reads were generated using

pb-CpG-tools v2.3.2 (https://github.com/PacificBiosciences/pb-CpG-tools) with a

threshold of 75% for methylated motifs and were plotted with gene density, GC
content and TE abundance, heterozygous SNP rate, stop gained and stop lost
SNP Codons in 1-Mb windows using the R circlize package v0.4.15 (Gu et al.,
2014). Furthermore, we used the EDTA (Ou et al., 2019) pipeline and
LTR retriever ‘LAI’ v2.9.8 (Ou and Jiang, 2018), CRAQ v1.0.9a (Li et al., 2023)
and Meryl v1.4 followed by Merqury v1.3 (Rhie et al., 2020) for quality validation

using the Pacbio reads.

We used blastn in BLAST v2.15.0+ (Camacho et al., 2008) to compute the
synteny of 73 SNPs common to the SCRI 9328 and MP7 linkage map (Russell et
al., 2011) and our genome assembly. Quality parameters were visualized using R
Studio base v2023.06.0 (RStudio Team, 2023).

The scaffolded genome assembly was annotated using Helixer v0.3.1 (Holst et
al., 2020) with the model 'land_plant v0.3_a 0080.h5' and StringTie v2.2.1
(Shumate et al., 2022) with RNA-Seq lllumina short-reads and cDNA nanopore
RNA-Seq reads. Splice junctions were detected with Portcullis v1.2.0

(https://github.com/El-CoreBioinformatics/portcullis) and analyzed with the

Helixer and StringTie annotation results in Mikado v2.3.0 (Mapleson et al., 2018).

The transcriptome and proteome were extracted from the annotated genome
using Gffread v0.12.4 (Pertea and Pertea, 2020). The resulting protein
sequences were used in Mercator and MapMan4 v5.0 (Schwacke et al., 2019) for
functional gene annotation. Transcriptome quality was assessed using BUSCO
Vo,
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4.2.3.6 cDNA

library

constr

uction

and

seque

ncing
Total RNA was extracted from leaves and roots of adult plants of treated and
control plants using the RNeasy Plant Mini Kit (Qiagen, Hilden, Germany)
according to the manufacturer’s recommendations, with minor changes. Briefly,
50 mg of frozen tissue from each plant was lysed (1.5 M NaCl, 2% CTAB, 30 mM
EDTA pH 8, 100 mM Tris-Cl, 2% B-mercaptoethanol in RNase-free water) for 10
min at 70 °C. Further extraction and on-column digestion with DNase | was
carried out according to Qiagen recommendations. RNA quality was monitored
as described above for DNA. For cDNA sequencing, 200 ng of RNA per sample
was used in a strand-switching step followed by cDNA amplification by PCR
using primers containing 5' tags according to the ONT protocol for cONA PCR
sequencing (SQK-PCS111). We then added rapid sequencing adapters and
loaded 25-55 ng onto primed 9.4.1 Spot-On Flow Cells for sequencing using a
PromethlON device.
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4.2.3.7 Analy
sis of
gene
expres
sion
of
select
ed
droug
ht-res
ponsiv
e
genes
by
qRT-P
CR

Based on the results of the RNA-Seq analysis, genes responsive to the drought
stress treatment were selected for validation of their expression in leaves and
roots of adult plants and leaves in young plants (Supplemental Material Table
S10). Actin and elF4A (JuSkyté et al., 2022; Hedley et al., 2010) were selected
for normalization. For cDNA synthesis, 1 ug of RNA was reverse transcribed into
cDNA using iScript cDNA Synthesis kit (Bio-Rad) in a 20 yL reaction following the
manufacturer's instructions. Quantitative real-time PCR of selected genes was
conducted with a CFX Opus 384 Real-Time PCR System (Bio-Rad). The
amplification was carried out in a reaction mixture containing 5 puL iQ SYBR
Green Supermix (Bio-Rad1 pL of primers (mix of forward and reverse primer,500
nM), and 4 uL cDNA (diluted 20-fold) in triplicate for each sample and gene. The
PCR program started with polymerase activation at 95 °C for 3 min, followed by
39 cycles of cDNA denaturation at 95 °C for 10 s, annealing and amplification at
60 °C for 30 s, and a melt curve analysis at 65-95 °C with an increment of 0.5 °C
and 5 s per step at the end. The qRT-PCR was performed by Sarah Spettmann

and Franziska Genzel.

The relative gene expression and fold change (FC) were determined using the

threshold cycle value (C,) and efficiency based 272°; method described by
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Ganger et al. (2017), with a modification where log, transformation was applied
instead of log,. The reaction efficiencies were calculated using Real-time PCR
Miner (Zhao & Fernald, 2005) averaged for each gene for tissue and treatment.
Actin and elF4A were employed as internal reference genes for normalization.
The log, fold changes (log,FC) were visualized in a heatmap, depicting the
upregulation and downregulation of the analyzed genes. Data processing and
visualization were performed in R v4.2.2, utilizing the RColorBrewer v1.1-3, dplyr

v1.1.4, and EnrichedHeatmap v1.28.1 packages.

4.2.3.8 Evalua
tion of
the
droug
ht
stress
experi
ment
The cDNA long reads were mapped onto the transcriptome assembly using
Minimap2 assembler v2.25 (settings ‘-ax splice -ts’) (Li et al., 2018). The read
count was quantified using Salmon v1.10.1 (Patro et al., 2017). Paired-end
lllumina short reads for leaf samples of young plants were pseudo-mapped and
quantified using Salmon v1.10.1. DEGs were identified using edgeR v3.40.1
(Robinson et al., 2010) and we calculated the p values and adjusted p values
(FDR). The transcripts per million (TPM) data were evaluated by PCA.
Furthermore, overrepresentation analysis based on MapMan annotation was
used to find drought stress-related pathways in leaves and roots, and candidate

genes were then selected.

4.2.3.9 Metab
olite
analys

is

Metabolites in leaf and root samples of adult plants and leaf samples of young
plants were analyzed by GC-MS and were kindly performed by Dr Vallarino and

Prof Osorio (Osorio et al., 2012, Vallarino et al., 2018). Mass spectra were
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compared with the Golm Metabolome database for identification (Kopka et al.,
2005). Metabolomic data were log,-transformed and the average values were
calculated for control and treated tissues. The data were normalized against the
average values of the control samples. To assess the significance of differences,
we calculated the log, fold change (log,FC), p values (t-test), and adjusted p
values (FDR, Benjamini-Hochberg). The statistical tests were used to detect
significant differences between the control and stressed samples for each

metabolite. The data were visualized using enhanced volcano plots.

4.2.3.10 Data

integr

ation
A database was built using MariaDB v10.6.5 to establish a connection between
the transcriptome and metabolome. Protein sequences representing land plant
genes with known functions were extracted from the UniProt SWISSPROT
database (May 2022) and linked to MapMan protein classes. These annotated
genes were supplemented with associated enzymatic reactions from the RHEA
database (https://www.rhea-db.org/). The substrates and products of each
reaction were linked to their CHEBI (https://www.ebi.ac.uk/chebi/) and PubChem
(https://pubchem.ncbi.nim.nih.gov/) IDs. We then used the hierarchical
organization of MapMan bins, which categorize major biological processes as
top-level bins and their sub-processes as child bins, to establish connections
between the enzymatic reactions and their associated metabolites. This was
achieved by identifying closely related DEGs that associated with these
processes and their corresponding bins. By linking the DEGs and their MapMan
protein functions to the corresponding metabolites, we established a
comprehensive understanding of the relationship between gene expression,
biological processes and metabolites. Genes associated with metabolites were
fitered by FDR < 0.05 and pathway-related genes were selected. Statistical

analysis was conducted using R Studio base v2023.06.0 (RStudio Team, 2023).
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5 Results

5.1 Visualization of omics data for plants
Omics data typically generates large and complex datasets that require thorough
analysis and effective visualization. Within plant research complex
transcriptomics data featuring many different time points and or conditions needs
to be analyzed frequently. To analyze and visualize differentially expressed genes

derived from RNA-Seq data in plant species, a function was developed.

5.1.1 Visualization of RNA-Seq data for plants
In transcriptomics, particularly when evaluating DEGs based on RNA-Seq data, it
was crucial to obtain a comprehensive overview of the dataset and the
experiment. Principal component analysis (PCA) provided an initial insight into
the main sources of variation across different conditions or variables. By
incorporating overrepresentation analysis (ORA), functional annotations were
added to contextualize gene expression patterns and highlight biologically

relevant processes.

Plotting RNA-Seq data using this developed R function required two steps of data
preprocessing. First, RNA-Seq data had to be quantified, and differential gene
expression analysis has to be performed using tools such as edgeR
(Robinson et al., 2009) or DESeq2 (Love et al., 2014). The resulting TPM values
and contrasts between experimental groups served as the basis for subsequent
PCA calculations. Second, the reference transcriptome or proteome was
processed using MapMan (Schwacke et al., 2019) to obtain functional
annotations corresponding to the analyzed genes. These processed data files

served as input for the R function.

For PCA, normalization was applied by default but can be set manually. In the
subsequent ORA, the number of genes included was determined by PCA scores
or loadings. Sample-specific attributes such as colors, symbols, and border
colors were automatically assigned but could also be customized by providing a

user-defined table.

The foundation of this plot was the PCA in the center, which plotted the

differences between the input variables of a dataset (Figure 3A). Based on the
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selected format of the input table and the chosen normalization method for the
PCA, the tool used loadings or scores to calculate an overrepresentation analysis
for defined PCA axes (e.g., PC1 and PC2) (Figure 3A, D). The log,,-transformed
enrichment factor was then plotted as a bar plot along the selected PCA axes
(Figure 3A, D). The color scheme used red and blue to indicate direction along
the axes (red = positive direction, blue = negative direction), with color gradations
based on the p-value (Figure 3B). The legend was plotted on the bottom left
(Figure 3C). The five genes with the highest loadings or scores in the positive
and negative directions were plotted above and to the right of the PCA, using the

same color scheme as the bar plots (Figure 3E, G).
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Figure 3: Example of combined principal component analysis (PCA) and overrepresentation analysis
(ORA\) results based on transcripts per million (TPM) values of differentially expressed genes (DEGSs).
A) ORA represented as a barplot of log,, enrichment factor (ERF) for MapMan protein classes based on
PCA loadings in positive (red) and negative (blue) direction of PC2. B) Legend of adjusted p-values for ORA
in positive (red) and negative (blue) direction of PC1 and PC2. C) Legend of PCA. D) ORA represented as a
barplot of log,, enrichment factor (ERF) for MapMan protein classes based on PCA loadings in positive (red)
and negative (blue) direction of PC1. E) Genes highly implicated in the positive (red) and negative (blue)
separation of PCA are depicted on PC1. F) PCA plot of RNA-Seq data. G) Genes highly implicated in the
positive (red) and negative (blue) separation of PCA are depicted on PC2.

In addition to the main plot, several individual plots were generated and saved in

a PDF file (Figure 4). This file included an elbow plot to assess the importance of

44



06

5 Jeaves
REashPT_eaves

038 0.39

Publications

the principal component (PC) axes in the experiment (Figure 4A), a PCA plot
based on scores and loadings (Figure 4B, C), and PCA plots displaying all

combinations of the first three PC axes (Figure 4D-F).
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The principal component analysis and overrepresentation analysis plot
(PCA-ORA plot) and the resulting tables were employed to provide initial insights,
offering a general overview of data distribution, separation, or clustering of data
points, and to identify key MapMan protein classes (Schwacke et al., 2019)
associated with the transcriptomic responses. To demonstrate a typical
application of this plotting function, RNA-Seq data from strawberry, generated
using lllumina short reads (Chapter 5.2.3), and blackcurrant data, obtained from
Oxford Nanopore long reads (Chapter 5.3.4), were utilized. Here, various
biological experiments were plotted to visualize gene expression profiles,
investigating early floral initiation events on molecular level in strawberry and
preliminary insights into the drought stress response in adult and juvenile plants

of R. nigrum.
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5.2 Phenotypic and transcriptomic variation of floral
initiation in Fragaria x ananassa

The molecular regulation of floral initiation in the cultivated strawberry
Fragaria x ananassa under natural conditions remains poorly understood. This
study investigated early molecular events during floral initiation through
transcriptomic analysis, considering both genotype and environment. RNA-Seq
data were analyzed from leaf and terminal bud tissues of two cultivars—'Clery'
(CL) from lItaly and 'Gariguette’ (GA) from France—grown in France and
Germany. Sampling occurred during the transition from the vegetative phase to
early floral initiation in the shoot apical meristem (SAM) (weeks 29, 32, 33, and

35).

5.2.1 Phenotypic variation of floral initiation according to the
environment and the cultivar

We investigated floral initiation over time by dissecting the terminal bud in
cultivars CL and GA and observing the SAM from the middle of July until the end
of October over 3 years (2016—-2018) in two different environments in France and
Germany. The SAM in the terminal bud was always vegetative on the first
sampling date in July regardless of the genotype or location (Figure 5). The SAM
transitioned to a floral identity when its apical dome rose above the level of the

developing stipules (Kruger et al., 2022).
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Figure 5: Evolution of the percentage of floral initiated plants of strawberry per cultivar (‘Clery’,
‘Gariguette’) and location (GE: Germany, FR: France). Plants were categorized as floral initiated when
the stage of the SAM was at least 2 (TB dome raises above the developing stipules). Dates for sampling for
RNA-Seq analysis of leaf and terminal bud are highlighted by arrows and their week of sampling week 29
(TO), 32 (T10A), 33 (T10B) and 35 (T50).

Because different plants were tested in each sample, the percentage of initiated
plants (those with a floral terminal bud) fluctuated between consecutive sampling
dates. The beginning of floral initiation was similar in France and Germany, with a
low percentage (<10%) of initiated plants during the first weeks, rising steadily
and then jumping from 20-40% to 90-100% in a single week (Figure 6). In
Germany, this week was in the middle or at the end of August (depending on the
year) whereas in France it was in the middle or at the end of September (Figure
6).
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Figure 6: Evolution of the floral developmental stage of the shoot apical meristem (SAM) of
strawberry per cultivar (‘Clery’, ‘Gariguette’) and location (GE: Germany, FR: France). The scale of the

SAM is reported in Supplemental Figure S1A.

Floral initiation was followed by organogenesis in the SAM, resulting in the

formation of an entire inflorescence with differentiated flower organs (still in the

terminal bud, Figure 1). SAM development into an inflorescence followed the

same tendency every year at both locations, although it occurred earlier for

genotype CL than GA, and earlier in Germany than in France, as anticipated

given the earlier floral initiation in Germany (Figure 6).

5.2.2 Choosing relevant dates of sampling for studying the first

stage of floral initiation

Samplings for RNA-Seq were performed at three timepoints, when all plants were

vegetative (TO, 0% of initiated plants), T10 when about 10% of plants were

initiated and T50 when about half of plants were initiated (50%). Because of

genotype and environmental effects, these timepoints can differ by year, the
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location and the genotype (Table 1; Figure 5). For TO, RNA leaf and TB samples
were obtained from daughter plants just sampled from their mother plants in the
‘calendar week 29/30” (CL_GE16_TO, GA _GE16_T0, CL_FR16_TO,
GA_FR16_T0, CL_FR18_T0, GA_FR18_TO0).

Table 1: Floral initiation [%] for sample extraction dates of strawberry leaf (L) and terminal bud

(terminal bud, TB) tissue for locations in France (FR) and Germany (GE) and the cultivars Clery (CL)
and Gariguette (GA).

Date Wee Floral
ID Location Year  Cultivar observation Tissue K Timepoint initiation
[%]
Starting Point (TO0)
CL_GE16_T0 GE 2016 CL 2016-07-19 L, TB 29 T0 0
GA_GE16_T0 GE 2016 GA 2016-07-19 L, TB 29 TO 0
CL_FR16_TO FR 2016 CL 2016-07-16 L 29 TO 0
GA_FR16_T0 FR 2016 GA 2016-07-16 L 29 TO 0
CL_FR18_TO FR 2018 CL 2018-07-24 L 30 TO 0
GA_FR18_T0 FR 2018 GA 2018-07-24 L 30 TO 0
Floral initiated plants
Early floral initiation (around 10% of initiated plants) (T10)
CL_GE16_T10 GE 2016 CL 2016-08-30 L, TB 35 T10 8.3
GA_GE16_T10 GE 2016 GA 2016-08-09 L, TB 32 T10 8.3
CL_FR16_T10 FR 2016 CL 2016-08-22 L 33 T10 0
GA_FR16_T10 FR 2016 GA 2016-08-22 L 33 T10 16.6
CL_FR18_T10 FR 2018 CL 2018-08-09 L 32 T10 11.1
GA—F? 8_T1 FR 2018 GA 2018-08-09 L 32 o 0
Floral initiation continued (around 50% of initiated plants) (T50)
CL_GE16_T50 GE 2016 CL 2016-09-09 L 36 T50 75
GA_GE16_T50 GE 2016 GA 2016-09-09 L 36 T50 75
CL_FR16_T50 FR 2016 CL 2016-09-12 L 37 T50 25
GA_FR16_T50 FR 2016 GA 2016-09-12 L 37 T50 41.1
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For the second timepoint (T10), the percentage varied from 0% to 17%. 0%
initiated was observed in two samples: (1) CL_FR16 but the percentage was
8.3% 10 days before, and (2) GA_FR18, with a percentage of 11% the week after
(Figure 2; Table 1). The samples were: CL_GE16_T10, GA_GE16_T10,
CL_FR16_T10, GA_FR16_T10, CL_FR18 T10, GA_FR18_T10. Four samples
were recovered at the third timepoint T50: CL_GE16_T50, GA GE16_T50,
CL_FR16_T50, GA_FR16_T50.

5.2.3 Transcriptome variation in strawberry leaf and terminal bud
in floral initiation

To find differences and similarities between cultivars during early floral initiation,
the RNA-Seq samples for leaf and terminal bud were compared using a
combination of PCA and ORA. All three replicates of each sample were grouped,
confirming their homogeneity. For the leaf samples (Figure 4), the gene
expression patterns for cultivars CL and GA grown in France were initially similar
(CL_FR16_T0 and GA_FR16_TO0) but began to segregate along the PC1 axis by
stage T10 (CL_FR16_T10 and GA_FR16_T10). This was attributed to genes
associated with photosynthesis, uptake of transition metal ions, phytohormone
activity, lipid metabolism, and RNA biosynthesis. Notably, for both cultivars at
both locations at stage T10 (w32, w33 and w35), a more pronounced separation
was observed along the PC2 axis. The separation patterns of both cultivars

aligned closely across these time points (Figure 7).
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In Germany, cultivars CL and GA were separated along the PC2 axis from the
first time point TO (CL_GE18 _TO and GA_GE18_TO0), particularly for protein
classes involved in cellular respiration, cell wall organization, protein modification,
and multi-process regulation (Figure 7). But by stage T10, the cultivars were
dispersed clusters, which disguised the separation between them
(CL_GE18_T10 and GA_GE18_T10A).

For TB tissue (Supplemental Material Figure S3), the FI of GA_FR18 during the
developmental progression is delineated along the PC1 axis. Notably, protein
homeostasis, biosynthesis, and the multi-process regulation of phosphoinositide
exerted a substantial influence on the separation observed between week 29
(w29), w32 and w35. Moreover, the segregation evident for T10 (w32) exhibited
an impact in the PC2 axis, with protein classes such as cell wall organization of
lignin, RNA processing, and secondary metabolism of phenolics playing a pivotal
role. Comparably, for GA_GE16_TO and T10, as well as CL_GE16_TO0 and T50,
analogous outcomes were discerned in terms of separation. While the cultivars
CL and GA exhibited distinct separation along the PC1 axis in TO, both cultivars

demonstrated similar results in T10 and T50.

5.24 Common DEGs between T0 and T10 in first stage of floral
initiation

We chose to focus on the little-known process of early Fl in natural conditions by
analysing differential expression between the two first timepoints TO (w29) and
T10 (w32, w33, or w35 according to the country and the year). We compared in
pairs the transcript profiles of the TO and T10 samples, within each cultivar, CL or
GA and within organ, L or TB. As an example, pair comparison was named
CL_GE16_T0xT10 when transcripts of the sample CL_GE16_TO were compared
with the ones of the sample CL_GE16_T10. A L or TB was added to the end of
the name according to comparisons concerned by LF or TB. In total analysis that
included all pair comparisons, a total of 71,369 DEGs were identified (FDR

corrected p-value < 0.05 used in all).

Focusing on leaves, the two pair comparisons for CL from GE and FR -
CL _GE16_TOxT10L and CL _FR16 _TOxT10L - revealed 7,119 DEGs
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(Supplemental Material S2A). For the cultivar GA, similar pair comparisons -
GA_GE16_TOxT10L, GA_FR16_TOxT10L and GA_FR18_TOxT10L, revealed 787
DEGs in common (Supplemental Figure S2B). In total, the two cultivars shared
417 DEGs in L.

The TB tissue of cultivar CL for comparison - CL_GE16_TOxT10TB - showed
3,385 DEGs. The contrasts of cultivar GA — GA_GE16_TOxT10TB and
GA_FR18_TOxT10TB - revealed 1549 DEGs. Pair contrasts using both cultivars
resulted in 1,208 shared DEGs in TB (Supplemental Material S2C).

To identify additional protein classes involved in FI, we conducted an enrichment
analysis for MapMan protein classification on common genes. In the leaf tissue of
CL, particularly in plant reproduction flowering modulation, enzyme activity,
secondary metabolism related to terpenoids, and carbohydrate metabolism
related to starch protein classes were enriched (Figure 7). Conversely, leaf tissue
of GA exhibited notable enrichment in response to multi-stress, cytoskeleton
organisation related to microtubular network, chromatin organisation and
structure, phytohormone action, carbohydrate metabolism and RNA biosynthesis
(Figure 8) Moreover, the common DEGs between CL and GA demonstrated a
peak solute transport channel, cell wall organisation related to pectin

rhamnogalacturonan, cell division and photosynthesis (Figure 7).

In TB tissue of CL, classes of proteins like those in leaf tissue were found, such
as carbohydrate metabolism and amino acid metabolism of aspartate and cell
wall organisation of hydroxyproline-rich glycoprotein. Additionally, DEGs showed
high enrichment in RNA biosynthesis of bZIP TF superfamily circadian clock
system, and photosynthesis (Figure 8). In TB tissue of GA, we have found high
enrichment for protein classes of secondary metabolism related to terpenoids and
external stimuli response. We also found cell wall organisation related to pectin
rhamnogalacturonan, redox homeostasis and photosynthesis (Figure 8).
Overlapping DEGs between both cultivars of TB tissue belonged to highly
enriched protein classes of chromatin organization of chromatin structure,

cytoskeleton organization of microtubular network, serine/threonine phosphatase
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superfamily, cell division, cell wall organization cellulose, RNA biosynthesis of

bZIP TF and plant reproduction flowering (Figure 8).
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impact on the differences

observed during the Fl stage of both tissues. Furthermore, multi-process

signalling and phosphoinositide, cytoskeleton organization as well as cellular

respiration were the protein classes that differed most between the two sites,

Germany and France.

5.2.5 Overview of DEGs in the first stage of floral initiation

highlight known genes involved in the flowering pathway

Within these common DEGs for different genotypes and tissues, several genes

related to plant reproduction of flowering and TF were identified based on a

literature search. Analyses highlighted DEGs specific to the location (GE or FR),

to the tissue (leaf or TB) or to the combination of location and tissue (Figure 9).
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Notably, in the case of transcription factors, eight DEGs of the bHLH-type
transcription factor/ transcriptional co-activator FBH were predominantly
downregulated in leaf tissue for both genotypes for the GE location in the
beginning (TOxT10), whereas these transcription factors showed a trend of
upregulation in leaf tissue for both genotypes in the FR location for the early
stages of FI (TOxT10).

During FI (TOxT10) seven genes encoding for CONSTANS-like (COL) proteins
were differentially expressed (Figure 9). The variation of the expression of these
COL genes in the leaves and from TO to T10 was dependant on the location with
a significant decrease in both cultivars in Germany (CL_GE16_TOxT10L and
GA_GE16_TOxT10L) while an increase was observed in France
(GA_FR16_TOxT10 and CL&GA FR18 TOxT10). The downregulation of COL
genes was observed in all samples in the TB tissues. However, in the comparison
involving CL_FR16_TOxT10L, there was significant upregulation observed in five
COLs genes in leaf tissue. In contrast to TB tissue, differential expression
analysis of COLs revealed a strong, shared downregulation of five genes across
both cultivars. Additionally, the French cultivar GA exhibited significant

downregulation in two specific genes (Figure 9).

DEGs encoding the regulatory protein GIGANTEA (Gl) exhibited significant
downregulation in L and TB for TOxT10 for the plants grown at the FR location,
while they were upregulated in leaf samples for the whole period of FI of the DE.
In the early stage of FI FD-like transcription factors, TFL1 showed little to no
expression in L tissue. In contrast a significant upregulation was found in TB

tissue (Figure 9).

In addition, several MADS/AGL-type genes showed differential expression.
Specifically, the gene FxaC_19g36190 displayed significant upregulation across
almost all comparisons in both tissues, except in TB tissue of cultivar GA. Among
the DEGs associated with SVP/AGL24, the gene FxaC_17g50871 exhibited
upregulation in leaf tissue across both French cultivars (TOxT10) but displayed
downregulation in TB tissue specifically within the GE location comparisons
(Figure 9).
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DEGs of the TFs MYB3R1 were upregulated for all contrasts and especially in TB
tissue. For the gibberellin pathway we have found several TFs such as DELLA
and GRAS-type TF. Some of these showed a significant downregulation for leaf
tissue of CL grown in GE and for TB of both cultivars, while most genes in the
CL_FR16 leaf tissue were upregulated for TOXxT10. Four DEGs of GRAS-type
transcription factor showed downregulation in all leaf samples and one
CL_GE16_ TOxT10 for TB, while other DEGs were upregulated in all TB
samples. However, GA samples in general showed lower significance than CL
across countries and years. We identified two DEGs that belong to the small
regulatory polypeptide DEVIL/ROT-FOUR-LIKE (DVL/RTFL) family. They show a
similar expression pattern as Gl genes for both genes. The second gene
(FxaC_4g34880) exhibited significant downregulation only in leaf and TB of GA
grown in FR in 2018 (Figure 9).
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Considering the octoploid status of cultivated strawberry (2n = 8x = 56) up to

eight homoeoalleles for each gene located at orthologous location on the four
subgenomes (A, B, C, D) of £ x ananassa may be expressed. However,
expression of a gene can be due to only some of the four subgenomes. We
illustrate hereafter different situations with different genes (Figure 9). Expressions

of homoeoalleles belonging to the four subgenomes were observed for the bHLH
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transcription factor on the homoeologous group 6. They were all significantly
downregulated for both genotypes and the GE location in TB tissue (Figure 10).
Similarly, FanRGA, a DELLA transcription factor, was expressed in the four
subgenomes of the homoeologous group 4. They were all significantly
downregulated in CL in GE, while only alleles of a single genome

(FxaC_15g03340) were significantly downregulated in GA (Figure 10).
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Concerning flowering genes, FanFD was expressed in the four subgenomes
while FanTFL1 was only expressed in two subgenomes. These genes exhibited
significant upregulation for most TB samples but no significant regulation in leaf
tissue (Figure 9 and 10; FDR<0.05).

5.2.6 Comparative analysis of selected genes in floral initiation

based on reference data in cultivated strawberry
We compared our DEGs to those reported in a previous study of floral initiation in
the cultivated strawberry cv. Benihoppe (Liang et al., 2022). This revealed 19
common DEGs in leaf or terminal bud tissues, from which we selected six
expressed in the terminal bud and associated with hormone pathways or

carbohydrate metabolism for analysis at the subgenomic level (Figure 11).

One gene encoding a type 2C protein phosphatase (PP2) involved in the abscisic
acid (ABA) pathway was significantly downregulated in three subgenomes across
both locations and cultivars, except subgenome 7C (FxaC_28g02380) in
Germany and subgenome 7D (FxaC_26g04770) in the terminal bud (Figure 11).
Furthermore, the EIN3 gene encoding a brassinosteroid ethylene-like
transcription factor was downregulated in three subgenomes but strongly
expressed in subgenome 7A (FxaC_25g07481) in the terminal bud in both
Germany and France (Figure 11; FDR < 0.001). The XTH23 gene involved in
ethylene signaling was only significantly downregulated in subgenome 4A for
both locations and both cultivars (FDR < 0.001). The expression of
FxaC_15933220 on subgenome 4B was significantly downregulated for cultivar
CL in Germany (Figure 11; FDR < 0.05). In the context of carbohydrate
metabolism, a TPS gene in homoeology group 4 was expressed at different
levels depending on the subgenome, with significant downregulation in
subgenomes 4C and 4D only in Germany, but significant downregulation in

subgenomes 4A and 4B for both cultivars at both locations (Figure 11).
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Figure 11: Whisker-boxplots illustrating TPM values for the candidate genes of PP2, EIN3, XTH23,
TPS, FER4 and BRNII involved in the pathways of abscisic acid, brassinosteroid, ethylene signaling
and carbohydrate metabolism and their homologous sequences across various dates during the
floral initiation stage in Fragaria x ananassa TB tissue, comparing the genotypes Clery and
Gariguette at German (GE) and French (FR) locations. The genotype Clery (CL) is highlighted in blue and
for Gariguette (GA) in purple. Significance levels are stated as FDR<0.001 ***, FDR<0.01 ** and FDR<0.05

*
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We analyzed two DEGs associated with leaf and/or floral development. The
FanFER4 gene, involved in leaf development, was significantly downregulated in
both cultivars at both locations (FDR < 0.01) in subgenomes 7A and 7D, but the
expression in subgenome 7B was only significant in Germany (FDR < 0.001).
Three homeologous alleles of FER4 were identified on chromosome 7 (FDR <
0.05), and the fourth was located on chromosome 3 (Figure 11). The BRN1 gene
encoding an RNA-binding protein involved in the regulation of flowering time was
significantly upregulated in subgenomes 2C and 2D for cultivar GA in France and
in subgenome 2B at both locations (Figure 11; FDR < 0.05).

Key gene expression profiles and differences between the cultivars “Clery” (CL)
and “Gariguette” (GA) across two environments (Germany and France) were
identified. Genes such as PP2, EIN3, XTH23, TPS, FER4, and BRNII, along with
transcription factors including FBH, CO, and G/, were implicated in early floral
initiation.  Additionally, pathways related to carbohydrate metabolism
reprogramming, phytohormone signaling, and photoperiod-dependent regulation

were associated with the early stages of floral initiation in strawberry.

5.3 Quality assessment of Pore-C data on the
tetraploid haplotype genome assembly of S.

tuberosum cv. Altus
The ONT Pore-C is a sequencing-based method used to investigate the
three-dimensional organization of the genome. Similar to Hi-C or Omni-C, it
provides a detailed view of chromatin interactions, including those between

regulatory elements such as enhancers and promoters.

To determine the suitability of Pore-C reads of the potato (S. tuberosum) cv. Altus
data was digested and aligned against a tetraploid haplotype reference genome.
Overall, 138,371,859 contacts with a cis:trans ratio of 2.18 were found (Table 2).
The cis:trans ratio represents the proportion of chromatin interactions occurring
within the same chromosome (cis) relative to those occurring between different
chromosomes (trans). This ratio serves as a key quality metric, reflecting the
accuracy of chromatin conformation capture and providing insights into genome

organization and long-range regulatory interactions.
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Table 2: Pore-C metrics of all samples after alignment to the reference genome of S. tuberosum and
deduplication.

Pore-C metrics

Total reads 138,371,859
Total unmapped reads 63,798,807
Total mapped reads 24,589,048
Uniquely mapped reads 18,399,035
Duplicated reads 6,190,013

Cis contacts 12,608,812
Trans contacts 5,790,223

cis:trans ratio 218

In total 7 samples were taken some in spring (March& April) and some in summer
(August). Samples 1-3, taken in March and April, exhibited a notably higher
cis:itrans ratio (>5) compared to samples 4-7, collected in August, which
displayed a cis:trans ratio ranging between 0.75 and 0.89 (Supplemental Material
Table 1).

To further evaluate the quality of the data, corrected Pore-C counts for genomic
distances for a resolution of 10kb were plotted, showed a distribution for all
Pore-C samples of S. tuberosum and reflecting the proportion of long-range and
short-range contacts (Figure 12). The data from Sample2 and Sample3 collected
in spring exhibit a strong correlation, and Sample1 also displayed a slight
correlation with these samples. However, the remaining samples collected in
August (4-7) showed correlations among themselves but not with samples 1-3
(Figure 12).
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Figure SEQ Figure \* ARABIC 12: Comparison of corrected Pore-C counts of seven biological
replicates for leaf tissue of 5. tuberosum cv. Altus by genomic distance at a 10 kb resolution.

Additionally, the comparison between short range and long-range contacts
showed slight differences between the Pore-C samples (Figure 13). While
samples 1-3 and samples 4-7 showed no significant difference among
themselves (p-value>0.1), there is a significant difference (p-value<0.001)

between the samples 1-3 and samples 4-7 (Figure 13).
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Figure 13: Whisker-boxplots representing the relation between short- and long-range interactions for
biological replicates for leaf tissue of S. tuberosum cv. Altus. The data points show the ratio per
chromosome for the first 63 chromosomes of the reference assembly.

Pore-C contact matrix of raw data showed intra/inter-chromosome interaction to
the haplotype-resolved reference genome assembly of S. tuberosum
(Mari et al., 2023) (Figure 14). A distinct linear diagonal pattern was evident,
depicting intrachromosomal interactions across the genome, while a
checkerboard-like structure illustrated potential interchromosomal interactions
(Figure 14).
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Seasonal differences in S. tuberosum chromatin organization were observed
using Pore-C data. Spring samples (1-3) showed a higher cis:trans ratio and
distinct long-range contact patterns compared to summer samples (4-7), which
exhibited lower cis:trans ratios and different interaction profiles. These findings

indicate significant seasonal variation in chromatin conformation.
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5.4 Constructing the R. nigrum genome for assessing
drought stress-induced transcriptomic and

metabolomic responses

The German Ribes nigrum cultivar Rosenthals Langtraubige was selected for
genomic analysis due to its vigorous, spreading bushy growth, and
medium-sized, early-maturing berries with a high vitamin C content. To gain
molecular insights into the drought stress response, we generated a genome
assembly as a foundation for constructing the transcriptome. This allowed us to
analyze RNA-Seq data from leaf and root tissues of adult plants. Additionally,
metabolite profiling was integrated to provide a comprehensive view of the
drought response. To validate our findings, a further drought stress experiment

was conducted using young plants and leaf tissue.

5.41 Ribes nigrum genome sequencing and assembly

The German blackcurrant cultivar Rosenthals Langtraubige was selected for
genomic analysis due to its robust, widely branching bushy growth form and
medium-sized, early ripening berries with high vitamin C content. We utilized a
combination of PacBio HiFi sequencing, ONT sequencing, and the Pore-C
method for nanopore chromosome conformation capture to generate a
high-quality genome assembly. Specifically, we employed hifiasm (UL), using
PacBio HiFi reads for initial string graph assembly and ONT nanopore data as
“ultralong” reads, which hifiasm integrated into the string graph to produce the
final assembly (Cheng et al., 2024). Furthermore Pore-C contact data was
generated as for potato. (Incorporating the Pore-C data enabled us to construct a
genome-scale assembly totaling 871,555,738 base pairs (bp) (Figure 15), with
99.03% of the sequence (867,416,594 bp) anchored to eight
pseudo-chromosomes (Figure 14, 15).
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We next investigated dene density and epigenetic patterns of CpG methylation.
Our analysis revealed a gene distribution pattern characteristic of many plant
genomes, with genes enriched at chromosome ends and fewer near centromeric
regions, which were instead populated by transposable elements (TEs), high

levels of CpG methylation, and increased GC content (Figure 16).
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K-mer analysis estimated the genome size at approximately 800 Mb with a
predicted heterozygosity of 0.75%, indicating a relatively heterozygous genome

for Rosenthals Langtraubige blackcurrant (Figure 17).
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Genome quality assessment using the k-mer analysis tool Merqury (Rhie et al.,
2020) indicated a high consensus-based quality value (QV) of 57.50 and a k-mer
completeness rate of 98.59%, demonstrating a highly accurate and
comprehensive genome assembly. Telomeric sequences were detected at the
beginning of chromosomes 2 and 4, as well as the ends of chromosomes 3, 5, 6,
and 7, with chromosome 8 achieving a complete telomere-to-telomere assembly
(Figure 17). The assembly exhibited minimal gaps, with a low gap content of 0.16
Ns per 100 kbp, and a long terminal repeat (LTR) assembly index (LAI) of 14.77,
comparable to established reference genome standards such as Arabidopsis
thaliana (Arabidopsis) (Table 3) (Ou et al., 2018).

Supporting these high-quality metrics, the CRAQ quality analysis (Li et al., 2023)
reported a low clip-based regional error rate (CRE = 0.39) and a minimal
clip-based structural error rate (CSE = 0.02). The regional and structural
assembly quality indicators (R-AQI = 96.13 and S-AQIl = 97.87) exceeded the
threshold of 90, reflecting reference-grade assembly quality according to Li et al.
(2023). Further validation using BUSCO (Benchmarking Universal Single-Copy
Orthologs) analysis (Siméo et al., 2015) yielded a gene completeness score of
98.3% and a duplication rate of 3.9%, affirming the near-complete coverage of
single-copy orthologs within the genome assembly. Collectively, these results
underscore the exceptional accuracy and completeness of our de novo genome

assembly.
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Table 3: Assembly statistics for the R. nigrum genome at the pseudo-chromosomal level. (QV =
quality value based on k-mers; LAl = LTR assembly index; R-AQI = regional assembly quality index; S-AQI =

structural assembly quality index).

Genome features R. nigrum genome assembly
No. of chromosomes 8
Total length [bp] 867,416,594
GC content [%] 36.97
N per 100 kbp 0.16
k-mer completeness 98.60
Qv 57.50
CRE(R-AQI) [%] 0.39 (96.13)
CRE(S-AQI) [%] 0.02 (97.87)
LAI 14.77

We compared the R. nigrum genome assembly to existing genetic data by
aligning 73 SNPs with the linkage map derived from the blackcurrant SCRI 9328
population (Russell et al., 2011) (Figure 18, Supplemental Material Table S4).
SNP markers associated with the same linkage group were consistently located
on the corresponding chromosome within our assembly, and the markers
exhibited a largely collinear alignment. Notably, while SNPs from linkage group
LG7 were collinear with our assembly, they were positioned exclusively at the

start of pseudo-chromosome 7 (Figure 18).
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Transposable elements (TE) in the blackcurrant genome were identified using the
EDTA pipeline (Ou et al., 2019), revealing that TEs comprise 73.33% of the
genome (Table 2). Approximately half of these TEs are LTRs, with Gypsy
elements constituting 30.35% and Copia elements 9.03% of the total TE content
(Table 4). Terminal inverted repeat (TIR) elements were identified and include
CACTA, PIF-Harbinger,

Non-LTR elements, specifically long interspersed nuclear elements (LINESs),

Mutator, Tc1/Mariner, hAT, and polintron families.
represented only 0.27% of all TEs, while non-TIR helitron elements accounted for

2.96% (Table 4).

Table 4: Repetitive DNA content of the scaffolded blackcurrant genome at the anchored
pseudo-chromosome level. LTR = long terminal repeat, TIR = terminal inverted repeat.

Class Superfamily Count Masked Masked
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sequences [bp] sequences [%]

LTR Copia 93,001 78,309,531 9.03
Gypsy 201,313 261,507,560 30.15
unknown 194,422 94,960,513 10.95
TIR CACTA 64,085 25,369,267 2,92
Mutator 158,420 65,986,508 7.61
PIF-Harbinger 34,197 11,702,040 1.35
Tc1_Marnier 18,514 4,910,143 0.57
hAT 55,797 19,738,629 2.28
polintron 8 3,314 0.00
Non-LTR LINE 4,848 2,379,098 0.27
Non-TIR helitron 73,220 25,686,508 2.96
Repeat-region 147,113 45,549,242 5.25
Total 1,044,938 636,102,353 73.33

The hybrid HiFi assembly approach enabled the generation of haplotype-resolved
assemblies, yielding haplotype 1 at 900 Mbp and haplotype 2 at 885 Mbp, with
corresponding N50 values of 61 Mbp and 51 Mbp, respectively (Figure 16).
Individual k-mer analysis of each haplotype showed k-mer completeness values
of 84.74% and 84.84%, with QV of 56.96 for haplotype 1 and 58.12 for haplotype
2. These results further confirmed the high heterozygosity of the genome,
aligning with the 0.75% heterozygosity estimated by Genoscope analysis (Figure
15). Based on this heterozygosity, we conducted SNP calling between the two
haplotypes using both long-read and short-read data for SNPs, while identifying
structural variants using long-read data alone. This analysis yielded 2,176,479
SNPs and 64,644 heterozygous structural variants. Notably, lower heterozygosity

was observed in the internal regions of chromosome 7 (Figure 16c).

Further analysis identified 1,256 variants that introduced premature stop codons
and 373 variants that converted stop codons into non-stop codons (Figure 16d-¢;
Ziegler et al., 2024 Supplemental Material Table S5). Functional annotation of

SNPs revealed a significant enrichment of variants leading to premature stop
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codons in genes associated with secondary metabolism (FDR < 0.05; Ziegler et
al., 2024 Supplemental Material Table S5), while genes involved in
photosynthesis and phytohormone signalling were depleted of such variants
(FDR < 0.001; Ziegler et al., 2024 Supplemental Material Table S5).

To enhance data accessibility, RagTag was used to scaffold the two haplotypes to
the complete genome assembly, producing a streamlined chromosome-scale

representation of each haplotype (Supplemental Figure S4).

5.4.2 R. nigrum genome annotation
Genome annotation, performed with an integrative pipeline combining ab initio
and evidence-based methods, predicted a total of 42,380 gene sequences. Of
these, 86.20% were functionally annotated using Mercator (Schwacke et al.,
2019). The quality of the annotated gene models was verified through BUSCO

analysis, which indicated a proteome completeness score of 97.6%.

5.4.3 Drought stress-induced DEGs
To investigate the drought stress response in adult blackcurrant plants leaves and
roots, water was withheld for a period of four days. The drought-treated plants
exhibited characteristic stress symptoms, including leaf curling and dryness
(Figure 19A-C). In contrast, control plants that received continuous irrigation over

the same period showed no visible changes in appearance (Figure 19D-F).
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To identify differentially expressed transcripts in the leaves and roots of adult
blackcurrant plants under drought stress, we utilized nanopore-based RNA-Seq.
In leaf samples, we detected 540 differentially expressed genes (DEGs) with an
FDR < 0.1, comprising 48 upregulated and 492 downregulated genes. Root
samples showed a much larger number of DEGs, totalling 8,353 even with a
more stringent FDR threshold of < 0.05; among these, 3,697 genes were

upregulated, and 4,656 were downregulated.

To validate these findings, a second drought stress experiment was conducted on

younger plants, where water was again withheld for 10 days (Figure 20).

Figure 20: Drought stress treatment of young R. nigrum cv Rosenthals Langtraubige plants. A-D)
Stressed plants after 10 days without water. E-H) Control plants with continuous irrigation according to their
weight.

The response of drought-treated young plants exhibited distinct differences
compared to adult plants. Minimal to no leaf curling or desiccation was observed,
with only a single plant (Figure 20C) displaying slight curling and dryness on one
leaf following drought exposure. Additional physiological metrics, including leaf
count, plant height, growth rate, and total weight, were assessed (Figure 21). All

parameters demonstrated significant differences (p < 0.05) between the control
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and drought-treated groups (Figure 21). Drought-treated plants showed reduced
leaf number and height, and overall growth was adversely impacted by drought

stress (Figure 21).
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Figure SEQ Figure \* ARABIC 21: Physiological parameter of young blackcurrant plants under
drought stress treatment. Number of leaves, height and growth are shown as boxplots for contral (blue)
and drought (red) treated plants. Weight of the plants in soil are shown as line diagram for the different dates
throughout the experiment with the same colour coding. Significance level of p-values marked *p value <
0.05, **p value < 0.01 and ***p value = 0.001.

In the leaf samples of young plants, we identified 7,891 DEGs at an FDR < 0.05,
with 3,642 genes upregulated and 4,249 downregulated. Cross-examining the
540 DEGs from the first experiment, we found that 80 genes (FDR < 0.1)
demonstrated consistent regulatory patterns across both studies. In this analysis,
three DEGs demonstrated upregulation across both studies, while 77 DEGs
exhibited consistent downregulation in leaf tissue of both young and adult plants
(Figure 22).
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Figure 22: Overlapping differentially expressed genes (FDR < 0.1) between young and adult
blackcurrant plants under drought stress treatment in leaf tissue. A) Overlap between upregulated
DEGs and B) downregulated DEGs in leaf tissue.

5.4.4 Drought stress induced MapMan protein classes

To get a first overview of protein classes involved in drought stress between
controlled and treated plants in leaf and root tissue a PCA-ORA plot (3.1.1) was
used. Showing differences and similarities between leaf tissue of adult and young

plants.

In adult plants, control and drought stress samples displayed clear separation
along the PC1 and PC2 axes, except for a single control sample that clustered
similarly to a drought-stressed sample. Along the PC1 axis, solute transport,
phytohormone signaling involving signaling peptides, response to external stimuli,
and micronutrient homeostasis through metallochaperone activity had the
greatest impact on sample differentiation (Figure 23). Separation along the PC2
axis was primarily driven by factors related to chromatin organization, DNA
structural modifications, response to external stimuli, RNA modification, protein
homeostasis via the ubiquitin-proteasome system, and RNA biosynthesis (Figure
23).
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In young plants under drought stress, sample separation was observed along the
PC1 axis within groups and along the PC2 axis between groups. Key drivers
along the PC1 axis included solute transport channels, RNA biosynthesis and
processing, response to external stimuli, micronutrient homeostasis via
metallochaperones, and photosynthetic pathways such as CAM/C4 (Figure 24).
Separation along the PC2 axis was influenced by lipid metabolism, coenzyme
metabolism, cell wall organization, RNA biosynthesis, protein synthesis, and

micronutrient uptake (Figure 24).
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Although the separation patterns differed between adult and young plants,
several MapMan protein classes were prominently involved in both age groups.
responses to external stimuli, micronutrient homeostasis

These included

mediated by metallochaperones, and processes related to RNA biosynthesis and

processing.

545
In the adult plants, we identified 243 genes encoding leucine-rich repeat (LRR)

Impact of drought stress on protein kinases

protein kinases, mainly representing families 1-XV (Supplemental Material
Table S7). For the young plants, 206 of these LRR encoding transcripts were
found, showing similar expression results for most transcripts. Most LRR protein
kinases were downregulated in leaves (Supplemental Material Table S7). Most
LRR protein kinases were downregulated in leaves. However, three LRR-XV
genes were slightly upregulated in leaves and 16 LRR-XII genes where
transcripts were strongly downregulated (log,FC < -2) in leaves (Supplemental
Material Table S7). Here, we could find 10 of these transcripts downregulated in

young plants. In the roots, most LRR protein kinases were downregulated (FDR <
0.05).
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Another member of the LRR family, the receptor-like cytoplasmic kinases (RLCK)
multiple transcripts were of RLCK-IXb, V, VI, Vlla, VlIb, VIII, X, XI, XlI, XV found
differentially expressed. Six RLCK-V transcripts were significantly downregulated
in roots of adult plants (FDR<0.01). Three transcripts of RLCK-VI
(RN5G010110.1, RN1G011660.1, RN1G053710.1) were significantly
downregulated in roots and have shown a strong downregulation in leaves in
adult plants (Log,FC<-2). This expression pattern was also observed in leaf
tissue in young plants (Supplemental Material Table S7). The downregulation was
also identified for RN1G032180.1 (RLCK-X) and RN3G051940.2 (RLCK-XII) for
both tissues in adult plants and was significant for roots. The RLCK-IXb gene
RN4G001630.1 was significantly upregulated in roots (FDR<0.05) and leaf tissue
in young plants (FDR<0.05) (Supplemental Material Table S7).

Several DEGs encoded components of the MAPK cascade. Three MAPK kinases
(NPK/ANP) were upregulated in leaves but significantly downregulated in roots
(FDR < 0.05) (Supplemental Material Table S7). In contrast, the transcript
encoding MAP2K (RN3G007350.1) was slightly upregulated and MAP3K-MEKK
(RN5G010030.1) was strongly downregulated (log,FC < -2) in leaves and
RN3G007350.1 was slightly upregulated in roots (Supplemental Material Table
S7). In young plants these transcripts were slightly regulated but not significantly
so. Ca**-dependent protein kinase (CDPK) transcripts were mostly upregulated in
leaves and roots, with RN1G025100.1 significantly upregulated in roots (FDR <
0.01). In contrast, two CDPK transcripts (RN1G043640.1 and RN5G008650.1)
were significantly downregulated in roots and RN1G043640.1 was downregulated
in leaves. One DOMAIN OF UNKNOWN FUNCTION 26 (DUF26) transcript was
significantly (FDR < 0.05) upregulated in roots and two others were significantly
downregulated (Supplemental Material Table S7). In young plants the transcript
RN8G019550.2 (DUF26) was significantly upregulated (FDR < 0.01), which

showed the same expression in leaf and root tissue of adult plants.

Five transcripts encoding proline-rich extensin-like receptor kinases (PERKS)
were downregulated in leaves, including RN4G048640.1, RN7G025360.1 and
RN7G034400.1, which were also significantly downregulated in roots (FDR <
0.01). In contrast, RN3G015760.1 was significantly upregulated in roots (FDR <
0.01) (Supplemental Material Table S7). Transcripts in young plants in leaf tissue
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showed the same expression pattern as roots in adult plants and RN3G015760.1

was also significantly upregulated (FDR < 0.01).

5.4.6 Transcription factors and metabolism

Transcripts encoding AP2/ERF, bZIP, CBF/DREB1, DREB2, C2H2, HD-ZIP,
R2R3-MYB, WRKY, HD-ZIP, bHLH and NAC transcription factors were
differentially expressed in both tissues of adult plants. Transcripts associated with
carotenoid and ABA metabolism, including those encoding PYL/RCAR and
abscisic aldehyde oxidase, were generally downregulated, and the PYL/RCAR
transcripts RN3G031060.1, RN4G014070.1 and RN4G030230.1 were
significantly (FDR < 0.01) downregulated in the roots (Supplemental Material
Table S7). In young plants in leaf tissue RN3G031060.1 showed the same
significant downregulation (FDR < 0.001) as in roots in adult plants. Several
transcripts encoding SnRK1 and SnRK2 SNF1-related protein kinases were
modulated in both tissues in adult plants and also in leaf tissue in young plants,
with significant differential expression in the roots. Several transcripts associated
with cell wall regulation were identified in the leaves. Genes encoding
p-coumaroyl shikimate/quinate 3-hydroxylase were modulated in leaves and
roots (Supplemental Material Table S). RN6G009060.1, encoding
hydroxyproline-O-galactosyltransferase (GALT29), was significantly
downregulated in roots and slightly downregulated in leaves. Transcripts
encoding caffeoyl-CoA 3-O-methyltransferase were significantly downregulated in
roots but were expressed at minimal levels in leaves (Supplemental Material
Table S8).

5.4.7 Relative expression of drought stress induced through
qRT-PCR

To validate the results of drought-stress induced genes, a total of 13 DEGs,
comprising 6 upregulated and 7 downregulated genes in leaf tissue of adult
plants, were selected for qRT-PCR. The raw qPCR data was kindly provided by
Sarah Spettman and Franziska Genzel. The analysis was conducted using Actin
and elF4A as endogenous controls. The results indicated that the selected genes
exhibited comparable gene expression fold changes between quantitative
gRT-PCR and computational analyses in both leaf and root tissues of mature

plants (Figure 25 B). Additionally, qRT-PCR was conducted for the same genes,
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excluding 4HbD and WRKY, which could not be reliably quantified in the leaf
tissue of young plants. Of these 11 genes, the expression of 8 genes were
consistent with those observed in the leaf tissue of drought-stressed adult plants,
further validating the selected candidate genes involved in the R. nigrum

response to drought stress (Figure 25 A-B).

Leaf Leaf Root
A NA B . - * % bHLH110
*kk kK *% GALT29
- EEX LRR-1II
* % X " *% MYB R2R3
NA - NAC
k%  kkk G3e3 P5CS
. ** - - B3 RLCK-XII
¥ * * % FLZ
» *k %k OAT
= - FLZ SnRK1
= u *% SnRK2
NA ¥ *% 4HbD
NA  **% *% WRKY
&‘?Cj&@\*ﬁa@tx cx“QCﬁL?&\“%(aQ &‘?0?\?:\4?‘%‘8(x

5.4.8 Metabolite changes due to drought stress
Next, we compared the abundance of 60 primary metabolites that were
measured by Jose Valleriano and Sonio Osorio (Uni Malaga) in response to
drought stress in leaves and roots of mature plants. Several were barely affected,
but 14 leaf metabolites became significantly more abundant under stress (log,FC
> 1, FDR < 0.05). Most of these metabolites were amino acids and their
derivatives such as threonine, valine, proline, isoleucine, methionine, glutamine,
glutamic acid, tryptophan, phenylalanine, alanine and 4-aminobutanoic acid
(GABA) (Table 5, Supplemental Material Table S7, S8). Sugars such as
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mannose, sugar derivatives such as galactinol, and the organic acid quinic acid
also accumulated in response to drought, whereas citric acid was the only

metabolite that was significantly depleted.

Table 5: Metabolites in blackcurrant leaf and root tissue for adult and young plants that change in
abundance in response to drought stress. Upregulation (red) and downregulation (blue) are shown
according to the log,FC of the genes. Significance levels of adjusted p-values (FDR) are shown in bold.
Metabolites that were not measured are designated as "NA".

Leaf Root

Adult plants Young plants Adult plants Young plants

Metabolite ~ c°%F  FDR °%"  FDR |LogFC FDR °%"  FDR

Amino acids

Alanine 1.09 0.025* -0.74 0.174 0.18 0.61 1.57 0.04*
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Valine 0.004
* 0.66 0.03* 0.83 0.13 1.73 0.04*
Isoleucine 0.005”
* 0.75 0.043 147 0.07 1.84 0.04*
Proline 0.015* 0.64 0.03* 0.59 0.23 1.20 0.04*
Serine 0.056 - 0.199 -0.10 0.23 0.83 0.17
Threonine 0.003°
* 0.43 0.049 0.15 0.68 NA NA
GABA 1.28 0.017* 0.78 0.041* -0.28 0.61 0.87 0.16
Methionine 0.015* -0.01 0.454 -0.78 0.13 0.98 0.16
Glutamic acid 0.024* -0.66 0.03* 043 0.23 NA NA
Phenylalanine 0.009%
y * 1.23 0.021* 045 0.13 1.11 0.10
Glutamine 0.006
* -0.11 0.070 0.05 0.83 1.33 0.16
Tryptophan 0.004
ryptop *| 006  0.380 NA  NA NA  NA
Organic acids
Quinic acid 0.82 0.017* -0.16 0.199 NA NA NA NA
Citric acid 0.047* -0.10 0.203 - 0.13 0.04 0.24
Sugars & derivatives
Galactinol 0.62 0.011* -0.56 0.037* NA NA NA NA

Few metabolic changes were observed in the roots. However, mannose and
isoleucine accumulated in response to drought stress (log,FC > 1.3) whereas
B-alanine was depleted (log,FC < —1.3). We also observed a slight increase in the
levels of valine, isoleucine and methionine (log,FC > 0.5), and a slight decrease
in the levels of citric acid (log,FC < —-0.5) (Supplemental Material Figure S8).
Although these metabolites showed minor changes according to their log,FC
values, the adjusted p value suggested that the changes were not significant. In
the leaf tissue of young plants, similar patterns were observed for valine,
isoleucine, proline, threonine, GABA, and phenylalanine compared to the leaf
tissue of adult plants. Additionally, valine, proline, GABA, and phenylalanine
exhibited significant upregulation (FDR > 0.05), while alanine, serine, and

glutamic acid showed a slight downregulation (Supplemental Material Table S9).
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5.4.9 Connecting DEGs with metabolites in response to drought
stress

The integration of data from the analysis of DEGs and metabolites revealed
associations involving the tricarboxylic acid (TCA) cycle, GABA biosynthesis,
cysteine and methionine metabolism, proline metabolism, alanine and aspartate
metabolism, as well as branched-chain amino acid metabolism. We also found
associations between groups of altered metabolites in leaves (FDR < 0.05), and
between groups of DEGs in both tissues (Figure 26). In the context of the TCA
cycle and the depletion of citric acid, all related transcripts in leaves in adult
plants were strongly upregulated (Supplemental Material Table S9) except for
ATP citrate ligase (ACLY) (RN7G026170.1), which was downregulated in leaves
and roots. In young plants this transcript showed a similar significant
downregulation (FDR < 0.01). GABA-associated genes were mainly upregulated
in both tissues in adult and young plants. Notably, one gene encoding a
bifunctional y-hydroxybutyrate dehydrogenase (RN1G038820.1) was significantly
downregulated in roots, while another (RN3G012700.1) showed no significant
differential expression in roots. Glutamate decarboxylase genes were significantly
upregulated (RN8G004390.1) or downregulated (RN6G037990.1) in roots but
were not expressed at significant levels in leaves. The succinate-semialdehyde
dehydrogenase gene RN8G041850.1 was significantly upregulated in roots but
showed no expression in young plants in leaf tissue (Supplemental Material Table
S9). Genes involved with alanine, aspartate and glutamate metabolism were
generally downregulated in both adult and young plants (except ASAT,
demonstrated upregulation). Furthermore, genes encoding CPS and
NADH-GOGAT were observed to be upregulated in leaves, while a threonine
aldolase gene demonstrated a significant downregulation in the roots
(Supplemental Material Table S9). All transcripts associated with valine, leucine
and isoleucine metabolism showed significantly upregulated in adult plants. One
threonine dehydratase gene (RN6G010130.1) exhibited a marked decrease in

roots (Supplemental Material Table S9). In young plants most of these transcripts
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were downregulated except RN4G055970.1 and RN2G016250.1, which were
upregulated (Supplemental Material Table S9).
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Transcripts in adult plants involved in proline metabolism were mostly
upregulated in leaves, although several glutamate dehydrogenase transcripts
were downregulated, and the same genes were significantly (FDR < 0.05)
downregulated in roots (Table 6, Figure 27). These results were also found in leaf
tissue in young plants, except for some glutamate dehydrogenase, which have
shown no expression. For transcripts of P5CDH (RN8G016110.1), OAT
(RN2G017990.2), P5CR (RN2G007260.1) and P5CS (RN4G032560.1)
expression in young plants was similarly regulated as in leaf tissue of young
plants, while OAT, P5CR, P5CS were significantly differentially expressed (FDR <
0.05). Transcripts encoding  ornithine-y-aminotransferase @ and  two
'A-pyrroline-carboxylate synthases were significantly upregulated in roots of adult

plants (FDR < 0.01).
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Proline biosynthesis

Figure 27: Proline biosynthesis metabolites with significantly altered levels under drought stress in
the leaves of R. nigrum. Differentially expressed genes (Table 4) encoding enzymes (annotated using
MapMan) are aligned with specific metabolic reactions. Upregulated genes are denoted by red squares and
downregulated genes by blue squares, with squares on the left and right indicating leaves and roots,
respectively. Multiple rows of squares denote multiple genes with the same enzymatic functions. Metabolites
that accumulate under drought stress (Table 5 and Supplemental Tables S1 and S2) are highlighted with a
red arrow. Abbreviations: OAT = ornithine-y-aminotransferase; P5CDH = 'A-pyrroline-carboxylate
dehydrogenase; P5CR = pyrroline-carboxylate dehydrogenase; P5CS = 'A-pyrroline-carboxylate synthase;
PRODH = proline dehydrogenase.
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Table 6: Differentially expressed transcripts involved in proline metabolism and their MapMan
annotations. Upregulation (red) and downregulation (blue) reflect the log,FC values, with significance (FDR
adjusted p values) shown in bold.

Leaf Root
Enzyme [log,FC Leaf [log,FC Root

Gene ID MapMan annotation Name [FDR] ] [FDR]
RN8G016110.1 'A-pyrroline-carboxylate dehydrogenase P5CDH 0.72 0.13 0.31 0.23
RN1G008890.1 Glutamate dehydrogenase *(GDH) GDH 0.12 -1.17 0.08
RN1G008920.1 Glutamate dehydrogenase *(GDH) GDH 0.11 -1.52 0.05
RN1G008960.1 Glutamate dehydrogenase *(GDH) GDH -2.73 0.23 -1.69 0.03*
RN1G008980.1 Glutamate dehydrogenase *(GDH) GDH -1.82 0.35 -1.89 0.03*
RN3G012920.1 Glutamate dehydrogenase *(GDH) GDH 0.43 0.27 0.22 0.38
RN3G035860.1 Glutamate dehydrogenase *(GDH) GDH 0.35 0.57 -1.68 0.008**
RN4G025340.1 Glutamate dehydrogenase *(GDH) GDH 0.51 0.82 1.12 0.08
RN2G017990.1 Ornithine aminotransferase OAT 0.92 0.43 0.0004***
RN1G015520.1 Proline dehydrogenase PRODH 0.38 0.56 -0.26 0.57
RN1G019530.1 Pyrroline-5-carboxylate reductase P5CR -0.19 0.58 0.33 0.15
RN2G007260.1 Pyrroline-5-carboxylate reductase P5CR -0.10 0.78 0.25 0.22
RN3G051060.1 'A-pyrroline-carboxylate synthase P5CS 0.83 0.61 0.007**
RN4G032560.1 'A-pyrroline-carboxylate synthase P5CS 0.81 0.68 0.005**

A partially haplotype-resolved,

chromosome-scale genome assembly of

blackcurrant (R. nigrum L. cv Rosenthals Langtraubige) was generated using a

hybrid approach combining ONT and PacBio HiFi long-read sequencing. The

genome, comprising eight pseudo-chromosomes, was used to investigate

drought stress responses in leaves and roots at the transcriptomic and

metabolomic levels. Differential gene expression analysis revealed transcription
factors (bZIP, bHLH, MYB, WRKY) and tyrosine kinase-like kinases (PERK,

DUF26) involved in the drought response. Gene expression correlated with

primary metabolite abundance,

identifying 14 metabolites with significant
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differences under drought stress. Proline levels increased under stress, while

organic acids decreased, indicating a metabolic adaptation.
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6 Discussion

This study aimed to generate, analyse, visualize, and integrate multi-omics
datasets to gain comprehensive insights into the complex biological systems of
strawberry (Fragaria * ananassa), blackcurrant (Ribes nigrum), and potato
(Solanum tuberosum). High-throughput omics technologies, including genomics,
transcriptomics, and metabolomics—were utilized to produce large-scale

datasets, enabling a holistic understanding of biological processes.

This study developed and applied a PCA-ORA plot, a novel method combining
dimensionality reduction with over-representation analysis based on MapMan
protein classes. This visualization approach not only highlights enriched
functional categories driving dataset variation but also provides a powerful tool for

multi-omics integration and hypothesis generation.

The applicability of these methods was demonstrated in diverse biological
contexts. For F xananassa, transcriptomic data were analysed to explore
molecular mechanisms underlying early floral initiation in the cultivars ‘Gariguette’

and ‘Clery,” representing French and German populations, respectively.

A Pore-C pipeline for chromosomal scaffolding was first developed using
S. tuberosum as a model system, establishing a workflow for achieving
pseudo-chromosome-level assemblies. This was subsequently adapted for the
main focus of this study, namely the generation of a de novo genome assembly
for R. nigrum, where multiple omics techniques—including genome,
transcriptome, and metabolome—were integrated and evaluated. These analyses
leveraged the Oxford Nanopore Technology (ONT) Pore-C pipeline and

visualization plots.

6.1 Exploring and visualizing RNA-Seq data: Gaining

first impressions and analysing DEGs
Visualizing RNA-Seq data, particularly differentially expressed genes (DEGs)
along with their functional annotations, is a critical step in identifying genes of
interest in a given experiment. RNA-Seq experiments typically produce large
datasets that require filtering and prioritization to pinpoint relevant genes. The

visualization approach developed in this study integrates dimensionality reduction
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using Principal Component Analysis (PCA) with annotation based on
overrepresentation analysis (ORA) of underlying MapMan protein classes
(Schwacke et al., 2019; Bolger et al., 2021). This methodology provides an initial
comprehensive overview of the unfiltered DEG dataset for the plant species

under investigation.

In the final plot a PCA gives a first impression how the data might be clustered
and is quite common for DEG analysis. Here, raw DEG data can be plotted
without previous filtering or gene selection steps with highlighted experimental
groups. The PCA was selected due to its widespread use, simplicity, speed, and
computational efficiency. While alternative methods, such as t-distributed
Stochastic Neighbour Embedding (t-SNE) (Maaten and Hinton, 2008) and
Uniform Manifold Approximation and Projection (UMAP) (Mclnnes et al., 2018),
address certain limitations of PCA—such as capturing non-linear relationships
and fine-grained local structures—PCA remains highly accurate and performs
well in downstream analyses. Furthermore, its computational stability was a key

consideration in its selection for this study (Sun 2019; Hsu and Culhane, 2023).

To enhance the analysis, gene annotation was integrated to support functional
interpretations of the dataset, ensuring compatibility with both model and
non-model species. MapMan was chosen for its suitability in providing intuitive,
ontology-based annotations that align with the requirements of the plot. Its
automated, web-based process efficiently assigns biological functions to proteins
or nucleotide sequences, making it ideal for linking genes to metabolic and

regulatory pathways (Schwacke et al., 2019; Bolger et al., 2021).

Other widely used tools for gene annotation include the Gene Ontology (GO)
knowledgebase, Panther, and EggNOG. GO provides a comprehensive and
structured vocabulary for describing gene functions across three main domains:
molecular function, biological process, and cellular component (Ashburner et al.,
2000; The UniProt Consortium, 2019). While highly versatile, GO annotations
often require additional computational processing to group genes into
higher-order categories or pathways for visualization. Panther, on the other hand,
incorporates data from 144 genomes, including 40 plant genomes, offering a

broad comparative platform with functional annotations and phylogenetic insights
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(Thomas et al., 2021). However, its focus on comparative genomics can make it
less specialized for the metabolic and regulatory categorization required for this
plot. EGgNOG, with its extensive database covering 1,322 eukaryotic organisms,
excels in orthology prediction and functional annotation across diverse taxa
(Hernandez-Plaza et al., 2022). While valuable for evolutionary studies, it lacks
the direct focus on plant-specific pathways and processes that MapMan provides.
In contrast, MapMan's intuitive binning system and plant-centric focus make it
particularly well-suited for the visualization and interpretation needs of this plot,
ensuring a clear representation of functional gene categories, especially for plant
metabolic and regulatory pathways. Its ability to handle data from non-model
plants effectively sets it apart, as it simplifies functional annotation even for

species with limited genomic resources (Schwacke et al., 2019).

To further analyse the functional relevance of the annotated genes, this
annotation was incorporated through an ORA. The ORA in this study considers
up to 1,000 DEGs that exhibit high statistical significance along PC axes. This
analysis identifies MapMan protein classes that contribute to the separation along
each PC axis, additionally highlighting 10 annotated DEGs per axis that are
particularly influential in driving this separation. By integrating ORA, the study
pinpoints functional categories that are enriched and critical for understanding the

biological processes underlying the observed variations.

To date, the combination of dimensionality reduction and ORA based on MapMan
protein classes has not been published as an automated function. Existing
visualization methods often rely on separate approaches, each with limitations.
For example, annotated scatterplots, such as KEGG enrichment scatterplots
integrating KEGG pathway information, are effective for visualizing dimensionality
reduction coordinates enriched with functional annotations (Kanehisa et al.,
2008). In cotton or Oryza sativa, these plots have been utilized to identify novel
pathways involved in DEG analyses (Lu et al., 2024; Cai et al., 2021). However,
their application necessitates substantial preprocessing. Additionally,
cluster-specific enrichment analysis serves as another visualization approach;
however, it requires extensive preprocessing and is limited to displaying only a

subset of the data.
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Heatmaps offer an alternative that provides an overview of gene expression data
but are limited by the number of DEGs that can be displayed while maintaining
interpretability. Interactive network visualizations, such as those generated using
Cytoscape (Gustavsen et al., 2019), integrate multiple plots and provide insights
into gene annotations but are best suited for exploratory analyses and may lack

the focus needed for hypothesis-driven research (Gustavsen et al., 2019).

In contrast, combining dimensionality reduction methods such as PCA with ORA
offers significant advantages. This approach integrates the high-level overview
provided by dimensionality reduction with the detailed functional insights from
ORA, enabling the identification of key functional categories driving the
separation along principal component axes. Unlike isolated plots, this
combination avoids the need for repetitive preprocessing or excessive data
filtering while ensuring that both global patterns and detailed annotations are
captured. By highlighting enriched functional categories across thousands of
DEGs, this integrated approach provides a comprehensive yet scalable
visualization framework, offering a clearer understanding of the biological

processes underlying dataset variation.

In this study, the PCA-ORA visualization framework was successfully applied to
F. x ananassa, providing the first comprehensive overview of early floral initiation
events, and to the analysis of drought stress responses in R. nigrum leaf and root
tissues of both juvenile and mature plants. Our R-based plotting function
effectively integrates transcript abundance data (TPM) with MapMan annotation
files, facilitating streamlined visualization of functional gene expression patterns.
By automating critical steps such as dimensionality reduction and annotation
overlay, the function eliminates the need for manual adjustments, including colour
or symbol assignments. This automation enhances consistency and
reproducibility across diverse datasets while preserving user flexibility for

downstream analyses.

6.2 Floral initiation of strawberry
Floral initiation is a precisely regulated developmental process influenced by both
endogenous and exogenous cues (Koorneef et al., 1998; Wellmer and

Riechmann, 2010). In cultivated strawberry, an economically significant crop,
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flowering time directly impacts fruit yield. Recent studies demonstrate that floral
initiation (Kruger et al., 2022) and flowering time (Prohaska et al., 2024) are
determined by both genetic factors and environmental conditions. Specifically,
floral initiation is triggered by reductions in temperature and day length,
highlighting the interaction between these two environmental variables (Heide et
al., 2013). Consequently, the timing of floral initiation can vary annually at the
same geographical location. To account for this variability, sampling dates were
determined based on the percentage of plants exhibiting floral initiation rather
than fixed calendar dates. Monitoring the progression of floral initiation at 0%,
10%, and 50% across the population revealed a significantly accelerated process
in Germany compared to France. This difference is likely attributed to the steeper
decline in temperature and photoperiod in Germany relative to France (Krtger et
al., 2022).

Research on the model plant Arabidopsis thaliana and various crop species has
uncovered multiple regulatory pathways controlling floral initiation, including
autonomous pathways and those responsive to photoperiod, temperature,
vernalization, gibberellins, age, and carbohydrate availability (Mouradov et al.,
2002; Boss et al., 2004). In the present study, we investigated two strawberry
cultivars (Gariguette and Clery) grown in two distinct locations (France and
Germany) over three years, identifying key components of these pathways

involved in regulating floral initiation in strawberry, as further detailed below.

6.2.1 Photoperiodic pathway and floral integrators
The photoperiodic pathway of floral initiation comprises a complex regulatory
network that responds to day length. In Arabidopsis thaliana, the principal genes
involved in this process are well characterized. GIGANTEA (G/) regulates
circadian rhythms and facilitates flowering under long-day conditions by
stabilizing the CONSTANS (CO) protein (Michaels et al., 2003; Brandoli et al.,
2020). CO plays a pivotal role in sensing day length, accumulating specifically
during long days to directly activate the expression of the florigen gene
FLOWERING LOCUS T (FT) (Kardailsky et al., 1999; Kobayashi et al., 1999; Abe
et al., 2005; Wigge et al., 2005; Corbesier et al., 2007). In the shoot apical
meristem (SAM), FT competes with the floral repressor TERMINAL FLOWER 1

(TFL1) for binding to FD, a bZIP transcription factor that promotes floral transition
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(Zhu et al., 2020). SUPPRESSOR OF OVEREXPRESSION OF CONSTANS 1
(SOCT1) functions as an integrator of the photoperiod, gibberellin, and
temperature pathways, ultimately promoting flowering at the SAM (Li et al., 2008;
Jung et al., 2012).

In strawberry, we identified orthologs of these key genes—FanCO, FanSOC1,
FanFD, FanTFL1, and FanGl—that were differentially expressed during early
floral initiation. The roles of FanCO, FanSOC1, and FanTFL1 in the seasonal
regulation of floral initiation have been previously demonstrated (lwata et al.,
2012; Koskela et al., 2012; Mouhu et al., 2013; Koskela et al., 2016; Korukura et
al., 2017; Munoz-Avila et al., 2022). Additionally, we, along with others (Liang et
al., 2022), observed differential expression of FanBRN1 during floral initiation.
The Arabidopsis ortholog AtBRN1 is known to function as a repressor of SOC1
activity (Kim et al., 2013). These findings suggest that the regulatory mechanisms
underlying floral initiation in strawberry share significant conservation with those

in Arabidopsis, while also exhibiting species-specific dynamics.

6.2.2 Phytohormones signaling
We identified multiple DEGs associated with the gibberellic acid, brassinosteroid,
abscisic acid (ABA), and jasmonic acid pathways. The gibberellic acid (GA)
pathway is known to promote the transition from vegetative growth to flowering
(Yu et al., 2004; Mutasa-Gottgens and Hedden, 2009; Achard and Genschik,
2009). In this study, FanRGA was differentially expressed in the terminal buds of
both strawberry cultivars. In diploid strawberry, the ortholog FveRGA encodes a
DELLA protein that suppresses stolon development (Li et al., 2018; Caruana et
al., 2018). DELLA proteins function as negative regulators of GA signaling, acting

directly downstream of the gibberellic acid receptor (Eckardt, 2007).

Brassinosteroids are known to promote flowering in Arabidopsis (Li and He,
2020). We identified differential expression of FanXTH2, a key component of the
brassinosteroid pathway that encodes xyloglucan
endotransglucosylase/hydrolase. This gene showed variation between cultivars
and locations, consistent with previous findings in strawberry terminal bud tissue
(Liang et al., 2022) and loquat bud tissue (Xia et al., 2020).
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Furthermore, we observed the downregulation of FanPP2 during floral initiation in
both cultivars and locations, corroborating prior results (Liang et al., 2022). The
Arabidopsis ortholog of FanPP2 encodes a negative regulator of ABA signaling,
suggesting its role in influencing the timing of floral initiation through the
repression of ABA-responsive genes. Additionally, FanEIN3, encoding an
ethylene-responsive transcription factor, was also downregulated during floral
initiation, consistent with previous reports (Liang et al., 2022). The Arabidopsis
ortholog delays flowering by activating ERF1 and members of the APETALA2
(AP2)/ERF protein family (Guo and Ecker, 2004).

These findings provide evidence that multiple hormone-related pathways are
intricately involved in regulating floral initiation in strawberry, with conserved roles

observed across species.

6.2.3 Transcription factors

Multiple transcription factor families, including bHLH, MADS-box, and MYB, were
differentially expressed during floral initiation, consistent with their established
roles in the transition from vegetative growth to reproductive development (Bemer
and Angenent, 2009; Woodger et al., 2003; Liang et al., 2022). Notably, we
identified two differentially expressed members of the DVL/RTFL family, which
are known to participate in organogenesis (Guo et al., 2015). While one member
was upregulated across both cultivars and locations, the other exhibited
location-specific expression, being downregulated in German samples but
upregulated in French samples of the cultivar Clery (CL). In Arabidopsis,
DVL/RTFL proteins are involved in controlling leaf shape and plant architecture.
For instance, the overexpression of DEVIL1 (DVL1) and ROTUNDIFOLIA4
(ROT4/DVL16) in Arabidopsis results in pleiotropic phenotypes characterized by
reduced stature, rounder rosette leaves, and clustered inflorescences (Wen et al.,
2004; Valdivia et al., 2012).

Plant peptides also play critical roles in developmental processes, including the
regulation of terminal bud organization, root growth, and leaf morphology
(Matsubayashi, 2014; Matsubayashi and Sakagami, 2006; Guo et al., 2015). In
our study, we observed tissue-specific expression patterns of GRAS-type

proteins, which are putative transcriptional regulators. This finding aligns with
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previous reports highlighting their roles in diverse developmental processes.
Specifically, GRAS-type genes were predominantly expressed in roots, with a
subset also detected in shoots and leaves (Heckmann et al., 2006; Liang et al.,
2022).

These results underscore the complex interplay between transcriptional
regulation and tissue-specific signaling during floral initiation, emphasizing the
coordinated involvement of transcription factors, plant peptides, and signaling

pathways in driving the transition to reproductive development.

6.2.4 Carbohydrate and energy metabolism

DEGs associated with carbohydrate metabolism, particularly starch metabolism,
and certain secondary metabolic pathways, such as the terpenoid pathway, were
identified in both strawberry cultivars (Figure 9). Trehalose-6-phosphate (T6P), a
sugar derivative, has been proposed to play a regulatory role in flowering within
both the terminal bud and the shoot apical meristem (SAM). The TPS71 gene,
which encodes trehalose-6-phosphate synthase, is a critical component of the
genetic network controlling flowering time (Wahl et al., 2013; Rojas et al., 2023).
In our study, FanTPS1 was downregulated in terminal buds in both cultivars and

locations, consistent with previous observations (Liang et al., 2022).

The carbohydrate pathway not only governs floral initiation but also plays a
broader role in plant development by providing the energy and molecular building
blocks required for flower development (Zhang et al., 2013; Qiao et al., 2021).
The interplay between carbohydrate metabolism, phytohormonal signaling, and
environmental cues ensures that the transition from vegetative growth to
flowering occurs at an optimal time to maximize reproductive success (Corbesier
et al., 1998; Sawicki et al., 2015). In the terminal bud of cultivar Clery (CL), we
observed a significant overrepresentation of DEGs associated with starch
metabolism, which acts as a vital energy reserve. Mobilized starch, converted to
sucrose in leaves and stems, serves as an early signal for floral induction
(Bernier et al., 1993).

Key differences between the cultivars were also identified, including higher

production of asparagine and rhamnogalacturonan | (RG-I) in Gariguette (GA).
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Asparagine plays a crucial role in providing nitrogen for signaling proteins that
integrate internal and external signals to coordinate floral induction (Khurana et
al., 1988).

The FERONIA 4 (FER4) gene encodes a protein involved in carbohydrate
metabolism, particularly glycolysis, through its interaction with the cytosolic
enzyme glyceraldehyde-3-phosphate dehydrogenase (GAPDH). FER deficiency
reduces GAPDH activity, leading to the accumulation of starch (Yang et al.,
2015). In our study, FER4 was downregulated in both cultivars, consistent with
findings in the cultivated strawberry cultivar Benihoppe, where its downregulation
was linked to leaf development (Liang et al., 2022). Protein classes related to
starch metabolism were also enriched in our analysis, further underscoring the

role of FER4 in regulating carbohydrate metabolism during floral initiation.

These results highlight the intricate connections between carbohydrate
metabolism, floral induction, and overall plant development, emphasizing how
energy reserves, nitrogen signaling, and starch mobilization integrate to drive the

transition to reproductive growth.

6.2.5 Cytoskeleton, cell division and cell wall dynamics
In the terminal buds of cultivar GA, we identified DEGs associated with
cytoskeletal organization, particularly the microtubule network, which is essential
for cell division and expansion and plays a critical role in tissue patterning during
floral initiation (Chandler, 2012; Denay et al., 2017). Notably, DEGs related to cell
division were overrepresented in the terminal buds of cultivar CL, suggesting a
more pronounced role for cellular proliferation in this cultivar during floral

initiation.

In contrast, DEGs associated with tRNA biosynthesis, bZIP TFs, and RG-I
biosynthesis were overrepresented in the terminal buds of cultivar GA. RG-I is
known to be critical for cell wall integrity (Yapo, 2011), although its specific role in
floral induction remains unclear. The differential representation of these gene
classes may indicate -cultivar-specific regulatory mechanisms during floral

initiation.
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Disparities in the enrichment of protein classes between the two cultivars could
also reflect the influence of the field experiment setup and environmental
variability, which may have masked inherent genetic differences between the
cultivars. These findings highlight the interplay between cytoskeletal organization,
cell wall biosynthesis, and transcriptional regulation in floral initiation, while also

emphasizing the impact of environmental factors on gene expression dynamics.

6.2.6 Subgenome expression regulation

In the octoploid cultivated strawberry (F. x ananassa), the plasticity of traits such
as flowering (Prohaska et al., 2024) is thought to contribute to the polyploid
advantage in heterogeneous environments (Wei et al., 2019). This advantage
arises because each gene may be represented by up to eight homoeoalleles
located on four homoeologous subgenomes (Rousseau-Gueutin et al., 2019).
However, polyploidization is often followed by a process of diploidization, which
reduces gene redundancy through mechanisms such as gene silencing,
sequence elimination, and chromosomal rearrangement (Chen, 2007; Doyle et
al., 2008).

In strawberry, gene redundancy analysis has shown that only 46% of genes
retain alleles across all four subgenomes, while 7%, 23%, and 14% retain alleles
on one, two, and three homoeologous chromosomes, respectively (Jin et al.,
2023). In our analysis, the majority of F. x ananassa genes identified, including
those encoding FBH, CO, GI, GRAS-type, DELLA, FD/FDP, PP2, XTH23, TPS,
and BRN1 proteins, retained sequences in all four subgenomes. Conversely,
MYB3R1, EIN3, and FER4 sequences were found in only three subgenomes but

exhibited similar expression patterns across the datasets.

This suggests that the expression of these genes is likely subject to fine-tuned
regulation, potentially influenced by mutations in promoter regions and/or the 5’
untranslated regions (UTRs). Such regulatory modifications could allow for
precise control of gene expression despite partial gene loss, reflecting the

complex evolutionary dynamics following polyploidization in octoploid strawberry.

On transcriptomic level, this study sheds light on the molecular basis of early
floral initiation in F. x ananassa under natural conditions. Key gene expression

profiles were identified and differences between cultivars CL and GA across two
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environments (Germany and France). The roles of genes such as XTH23, TPS
and FER4 were highlighted, and those encoding transcription factors such as
FBH, CO and Gl, in the regulation of this developmental transition, which also
involves the reprogramming of carbohydrate metabolism, phytohormone
signaling, and photoperiod-dependent regulation. These findings offer valuable
insights into the optimization of strawberry cultivation and breeding strategies, but
more research is needed to determine the precise functions of the key genes

involved in floral initiation and the influence of their differential expression.

6.3 Generating Pore-C data with Potato
In this study, the ONT Pore-C sequencing technique was applied to
Solanum tuberosum cv. ‘Altus’ as a model system. The resulting data supported
the use of low-depth sequencing from an offspring population to enable
chromosomal clustering and haplotype phasing on the assembly graph, as
demonstrated by Mari et al. (2024). However, the primary objective was to
evaluate the Pore-C method for generating chromosomal contact information to

facilitate the genome assembly of R. nigrum (chapter 4.5.1).

Pore-C, like other chromatin conformation capture techniques such as Hi-C,
capture Hi-C, and Capture-C, is a powerful tool for analyzing the
three-dimensional folding of chromatin. These techniques reveal interactions
between chromosomal regions that are spatially proximal to the nucleus,
elucidating functional relationships between elements such as promoters and
enhancers. Moreover, they have proven invaluable for addressing complex
challenges, including 3D chromatin structural analysis and the scaffolding of large
genome assemblies (Belton et al., 2012; DeMaere and Darling, 2021; Yardimci et
al., 2019).

In this study, seven samples were analyzed across five timepoints. Samples
collected less than one month apart exhibited similar chromatin interaction
patterns. However, corrected Pore-C contact counts showed marked differences
between samples collected earlier in the year (March and April) and those
collected in August. Typically, samples derived from the same biological replicate
are expected to display similar patterns (Ramirez et al., 2018; Wolff et al., 2020).

These differences may be explained by biological replicate and age-related
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changes in chromatin structure, as developmental stages and tissue aging are
associated with dynamic alterations in epigenetic marks such as DNA
methylation and histone modifications. These epigenetic changes influence
chromatin folding and 3D architecture (Ramirez et al., 2018; Kumar and

Mohapatra, 2021), potentially leading to variability in Pore-C sequencing results.

A key metric impacted by these differences was the cis:trans ratio. Samples
collected in March and April displayed a high cis:trans ratio (>5), indicative of
good data quality, as intrachromosomal (cis) interactions are far more frequent
than interchromosomal (trans) interactions (Hansen et al., 2019; Dozmorov et al.,
2021). By contrast, August samples exhibited a much lower cis:trans ratio (<1).
Apart from age, no differences were observed in data generation using the
selected restriction enzyme or in the subsequent data evaluation. This suggests
that age plays a significant role in influencing chromosomal interactions. These
results highlight the critical importance of considering seasonal and

developmental factors when interpreting chromatin conformation data.

Furthermore, significant differences were observed in the balance of short- and
long-range contacts between samples collected in March/April and those from
August. Short-range contacts, which typically represent local chromatin looping
and interactions between regulatory elements such as enhancers and promoters
or structural domains, were more prominent in the earlier samples. This
observation aligns with studies indicating that enhancer—promoter interactions
are crucial for gene regulation and can vary under different conditions (Zhang et
al., 2024).

A strong short-range signal reflects high resolution of fine-scale chromatin
structure, as chromatin looping enables transcription-factor-bound distal
enhancers to contact their target promoters and regulate transcription
(Rosa and Shaw, 2013). Conversely, long-range contacts, critical for scaffolding
genome assemblies and understanding higher-order chromatin organization,
were less pronounced in the August samples. Long-range chromatin interactions
play significant roles in gene regulation and genome maintenance, and their
alteration can impact higher-order chromatin organization (Pei et al., 2021).

These differences may reflect age-related chromatin remodeling, which can alter
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chromosomal compartments and topological domains, affecting the balance of

short- and long-range contacts.

Variability in chromatin structure due to plant age and developmental stage can
result in inconsistent Hi-C or Pore-C data, manifesting as fluctuations in cis:trans
ratios and contact patterns. To mitigate these issues, DNA extraction and library
preparation should be performed immediately after harvesting, as outlined in
established protocols. Additionally, ensuring sufficient tissue material is critical, as
limited tissue availability can be a constraint for certain plant species. Biological
stressors, such as environmental factors, must also be managed carefully, as
they can influence chromatin structure and, consequently, data quality. For
instance, a study on Solanum lycopersicum demonstrated that heat stress
induces rapid changes in chromatin architecture, leading to the transient
formation of promoter-enhancer contacts, which likely drive the expression of
heat-stress responsive genes (Huang et al., 2023). This finding underscores the
importance of controlling environmental conditions during sample collection to
maintain consistent chromatin structures. Furthermore, research on Zea mays
has highlighted the necessity of optimizing tissue collection and DNA extraction
protocols to obtain high-quality chromatin conformation data. Ensuring the
immediate processing of harvested tissues and the availability of sufficient
material are critical steps to prevent degradation and maintain the integrity of

chromatin interactions (Hsieh et al., 2024).

In this study, the data generated with Pore-C proved valuable for validating the
genome assembly approach in S. tuberosum. to achieve consistent and reliable
Hi-C or Pore-C data in plant studies, it is essential to consider factors such as
plant age, developmental stage, environmental conditions, and tissue handling
protocols, as these can significantly influence chromatin structure and,
consequently, the quality of the data obtained. Furthermore, it has been
successfully applied in other plant species. For instance, in Brassica rapa,
Pore-C showed comparable performance to Omni-C in terms of scaffold N50 and
L50, with a slightly better N9O (Istace et al., 2021). In Arabidopsis, Pore-C was
used to capture genome-wide multi-way chromatin interaction landscapes at the
single-molecule level, revealing epigenetic modifications of interacting DNA
fragments (Li et al., 2022). In the study of Jo et al. (2024) ONT long reads
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combined with Pore-C produced the first high-quality chromosome-level genome
assembly of Sageretia thea. And in Sierro et al. (2024) Pore-C was used to

generate chromosome-level assemblies of three Nicotiana species.

Based on our findings and insights from the literature, we conclude that the
Pore-C method offers a promising approach for the genome assembly of R.

nigrum.

6.4 Molecular response to drought stress effects of
blackcurrant

Blackcurrant (R. nigrum) is an important fruit crop because the edible berries

confer a number of health benefits. In this study we were able to establish the

blackcurrant genome assembly on pseudo-chromosomal level, and identified

multiple genes associated with drought stress as well as related changes in

metabolites.
6.4.1 Genome assembly of R. nigrum

The total size of our blackcurrant genome assembly was ~871 Mbp, which is
close to the estimated genome size of ~1 Gbp for the genus Ribes Chiche et al.
(2003) and in line with the genoscope estimation of 750 Mbp (Supplemental
Material Figure S2). Using a hybrid approach facilitating ONT long read and
precise HIFI PacBio data directly in hifiasm as well as using contact data
generated with the PoreC ONT approach, coupling long reads directly to
sequence multi-way chromatin contacts without amplification (Ulahannan et al.,
2019) we were able to accomplish a pseudo-chromosomal scaffolding resulting in
8 chromosomes. This is building on the complementarity of simplex ONT and

very precise HiFi reads (van Rengs et al., 2022; Cheng et al., 2023).

Our data are in line with Ribes cultivars reported in literature to be diploid with a
basic chromosome number of 8 (Zielinski, 1953; Chiche et al., 2003). As we
investigated a relatively high heterozygosity, we were able to get very contiguous
individual haplotype assemblies for haplotype one and two. These haplotype
assemblies had a comparable size with 900 Mbp for haplotype one and 885 Mbp
for haplotype 2.
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Genome assembly quality was checked using the LTR assembly index (LAI),
which estimates genome completeness including more repetitive genome regions
by calculating the percentage of intact LTR retrotransposon (LTR-RT) sequences
(Manchanda et al., 2020; Feron and Waterhouse; 2022). The blackcurrant
genome assembly produced an LTR assembly index (LAl) score of 14.77,
aligning closely with the LAl score of the ultra-long-read ONT based Arabidopsis
genome (LAI=14.9) (Michael et al., 2018; Ou et al., 2018). Long-read sequencing
methods, like ONT and PacBio, typically yield Leaf Area Index (LAI) scores
exceeding 10. An LAl ranging from 10 to 20, as per Ou et al. (2018), designates a
genome of reference quality. This is supported by the assessment of genome
errors through CRAQ, which revealed a Reference Assembly Quality Index
(R-AQI) of 96.21% and a Scaffold Assembly Quality Index (S-AQl) of 98.64% for
the generated blackcurrant genome. According to Li et al. (2023), genomes with

an AQI exceeding 90% are classified as reference quality.

Notably, the AQI results for the blackcurrant genome were comparable to those
of the haplotype PacBio Complete Long Reads (CLR) Oryza sativa MH63
(R-AQI=96.25; S-AQI=94.96) (Li et al., 2023;
https://www.ncbi.nlm.nih.gov/datasets/genome/GCA_001623365.2) and the
haplotype PacBio CLR O. sativa R498 (R-AQI=96.96; S-AQI=98.22) (Li et al.,
2023; -Du et al., 2017) genomes on chromosomal level. Our results surpassed
the existing assemblies of ONT Solanum pennellii (R-AQI<=95.57; S-AQI=91.47)
and ONT-based Arabidopsis KM74 (R-AQI=85.95; S-AQI=93.34), as well as the
PacBio CLR-based Arabidopsis KM74 genome assemblies (Michael et al., 2018)
on the contig level (R-AQI=95.57; S-AQI=96.29) (Li et al., 2023; Table 1). The
observed distinctions can likely be attributed to variations in sequencing
methodologies but also to transposons identification. Notably, PacBio HIFI
exhibits error rates that are generally lower than those of simplex ONT reads,
culminating in assemblies of heightened accuracy. Consequently, the Reference
Assembly Quality Index (AQI) values for our assembly align closely with the

PacBio reference genome for O. sativa and Arabidopsis.

Furthermore, our assembly reached a consensus assembly quality value (QV) of

57.49 assessed by Merqury. As per Rhie et al. (2020), our QV corresponds to
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99.999% accuracy. Our assembly is higher than the PacBio MH63 gap-free
reference genome of O. sativa (Song et al., 2021), which achieved a QV of 55.05,
and the chromosome-level assembly based on PacBio and Hi-C data of the berry
Fragaria pentaphylla (Sun et al., 2022), which attained a QV of 54.76. Our high
QV underscores the high quality of our genome assembly for R. nigrum, making it
comparable to these reference genomes. Furthermore, our genome assembly
has reached a k-mer completeness of 98.59, which is higher than known values
of PacBio and Hi-C based de novo assemblies such as for F. pentaphylla and
Arctostaphylos glauca with a k-mer completeness of 84.71 and 74.39 (Sun et al.,
2022; Huang et al., 2022). The k-mer completeness of the PacBio data-based
haplotype resolved assembly of Coriaria nepalensis is 98.87 comparable to our
haplotype resolved assembly. For further genome validation and to make the
genome useful for QTL studies, marker sequences published by Russell et al.
(2011) located on the linkage map of the population SCRI 9328 and MP7 were
mapped to our genome. Genetic markers identified on a specific chromosome of
the linkage map were also identified on a corresponding chromosome within our
genome assembly. This implies concordance between the genetic linkage
relationships and the tangible physical locations of genetic elements within the
genome. This signifies that our assembly is likely accurate and will allow us to

analyze legacy data against our genome assembly.

Our sequence assembly exhibited high quality as indicated by the BUSCO
completeness assessment, with a BUSCO score of 98.3%. This gene
completeness surpasses that of chromosomal-level genomes within the
Saxifragaceae family, which is additionally part of the Saxifragaceae alliance,
alongside the Grossulariaceae (Soltis et al., 2011). For Saxifragaceae, three
genomes have been published at the chromosomal level. Notably, the genome of
Paeonia ostii, the largest among them at 12 Gb across five chromosomes,
achieved a BUSCO completeness score of 94.4%, while the smallest genome of
Tiarella polyphylla with 412 Mb reached a BUSCO completeness of 97.31%
(Yuan et al., 2022; Liu et al., 2023). The genome of Cercidiphyllum japonicum,
spanning 719 Mb and 19 chromosomes, attained a BUSCO completeness score
of 94.1%. The genomic assembly of T. polyphylla relies on a combination of

lllumina short reads, ONT long reads, and Hi-C data, whereas the assembly of
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the C. japonicum genome utilizes PacBio long reads, lllumina short reads, and
Hi-C data. Our analysis indicates a significantly elevated BUSCO completeness
in our genome assembly, possibly attributed to the synergistic effect of integrating
PacBio and ONT long reads along with ONT PoreC data. The high BUSCO
completeness underlines the high quality of our assembly and is the first
published genome in the Grossulariaceae family. These gene completeness
values surpasses the 97-98% range reported for other berry crops. Examples
include a blueberry wild relative (Vaccinium darrowii), with a BUSCO score of
97.5% and 95.7% functionally annotated genes (Yu et al., 2021), and raspberry
(Rubus ideaus) with a BUSCO score of 91.3% functionally annotated genes
(Davik et al., 2022). These genomes were assembled using PacBio, Hi-C, and
lllumina short-read sequencing methods, resulting in slightly lower BUSCO
scores compared to our assembly. Our assembly, anchored on 8
pseudo-chromosomes, successfully mapped 99% of the genome, while the
comparable C. japonicum genome only anchored 90.18% on 19
pseudo-chromosomes. (Zhu et al., 2020). Our annotation of the blackcurrant
genome assembly on pseudo-chromosomal level resulted in 42,380 genes with a
BUSCO completeness score for the transcriptome of 96.8% for cv. ‘Rosenthals
Langtraubige’. In comparison, Thole et al. (2019) assembled 145,906 transcripts
with an N50 value of 1,480 bp and a read mapping rate of 90.4% for cv. ‘Ben
Hope’. Another 40,225 genes were predicted in a microarray analysis (Cerekovi¢
et al., 2015). Unfortunately, this data was not publicly available for a comparison.
Concerning the RNA-Seq dataset, we anticipated a typical mapping rate
exceeding 80% against the transcriptome. However, our observed mapping rate
is lower, standing at 74%. This discrepancy may be attributed to the utilization of
ONT for RNA-Sequencing, wherein longer sequences are generated but are
associated with a higher error rate compared to short-read technologies such as

PacBio or lllumina.

6.4.2 Differentially expressed genes during drought stress in leaf

and root tissue

In this study, we identified various DEGs associated with drought stress. Notably,
the stressed plants exhibited distinct phenotypic alterations, characterized by

desiccated and curled leaves lacking turgidity. Nonetheless, our genome
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assembly for R. nigrum successfully revealed the presence of genes already

acknowledged for their involvement in plant drought stress.
6.4.3 Protein kinases

The final genome assembly and its annotated transcriptome were utilized to
identify differentially expressed genes in leaf and root tissue samples that were
collected during our drought stress experiment. Plants exhibit diverse responses
to abiotic and biotic stimuli, employing specialized mechanisms tailored to the
intensity and duration of the stress. During drought stress, plants enact strategies
such as closing stomata to minimize water loss, fostering deeper root growth for
enhanced water acquisition, and shedding leaves to reduce transpiration rates.
Furthermore, abiotic and biotic stimuli through activation of adaptive mechanisms
and receptors act as sensors for these stimuli to transduce information through
the plant such as receptor-like kinases (RLK) (Gish and Clark 2011;
Soltabayeva et al., 2022). Amongst other genes, we have found leucine-rich
repeat receptor-like kinases (LRR-RLK) genes mostly highly downregulated in
roots and leaves under drought conditions. Ksouri et al. (2016) previously
observed a similar trend in Prunus persica rootstocks, noting a prominent

downregulation of LRR-RLK genes, particularly in leaves.

Besides that, one gene annotated as a member of the subfamily of LRR-XV was
upregulated in leaves and significantly downregulated in roots. Within this
subfamily, in Arabidopsis, the gene RPK1 showed an enhanced ABA sensitivity
and drought tolerance with increased superoxide dismutase (SOD) level and
decreased ROS accumulation (Osakabe et al., 2005; Osakabe et al., 2010;
Osakabe et al., 2013). In our study, the genes Cu/Zn-SOD and Fe-SOD were
differentially expressed in leaves and roots. This finding agrees with
Saed-Moucheshi et al. (2021), who studied triticale grain samples to assess the
correlation between SOD (superoxide dismutase) expression and drought
resistance in different triticale genotypes. The authors revealed elevated
Cu/Zn-SOD expression in the roots of a drought-resistant triticale genotype,
whereas Fe-SOD remained unaffected (Saed-Moucheshi et al., 2021). The genes
RN2G000320.1 and RN8G015790.1 annotated as hydrogen peroxide receptor

kinase (GHR1) were downregulated in root tissue. This gene was previously
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described in Arabidopsis as a critical early component in ABA signaling that is a
plant hormone that inhibits growth under stress conditions (Hua et al., 2012).
Furthermore, one gene annotated as hydrogen peroxide receptor kinase (HPCA)
was downregulated in roots and leaves. The LRR-RLK HPCA1 was previously
identified in Arabidopsis and belongs to a previously uncharacterized subfamily
featuring two extra pairs of cysteine residues in the extracellular domain. It is
activated by H,0, and activates Ca®* channels in guard cells, which are required

for stomatal closure (Wu et al., 2020).

In our study, one gene annotated as a brassinosteroid co-receptor protein kinase
gene (BAK/SERK) was downregulated in both tissues. This gene category serves
as a converging point for several receptor-like kinase (RLK) signaling pathways
and functions as a shared co-receptor (He et al., 2018). Additionally, we observed
an upregulation of a gene specific to PSKR in root tissue, where PSKR1
collaboratively regulates plant growth in conjunction with BAK1, SERK1, and
SERK2 (Wang et al., 2015). The gene responsible for the transcription of PXY is
also regulated by BAK1, SERK1, and SERK2 and exhibited downregulation in
both tissues in our study, suggesting a suppression of root development and
xylem differentiation (Ou et al., 2016; Shinohara et al, 2016).

In addition to LRR-RLK, our study has identified multiple receptor-like
cytoplasmic kinases (RLCK) that exhibited up- and downregulation in both leaf
and root tissues. These cytoplasmic kinases are associated with various RLK
complexes responsible for transmitting intracellular signals and have crucial
functions in plant growth, development, as well as responses to biotic and abiotic
stresses, as indicated by previous research (Lin et al., 2013; Liang and Zhou,
2018). The RLCK family consists of several members, with particular attention to
RLCK VII, which is closely linked to plant growth and development, suggesting its
significant role in the transduction of RLK signaling (He et al. in 2018). Several
RLCK VIl receptors in Arabidopsis are known to be involved in BR-signaling and
root hair growth as well as root development and stomatal defense (Mara-Garcia
et al., 2004). Furthermore, RLCK VIII has been related to oxidative stress
signaling (Anthony et al., 2016; Forzani et al., 2011; Liang and Zhou, 2018). In

our research, we observed up- and downregulation of various members of the
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RLCK classes VII, VIII, and XlI in both tissues, indicating an impact on growth
and development. Furthermore, we detected members of the RLCK classes V, VI,
X, Xl, and Xll, which have not been extensively characterized previously but
appear to be involved in responses to drought stress in both tissues as well.

Especially, in roots where high significant downregulation was found.

As previously stated, certain RLCKs form associations with various RLKs to
transmit intracellular signals via protein phosphorylation, leading to the activation
of the mitogen-activated protein kinase (MAPK) cascade as a critical outcome
(He et al., 2018). In our study, MAPK genes were mostly downregulated in roots.
In Arabidopsis under drought stress activated AtMPK3 and AtMPK6 were found
via the activity of MAPKKK NPK1-RELATED PROTEIN KINASE1 (ANP1)
strongly inducing NUCLEOTIDE DIPHOSPHATE KINASE2 (AtNDPK2) (Huang et
al., 2012). In our study, the leaves of our blackcurrant plants showed no
significant change in gene expression of MAPK (NPK/ANP), while
drought-stressed roots have shown a strong downregulation. Contrarily, we
observed no differentially expressed genes linked to AtNDPK2 in our
investigation, suggesting that our cultivar might not be responsive to drought
stress through this signaling pathway (Laloi et al., 2004). The Ca*-dependent
protein kinases (CDPKs) represent another signal transduction way. We have
found several genes transcribing for CDPK/CPK. These kinases play key roles in
abiotic stress tolerance by modulating ABA signaling, reducing the accumulation
of ROS, and are directly involved in physiological processes like growth,
development, and stress responses (Bi et al., 2021). In our study, the genes
encoding CDPK/CPK were mainly upregulated in leaves and significantly in roots.
Previous studies have shown their role as potential targets in improving drought
stress tolerance in Arabidopsis, maize, rice, sorghum, and potato (Mittal et al.,
2017; Yip Delormel and Boudsocq, 2019; Bie et al., 2021). Our results match
those in the literature and suggest a positive answer to the ABA signal chain for

both tissues.

Proline-rich extensin-like receptor kinases (PERKs), a RLK subfamily, were
differentially expressed. Our investigation identified six active genes in both leaf

and root tissues. Interestingly, one gene showed upregulation in one root tissue
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while being downregulated in the leaf tissue. The function of the PERK4 gene in
Arabidopsis has been predicted to be a key regulator of Ca* signaling
contributing to production of ABA in roots (Bai et al., 2009). Furthermore, several
ZmPERK genes with cis-elements in their promoter regions were found for maize
stress response (Shahid et al., 2022). Another member of the RLK family is the
cysteine-rich repeat RLK (CRK), which is characterized by the presence of
typically two DOMAIN OF UNKNOWN FUNCTION 26 (DUF26). These domains
can recognize different ligands such as protein-protein interactions on the cell
surface and allow it to acquire new functions. It is assumed to be involved in the
perception of environmental signals and plant development (Wrzaczek et al.,
2010; Vaattovaara et al., 2019; Arellano-Villagémez et al., 2021). In our study we
have found three genes downregulated in roots. Only a few proteins have been
functionally characterized in literature so far and the mechanism on how CRKs
enhance drought tolerance in plants remains unknown. A point mutation in the
kinase domain of CRK10 was previously described in Arabidopsis to impede
water transport due to collapsed vessels and to lead to an increased ABA
content, while the overexpression of CRK4 and CRK5 enhances ABA sensitivity
of stomatal movement and drought tolerance in tobacco (Piovesana et al., 2023;
Lu et al., 2016). Furthermore, upregulated CRK33 was identified in Arabidopsis to
decrease transpiration and to be involved in influencing stomatal density. CRK7 is
involved in the response to extracellular ROS production and CRK36 interacts
with the RLCK gene ARCK1 and negatively regulates ABA and osmotic stress

signal transduction (Idanheimo et al., 2014; Tanaka et al., 2012).
6.4.4 Hormone related genes

In the ABA signaling cascade pyrabactin resistance (PYR), pyrabactin like (PYL)
and the regulatory component of ABA receptors (RCAR) are major components
responsible for the regulation of ABA signaling pathway (Kundu and Gantait,
2017). These components are negative regulators of the ABA pathway if no ABA
is available. Our results showed most PYL/ RCAR receptor components in leaf
and root are downregulated. These ABA receptors are involved in the complex of
SnRK1, SnRK2 and PP2C. Here, ABA can bind to PYR/PYL/ RCAR receptors
and SnRK1, SnRK2 and SnRK3 protein kinases are synthesized. In our study,

several SnRK3 (data not shown) and SnRK2 were upregulated and a gene of
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regulatory protein FCS-like zinc finger (FLZ) of SnRK1 complex was down
regulated, leading to the assumption that this ABA pathway was activated against
drought stress. The involvement of these genes and pathway was already shown
in several plants against abiotic stresses and drought stress for plants such as
Arabidopsis (Baena-Gonzalez et al. 2007), barley (Zhang et al., 2001), pea
(Radchuk et al., 2006) and fava bean (Yang et al., 2013). Here these genes were
involved in the development, growth inhibition and control of stomatal movement
(Radchuk et al., 2006; Hasan et al., 2021a; Hasan et al., 2022).

6.4.5 Transcription factors

Drought stress induced signaling mechanisms result in regulation at the
transcriptional level, leading to accumulation of stress responsive TFs. In our
study, several TFs were differentially expressed in both tissues. The TFs for
ERF-I, 11, IV, IX, VI, VIIl, X and DREB1/2 were upregulated in both tissues during
drought stress. These subfamilies have been reported to be involved as
regulators in drought stress response (Wang et al., 2016; Chen et al., 2022).
CBF/DREB1 and DREB2 were previously described in signal transduction and
drought tolerance in rice, soybean and Arabidopsis (Dubouzet et al., 2003; Chen
et al., 2022). We obtained similar results, finding most CBF/DREB1 and DREB2

genes upregulated under drought.

Cerekovié et al. (2015) showed the involvement of three basic leucine zipper
(bZIP) TFs in R. nigrum leaves under drought stress: AT3G58120 (upregulated),
AT5G24800 and AT4G35900 (downregulated). In our study, multiple bZIP TFs
were upregulated in both tissues, which might be due to the use of another
cultivar and/or the use of another annotated genome as a reference as in
Cerekovié et al. (2015). The TF IRE1/bZIP60 and corresponding regulatory
mediators were found strongly downregulated in roots. IRE1/bZIP60 functions as
the signaling arm of the unfolded protein response (UPR). Furthermore, TFs such
as R2R3-MYB, bHLH, WRKY, NAC, zinc finger (C2H2) and HD-ZIP are known to
be involved in drought stress response in plants (Huang et al., 2009a; Liu et al.,
2014; Joshi et al., 2016; Qiu et al., 2019; Li et al., 2021; Khoso et al., 2022). The
TFs R2R3-MYB and bHLH are previously described to be involved in the

anthocyanin pathway, in plant stress response in tthe ABA-dependent regulatory
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systems and in R. nigrum under drought stress (Qiu et al., 2019; Valliyodan and
Nguyen, 2006; Abe et al., 2003; Cerekovi¢ et al., 2015). Cerekovié et al. (2015)
has found MYB TFs downregulated after drought stress induction, which is
consistent with the results in our study of the TFs, where R2R3-MYB were
downregulated in root tissue in R. nigrum during drought stress. Furthermore,
WRKY, NAC, C2H2 and HD-ZIP TFs were both up- and downregulated in leaf
and root tissues during drought stress in our study. The TF WRKY33 was
previously described in R. nigrum leaves under drought stress (Cerekovi¢ et al.,
2013) and acts as a positive regulator in drought stress response in Caragana
korshinskii (Li et al., 2021). Here, CKWRKY33 plants had higher survival rates
and higher soluble sugar, proline and peroxidase content. Furthermore, WRKY70
and WRKY45 are known to be involved in ABA related pathways during drought
stress in Arabidopsis (Li et al., 2013, Chen et al., 2017; Qiu and Yu, 2009; Li et
al., 2021). Additionally, several NAC TFs were differentially expressed in leaves
and highly significant in the roots of R. nigrum. These results align with previous
findings. It is well-documented that this TF category plays a key role in
responding to abiotic stress, such as drought, by either activating
stress-responsive genes or enhancing drought resistance in transgenic plants, as
reported by Takasaki et al. (2010) and Tran et al. (2004). Cerekovi¢ et al. (2013)
detected downregulation of several C2H2 genes in leaves and roots of Caragana,
while some C2H2 genes were up- and some were downregulated in both tissues
in our study. C2H2 genes are well studied in different plant species and regulate
ROS scavenging by regulating expression of genes in rice encoding for
antioxidants and are also linked to osmoregulation by synthesis of
osmoprotectants such as proline or soluble sugars (Huang et al., 2009a; Huang
et al., 2009b; Wang et al., 2018). Additionally, they are involved in ABA signaling
by modulating expression of genes associated with stomatal closure and root
development by regulating growth and development in response to drought
(Wang et al., 2018). In addition to the ABA signaling pathway, these TFs enhance
abiotic stress resistance by the MAPK signaling pathway (He et al., 2020; Lin et
al., 2021; Ku et al., 2018). For instance, genes of HD-ZIP I/l were up- and down
regulated in both tissues in our study. These TFs are well known to be involved in

the regulation of growth and development, drought stress response, ABA
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signaling and stomatal regulation (Himmelbach et al. 2002; Olsson et al. 2004;
Agalou et al., 2008; Perotti et al., 2021).

6.4.6 The primary response to drought: from differentially

expressed genes to metabolites

In this drought study several genes related to the ABA phytohormone, GABA
biosynthesis, proline biosynthesis and amino acid metabolism were differentially
expressed. In this context, several metabolites with changing contents could be
identified. Most striking findings were observed comparing control and
drought-stressed leaf tissue, while the differences in root tissue could be
neglected, contrary to other studies for various plants such as peanut and various
Triticeae species that detected significant differences in leaves and roots
(Jiang and Hartung, 2008; Hu et al., 2016; Ullah et al., 2017). This might be
specific to species or to the short drought stress period for blackcurrant. In our
study, the main differences were in amino acid levels between control and
stressed plants. Changes in amino acids are crucial for enhancing plant
resilience to stress. Amino acids serve as osmolytes, fuel the production of
energy-related compounds, function as antioxidants against reactive oxygen
species (ROS), and may also participate in regulating and signaling processes
(Pratelli and Pilot, 2014; Hildebrandt et al., 2015). Accumulation of proline and
GABA are the first reactions to abiotic stress and especially drought stress.
Proline acts as an osmolyte or chemical chaperone and shows the highest
accumulation among metabolites under dehydration stress (Rizhsky et al., 2004;
Szabados and Savoure, 2010; Huang and Jander 2017; Takahashi et al., 2020;
Wang et al. 2022). GABA increases osmolytes and leaf turgor, while reducing
oxidative damage via antioxidant regulation. It is also essential for guard cell
production and increases water efficiency and drought tolerance (Hasan et al.,
2021b). In our study, there was observed upregulation of proline and GABA,
aligning with established findings in the scientific literature. Additionally, genes
intricately associated with these pathways, serving as enzymes catalyzing the
fundamental reactions within these biosynthetic processes, exhibited notably
distinct expression patterns (Table 2; Figure 3). Like proline and GABA, glutamine
is an osmoprotectant and accumulates under drought stress (Hildebrandt et al.,

2015). It is shortly metabolized from and to aspartate and glutamate, which act as
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distance signal transducer for Ca?*, ROS and electric signaling and as a
precursor for proline, asparagine, arginine, and GABA (Sun et al. 2015; Qiu et al.,
2020; Mousavi et al., 2013; Nguyen et al., 2018; Toyota et al., 2018). These
amino acids and the corresponding transformation enzymes play key roles in the
plants’ nitrogen metabolism. In our study these metabolites were upregulated in
drought-stressed leaf tissue, which is consistent with literature, and we were able
to identify the regulating genes transcribing for enzymes of the underlying

reactions in R. nigrum (Table 2; Figure 3).

The organic acid citric acid can be utilized for amino acid or GABA biosynthesis
through the production of glutamate (Cercos et al., 2006; Degu et al., 2011).
Furthermore, citric acid is a critical intermediate compound within the tricarboxylic
acid (TCA) cycle. Drought stress can disrupt the TCA cycle due to reduced
oxygen availability and impaired respiration, leading to alterations in citric acid
levels (Araujo et al., 2014). In our study, citric acid fold change was decreased in
leaves, which confirm results of previous studies (Ashrafi et al., 2018). Quinic
acid and its derivatives have various roles in plant metabolism, physiology and
are known to be involved in drought stress response in plants, where it can serve
as precursor for biosynthesis of various phenolic compounds or have anti-drought
properties to maintain cellular osmotic balance in plants (Qu et al., 2019; Wan et
al., 2021). However, the precise mechanisms and functions of quinic acid under
drought stress may vary depending on plant species and environmental

conditions.

Besides the ABA independent metabolites proline and GABA, the amino acids
threonine, methionine, isoleucine and valine were upregulated in our study due to
drought stress treatment. Threonine and methionine act as precursors for
isoleucine and valine, which are known to accumulate as a response to osmotic
stress in Arabidopsis and other plant species (Sanchez et al., 2008; Székely et
al., 2008; Joshi et al., 2010; Huang et al., 2017). These amino acids play key
roles in regulating cell osmosis and reducing active oxygen damage (Singh et al.,
2015; Bohnert and Jensen, 1996). The gene DROUGHT-INDUCED
BRANCHED-CHAIN AMINO ACID AMINOTRANSFERASE (OsDIAT) was found

to be the key regulator for BCAA accumulation in rice (Shim et al., 2023). In our
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study the gene RN4G058050.1 (BCAT) upregulated, which in combination with
the accumulation of isoleucine and valine is consistent with the results of our
study (Table 2; Figure 4).

Aromatic acids like phenylalanine and tryptophan are precursors for several
secondary metabolites such as indole acetate, lignin via the shikimate pathway
and serve as input in the flavonoid pathway, all of which play important roles in
drought stress response and tolerance (Maeda and Dudareva 2012;
Suguiyama et al., 2014). Furthermore, they play key roles in plant protein
synthesis and serve as precursors for several secondary metabolites, which are
essential for plant growth (Tzin and Galili, 2010; Kumar et al., 2021).
L-Tryptophan is a primary precursor for auxin production in plants, which
regulates vacuolar osmotic pressure and mediate translocation of different
metabolites improving osmotic balance and growth under water deficit conditions
(Awan et al., 1999; Wang et al., 2008). Accumulation of this amino acid has been
reported under drought stress conditions (Bowne et al., 2012), which is consistent

with our results.

The accumulation of sugars in plants during drought stress represents an
important adaptive strategy that supports plant survival and recovery when facing
water scarcity (Kaur et al., 2021). In our study, galactinol content was increased
in leaves after drought stress treatment. Accumulation of galactinol in response to
abiotic stresses such as drought was previously described for many plant species
(Taji et al. 2002, Nishizawa et al. 2006, Nishizawa-Yokoi et al. 2008; You et al.,
2019). Besides that, particularly soluble sugars like sucrose, glucose, and
fructose are known to play a significant role under drought stress in various plant
tissues. However, our study did not show an upregulation of these sugars. An
explanation can be the shorter stress period compared to other studies, which
might have been insufficient to heavily affect processes such as photosynthesis
as a main energy source or breakdown of storage sugars such as starch into

soluble sugars.

To combine multi-omics data, a de novo genome assembly at the
pseudo-chromosomal level for blackcurrant (R. nigrum) was generated, which

was prepared using a combination of ONT long reads, Illumina short reads and
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Hi-C ONT PoreC sequencing data. The approach resulted in a high-quality
sequence assembly as revealed by the BUSCO scores. This is the first genome
assembly for the genus Ribes and indeed the family Grossulariaceae as a whole.
Furthermore, the transcriptome analysis revealed plenty of differentially
expressed genes involved in drought stress mechanisms. Based on this data
connections between intermediary metabolites in biosynthesis pathways were
identified, such as the citrate cycle and alanine, aspartate, glutamate metabolism.
These pathways are directly linked to valine, isoleucine, leucine metabolism, as
well as proline and GABA biosynthesis. The integrated findings enhance our
comprehension of stress-related genes and their associated metabolites within R.
nigrum metabolism under drought stress conditions. But qRT-PCR and targeted
metabolomics would be needed to establish precise relationships spanning the
genome, transcriptome and metabolome levels. However, the annotated
blackcurrant genome generated in this study lays the foundation for further
research to understand the molecular basis of drought stress response in this
important fruit crop. Our results can also be combined with existing genetic
resources such as quantitative trait loci to facilitate marker-assisted selection and

genetic engineering for the development of improved blackcurrant varieties.
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7 Conclusion

These studies provide integrated approaches to understanding complex
biological systems in plants, offering detailed functional insights and broad
applicability for future research. The visualization framework combining PCA and
ORA based on MapMan protein classes simplifies the interpretation of large
RNA-Seq datasets, enabling efficient identification of gene expression patterns
across both model and non-model species. By linking transcriptomic data to
functional biological processes, it allows a better interpretation of complex data
demonstrated in studies of floral initiation in F. x ananassa and drought stress

responses in R. nigrum.

Furthermore, the F. x ananassa and R. nigrum studies have provided new
insights into floral initiation and drought stress responses. The identification of
key genes and metabolic pathways offers valuable insights for crop optimization

and breeding strategies.

The generation of a high-quality R. nigrum genome provides a foundational
resource for future genetic and functional studies, particularly in relation to
drought stress, paving the way for improved blackcurrant varieties through

marker-assisted selection and genetic engineering.

Overall, these studies contribute to plant biology by providing robust datasets,
comprehensive functional annotations, and integrated approaches to explore
gene expression and metabolic processes, advancing agricultural practices and

crop resilience.
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8 Abbreviations

4HbD
A4D
ABA
ACLY
ACO
ACS
AK
AP2/ERF
ASAT
ASD
ASE
AXM
BAK/SERK
BCAT
bHLH
BHMT2
bp
BRN1
BUSCO
bZIP
C2H2
CCBL
CDPK
CETS
CGS
CL

CLR
COL
CPS
CPS
CRK

G
CTAB
DAD
DEG
DREB2
DUF26
DVL/RTFL
DVL1
EDTA
EIN3
Fan
FBH
FD/FDP
FDR

Bifunctional y-hydroxybutyrate dehydrogenase
Aspartate 4-decarboxylase

Abscisic acid

ATP citrate ligase

Aconitase

Acetolactate synthase

Aspartate kinase

APETALA2/ETHYLENE RESPONSIVE FACTOR
Aspartate transaminase
Aspartate-semialdehyde dehydrogenase
Amidophosphoribosyltransferase

Axillary meristem

Brassinosteroid co-receptor protein kinase gene
Branched-chain-amino-acid transaminase
Helix-loop-helix

Homocysteine S-methyltransferase

Base pairs

Bruno ortholog Bruno-like 1

Benchmarking Universal Single-Copy Orthologs
Basic leucine zipper

Zinc finger

Kynurenine-oxoglutarate transaminase
Ca?*-dependent protein kinase
CENTRORADIALIS/TERMINAL FLOWER 1/SELF-PRUNING
Cystathione-y-synthase

Clery

Complete Long Reads

CONSTANS-like

Large subunit of carbamoyl phosphate synthetase
Large subunit of carbamoyl phosphate synthetase heterodimer
Cysteine-rich repeat RLK

Threshold cycle value
Cetyltrimethylammoniumbromid

Dihydroxy-acid dehydratase

Differentially expressed gene
Dehydration-responsive element-binding protein 2
DOMAIN OF UNKNOWN FUNCTION 26
DEVIL/ROT-FOUR-LIKE

DEVIL1

Ethylendiamintetraessigsaure

Ethylene Insensitive 3

Fragaria ananassa

FLOWERING BHLH

FLOWERING LOCUS D/ FD PARALOGUE
False discovery rate
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FER4
Fl

FLZ

FR

FT

Fve

GA
GABA
GABAPT
GAD
GAPDH
GAT
GC-MS
GDH
GE
GGAT
GHR1
Gl
GLN1
GLN2
GO
HD-ZIP
Hi-C
HMM
HPCA
HSD
HSK
IDH3
KARI

L

LAI
LC-MS
LINE
log,FC
LRR
LRR-RLK
LTR
LTR-RT
MADS/AGL-type
MAPK
metA
metE
metX
MYB

NAC
NaCl
NADH-GOGAT
NGS

FERONIA 4

Floral initiation

Regulatory protein FCS-like zinc finger
France

FLOWERING LOCUS T

Fragaria vesca

Gariguette

4-aminobutanoic acid

GABA pyruvate transaminase

Glutamate decarboxylas
Glyceraldehyde-3-phosphate dehydrogenase
GABA transporter

Gas chromatography-mass spectroscopy
Glutamate dehydrogenase

Germany

Glycine transaminase

Hydrogen peroxide receptor kinase
GIGANTEA

Cytosolic glutamine synthetase

Plastidial glutamine synthetase

Gene Ontology

Homeodomain leucine zipper

Chromatin conformation capture technique
Hidden Markov models

Hydrogen peroxide receptor kinase
Homoserine dehydrogenase

Homoserine kinase

Isocitrate dehydrogenase heterodimer subunit 1
Ketol-acid reductoisomerase

Leaf

Assembly index

Liquid chromatography-mass spectroscopy
Long interspersed nuclear element

Log, fold changes

Leucine-rich repeat

Leucine-rich repeat receptor-like kinases
Long terminal repeat

Intact LTR retrotransposon

MCM1; AGAMOUS, DEFICIENS, SRF / AGAMOUS-Like
Mitogen-activated protein kinase
Homoserine O-succinyltransferase
5-methyltetrahydropteroyltriglutamate homocysteine methyltransferase
Homoserine O-acetyltransferase

v-Myb myeloblastosis viral oncogene homolog

NO APICAL MERISTEM (NAM), ARABIDOPSIS TRANSCRIPTION ACTIVATOR FACTOR 1/2

(ATAF1/2), and CUP-SHAPED COTYLEDON (CUC?2)
Natriumchlorid

NADH-dependent glutamate synthase

Next Generation Sequencing
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OAT
ONT
OPLS-DA
ORA
OsDIAT
P5CDH
P5CR
P5CS

PC

PCA
PCR
PERK
PLS

PP2
PRODH
PSKR
PYD4
PYL

PYR
gRT-PCR
Qv
R-AQI
RCAR
RGA1
RG-I
RLCK
RLK
RNA-Seq
ROS
ROT4/DVL16
SAM
S-AQl

SF
SHMT
SMRT
SNP
SnRK
SOC1
SOD
SSADH
SVP/AGL24
T6P

TA

B

TCA

TD

TE

TF

Ornithine-y-aminotransferase

Oxford Nanopore Technologies

Orthogonal projection to latent structures discriminant analyses
Overrepresentation analysis
DROUGHT-INDUCED BRANCHED-CHAIN AMINO ACID AMINOTRANSFERASE
'A-pyrroline-carboxylate dehydrogenase
Pyrroline-carboxylate-dehydrogenase
'A-pyrroline-carboxylate synthase

Principal component

Principal component analysis

Polymerase chain reaction

Proline-rich extensin-like receptor kinases

Partial least squares

Phloem protein 2

Proline dehydrogenase

Phytosulfokine receptor

Alanine aminotransferase

Pyrabactin like

Pyrabactin resistance

Real time quantitative PCR

Quality value

Reference Assembly Quality Index

Regulatory component of ABA receptors
REPRESSOR OF GIBBERELLIC ACID1
Rhamnogalacturonan |

Receptor-like cytoplasmic kinases

Receptor-like kinases

RNA Sequencing

Reactive oxygen species

ROTUNDIFOLIA4

Shoot apical meristem

Scaffold Assembly Quality Index

Seasonal flowering

Serine hydroxymethyltransferase

PacBio single-molecule real-time

Single nucleotide polymorphism

SNF-related protein kinases

SUPPRESSOR OF OVEREXPRESSION OF CONSTANS 1
Superoxide dismutase

Succinate-semialdehyde dehydrogenase (NAD+)
SHORT VEGETATIVE PHASE/ AGAMOUS-LIKE 24
Trehalose-6-phosphate

Threonine aldolase

Terminal bud

Tricarboxylic acid

Threonine dehydratase

Transposable element

Transcription factor
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TFL1
TIR
TPM
TPS1
trpA
trpB
TS
t-SNE
UMAP
UPR
UTRs
XTH23

TERMINAL FLOWER 1

Terminal inverted repeat

Transcripts per million
TREHALOSE-6-PHOSPHATE SYNTHASE1
Subunit a of tryptophan synthase complex
Subunit B of tryptophan synthase complex
Threonine synthase

t-distributed stochastic neighbor embedding
Uniform manifold approximation and projection
Unfolded protein response

5" untranslated regions

Xyloglucan endotransglucosylase (XET)/hydrolase 23
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Annotations
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Supplemental Table S1: Pore-C metrics for seven single samples of S. tuberosum leaf tissue after

alignment and deduplication. Cis and trans contacts denote the chromatin interactions occurring within the

same chromosome (cis) compared to those occurring between different chromosomes (trans).

Pore-C metrics Sample 1 Sample 2 Sample 3 Sample4 Sample5 Sample6 Sample?7
Measuring date 2023/03/30 2023/04/07 2023/04/08 2023/08/18 2023/08/18 2023/08/23 2023/08/23
Total reads 2,566,838 33,472,890 37,401,385 4,433,937 16,023,499 21,417,910 23,055,400
Total unmapped reads 1,246,661 15,384,605 17,119,292 1,998,609 7,316,022 9,983,880 10,749,738
Total mapped reads 580,409 8,028,726 9,040,662 505,062 1,879,015 2,202,542 2,352,632
Duplicated reads 52,663 1,884,382 2,127,156 1,179 7,537 13,038 14,006
Cis contacts 468,214 5,190,803 5,787,446 238,478 799,514 1,031,774 1,079,748
Trans contacts 59,532 953,541 1,126,060 265,405 1,071,964 1,157,730 1,258,878
cis:trans ratio 7.86 5.44 5.14 0.89 0.75 0.89 0.85

Supplemental Table S2: Genome assembly statistics for the scaffolded blackcurrant genome and its

haplotypes 1 and 2.

Genome features R. nigrum genome assembly Haplotype 1 Haplotype 2
Total length [bp] 871,555,738 901,851,302 885,535,873
Number of scaffolds 29 441 216

GC content [%] 36.97 37.18 37.11

N50 [bp] 113,235,913 61,129,474 51,685,379
N75 [bp] 106,733,054 54,530,870 37,891,422
N90 [bp] 84,956,319 18,472,649 20,831,317
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Supplemental Table S3: Number of telomeric repeat sequences (AAACCTT) at the chromosome start
and end within a 20-kbp window for the blackcurrant genome at the pseudo-chromosomal level.

Fewer than 10 telomeric sequences were assigned to the designation 'NA'.

Chromosome Start Chromosome End
Chromosome [No. telomeric sequences] [No. telomeric sequences]
Chr 1 NA NA
Chr 2 1600 NA
Chr3 NA 1329
Chr4 1508 NA
Chr5 NA 714
Chr6 NA 1553
Chr7 NA 581
Chr 8 1114 1624
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Supplemental Table S4: Comparative analysis of 73 markers from the R. nigrum SCRI 9328 and MP7
genetic linkage map (Russell et al., 2011) and the physical map of the R. nigrum reference genome,

positioned on eight pseudo-chromosomes (Chr 1-8).

Genome
Marker Linkage Linkage Map Chromosom
Map Chromosome SCRI 9328 [cM] MP7 [cM] e Start [bp] End [bp]

CL609Contig2-2658 LG1 7.3 0 Chr4 638708 638828
CL2096Contig1-429  LG1 14.3 24 Chr4 1114243 1114123
CL1830Contig1-456  LG1 21.4 16.6 Chr4 2139595 2139699
CL1323Contig1-649  LG1 26.7 223 Chr4 2577468 2577588
CL222Contig2-432 LG1 29.9 28.1 Chr4 2931420 2931540
CL1Contig17-1834 LG1 44 384 Chr4 82725526 82725406
CL105Contig1-1202  LG1 45.5 39.1 Chr4 21083182 21083302
CL1199Contig1-699  LG1 51 459 Chr4 97016057 97015958

10854267
CL1092Contig1-971 LG1 76 55.7 Chr4 108542558 6

10909483
CL177Contig2-445 LG1 76.8 59.1 Chr4 109094719 9

11030864
CL1060Contig1-488  LG1 81.3 65.9 Chr4 110308523 3
CL139Contig3-846 LG1 93.3 79.2 Chr4 111647131 111647011

10905951
CL2142Contig1-425 LG5 9.2 0 Chr2 109059399 9
CL1Contig385-914 LG5 25.4 19.3 Chr2 94163591 94163711
CL1Contig968-64 LG5 26.5 216 Chr2 80198611 80198492
CL351Contig1-633 LG5 30 216 Chr2 31466291 31466171
CL17Contig1-545 LG5 47.3 38 Chr2 7569443 7569323
CL754Contig1-758 LG5 58.3 33.7 Chr2 8821332 8821212
CL1Contig38-1121 LG2 0 14 Chr5 191071 191191
CL895Contig1-1185  LG2 3.1 0 Chr5 308098 307978
CL163Contig3-1046  LG2 7.7 12.7 Chr5 1899532 1899652
CL1Contig694-1457  LG2 29.8 26.2 Chr5 4515495 4515615
CL151Contig8-1373  LG2 33.9 243 Chrb5 4567401 4567521
CL1191Contig1-435 LG2 41.1 31.8 Chr5 6298630 6298750
CL7Contig12-122 LG2 49.5 428 Chrb 14864056 14863936
CL122Contig7-1607 LG2 49.8 429 Chrb 18910750 18910650
CL1Contig264-1457  LG2 49.9 423 Chrb5 73078768 73078648
CL1Contig460-66 LG2 49.9 428 Chrb 28177879 28177997
CL1Contig971-186 LG2 52.8 46.3 Chr5 93946827 93946707
CL1Contig53-1007 LG2 53.1 436 Chrb 98974380 98974500
CL13Contig2-733 LG2 53.1 436 Chrb 99321955 99322075

10588562
CL1111Contig1-166 LG2 54.6 447 Chr5 105885506 4

10713388
CL59Contig6-588 LG2 56.1 458 Chr5 107134002 2

12632511
CL1Contig889-534 LG3 23.4 54 Chr1 126325232 2

12102734
CL176Contig1-230 LG3 39.5 235 Chr1 121027220 0

11888860
CL951Contig1-190 LG3 441 29 Chr1 118888486 6

11325254
CL61Contig1-2372 LG3 46.6 34.4 Chr1 113252662 2
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11448977
CL2001Contig1-304  LG3 48.1 30.1  Chr1 114489899 9

11440863
CL1057Contig1-870  LG3 49.3 33.2 Chr1 114408733 0
CL836Contig1-1017  LG3 50 36.6 Chr1 22581652 22581772
CL1Contig931-1929  LG3 50.9 376 Chr1 46624585 46624465
CL1488Contig1-196  LG3 62.3 49.2 Chr1 4787255 4787341
CL1Contig973-658 LG3 102.7 69.5 Chr1 280879 280994
CL1Contig291-268 LG3 104.9 719 Chr1 79062 79182
CL1Contig693-482 LG4 41 173 Chr6 2688407 2688285
CL1Contig648-852 LG4 42.9 0 Chrb 3411774 3411656
CL119Contig1-1274 LG4 50.9 51 Chr6 5763824 5763704
CL1Contig1024-757 LG4 53.9 51 Chr6 9398156 9398276
CL1Contig861-213 LG4 54 6.6 Chr6 10620135 10620015
CL1071Contig1-950 LG4 54.2 51 Chr6 52912735 52912855
CL134Contig1-762 LG4 56 51 Chr6 97011570 97011450

10280873
CL1192Contig1-848 LG4 70.6 236 Chré 102808854 4

10278484
CL1Contig255-477 LG4 72.3 276 Chr6 102784967 7

10438223
CL1Contig138-1240 LG4 85.1 38.8 Chr6 104382117 7

10459617
CL1Contig337-459 LG4 88.1 371 Chré 104596052 2

10616815
CL225Contig2-220 LG4 102.9 529 Chr6 106168032 2
CL2Contig70-1576 LG6 3.3 0 Chr8 61240259 61240139
CL285Contig1-1074  LG6 6.7 1.7 Chr8 4897359 4897270
CL198Contig1-761 LG6 141 88 Chr8 75728979 75729099
CL258Contig2-288 LG7 0 06 Chr7 91022131 91022038
CL1218Contig1-144  LG7 10.1 9.1 Chr7 90610612 90610732
CL88Contig2-932 LG7 121 1.2 Chr7 90433737 90433617
CL18Contig2-1072 LG7 16.1 126 Chr7 90119706 90119586
CL600Contig1-730 LG7 23.5 148 Chr7 89541594 89541474
CL113Contig1-641 LG7 41 239 Chr7 88129148 88129028

11001925
CL1Contig245-186 LG8 0 0 Chr3 110019132 2

10891634
CL1Contig96-259 LG8 4.2 54 Chr3 108916220 0
CL148Contig3-1357 LG8 9.8 144 Chr3 69132505 69132586
CL1Contig735-1426 LG8 9.8 145 Chr3 79303246 79303126

10363057
CL1Contig494-651 LG8 10.4 1.1 Chr3 103630457 7

10486149
CL9Contig1-194 LG8 10.8 106 Chr3 104861613 3
CL152Contig5-1081 LG8 124 15.8 Chr3 13574896 13574777
CL1Contig969-1027 LG8 20.9 20.3  Chr3 7247140 7247020

Supplemental Table S5: Number of genes and additional information for the R. nigrum genome

assembly.

150



Publications

Stat Total Average Mode Min 1% 5% 10% Median 75% 95% 99% Max
Number of genes 46.544 NA NA NA NA NA NA NA NA NA NA NA
Number of genes (coding) 44.071 NA NA NA NA NA NA NA NA NA NA NA
Number of monoexonic
genes 7.215 NA NA NA NA NA NA NA NA NA NA NA
Transcripts per gene 50.767 01.09 1.0 1 1 1 1 1 1 2 3 6
Coding transcripts per gene 47.83 01.03 1.0 0 0 0 1 1 1 2 2 6
2.01 19.4
CDNA lengths 77,725,931 1,531.03 439.0 200 242 344 448 1.265 5 3.606 5.30 9
2.07 19.4
CDNA lengths (mMRNAs) 75,347,928 1,575.33 439.0 200 240 345 461 1.324 1 3.656 5.39 9
1.43 16.2
CDS lengths 53,304,437 1,049.98 0.0 0 0 0 216 801 4 2.847 4.22 7
1.47 16.2
CDS lengths (MRNAs) NA 1,114.46 459.0 67 147 219 276 864 9 2.88 4.28 7
CDS/cDNA ratio NA 69.63 100.0 7 22 34 42 71 84 98 100 100
1.67 11.0
Monoexonic transcripts 7.241 1,277.26 324.0 233 268 346 421 974 8 3.15 4.69 6
1.21 6.87
MonoCDS transcripts 10.916 901.74 276.0 67 126 198 243 621 8 2.562 3.456 9
Exons per transcript 272720 5.37 2.0 1 1 1 1 4 7 15 24 86
Exons per transcript
(mRNAs) 3543 5.54 2.0 1 1 1 1 4 7 15 24 86
11.0
Exon lengths NA 285.00 1.0 1 1 2 28 141 328 1.013 2.13 6
11.0
Exon lengths (MRNAs) NA 284.31 1.0 1 1 2 25 138 326 1.018 2.14 6
Intron lengths NA 539.57 85.0 20 55 77 84 205 561 1.766 5.84 20
Intron lengths (MRNAs) NA 517.50 85.0 20 55 76 84 199 541 1.675 5.53 20
CDS exons per transcript 2.642 4.72 1.0 0 0 0 1 3 7 14 23 86
CDS exons per transcript
(mRNAs) 2.642 05.01 1.0 1 1 1 1 3 7 14 23 86
CDS exon lengths 53,304,437 222.36 1.0 1 1 3 29 119 225 813 1.83 7.98
19.9
CDS Intron lengths 94,359,779 491.73 87.0 20 56 76 83 187 510 1.574 5.34 9
5'UTR exon number 47.83 1.27 1.0 0 0 1 1 1 1 2 4 14
3'UTR exon number 47.83 1.19 1.0 0 0 1 1 1 1 2 4 22
10.0
5'UTR length 8,331,188 174.18 1.0 0 0 1 3 119 240 531 1.03 9
3'UTR length 13,712,303 286.69 1.0 0 0 1 7 245 376 736 1.43 6.96
Stop distance from junction NA 22.61 0.0 0 0 0 0 0 0 119 511 6.38
15,008.7 53.9 1.99 15.9 922.
Intergenic distances NA 5 2.0 0 2 2 216 4.674 0 65.4 138.51 80
Intergenic distances 16,026.1 53.9 1.24 16.7 922.
(coding) NA 3 2.0 0 5 2 211 4.722 1 70.7 150.54 8

Supplemental Table S6: Enrichment analysis of MapMan annotated Single nucelotide polymorphisms

(SNPs) with either stop gained or stop lost function on the R. nigrum genome.
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MapMan annotation ERF pvalue

Photosynthesis 0.16 0.00
Cellular respiration 0.82 0.74
Carbohydrate metabolism 0.46 0.08
Amino acid metabolism 0.96 1.00
Lipid metabolism 0.67 0.14
Nucleotide metabolism 0.38 0.18
Coenzyme metabolism 0.54 0.12
Polyamine metabolism 0.85 1.00
Secondary metabolism 1.69 0.05
Redox homeostasis 0.64 0.46
Phytohormone action 0.24 0.00
Chromatin organisation 0.88 0.72
Cell division 0.72 0.14
DNA damage response 0.72 0.66
RNA biosynthesis 0.73 0.02
RNA processing 1.03 0.80
Protein biosynthesis 0.63 0.04
Protein modification 0.85 0.30
Protein homeostasis 0.70 0.02
Cytoskeleton organisation 0.95 1.00
Cell wall organisation 0.64 0.1
Vesicle trafficking 0.72 0.20
Protein translocation 0.94 1.00
Solute transport 0.60 0.00
Nutrient uptake 1.24 0.46
External stimuli response 1.14 0.52
Multi-process regulation 0.43 0.00
Plant reproduction 0.51 0.29
Plant organogenesis 0.30 0.07
Clade-specific metabolism 0.00 1.00
Enzyme classification 1.02 0.77

Supplemental Table S7: Differentially expressed transcripts under drought stress in R. nigrum leaf

and root tissue and their MapMan annotations. Upregulation (red) and downregulation (blue) according to
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log,FC. Significance level of adjusted p values (FDR) shown in bold (FDR < 0.1), and marked *FDR < 0.05,

**FDR < 0.01 and ***FDR < 0.001. Genes that are not differentially expressed are marked N.e.

Gene ID

RN6G007260.1

RN6G007260.2

RN6G007270.1

RN6G007290.1

RN6G007230.1

RN1G022930.1

RN7G021400.1

RN6G009060.1

RN6G029710.1

RN2G017560.1

RN7G023180.1

RN8G017280.1

RN7G033750.1

RN2G011230.1

RN2G011230.2

RN8G030870.1

RN1G016380.1

RN5G014400.1

RN3G020030.1

RN3G048180.1

RN6G053890.1

RN6G054120.1

RN6G054140.1

RN1G062740.1

RN1G062750.1

RN2G020690.1

RN5G005760.1

RN5G005760.2

RN5G004050.1

RN1G015740.1

RN7G016370.1

RN7G026250.1

RN1G062720.1

RN5G026220.1

RN3G044010.1

RN4G030430.1

RN3G031170.1

Mercator annotation

abscisic aldehyde oxidase *(AAO)

abscisic aldehyde oxidase *(AAO)

abscisic aldehyde oxidase *(AAQ)

abscisic aldehyde oxidase *(AAO)

abscisic aldehyde oxidase *(AAO)

beta-1,3-galactosyltransferase

beta-1,3-galactosyltransferase

beta-1,6-galactosyltransferase *(GALT29)

hydroxyproline-O-galactosyltransferase *(GALT)

hydroxyproline-O-galactosyltransferase *(GALT)

hydroxyproline-O-galactosyltransferase *(GALT)

hydroxyproline-O-galactosyltransferase *(GALT)

LRR-domain extensin

LRR-I protein kinase

LRR-I protein kinase

LRR- protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-I protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-II protein kinase

LRR-IIl protein kinase

LRR-IIl protein kinase

LRR-IIl protein kinase

LRR-IIl protein kinase

153

Adult plants Young plants
Leaf Root Root Leaf Leaf
Leaf [log,FC] [FDR] [logzFC] [FDR] [logzFC] [FDR]
-0.53 0.40 -0.39 0.35 NA NA
-0.53 0.40 -0.39 0.35 -0.03 0.91
-0.67 0.27 -0.38 0.39 -0.03 0.94
-0.60 0.36 -0.36 0.41 0.07 0.72
-0.46 0.50 -0.44 0.33 0.44 0.00
0.04 0.96 0.46 0.15 0.27 0.09
0.21 0.74 -0.48 0.04* -0.01 0.95
-1.47 0.36 -2.49 0.002** -1.37 0.00
0.44 0.85 2.7 0.004* -0.82 0.03
-0.58 0.56 -1.13 0.02* NA NA
0.18 0.77 -0.61 0.12 -0.21 0.24
0.00 1.00 0.09 0.66 0.44 0.01
0.13 0.80 -2.25 0.00 -0.68 0.03
-1.49 0.39 -0.96 0.11 0.81 0.28
-1.72 0.32 -0.96 0.11 NA NA
0.30 0.73 -0.53 0.29 -0.80 0.01
-0.54 0.43 -0.55 0.03* NA NA
-1.41 0.18 -1.23 0.02* -0.47 0.24
_ 0.10 -1.50 0.02* 0.11 0.55
-3.08 0.15 -0.16 0.73 0.09 0.41
-0.34 0.81 -1.64 0.001** NA NA
-0.72 0.42 -1.60 0.002** -0.52 0.00
-0.87 0.52 -1.03 0.01* NA NA
0.43 0.25 0.05 0.88 0.21 0.07
-0.39 0.70 0.54 0.40 1.18 0.00
-0.05 0.98 -0.91 0.26 -1.02 0.02
0.42 0.22 0.10 0.60 -0.01 0.95
0.42 0.22 0.10 0.60 NA NA
-0.26 0.60 0.56 0.08 0.88 0.33
1.54 0.10 -1.15 0.008** NA NA
-2.22 0.16 -1.75 0.02* -0.45 0.02
-0.10 0.87 -0.73 0.03* -0.28 0.01
0.25 0.61 0.05 0.90 -0.10 0.88
-0.89 0.54 -2.82 0.002** -0.93 0.00
-1.39 0.33 -2.62 0.0005*** -0.79 0.00
-1.25 0.60 -3.22 0.005** 0.00
0.00 1.00 - 0.0003*** 0.00
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receptor component *(PYL/RCAR) of cytoplasm-localized

RN1G005390.1 abscisic acid receptor complex -0.65 0.35 -0.48 0.12 -0.02
RN8G015080.1 hydrogen peroxide receptor kinase *(GHR1) 0.00 1.00 -1.60 0.04* NA
RN3G034510.1 hydrogen peroxide receptor kinase *(HPCA) -0.83 0.12 -0.39 0.12 -0.14
RN1G049800.1 hydrogen peroxide receptor kinase *(HPCA) -1.40 0.38 -0.42 0.42 1.76
Supplemental Table S8: Differentially expressed transcripts with metabolic functions under drought
stress in R. nigrum leaf and root tissue and their MapMan annotations. Genes with enzymatic functions
are sorted by their role (TCA cycle; GABA; cysteine and methionine metabolism; alanine, aspartate and
glutamate metabolism; valine, leucine and isoleucine metabolism; ABA metabolism). Upregulation (red) and
downregulation (blue) according to log,FC. Significance level of adjusted p values (FDR) shown in bold and
marked *FDR < 0.05, **FDR < 0.01 and ***FDR < 0.001. Genes that are not differentially expressed are
marked N.e.
Adult plants Young plants
Root
Enzyme Leaf Leaf [log.FC Root Leaf
Gene ID Mercator annotation Name [logzFC] [FDR] 1 [FDR] [logzFC] Leaf [FDR]
Citrate cycle
0.0004**
RN7G026170.1 ATP citrate (pro-S)-ligase ACLY -0.53 0.20 -1.72 * -0.43 0.004**
RN2G040370.1 ATP citrate (pro-S)-ligase ACLY 0.02 0.97 -0.02 0.93 0.20 0.07
RN1G064920.1 Aconitase ACO 1.08 0.22 -0.05 0.91 0.37 0.01*
RN5G022620.1 Aconitase ACO 0.49 0.23 -0.03 0.93 -0.14 0.35
Isocitrate dehydrogenase heterodimer
RN3G047050.1 subunit 1 IDH3 0.63 0.47 0.48 0.04* 0.15 0.12
Isocitrate dehydrogenase heterodimer
RN1G052020.1 subunit 2 IDH3 0.70 0.56 -0.24 0.68 0.22 0.52
Isocitrate dehydrogenase heterodimer
RN5G023840.1 subunit 3 IDH3 0.58 0.35 0.38 0.14 NA NA
Isocitrate dehydrogenase heterodimer
RN5G023840.2 subunit 4 IDH3 0.58 0.35 0.38 0.14 0.06 0.65
Isocitrate dehydrogenase heterodimer
RN5G023840.3 subunit 5 IDH3 0.58 0.35 0.38 0.14 0.02 0.95
GABA
bifunctional gamma-hydroxybutyrate
dehydrogenase and glyoxylate
RN1G036920.1 reductase 4HbD -0.65 0.2258 -1.47 0.002** -0.26 0.04*
bifunctional gamma-hydroxybutyrate
dehydrogenase and glyoxylate
RN3G011970.1 reductase 4HbD -0.67 0.2372 -0.04 0.9036 -0.39 0.002**
RN1G050800.1 GABA pyruvate transaminase GABAPT 0.62 0.1800 1.15 0.002** 0.74 0.00002***
RN3G004700.1 GABA transporter *(GAT) GAT 0.79 0.3791 0.84 0.049* 0.002**
RN6G009840.1 GABA transporter *(GAT) GAT 0.73 0.4061 1.09 0.02* 1.32 0.0002***
RN6G049890.1 GABA transporter *(GAT) GAT 0.76 0.2773 0.61 0.1954 1.12 0.12
RN6G024940.1 GABA transporter *(GAT) GAT 0.93 0.4244 -0.64 0.1189 0.04 0.85
RN8G004280.1 glutamate decarboxylase *(GAD) GAD -0.06 0.9349 0.001** 0.00007***
RN6G036970.1 glutamate decarboxylase *(GAD) GAD 0.18 0.8026 -1.69 0.002** -0.69 0.005**
Succinate-semialdehyde
___RN8G040690.1 dehydrogenase (NAD+) SSADH -0.85 0.1180 1.40 0.0071** NA NA
Cysteine and methionine metabolism
RN1G015090.1 cystathionine gamma-synthase CGS -0.46 0.2781 -0.43 0.0536 -0.81 0.0002***
RN6G048670.1 homocysteine S-methyltransferase BHMT2 0.44 0.4773 0.94 0.0446 -0.60 0.007**
RN6G041070.1 homocysteine S-methyltransferase BHMT2 0.26 0.9142 -0.23 0.5917 -0.24 0.42
5-methyltetrahydropteroyltriglutamate
RN3G056530.1 homocysteine methyltransferase metE 0.48 0.3589 -1.40 0.002** -0.83 0.0006***
5-methyltetrahydropteroyltriglutamate
RN6G007400.1 homocysteine methyltransferase metE -0.38 0.4791 -0.12 0.5934 NA NA
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Alanine, aspartate, glutamate metabolism

RN1G032210.1 Aspartate transaminase ASAT 0.33 0.5376 0.55 0.0982 0.35 0.008**

RN5G029070.1 Aspartate transaminase ASAT 1.20 0.4476 0.007** 0.00006***

RN5G029070.2 Aspartate transaminase ASAT - 0.3776 0.001** 0.002**

RN7G034560.1 Aspartate transaminase ASAT 0.30 0.5678 -0.19 0.4119 -0.03 0.87

RN1G072430.1 Aspartate transaminase ASAT 0.64 0.6529 0.69 0.04* NA NA

RN1G072460.1 Aspartate transaminase ASAT 0.67 0.6900 1.03 0.02* -0.31 0.08

RN7G018010.1 Aspartate transaminase ASAT -0.35 0.6447 0.33 0.4343 0.02 0.94

RN1G048120.1 Amidophosphoribosyltransferase ASE -1.55 0.1447 0.49 0.04* -0.66 0.0003***

RN3G000600.1 Aspartate kinase AK -0.16 0.7830 -0.20 0.5430 -0.60 0.08

RN3G000600.2 Aspartate kinase AK -0.16 0.7830 -0.20 0.5430 -0.08 0.49
aspartate-semialdehyde

RN7G006630.1 dehydrogenase ASD 0.03 0.9695 -0.88 0.006** NA NA
aspartate-semialdehyde

RN7G006630.2 dehydrogenase ASD 0.04 0.9636 -0.88 0.006** -1.02 0.00003***
aspartate-semialdehyde

RN6G054830.1 dehydrogenase ASD -1.09 0.1344 -0.37 0.3165 NA NA
aspartate-semialdehyde

RN6G054850.1 dehydrogenase ASD -1.20 0.1279 -0.26 0.4218 0.21 0.56

RN4G064160.1 homoserine dehydrogenase HSD -0.04 0.9467 -0.30 0.2894 -0.11 0.65

RN1G016670.1 cytosolic glutamine synthetase GLN1 0.3443 0.005** -0.40 0.01*

RN1G056170.1 cytosolic glutamine synthetase GLN1 0.2184 0.006** NA NA

RN1G056200.1 cytosolic glutamine synthetase GLN1 1.1 0.3466 0.009** NA NA

RN2G031700.1 plastidial glutamine synthetase GLN2 -0.57 0.6926 0.09* -0.76 0.00007***

RN7G026750.1 Glycine transaminase GGAT -0.17 0.7874 -1.34 0.001** -0.30 0.02*

RN1G051620.1 Homoserine kinase HSK -1.48 0.0903 -0.50 0.02* 0.40 0.003**

small subunit

small subunit *(CarA) of carbamoyl *(CarA) of

RN5G001410.1 phosphate synthetase heterodimer CPS -0.39 0.4655 0.11 0.6518 0.01 0.97
large subunit of carbamoyl phosphate

RN4G039170.1 synthetase heterodimer CPS -0.87 0.1472 -0.46 0.1138 0.30 0.02*
large subunit of carbamoyl phosphate

RN4G039170.2 synthetase heterodimer CPS -0.87 0.1451 -0.46 0.1106 NA NA
large subunit of carbamoyl phosphate

RN6G005850.1 synthetase heterodimer CPS 0.87 0.2024 0.01 0.9698 0.27 0.03*

NADH-GOGA

RN4G012930.1 NADH-dependent glutamate synthase T 1.27 0.2198 -0.18 0.6010 -0.18 0.22

RN3G032140.1 Alanine aminotransferase PYD4 -0.12 0.8632 0.01 0.9674 0.35 0.25

RN2G048560.1 serine hydroxymethyltransferase SHMT -0.30 0.5633 0.35 0.09* 0.20 0.04*

RN2G024860.1 serine hydroxymethyltransferase SHMT -0.08 0.8829 -0.86 0.01* -0.77 0.0004***

RN1G056560.1 serine hydroxymethyltransferase SHMT 0.60 0.1590 0.04 0.8937 NA NA

RN4G058830.1 serine hydroxymethyltransferase SHMT -0.11 0.8270 0.70 0.0841 0.78 0.00009***

RN4G055380.1 serine hydroxymethyltransferase SHMT -1.03 0.1224 -0.65 0.02* -0.41 0.006**

RN5G014480.1 serine hydroxymethyltransferase SHMT -0.39 0.6461 -1.47 0.008** -0.21 0.11
subunit alpha of tryptophan synthase

RN6G049510.1 complex trpA -1.65 0.0903 -0.81 0.0096 -0.69 0.0002***
subunit beta of tryptophan synthase

RN8G029350.1 complex trpB -0.25 0.4709 0.00 0.9970 -0.28 0.008**

RN5G040660.1 threonine aldolase TA -1.50 0.1076 -1.70 0.009** -0.43 0.02*

RN7G037350.1 threonine synthase TS 0.29 0.5725 0.87 0.0245 0.34 0.17

RN3G011430.1 threonine synthase TS 0.20 0.6397 -0.30 0.2117 0.03 0.87

Valine, leucine, isoleucine metabolism

RN2G016250.1 Acetolactate synthase ACS 0.31 0.9002 -1.11 0.09* 0.13 0.70

RN8G023300.1 Acetolactate synthase ACS 0.27 0.5270 0.60 0.02* -0.25 0.02*
branched-chain-amino-acid

RN5G013510.1 transaminase BCAT -0.27 0.4894 0.07 0.7688 -0.45 0.005**
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RN4G055960.1

RN4G055970.1

RN2G048380.1

RN1G070810.1

RN2G026490.1

RN2G003670.1

RN2G030520.1

RN3G041150.1

RN4G019660.1

RN8G015240.1

RN3G044350.1

RN6G010130.1

RN6G010130.2

branched-chain-amino-acid

transaminase BCAT
branched-chain-amino-acid

transaminase BCAT
branched-chain-amino-acid

transaminase BCAT
ketol-acid reductoisomerase KARI
dihydroxy-acid dehydratase DAD
threonine dehydratase TD
threonine dehydratase TD
threonine dehydratase D
threonine dehydratase TD
threonine dehydratase D
threonine dehydratase D
threonine dehydratase TD
threonine dehydratase 1D

-0.10

0.56

0.73

0.41

0.68

0.24

0.5404

0.1096

0.9695

0.9266

0.4799

0.3509

0.7224

0.3983

0.8110

0.4264

1.0000

1.0000

-0.50

0.30

0.23

-0.32

-0.35

0.39

-0.32

-0.19

0.6475
0.2204
0.5525
0.008**
0.4542
0.2656
0.2094
0.2947
0.2496
0.5397

0.6987
0.0009**

0.0009**

=118

-0.09

-0.40

NA

NA

NA

-0.37

-0.30

-0.21

-0.30

0.009**

0.0002**

0.57

0.28

0.01*

NA

NA

NA

0.36

0.85

0.02*

0.11

Supplemental Table S9: Metabolites in blackcurrant leaf and root tissue for adult and young plants

that change in abundance in response to drought stress. Upregulation (red) and downregulation (blue)

is shown according to the log2FC of the genes. Significance levels of adjusted p values (FDR) are shown in

bold.
Leaf Root
Adult plants Young plants Adult plants Young plants
Metabolite Log.,FC FDR Log,FC FDR Log,FC FDR Log.,FC FDR
Amino acids
Alanine 1.09  0.025* -0.74 0.174 0.18 0.61 1.57 0.04*
Valine 0.004*
* 0.66 0.03* 0.83 0.13 1.73 0.04*
Isoleucine 0.005%
* 0.75 0.043 1.47 0.07 1.84 0.04*
Proline 0.015* 0.64 0.03* 0.59 0.23 1.20 0.04*
Serine 0.92 0.056 0.199 -0.10 0.23 0.83 0.17
Threonine 0.003
* 0.43 0.049 0.15 0.68 NA NA
GABA 128 0.017* 0.78 0.041* -0.28 0.61 0.87 0.16
Methionine 0.015* -0.01 0.454 -0.78 0.13 0.98 0.16
Glutamic acid 0.024* -0.66 0.03* 0.43 0.23 NA NA
Phenylalanine 0.009”
* 1.23 0.021* 0.45 0.13 1.11 0.10
Glutamine 0.006
* -0.11 0.070 0.05 0.83 1.33 0.16
Tryptophan 0.004*
ryptop * -0.06 0.380 NA NA NA NA
Organic acids
Quinic acid 0.82 0.017* -0.16 0.199 NA NA NA NA
Citric acid - 0.047* -0.10 0.203 0.13 0.04 0.24
Sugars & derivatives
Galactinol 0.62  0.011* -0.56 0.037* | NA | NA NA NA
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Supplemental Table S10: Genes were quantified using gRT-PCR, including their functional

annotation, corresponding RNA sequences, and primer sequences utilized for amplification.

Enzyme
Gene ID name Gene Annotation Primer sequence forward Primer sequence reverse
RN4G04675 bHLH-X-class transcriptional regulator *(bHLH110)
0 bHLH110 CATTTGGCCATCCTCCGACT CGGGAGAGTTGAGGGTCCTA
RN1G03692 bifunctional gamma-hydroxybutyrate
0 4HbD dehydrogenase TGTAATCCTTGCTGCTGGGG TGCTCCATTCCCAACTTCCC
RN4G05937 lat tein *(FLZ) of SnRK1 compl
0 FLZ regulatory protein *(FLZ) of SnRK1 complex CCGTCGGATCCACATCAGAA | GGTGATGAGACCGTCGTAGC
RN6G00906 beta-1,6-galactosyltransferase
0 GALT29 ’ GGGTCGGTACAGGACGTTTT GTGCAAAACTCGCCGGAAAT
RN5GO01110 LRR-III protein kinase
0 LRR-II GCTCTGTTCTCAACGACCCA TTATGCCGTGCCAGGAACAT
RN1G06146 MYB class-R2R3 subgroup-22/23 transcription
0 MYB R2R3 factor TCCAGGGAGATCGGGAAAGT ACGATCGGTGTTCAACCTCC
RN5G00233 NAC transcription factor
0 NAC ATGTCAAGCTTCCTCCTGGT GCGAAGATCGAGATCGGGAAT
RN2G01799 . .
0 OAT omithine aminotransferase AGGACAGGAAGAATGCTGGC | CTTTGCAAAACGGATGCCGA
0RN4GO3256 P5CS pyrroline-5-carboxylate synthetase éAGAGGAAGTGGGCAAGTG CCCGCCTCTTTCGTCATCAT
RN3G05194 RLCK-XII receptor-like protein kinase
0 RLCK-XII P P GATTTTGCTGCGAAGGGGAC | CCCTCAACCTCATTGCCCAT
RN5G00492 .
0 FLZ SnRK1 regulatory protein *(FLZ) of SnRK1 complex GCACCAGAGCCGTCTGATT | GTCACGACCAGGTGACAAAC
RN1G00932 SnRK2 SNF1-related protein kinase
0 SnRK2 GCAGCACCACGCCTTAAAAT AAAGGACCTCTGGGGCAATG
RN7G02037 s
0 WRKY WRKY transcription factor TCGTCGTCATCGTCATCACC | GTCCCACCTGTGAACATCGT

Supplemental Table S11: Sequencing Statistics of used data. The N50 is the length of the shortest

contig or scaffold at which 50% of the total genome assembly is represented by contigs or scaffolds of that

length or longer. The Quality Value (QV) measures the accuracy of a genome assembly, with higher QV

scores indicating fewer sequencing errors and greater assembly precision.

Genome features Gbases Read Number N50 Qv
PacBio 83.96 4,906,139 17,584 23
NanoPore 40.63 581,583 67,949 16
Illumina Short Reads 73.67 525,844,005 149 25
lllumina RNA-Seq 48.29 345,694,690 140 28
ONT RNA-Seq 371.82 502,447,299 1041 15
Pore-C 83.49 150,060,697 657 15
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