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Abstract

The transition to flowering in Arabidopsis thaliana is a complex process governed by many
biological and environmental stimuli. Although many of the genes which regulate this process
have been identified over the past 30 years, it remains unclear how these networks are
integrated. In this study, we used the transcriptional responses of Col-0, Ler-1, and three mutant
lines, to build a genome wide regulatory network of Arabidopsis thaliana during the flowering
transition. The expression profiles of 22,810 genes across five genotypes were collected from the
GEO database Series GSE57 from which we assigned flowering-time genes to different interacting
modules by an adapted form of Hierarchical Complete Linkage Clustering (HCLC) after
reconstruction of regulatory networks according to the Position Weight Matrix (PWM)-based
method. Within these modules, we identified 77 ‘core’ genes and 31 controller or ‘driver’ genes.
We identify two genes, LHY and, less expectedly, the transcription factor TCP16, to be
topographically positioned at the regulatory hubs a nine-gene transcriptional control unit,
implying they have the capacity to integrate information from across the flowering time
pathways which interpret different environmental or endogenous cues during the vegetative-
reproductive transition. Interrogating their behaviour across transcriptional datasets, we show
that both LHY and TCP16 show transcriptional oscillations during the flowering transition, with a
wavelength that varies depending on environmental conditions. We suggest that the
transcriptional responses of LHY and TCP16 allow them to regulate the flow of information
through the genetic networks which integrates different floral transition cues, and that genetic
modelling approaches can provide new insights into the regulation of well-studied biological
processes such as the flowering transition.

Author summary

How plants decide when to flower is a critical stage for completing their life cycles. It is also of
key agricultural importance, as crops need to flower at the right time of year to allow efficient
pollination and harvesting. Many genes are known to affect flowering time control in plants.
Here, we use computational approaches to estimate how different genes interact in flowering
time control in Arabidopsis, a small plant in the mustard family which is widely used for molecular
studies. We use large-scale studies of how gene expression changes in different plant lines which
have disrupted or adjusted flowering time to group the many genes involved in flowering into
different interacting pathway, which we visualise as sets of coloured ‘nodes’ controlling one
another in a network. We show that two genes may have new rols in integrating information
from different pathways, and discuss how their behaviour might help them to function as
intregrators of biological information —including the daily oscaillations in their expression.

Keywords
Systems Biology, chronobiology, Flowering Regulation, vegetative to productive transition
timing, Arabidopsis thaliana, Co-Expression Network, Regulatory network, Dual Oscillation
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Introduction

One of the most important phenological characteristics during the domestication and breeding
of plants during the history of agriculture is the timing of flower emergence. The transition to
flowering can be understood as an example of chronobiology, in which the plant’s capacity to
measure time through circadian rhythms, intrinsic mechanisms and environmental cues is
translating into growth and development outcomes. By better manipulating pathways underlying
plant chronobiology, breeders may be enabled to optimize yield, improve responses to
environmental stresses (such as by drought avoidance), deploy speed breeding, and ultimately,
create more resilient and productive plant varieties [1,2]. Humans have optimized the flowering
time to be able to grow plants in the desired environments [3]. In recent decades, many studies
have been conducted to identify genes involved in controlling the timing of the vegetative to
reproductive phase transition, but more precise management of flowering time remains
challenging. In fact, studies have shown that environmental factors as diverse as day length, light
intensity, drought, temperature and various soil characteristics can combine with plant genotype
to orchestrate the phenology of flowering [1, 4-7].

The vegetative to reproductive phase transition in the model eudicot Arabidopsis thaliana (L.)
Heynh (Brassicaceae), hereafter Arabidopsis, is regulated by a complex network of genes and
signaling pathways that respond to both endogenous and environmental cues [8-10]. Arabidopsis
thaliana is a facultative long-day (LD) plant, meaning it exhibits accelerated expression of the FT
(FLOWERING LOCUS T) gene under LD conditions. LD-dependent flowering is associated with the
activation of the photoperiodic pathway through the transcriptional regulator CO (CONSTANS),
which belongs to the B-box (BBX) Zn-finger family. The transition requires the activation of a
group of genes called floral meristem identity (FMI) genes which promote the formation of floral
meristems. The FMI genes are regulated by many upstream regulators, including the photoperiod
pathway, the vernalization pathway, and the autonomous pathway. Together these regulate the
expression of a core group of genes, FLOWERING LOCUS C (FLC), FLOWERING LOCUS T (FT) and
SUPPRESSOR OF OVER EXPRESSION OF CONSTANS (SOC1), which collectively control the
meristem transition itself (Figure 1; reviewed [11]). The photoperiod pathway is activated by
changes in day length and involves the regulation of CONSTANS, which promotes the expression
of the FMI genes [12-15]. The vernalization pathway is activated by exposure to cold
temperatures and involves the regulation of the FLOWERING LOCUS C (FLC) gene, which
represses the expression of the FM/ genes [16]. FLC functions as a central inhibitor of flowering
and is the primary determinant of the winter cold requirement for flowering [17-18]. In winter
annuals, FLC is activated by the FRIGIDA (FRI) complex (FRI, FLC EXPRESSOR (FLX), FLX-LIKE 4
(FLX4)), with FLX and FLX4 also playing essential roles in establishing basal FLC expression in
summer annuals [19-22].

The autonomous pathway is instead independent of environmental cues and involves the
regulation of genes such as FLOWERING LOCUS D (FLD) and FLOWERING LOCUS K (FLK), which
promote FMI gene expression [23-24]. The transition is also affected by many other genes and
signaling pathways, including the gibberellin, cytokinin pathway, and miRNA pathways [25-26].
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97  Roles have also been reported for mechanisms as divergent as DNA methylation [27], histone

98 modification enzymes [28], proline synthesis [29] and the nonsense-mediated mRNA decay

99  (NMD) surveillance system [30]. These pathways interact to form a complex regulatory network
100 that ultimately controls the timing and progression of the transition.
101  While many of the biochemical and genetic interactions between genes (and gene products)
102  involved in the flowering transition have been determined, these approaches do not necessarily
103  capture how information flows through, and is integrated by, biological systems. In contrast,
104  genetic network modelling allows entire the responses of entire systems to be determined,
105 allowing better integration of experimental results and more accurate predictions of phenotypic
106  responses [31-33]. A genetic network can be considered a form of data processing network [34-
107  36] and the modelling approach taken to develop them depends on the aspects of the regulatory
108 network prioritized and the level of detail desired. For instance, Boolean networks provide a
109  coarse-grained view that is valuable for understanding qualitative dynamics of gene expression
110  changes [37-38] but cannot capture continuous changes or stochastic fluctuations in gene
111  expression. Continuous dynamical models, such as differential equations, offer a more detailed
112  view over time and can be used for quantitative analysis of regulatory interactions
113 [39]. Stochastic models incorporate the inherent randomness and noise of biological systems and
114  are useful for understanding the variability shown by the flowering transition. Bayesian networks
115  supply a probabilistic way of inferring regulatory relationships from experimental data [40],
116  whereas information theory-based models can quantify the information flow within a network.
117  These models can be combined to provide complementary information [41]. Graphical Gaussian
118  models can also reveal the conditional dependences between genes, also helping to identify the
119  key regulators [42].
120 A full model of flowering control will require accurate maps of the interactomes between
121  transcription factors and their targets, and robust genome-wide transcriptomes derived under
122 different environmental conditions to allow their dynamics to be reliably tested. Models of the
123 genetic regulatory networks which control Arabidopsis flowering have been developed using
124  some of these approaches, albeit without integrating statistical tests of robustness. For example,
125  Wang and colleagues (2014) created a dynamic model of flowering time regulation in Arabidopsis
126  considering light as an environmental factor using the S-system, the Michaelis-Menten model
127  and the Mass-action model as their main approaches [43]. However, the existence of multiple
128  genetic parameters, the inability to test the robustness of the resulting network statistically, and
129  theuse of only environmental parameters mean the resulting model is highly simplified. Similarly,
130 Leal Valentim and colleagues used expression courses of eight genes known a priori to be
131  involved in flowering time (SHORT VEGETATIVE PHASE (SVP), FLOWERING LOCUS C (FLC),
132 AGAMOUS-LIKE 24 (AGL24), SUPPRESSOR OF OVEREXPRESSION OF CONSTANS 1 (SOC1),
133 APETALA1 (AP1), FLOWERING LOCUS T (FT), LEAFY (LFY) and FD.to determine a dynamic network
134  of key regulators, identifying unexpected levels of control between them [8].
135 In the present study, we extend these approaches by using an information theory-based
136  modeling approach informed by whole-genome transcriptomes to identify the smallest possible
137  numbers of integrator genes whose expression determines the length of the plant's vegetative
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138  period. We identify the interactions between genes which respond to the flowering transition,
139  and the regulatory modules to which they belong, centred upon a data processing unit which
140  canalizes and integrates the data flow from other units and which we term the [vegetative-
141  reproductive] transition control unit. Finally, we examine the behavior of key genes within this
142 unit across the transition from vegetative to reproductive stage to suggest new insights into how
143 the flowering transition is controlled.

144

145  Results

146  Combined impact of Genotype, temperature, and light Intensity on Flowering Time

147  Inthis study, we investigated the flowering time of six Arabidopsis thaliana genotypes: Col-0, Ler,
148  Ify-12 (in the Col-0 background), co-2 (in the Ler background), and ft-2 (also in the Ler
149  background), under varying environmental conditions. Plants were grown under short-day
150  conditions (9 hours light/15 hours dark) for 15 days and then transferred to long-day conditions
151 (16 hours light/8 hours dark). The experiment included two light intensities (140 umol m=2s™and
152 80 umol m=2s7") and three temperatures (15 °C, 23 °C, and 28 °C). For the wild type Col-0, the
153  effect of temperature under control light intensity (100%) was monitored every day and
154  phenological events were recorded (Table 1).

155

156  Table 1.

157

Approx.number of Approx.number of Approx.number of

days for 15 °C days for 23 -C days for 28 -C Description
Treatment Treatment Treatment

0 Seed germination 0 0
0.1* 3.5 3 3 Seed imbibition -0.5 0
0.5 6 43 4.3 Radicle emerges from seed coat -1.7 0
0.7 . <5 54 Hypocotyl and cotyledon emerge from

seed coat -2.2 0.1

1 8.3 6 5.9 Leaf production -2.3 0.1

1 8.3 6 5.9 Cotyledons fully open 2.3 0.1

1.02* 13 103 101 2 ros.ette leaves are greater than 1
mm in length -2.7 0.2
103 176 144 14.1 3 rosette leaves are greater than 1

’ ’ ’ ’ mm in length -3.2 0.3
104 0.1 165 16.4 4 rosette leaves are greater than 1mm

' ’ ’ ’ in length -3.6 0.1

1.05* 21.8 17.7 17.3 5 rosette leaves are greater than 1mm 4.1 0.4
1.06 22.7 18.4 18.1 6 rosette leaves are greater than 1mm -4.3 0.3


https://doi.org/10.64898/2026.05.26.727858
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.26.727858; this version posted May 29, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

1.07 23.9 19.4 191 7 rosette leaves are greater than 1mm -4.5 0.3
1.08 24.9 20 19.8 8 rosette leaves are greater than 1mm -4.9 0.2
1.09 26.2 211 20.7 9 rosette leaves are greater than 1mm -5.1 0.4
10 rosette leaves are greater than
1.1 27 21.6 21 1mm 54 06
11 rosette leaves are greater than
1.11 27.8 22.2 21.5 1mm 56 0.7
12 rosette leaves are greater than
1.12 29 23.3 22.1
Imm -5.7 1.2
13 rosette leaves are greater than
*
1.13 31 24.8 23.1 1mm 62 17
14 rosette leaves are greater than
*
1.14 32 25.5 23.7 1mm 65 18
3 23.3 18.9 17.4 Rosette Growth -4.4 1.5
3.2 23.3 18.9 17.4 Rosette is 20% of final size -4.4 1.5
3.5%* 30 24 22 Rosette is 50% final size 6 2
3.7*%* 34.8 27.4 24.8 Rosette is 70% final size 7.4 26
3.9%* 37.2 29.3 26.2 Rosette growth is complete 79 31
S¥* 33.1 26 23.7 Inflorescence emergence 71 23
5 1k 331 % 237 First flower buds are visible in the
rosette, plant has not yet bolted -7.1 2.3
6** 40.2 318 284 Flower production -8.4 3.4
6 102 318 8.4 First flower is open, petals are at 90
’ ’ ’ degree angle to the pistil -8.4 3.4
6.1 NA 35.9 NA 10% flowers to be produced are open
6.3 NA 40.1 NA 30% flowers to be produced are open
6.5 NA 43.5 NA 50 % flowers to be produced are open
6.9 NA 194 NA Flowering complete, flowers are no
longer produced.
3 Silique or fruit ripening. Seed pods
become brown and then shatter.
8 NA 48 NA First silique or seed pod shatters.
Whole Plant Senescence begins. Plant
9 starts to lose, pigment becoming
brownish.
9.7

Senescense complete

158 * Indicates the stages that were checked to make sure that the sampling time would be synchronized for all
159 treatments
160 ** Indicates the sampling stages

161  Table 1. Growth stages of Arabidopsis thaliana Col-0 genotype in three temperature conditions
162  including 15, 23 and 28 °C. Number of days that took to see the mentioned biological stage is
163 listed, as are the differences from standard conditions (final two columns).

164

165 The flowering time for the Col-0 genotype varied significantly with temperature and light
166 intensity, as expected. At 15 °C, flowering was delayed, with Col-0 plants flowering between 40
167  and 45 days post-germination under the higher light intensity (140 umol m~2 s™") and 45 to 50
168  days under the lower light intensity (80 umol m=2 s™). The highest temperature (28 °C) resulted
169  inthe earliest flowering, with plants flowering between 28 and 33 days under high light intensity
170  and 33 to 38 days under low light intensity. Similar trends were observed for the Ler genotype,
171  with earlier flowering at higher temperatures and light intensities (Data S3). However, Ler plants
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172 consistently flowered earlier than Col-0 under all conditions, reflecting known genotype
173 differences [44].

174  The lfy-12 mutant, which disrupts the LEAFY gene, exhibited a significant delay in flowering across
175  all environmental conditions. In most cases, flowering was delayed indefinitely, and some plants
176  failed to flower entirely, regardless of temperature or light intensity. This result is consistent with
177  previous studies that have shown that LEAFY is critical for floral meristem identity and transition
178  from vegetative to reproductive growth [45]. The severe delay in flowering in the /fy-12 mutant
179  underlines the crucial role of LEAFY in promoting flowering under long-day conditions. Similarly,
180  the co-2 mutant, which affects the CONSTANS gene, showed delayed flowering compared to wild-
181  type Ler under all tested conditions. At 15 °C and 80 umol m™2s™, co-2 plants flowered between
182 50 and 55 days, which was the most delayed flowering observed for this mutant. In contrast, at
183  28°Cand 140 umol m=2s™, flowering occurred between 35 and 40 days. These findings also align
184  with the established role of CONSTANS in promoting flowering under long-day conditions, where
185  loss-of-function mutations like co-2 result in significant flowering delays [46]. The ft-2 mutant,
186  affecting the FLOWERING LOCUS T (FT) gene, exhibited the most severe delays in flowering, with
187  many plants failing to flower across all conditions. When flowering did occur, it was highly
188  delayed, taking over 50 days post-germination, as expected for this key integrator of various
189  flowering pathways [47-48]. These results emphasize the necessity of FT for timely flowering,
190 even under favorable long-day conditions and confirm the expected phenotypes of the
191  germplasm used for subsequent development of the co-expression networks.

192

193  Weighted Gene Co-expression analysis of the Arabidopsis flowering control network

194 To determine the network dynamics of the genes which control the flowering transition in
195  Arabidopsis (Figure 1) and identify the modules and submodules which integrate different forms
196  of information (as shown schematically in Figure 2), we compiled a time-course of genome-wide
197  transcriptional responses of five genotypes to being transitioned from short-day to long-day
198  conditions, across two replicates. The samples used were two wild-type accessions, Col-0 and
199  Ler-1, and the well-characterized flowering time mutants Ify-12 (in the Col-0 background) and co-
200 2 and ft-2 (both in the Ler-1 background). Normalized expression data was determined for each
201 of the five genotypes (Figure 3) and the relationships between genes and genotypes
202  characterized as heatmaps (Figure 3A). Clusters representing the two genetic backgrounds, Col-
203 0 and Ler-1, could both be easily distinguished by visual examination (Figure 3B). Notably, the
204  experimental replicates appear to clearly cluster together, suggesting that the design of the
205  analysis was robust.

206  This analysis was used to explore the subnetwork structures governing the flowering process.
207  Adopting a systems approach, we displayed the connections between genes in the form of nodes
208  and edges belonging to an information system or network, including all the physiological changes
209  that must be coordinated during the transition to flowering process. Initially, data integrity was
210  upheld through stringent assessments of normality, and the correlation landscape between
211  genes and genotypes was scrutinized. To confirm that our method correctly resolved identified
212 flowering time genes as such, we selected 46 genes that had been previously determined to
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213 affect the flowering process (Data S1) and analyzed their distribution in the identified modules.
214  Pearson correlation was used to capture linear associations between expression profiles, aligning
215  with the assumption of a linear relationship inherent in the method. Subsequently, we expanded
216  the module by incorporating genes exhibiting high Pearson correlation coefficients (90% of the
217  highest correlations) with the initial seed genes. We then applied Weighted Gene Co-expression
218  Network Analysis (WGCNA) to characterize the co-expression networks governing flowering and
219  validated the reproducibility of the experimental replicates using a Welch Two Sample t-test
220  which gave p=0.7387 (>0.05), allowing us to retain the null hypothesis, i.e. that the means of
221  Replicate 1 and Replicate 2 are statistically equal, as suggested by the clustering.

222 To ensure the appropriateness of the soft thresholding power (B), we leveraged the scale-free
223 topology modelfit, selecting the power of 5 through an examination of mean connectivity (Figure
224  4). Subsequently, the modules which comprise this network were identified, allowing us to
225  categorize all 22,810 genes whose expression levels had been interrogated across the time-
226  course in the five genotypes into 32 distinct modules. These were distinguished by arbitrary
227  attribution of a color (Figure 5). The largest module, turquoise, encompassed a remarkable 2,978
228  genes, approximately 13% of the total set. At the other end of the spectrum, the smallest module,
229  paleturquoise, comprised a modest 64 genes, or 0.28% of the total gene pool (Figure 5A, C).

230  To relate this modularization to the known genetic regulators of flowering in Arabidopsis, we
231  identified a set of 77 genes previously implicated in the flowering process (Data S1). These genes,
232 which we termed seed or ‘core’ genes, were assigned to our gene modules (Table 2).
233 Interestingly, the 77 genes were distributed across 18 modules, but with 60% located within just
234  five: Black, Red, Turquoise, Blue, and Purple.

235
236  Table 2.
Module Count of Gene ID  Percentage
Black 16 21%
Red 9 12%
turquoise 9 12%
blue 7 9%
purple 5 6%
brown 4 5%
magenta 4 5%
yellow 4 5%
grey 3 4%
royalblue 3 4%
cyan 2 3%
green Tabl2 3%
lightcyan 2 3%
midnightblue 2 3%
pink 2 3%
darkgreen 1 1%
grey60 1 1%
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lightyellow 1 1%
237
238  Table 2. Module attribution of core genes in the flowering time network.
239

240  Ranking of control nodes within flowering subnetworks

241 It is expected that the most important genes for control of the flowering transition will play
242 diverse roles across pathways at different plant life stages. It is therefore unrealistic to expect
243 that a single algorithm, even one as robust as that employed in WGCNA, will be able to correctly
244  ascribe all regulatory genes to a single module. To address this, we applied a localized adaptation
245  of the Hierarchical Complete Linkage Clustering (HCLC) algorithm to assign the core genes to a
246  central subnetwork, which we termed the "flowering subnetwork" or "flowering module." We
247  then appended all network nodes which lay within a unitary distance of one of more of these
248  core nodes to the flowering subnetwork, to provide a full representation of how the core nodes
249  can influence the wider molecular landscape via their neighbors. To ensure controllability in
250 measuring controls for the nodes, a directed network comprising 763 nodes and 21,459 edges
251  was constructed. Among these nodes, 326 serve as regulators (Data S1). The degree distribution,
252  acrucial indicator of node connectivity, was found to follow a scale-free distribution (Figure 6).
253  To identify those nodes that exert the greatest control over flowering processes, we used the
254 326 identified regulator genes to assess the network's controllability by calculating their
255 individual controllabilities, and the centrality metrics of their associated nodes (Table 3).

256

257  Table 3.
Measure Result
Nodes 763
Edges 21459
Average Degree 28.125
Network Diameter 18
Graph Density 0.037
Average Path Length 2.741

258

259  Table 3. Characteristics of the reconstructed regulatory network for flowering.

260

261  As expected, this approach revealed a hierarchy of gene influence within the network. Notably,
262  asingle gene was resolved as the most controllable, overseeing the regulation of 10 nodes within
263  the network. Following closely, 13 genes each exhibited the capability to control nine additional
264  nodes, while another set of 17 genes demonstrate control over eight nodes each (with very large
265 numbers controlling smaller subsets). We conclude that 31 genes within this regulatory network
266  possess the potential to exert significant control, collectively governing a substantial portion of
267  the flowering network, encompassing the remaining 263 genes.

268

269  Driver genes of flowering form a control network


https://doi.org/10.64898/2026.05.26.727858
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.26.727858; this version posted May 29, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

270  Having identified sets of 77 core genes and 31 controller (or driver) genes, we further considered
271  the functional implications of these gene sets, their associated pathways and biological functions.
272 We determined the closeness centrality scores for each gene as proxies for the strength of
273 regulatory control they exert over the network (Data S2) and ranked them. The most influential
274  genes were resolved as AT2G03710, AT5G10140, and AT3G54340, with degrees of 38, 34, and
275 30, respectively, while AT2G03710, AT3G54340, and AT1G01060 exhibited the highest closeness
276  centrality scores, measuring 0.57513, 0.563452, and 0.555, respectively, indicating high overlap
277  between these approaches (Table 4).

278

279  Table 4.
Network Characteristics High Network Coverage  High Controllability
AT1G01060 AT2G03710 AT3G10480
AT3G54340 AT1G19350 AT1G27360
AT5G10140 AT3G45150 AT1G19180

280

281  Table 4. Driver genes in the flowering regulatory network, and their respective controllability
282  powers.

283

284  We further computed various network metrics, including harmonic closeness centrality,
285  betweenness centrality, bridging coefficient, bridging centrality, Authority, Hub, PageRank, and
286  the count of triangles for this regulatory network (Data S2). The amalgamation of these metrics
287  pinpointed nine genes within the network that play a pivotal role in the flowering process (Table
288  4). An examination of the topological structure of this network section revealed the interplay
289  among these factors which can be considered to form a putative ‘Transition Control Unit (TCU)’
290  (Figure 7): strikingly, this TCU integrates the thermosensory, light, and internal pathways
291  (including the autonomous pathway [24]) and the circadian clock [49]. We conclude that the TCU
292  encompasses the smallest possible number of genes that are necessary to form a common
293  regulatory network for these flowering pathways.

294
295
296 Table 4.
Driver Node Number of controlled Nodes
AT3G10480 10
AT1G18570, AT1G19180, AT1G19485, AT1G27360, AT1G30210,
AT4G00050, AT5G08330, AT5G20570, AT5G36657, AT5G44160, 9

_AT5G49400, AT5G56330, ATSG60200 .
AT1G10470, AT1G17280, AT1G20140, AT1G48610, AT1G72300,
AT2G01930, AT2G21320, AT2G38090, AT2G44745, AT2G46970,
AT3G04730, AT3G12250, AT3G50410, AT4G25440, AT5G05190,

AT5G08070, AT5G25930
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298 Table 4. Key nodes in the regulatory network, identified based on network characteristics
299  (Coverage and Controllability).

300

301 Features of flowering control by LHY and TCP16

302  Visual examination of the nine-gene TCU suggests that two genes, LHY and TCP16, are positioned
303  atthe points at which information from the external flowering time pathways enters the network
304  (Figure 7). To test the implication that these may be key integrators of the flowering transition,
305 we determined the expression patterns of both genes across Arabidopsis growth stages 3.5 to 6,
306 corresponding to the period from which 50% of adult rosette leaves reached full growth, to the
307 initiation of floral bud appearance (Table 1). Given that transcription levels of LHY follow a well-
308 established diurnal oscillation connected to its roles in the circadian clock (e.g. [50-51]), levels
309 were monitored across the day-night cycle. Three temperature levels (15, 23, and 28 °C) were
310 applied in the experimental design. As anticipated, plant growth was retarded at lower
311 temperatures, accompanied by a noticeable elongation of each growth stage (Figure 8): plants
312  subjected to cold treatment took 8.4 days longer to reach growth stage 6, while those under heat
313  treatment reached it 2.3 days earlier (Table 5). Importantly, we normalized our data against
314  growth stage rather than chronological day. We found that the average expression of both genes
315 tended to increase across these growth stages (Figure 8) and oscillated across the day-night cycle
316  (Figure 8B). As noted above, this was expected for LHY but had not been reported for TCP16.
317  TCP16 had however been predicted to show diurnal oscillations by Andrés-Colas et al. who found
318  thatitstarget COPT3 oscillated, while TCP16 levels were elevated at dawn [52]. Our data confirms
319 the oscillatory expression of TCP16 transcripts and shows that they do indeed peak at dawn, in
320 fact when LHY expression is at its lowest (Figure 8). Examining the general trend of the
321  transcriptional levels depicted in Figures 8A-C, it is noticeable that the expression of LHY at any
322  given time in the diurnal cycle initially increases through developmental stages, decreases, then
323 shows another, more modest increase; this pattern is consistent across treatments. However,
324  the area under the curves differs, as do their mean gradients at the turning points (Table 5): this
325 indicates that the pace of expression changes differs across in each day for each treatment. This
326  complexity cannot be explained by simple linear regression models (Figure 8D-F). Together with
327  the expression behaviour of TCP16 (Figure 8), we conclude that the two genes act together to
328 form a ‘double oscillator’ at the heart of the TCU of flowering time network.

329

330 Tableb.
15°C 23°C 28°C
Duration (Days) *S3.5 |30 24 22
S5 3.1 2 1.7
S3.7 1.7 1.4 1.1
S3.9 2.4 1.9 1.4
S6 3 2.5 2.2
Sum 40.2 31.8 28.4
Area Under the curve 10.18935047 8.69033335 7.43366504
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Average Slope of the curve -0.04016 0.093215 0.017504
at the turning points

331
332  Table 5. The differences in the duration of each growth stage in different temperature
333  treatments; * indicates the number of days from germination to the end of Stage 3.5.
334

335 Discussion

336 In this study, we have used the extensive knowledge of the molecular biology controlling the
337 flowering transition in Arabidopsis to model the interactions between flowering time genes and
338 have identified a central control module which integrates information from many endogenous
339  and exogenous pathways. Within this central control module, we identified LHY and TCP16 as key
340 to this integrative function. LHY has many well-known roles in flowering and development
341 transitions and might have been predicted a priori as a likely integrator of flowering cues, while
342  TCP16is a much more obscure gene. Our modelling approach has therefore validated previously
343  predictions while identifying potentially fruitful avenues for future research. Using this
344  knowledge to re-engineer flowering time control could bring major benefits for increasing output
345  of new varieties by seed production companies and optimizing seed storage processes [53] and
346  make cropping systems more robust to climate challenges by matching flowering time to optimal
347  times for avoiding environmental stresses while increasing their diversity by synchronizing the
348 flowering of plants from different geographies [54].

349  The experiment clearly demonstrates the significant impact of genotype, temperature, and light
350 intensity on the flowering time of Arabidopsis thaliana. Wild-type genotypes (Col-0 and Ler)
351  exhibited expected trends where higher temperatures and light intensities promoted earlier
352  flowering. This aligns with previous findings that temperature and light intensity are critical
353  environmental factors regulating flowering time [55-56].

354

355  Development of a Position Weight Matrix-based whole-transcriptome model of the flowering
356  transition network

357  Arabidopsis flowering time genes have been studied from multiple perspectives, and many genes
358 involved in flowering time have been identified over the last few decades (see e.g. [57-59]. It has
359  become increasingly clear that the pathways in which these genes act interact with each other,
360  and with the wider environment, in complex ways: for example, connections have been identified
361 between flowering genes and the thermosensory [56] and light-responsive [60] pathways, while
362  proteins such as CONSTANS form regulatory links with the circadian clock [61-62]. However,
363  understanding how the information which these genes and pathways transmit is integrated to
364  control the plant’s vegetative to reproductive shift remains challenging (Figures 1-2), leading to
365 a growing focus on network modelling approaches [ 8, 43, 63]. For example, Chavez-Hernandez
366 et al. (2022) determined the phase transition within the SAM as a key regulator in the flowering
367  transition [10]. In this study, we extended studies such as these by making use of genome-wide
368  transcriptional data during the flowering transition, derived from different genotypes under
369 different conditions to allow dynamic, whole-genome networks to be modelled (Figures 3-4).
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370  In contrast to the use of the Flowering Transition Gene Regulatory Network (FTGRN) method
371  used by Chavez-Hernandez and colleagues, our Position Weight Matrix (PWM)-based method is
372 less rooted in literature-based network construction and Boolean modeling. While FTGRN has
373  been instrumental in uncovering qualitative dynamics within the flowering transition gene
374  regulatory network, our PWM-based method extends this to by enhancing the nature of the
375  genetic connections model, incorporating position weight matrices derived from sources such as
376  CisBP and JASPAR to ensure comprehensive coverage of TF motifs. Furthermore, our method
377  incorporates tests of statistical significance, via enrichment analysis and corrections for multiple
378  testing. The PWM-based method's binary representation of binding sites, while a potential
379 limitation in capturing quantitative dynamics, also offers a clear advantage in its ability to
380 decipher specific nucleotide preferences: this precision is critical for understanding the dynamics
381  of TF binding and subsequent impact on gene expression, which may be less detailed in Boolean
382  models. Since our dataset took the form of a time-course of sufficient sample size, we were also
383 able to derive a co-expression network: by applying a multi-layered strategy (via Pearson
384  correlations) we could not only ensure the inclusion of flowering genes but also indicate levels of
385  hierarchy within the co-expression network.

386

387 The main Arabidopsis flowering pathways converge on a single control module

388 By applying our approach, all genes responsive to flowering could be arranged into modules
389  (Figure 5), regardless of what flowering time phenotypes, if any, had previously been associated
390 with them. The structure which emerged suggests potential clustering of interacting regulatory
391 genes: the prominence of the turquoise module, for instance (Figure 5B), further exploration of
392  which could identify key elements in flowering processes specific to the Col-0 and Ler-1
393  genotypes. An addition source of novelty in our approach was the use of the Gephi program to
394  visualize the identified networks, including their structural properties and the levels of
395  connectivity within its topology. The observation that the flowering module network defined by
396 HCLC follows a scale-free distribution (Figure 6) substantiates the scale-free nature of the
397 flowering regulatory network and likely contributes to the inherent robustness and adaptability
398  of the system.

399  After determining the flowering time information system (sensu Tkacik and Walczak [64]), we
400 identified the most important nodes for network controllability via centrality measures. This
401 allowed us to identify the nodes in which the information from different paths enters them (the
402  entry channels/nodes) and passes to the controller nodes in the transition system boundary (as
403  shown schematically in Figure 2). In this way, various environmental signals may affect the
404 network from dozens of different paths, and these internal and external signals are processed in
405  various processing units and directed to other units including what we termed the [vegetative-
406  reproductive] transition control unit (TCU) through one or more channels to be translated to the
407  physiological response. This simultaneous assessment of both gene centrality and influence, in
408 the context of a spectrum of network metrics, strengthens our identification of key regulatory
409 genes within the dynamics of flowering time regulation (Tables 4-5). Notably, all the main
410 flowering pathways converge in this central TCU: while it was previously demonstrated that the
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411  autonomous and thermosensory pathways share common regulators [65], our model indicates
412  that all pathways related to flowering are at least partly shared and interconnected in this
413  network unit. This makes sense, given the need for the plant to respond to the totality of its
414  environment in order to enter flowering at the evolutionarily optimal point. Examination of
415  Figure 7 further identifies two bottlenecks in these regulatory units, the genes LHY and TCP16,
416  through which the information inputted from the environmental and internal pathways is further
417  canalized, before being distributed among seven other genes (JAZ1, SPL11, AP3, FLC, SEP4, BES1
418  and NAC050). The nature of the interactions which underlie these layers of genetic control —none
419  of these necessarily involve physical interaction, or even co-expression within the same cells (and
420 indeed the control of FLC by LHY is known to act indirectly via VIN3 [66] — represent interesting
421  directions for future study.

422

423  Novel roles for TCP16 and LHY as a potential Double Oscillator system integrating information
424  during the flowering transition

425  The key positions of LHY and TCP16 in the topology of the Transition Control Unit (TCU) suggests
426  that their transcriptional activity may control the outputs of the flowering pathways. It should be
427  noted that the existence of nine genes in this submodule does not mean that only these nine
428  genes are responsible for regulating flowering time. Rather, there are more connections between
429 these genes and other genes involved in the process of transition from the vegetative to
430 reproductive stage, and this network represents the connection between the most important
431 nodes in the regulatory network. The most important nodes are the nodes that have received a
432  high score in terms of controllability and centrality. For example, LHY and CCA1 genes have long
433  been known as two important members of the circadian clock [49], but no trace of CCA1 can be
434  seenin this TCU. The reason for this is not the absence of this gene in the network, but the reason
435 is the lack of identifying it “alone” to exert control over the network or its less centrality in the
436  regulatory network.

437  The TCP16 transcription factor, a member of the Class | TCP family in Arabidopsis thaliana [67-
438  68], is implicated in the regulation of diverse developmental processes, including the timing of
439  flowering ([69-70] and references therein). Although the precise downstream targets of TCP16
440 involved in flowering time control have yet to be fully characterized, evidence from related TCP
441  family members suggests several potential pathways through which TCP16 may exert its
442  influence in repression meristem identity [71] and copper transport, with particularly important
443  roles in the pollen [52].

444  One potential target of TCP16 is the FLOWERING LOCUS T (FT) gene, a critical component in the
445  photoperiodic regulation of flowering. FT encodes the florigen, a mobile protein signal that
446  promotes flowering by inducing the expression of key floral identity genes in the shoot apical
447  meristem. TCP transcription factors, including TCP18 (BRANCHED1), have been shown to repress
448  FT expression, delaying flowering [72]. Given the functional similarities within the TCP family, it
449  is plausible that TCP16 may similarly modulate FT expression, thereby influencing the timing of
450 flowering. TCP16 may also interact with components of the circadian clock, a key regulator of
451  flowering time. The circadian clock controls the expression of CONSTANS, which in turn regulates
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452  FT [4]. TCP proteins are known to integrate environmental signals, such as light, into
453  developmental processes [73], suggesting that TCP16 could modulate flowering time by
454  influencing circadian clock-regulated pathways. Additionally, TCP16 might regulate GROWTH-
455  REGULATING FACTORs (GRFs), which are transcription factors involved in various developmental
456  processes, including leaf development and flowering. GRFs can affect the expression of genes
457  involved in flowering [74], indicating that TCP16’s regulation of GRFs could be another
458  mechanism through which it controls flowering time.

459  Hormone signalling pathways, particularly the gibberellin (GA) pathway, represent another
460 potential avenue for TCP16’s role in flowering time control. Gibberellins promote flowering,
461  especially under non-inductive photoperiods [75]. TCP16 may influence the expression of genes
462  involved in GA biosynthesis or signalling, thus integrating hormonal cues into the regulation of
463  flowering. Finally, TCP16 may interact with the age pathway through the regulation of
464  SQUAMOSA PROMOTER BINDING PROTEIN-LIKE (SPL) genes. SPL genes are regulated by the
465  microRNA miR156 and promote flowering by activating FT and other flowering-related genes
466  [76]. Given the role of TCP proteins in developmental timing [77], TCP16 might influence
467  flowering time by modulating SPL gene expression or miR156 activity.

468 In contrast, LHY encodes a core component of the circadian clock [78] which is already known to
469  control flowering in Arabidopsis [46, 49, 79]. Mutation of LHY leads to organismal arrhythmia and
470 late day-length-insensitive flowering [56], repressing flowering under normal light conditions but
471  accelerating it under continuous light [49, 80]. LHY has also been shown to interact with the
472  vernalization pathway [66], playing roles in the layers of crosstalk known to exist between
473  circadian regulation and environmental signalling [51]. In Ziziphus jujuba, both endogenous and
474  ectopically-expressed Arabidopsis LHY were supressed by ZjSEP3, leading to accelerated
475  flowering which could be rescued by expression of LHY under the 35S promoter [81].

476  LATE ELONGATED HYPOCOTYL (LHY), a key component of the circadian clock in Arabidopsis
477  thaliana, plays a critical role in regulating various physiological processes, including flowering
478 time. LHY functions as a transcription factor that integrates circadian rhythms with
479  developmental and environmental signals. Understanding its downstream targets provides
480 insights into how circadian regulation intersects with flowering time control. One primary target
481  of LHY is the CONSTANS (CO) gene, which is crucial for photoperiodic flowering. CO encodes a
482  transcription factor that activates the FLOWERING LOCUS T (FT) gene, a major signal for floral
483  induction [82]. LHY directly represses CO expression in the evening through its role in the
484  circadian clock, thereby modulating the timing of flowering in response to day length [83]. The
485  rhythmic expression of LHY and its control over CO exemplify the integration of the circadian
486  clock with flowering time regulation. FT itself is another key downstream target regulated by LHY.
487  FT acts as a mobile signal that promotes flowering by triggering the expression of floral meristem
488  identity genes [84]. LHY’s regulation of CO, which in turn affects FT expression, underscores its
489  central role in coordinating flowering time with circadian rhythms. LHY also interacts with genes
490 involved in the circadian clock machinery, such as CCA1 (CIRCADIAN CLOCK ASSOCIATED 1) and
491  PRR (PSEUDO-RESPONSE REGULATOR). CCA1 and genes of the PRR family, including PRR7 and
492  PRRY, are integral to the circadian feedback loop, influencing the expression of downstream
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493  targets like CO and FT [78]. By regulating these clock genes, LHY modulates the overall rhythmic
494  output of the clock, which has downstream effects on flowering time.

495  The influence of LHY on hormone signaling pathways further illustrates its role in flowering time
496  control. Gibberellins (GAs), which promote flowering under non-inductive photoperiods, are
497  modulated by LHY through its regulation of hormone-responsive genes [85]. For example, LHY
498  affects the expression of genes involved in GA biosynthesis and signaling, linking circadian control
499  with hormonal regulation of flowering. SPL genes are also affected by LHY, as well as by the
500 microRNA miR156, which is itself under circadian control [86]. By affecting SPL expression
501 through its influence on miR156, LHY impacts the transition from vegetative to reproductive
502  growth. In summary, LHY regulates flowering time through a network of downstream targets,
503 including CO, FT, circadian clock components, and hormone signaling pathways. Its role in
504 integrating circadian rhythms with developmental and environmental signals highlights the
505 complexity of flowering time regulation. Further studies using genome-wide approaches, such as
506  ChlIP-seq and transcriptomic analysis, will provide a deeper understanding of the specific genes
507 and pathways regulated by LHY, elucidating its precise role in flowering time control.

508  Our analysis of the transcriptional responses of these genes indicates the core regulators of the
509 flowering time TCU is characterized by oscillations of both genes (Figure 8). Potentially, this could
510 imply the existence of a double oscillation system [87-90] in which LHY and TCP16 reciprocally
511 influence is affected by upstream signals from internal and external signals modulate these
512  signals and respond to them by changing the expression behaviour in a cyclical manner, affecting
513 downstream elements either through direct TF activity or other, more remote effects (including
514 non-cell autonomously). Although double oscillations are observed within the clock for
515  LHY/BES1/TPL-CCA1 [91], our model does not however predict LHY and TCP16 to affect each
516  other directly (Figure 7): their behaviour is instead connected through other information flow
517  paths. This agrees with the finding of Leal Valentim and colleagues that flowering genes can have
518 their maximal effect on genes which they interact with only indirectly [8].

519  Finally, Figures 8 reveals that plants at different growth stages reach the peaks and troughs of
520 gene expression at different times under different environments, along with other distinct
521  characteristics among the waves. This reinforces that gene expression studies based on hourly or
522  daily sampling (rather than growth stage-based sampling) may lead to misleading results. For
523 instance, comparing the average expression of LHY in two different treatments (Figure 8)
524  suggestsanincrease in gene expression upon reaching stage S6. However, relying on linear trends
525  could result in erroneous conclusions, as the 15 °C treatment delays progression to stage S6.
526  Hence, the peak of the fourth wave observed in the cold treatment is several days behind the
527  equivalent under 23 °C conditions (Table 1, Figure 8). It might mistakenly be inferred that the
528  expression level of LHY is higher in the 15 °C treatment than in the 23 °C treatment. Even in a
529  specific stage like S6, comparing gene expression between the two treatments is challenging, as
530 this comparison essentially reveals points of increase or decrease in expression. However, in
531  practice, factors such as the amplitude of the wave and the area under the waveforms also differ
532  (as calculated according to the Riemann method; Methods). This suggests that other complex
533  mechanisms are involved in regulating gene values at each time, potentially including miRNAs
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534  and mRNA stability [74, 92], all of which should be considered for testing the impact of this
535  genetic network at the tissue and organismal level. Ultimately, our data suggests that if oscillation
536 management circuits in LHY and TCP16 could be designed and implemented, it would be possible
537  to engineer flowering time in Arabidopsis.

538

539 Methods and Materials

540 Data acquisition and handling

541  Expression data. Transcriptomic data from 40 samples of five genotypes of Arabidopsis thaliana
542  were accessed from GEO database Series GSE576. These were derived from wild-type Columbia
543  (Col-0) and Landsberg erecta (Ler), and the mutants leafy-12 (Ify-12, in the Col-0 background),
544  constans-2 (co-2, in the Ler background) and flowering locus T-2 (ft-2, also in Ler). In each case,
545  data was derived from microarrays monitoring gene expression of 22,810 genes and were
546  performed as a time-course after the plants had been moved from short day to long day growth
547  conditions (0, 3, 5, and 7 days after the shift); each genotype is represented by two replicates.
548  Weighted Gene Co-expression Network Analysis. Gene expression data was checked for quality
549  and used to construct a gene co-expression network in the Weighted Gene Co-expression
550  Network Analysis (WGCNA) R package, where the pairwise gene similarity matrix was calculated
551  based on expression profiles. The similarity matrix was transformed into an adjacency matrix
552  using the soft-thresholding method within the package, capturing the weighted nature of gene
553  co-expression relationships. A topological overlap matrix was calculated, hierarchical clustering
554  performed, and co-expression modules identified. The resulting modules were represented by
555  distinct colors.

556  Development of the Co-Expression Module. To construct a co-expression module specifically
557 linked to flowering processes, we employed a refined approach by adapting the Hierarchical
558 Complete Linkage Clustering (HCLC) method, with Pearson correlation serving as the primary
559  metric for assessing gene expression relationships. Regulatory relationships in the constructed
560 network were predicted following Kulkarni et al. [93]. Briefly, position weight matrices (PWM:s)
561 representing 916 transcription factors (TFs) were derived from diverse sources, including CisBP,
562  Franco-Zorrilla et al., Plant Cistrome Database, JASPAR 2016, UNIPROBE, AGRIS, and AthaMAP.
563 These PWMs encompass 1793 Arabidopsis motifs, either in PWM or consensus sequence
564  formats, converted into position count matrices scaled to 100. TFs are assigned to gene families
565 based on the PINTFDB 3.0 database. Gene regions, including long, intermediate, and short
566  segments, were extracted relative to the translation start and end sites. PWMs were then
567 mapped to these gene regions using Cluster-Buster, retaining family-specific information within
568 the binding sites (BS). Enrichment statistics were calculated using the hypergeometric
569  distribution, evaluating motif enrichment in input gene sets. The g-value of enrichment was
570  determined with the Benjamini—Hochberg correction for multiple hypotheses testing. To assess
571  false discovery rates, control datasets were generated, and a default g-value of 0.05 was set.
572

573  Phase Transition Unit Boundary Detection
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574  Controllability Analysis. To calculate the centrality of control for nodes, we used an improved
575  version of the method we previously developed [94]. To calculate the controllability of nodes, we
576  modelled the network dynamics through a linear differential equation with a connectivity matrix
577 A, where the vector x(t) represents the state of N nodes at time t. The driver nodes, represented
578 by the matrix B, were identified, and the controllability of the network is determined from the
579  Kalman condition. We then determined the number of nodes which each node controls by
580 considering path lengths between pairs of nodes.: nodes with the highest control centrality (HCC)
581  were identified, constituting the initial set of nodes employing a free-rider strategy. Performance
582  assessment involved comparing these nodes with three other groups: nodes with the highest
583  out-degree, locally selected nodes, and randomly selected nodes. The method incorporates a
584  public goods game with a linear benefit function, with a sigmoid function used to calculate the
585  benefit function, capturing the non-linear behavior often observed in biological systems. Both
586  deterministic and stochastic update rules were applied to model the evolution of strategies in
587  the public goods game, adding a level of uncertainty controlled by the parameter B.

588  Architectural Studies. The Gephi software package (https://gephi.org/; [95]) was employed for
589  the architectural analysis of the constructed networks including node properties, such as degree,
590 betweenness centrality, and clustering coefficients, which were visually encoded to discern key
591 nodes and network modules.

592

593  Validation of Gene Expression

594  Plant Materials. Col-0 and Ler accessions (kindly provided by Dr. Adriana Garay Arroyo
595 from Lab. de Genética Molecular, Epigenética, Desarrollo 'y  Evolucion de  Plantas.
596 Instituto de Ecologia, UNAM), were grown under controlled conditions with light at 100% (120-150
597  pmol.m2.5%1) or 60% (70-90 pmol.m2.51) intensity and 15, 23, and 28 °C for day temperature and
598 13,21 and 26 °C for night. Plants were grown initially in short days (9 hours light, 15 hours dark)
599 and then transferred to long days (16 hours light, 8 hours dark). To synchronize our sampling, the
600 developmental stages of plant growth were monitored from stages 3.5 to 6.1 (Supplementary
601  File 2). Samples were collected every 6 hours, and bud samples (13-15 per sample) were also
602  taken to assess gene expression levels in the Col-0 genotype. The experimental design employed
603  a completely randomized block design, with two replicates considered for each.

604  Quantitative Real Time PCR. Total RNA was isolated according to Ofiate-Sanchez and Vicente-
605  Carbajosa [96]. RNA concentrations were determined on a NanoDrop spectrophotometer (WPA
606  Biowave IlI+); only samples exhibiting a 260:280 ratio between 1.8 and 2.2 were analyzed further.
607  RNA integrity was determined via agarose gel electrophoresis (0.8%) in tris/borate/ethylene
608 diamine tetra acetic acid (TBE) buffer. 1 ug of total RNA from each sample was used for reverse
609  transcription with the MMLV-RT first-strand cDNA synthesis kit (Thermo Fisher Scientific, USA),
610  used according to manufacturer’s instructions. Quantitative Real-Time PCR was performed on a
611  BioRad instrument (BioRad, USA) with Eva Green Real-Time PCR master mix (Solis BioDyne,
612  Estonia); primers were designed using Oligo 7 (Molecular Biology Insights, USA; Table S1). gRT-
613  PCR cycles consisted of 95 °C for 15 min and 40 cycles at 95 °C for 15 s, 60 °C for 20 s, and 72 °C
614 for 20 s. Relative expression levels were double-normalized against the Ct value of



https://gephi.org/
https://doi.org/10.64898/2026.05.26.727858
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.26.727858; this version posted May 29, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY 4.0 International license.

615  GLYCERALDEHYDE-3-PHOSPHATE DEHYDROGENASE (GAPDH) as the internal control. gRT-PCR
616  data was analyzed with BioRad CFX Manager Software Ver. 1.6 (BioRad, USA), using the formula
617 (1 +E)2Ac,

618  Supplementary Table S1
619  Primer sequences used for gene amplification by qRT-PCR

Gene Name GenopplD Primer Sequence (5’ to 3') Amplicon Size (bp)

LHY At1e01060. 1288525 F: GGAAGAGCTTGGCAACGAATTGAAG 160
& ) R: GACGAGGAGGCGGAATTTCTATGTC

NACO50 At3g10480.1f51r226 Fi AATCCGCCGGGATATTCAGTTGC 500
& ) R: CGCGTTTGAGTGTGTCCTCATCTT

F: TCGCTGGGAAATCCAAATTGTGTG
SPL11 At1g27360.1f141r303 560
R: TTCGCCATGAAGTTGAAACTTGGAC

F: TCGAGAAACTCTTGCCGTTTGAAAG
JAZ1 At1g19180.1f327r111 736
R: GGCTGGATCGCATAATTGGTATGG

F: AGTTGGCTCCTCCAGAATGC
Tcpié NA R: CCGGAAACACCATCTGACGA 190

620

621 Table S1. Primer design. The amplification efficiency of each primer pair was calculated with
622  cDNA serial dilutions using E = 10Y/slope-1; only those primer pairs with an efficiency range of
623  90-110% were selected.

624
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Figure 1. Simplified genetic pathways regulating flowering in Arabidopsis thaliana. Environmental and
endogenous inputs are shown at the top, leading through regulatory pathways to the floral meristem
identity (FMI) genes leading to control of floral transition timing; six pathways and a subset off their
component genes are enclosed in the dashed boxes; lines with arrows indicate activation, and broken
lines with blunt ends indicate repression. How these signals are integrated is indicated by the
interrogation mark at center bottom. Modified from Banta and Heyland (2011).
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Figure 2. Schematic representation of a systemic approach to understanding the flow of information in
the control of flowering time. It is assumed that environmental factors and genetic components of
Arabidopsis form a complex system containing dedicated subsystems (modules) which control of specific
biological processes (e.g. flowering). Inside these subsystems are smaller networks that regulate the
features related to the flowering process, e.g. the timing of transition to reproductive phase (as shown in
Figure 1). Although many nodes, edges and paths can enter or leave a node, not all necessarily carry
information that has significant phenological effects; the information path can eventually lead to the
controlling nodes, whose quality of expression has a great impact on the control of flowering time. Input
nodes are the nodes through which information enters the [transition] network and reaches the controller
nodes.
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Figure 3. An overview of normalized expression data. (A), heatmap of the relationship between genes
(left) and genotypes (top) illustrating gene expression levels in each genotype. (B) disaggregation of gene
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discernible as is the grouping of replicates. (C, D), assessment of the standardization of gene expression
by sample (C) and by genotype (D).
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Figure 4. Estimation of Soft Thresholds for model fitting. Left: a scale independence plot depicting the
relationship between the soft threshold (x-axis) and the scale-free topology model fit, measured by the
signed R? (y-axis); the threshold line, indicated between 4 and 5, assists in identifying an appropriate soft
threshold for achieving optimal scale independence. Right: mean connectivity plot illustrating the
association between the soft threshold (x-axis) and mean connectivity (y-axis).
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928 Figure 5. Identification of WGCNA Modules (A) Hierarchical clustering dendrogram of modules obtained
929  through Weighted Gene Co-expression Network Analysis (WGCNA); each leaf node corresponds to a gene,
930 and branches group genes into distinct modules based on their co-expression patterns; color bands at the
931 bottom of the dendrogram indicate different modules, reflecting sets of genes with similar expression
932 profiles; colors are assigned arbitrarily to aid visual identification. (B) Module-genotype relationship
933 heatmap illustrating the relationships between gene expression modules (rows) and genotypes (columns);
934  color intensity reflects the degree of correlation, with warmer tones indicating stronger positive
935 associations. (C) Modules resolved, with the number of nodes in each and their % contributions to the
936 total.
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940  degree values (number of connections) for each node, and the y-axis the corresponding frequency or
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944 Figure 7. The transition control unit (TCU) for vegetative to reproductive transition in Arabidopsis
945 thaliana. Arrows indicate regulatory relations between genes and hence flow of information through the
946 network.
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Figure 8. Transcriptional behavior of LHY and TCP16, the two key members of the Flower Transition
Gene Regulatory Network (FT-GRN) in Arabidopsis within the transition control unit (TCU). Expression
patterns are depicted in blue (LHY) and orange (TCP16) and are delineated from stage S5 to S6 across
diurnal cycles and under various temperature treatments: 15 °C (a, left), 23°C (b, left), and 28 °C (c-left).
The average daily expression profiles are shown in composite graphs (a-c, right), with the area under each
expression curve shown as a quantitative measure of daily expression changes. (d-f), linear models of the
responses of LHY across temperatures (15°C, 23°C, and 28°C, respectively).
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