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Comparative Transcriptomics of Floral Transition in Arabidopsis thaliana and Ortholog 

Prediction in Salvia hispanica 

 

Abstract 

The transition from vegetative growth to reproductive development is a critical phase in the plant 
life cycle, shaping reproductive success and yield through coordinated responses to internal cues 
and environmental signals. Here, we integrated comparative transcriptomics and unsupervised 
machine learning to analyze time-series RNA-seq data from Arabidopsis thaliana and to prioritize 
flowering-time regulators in Salvia hispanica (chia). K-means clustering of Arabidopsis expression 
profiles recovered clusters enriched in transposable elements (e.g., AT5G28627) and pseudogenes 
(e.g., AT2G24110) that peaked during the flowering transition (M4–M6), suggesting participation 
in flowering-associated regulatory programs. Temperature-stratified profiles (Col10, Col16, Col23, 
Col27) revealed condition-dependent dynamics among canonical flowering regulators. Using cross-
species expression correlation, we identified three high-confidence chia candidates for key 
Arabidopsis flowering genes (FT, FLC, and SOC1), with Pearson correlation coefficients ranging 
from 0.9943 to 0.9992. Together, these results provide a data-driven shortlist of candidate 
flowering-time regulators in chia and a reusable computational framework for transferring 
flowering knowledge from model to non-model plants. 

Keywords: Comparative transcriptomics; flowering time; Arabidopsis thaliana; Salvia hispanica; 
machine learning; bioinformatics. 

 

 

 

 

 



 

INTRODUCTION 

 

     The Arabidopsis thaliana genome holds a significant place in botanical research as the first 

complete plant genome to be sequenced (ARABIDOPSIS GENOME INITIATIVE, 2000). This 

milestone helped establish The Arabidopsis Information Resource (TAIR), a curated platform that 

integrates gene functions, mutant phenotypes, and expression profiles (BERARDINI et al., 2015). 

Building on these foundations, the 1001 Genomes Project mapped natural variation across more 

than one thousand accessions, enabling population-scale analyses of genotype–phenotype diversity 

(WEIGEL; MOTT, 2009; 1001 GENOMES CONSORTIUM, 2016). More broadly, continued 

advances in high-throughput sequencing have increased throughput and reduced costs, supporting 

large-scale genomics and transcriptomics that can be leveraged for comparative, cross-species 

inference—an approach explored here to prioritize flowering regulators in chia (GOODWIN; 

MCPHERSON; MCCOMBIE, 2016; VAN DIJK et al., 2018). 

     Compared with larger, repeat-rich genomes, the compact Arabidopsis reference has been 

especially amenable to short-read resequencing and transcriptome profiling at scale. This 

practicality accelerated community resources and enabled integrative analyses linking sequence 

variation to gene expression and phenotypes, which motivates transcriptome-driven discovery 

pipelines in both model and non-model plants (GOODWIN; MCPHERSON; MCCOMBIE, 2016; 

VAN DIJK et al., 2018). 

      Natural accessions of A. thaliana display remarkable levels of genetic and phenotypic variation 

(KOORNNEEF; ALONSO-BLANCO; VREUGDENHIL, 2004). Over the past decades, 

quantitative trait locus (QTL) mapping has been instrumental in identifying genetic variants that 

influence a wide range of physiological and developmental traits, including germination, flowering 

time, and ion content (ALONSO-BLANCO; KOORNNEEF, 2000). While earlier studies often 

relied on prior knowledge of gene function, later work highlighted key loci such as the flowering 

regulator FRIGIDA (FRI) (JOHANSON et al., 2000) and DELAYED GERMINATION1 (DOG1) 

(BENTSINK et al., 2006), both encoding proteins with previously unknown biochemical roles. 

These examples illustrate how unbiased genetic mapping can reveal regulators without prior 

functional annotation, supporting the rationale for transcriptome- and machine-learning–based 

strategies to prioritize candidate genes in less-characterized species such as chia. 

 

 

 

 



 

The Science of Flowering Time Genes 

phanerogams     Flowering is a critical developmental transition that strongly influences 

reproduction, crop yield, and fitness under diverse environmental conditions (ANDRÉS; 

COUPLAND, 2012; FORNARA; COUPLAND, 2009). Characterizing flowering time is therefore 

essential for understanding gene regulatory mechanisms underpinning plant development and for 

guiding translational efforts to improve agricultural productivity and adaptability (SUNG; 

AMASINO, 2004). 

A. thaliana     In Arabidopsis, six major genetic pathways regulate floral induction: the age, 

vernalization, gibberellin, photoperiod-dependent, and autonomous pathways (SUNG; AMASINO, 

2005; KOMEDA, 2004). These converge on a set of floral integrator genes, including 

FLOWERING LOCUS T (FT) and SUPPRESSOR OF OVEREXPRESSION OF CONSTANS 1 

(SOC1) (KOMEDA, 2004). Among them, FT plays a central role in integrating signals related to 

ambient temperature, vernalization, and photoperiodic cues, with its expression inversely correlated 

with flowering time and leaf number at the reproductive transition (KOMEDA, 2004). The gene 

CONSTANS (CO) promotes FT expression and mediates day length perception (PARK et al., 

1999), whereas FLOWERING LOCUS C (FLC) represses FT, thereby influencing the distinction 

between summer and winter annual phenotypes (MICHAELS; AMASINO, 1999; SHELDON et al., 

2000). 

Vernalization, Autonomous Pathways, Temperature, and MicroRNA Regulation of Flowering 

in Arabidopsis thaliana 

     Vernalization promotes flowering after prolonged cold exposure, largely by epigenetically 

repressing FLOWERING LOCUS C (FLC), a major MADS-box repressor of flowering. FLC 

inhibits photoperiodic integrators such as FT and SOC1, and its stable silencing involves chromatin 

remodeling and long non-coding RNAs (e.g., COOLAIR). Repressors such as SHORT 

VEGETATIVE PHASE (SVP) can form complexes with FLC to further delay flowering by 

targeting FT and SOC1 promoters. 

     The autonomous pathway also reduces FLC activity through RNA processing and chromatin-

based mechanisms, whereas ambient temperature provides an additional cue that modulates 

flowering outputs, particularly under non-inductive photoperiods. Developmental phase change is 

coordinated by microRNA modules (miR156–SPL and miR172), linking age-dependent programs 

to reproductive competence. Together, these pathways converge on shared integrators (FT/SOC1) 

to ensure robust flowering across environments (ANDRÉS; COUPLAND, 2012). 

 



 

 

The Science of Flowering Time in Salvia hispanica (Chia) 

     Salvia hispanica, commonly known as chia, is an annual plant from the Lamiaceae family, 

traditionally cultivated in Mexico, Colombia, and Guatemala (CAHILL, 2003). Its seeds were a 

staple food of the Aztec civilization and remain valued today as a source of energy and nutrition 

(AYERZA; COATES, 2005). Chia seeds contain high lipid levels and are among the richest plant 

sources of omega-3 fatty acids; physicochemical characterization of chia seed oils has been reported 

using pressing and solvent extraction approaches (IXTAINA et al., 2011). In addition, chia seeds 

contain phenolic compounds with antioxidant activity, and UHPLC-based profiling has identified 

and quantified major phenolic acids and isoflavones (MARTÍNEZ-CRUZ; PAREDES-LÓPEZ, 

2014). Reviews have summarized the phytochemical profile, isolation approaches, and applications 

of chia seeds (HRNČIČ et al., 2019). 

     At the molecular level, transcriptomic studies in chia leaves identified 368 differentially 

expressed transcripts (DETs), particularly enriched in mature tissues, where both up- and down-

regulated genes were observed (GUPTA et al., 2021). During early leaf development, transcription 

factors such as GROWTH REGULATING FACTORS (GRF2, GRF5) and the bHLH-domain 

protein SPEECHLESS showed high expression, regulating leaf size, shape, and early floral 

structures. As flowering progresses, 414 DETs are detected, including members of the MYB family 

(e.g., MYB54 and MYB52), which regulate floral patterning and morphogenesis. Moreover, more 

than 2,600 genes are up-regulated during reproductive development, including AGAMOUS-LIKE 

MADS-box proteins and other MYB transcription factors, highlighting their importance in flower 

and leaf formation (GUPTA et al., 2021). Notably, genes encoding terpene synthases were up-

regulated in floral tissues, supporting their role in the production of scent and flavor compounds. 

Machine Learning for Cross-Species Prediction 

     Machine Learning (ML), a branch of Artificial Intelligence, has become a powerful tool in 

genomics, enabling applications such as data analytics, gene discovery, functional prediction, and 

the identification of novel genes (LIBBRECHT; NOBLE, 2015). Recent advances include multi-

environment and multi-trait prediction models for flowering plants (HESLOT et al., 2012; 

CROSSA et al., 2017). For example, Meher et al. (2018) developed an ML model to identify 

circadian clock genes in plants, while Zhang et al. (2020) applied ML to predict senescence-

associated genes. A significant gap, however, remains in developing models based on protein 

sequence data for flowering-time-associated genes (FTAGs). To address this, Zhang et al. (2020) 



 

trained ML models to recognize proteins encoded by FTAGs, demonstrating that ML can 

outperform traditional statistical methods by focusing on prediction with fewer assumptions and by 

handling large, noisy, and high-dimensional datasets (CHING et al., 2018). 

    In the present study, we applied diverse ML algorithms to analyze and visualize FTAGs in 

Arabidopsis thaliana using time-series RNA-seq data (KLIPIKOVA et al., 2016). Implemented in 

Python with dedicated ML libraries, our models achieved high accuracy in identifying known 

FTAGs and predicting novel candidates. We also employed clustering approaches, such as the K-

means algorithm (MACQUEEN, 1967), to group genes with similar expression patterns, allowing 

us to identify putative flowering regulators. Additionally, we explored the role of transposable 

elements, providing further insight into the complexity of gene regulation during flowering. 

Finally, we extended this cross-species approach to S. hispanica, leveraging the conservation of 

flowering pathways between chia and Arabidopsis. Our findings suggest that ML can be effectively 

used to predict flowering-time-associated genes in non-model species, generating valuable insights 

into the genetic regulation of flowering time in chia. 

MATERIAL AND METHODS 

Computing Requirements 

     The computational requirements for this study involved the transcriptome analysis of floral 

transition in Arabidopsis thaliana followed by ortholog prediction in Salvia hispanica. All 

computational tasks were performed in a Linux environment (Ubuntu 22.04.4 LTS), using a 

combination of programming and bioinformatics tools. The analysis pipeline was managed through 

Anaconda (Conda 23.7.4) (ANACONDA, 2023) and followed the Tuxedo protocol for RNA-seq 

analysis (TRAPNELL; PACHTER; SALZBERG, 2009; PERTEA et al., 2016). This pipeline 

included the following tools: FastQC for quality control, SAMtools for file manipulation, Hisat2 

and Bowtie2 for alignment, StringTie for transcript assembly, and Ballgown/Cuffdiff in R for 

differential expression analysis. Additionally, Google Colab was employed as a cloud-based 

platform for visualization and machine learning predictions using FPKM datasets. 

 

 

 

 



 

The minimum computational requirements for running these analyses were as follows: 

Component Specification 

Processor A modern multi-core CPU with at least 4 cores. 

RAM Minimum of 16–32 GB to handle large-scale transcriptomic data. 

Storage SSD with at least 500 GB to 1 TB to support the operating system, software, and 

temporary files. 

Graphics 

card 

Not strictly required for this type of analysis; however, an integrated or entry-

level GPU can be useful for visualization and machine learning tasks. 

Internet Stable and fast internet connection for Linux updates, running commands, and 

accessing online resources. 

SRA Datasets retrieved using the SRA Toolkit via command-line (BROWN et al., 

2016). 

Source:  Created by the author (2025). 
 

Bioinformatics Analysis 

     A variety of bioinformatics tools and online databases were employed to support each step of the 

workflow, from data acquisition and quality control to alignment, expression quantification, and 

downstream functional annotation. The computational environment was set up using R 

programming language together with the RStudio IDE (Posit, 2023), widely used for statistical 

analysis and data visualization. Package management and reproducible environments were 

maintained with Anaconda (Conda 23.7.4) (Anaconda, 2023). Raw sequencing data were retrieved 

from the NCBI Sequence Read Archive (SRA) using the SRA Toolkit, with RNA-seq datasets from 

Arabidopsis thaliana (Klipikova et al., 2016) and Salvia hispanica (Gupta et al., 2021) accessed via 

their accession numbers. Quality assessment of raw reads was carried out using FastQC, followed 

by adapter and low-quality trimming with Trimmomatic (Bolger; Lohse; Usadel, 2014). 

    High-quality reads were then aligned to the respective reference genomes: TAIR10 for 

Arabidopsis thaliana and the Salvia Genome Database (salviagdb.org) for S. hispanica  (Lamesch 

et al., 2012) Alignment was performed using HISAT2, an efficient splice-aware aligner for RNA-

seq data, with Bowtie2 employed for specific mapping tasks when required (Langmead; Salzberg, 

2012; Kim; Paggi; Salzberg, 2019). The resulting BAM files were processed with SAMtools for 



 

sorting, indexing, and file manipulation (Li et al., 2009). Transcript assembly and quantification 

were conducted using StringTie (Pertea et al., 2016), and differential gene expression analysis was 

performed with the Ballgown package in R (Frazier; Trapnell, 2015). 

    Finally, unsupervised machine learning methods were applied to explore co-expression clusters 

and predict flowering-related genes. Analyses were run in Google Colab, leveraging Python 

libraries such as pandas, matplotlib, seaborn, and plotly for data handling and visualization, and 

scikit-learn for implementing clustering algorithms including K-means, hierarchical clustering, 

DBSCAN (Ester et al., 1996), and principal component analysis (PCA; Jolliffe, 2002). This 

integrative approach enabled both functional insights and predictive modeling of flowering-time-

associated genes. 

RESULTS 

Transcriptomic Analysis of Arabidopsis thaliana and Salvia hispanica 

Transcriptomic datasets from Arabidopsis thaliana and Salvia hispanica were analyzed across 

multiple developmental stages to investigate the dynamics of flowering-time gene expression. For 

A. thaliana, RNA-seq data comprised eight distinct meristem developmental stages (M1–M8), 

spanning 7 to 14 days post-germination. Across these stages, a total of 33,942 genes were detected. 

In contrast, S. hispanica data included five developmental stages sampled in five biological 

replicates, encompassing 38,695 genes (Klipikova et al., 2016; Gupta et al., 2021). Differential gene 

expression analysis in A. thaliana revealed variable changes in gene counts between developmental 

transitions, ranging from only 13 genes (M1–M2) to as many as 4,890 genes (M7–M8). Early 

stages (M1–M4), associated with leaf primordia formation, were characterized by activation of 

SOC1, concurrent with reduced FLC expression and low LFY levels, reflecting the onset of 

flowering primordia initiation (Parcy, 2005). 

Table 1 – Differentially expressed genes at different meristem stages in Arabidopsis thaliana 
(Klepikova et al., 2016)   

Stages DE genes 

M1-M2 13 

M4-M5 3552 

M5-M6 3019 



 

M6-M7 770 

M7-M8 4890 

Source:  Created by the author (2025). 

 

Figure 2 – Reproducibility of flowering time gene expression in Arabidopsis thaliana using 
Klepikova et al. (2016) dataset and machine learning approaches 

This figure shows the temporal expression profiles of key flowering regulators, including FT, FLC, 
GI, AP1, and AGL20, across eight developmental stages (7–14 days after germination) based on the 
public RNA-seq dataset of Klepikova et al. (2016). Unlike the original analysis conducted with the 
proprietary CLC Genomics Workbench, these results were reproduced using open-source Python 
and R libraries, in combination with the scikit-learn machine learning package and the K-means 
clustering algorithm. The comparable expression dynamics confirm the integrity of the open-source 
workflow and the robustness of the dataset, while highlighting the enhanced reproducibility, 
transparency, and scalability achievable through advanced computational methods. 

Source: Adapted from Klepikova et al. (2016). 

Reproducibility of Klepikova et al. Dataset 

     A primary outcome of this study was the rigorous reproduction and extension of the key findings 

reported by Klepikova et al. (2016), with a focus on demonstrating methodological robustness and 

computational advancement. While the original analysis employed CLC Genomics Workbench 

6.5.1 (Qiagen Digital Insights, 2013) with a fixed quality score threshold of 0.005, our research 

implemented a fully open-source pipeline based on Python and R environments. This framework 



 

provided greater transparency, flexibility, and reproducibility. Specifically, we integrated machine 

learning approaches by applying the scikit-learn library (Pedregosa et al., 2011) and the K-means 

clustering algorithm to systematically analyze and visualize gene expression patterns in a time-

series context. Using this approach, Figure 2 presents the temporal expression profiles of pivotal 

flowering regulators, including FLOWERING LOCUS T (FT), FLOWERING LOCUS C (FLC), 

GIGANTEA (GI), APETALA1 (AP1), LEAFY (LFY), and AGAMOUS-LIKE 20 (AGL20), across 

developmental stages from 7 to 14 days post-germination. Our findings confirmed the 

reproducibility of the previously published expression trajectories, while providing a more scalable 

and transparent bioinformatics framework for future transcriptomic studies. 

Clustering of Known Genes and Cross-Species Prediction 

     The clustering analysis of FLOWERING LOCUS T (FT) and its associated network revealed 

distinct expression dynamics across developmental and environmental contexts. FT, recognized as a 

key florigen (CORBESIER et al., 2007), plays a central role in floral induction by transmitting 

flowering signals from the leaves to the shoot apical meristem (SAM), where it interacts with FD to 

activate downstream developmental pathways (ABE et al., 2005).  As shown in Figure 3, our 

clustering identified co-expressed genes such as CYP71B27, UGT76E6, CBF1, and MAP65-9, all of 

which displayed stage-specific expression during the growth and development of Arabidopsis 

thaliana. Within the temperature-responsive dataset (Col10–Col27; LI et al., 2018), FT expression 

peaked sharply at Col16 and Col23, reflecting its sensitivity to thermal cues and underscoring its 

role as a regulatory nexus between temperature perception and floral induction. 

Figure 3 – Clustering of FLOWERING LOCUS T (FT) and Co-Expressed Genes Across 
Developmental and Temperature-Responsive Stages in Arabidopsis thaliana 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 
This figure shows the clustering of FT together with co-expressed genes (CYP71B27, UGT76E6, 
CBF1, MAP65-9) across developmental stages (M1–M8) and temperature-responsive conditions 
(Col10–Col27). The results highlight stage-specific expression patterns and demonstrate the 
sensitivity of FT expression to thermal cues, with peaks observed at Col16 and Col23. These 
findings illustrate the regulatory role of FT at the interface between environmental perception and 
floral induction. 

     Among the predicted genes in Salvia hispanica, the candidate exon-XM_048087101.1-1 was 

identified as a robust FT ortholog (shFT), suggesting a significant role as a flowering time regulator 

(Figure 4). The Pearson correlation coefficient (PCC) between the expression profiles of this Salvia 

FT candidate and the canonical Arabidopsis FT gene was 0.9943, indicating an exceptionally strong 

positive correlation. This value, approaching a perfect correlation, strongly supports the functional 

conservation of FT between the model species and chia. Given that PCC values above 0.9 are 

typically considered very strong, our results validate the predicted homology and suggest that shFT 

likely performs a conserved role in flowering induction in Salvia hispanica. 

     This finding highlights the effectiveness of our comparative transcriptomics and machine 

learning framework in accurately identifying key flowering regulators in non-model plants, 

reinforcing the translational value of model–non-model cross-species predictions. 

Figure 4 – Identification of a Putative FLOWERING LOCUS T (FT) Ortholog in Salvia hispanica 
Based on Expression Correlation with Arabidopsis thaliana 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This figure presents the identification of the Salvia hispanica gene exon-XM_048087101.1-1 as a 
putative FT ortholog (shFT). The expression profile of shFT showed a Pearson correlation 
coefficient (PCC) of 0.9943 with canonical FT in Arabidopsis thaliana, indicating a highly 
conserved regulatory role. The results confirm the functional homology between species and 
validate the predictive power of comparative transcriptomics combined with machine learning.  

 



 

Source: Generated from transcriptomic datasets of Arabidopsis thaliana (Klepikova et al., 2016) 
and Salvia hispanica (Gupta et al., 2021), with additional interpretation based on clustering 

analysis. 
 
 
     Among the predicted genes in Salvia hispanica, exon-XM_048087101.1-1 gene was identified 

as a robust FT ortholog (sh. FT), predicting a highly significant role as a flowering time regulator 

Figure 4. The Pearson Correlation Coefficient (PCC) between the expression profiles of this Salvia 

FT candidate and the canonical Arabidopsis FT gene was calculated at 0.9943, indicating an 

exceptionally strong positive correction. This value, approaching a perfect positive correction, 

strongly supports the functional conservation of FT between the model species and Salvia. Given 

that correlation coefficients greater than 0.9 are typically classified as very strong, these results 

validate the predicted homology and suggest that this sh. FT gene likely performs a conserved role 

in flowering induction within Salvia. This finding underscores the effectiveness of our comparative 

transcriptomics and ML approach in accurately identifying key flowering regulators in non-model 

plants.  

Clustering and Temperature Sensitivity of FLOWERING LOCUS C (FLC) 

 

     FLOWERING LOCUS C (FLC) is a central MADS-box transcription factor that integrates the 

vernalization pathway and functions as a major floral repressor (MICHAELS; AMASINO, 1999). 

Its expression decreases during vernalization, thereby fine-tuning the timing of flowering in 

response to prolonged cold (SUNG; AMASINO, 2004). Despite extensive characterization of 

individual flowering regulators, the broader transcriptome-wide networks and their temperature-

dependent dynamics remain incompletely understood. Our clustering analysis of FLC expression in 

Arabidopsis thaliana revealed a co-expressed gene set that included LSH6, SUC2, SKS6, PIP2E, 

ERF098, and TBL36, all of which mirrored the FLC expression profile, particularly during flower 

development (Figure 5). These genes are candidate members of regulatory modules influencing the 

floral transition. When examining temperature-responsive datasets, FLC expression was elevated at 

intermediate conditions (Col10, Col16, and Col23) but declined at higher temperatures (Figure 7). 

This temperature sensitivity aligns with the notion that elevated temperatures can disrupt FLC 

function, potentially through mechanisms that impair its repressor activity and facilitate floral 

induction (KIM; SCHNEIDER; HONG, 2009). Furthermore, clustering under variable thermal 

regimes consistently grouped FLC with genes such as ATWRKY60, ATDTX31, AT3G57780, UCC3, 

and AT3G54120, reinforcing the hypothesis that FLC operates within a broader temperature-

responsive transcriptional network governing flowering readiness and plant adaptation. 



 

 

 

 

 

Figure 5 – Clustering of FLOWERING LOCUS C (FLC) and Co-Expressed Genes During Flower 

Development in Arabidopsis thaliana 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Source: Generated from transcriptomic datasets of Arabidopsis thaliana (Klepikova et al., 2016), 
with additional interpretation based on clustering analysis. 

Ortholog of FLC in Salvia hispanica 

     Interrogation of the Salvia hispanica transcriptome identified the gene exon-XM_048090739.1-3 

(shFLC) as a robust ortholog of Arabidopsis thaliana FLC (Figure 6). This gene displayed a highly 

synchronized expression pattern with Arabidopsis FLC, supported by a strong correlation 

coefficient. Notably, shFLC showed marked expression as early as three days post-germination, 

suggesting a specialized role in seedling establishment or initial developmental transitions. This 

transient early-stage expression implies that shFLC may act as a temporal regulator, integrating 

developmental and environmental signals during seedling growth. The closely aligned expression 

profiles of shFLC and Arabidopsis FLC highlight conserved functional importance, underscoring 

the preservation of regulatory strategies for flowering time and possibly stress adaptation across 

distantly related plant species. 

 



 

 

 

 

Figure 6 – Ortholog of FLC in Salvia hispanica Dataset 

 

 

 

 

 

 

 

 

 

This figure shows the expression profile of shFLC (exon-XM_048090739.1-3), identified as a 
strong ortholog of Arabidopsis thaliana FLC. The synchronized expression pattern across early 
developmental stages suggests a role in seedling establishment and early flowering regulation. 

Source: Generated from transcriptomic datasets of Salvia hispanica (Gupta et al., 2021) and 
Arabidopsis thaliana (Klepikova et al., 2016). 

Figure 7 - Expression of FLC at Different Temperature 



 

 

Dynamics of FLC and LFY During Floral Transition 

     In Arabidopsis thaliana, three distinct phases of FLC and LFY dynamics were observed. The 

first phase (M1–M4) corresponded to vegetative meristem growth, characterized by a decline in 

FLC expression accompanied by low LFY levels. The second phase (M4–M6) represented a 

transitional stage with roughly equivalent expression of FLC and LFY. Finally, the third phase 

(M6–M8) marked the activation of flowering, where LFY expression rose sharply while FLC 

expression further decreased. Clustering analysis of the LFY gene identified a co-expressed module 

of approximately 20 genes with similar temporal expression patterns (Figure 8). This cluster 

included established flowering regulators such as KANADI2, HMGB9, ATNUDT6, SUVR5, CVL1, 

DUF6, CYP85A2, and REM1, reflecting their coordinated roles during floral transition. 

Temperature-dependent analysis revealed that LFY expression peaked at moderate ranges (Col16–

Col23), with a sharp decline beyond Col23 (Figure 10). This pattern underscores LFY sensitivity to 

thermal conditions, suggesting its fine-tuned role in environmentally modulated flowering. 

Moreover, the temperature-responsive cluster encompassed additional genes (MIOX4, REM22, 

ATWIP5, RPP27, MAP4K9, and AT2G24760), all paralleling LFY’s expression profile. Together, 

these findings emphasize the intricate regulatory network integrating developmental and 

environmental signals to orchestrate flowering time.  

 

 

 



 

 

Figure 8 – Clustering of LEAFY (LFY) and Co-Expressed Genes in Arabidopsis thaliana 

 

 

 

 

 

 

 

 

This figure presents the co-expression cluster of LFY, including ~20 genes such as KANADI2, 
HMGB9, ATNUDT6, SUVR5, CVL1, CYP85A2, and REM1. The cluster reflects coordinated 
regulatory activity during the floral transition and highlights genes associated with developmental 
patterning. 

Source: Adapted from transcriptomic datasets of Arabidopsis thaliana (Klepikova et al., 2016) 

 

 

Figure 9 -  Ortholog of LFY Identified in the Salvia hispanica Dataset 

 

 

 

 

 

 

 



 

 

 

 

Figure 10 – Temperature-Dependent Expression of LEAFY (LFY) in Arabidopsis thaliana 

 

 

 

 

 

 

 

This figure illustrates the expression dynamics of LFY under temperature-responsive datasets 
(Col10–Col27), with peaks at Col16 and Col23 and decline beyond Col23. The results demonstrate 
LFY sensitivity to thermal cues, reinforcing its role in environmentally modulated flowering 
induction. 

Source: Adapted from Li et al. (2018). 

 

Role of Ubiquitin-Conjugating Enzyme (UBC) Family 

The Ubiquitin-Conjugating Enzyme (UBC) family is central to the ubiquitination pathway, 

catalyzing the attachment of ubiquitin to target proteins and thereby regulating protein degradation 

and function (177,178). In Arabidopsis thaliana, multiple UBC isoforms show tissue-specific 

expression patterns, supporting roles in growth, development, and stress responses. For example, 

UBC1 and UBC2 are constitutively expressed across most tissues, while UBC3 and UBC4 display 

reproductive tissue specificity, indicating functional diversification (179). Clustering analysis 

centered on UBC1 (Figure 11) revealed a co-expression module containing both characterized 

genes (SMT2, RPT1A, EIF4A-2, GAD2, RPT3) and uncharacterized loci (AT1G26850, AT2G20360, 

AT2G47640, AT5G02050, AT5G23540). These genes are likely involved in shared processes related 

to ubiquitination and protein turnover. Time-series profiles from Klepikova et al. (2016) 

demonstrated a decline in UBC1 expression during later developmental stages, consistent with 



 

reduced ubiquitination activity as reproduction is initiated. Temperature-dependent analysis further 

revealed an inverse pattern, with UBC1 expression peaking at lower temperatures (Col10) and 

progressively diminishing at higher conditions, suggesting thermosensitive regulation of 

ubiquitination. Similarly, UBC22 exhibited a dynamic and tightly regulated expression pattern in 

the Klepikova dataset, underscoring its role in early development and floral transition. UBC22 was 

highly expressed during initial stages, declined gradually, then showed a pronounced peak 

coinciding with floral development, before diminishing during late stages. Clustering identified a 

co-expressed group of ~20 genes, including RPT4B, FVE, ATPPC2, HSP60, SCL30, PRL1, HD1, 

BTR1, FH6, and ATHB5, along with several unannotated loci. Temperature-dependent analysis 

revealed elevated UBC22 expression under lower temperatures, implying roles in cold adaptation 

and stress response. Conversely, its expression declined under heat stress, suggesting a temperature-

sensitive regulatory mechanism. The parallel profiles within this cluster indicate conserved 

regulatory pathways shared with UBC22. 

 

 

 

Figure 11 - Similar Expression pattern of UBC1 at Klepikova RNA-seq Dataset 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Transposable Elements and Flowering Transition 

 



 

     Although transposable elements (TEs) have traditionally received limited attention in flowering 

regulation, our bioinformatics and machine learning analyses revealed a compelling role for 

AT5G28627 (Figure 13). Analysis of the Klepikova et al. (2016) dataset uncovered a dynamic bi-

phasic expression profile for AT5G28627: elevated transcripts during early vegetative stages, 

followed by a decline, and a strong reactivation during floral transition (M3–M5). This expression 

coincided with key developmental milestones, suggesting involvement of the TE in modulating the 

shift from vegetative to reproductive growth. 

     Clustering analysis further identified co-expressed genes with similar trajectories (Figure 14), 

including ATSTP9, ANAC025, ASK9, RFR1, ZIP9, LEA4-5, and MAP65-9, alongside several un-

characterized loci (ATGO2965, AT1G22110, AT1G51910, AT1G61840, AT3G24060, AT5G29560). 

These findings point to novel candidate genes not yet annotated in TAIR, expanding the landscape 

of potential regulators. The stage-specific activation of AT5G28627 during floral transition provides 

evidence for a previously underappreciated role of TEs in plant development, suggesting their 

integration into genetic and epigenetic regulatory networks orchestrating flowering 

 

Figure 12- Similar Expression Pattern of UBC22 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 

Figure 13 - Expression Profiles of the Selected Genes in the Klepikova RNA-Seq Dataset 
 

 
 
 
 
 
 
 
 
 
 
 
 
  



 

 
Figure 14 - Similar Expression Pattern pf TEs gene in Klepikova RNAseq Dataset  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15 - Clustering analysis of AGL20/SCO1 at RNA-seq



 

Figure 16 - Clustering analysis of SVP at RNA-seq Dataset of Arabidopsis thaliana 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17 - Ortholog of SOC1 in Salvia



 

 

 

Figure 18- Ortholog of SVP in Salvia hispanica 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

DISCUSSION 

 

     A comprehensive analysis of the public RNA-seq dataset by Klepikova et al. revealed expression 

profiles for >21,000 genes across critical developmental stages in Arabidopsis thaliana, with the 

number of differentially expressed genes varying widely ranging from 14 (M1 vs. M2) to 4,890 

(M7 vs. M8; Table 1) (Klepikova et al., 2015). Consistent with prior studies, FLC expression 

decreased markedly during the floral transition (Ietswaart et al., 2017), whereas LFY expression 

increased correspondingly, underscoring their well-established antagonistic roles in flowering 

regulation (Blázquez et al., 1998; Michaels & Amasino, 1999). In addition, SVP, a negative 

regulator of flowering, was highly expressed at early stages and increased over time (Hartmann et 

al., 2000). The floral integrator SOC1 was significantly induced from stages M1 to M4, in line with 

its function as an early marker of the flowering transition (Qi et al., 2022). 

 



 

     We used a suite of Python libraries (Pandas, NumPy, SciPy, scikit-learn, Seaborn, and 

Matplotlib) to perform robust gene-expression analyses across two time-series RNA-seq datasets 

from A. thaliana (Klepikova et al., 2015) and Salvia hispanica (Gupta et al., 2021). A key objective 

was to identify S. hispanica genes whose expression profiles show the highest Pearson correlation 

coefficients with target flowering regulators from Arabidopsis, leveraging machine-learning 

methodology to quantify these cross-species relationships (De Paola et al., 2023). This integrative 

computational approach not only validated conserved expression patterns but also enabled the 

prediction of putative flowering-time regulators in a non-model species, highlighting the value of 

combining transcriptomics with advanced computational tools (Blázquez et al., 1998; Michaels & 

Amasino, 1999). 

 
     The FT gene is a pivotal promoter of flowering, primarily responsive to changes in day length 

(Kardailsky et al., 1999). Structurally, FT contains a PEBP (phosphatidylethanolamine-binding 

protein) domain, extensively characterized in animals for roles in intracellular signaling mediated 

by protein–protein interactions (Kardailsky et al., 1999; Blázquez et al., 1998). In the Klepikova et 

al. dataset, FT expression increased sharply during the floral transition, particularly between stages 

M4 and M7 (Figure 2), corroborating its central role in flowering induction (Kardailsky et al., 

1999). Our Python-based clustering identified several genes—CYP71B27, PHO1-H8, UGT76E6, 

CBF1, CBP6OG, and MAP65-9—with expression patterns closely paralleling FT during these 

stages (Figure 3), suggesting coordinated regulatory networks that facilitate floral development. 

Temperature profiling further showed that FT expression peaks around moderate temperature points 

(Col16–Col23) (Nasim et al., 2022) and declines beyond Col23, indicating temperature-dependent 

regulation consistent with thermal sensitivity of flowering pathways (Capovilla et al., 2015; 

Brightbill & Sung, 2022). Interestingly, a pseudogene in Arabidopsis clustered with FT and 

displayed a comparable expression profile, hinting at possible regulatory or evolutionary roles that 

merit investigation. Extending to S. hispanica, we identified a strong FT ortholog 

(XM_048087101.1-1; sh.FT) whose expression pattern was highly correlated with Arabidopsis FT 

(PCC = 0.9943), indicating remarkable conservation (Figure 4). sh.FT showed elevated expression 

~7 days after flowering initiation, aligning with early floral development and suggesting a 

conserved mechanism in this non-model species. 

     The MADS-box transcription factors SOC1 (also AGL20) and SVP act as central integrators in 

the complex flowering network in Arabidopsis. SOC1 shows early and sustained activation as the 

vegetative meristem transitions to inflorescence, marking the developmental switch to flowering 

(Cheng et al., 2017; Qi et al., 2022). Clustering of SOC1 in our time-series dataset revealed a tightly 

co-expressed module including BHLH74, WAK1, SR33, NIA1, SPL9, WRKY70, IQD22, TIFY8, 



 

and EPFL1 (Figure 15). The co-expression with known timing and hormone-signaling regulators 

(e.g., SPL9, WRKY70) reinforces the relevance of this module for floral induction (Shalom et al., 

2015). In parallel, SVP, a key MADS-box repressor, cooperates with FLC to delay flowering by 

suppressing floral integrators (Hartmann et al., 2000; Mateos et al., 2015). SVP clustering identified 

a distinct co-expressed set— PDCB3, ARR7, ARR15, AGO4, RIP3, ATMDR1, ERL2, GTE2, 

KRP3 (Figure 16)—implicated in hormonal responses, chromatin remodeling, and cell-cycle 

control, highlighting SVP’s multifaceted role in balancing development with environmental 

adaptation 

     Across species, orthologs of SOC1 and SVP were predicted in S. hispanica via comparative 

transcriptomics plus machine learning (Figures 17–18). The candidate sh.SOC1 (exon-

XM_048120816.1-4; Figure 17) displayed a strikingly high correlation with Arabidopsis SOC1 

(PCC = 0.9992), indicating near-identical temporal dynamics and suggesting strong functional 

conservation. Similarly, sh.SVP (exon-XM_048108698.1-2) showed a high correlation with 

Arabidopsis SVP, supporting evolutionary preservation of this flowering-repression module. 

     FLC, a MADS-box transcription factor, is a key negative regulator that represses floral 

promoters and integrates vernalization signals (Michaels & Amasino, 1999; Searle et al., 2006; 

Sung & Amasino, 2004). The transition to flowering is marked by a decrease in FLC alongside an 

increase in LFY. Analysis of Klepikova et al. confirms elevated FLC during early vegetative stages 

(M1–M3), followed by a progressive decline as flowering proceeds, whereas LFY increases during 

the vegetative-to-reproductive transition (Figure 2) (Blázquez et al., 1998). Spatial LFY expression 

in para-clade primordia aligns with sites of floral induction, consistent with its role in meristem 

identity (Blázquez et al., 1998). Genes co-expressed with FLC—including LSH6, SUC2, PIP2E, 

ERF098, TBL36, and AtGDU5 (Figure 5)—shared similar temporal profiles, suggesting 

involvement in the FLC-centered repression network. Temperature-dependent data showed that 

FLC decreases with rising temperature, aligning with thermo-responsive flowering control 

(Capovilla et al., 2015; Michaels & Amasino, 1999). In S. hispanica, sh.FLC (exon 

XM_048090739.1-3) was the top predictive ortholog, with PCC = 0.9986 (Figure 6), reinforcing 

evolutionary conservation of this floral repressor. 

    Protein ubiquitination is pivotal in plant development and stress responses, mediating protein 

turnover and signaling (Liu et al., 2020; Liao et al., 2024). Although the Arabidopsis genome 

encodes ~37 ubiquitin-conjugating enzymes (UBCs), many remain poorly characterized (Yao et al., 

2023). In the Klepikova dataset, multiple UBC family members were elevated during the floral-

transition window (M3–M6). UBC1 peaked between M4–M6 and declined with higher 

temperatures (Figure 11), suggesting temperature-sensitive regulation linked to flowering timing 

and stress adaptation. Clustering identified ~20 UBC1 co-expressed genes, including AT2G38810 



 

(HTA8) (Figure 11), implicated in flower development. UBC22 also showed a pronounced peak 

during M4–M6 (Figure 12), further supporting a coordinated role of ubiquitination in flowering 

regulation. 

     Transposable elements (TEs) are increasingly recognized as drivers of plant evolution, 

domestication, and environmental adaptation, shaping genome structure and gene regulation 

(Hassan et al., 2024; Huang et al., 2025; Tao et al., 2025). In Arabidopsis, AT5G28627 showed 

elevated expression during M3–M5, coincident with the floral transition (Figure 13), and a peak at 

Col23, suggesting environmental responsiveness. Co-expression with CYP71B27, ATSTP9, 

ANAC025, ASK9, RFR1, ZIP9, and LEA4-5 (Figure 14) points to TE-associated regulatory roles 

in flowering time. Extending to S. hispanica, strong expression correlations between predicted 

orthologs—sh-AGO (Figure 15), sh-SVP (Figure 18), sh-SOC1 (Figure 17)—and their Arabidopsis 

counterparts reinforce functional conservation. While these computational predictions are 

compelling, experimental validation remains essential to confirm orthology and function in S. 

hispanica. Future work should prioritize functional genomics (e.g., gene knockouts, CRISPR, and 

expression modulation) to test candidate roles in floral transition. Deeper investigation into TEs 

such as AT5G28627 may reveal how genome plasticity contributes to developmental regulation and 

environmental adaptability.  

CONCLUSIONS 

     This study demonstrates that comparative transcriptomics, coupled with advanced bioinformatics 

and machine-learning approaches, is a powerful strategy to investigate gene-expression dynamics in 

both the model species Arabidopsis thaliana and the non-model species Salvia hispanica. 

Unsupervised algorithms (e.g., K-means, DBSCAN) identified gene-expression patterns that 

reliably recapitulate known flowering regulators in Arabidopsis. Notably, we observed a 

pseudogene (AT2G24110) with an FT-like expression profile and a high-expression transposable 

element (AT5G28627) during floral-transition stages, underscoring the complexity and potential 

novelty of flowering networks. By integrating multiple machine-learning libraries, we predicted S. 

hispanica genes highly correlated with Arabidopsis counterparts, highlighting cross-species 

conservation and enabling gene-function inference in a non-model context. Collectively, our 

findings validate an integrative transcriptomics–machine learning framework to expand 

understanding of flowering regulation and open avenues for functional characterization and crop 

improvement. 
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