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Abstract 

T he y east metabolic cy cle (YMC), characteriz ed b y cy clic oscillations in transcripts and metabolites, is an ideal model for studying biological 
rhythms. Although multiple omics datasets on the YMC are a v ailable, a unified landscape for this process is missing. To address this gap, we 
integrated multi-omics datasets by singular value decompositions (SVDs), which stratify each dataset into two levels and define four eigen- 
phases: primary 1A / 1B and secondary 2A / 2B. The eigen-phases occur cyclically in the order 1B, 2A, 1A, and 2B, demonstrating an interplay of 
induction and repression: one eigen-phase induces the next one at a different le v el, while represses the other one at the same le v el. Distinct 
molecular characteristics were identified for each eigen-phase. Novel ones include the production and consumption of glycerol in eigen-phases 
2A / 2B, and the opposite regulation of ribosome biogenesis and aerobic respiration between 2A / 2B. Moreo v er, w e estimated the timing of 
multi-omics: histone modifications H3K9ac / H3K18ac precede mRNA transcription in ∼3 min, f ollo w ed b y metabolomic c hanges in ∼1 3 min. 
The transition to the next eigen-phase occurs roughly 38 min later. From epigenome H3K9ac / H3K18ac to metabolome, the eigen-entropy 
increases. This work provides a computational framework applicable to multi-omics data integration. 
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iological rhythms, characterized by periodic patterns in be-
avior and physiology, are fundamental to diverse organisms
anging from yeast to humans. Human biological rhythms reg-
late essential functions such as sleep-wake cycles, hormonal
evels, and metabolic activities. Disruption in these rhythms is
inked to metabolic dysfunction, potentially resulting in dis-
ases such as obesity, diabetes, and cancer. Thus, understand-
ng human biological rhythms is an important area of current
esearch. However, this area faces challenges due to the com-
lexity of biological systems and the intricate interactions be-
ween environmental factors and genetic mechanisms. 

The yeast metabolic cycle (YMC) of unicellular Saccha-
omyces cerevisiae serves as a minimal model for studying bi-
logical rhythms [ 1 , 2 ]. Due to the conserved metabolic mech-
nisms between yeast and humans, studying the YMC can
hed light on human biorhythms. Observed under nutrient-
imited conditions, the YMC is characterized by periodic os-
illations of dissolved oxygen levels, gene expression patterns,
nd metabolite concentrations. During the YMC, certain pro-
esses are confined to specific time windows, allowing cells
o adapt to environmental factors. Based on gene expression
lustering, the YMC is traditionally divided into three phases:
xidative (OX), reductive building (RB), and reductive charg-
ng (RC) [ 3 ]. 

Advances in biotechnology have generated multiple omics
atasets of the YMC, including transcriptome, epigenome,
nd metabolome [ 3–12 ]. These datasets provided valuable
olecular information regarding the YMC. For example,

ranscriptome and epigenome analyses showed that dynamic
istone modification patterns correlate with gene expression
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[ 7 ], and identified certain modifications and transcription fac-
tors (TFs) [ 9 ]. Metabolomic studies revealed periodic changes
in intracellular metabolite concentrations, highlighting pivotal
metabolites in the YMC [ 5 , 6 , 11 ]. However, most studies fo-
cused on single omics data while only a few integrated two
datasets [ 7 , 9 , 13 , 14 ]. Thus, a computational framework is
highly desirable to synthesize a unified landscape of the YMC
by integrating all available omics data. 

Gene expression variance, which quantifies the variability
in the expression levels of a single gene across different cells or
individuals, offers critical insights into processes such as cell
development, disease, and adaptation [ 15 ]. Genes with low
variance are often associated with fundamental cellular pro-
cesses such as housekeeping functions [ 15 ], while those with
high variance are commonly involved in immune responses,
environmental interactions, and stress responses [ 16 ]. Despite
their importance, the gene expression variances have not been
fully considered in the YMC data analysis. Moreover, each
omics dataset could have different molecular signal variances,
whose quantification remains another interesting problem to
be answered. 

Other than molecular signal variances, the timing of vari-
ous omics events is a key to understanding the dynamics of the
YMC. Previous studies have primarily focused on the relative
timing of epigenetic modifications and transcripts for several
gene clusters [ 7 ]. While informative, these studies do not fully
address the overall timing across multi-omics of the YMC.
Filling this gap could enhance our understanding of the tem-
poral organization of omics in the YMC. 

To address these gaps, we developed a novel synthesis ap-
proach to integrating YMC multi-omics datasets (Fig. 1 ).
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Figure 1. The workflow of the multi-omics data synthesis analysis. ( A ) Raw omics datasets are preprocessed using various methods to generate 
multiple data matrices. ( B ) Each data matrix is stratified by SVD into multiple principal eigen-components, referred to as levels. Each level comprises a 
singular value λk , and a pair of sample-eigenvector v k and molecule-eigenvector u k . The top two levels (marked with a shaded background) contribute 
mainly to the data. The 0-th level represents the baseline, while the rest levels are categorized as other factors. ( C ) The positive and negative loadings of 
sample-eigen v ectors sho w temporal patterns during the YMC. ( D ) Molecule-eigen v ectors are polariz ed b y sorting their loadings. Various analy ses are 
then applied to unco v er molecular signatures associated with the positive and negative poles of each molecule-eigenvector. The dual correspondence 
between sample- and molecule-eigenvector is illustrated in Supplementary Fig. S1 . ( E ) SVD offers a representation of molecular cyclic signals. This 
includes a baseline, two levels, and other factors. Each level consists of a singular value λ, a molecule loading function u(i) , and a periodic function v(t) . 
( F ) Time differences between omics data, represented by the shift parameter in the periodic functions, are estimated using cross-correlation. 

 

 

 

 

 

 

 

 

 

 

Motivated by our previous work [ 17 , 18 ], the approach is
based on singular value decomposition (SVD) and dual eigen-
analysis. It involves several steps. First, each omics dataset was
arranged in a matrix followed by preprocessing methods such
as normalization (Fig. 1 A). Second, these matrices were strat-
ified by SVD into two principal eigen-components, referred to
by their levels, each comprising a singular value and a pair of
sample- and molecule-eigenvectors (Fig. 1 B). Third, while the
sample- and molecule-eigenvectors respectively revealed sam-
ple eigen-phases and molecular characteristics (Fig. 1 C and
D), their associations were identified by dual eigen-analysis 
( Supplementary Fig. S1 ). 

The proposed synthesis approach uncovered several novel 
findings. First, a four-eigen-phase model was identified in these 
datasets. The eigen-phases—referred to as primary 1A / 1B and 

secondary 2A / 2B—demonstrate an interplay of induction and 

repression. One eigen-phase induces the next one chrono- 
logically, while two eigen-phases at the same level recipro- 
cal repress each other. Each eigen-phase was characterized 

by molecular features, including signature pathways, marker 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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enes, key metabolites, and TFs. Specifically, eigen-phase 1A
as characterized by translation and amino acid metabolism,
B by degradation mechanisms and stress responses, 2A by
ibosome biogenesis, and 2B by aerobic respiration and mito-
hondrial activities. Second, our model also provided a math-
matical representation of molecular cyclic signals during the
MC (Fig. 1 E). This representation decomposes the molec-
lar signal variances into two levels, reflecting the intrinsic
ierarchical structure of the YMC. Third, the average tim-

ng was estimated across multi-omics in the temporal order
f the epigenome for H3K9ac and H3K18ac, transcriptome,
nd metabolome. The timing reflects an adaptive regulatory
echanism to utilize the nutrition available from the environ-
ent for survival. 

aterials and methods 

ranscriptome, epigenome, and metabolome data 

f YMC 

he basic information on the omics datasets used in this study
s presented in Supplementary Table S1 . All datasets were ob-
ained from public databases or directly from the articles. 

The transcriptomic microarray dataset of gene expression
as obtained from the GEO repository under accession num-
er GSE3431 [ 3 ]. In the referenced study, messenger RNA
mRNA) from YMC yeast samples was collected at 36 time
oints over three consecutive cycles, with ∼25-min intervals
etween adjacent time points. The mRNA abundance was
uantified using the Affymetrix Yeast Genome S98 Array. 
The transcriptomic RNA-seq dataset of gene expression

as obtained from the GEO repository under accession num-
er GSE52339 [ 7 ]. In the referenced study, mRNA from YMC
east samples was collected at 16 distinct time points during a
ingle cycle. In our study, the RNA-seq raw reads underwent
uality filtering using FastQC ( https://www.bioinformatics.
abraham.ac.uk/ projects/ fastqc/ ) and were then trimmed
sing TrimGalore ( https://www.bioinformatics.babraham.ac.
k/ projects/ trim _ galore/ ) to remove low quality reads. Next,
equencing reads were aligned to the Saccharomyces cere-
isiae reference genome sacCer3 in the UCSC database ( https:
/ hgdownload.soe.ucsc.edu/ goldenPath/ sacCer3/ bigZips/ ) us-
ng Hisat2 [ 19 ]. Finally, featureCounts [ 20 ] was used to quan-
ify the expression levels of each gene in the RNA-seq data. 

The epigenetic ChIP-seq dataset of histone modifications
as obtained from the GEO repository under accession
umbers GSE52339 and GSE118889 [ 7 , 9 ]. In the refer-
nced studies, histone modifications were identified using an-
ibodies against eight marks: H3K4me3, H3K9ac, H3K14ac,
3K18ac, H3K36me3, H3K56ac, H4K5ac, and H4K16ac.
he DNA bound to histones in YMC yeast samples was col-

ected at 16 distinct time points during a single cycle. In our
tudy, the ChIP-seq raw reads underwent quality filtering us-
ng FastQC and were then trimmed using TrimGalore to re-
ove low-quality reads. Some samples of histone modifica-

ions H3K36me3 and H4K16ac were removed due to low se-
uencing quality. Next, sequencing reads were aligned to the S.
erevisiae reference genome sacCer3 in the UCSC database us-
ng Bowtie [ 21 ] due to the short read lengths typical of ChIP-
eq data. 

ChIP-seq signals of each histone modification sample were
valuated in the same way as the methods in the original stud-
es [ 7 , 9 ]. Signal strength was defined as the number of ChIP-
seq reads mapped to the predefined genomic regions of each
gene. These regions were selected based on the distribution of
signals, c.f. Fig. S5A of [ 7 ]. Specifically, the region of −100
bp to 400 bp from the transcription start site (TSS) was used
for H3K9ac, H3K14ac, H3K18ac, H3K56ac, H4K5ac, and
H3K4me3, while the region from TSS to transcription end
site (TES) was used for H3K36me3 and H4K16ac. The read
counts were quantified using featureCounts with the -O pa-
rameter option. 

The metabolome of intracellular metabolite concentrations
was obtained from the supplementary information provided
in [ 6 ]. In the referenced study, metabolites from YMC yeast
samples were collected at 24 time points over two consecu-
tive cycles. Liquid chromatography tandem mass spectrom-
etry (LC-MS) and comprehensive 2D gas chromatography
time-of-flight mass spectrometry (GC-TOFMS) were used to
monitor the intracellular concentrations of ∼150 metabolites.
In addition, the extracellular concentrations of ethanol and
acetate were obtained from [ 3 ]. 

Normalization of omics data 

The transcriptomic microarray dataset was normalized us-
ing sub-sub normalization [ 22 ], while the RNA-seq sequenc-
ing reads were normalized using MUREN [ 23 ]. The reference
samples for normalization were selected based on the largest
sum of skewness in pairwise difference. Subsequently, loga-
rithmic transformation was applied to the normalized data. 

Similarly, the epigenetic ChIP-seq signal strength was nor-
malized using MUREN in the same way as described above.
The quality of normalization was demonstrated by near-zero
modes of densities of pairwise difference [ 23 ] ( Supplementary 
Fig. S2 ). The logarithmic transformation was applied. 

The metabolome lacked a specific normalization method.
However, the different scales of LC-MS and GC-TOFMS need
to be considered. In our study, logarithmic transformation was
used to mitigate the scale effects. 

SVD and dual eigen-analysis of omics data 

We took the SVD and dual eigen-analysis as the main ap-
proach for this study. It was introduced in our previous stud-
ies [ 17 , 18 , 24 ] and has demonstrated effectiveness in pro-
cessing high-dimensional data matrices, especially for nor-
malized transcriptomic data [ 17 ]. A schematic representation
of SVD and dual eigen-analysis is provided in Fig. 1 B and
Supplementary Fig. S1 . 

Each omics dataset was preprocessed into a data matrix.
Here, we consider an example matrix denoted by A = [ a i j ] ,
where i = 1 , 2 , . . . , m and j = 1 , 2 , . . . , n . Here, m rep-
resents the number of molecules (e.g. genes and metabolites),
and n represents the number of samples. The SVD of matrix
A is expressed as follows: 

A = 

s −1 ∑ 

k =0 

λk u k v 
T 
k , 

where { λk } are positive and sequentially decreasing sin-
gular values; the molecule-eigenvectors u k is denoted by
[ u k 1 , u k 2 , . . . , u km 

] T , and the sample-eigenvectors v k is de-
noted by [ v k 1 , v k 2 , . . . , v kn ] T ; { u k } are mutually orthogonal
and so are { v k } ; and s is the rank of A . 

The SVD stratifies matrix A into multiple principal eigen-
components. The k -th principal eigen-component, referred

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/
https://hgdownload.soe.ucsc.edu/goldenPath/sacCer3/bigZips/
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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to as level k , comprises λk , u k , and v k . The k -th molecule-
eigenvector u k is composed of the weights of all molecules,
referred to as molecule loadings. Similarly, the k -th sample-
eigenvector v k is composed of the weights of all samples, re-
ferred to as sample loadings. 

Notably, the level with the largest singular value typically
represents the baseline of data, and its index is therefore set
to zero. Specifically, after normalization, the loadings of the
0-th sample-eigenvector v 0 are nearly identical, as shown in
Supplementary Fig. S3 . Because v 0 is a unit vector, we have
v 0 ∼= 

1 √ 

n 1 n , where 1 n = [ 1 , 1 , . . . , 1 ] T represents a vector
with all elements equal to 1. We also have λ0 u 0 = A v 0 ∼=

1 √ 

n A 1 n = 

√ 

n μ, where μ = 

1 
n A 1 n = [ μ1 , μk , . . . , μm 

] T , and

μi = 

1 
n 

n ∑ 

j=1 
a i j represents the average quantity of molecule i

across all samples. Then the 0-th eigen matrix is expressed as:

λ0 u 0 v T 0 
∼= 

μ1 

T 
n . 

Therefore, the 0-th principal eigen-component exclusively
represents the average matrix, considered the baseline of the
data. Then we define the matrix after removing the baseline
as Ā = A − λ0 u 0 v T 0 . This matrix approximates what is usually
referred to as the centralized matrix. 

The singular value plays an important role in SVD. For k >

0 , we have the equation: 

λ2 
k = || ̄A v k | | 2 = || λk u k v 

T 
k | | 2 . 

It indicates that the square of the singular value λ2 
k quanti-

fies the variance of the matrix Ā in the direction of the sample-
eigenvector v k . In addition, the sum of the square of singu-
lar values (except the one at level 0) equals the square of the
Frobenius norm of matrix Ā . That is, ∑ s −1 

k =1 
λ2 

k = || ̄A || 2 F , 

where || · | | F represents the Frobenius norm. Therefore, || ̄A || 2 F 
quantifies the total variance of the matrix, and λ2 

k quantifies
the contribution of level k to the total variance. We use the
ratio 

λ2 
k ∑ s −1 

k =1 λ
2 
k 

to quantify the relative contribution of each level.

Consistent with our previous studies [ 17 ], the loadings of
sample-eigenvectors v k is an empirical contrast. Specifically,

n ∑ 

j=1 
v k j 

∼= 

0 , for k > 0 , which indicates the sum of loadings for

positive and negative samples is nearly equal. According to the
properties of SVD, it is established that λk u k = A v k . Therefore,
the loading u ki of molecule i is expressed as 

u ki = 

∑ n 
j=1 a i j v k j 

λk 
, 

where numerator 
n ∑ 

j=1 
a i j v k j represent the weighted sum of val-

ues for molecule i across all samples. Thus, within level k , a
higher molecule loading u ki correlates with higher values a i j 

and higher sample loading v k j . In addition, molecule loading
u ki can be regarded as the differential profiles of the molecule
under the corresponding sample weights. 

The above investigations culminated in our dual eigen-
analysis [ 17 , 18 ] ( Supplementary Fig. S1 ). Specifically, in the
first step, u k and v k are polarized into � u k and � v k by arranging
their loadings in ascending order. Next, we identify the asso-
ciations between molecules at both poles of � u k together with
their molecular attributes, and samples at both poles of v k to- 
gether with their timing attributes. Finally, molecules at the 
positive pole of � u k exhibit up-regulation in samples with pos- 
itive loadings and down-regulation in samples with negative 
loadings. Conversely, molecules at the negative pole of � u k ex- 
hibit down-regulation in samples with positive loadings, and 

up-regulation in samples with negative loadings. 

The decomposition formula of molecular cyclic 

signals 

From the SVD of matrix A = [ a i j ] , each element can be de- 
composed as follows: 

a i j = 

s −1 ∑ 

k =0 

λk u ki v k j . 

Given that many molecules are periodic during the YMC,
we assume that the cyclic signal of molecule i follows a peri- 
odic function a ( i, t ) , where t represents time. Assuming sample 
j was collected at the time t j , the following equation can be 
established: 

a 
(
i, t j 

) = a i j = 

s −1 ∑ 

k =0 

λk u ki v k j = 

s −1 ∑ 

k =0 

λk u k ( i ) · v k 
(
t j 

)
, 

where u k (·) is the function of molecule loading, v k (t ) is a con- 
tinuous periodic function that satisfies v k ( t j ) = v k j , for any j.

As we demonstrated in the previous subsection, the 0-th 

principal eigen-component represents the average matrix, and 

we established that λ0 u 0 i v 0 j ∼= 

μi , where μi = 

1 
n 

n ∑ 

j=1 
a i j , repre- 

sents the average quantity of molecule i across all samples. We 
now denote μi as a function μ(i ) . Moreover, all other minor 
eigen-components beyond level 2 are aggregated into a func- 
tion ε( i, t ) . Finally, we come to the decomposition formula: 

a ( i, t ) = μ ( i ) + λ1 u 1 ( i ) · v 1 ( t ) + λ2 u 2 ( i ) · v 2 ( t ) + ε ( i, t ) . 

In this formula, the singular values λ1 and λ2 quantify 
the molecular signal variances of levels 1 and 2, respectively,
whereas v 1 (t ) and v 2 (t ) are periodic functions. 

To distinguish different omic data, we further label the de- 
composition for each data by l ∈ L : 

a ( l ) ( i, t ) = μ( l ) ( i ) + λ
( l ) 
1 u 

( l ) 
1 ( i ) · v 1 

(
t − τ ( l ) 

)
+ λ

( l ) 
2 u 

( l ) 
2 ( i ) · v 2 

(
t − τ ( l ) 

)
+ ε ( l ) ( i, t ) 

where τ (l ) represents the time lag relative to a reference, which 

the transcriptome is used in this report, c.f. Fig. 1 E. 

Concatenation of transcriptome data matrices 

To obtain more stable and comprehensive results, we inte- 
grated the two transcriptomic data matrices from [ 3 , 7 ] by 
concatenation, a method proposed in our previous study [ 17 ].
The concatenation scheme is presented in Supplementary 
Fig. S4 . 

The two transcriptomic data matrices with common genes 
are denoted as A 1 and A 2 . Before concatenation, several pre- 
processing steps were undertaken. First, their scales were 
aligned by removing baselines, specifically by subtracting the 
0-th eigen matrix determined by SVD. Second, their varia- 
tions were equalized by adjusting the Frobenius norm, ensur- 
ing the densities of the two matrices approximated each other 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data


Four eigen-phases of yeast metabolic cycle 5 

(  

i  

o
 

d  

n

w  [
 

s  

d  

t

A
c

O  

t  

w  

c  

t  

u  

a  

n  

d  

6  

w  

S
 

w  

d  

w  

n  

i  

f
 

t  

Y  

e  

s  

a  

b
 

o  

i  

t  

s  

t  

m

C

T  

i  

e  

d  

F  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Supplementary Fig. S5 ). Third, to mitigate the impact of vary-
ng sample sizes, each matrix was divided by the square root
f its sample number. 
As a result, we obtained the preprocessed transcriptomic

ata matrices ˜ A 1 and 

˜ A 2 . Next, these matrices were concate-
ated to form a single matrix 

˜ A = 

[ ˜ A 1 
˜ A 2 

]
. 

Finally, SVD and dual eigen-analysis were performed: 

˜ A = 

˜ s ∑ 

k =1 

˜ σk ̃  u k ̃  v T k 

here ˜ s is the rank of ˜ A , and the sample-eigenvector ˜ v k =
˜ v 1 k 
˜ v 2 k 

]
can be partitioned into components corresponding to

amples from each dataset. It is important to note that the in-
exing begins at one, not zero, reflecting the prior removal of
he baseline. 

lignment of omics data by dissolved oxygen 

oncentration curves 

xygen concentrations were extracted from the curves in
he original studies [ 3 , 6 , 7 , 9 ]. Specifically, a Python script
as used to extract the pixel coordinates from oxygen con-

entration curves. The X - and Y -axis coordinates were ex-
racted to calibrate the time and oxygen concentration val-
es of each pixel. When multiple pixels shared the same X -
xis coordinates due to curve width, their Y -axis coordi-
ates were averaged. The sampling time points for the omics
atasets were directly obtained from the original studies [ 3 ,
 , 7 , 9 ]. The extracted oxygen concentration curves, along
ith sampling time points for each dataset, are shown in

upplementary Fig. S6 . 
The derivative dynamic time warping (DDTW) method [ 25 ]

as selected to align the oxygen concentration curves from
ifferent datasets. This method is based on dynamic time
arping (DTW), which is widely used for the alignment of sig-
al curves. Compared with D TW, DD TW captures the chang-
ng trend of the curves more effectively, achieving a more uni-
orm alignment of the oxygen concentration curves. 

Using DDTW, the metabolomic dataset was aligned to the
ranscriptomic microarray dataset because both span multiple
MC cycles ( Supplementary Fig. S7 ). On the other hand, the

pigenetic dataset was aligned with the transcriptomic RNA-
eq dataset, as both were sampled within a single cycle. After
lignment, the samples from the various omics datasets could
e represented on a unified timeline. 
Following alignment, metabolome data derived from vari-

us methods were integrated into a single data matrix. Specif-
cally, metabolite data from GC-TOFMS was mapped to the
ime points of LC-MS samples using linear interpolation. Con-
equently, data from both GC-TOFMS and LC-MS shared
he same sampling time points, resulting in an integrated data
atrix. 

ross-correlation between sample eigenvectors 

he maximum cross-correlation was used to quantify the sim-
larity between two time series. In this study, it was used to
valuate the consistency between sample-eigenvectors across
atasets. To achieve this, a three-step process was employed.
irst, a natural spline interpolation was applied to resampling
the loading curves at a high resolution of 0.001 h, ensuring
that these curves share the same time points. Second, one load-
ing curve was shifted by a time lag in relation to the other, and
the cross-correlation was computed at each shift. Finally, the
maximum cross-correlation was taken to be the similarity be-
tween two time series. 

Estimation of time differences across various omics
data 

By comparing the loading curves of sample-eigenvectors from
different omics datasets after alignment by oxygen concen-
trations, we observed time differences between these datasets.
Mathematically, the time difference between two datasets
l 1 , l 2 can be expressed in the following formula: 

�τ ( l 1 , l 2 ) = τ ( l 1 ) − τ ( l 2 ) , 

where τ ( l 1 ) and τ ( l 2 ) are the time lags in the decomposition
formula for each dataset, c.f. Fig. 1 F. 

The estimate of time difference between two series is taken
to be the time lag corresponding to the maximum cross-
correlation between two sample eigenvectors. The calculation
steps for this process were described in detail in the previous
Method subsection. 

To evaluate the robustness of our time difference estimation
method, we introduced normally distributed random pertur-
bations to simulate measurement noise and data uncertainty.
The standard deviation of the perturbations was set to 10%
of the original data’s standard deviation. 

Gene set enrichment by the Wilco x on scoring 

method 

Enrichment analysis of the polarized gene-eigenvector � u k was
performed using the Wilcoxon scoring method [ 26 ]. This
method was originally proposed for analyzing gene expression
differential profiles. In this study, gene loadings, as discussed
above, were regarded as the weighted gene expression differ-
ential profiles and were used in the analysis. Gene sets were
from Gene Ontology (GO) annotations [ 27 ]. Only gene sets
containing five or more genes were included in the analysis. 

Identification of marker gene by randomization 

The significance of each gene in gene-eigenvector u k was as-
sessed by the randomization of dual sample-eigenvector v k , us-
ing the property of λk u k = A v k . And the significant genes were
referred to as marker genes. Specifically, as the k -th sample-
eigenvector v k satisfies 

v k = argmax 

| | x | | 2 =1 , x ·v l =0 ,l≤k 

∣∣∣∣Ax 

∣∣∣∣
2 , 

we generate a random sample-eigenvector v k r satisfies ∣∣∣∣v k r ∣∣∣∣2 = 1 , v k 
r · v l = 0 , l ≤ k. 

The dual random gene-eigenvector u k 
r is then obtained as 

u k 
r = 

A · v k r ∣∣∣∣A · v k r 
∣∣∣∣

2 

. 

Assuming we repeat this randomization for R times. Denote
u k 

r = [ u k 1 
r , u k 2 

r , . . . , u km 

r ] T , r = 1 , . . . , R . Then for gene i
in the k -th gene-eigenvector, we calculate its P -value by com-
paring its observed loading u ki to its distribution under the

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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null hypothesis, represented by { u ki 
r } r . That is, 

p ki = 

{ 

# { u ki 
r ≥u ki } r 
R 

, u ki > 0 

# { u ki 
r ≤u ki } r 
R 

, u ki < 0 

, 

where # { u ki 
r ≥ u ki } r represents the count of r that satisfies

u ki 
r ≥ u ki . 
Finally, we identify marker genes in each gene-eigenvector

by establishing thresholds for P -values and loadings. 

Statistical inference of cis–trans transcriptional 
regulation by BASE2.0 

The method BASE2.0 [ 28 , 29 ] was employed to statistically
infer cis–trans transcriptional regulations underlying the gene-
eigenvector u k . When applying BASE2.0, the binding strength
between the factor and the regulatory region of a gene needed
to be defined. 

To infer the regulation of TFs, the binding strength was de-
fined using the motif frequency of TFs in the regulatory region
of genes [ 28 , 29 ]. In this study, the motif frequencies were cal-
culated using the following steps. First, the position weight
matrices of 186 cis- regulatory motifs, corresponding to 172
TFs of S. cerevisiae , were obtained from the Fungi dataset
within the JASPAR database [ 30 ]. Second, the regulatory re-
gion was defined as the 500 bp upstream from the TSS of each
gene. The sequences of these regions were sourced from the
yeast whole genome via the Saccharomyces Genome Database
(SGD) [ 31 ]. The region length was carefully selected based on
the distribution of TF-binding sites reported in [ 32 ]. Third, the
motif frequency within the gene regulatory region was calcu-
lated using FIMO in the MEME suite [ 33 , 34 ]. 

Results 

Decomposition of YMC multi-omics datasets 

through SVD 

The YMC omics datasets used in this study are summa-
rized in Supplementary Table S1 . These datasets cover one or
more cycles with multiple sampling time points. Each dataset
was initially processed into matrices (Fig. 1 A). Specifically,
the transcriptome matrix quantified gene expression profiles;
the epigenome matrix of each histone modification quanti-
fied its signal strength, and the metabolome matrix quanti-
fied metabolite concentrations. To make the results more ro-
bust, we concatenated the transcriptome matrices and aligned
the metabolome ones. The effectiveness of these integra-
tion methods was evaluated in the Supplementary Text and
Supplementary Fig. S8 . 

Next, each data matrix was stratified using SVD into mul-
tiple principal eigen-components (Fig. 1 B). Each principal
eigen-component comprised a singular value and a pair of
corresponding sample- and molecule-eigenvectors. The ele-
ments of these eigenvectors are referred to as sample or
molecule loadings, which represent their weights in this eigen-
component. These eigen-components, referred to as levels,
were arranged in descending order based on their singular val-
ues. Notably, the level with the largest singular value repre-
sents the data baseline, as its sample loadings are nearly equal
(“Materials and methods” section and Supplementary Fig.
S3 ). Therefore, we indexed it as zero and excluded it from
subsequent analysis. 
Four eigen-phases of the YMC: primary 1A / 1B and 

secondary 2A / 2B 

The relative contribution of each level to the data was quan- 
tified by the ratios of squared singular values (“Materials 
and methods” section). The results of each omics dataset can 

be found in Supplementary Fig. S9 . In the transcriptome,
epigenome (for H3K9ac, H3K18ac, H3K56ac, and H4K5ac),
and metabolome, the top two levels (1 and 2) collectively con- 
tributed over 50% of the total variance. 

At the top two levels of sample-eigenvectors from the afore- 
mentioned omics datasets, four YMC eigen-phases were iden- 
tified: 1A, 1B, 2A, and 2B (Fig. 2 A–E and Supplementary Fig. 
S10 ). One such eigen-phase is defined by samples with the 
same loading signs, representing a time period with shared 

characteristics in the YMC. Across multi-omics, these eigen- 
phases exhibited a similar pattern, cycling in the sequence 
of 1B, 2A, 1A, and 2B (Fig. 2 F). Compared with the tradi- 
tional three-phase division [ 3 ], our result offers several novel 
insights. 

The first insight is that these eigen-phases are defined at two 

levels, stratifying their roles in YMC by contributions. In these 
omics datasets, the contributions of the first level were signif- 
icantly greater than those of the second ( Supplementary Fig. 
S9 ). This suggests that eigen-phases 1A and 1B capture the 
primary molecular variability within the YMC, whereas eigen- 
phases 2A and 2B play secondary roles. 

Interplay of induction and repression of four 
eigen-phases 

Another insight is that the four eigen-phases demonstrate an 

interplay of induction and repression (Fig. 2 G). 
First, the adjacent eigen-phases overlap, indicating an in- 

ductive relationship. This overlap suggests that the transition 

between eigen-phases is not abrupt but rather governed by 
a gradual progression (Fig. 2 A–E). In this progression, each 

phase plays roles of both the outcome of the preceding one 
and the initiator of the next. Thus, we proposed that each 

eigen-phase induces the next one. 
Second, there is reciprocal repression between eigen-phases 

at the same level. Specifically, eigen-phases 1A and 1B, as well 
as 2A and 2B, reciprocally repressed each other. This recipro- 
cal repression is manifested by the opposite signs of sample 
loadings (Fig. 2 A–E). 

Consistency of eigen-phases across different omics 

datasets 

The four eigen-phases were separately defined within the tran- 
scriptome, epigenome (for H3K9ac, H3K18ac, H3K56ac, and 

H4K5ac), and metabolome, raising questions about their con- 
sistency across different omics. To address this, we analyzed 

their sample- and molecule-eigenvectors at the top two levels.
To analyze sample-eigenvectors, we first aligned samples 

from different datasets based on dissolved oxygen concentra- 
tion ( Supplementary Fig. S7 ), as it is a key and stable indicator 
of metabolic activity in the YMC. Specifically, the different 
oxygen curves were aligned by the DDTW method [ 25 ]. Based 

on the DDTW results, samples from different datasets were 
aligned on a unified timeline. Next, we calculated the max- 
imum cross-correlation, a measure of temporal consistency,
of sample-eigenvectors between the transcriptome and other 
datasets (“Materials and methods” section). This analysis 
revealed high maximum cross-correlation values ( > 0.8) 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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Figure 2. ( A–E ) Sample loadings at the top two levels define four YMC eigen-phases for different omics datasets. The samples are arranged 
chronologically. These four eigen-phases are termed 1A, 1B, 2A, and 2B, corresponding to positive and negative sample loadings at levels 1 and 2. The 
bar on the right of each subplot shows its relative contribution, calculated as the ratio of its squared singular value to the total sum. ( F ) Scatter plot of 
sample loadings from transcriptomic RNA-seq data at the top two levels. The temporal order of the samples shows that the four eigen-phases cycle in 
the sequence of 1B, 2A, 1A, and 2B. ( G ) The schematic diagram of the induction and repression between eigen-phases. Each node represents an 
eigen-phase with its signature biological processes. The arrows represent the inductive relationship from one eigen-phase to the next. The inhibitory 
curves in the central represent reciprocal repressions between the eigen-phases at the same level. 
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between transcriptome and epigenome for H3K9ac,
H3K18ac, and H4K5ac ( Supplementary Table S2 ). In
comparison, the average maximum cross-correlation across
two levels between transcriptome and metabolome was
slightly lower, at 0.796. These results indicate the temporal
consistency of sample-eigenvectors between these datasets. 

The molecule-eigenvector represents genes in both tran-
scriptome and epigenome datasets. Thus, we calculated their
pairwise correlation coefficients ( Supplementary Fig. S11 ).
This analysis showed that signals of genes regulated by
H3K9ac and H3K18ac exhibited higher correlation coeffi-
cients ( > 0.5) with expression levels, indicating a consistency
between these datasets. Furthermore, gene enrichment and key
metabolites analyses, to be elaborated in subsequent sections,
further supported the consistency between the transcriptome
and metabolome. 

These findings confirmed the consistency of these four
eigen-phases between transcriptome and other datasets in-
cluding epigenome for H3K9ac, H3K18ac, and metabolome.
In the following analysis, we focused mainly on these datasets.

Representation of molecular cyclic signals 

During the YMC, many molecules exhibited cyclic signals
such as gene expression levels and metabolite concentra-
tions [ 3 , 6 , 7 ]. By focusing on SVD at the scale of individ-
ual molecules, we obtained a mathematical representation of
these molecular cyclic signals (Fig. 1 E). Each molecular cyclic
signal, as a function of time and molecule, was decomposed
into a baseline, two levels, and other factors. Each level was
expressed as the product of a singular value, a molecule load-
ing function, and a periodic function. The periodic function
captures the temporal dynamic of the molecular signal during
the YMC, whereas the singular value and molecule loading
together quantify the variance of the signal at each level. No-
tably, the singular value quantifies the overall variance across
all molecules at each level. The higher singular value at level
1 indicates greater molecular variability compared to level 2. 

Timing of multi-omics dynamics among 

eigen-phases 

Notably, after plotted on a unified timeline, different omics
datasets were found following a temporal progression: start-
ing with the epigenome (for H3K9ac / H3K18ac), followed by
the transcriptome, and then the metabolome (Fig. 3 A and B).
The time differences between omics data were represented by
the shift parameter in the periodic functions (Fig. 1 F). To es-
timate this time difference, we computed the time lag cor-
responding to the maximum cross-correlation between two
sample-eigenvectors (“Materials and methods” section). We
further inferred the confidence intervals of time differences
through a method based on perturbation. These results are
presented in Supplementary Table S3 . 

This analysis revealed that the time differences from
epigenome (for H3K9ac / H3K18ac) to transcriptome at the
top two levels averaged ∼3 min, with 95% confidence in-
tervals ranging from 1.92 to 5.04 min. In contrast, the time
differences from transcriptome to metabolome averaged ∼13
min, with 95% confidence intervals ranging from 4.50 to
27.48 min. 

These findings supplement previous observations of time
differences between specific epigenomic modifications and cer-
tain gene clusters [ 7 ]. Notably, the minimal time lags are from
epigenome, H3K9ac and H3K18ac, to transcriptome. Since 
the transcriptome reflects spliced mature mRNA, this mini- 
mal lag corresponds to partial mRNA splicing time, which 

has been found to average 7.3 min in certain genes [ 7 ]. 
We also estimated the time differences from a metabolomic 

eigen-phase to the next transcriptomic one ( Supplementary 
Table S3 ). The results showed that this time difference was 
∼38 min, with 95% confidence intervals ranging from 29.64 

to 53.7 min. 

Eigen-entropy increases from epigenome 

H3K9ac / H3K18ac to metabolome 

The total relative contributions of the top two levels, quan- 
tified by the ratios of squared singular values, varied signif- 
icantly across different omics datasets (Fig. 3 C). To further 
investigate this variation, we calculated the eigen-entropy for 
each dataset (Fig. 3 C). Here, eigen-entropy is defined as the 
entropy of a multinomial distribution, derived from the ratios 
of squared singular values across all levels. Along the tempo- 
ral order from epigenome H3K9ac / H3K18ac to metabolome,
our analysis showed an increase in eigen-entropy (Fig. 3 D), in- 
dicating the growing complexity of biological processes from 

transcriptional regulation to metabolic activity over time. 

Signature pathways and marker genes of each 

eigen-phase 

To investigate the signature biological processes of each 

eigen-phase, we performed enrichment analysis on gene- 
eigenvectors of the transcriptome, identifying up-regulated 

pathways. A representative subset of these signature pathways 
is illustrated in Fig. 4 A and B. These pathways were selected 

based on the following criteria: first, pathways that are most 
statistically enriched were chosen. Second, among pathways 
with similar biological descriptions, a single representative 
one was selected. Third, pathways statistically significant in 

two adjacent eigen-phases were assigned to the earlier one. 
In summary, eigen-phase 1A was characterized by transla- 

tion and amino acid metabolism; 1B by degradation mecha- 
nisms and stress responses; 2A by ribosome biogenesis; and 

2B by aerobic respiration, mitochondria, and cell cycle. Fur- 
ther details of these signature pathways and their implications 
are available in the Supplementary Text . 

Furthermore, each eigen-phase is potentially marked by 
specific marker genes. To identify these critical marker genes,
we employed a novel statistical method involving the ran- 
domization of sample-eigenvectors. This method revealed sig- 
nificant marker genes ( Supplementary Fig. S12 ), which were 
closely associated with the signature biological processes of 
each eigen-phase. Further details regarding these marker genes 
are available in Supplementary Tables S4 –S7 . 

Opposite regulation of ribosome 

biogenesis / aerobic respiration between 

eigen-phases 2A / 2B 

In transcriptome, the reciprocal repression of eigen-phases at 
the same level was manifested by the up-regulation of spe- 
cific pathways in one eigen-phase, coupled with their down- 
regulation in the opposite eigen-phase. In particular, the oppo- 
site regulation between ribosome biogenesis in eigen-phase 2A 

and aerobic respiration in 2B has been recognized in multiple 
studies [ 13 , 35 , 36 ]. These examples underscore the pervasive 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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Figure 3. ( A and B ) Comparison of sample loadings across different omics datasets on a unified timeline at the top two levels. Samples from different 
omics datasets are aligned by dissolved oxygen concentrations using DDTW. Different datasets exhibit consistent YMC phase patterns. Furthermore, 
this analysis reveals a temporal order of the epigenome (for H3K9ac / H3K18ac), transcriptome, and metabolome in a single phase. Time differences 
bet ween these dat asets are estimated using the shift parameter in the periodic functions (Fig. 1 F), with results marked alongside the curv es. ( C ) R elativ e 
contributions of the top two levels in different omics datasets. Relative contributions are calculated as the ratio of the squared singular value of each 
le v el to the total sum. The eigen-entropy is defined as the entropy of a multinomial distribution constructed by the relative contributions across all levels. 
( D ) A model of dynamic multi-omics across each eigen-phase. The shade gradient from light to dark represents increasing eigen-entropy, following the 
temporal order of the epigenome (for H3K9ac / H3K18ac), transcriptome, and metabolome. The estimated time differences are marked on the right. 
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ature of reciprocal repression, not only within the YMC but
lso throughout yeast biology. 

ey metabolites of each eigen-phase 

ey metabolites in each eigen-phase were identified based on
heir high loadings in metabolite-eigenvectors of metabolome
Fig. 4 C). These metabolites exhibited strong correlations with
he signature biological processes of each eigen-phase. For
xample, spermidine, which had high loading in eigen-phase
B, is known to promote longevity, inhibit oxidative stress,
uppress necrosis, and enhance autophagy [ 37 ]. In eigen-
hase 2A, 5-aminoimidazole-4-carboxamide ribonucleotide
AICAR) can stimulate the activity of AMP-dependent protein
inase (AMPK), which enhances glucose uptake and oxida-
ion for energy production [ 38 ]. Another notable metabolite
s acetyl-CoA, a key intermediate in the tricarboxylic acid cy-
le (TCA cycle), where it initiates reactions producing ATP,
ADH, and FADH2, essential for cellular energy. Its high

oading in both eigen-phases 1A and 2A indicates a high-
nergy state in the cell. Further details regarding key metabo-
ites and their implications are available in the Supplementary 

ext . 

 

Statistical inference of regulatory transcription 

factors at each eigen-phase 

To investigate transcriptional regulation mechanisms in each
eigen-phase, we employed the BASE2.0 method to iden-
tify significant TFs for each transcriptomic eigen-phase
( Supplementary Tables S8 –S11 ) [ 28 ]. Our analysis revealed a
strong correlation between these TFs and the signature bio-
logical processes of each eigen-phase (Fig. 5 ). For example,
Msn2p and Msn4p, significant in eigen-phase 1B, are pivotal
regulators of the general stress response [ 39 ], aligning with
the stress response processes of this eigen-phase. A compre-
hensive discussion of these significant TFs is available in the
Supplementary Text . 

Notably, four out of the five general regulatory factors
(GRFs) were identified as significant (Fig. 5 ). GRFs are known
not only for their extensive binding sites across the genome
but also for enhancing chromosomal accessibility and the ac-
tivity of proximal TFs [ 40–42 ]. This finding suggests a poten-
tial link between GRFs and the regulatory mechanisms driving
the YMC eigen-phases. 

TFs can be classified based on their DNA-binding domains,
showing their structural and functional diversity [ 43 ]. Utiliz-
ing TF classifications from the JASPAR database [ 30 ], we iden-

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data


10 Wang et al. 

Figure 4. ( A ) R epresentativ e pathw a y s that significantly enriched in the tw o eigen-phases at the first le v el. T he bold te xt on the left summariz es k e y 
biological processes associated with these pathw a y s. Top, eigen-phase 1A; bottom, eigen-phase 1B. ( B ) R epresentativ e pathw a y s that significantly 
enriched in the two eigen-phases at the second level. Top, eigen-phase 2A; bottom, eigen-phase 2B. ( C ) Key metabolites in each eigen-phase. Ten 
metabolites with the highest loadings in each eigen-phase are shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tified statistically significant associations between TF classifi-
cations and specific eigen-phases by contingency table tests
( Supplementary Fig. S13 ). This analysis revealed that C6 zinc
cluster factors are pivotal in eigen-phases 1A and 1B, whereas
C2H2 zinc finger factors are prominent in eigen-phases 1B
and 2A. These findings underscore the critical role of zinc clus-
ter proteins in YMC regulation [ 44 ]. Notably, C6 zinc cluster
proteins are unique to fungi [ 45 ], suggesting specialized regu-
latory mechanisms within the YMC. 

Difference between histone acetylation 

H3K9ac / H3K18ac and methylation H3K4me3 

The sample loading curves of the epigenome
H3K9ac / H3K18ac and transcriptome revealed a highly
similar pattern (Fig. 3 A). Both the cross-correlation of
their sample-eigenvectors and the correlation of their
gene-eigenvectors confirm relatively high consistency
between these datasets ( Supplementary Fig. S11 and
Supplementary Table S2 ). Besides, the top two levels 
contributed significantly ( > 60%) in all these datasets 
( Supplementary Fig. S9 ). The results suggest that H3K9ac 
and H3K18ac have a general regulatory impact on gene 
expression throughout the YMC, in line with previous studies 
that indeed identified the modifications as key drivers of the 
YMC [ 9 ]. 

To further investigate the roles of histone modifications,
we calculated their relative contributions across the four 
transcriptomic eigen-phases. The calculation involved several 
steps. First, a transcriptomic gene-eigenvector u 1 was decom- 
posed into positive and negative components u 

+ 

1 and u 

−
1 , such 

that u 1 = u 

+ 

1 − u 

−
1 , where their elements were defined as u 

+ 

1 i = 

max { u 1 i , 0 } , u 

−
1 i = max { −u 1 i , 0 } . After normalizing them so 

that their elements sum to 1, u 

+ 

1 and u 

−
1 represented the gene 

weights of eigen-phases 1A and 1B, respectively . Similarly , the 
dual transcriptomic sample-eigenvector v 1 was decomposed 

into v + 

1 and v −1 , representing the sample weights of eigen- 
phases 1A and 1B, respectively. Next, for a given histone mod- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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Eigen-phase Transcription factor (TF) Target process GRF TF class

1A

Dot6, Rap1, Sfp1, Stb3, Tod6 Ribosome biogenesis

Rap1
Cbf1*

C6 zinc cluster factors

Tryptophan cluster 
factors

Bas1, Met4, Lys14 Amino acid metabolism

Aro80, Put3, Uga3 Nitrogen metabolism

Cbf1*, Met28, Met4 Sulfur metabolism

1B

Aft2, Crz1, Mig1, Mig2, Mig3, Msn2, Msn4, 
Nrg1, Pdr1, Pdr3, Rdr1, Rds1, Rds2, Rsc3, 
Rsc30, Sko1, Snt2, Stb5, Usv1, Yrr1

Stress response

-

C6 zinc cluster factors

C2H2 zinc finger 
factors

Adr1, Oaf1, Rpn4, Ume6 Degradation

Adr1, Cat8, Ert1, Gsm1, Gis1, Oaf1, Rds2, 
Rph1, Sip4, Tog1 Nonfermentable carbon metabolism

Gis1, Ime1, Ndt80, Ume6 Meiosis

2A Dot6, Sfp1, Reb1, Stb3, Tod6 Ribosome biogenesis Mcm1
Reb1

C2H2 zinc finger 
factors

2B

Hap1, Hap2, Hap3, Hap5 Respiration

- Heteromeric CCAAT−
binding factors

Abf2 Mitochondria

Cat8*, Rds2*, Sip4 Nonfermentable carbon metabolism

Figure 5. Summary of the regulation by TFs in each eigen-phase. Significant TFs regulating each eigen-phase are inferred using B A SE2.0. TFs are 
grouped by their target biological processes. These TFs include several GRFs. These TFs are also associated with specific classes. * TFs are the 
significant factors identified in the B A SE2.0 analysis of data from [ 1 ] alone. 
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fication, its signal matrix A 

(l ) was interpolated to match the
ranscriptomic sampling time points. Finally, the contributions
f this histone modification to eigen-phases 1A and 1B were
alculated as u 

+ 

1 
T A 

(l ) v + 

1 and u 

−
1 

T A 

(l ) v −1 , respectively. Contri-
utions to eigen-phases 2A and 2B were calculated similarly
s u 

+ 

2 
T A 

(l ) v + 

2 and u 

−
2 

T A 

(l ) v −2 . 
The results are shown in Supplementary Fig. S14 . Due

o incomplete data, H3K36me3 and H4K16ac were not in-
luded in the analysis. For each histone modification, the co-
fficient of variance (CV) was also calculated to evaluate the
niformity of its contribution across eigen-phases. A lower
V represents a more even contribution. The results show a
niform contribution of H3K9ac / H3K18ac across all eigen-
hases, with the CV < 0.2. In contrast, the histone methy-
ation H3K4me3 shows a higher CV of 0.5, indicating it
akes phase-specific contributions. This phase-specific pat-

ern is in line with changes observed in the metabolome. In
igen-phase 2B, where H3K4me3 showed the highest contri-
ution, we observed elevated levels of S-adenosylmethionine
SAM), the primary methyl donor ( Supplementary Fig. S15 ).
his abundance of SAM suggests an increased capacity for
istone methylation activities, particularly for the H3K4me3
 46 , 47 ]. 

These findings indicate different roles of histone acetyla-
ion and methylation in transcriptional regulation during the
MC. While H3K9ac and H3K18ac ensure transcriptional

tability and continuity throughout the YMC, H3K4me3
lays a phase-specific role. This difference reflects a cellular
trategy in maintaining both robustness and adaptability in a
ynamic metabolic environment. Further investigation is re-
quired to elucidate the relationship between these modifica-
tions and their broader cellular functions. 

Production / consumption of glycerol in 

eigen-phases 2A / 2B 

Glycerol is a fascinating metabolite that displayed a dual con-
centration peak pattern in one cycle (Fig. 6 A). These two
peaks occurred in eigen-phases 2A and 2B, respectively. To
further investigate this phenomenon, we constructed a de-
tailed glycerolipid metabolic network around these two peaks
(Fig. 6 B). 

At the first peak in eigen-phase 2A, our analysis revealed
a metabolic flux from glycerol 3-phosphate to glycerol, cat-
alyzed by the enzymes Gdp2, Gpp1, and Gpp2 [ 48 , 49 ]. The
produced glycerol was then exported to the extracellular ma-
trix, regulated by the Fps1 transporter [ 50 ]. 

At the second peak in eigen-phase 2B, glycerol underwent
a reverse metabolic pathway. It was transported from the ex-
tracellular matrix to the intracellular one. This reabsorption
process was facilitated by the high expression level of the Stl1
transporter [ 51 ]. The reabsorbed glycerol was then converted
back to glycerol 3-phosphate, driven by the enzymes Gut1 and
Gut2 [ 52 , 53 ]. 

Glycerol serves as a by-product under fermentation to con-
sume excess NADH and is also used as the carbon source
when lack of nutrients [ 54 , 55 ]. Therefore, the cyclic produc-
tion and consumption of glycerol during the YMC suggest
different nutrient availability and metabolic status in eigen-
phases 2A and 2B. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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Figure 6. ( A ) The relative concentration of glycerol from time points T7 to T13. It exhibits a dual peak pattern in a single cycle. The two peaks occur in 
metabolomic eigen-phases 2A and 2B, respectively. ( B ) Glycerolipid metabolic network during the period of the two glycerol concentration peaks. This 
indicates a metabolic shift of glycerol from production to consumption during this period. DHAP, dihydroxyacetone phosphate; Ex, extracellular. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Discussion 

Using the proposed SVD-based synthesis approach, we have
elucidated a four eigen-phase YMC model that demonstrates
an interplay of induction and repression. Each eigen-phase
is characterized by its signature gene expressions, transcrip-
tional regulation mechanisms, and metabolite changes. Fig-
ure 7 summarizes these findings by a unified landscape of the
YMC. 

The four eigen-phase model 

We established a correspondence between the traditional
YMC phases (OX, RB, and RC) and the new eigen-ones by
a thorough comparison of their enriched biological processes.
At the mRNA expression level [ 3 ], eigen-phase 1A and 2A to-
gether align closely with OX, 1B with RC, and 2B with RB.
Further comparison revealed that eigen-phases 2A and 1A re-
spectively correspond to OX1 and OX2, subclusters of the OX
phase [ 7 ]. The OX1 mainly contains genes related to ribosome
biogenesis (ribi) and rRNA processing, while OX2 genes are
involved in ribosome protein (RP), amino acid metabolism,
and translation. 

The new four eigen-phase model subdivides the traditional
OX phase into eigen-phases 1A and 2A. This division is not
a mathematical artifact but rather a biologically meaningful 
model for the YMC. Here, we offer several perspectives to sup- 
port this model. First, ribi genes in 2A were up-regulated im- 
mediately before the expression of RP and translational genes 
in 1A, suggesting a potential just-in-time coordination mecha- 
nism essential for enhancing translational capacity during the 
YMC [ 7 ]. It is noted that the transition from 2A to 1A occurs 
when the oxygen level decreases sharply. 

Second, in the transcriptome, epigenome for 
H3K9ac / H3K18ac, and metabolome, the contributions 
to the total variance of data in 1A / 1B at the first level 
was significantly greater than that at the second one 
( Supplementary Fig. S9 ), indicating biological processes 
in eigen-phase 1A are more active and energy-consuming 
than those in 2A. 

Third, the two eigen-phases at the same level are recip- 
rocally repressed as indicated by their positive and negative 
sample loadings (Fig. 7 , central part). This reciprocal repres- 
sion, or opposite regulation, also recognized in multiple stud- 
ies [ 13 , 35 , 36 ], indicates a critical aspect of cellular home- 
ostasis and adaptability: molecular processes activated in one 
eigen-phase are repressed in the opposite eigen-phase. For ex- 
ample, eigen-phases 2A and 2B are characterized respectively 
by rRNA biogenesis and aerobic respiration. Interestingly, we 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf022#supplementary-data
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Figure 7. The unified landscape of the YMC. The outermost layer depicts the timeline. In the outer layer, sample loadings of the transcriptome at the top 
tw o le v els and dissolv ed o xy gen concentrations are sho wn. T he middle la y er sho ws k e y molecules and pathw a y s associated with each eigen-phase, 
including GRFs, TFs, histone modifications, marker genes, gene pathways, and key metabolites. This layer also shows metabolic changes that 
accompany eigen-phase transitions. In the inner layer, the four eigen-phases are arranged in a circular sequence, indicating the induction from one 
eigen-phase to the next. Reciprocal repression between eigen-phases at the same level is depicted in the center. 
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eported their opposite regulation in the long-lived mutants
ch9 Δ [ 35 ], which has a threefold chronological lifespan in
he nutrition-limited SDC medium compared to the wild-type
train DBY746. The opposite regulation of rRNA biogenesis
nd aerobic respiration is believed to be a mechanism that pro-
ects genome stability. This mechanism is also observed in the
etabolic cycle of the wild-type strain CEN.PK122. 
In contrast to CEN.PK122, common laboratory strains

288C and W303 do not exhibit the YMC [ 3 ]. This obser-
ation suggests that the YMC is a critical adaptive mecha-
ism of wild yeasts for survival in the natural environment.
Through the interplay of induction and repression between
eigen-phases, cells manage to survive by optimizing the use of
energy and oxygen while maintaining genome integrity. 

Metabolic changes accompanying eigen-phase 

transitions 

The transition between eigen-phases is an interesting aspect of
the YMC. To find cues about dynamics in eigen-phase tran-
sition, we plotted the central carbon metabolism at four se-
lected time points that represent the four eigen-phases respec-
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tively ( Supplementary Fig. S16 ). We observed the following
metabolic changes accompanying eigen-phase transitions. 

Nutrient accumulation precedes the transition from eigen-
phase 1B to 2A. Specifically, we observed the up-regulation of
glycogen and trehalose biosynthesis pathways in eigen-phase
1B (Fig. 4 A), and the elevated concentrations of carbohydrate
storage-related metabolites ( Supplementary Fig. S16 A). More-
over, previous studies showed that the duration of the reduc-
tive eigen-phase 1B in YMC increases as available glucose de-
creases [ 56 , 57 ], indicating a relationship between glucose ac-
cumulation and eigen-phase timing. 

The transition from eigen-phase 2A to 1A is accompa-
nied by energy sufficiency. The elevated glycolysis, TCA cy-
cle, fermentation, and glycerolipid metabolism in eigen-phase
2A indicate enhanced energy production ( Supplementary Fig.
S16 B). During 1A, the key metabolite acetyl-CoA, maintained
at a high level, further indicates a high-energy status [ 7 , 58 ]
(Fig. 4 C and Supplementary Fig. S17 ). Eigen-phase 1A is char-
acterized by intensive translational activities (Fig. 4 A), sug-
gesting that the energy surplus from 2A fuels these activities. 

We observed the diauxic shift from eigen-phase 1A to 2B.
Diauxic shift is the metabolic reprogramming from anaero-
bic fermentation (glucose utilization) to aerobic respiration
(ethanol utilization) [ 36 , 59 ]. Both the reduction in glucose
levels and the increase in extracellular ethanol concentrations
indicate anaerobic fermentation during 1A ( Supplementary 
Fig. S18 ). After entering eigen-phase 2B, extracellular ethanol
concentrations dropped, indicating cells adaptively respond
to glucose depletion by metabolizing available ethanol. Fur-
ther evidence for the diauxic shift is provided by transcrip-
tome analysis, which revealed an up-regulated TCA cycle and
concurrent down-regulated translation from eigen-phase 1A
to 2B (Fig. 4 A and B), in line with the transcriptional markers
of the diauxic shift [ 36 ]. Moreover, the metabolome revealed a
metabolic shift from glycolysis to gluconeogenesis during the
transition from eigen-phase 1A to 2B ( Supplementary Figs 
S16 C and D), consistent with metabolite changes observed
during the diauxic shift [ 59 ]. 

Oxidative stress and nutrient depletion preceded the tran-
sition from eigen-phase 2B to 1B. 1B is characterized by the
up-regulation of stress response (Fig. 4 A). Concurrently, the
depletion of nutrients in late 2B likely contributes to the tran-
sition. The metabolic signature in 1B, to some extent, resem-
bles that observed in the yeast stationary phase, which is char-
acterized by enhanced stress response, autophagy, and carbo-
hydrate storage, as well as reduced translation [ 60–62 ]. Gen-
erally, cells transition to the stationary phase when the car-
bon source is depleted. In addition, meiosis in yeast is also
up-regulated under starvation conditions [ 63 ]. 

Energy homeostasis during YMC 

Energy homeostasis is a critical aspect of the YMC. Previous
studies proposed a feedback system in YMC, demonstrating
that the energy state, reflected by the ATP: ADP ratio, regu-
lated gene transcription [ 13 ]. This energy state is also reflected
by the cyclic levels of acetyl-CoA [ 7 , 58 ]. In this study, we
identified more key metabolites related to energy homeosta-
sis. AICAR senses energy changes and activates AMPK when
AMP: ATP ratio decreases, promoting the metabolic pathways
related to energy production [ 38 ]. It was important in eigen-
phase 2A (Fig. 4 C), suggesting its key role in energy produc-
tion during this eigen-phase to initiate a new cycle. Another
metabolite, glycerol, exhibits cyclic production and consump- 
tion, indicating the storage and usage of an alternative energy 
source (Fig. 6 B), also reflecting the energy state of different 
YMC eigen-phases. 

Timing and entropy in YMC biological processes 

The timing of different omics is an important finding (Fig.
3 A and B), which could not be discovered without integrating 
data from various sources. While previous studies have inves- 
tigated the relative timing of histone modifications and RNA 

signals for several gene clusters [ 7 ], this study provides a sys- 
tematic estimation of the timing across the YMC. The global 
timing reflects a general molecular regulatory mechanism: hi- 
stone acetylation marks, especially H3K9ac and H3K18ac,
act as earlier regulatory signals for transcription. The tempo- 
ral precedence of epigenetic modifications may provide adap- 
tive advantages, as chromatin modifications could respond to 

metabolic and environmental cues, such as acetyl-CoA lev- 
els [ 58 ]. The time lag from epigenome H3K9ac / H3K18ac to 

transcriptome, and subsequently to metabolome would help 

build mathematical dynamic equations of YMC in future 
research. 

The increase in eigen-entropy from epigenome 
H3K9ac / H3K18ac to metabolome was observed (Fig.
3 D). Heuristically, tightly regulated molecular signals are 
characterized by larger differences in singular values across 
levels, resulting in lower eigen-entropy. The observed pattern 

may reflect the entropy-increasing nature from transcription 

to translation: epigenetic modifications H3K9ac / H3K18ac,
act as earlier signals in quick response to available nutri- 
tion, tightly coordinated with other factors to regulate gene 
transcription. Post-transcriptional modification, such as al- 
ternative splicing and RNA editing, may increase entropy 
by generating a greater diversity of biomolecules [ 64 ]. Fur- 
thermore, metabolomic processes, being more dynamic and 

diverse, reflect increasingly complex cellular responses and 

interactions. The eigen-entropy provides a novel computa- 
tional perspective for analyzing the dynamics of biological 
systems. 

As more omics data of the YMC become available, they 
can be integrated with existing ones through our synthesis ap- 
proach. The SVD-based dual eigen-analysis and alignment of 
datasets is a general framework applicable to other data inte- 
gration problems. 
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