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Abstract
Background: The increasing availability of time-series expression data opens up new possibilities to study
functional linkages of genes. Present methods used to infer functional linkages between genes from
expression data are mainly based on a point-to-point comparison. Change trends between consecutive
time points in time-series data have been so far not well explored.

Results: In this work we present a new method based on extracting main features of the change trend
and level of gene expression between consecutive time points. The method, termed as trend correlation
(TC), includes two major steps: 1, calculating a maximal local alignment of change trend score by dynamic
programming and a change trend correlation coefficient between the maximal matched change levels of
each gene pair; 2, inferring relationships of gene pairs based on two statistical extraction procedures. The
new method considers time shifts and inverted relationships in a similar way as the local clustering (LC)
method but the latter is merely based on a point-to-point comparison. The TC method is demonstrated
with data from yeast cell cycle and compared with the LC method and the widely used Pearson correlation
coefficient (PCC) based clustering method. The biological significance of the gene pairs is examined with
several large-scale yeast databases. Although the TC method predicts an overall lower number of gene
pairs than the other two methods at a same p-value threshold, the additional number of gene pairs inferred
by the TC method is considerable: e.g. 20.5% compared with the LC method and 49.6% with the PCC
method for a p-value threshold of 2.7E-3. Moreover, the percentage of the inferred gene pairs consistent
with databases by our method is generally higher than the LC method and similar to the PCC method. A
significant number of the gene pairs only inferred by the TC method are process-identity or function-
similarity pairs or have well-documented biological interactions, including 443 known protein interactions
and some known cell cycle related regulatory interactions. It should be emphasized that the overlapping
of gene pairs detected by the three methods is normally not very high, indicating a necessity of combining
the different methods in search of functional association of genes from time-series data. For a p-value
threshold of 1E-5 the percentage of process-identity and function-similarity gene pairs among the shared
part of the three methods reaches 60.2% and 55.6% respectively, building a good basis for further
experimental and functional study. Furthermore, the combined use of methods is important to infer more
complete regulatory circuits and network as exemplified in this study.

Conclusion: The TC method can significantly augment the current major methods to infer functional
linkages and biological network and is well suitable for exploring temporal relationships of gene expression
in time-series data.
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Background
Gene expression profiling has gained a tremendous
importance in functional genomic research. The presently
often used approach is to compare gene expression in dis-
crete time points resulting for example of different geno-
types or cell lines, morbid and healthy (control) objects or
under different physiological conditions. This type of
static gene expression profiling can already give useful
information on the patterns of significantly differentiated
expression of genes. However, in order to achieve a more
complete picture of significantly differentiated gene
expression, especially in order to capture and understand
the dynamics of the altered gene expression, it is desirable
to measure time-series gene expression [1].

Large efforts have been made in recent years to develop
bioinformatics methods to study gene expression patterns
[2-5] and/or to infer functional linkages and even regula-
tory network from microarray data [6-11]. For inference of
functional associations among genes two major classes of
methods are presently in use. One class of the methods is
based on graphical modeling, which include Bayesian net-
work [7] and Gaussian graphical model [12]. Recently,
dynamic Bayesian networks have been proposed to model
temporal gene expression and represent a promising
direction. However, most of the current work in this area
is limited to the analysis of a relatively small set of genes
due to computational complexity [9-11]. Another class of
methods infers functional association from large-scale
gene expression data by defining a statistic threshold for
the association. The main measure used for defining asso-
ciation is the Pearson correlation coefficient (PCC)
[6,13,14]. PCC is widely used for detecting co-expressed
genes from both static and time-series expression data.
However, several important issues are not specifically
addressed in PCC based methods when applied to time-
series expression data. A major issue is that the PCC clus-
tering method treats its input as a vector of independent
samples and hence doesn't take into account the temporal
relationship between consecutive time points. In addi-
tion, time-shifted and/or inverted expression of certain
gene pairs are not considered. Time-shifted and inverted
relationships are important features of gene expression
regulation [8]. For example, a gene may activate or inhibit
another gene or even several related genes downstream in
a regulatory pathway, resulting in time-delayed positive or
negative response in the transcription of the downstream
gene(s). To consider these phenomena, Qian et al. [8]
proposed a local clustering (LC) method. As demon-
strated with the expression profiling data of yeast cell cycle
this method can identify new, biologically relevant inter-
actions that could not be found by the conventional PCC
clustering method. However, the method of Qian et al. [8]
is principally still based on a point-to-point comparison
or local clustering of expression levels of genes although it

explicitly considers time-shifted and inverted gene expres-
sion profile. Kwon et al. [15] proposed an 'event-based'
edge detection method to consider the change trend of
gene expression between consecutive time points. By sim-
plifying a profile of time series into a sequence of decrease
or increase events this method is more robust to noises.
However, it does not fully make use of the information
contained in the gene expression levels in the original
data. Filkov et al. [16] proposed a similar method called
'edge detection'. Recently Balasubramaniyan et al. [17]
proposed a method to use Spearman rank correlation
based on the rank of expressional values. The rank of
expressional values is more insensitive to noses or outliers
but this method is still based on the point-to-point com-
parison per se.

To more comprehensively consider the temporal relation-
ships of gene expression in time-series microarray data we
propose here a new method that is based on extracting the
main features of the change trend and the change level of
gene expression between consecutive time points. We not
only consider the qualitative information (i.e. the change
trend) but also the quantitative information (the change
level) in the original data. We seek to make the methods
more noise-tolerant and at the same time to keep more
useful information in the expression values. This new
method, termed here as trend correlation (TC), is demon-
strated with the microarray data from cell cycle of yeast
[18]. The biological significance of functional associations
of inferred gene pairs is examined with several large-scale
yeast databases. We also extensively compare our method
with the LC method and the PCC based clustering method
of Eisen et al. [6]. It is shown that a significant number of
functionally associated gene pairs, which have well-docu-
mented biological interactions and relationships but can-
not be significantly detected by the LC and PCC methods,
can be inferred by the new method with high statistic sig-
nificance. The biological significance of the functional
association pairs inferred by our method is generally
higher than that of the LC method and similar to that of
the PCC clustering method which detects however only
simultaneous co-expression gene pairs. Furthermore, it is
shown that the overlapping of gene pairs detected by the
three methods is normally not very high, indicating a
necessity of combining the different methods in search of
functional association of genes from time-series microar-
ray data.

Principle and scheme of the proposed method
The principle of our method is to use information in the
change trend and the change level of gene expression
between consecutive time points for the inference of func-
tional linkages among genes. To consider not only the
positive correlation but also time-shifted and/or inverted
expression of certain gene pairs we employ a similar algo-
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rithm as the local sequence alignment [19] to calculate a
maximal local alignment of change trend (sc) between
each gene pair (Fig. 1). We noticed that a significant
number of gene pairs that have a same sc value may in fact
have a large difference in the change levels of their expres-
sion. The distinction of their change levels may lead to the
different degrees of similarity of functional association. To
solve this problem we make use of the quantitative infor-
mation in the change levels between consecutive time
points and calculate a correlation coefficient (cc) between
the maximal alignment.

The method consists of following major steps:

1. Generating a random dataset by shuffling the normal-
ized expression levels at different time points among each
gene expression profile in the original dataset;

2. Calculating a maximal local alignment of change trend
(sc) between each gene pair in the random dataset as illus-
trated in Fig. 1 for a simple case;

3. Calculating a correlation coefficient (cc) between the
maximal alignment for each gene pair in the random data-
set (Fig. 1);

4. Tabulating the frequency of sc (i.e. f(sc)) as function of
sc as shown in Fig. S1A [see Additional file 1]; followed by
tabulating the distribution of cc for gene pairs which have
the same sc;

5. Calculating the conventional p-values for the two
scores sc and cc (Psc(s >= sc), Pcc(c >= cc)) through integra-
tion of the frequency distributions (Fig. S1B);

6. Calculating sc and cc between each gene pair in the orig-
inal dataset;

Illustration of calculating the change trend score sc and the correlation coefficient cc of the match change trendFigure 1
Illustration of calculating the change trend score sc and the correlation coefficient cc of the match change trend. The two genes 
X and Y in this example have a positive relationship (here expression levels are not normalized). Only the change trend 
between time points 5 and 6 is different. The number of matched change after time shifts (by dynamic programming) is less 
than 7. Thus, the maximal match change trend score sc is 7 in this example with 9 time points. To calculate the correlation 
coefficient, we first extract the change levels of the matched change trends: 

 The change level between time points 5 and 6 is excluded 

because the change (inverted) trend is different from the main (positive) change trend. Using the above matched change levels 
we can obtain a correlation coefficient cc = 0.9597 according to Eq.1.
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A and B, number of gene pairs detected by the TC method in comparison to those of the LC method and the PCC method inferred from the yeast cell cycle dataset of Cho et al. [18] at two different p-value thresholdsFigure 2
A and B, number of gene pairs detected by the TC method in comparison to those of the LC method and the PCC method 
inferred from the yeast cell cycle dataset of Cho et al. [18] at two different p-value thresholds. The numbers in parentheses are 
the whole number of gene pairs detected by the corresponding method. The percentage of the additional number of gene pairs 
inferred only by the TC method in the text is calculated in a way exemplified in the following by a comparison with those 

resulted merely from the PCC method at the p-value threshold of . C and D, number of 

process-identity pairs among the detected pairs from the three methods; E and F, number of known protein interactions 
(including protein complexes) in collection dataset of protein interactions [21] among the inferred gene pairs from the three 
methods.
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7. Extraction of functional linkages using Procedure I pro-
posed: extract gene pairs with significantly high sc values
with a certain preset p-value. The correlation coefficient cc
is regarded as a second index when the gene pairs have the
same score sc;

8. Extraction of functional linkages using Procedure II:
extract gene pairs with statistically significantly high value
of combined scores of sc and cc.

The key steps mentioned above are described in the sec-
tion of Methods in more detail.  The main programs
TC_linkage_infer created in this work can be freely down-
loaded from our website   http://www.gbf.de/SystemsBi-
ology.

Results
Dataset of yeast cell-cycle
We tested our algorithm with the time series microarray
data (17 time points) generated by Cho et al. [18] for yeast
cell cycle with a whole genome yeast oligonucleotide chip
which included over 6000 ORFs. After removing all the
negative expression levels in the scaled measurements and
all the dubious and genes now deleted in the SGD data-
base [20], 5680 genes were included in our calculation.
We examined all the possible pairs among them. The val-
ues of the two scores sc and cc and the type of possible
relationship (simultaneous, time-shift or inverted) were
calculated and assigned for each gene pair.

Functional associations inferred by different methods
Figs. 2A and 2B show the number of gene pairs with pos-
sible functional association inferred from the yeast time-
series data by the TC method (including separate results of
the two extraction procedures), the PCC clustering
method and the LC method at two different cut-off p-val-
ues. The number of gene pairs extracted by Procedure II of
our method is generally higher than that from Procedure
I, especially at the lower p-value. Note that there is some
overlapping between these two extraction procedures so
that the total number of the gene pairs inferred is lower
than the sum of the two procedures. For comparing the TC
method with the other two methods the combined results
of the two extraction procedures are considered in the fol-
lowing if not otherwise mentioned. P-values of 2.7E-3 and
1E-5 in the TC method are equivalent to Pearson corre-
lated coefficients of 0.76 and 0.89 in the PCC clustering
method and scores of 13 [8] and 15.6 in the local cluster-
ing method respectively.

As can be clearly seen in Figs. 2A and 2B, the number of
inferred gene pairs depends much on the p-value in all the
three methods. In general, the TC method infers a signifi-
cantly lower number of gene pairs compared to the other
two methods. 39.8% and 44.3% of the pairs inferred by

the TC method are also found by the PCC and LC meth-
ods respectively. The common part of the three methods
is somewhat lower and accounts only 12.5% for the LC
method, 32.5% for the PCC method and 39.5% for the TC
method. The number of gene pairs merely inferred by the
TC method is considerable compared with those merely
from the LC method (20.5%) and the PCC clustering
method (49.6%). By decreasing the p-value threshold to
1E-5, the number of inferred functional pairs decreases
remarkably, especially for the TC and LC methods (Fig.
2B). However, the shared part of gene pairs predicted by
the TC method increases up to 65.4% and 77.7% com-
pared to the LC and PCC methods respectively, indicating
an increased reliability of the prediction (see below for
biological significance). The number of additional gene
pairs merely inferred by the TC method amounts 1442
and is still significant (Fig. 2B).

Biological significance of the gene pairs inferred
To assess the biological significance of the inferred func-
tional associations, the gene pairs are compared to known
biological processes and protein functions, known pro-
tein interactions and regulatory interactions in yeast
respectively. The results from the three methods are also
compared to each other. The results show that the TC
method can significantly enhance the LC and PCC meth-
ods to infer functional linkages and biological network,
and is well suited to explore temporal relationships of
gene expression in time-series data as detailed below.

Biological process and protein function-similarity gene 
pairs
In order to generally assess the biological significance of
the gene pairs inferred, we first use two databases of bio-
logical processes and protein functions classification
(supplementary Table S1) [see Additional file 1]. The S.
cerevisiae Genome Database (SGD) mainly utilizes the
Gene Ontology (GO) annotations [20]. We use 32 main
biological processes (i.e. conjugation). In this work, if two
genes in the pair inferred are involved in the same biolog-
ical process, we consider the gene pair as a process-iden-
tity one. 19.9% of the 108489 gene pairs inferred with the
TC method at a p-value threshold of 2.7E-3 (Fig. 2A) are
found to be process-identity pairs (Fig. 2C). The detailed
distribution of the process-identity pairs in each biologi-
cal process is listed in Table S3. A similar ratio (20.4%) of
process homology gene pairs is found for the 174768 gene
pairs inferred by the PCC method. Only 14.6% of the
342594 gene pairs inferred by the LC method with the
same p-value cutoff are process-identity pairs. If the results
inferred by procedure I and procedure II of the TC method
are separately considered, 22.9% of the 58376 gene pairs
detected by procedure I are process-identity pairs. The per-
centage (17.8%) of process-identity pairs among the
81271 gene pairs detected by procedure II is slightly lower
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than that by procedure I but still somewhat higher than
that (14.6%) of the LC method. The additional number
(Fig. 2C) of process-identity pairs inferred by the TC
method is considerable compared to those resulted only
from the LC method (17.8%) and the PCC method (32%)
respectively.

Among the 6490 gene pairs (Fig. 2B) predicted by the TC
method with a p-value threshold of 1E-5 there are 3138
(48.3%) process-identity pairs (Fig. 2D). Separately, only
32.6% of the gene pairs (1400) detected by procedure I
are process-identity pairs, in contrast to as high as 50.8%
for the gene pairs by procedure II. Considering the results
from p-value ≤ 2.7E-3 mentioned above no general con-
clusion can be drawn with regard to the question which
extraction procedure is more relevant. The percentage of
the process-identity pairs among the genes pairs resulted
from the LC method and the PCC method is 49% and
42% respectively. Thus, the lower p-value threshold can
significantly increase the portion of gene pairs involved in
the same biological processes in all the three methods. At
this low p-value the additional number (584, Fig. 2D) of
process-identity pairs merely inferred by the TC method
amounts to 12.9% of those only resulted from the LC
method. Compared with those resulted by the PCC
method this number declines to 286 (3.3%), suggesting
that the gene pairs with a higher ranked functional associ-
ation inferred by the TC method is more similar to those
resulted by the PCC method.

With the percentage of process-identity pairs in the range
of 14.6–20.4 at p-value ≤ 2.7E-3 the gene pairs inferred by
the three methods seem to have a relatively low biological
significance. If the common part of the gene pairs inferred
by all the three methods is considered (Fig. 2A), the per-
centage of process-identity pairs (Fig. 2C) increases to
34.8%, resulting in fairly good biological significance for
an in silico method of biological function inference. The
biological significance can be significantly increased by
lowering the p-value. At p-value ≤ 1E-5 the percentage of
process-identity pairs ranges from 42 to 49% for the three
methods. If the common part of the gene pairs inferred by
the three methods at this p-value is considered (Fig. 2B),
the percentage of process-identity pairs (Fig. 2D) increases
to 60.2%, resulting in a satisfactorily high biological sig-
nificance.

The second source used in this work for assessing biolog-
ical relevance of the gene pairs is the Munich Information
Center for Protein Sequences (MIPS, [22]) functional cat-
alogue database. For protein functional classification, the
MIPS database contains up to 6 different levels within the
hierarchy (i.e. metabolism in the first level). We use here
the second level of MIPS (i.e. respiration) as Qian et al. [8]
did. Altogether 158 function classes are used. It should be

mentioned that some functional classes merely belong to
protein cellular functions of plants and animals. Here if
two genes in the pair inferred have the same protein cellu-
lar function, we term the pair as a function-similarity pair.
The results of comparison among the three methods (Fig.
S2) are similar to those of process-identity pairs, and
detailed distribution of the function-similarity pairs in
each protein cellular function by the trend correlation
method is provided in Table S4 [see Additional file 1]. As
in the case of function-similarity pairs, if the common part
of the inferred gene pairs (Figs. S2A and S2B) from the
three methods is considered the percentage of function-
similarity pairs (Figs. S2A and S2B) increases to 31.7%
and 55.6% at the two p-values respectively, resulting in a
good basis for further experimental and functional studies
of the gene pairs inferred.

Comparison of inferred gene pairs with known protein 
interactions
To further assess the biological significance of the gene
pairs inferred and especially for comparing the three
methods we examine here the known protein-protein
interactions (including protein complexes) in current
databases of yeast among the gene pairs inferred from the
yeast cell cycle data by the different methods. Four data-
bases and published high quality datasets (Table S2) are
chosen for this purpose.

The protein-protein interactions collection of Yu et al [21]
integrates datasets from the databases of MIPS [22], the
Database of Interacting Proteins (DIP, [23]), the Biomo-
lecular Interaction Network Database (BIND, [24]) and
the experimental datasets of yeast two-hybrid [25,26] and
high-throughput mass spectrometry measurements
[27,28]. Many of the interactions are manually curated
beyond the experimentally derived protein-protein inter-
actions in the three databases mentioned above [21].

With a p-value threshold of 2.7E-3 the TC method detects
2701 gene pairs among the 65160 known protein interac-
tions. Separately, extraction procedure I detects 1152 pro-
tein interaction pairs, compared to 2542 pairs by
extraction procedure II. With the same p-value threshold
5187 and 4637 such gene pairs can be detected by the LC
method and the PCC method respectively. The relatively
low number of protein interactions among the gene pairs
inferred by the TC method is a consequence of the overall
lower number of gene pairs inferred by the TC method
(Fig. 2A). In fact, the percentage of protein interaction
pairs (Fig. 2E) in the overall gene pairs (Fig. 2A) inferred
by the TC method (2701/108489 = 2.49%) is comparable
to that of the PCC method (2.65%) but higher than that
of LC method (1.51%). Especially the extraction proce-
dure II of the TC method achieves a relatively higher per-
centage (2542/81271 = 3.13%). It should be mentioned
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A, Protein interactions (including protein complexes) only detected by the trend correlation method (443 interactions) [see Additional file 2] with a p-value threshold of 2.7E-3 which are known in the protein interactions collection dataset [21]Figure 3
A, Protein interactions (including protein complexes) only detected by the trend correlation method (443 interactions) [see 
Additional file 2] with a p-value threshold of 2.7E-3 which are known in the protein interactions collection dataset [21]. The 
network was visualized by Cytoscape   http://www.cytoscape.org/. B, the zooming-in part (red dashed rectangle in the Fig. A) 
of protein components of the large ribosomal subunit.
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that the low percentage in all these cases is not surprising
since only data from cell cycle is used in the inference and
the cell cycle represents only a part of cellular functions
involving protein-protein interactions in yeast. The results
presented in this section are thus more suitable for com-
paring the different methods rather than for quantitatively
assessing the biological significance of the gene pairs
inferred. Fig. 2E presents a comparison of the numbers of
unique and common pairs of protein-protein interactions
inferred by the three methods. The additional pairs (453–
479) merely (Fig. 3A) detected by the TC method are sig-
nificant compared with those resulted merely from the LC
method (15.4%) and the PCC method (19.8%). Remark-
ably, 58 protein-protein interactions among 42 (Fig. 3B)
protein components of the large ribosomal subunit of
yeast are only significantly detected by the TC method.
The fact that the 42 proteins connect with each other by
the detected interactions is consistent with the assembling
phenomena of components of the large ribosomal subu-
nit. Similarly, 22 interactions among 22 protein compo-
nents of the small ribosomal subunit of yeast are also only
significantly detected by the TC method. The 22 proteins
also connect with each other by the 22 interactions (Fig.
3A). Therefore, to have a more complete coverage of the
protein interactions it is obvious that the TC method
should be combined with the LC and PCC methods.

By loosing the p-value threshold from 2.7E-3 to 1.3E-2 the
TC method can detect significantly more pairs (4435) of
known protein-protein interactions (Fig. 2F). A p-value of
1.3E-2 in the TC method is equivalent to a Pearson corre-
lated coefficient of 0.6 in the PCC method and a score of
12 in the LC method [29]. With this p-value threshold,
7871 and 9325 pairs can be detected by the LC method
and the PCC respectively. The number of protein-protein
interactions additionally inferred by the TC method is
also considerable (Table 1). When the MIPS, DIP and
BIND updated databases are used individually for com-
parison similar results are obtained and summarized in

Table 1. Though the majority of the three databases is con-
sistent some differences exist among them. We chose
them to cover more known protein interactions and could
therefore obtain more reliable statistics results.

Comparison with known regulatory interactions
To examine the biological significance of functional asso-
ciations inferred by the different methods it is also inter-
esting to know if the gene pairs inferred cover some of the
known regulatory interactions, especially those involved
in the regulation of cell cycle. For this purpose, we use two
regulatory datasets (Table S2) as a comparison basis. We
first use the dataset including regulatory interactions
which are confirmed with a p-value threshold of 1e-3 by
genome wide location analysis (GWLA) [30]. With a p-
value threshold of 2.7E-3, only a relative low number of
the regulatory interactions is detected by the LC method
(127), the PCC method (47) and the TC (24) (Fig. S3A).
Regulatory interactions detected by the TC method are sig-
nificantly less than those by the other two methods. Nev-
ertheless, the additional number of regulatory
interactions detected by the TC method is considerable
compared with those only resulted from the LC method
(about 12%) and the PCC method (about 37.8%).

Similar results are obtained when the regulatory interac-
tion collection dataset of Luscombe et al. [31] is used (Fig.
S3B). The additional number of interactions predicted by
the TC method is 21 (11%) and 22 (about 32%) com-
pared with those resulted only from the LC method and
the PCC with a p-value threshold of 2.7E-3. With a p-
value threshold of 1.3E-2, the results of comparison are
similar to those at a p-value cutoff of 2.7E-3. Some of the
typical interactions between transcriptional regulators
and target genes which are detected by the TC method but
cannot be significantly detected by the LC and/or the PCC
method are summarized in Table S5.

Table 1: Results by the trend correlation (TC) method compared to those resulted from the local clustering method (LC) and PCC 
based clustering method in four protein interactions datasets (p-value threshold 2.7E-3 if not otherwise mentioned).

Collection dataset Collection Dataset with 
p-value ≤ 1.3E-2

MIPS DIP BIND

Compared to the LC method Only TC 453 1189 62 58 111
Both 2248 3246 84 64 91
Only LC 2939 4625 393 362 555
Additional by TC 15.4% 25.7% 15.8% 16.0% 20.0%

Compared to the PCC method Only TC 479 1009 66 60 112
Both 2222 3426 80 62 90
Only PCC 2415 5899 228 243 373
Additional by TC 19.8% 17.1% 28.9% 24.7% 30.0%
Page 8 of 15
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A detailed investigation of the results from a p-value
threshold of 2.7E-3 shows that the transcriptional factors
and/or the targeted genes of 29 [see Additional file 3]
among 34 known regulatory interactions inferred by the
TC method are involved in cell cycle regulation according
to Luscombe et al. [31]. Among the 29 interactions only
six interactions have both the activated regulator and the
differentially expressed targeted gene according to the
gene set of cell cycle regulation given in Luscombe et al.
[31]. The fact that 23 of the known interactions have
either an inactivated regulator or a non-differentially
expressed targeted gene in the cell cycle condition as
detected by the TC method with a high p-value cutoff

seems to indicate controversies in the designation of acti-
vated regulators and differentially expressed genes in the
cell cycle condition [31]. For example, the gene FKH2 is
annotated in Hollenhorst et al. [32] as a transcriptional
factor of the forkhead family that regulates the cell cycle
according to SGD. Furthermore, many interactions
known to involve FKH2 are detected by at least one of the
three methods. However, FKH2 is not regarded as a regu-
lator in the cell cycle condition by Luscombe et al. [31].

We further present two examples of predicted functional
linkages which have well-documented biological relation-
ships but cannot be significantly detected by the PCC
method and the LC method. The regulatory relationship
between RCS1 and GCN3 (Fig. 4A) was confirmed by
GWLA with a p-value of 9.2e-6. The Pearson correlation
coefficient for this gene pair is as low as 0.40 and the score
of the LC is only 6.88 (an example of detailed calculation
is provided in Table S6). We detect this gene pair with a
maximal matched inverted change trend sc of 15 after
RCS1 is shifted forward by one time point and obtain a cc
value of 0.70 between the matched change levels by the
TC method. Another example (Fig. 4B) is the proteins of
the genes SAC1 and HRP1 that form a protein complex
[21]. Though the score of the LC method is only 10.35
and the Pearson correlation coefficient is 0.44, we could
detect this gene pair with a maximal matched similar
change trend sc of 15 and obtained a cc value of 0.85 by
the TC method.

The inference of regulatory circuit and network
As shown above, functional linkages inferred by the indi-
vidual method do not give a complete picture. It is con-
ceivable that this would be especially the case for inferring
regulatory circuits and further for reconstructing regula-
tory network. Fig. 5 shows comparisons of inferred func-
tional relationships by the individual methods and their
combination which are mapped into regulatory circuits
(motifs) and networks based on the datasets [30,31]. In
consistence with the results of detected regulatory interac-
tions (Fig. S3) the LC method is superior to the other two
methods but still gives a very much incomplete picture.
The TC and PCC methods can augment the LC method
significantly. To infer more complete regulatory circuits
and network the three methods should be therefore com-
bined. This is exemplified with two relatively simple regu-
latory circuits. For the regulatory chain (Fig. 4C) from the
regulator TOS4 to the target gene CCT7 the negative rela-
tionship between TOS4 and SWI6 can only be detected by
the LC method with a shift of two-time-points. The inter-
action between SWI6 and ABF1 can be detected by all the
three methods. However, the interaction between ABF1
and CCT7 can only be detected by the TC method. The
three interactions can form one regulatory chain among
the complex combination of several motifs (Fig. 5).

A and B, examples of functional linkages detected only by the new method with a p-value cutoff of 2.7E-3Figure 4
A and B, examples of functional linkages detected only by the 
new method with a p-value cutoff of 2.7E-3. C, an example of 
more complete regulatory motifs detected by combining the 
three methods. Red, regulator; yellow, SAC1 in Fig.B; the leg-
end of linkages in Fig.C is same to that of Fig.5.
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Another example about a single input motif is explained
in Fig. S4 [see Additional file 1].

Discussion
From a practical point of view there are two key general
issues in the analysis of gene expression data. First, we
ought to infer functional relationships with high statistic
significance and as completely as possible. Second, the
functional relationships inferred should have a high bio-
logical significance. We proposed a new method in this
work and evaluated it mainly regarding these two aspects
with the microarray data of yeast cell cycle [18]. The new
method is also compared with the local clustering method
and the Pearson correlation coefficient based clustering
method. The number of functional gene pairs inferred
depends very much on the p-value threshold in all the
three methods (Fig. 2). With the two p-value cutoffs
(2.7E-3 and 1E-5) applied the TC method detects general
significantly lower number of gene pairs. Nevertheless, a
considerable number of gene pairs is only detected by the
TC method, ranging from 20.5% of the number merely
detected by the LC method to as high as 49.6% of that
merely detected by the PCC method at p-value ≤ 2.7E-3.
The ratio of additional gene pairs inferred by our method
remains similar (22%) at p-value ≤ 1E-5 compared with
the LC method but decreases to a relatively lower value

(6.7%) compared with the PCC method. This can be
explained by the fact that the statistically higher ranked
correlations have mostly simultaneous relationships that
can be well detected by all the three methods. Since p-
value ≤ 2.7E-3 represents a relatively high statistic signifi-
cance it can be concluded that the new method detects a
significantly high portion of additional functional rela-
tionships compared to the other two methods. Since the
shared part of gene pairs of the three methods at p-value
≤ 2.7E-3 is less than 50% (12.5–39.5% for the individual
method pair) it is also obvious that these methods should
be combined to have a more complete exploitation of
functional associations of genes buried in time-series
expression data.

Concerning the biological significance 19.9% and 48.3%
of the gene pairs (Figs. 2A and 2B) inferred by our method
(at p-value ≤ 2.7E-3 and 1E-5 respectively) are process-
identity ones (Figs. 2C and 2D) by comparing with the
known biological processes in the S. cerevisiae Genome
Database (SGD). This is compared with a process-identity
ratio in the range of 14.6–49% for the LC method and
20.4–42 % for the PCC method. Similar results are
obtained when the MIPS protein functional catalogue
database is used to assess the biological significance (Fig.
S2). These results suggest that the gene pairs detected by

Regulatory network of yeast resulted by combining the three methods with a p-value threshold of 2.7E-3 in the dataset of cell cycleFigure 5
Regulatory network of yeast resulted by combining the three methods with a p-value threshold of 2.7E-3 in the dataset of cell 
cycle. The network was layout by Cytoscape http://www.cytoscape.org/. For the interactions in this network [see Additional 
file 3].
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the three methods achieve fairly good and comparable
biological significance. As in the case of the total gene
pairs the additional gene pairs with biological significance
inferred merely by the trend correlation method is consid-
erable compared to the other two methods (Figs. 2 and
S2).

We also examined the gene pairs inferred by the three
methods with regard to known protein interactions (Figs.
2E and 2F and Table 1) and known regulatory interactions
(Fig. S3) in yeast. In general, the percentage of protein
interaction pairs in the overall gene pairs is low and com-
parable for all the methods (2.5% for our method (3.1%
for procedure II), 1.5% for the LC method and 2.7% for
the PCC method). This can be understood in view of the
fact that only cell cycle data under very specific conditions
are used here and the cell cycle represents only a small
portion of the cellular activities. Furthermore, only pro-
tein interaction pairs with significantly changed expres-
sion levels of all the involved partner proteins can be
theoretically detected. This applies also to the known reg-
ulatory interactions. It is shown that most of the detected
regulatory interactions are indeed involved in the cell
cycle regulation. Nevertheless, the number of protein and
regulatory interactions additionally inferred merely by the
trend correlation method is significant in all the cases. It
is obvious that more molecular interactions can be
obtained if more microarray datasets under different con-
ditions are considered [14].

Given the large number of functionally associated gene
pairs inferred by the different methods an important ques-
tion arises as to how we can find gene pairs which have
really a high biological significance and thus would be
best candidates for further experimental and functional
studies. To this end, the shared part of gene pairs inferred
by all the three methods is of particular interest, especially
at low p-values. It is found for example that the percentage
of process and function-similarity gene pairs of the shared
pairs at p-value ≤ 1E-5 can be as high as 60.2% and 55.6%,
building a very good basis for experimental study. The
common part of the TC and LC methods would be also of
particular interest for finding time-delayed and/or
inverted functional relationships which have received so
far less attention. It should be mentioned that all the func-
tional associated pairs predicted have a high probability
to be true and can thus serve as hypotheses for further
study in view of the high statistic significance criteria
applied. We would also like to emphasize that the com-
bined use of the different methods is not only useful for
finding more and highly possible potential candidates of
functional association but also very important to infer
more complete regulatory circuits and network as exem-
plified in this study (Figs. 4, 5 and 4).

Conclusion
The major difference between our method and the other
current methods is that the trend correlation method is
based on the main change trend and comprehensively
considers correlation coefficient between the main change
trend of two genes, whereas the other methods are mainly
based on the correlation of point-to-point expression lev-
els of two genes. Hence the trend correlation method can
reveal additional gene pairs with same function or in the
same biological process but yet not significantly co-
expressed. It therefore also can infer additional protein-
protein and regulatory network as demonstrated. As men-
tioned above, a combined use of different methods is
presently necessary for the analysis of time-series microar-
ray data. As clearly demonstrated in this work the pro-
posed new method can significantly augment the
currently major methods and is well suitable for exploring
temporal relationships of gene expression in time-series
data.

Methods
Maximal local alignment of expression change trend

The calculation of the maximal local alignment of expres-
sion change trend is similar to the algorithm of local
sequence alignment [19] and the local clustering method
of Qian et al. [8] for gene expression level. Different from
the local clustering method that merely compares the
expression levels at each time point, the change trends
between time points are used in our method. Considering
an expression profiling dataset of n time points the expres-
sion ratios at the n time points are first normalized in the
"z-score" fashion, resulting in an average expression ratio
of zero and a standard deviation of 1 for each gene. The
normalized expression level at time point i for gene X is
denoted as Xi. The change level between time points i and

i+1 for gene X is denoted as . The change trend for

 is denoted as ·  can have only one of

the three possible values 1, -1 and 0, corresponding to
increase, decrease and no change of gene expression
between time points i and i+1 respectively. A matrix of
possible alignment between the change trends for gene X
and gene Y can then be formed. In our algorithm two
matrices P and N are calculated in the following way:

if  = , Pi, j = Pi-1, j-1+1; else Pi, j = Pi-1, j-1

and

if  *  <0, Ni, j = Ni-1, j-1+1; else Ni, j = Ni-1, j-1

Xci
i+1

Xci
i+1 Xcti

i+1 Xcti
i+1

Xci
i+1 Yct j

j+1

Xci
i+1 Yct j

j+1
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The initial conditions are P0, j = 0 and Pi, 0 = 0, and the
same initial conditions are also applied to the matrix of N.
The purpose of calculating P and N is to find a local seg-
ment that has a maximal aggregated score, namely a max-
imal match of change trend between two expression
patterns. This can be accomplished by using standard
dynamic programming [19] as in the local clustering
method and results in an alignment of lc matched change
trend, where lc ≤ n-1 (altogether n-1 changes among n
time points).

Finally, an overall maximal value sc is found by compar-
ing the maximums for matrices P and N. The maximal
value is the matched change trend score sc for the two
expression patterns. A maximal value from the matrix P
means a positively correlated expression pattern of the
two genes, whereas a maximal value from the matrix N
indicates that these two patterns have an inverted relation-
ship. If the maximum is off-diagonal in its corresponding
matrix, then the two expression patterns have a time-
shifted relationship. When the number of matched
change trends between two genes is relatively small, it is
possible that several repeated maximal values exist with
different number of shifted-time-points. In this case, we
choose the maximal matched change trends with the
shortest time shift in the algorithm. Normally these gene
pairs are not regarded as inferred linkages because of the
small matched change trends based on the p-value thresh-
old.

Correlation coefficient between the maximal matched 
change trend of two genes

After obtaining the maximal matched change trend, we
need to calculate the correlation coefficient of the maxi-
mal matched change trend of the gene pair (Fig. 1). It is
calculated according to the following algorithm. Assum-
ing that the final matched change trend for gene X and

gene Y are  and  respectively in the maxi-

mal alignment, where xf and yf refer to the last time points
of genes X and Y in the maximal alignment and we assign

xf ≤ yf. We then give a new index for the time points of
match trends, where the matched change levels for genes
X and Y are now denoted as Xmc and Ymc in the following
algorithm:

Do while 2 ≤ i ≤ xf and yf - xf + 2 ≤ j ≤ yf

If sc from the matrix P and  =  then

Endif

If sc from the matrix N and  *  < 0 then

Endif

Loop

In the following equation k corresponds to p or n in the
above loop.

Where

cc(x, y) is the correlation coefficient between the maximal

matched change trends of genes X and Y.  and 
are the mean of the maximal matched change levels of

genes X and Y respectively σXmc and σYmc are the standard

deviation of the maximal matched change levels.

Significance statistics
In order to estimate the p-value for a given score a dataset
of random expression patterns was generated by shuffling
the normalized expression levels of the original data at
different time points. To assure the reliability of p-value
we generated the random expression patterns three times,
resulting in calculations for about 4.9e7 gene pairs. Using
the algorithm described above we calculated the maximal
matched change trend scores sc and the correlation coeffi-
cient cc between the maximal matched change trend for
each gene pair in the random expression dataset. We first
tabulated the frequency (f(sc)) of sc and then the distribu-
tion of cc for pairs which have the same sc value. Through
integration we could calculate the conventional p-value
for the two scores sc (Fig. S1B) and cc (Fig. S1C) (Psc(s >=
sc), Pcc(c >= cc)). They are defined as the probability of
obtaining a score (s or c) larger than or equivalent to sc or
cc from the random patterns. The higher the matched
change trend score is, the more likely the gene pair is cor-
related (positively or negatively). The higher the corre-
lated coefficient, the more likely the gene pairs are
correlated for a given value of sc.
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i
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j
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Extraction procedure I
As shown in Fig. S1B the probability to achieve a high sc
score in the random dataset is very low. For example, the
p-value for gene pairs with sc ≥ 15 is as low as 1.7e-3 and
with sc ≥ 16 as low as 1.1e-4. Hence, if two genes in the
original expression data have a sc score ≥ 15 it is very likely
that these two genes have a functional association that
would be expected with a low probability by chance. For
a given significant p-value threshold such as 2.7E-3,
because the p-value of gene pairs with sc ≥ 15 is only 1.7e-

3 that is lower than the threshold, all the gene pairs with
sc ≥ 15 can be regarded as having functional relationships.
But Psc for gene pairs with sc ≥ 14 is about 1.27e-2 that is
higher than the threshold 2.7E-3, only parts of the gene
pairs with sc = 14 should be extracted. Among the gene
pairs with sc = 14 the pairs with a higher cc value (Fig.
S1C) should have a higher possibility to have a functional
association. Considering these facts and the distribution
frequency of sc we propose to define the following overall
p-value to better reflect the significance statistics for infer-
ring functional associations among genes:

P = Psc(sc + 1) + (Psc(sc) - Psc(sc + 1)) * Pcc or P = Psc(sc + 1)
+ f(sc) * Pcc 

where if sc is the highest possible score (here 16 in the
yeast cell cycle dataset with 17 time points), then Psc(sc +
1) = 0. This overall p-value combines the p-values for both
sc and cc and the distribution frequency of sc. If the sc and
cc values of a gene pair in original expression dataset
result in an overall p-value less than a certain threshold,
this gene pair is considered as functionally associated.
This extraction procedure is called here Procedure I.

Extraction procedure II
In applying extraction Procedure I we noticed that there
are many gene pairs the change trend score (sc) of which
is not very high, but the correlation coefficient between
the maximal change levels of which is significantly high.
These gene pairs will not be extracted according to Proce-
dure I because of the relatively high Psc values at low sc val-
ues (Fig. S1B). However, they may in fact also have a high
possibility of functional association since the main
change levels are correlated well. The difference of some
of the change trends from the main trend between the two
genes may be caused by the involvement of multi-regula-
tors in some time regions or by measurement errors and
expression noises. For these reasons, we propose a second
procedure (Procedure II) to extract gene pairs with possi-
ble functional relationships. In Procedure II, if the corre-
lation coefficient cc is not considered, the likelihood of
functional association of all the pairs increases with
increasing sc if sc is higher than or equal to a characteristic
score scm. This characteristic score scm is defined as the sc
that has the highest frequency in the random dataset (Fig.

S1A, here scm 10). If sc is smaller than scm, the frequency
of pairs with sc reduces along with the decrease of sc, as
does also the possibility for a functional association of the
gene pair. Because the possibility for functional associa-
tion should have a reverse relationship with the frequency
of the corresponding sc, one should not consider gene
pairs with sc smaller than scm. We therefore propose to
extract gene pairs through the formulas:

P-value of cc cutoff for each sc:

Where 

scm, sc with the highest frequency.

scmax, the maximal possible sc score in the time series
dataset

m, the number between scm and scmax

p, the given significant p-value threshold

f, the p-value threshold for each sc (between scm and
scmax)

f(sci), the frequency of gene pairs with sci

If the p-value of cc from a gene pair with sci in the original
expression dataset as determined in Fig. S1C is less than
the corresponding Pcc(i), this gene pair is considered as
functionally associated in the extraction procedure II.
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Fig.S1.  A.  Frequency of sc;  B:  p-value for  sc;  C:  p-value  for cc at  each sc  in  the 
randomly shuffled expression data of yeast cell cycle (Cho et al.[18]. If a gene pair has 
an sc value of 14 and a cc value of 0.86, an overall p-value is calculated as 2.3e-3 (with 

)15(scP = 0.0017 and  )14(scP = 0.0127 and ccP = 0.0573). With a threshold p-value of 
2.7e-3, this gene pair is considered to be functionally associated with a statistically high 
probability in the extraction procedure I proposed.
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Fig.S2.  Function-similarity pairs  (based  on  MIPS  database)  inferred  by  the  TC 
method  versus  those  resulted  from  the  LC  method  and  the  conventional  PCC 
clustering method.



.

4

LC

58

4

6 317

147
19

116

p-value ≤ 1.3e-2

TC

PCC 

LC
(199)

21

0

1 125

66
8

3

p-value ≤ 2.7e-3

TC
(30)

PCC (77)

B

Fig.S3.  A,  results  by  the  TC  method  vs.  the  LC  method  and  the  PCC  clustering  method 
respectively according to the dataset of genome wide location analysis (Lee et al. [14]); B, results 
by the TC method vs. the LC method and the PCC clustering method respectively according to the 
regulatory interactions collection dataset (Luscombe et al. [31]). The number in parenthesis is the 
whole number of regulatory interactions  detected by the corresponding method with a p-value 
threshold of 2.7e-3.
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details see text). The transcriptional regulator PLM2 is known to regulate TRM3 
and RDH54 forming one part of a single input motif (Lee et al., [14]; Luscombe 
et al., [31]). But the two interactions between the regulator PLM2 and target genes 
TRM3 and RDH54 can only be significantly  detected  by TC method and LC 
method, respectively.
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Table S1. Databases of biological processes and protein cellular function classification.

Database Number of terms Downloaded date
SGD 32 01-20-2005
MIPS 158 02-15-2005

Note: In this work, we have chosen all the biological processes in the list of advanced search in SGD except 
for the class biological process unknown. 

Table  S2.  Databases  or  datasets  of  protein-protein  interactions  and  regulatory 
interactions.

Type Datasets Number of gene 
pairs

Downloaded date

Protein 
interactions

Collection dataset 
(Yu et al., [21])

65160 Published 
01-14-2004

MIPS 13895 01-18-2005
DIP 14187 02-06-2005
BIND 27480 02-02-2005

Regulatory 
interactions

Genome wide location 
analysis
(Lee et al., [14])

3760 Published 
10-25-2002

Collection dataset 
(Luscombe et al., [31])

6105 Published 
09-16-2004

Note: in the six datasets, we exclude the pairs with two same genes and the pairs with genes which don’t 
exist in the used Cho cell cycle dataset.
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Table S3.  Distribution of process-identity pairs inferred by the proposed method (with a 
p-value threshold of 2.7e-3) in each biological process class of the database SGD.

Biological process Number of 
genes 

Number of 
pairs

DNA metabolism 430 711
RNA metabolism 426 514
amino acid and derivative metabolsim 188 153
carbon metabolism 190 124
cell budding 77 44
cell cycle 508 855
cell homeostasis 106 57
cell wall organization and biogenesies 138 90
cellular respiration 86 19
conjugation 100 24
cytokinesis 96 44
cyto skeleton organzition and biogenesis 290 242
electron transport 21 4
generation of precursor and energy 222 245
lipid metabolism 201 73
meiosis 127 29
membrane organization and biogenesis 29 6
morpogenesis 140 82
nuclear organzation and biogenesis 60 2
organalle organization and biogenesis 944 3964
protein biosysnthesis 461 13117
protein catabolism 156 68
protein modification 390 326
pseudohyphal growth 48 9
response of stress 347 501
ribosom biogenesis and assembling 226 828
signal transduction 155 45
sporulation 94 36
transciption 465 535
transport 851 1907
vesical mediated transport 256 223
vitamin metabolism 72 14
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 Table S4. Distribution of function-similarity pairs inferred by the proposed method (with 
a p-value threshold of 2.7e-3) in each protein cellular function class of the database MIPS 
(only genes existing in the chosen Cho dataset are included in the table).

Protein function Number of 
genes 

Number of 
pairs

amino acid metabolism 242 165
nitrogen and sulfur metabolism 91 26
nucleotide metabolism 225 197
phosphate metabolism 416 408
C-compound and carbohydrate metabolism 498 694
lipid, fatty acid and isoprenoid metabolism 265 119
metabolism of vitamins, cofactors, and prosthetic groups 161 80
secondary metabolism 70 8
extracellular metabolism 1 0
glycolysis and gluconeogenesis 54 41
glyoxylate cycle 9 0
Entner-Doudoroff pathway 0 0
pentose-phosphate pathway 23 1
pyruvate dehydrogenase complex 4 0
anaplerotic reactions 0 0
tricarboxylic-acid pathway (citrate cycle, Krebs cycle, TCA cycle) 31 3
electron transport and membrane-associated energy conservation 48 20
respiration 122 48
fermentation 48 15
chemolithotrophie (e.g. sulfide, nitrogenous compounds) 0 0
metabolism of energy reserves (e.g. glycogen, trehalose) 56 5
oxidation of fatty acids 6 0
photosynthesis 0 0
energy conversion and regeneration 35 3
storage facilitating proteins 0 0
stored proteins 0 0
DNA processing 500 867
cell cycle 638 1023
RNA synthesis 621 854
RNA processing 378 419
RNA modification 59 10
ribosome biogenesis 364 11314
translation 88 188
translational control 63 80
aminoacyl-tRNA-synthetases 37 10
protein folding and stabilization 90 51
protein targeting, sorting and translocation 280 245
protein modification 612 771
assembly of protein complexes 196 127
protein degradation 251 161
protein binding 372 322
peptide binding 3 0
nucleic acid binding 345 618
polysaccharide binding 0 0
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motor protein 5 0
structural protein 52 10
lipid binding 17 0
amino acid binding 3 0
sulfate binding 0 0
C-compound binding 9 0
metal binding 28 4
nucleotide binding 221 107
complex cofactor/cosubstrate binding 55 9
mechanism of regulation 30 0
target of regulation 223 92
transported compounds (substrates) 567 1140
transport facilitation 184 113
transport routes 691 1316
intracellular signalling 193 86
transmembrane signal transduction 43 2
stress response 456 897
disease, virulence and defense 33 1
detoxification 111 50
degradation of foreign (exogenous) compounds 1 0
ionic homeostasis 171 108
membrane excitability 0 0
cell motility 0 0
cell adhesion 13 1
cellular sensing and response 284 157
nutrients uptake and absorption (e.g. digestion) 0 0
osmoregulation and excretion 2 0
gas and metabolite distribution 0 0
systemic temperature regulation 0 0
systemic rhythm control 0 0
plant / fungal specific systemic sensing and response 3 0
animal specific systemic sensing and response 3 0
LTR retroelements (retroviral) 0 0
non-LTR retroelements 0 0
transposons 0 0
viral proteins 0 0
phage proteins 0 0
proteins necessary for the integration or inhibition of transposon movement 8 0
cell growth / morphogenesis 245 192
cell differentiation 1 0
dedifferentiation 0 0
cell death 18 2
cell aging 28 1
fungal/microorganismic development 67 11
plant development 0 0
animal development 0 0
cell wall 218 140
eukaryotic plasma membrane 7 1
cytoplasm 1 0
cytoskeleton 261 184
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centrosome 2 0
cell junction 0 0
endoplasmic reticulum 10 0
Golgi 7 0
intracellular transport vesicles 8 0
nucleus 158 94
mitochondrion 157 100
peroxisome 34 2
endosome 1 0
vacuole or lysosome 43 8
plastid 0 0
extracellular / secretion proteins 1 0
periplasmatic space 0 0
bud / growth tip 43 22
prokaryotic cytoplasmic membrane 5 0
flagellum 0 0
pilus/fimbria 0 0
prokaryotic cell envelope structures 0 0
prokaryotic intracytoplasmic membrane 0 0
prokaryotic cell inclusions 0 0
prokaryotic nucleoid 0 0
fungal/microorganismic cell type differentiation 453 591
plant cell type differentiation 0 0
animal cell type differentiation 0 0
fungal/microorganismic tissue 0 0
plant tissue 0 0
animal tissue 0 0
fungal organ 0 0
plant organ 0 0
animal organ 0 0
cell wall 0 0
eukaryotic plasma membrane / membrane attached 0 0
cytoplasm 0 0
cytoskeleton 0 0
centrosome 0 0
cell junction 0 0
endoplasmic reticulum 0 0
Golgi 0 0
intracellular transport vesicles 0 0
nucleus 0 0
mitochondrion 0 0
peroxisome 0 0
endosome 0 0
vacuole or lysosome 0 0
plastid 0 0
extracellular / secretion proteins 0 0
periplasmatic space 0 0
bud / growth tip 0 0
prokaryotic cytoplasmic membrane 0 0
flagellum 0 0
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pilus/fimbria 0 0
prokaryotic cell envelope component 0 0
prokaryotic intracytoplasmic membrane 0 0
prokaryotic cell inclusions 0 0
prokaryotic nucleoid 0 0
fungal / microorganismic cell type 0 0
plant cell type 0 0
animal cell type 0 0
fungal/microorganismic tissue 0 0
plant tissue 0 0
animal tissue 0 0
fungal organ 0 0
plant organ 0 0
animal organ 0 0
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Table S5. List of part of the regulatory interactions that cannot be significantly detected 
by the LC method and/or the PCC method but are detected by TC method with a p-value 
threshold of 1.3e-2.

Regulator Target 
gene

sc cc Relationship Local 
clustering
score

Pearson
correlated 
coefficient

P-value 
of
GWLA

YOL089
C

YOL121
C 16

0.83112
2 Negative

9.940745
8 -0.55043

4.60E-
04

YER111
C

YJL196
C 15

0.80223
2 Positive

11.53894
8 0.64534

1.10E-
04

YGL071
W

YHL013
C 15

0.70216
4 Negative

8.941140
1 -0.30789

6.50E-
04

YGL071
W

YKR026
C 15

0.69694
2

Negative 
shift 1

6.879076
6 0.40465

9.20E-
06

YER111
C

YPL024
W 15

0.62385
2 Positive

7.532260
9 0.41849

7.90E-
06

YKL043
W

YCR09
8C 15

0.55109
3 Negative

9.028982
5 -0.44967

2.30E-
06

YJL056
C

YCR03
9C 14

0.85819
4 Negative

11.26858
5 -0.66286

7.80E-
04

YPL089
C

YGR21
8W 14

0.83304
4

Negative 
shift 2

10.46728
1 0.12039

5.80E-
04

YDR423
C

YLL060
C 14

0.81614
7 Negative

9.596128
8 -0.39143

6.10E-
09

YMR164
C

YPR082
C 14

0.79078
6

Negative 
shift 1 9.148612

-
0.069767

7.40E-
04

YMR164
C

YKL008
C 14

0.78633
9 Negative

9.572666
6 -0.48135

4.80E-
04

YBR049
C

YGL089
C 14

0.78623
1 Negative

10.32126
7 -0.24474

7.40E-
04

YBL021
C

YLL027
W 14

0.72055
7 Positive 9.248479 0.36266

2.70E-
11
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YKL043
W

YKL063
C 14

0.72003
3 Positive

9.714021
6 0.55578

1.70E-
04

YMR043
W

YKL058
W 14

0.70879
8 Positive

8.660197
2 -0.13215

7.40E-
04

YMR043
W

YLR189
C 14

0.70342
9

Negative 
shift 1

8.366505
5 -0.27692

1.90E-
06

YBL021
C

YNL009
W 14

0.70217
1 Negative

10.23064
5 -0.59078

1.70E-
04

YBR182
C

YBL037
W 14

0.60968
3 Positive

9.193838
6 0.45403

1.40E-
04

YER111
C

YOR31
5W 14

0.48810
2

Negative 
shift 1

11.87096
4 -0.55708

1.20E-
05

YKL112
W

YDL012
C 14

0.47158
5

Negative 
shift 1

10.06697
5 -0.21901

3.20E-
04

YKL043
W

YMR02
0W 14

0.43634
4

Negative 
shift 1

11.36833
2 -0.48792

3.90E-
07

YER111
C

YOL019
W 13

0.93845
8 Positive 10.94639 0.54274

8.60E-
04

YNL027
W

YGL038
C 12

0.97318
6 Negative

10.51321
3 -0.5013

8.60E-
04

YPR065
W

YML056
C 12

0.94203
9

Positive 
shift 2

8.324737
5 -0.39056

8.50E-
04

YDL170
W

YEL023
C 12

0.93304
7 Positive

9.912442
4 0.50061

5.80E-
04

YMR043
W

YML053
C 12

0.92586
3 Positive

10.04718
3 0.58961

1.20E-
06

YPL049
C

YGR01
4W 12

0.92270
6

Negative 
shift 1

8.310545
2 0.26673

3.60E-
04

YLR131
C

YML007
W 12

0.91955
5

Positive 
shift 1

10.98320
8 0.23229

5.30E-
04
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YLR131
C

YJR147
W 11

0.95057
9

Negative 
shift 2

7.648163
7 0.26497

2.00E-
05

YPR104
C

YBR126
C 10 0.98278

Negative 
shift 1

10.32143
9 -0.60714

4.20E-
04

YMR042
W

YDR43
4W 10

0.97825
6 Negative

8.915609
6 -0.52445

9.20E-
04

YKL112
W

YJL111
W 10

0.96758
6 Negative

7.201133
2 -0.20003

2.30E-
04

YOR028
C

YOL116
W 10

0.95591
4

Negative 
shift 1

8.170286
4 -0.32806

9.60E-
04

YDL056
W

YER111
C 14

0.74252
1 Negative

13.86825
2 -0.78333

3.60E-
05

YNL068
C

YPL117
C 13

0.92780
5 Negative

12.28981
3 -0.72293

2.30E-
05

YDR207
C

YDR28
5W 15

0.78350
1

Negative 
shift 1 8.769669 -0.15794

YML027
W

YKL091
C 15

0.71825
3 Negative

10.00014
5 -0.58824

YGL035
C

YBR050
C 15

0.62789
8 Positive

8.348476
8 0.33049

YDR501
W

YDL112
W 15

0.47143
5 Positive

8.285615
4 0.29687

YDR207
C

YGR15
7W 14

0.78277
6 Negative

10.26711
1 -0.58183

YGL096
W

YAL058
W 14 0.78003 Positive

10.54976
1 0.61108

YGL013
C

YDR40
6W 14

0.77768
7

Positive 
shift 1

8.929366
3 0.26907

YBR049
C

YGL026
C 14

0.75888
8 Negative

11.51836
1 -0.13874
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YML027
W

YFR011
C 14

0.72331
2 Negative

9.568071
9 -0.45911

YER040
W

YJR152
W 14

0.65830
5

Positive 
shift 1

8.225701
6

-
0.062523

YIL122
W

YBR161
W 14

0.60161
7 Negative

9.016046
6 -0.41813

YML027
W

YML006
C 14

0.59789
4 Positive

7.848425
6 0.22884

YOR344
C

YBR195
C 14

0.58462
4

Negative 
shift 1

8.403437
7 0.12185

YIL122
W

YGR01
5C 14

0.57232
3 Negative 10.6481 -0.59923

YOR372
C

YGL226
W 14

0.57127
7

Positive 
shift 1 9.990383 0.29061

YER040
W

YFL021
W 14 0.55537 Positive

10.96989
8 0.64529

YOR344
C

YAR073
W 14

0.54508
1

Negative 
shift 1

5.513845
9 0.22707

YBL021
C

YOR37
5C 14

0.48016
3

Negative 
shift 1

9.176307
5 0.13332

YOR372
C

YCL028
W 14

0.48002
3 Negative

10.32776
5 -0.55964

YOR372
C

YDR47
1W 14

0.40490
9 Negative

7.180547
3 -0.28519

YGL096
W

YDL057
W 13

0.91877
8

Positive 
shift 1

10.75116
3 0.61501

YLR183
C

YNR03
9C 12

0.94848
3 Negative

10.72115
8 -0.59372

YDL106
C

YGL234
W 11

0.96057
7

Negative 
shift 1

11.49753
3 -0.3548
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YDR451
C

YJL115
W 11

0.95627
6

Positive 
shift 2

11.79978
6 -0.11328

YDR501
W

YDR32
8C 11

0.95196
2

Positive 
shift 1

8.609263
3 -0.11041

YDR123
C

YNR01
6C 11

0.94582
4 Negative

8.611166
9 0.012985

YGL096
W

YOL077
C 11

0.94557
8 Negative

8.226414
2 -0.41821

YKL038
W

YGL062
W 10

0.95499
5

Positive 
shift 1

10.79755
7 -0.25253

YLR183
C

YCL027
W 10

0.95234
4

Negative 
shift 1

9.049978
8 0.19728

YML007
W

YHR00
8C 10

0.95026
5

Positive 
shift 1

9.143307
9 0.28109

YDR451
C

YGL114
W 15

0.59454
9

Negative 
shift 1

12.30028
6 -0.29749

YDR207
C

YAL054
C 14

0.66963
1 Negative

12.17364
2 -0.70959

YDR123
C

YBR093
C 11

0.95808
6 Negative

13.90686
1 -0.81805

YLR183
C

YPR139
C 11

0.93834
2

Negative 
shift 2

12.14910
1 0.34538

Note: There are some blank in the column p-value of GWLA because the corresponding interactions are 
found by the other methods and from regulatory interaction collection dataset.

Table S6. Normalized  expression value at each time point in the gene RCS1 and GCN3 
in Fig.4A (in the text).
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Pearson correlation coefficient (PCC) is 0.40465 according to  ∑
=

17

117
1

i
iiYX  because here the expression 

levels are normalized to iX , iY  in the “z score” fashion (X represents RCS1).

The results of local clustering (LC) according to the algorithm (Qian, et al., [8]) are

max_score startx starty len relationship
6.8791 17 17 17 1

The max_score is the final score of LC; 1 means positive relationship (details in Qian, et al., [8]).

The maximal  local  alignment  of  expression change trend between the two genes  is  15 and cc  is  0.70 
according to the algorithm of  TC in the supplementary materials and text. 
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systematic name of gene1systematic name of gene2gene1 gene2 sc cc score of local clusteringpcc
YBL093C YBR079C ROX3 RPG1 16 0,86 9,76 0,49
YOR341W YOR224C RPA190 RPB8 16 0,85 12,55 0,74
YLR175W YOR361C CBF5 PRT1 16 0,85 11,66 0,68
YPL211W YPL093W NIP7 NOG1 16 0,82 12,36 0,73
YDR036C YDL051W EHD3 LHP1 16 0,82 12,99 -0,76
YOR224C YNL113W RPB8 RPC19 16 0,8 11,96 0,7
YMR284W YFL022C YKU70 FRS2 16 0,77 10,13 -0,56
YNL021W YPR010C HDA1 RPA135 16 0,73 10,66 -0,62
YNL110C YKL009W NOP15 MRT4 16 0,69 10,59 0,62
YDR201W YKL179C SPC19 COY1 16 0,67 12,54 0,74
YGL019W YIL094C CKB1 LYS12 16 0,66 10,41 -0,28
YDL014W YBR079C NOP1 RPG1 15 0,92 12,81 0,74
YGL245W YBL045C GUS1 COR1 15 0,92 12,32 0,71
YMR146C YDR429C TIF34 TIF35 15 0,91 11,95 0,7
YPR088C YPL243W SRP54 SRP68 15 0,89 11,98 0,7
YNR016C YLR180W ACC1 SAM1 15 0,89 10,38 0,58
YBR142W YFR001W MAK5 LOC1 15 0,89 12,31 0,67
YBR025C YGL105W YBR025C ARC1 15 0,88 10,54 0,62
YPR187W YNR016C RPO26 ACC1 15 0,88 7,23 0,35
YER155C YER082C BEM2 UTP7 15 0,87 12,7 0,75
YMR229C YNL175C RRP5 NOP13 15 0,86 10,75 0,63
YDR023W YDR350C SES1 TCM10 15 0,86 11,4 -0,36
YNR016C YJL138C ACC1 TIF2 15 0,86 9,86 0,35
YBR142W YLR106C MAK5 MDN1 15 0,86 11,18 0,64
YDL213C YGR081C NOP6 SLX9 15 0,85 8,24 0,45
YDR347W YDR041W MRP1 RSM10 15 0,85 12,01 0,65
YGL008C YBR011C PMA1 IPP1 15 0,84 12,4 0,71
YPL043W YOL041C NOP4 NOP12 15 0,83 7,52 0,38
YOR361C YMR308C PRT1 PSE1 15 0,82 10,29 0,6
YNL147W YDR240C LSM7 SNU56 15 0,82 12,12 -0,71
YHR085W YKL014C IPI1 URB1 15 0,82 11,43 0,67
YFL039C YLR449W YFL039C FPR4 15 0,81 12,74 0,75
YLL036C YGL049C PRP19 TIF4632 15 0,8 8,25 0,19
YAL043C YDR382W PTA1 RPP2B 15 0,8 10,9 0,6
YBR009C YLR106C HHF1 MDN1 15 0,8 9,13 0,34
YML065W YLL004W ORC1 ORC3 15 0,79 10,76 0,63
YLR449W YLR221C FPR4 RSA3 15 0,79 10,69 0,62
YLR175W YGR081C CBF5 SLX9 15 0,79 9,85 0,27
YNL030W YLR150W HHF2 STM1 15 0,79 12,46 0,73
YBR267W YKL014C REI1 URB1 15 0,79 12,54 0,72
YMR308C YGR081C PSE1 SLX9 15 0,78 9,95 0,59
YKL009W YOR361C MRT4 PRT1 15 0,78 11,11 0,62
YFR010W YOL038W UBP6 PRE6 15 0,78 12,26 0,72
YML092C YPL020C PRE8 ULP1 15 0,77 11,11 0,65
YDR299W YBR247C BFR2 ENP1 15 0,77 10,02 0,04
YNL030W YGR081C HHF2 SLX9 15 0,77 12,41 0,05
YML069W YDR224C POB3 HTB1 15 0,76 8,92 0,52
YNL030W YLR221C HHF2 RSA3 15 0,76 8,25 0,48
YCR046C YLR439W IMG1 MRPL4 15 0,76 12,23 0,67
YMR049C YDL098C ERB1 SNU23 15 0,76 10,34 -0,27
YNL110C YPL012W NOP15 RRP12 15 0,76 11,79 0,66
YLL034C YLL008W RIX7 DRS1 15 0,76 12,24 0,67
YKR059W YGR081C TIF1 SLX9 15 0,75 10,81 0,12



YLR276C YFL002C DBP9 SPB4 15 0,75 11,27 0,66
YDR155C YJR090C CPR1 GRR1 15 0,74 9,13 0,46
YKL172W YKL009W EBP2 MRT4 15 0,74 9,85 0,58
YNL186W YPL013C UBP10 MRPS16 15 0,73 10,7 0,61
YLR418C YML010W CDC73 SPT5 15 0,73 11,99 0,71
YDR405W YNL236W MRP20 SIN4 15 0,73 8,22 0,38
YMR049C YML124C ERB1 TUB3 15 0,72 9,28 0,54
YLR175W YNL317W CBF5 PFS2 15 0,72 11,53 -0,6
YOR212W YOR281C STE4 PLP2 15 0,72 8,11 0,37
YDL208W YLR106C NHP2 MDN1 15 0,72 8,18 0,35
YMR049C YLR249W ERB1 YEF3 15 0,71 9,3 0,54
YLR439W YDR237W MRPL4 MRPL7 15 0,71 7,18 0,29
YDR405W YLR439W MRP20 MRPL4 15 0,71 8,33 0,31
YDL060W YDR071C TSR1 PAA1 15 0,71 8,93 0,04
YPL082C YIL126W MOT1 STH1 15 0,71 9,7 0,57
YNL317W YKR059W PFS2 TIF1 15 0,71 11,18 -0,59
YJL138C YEL026W TIF2 SNU13 15 0,71 11,04 0,65
YER139C YOR206W YER139C NOC2 15 0,7 10,37 0,17
YKL009W YPL012W MRT4 RRP12 15 0,7 7,94 0,34
YLR186W YGL171W EMG1 ROK1 15 0,7 12,38 0,73
YDL213C YLR003C NOP6 YLR003C 15 0,7 6,61 0,36
YNL025C YER022W SSN8 YER022W 15 0,7 11,54 0,53
YER082C YKL143W UTP7 LTV1 15 0,69 8,77 0,52
YHR027C YBR039W RPN1 ATP3 15 0,69 10,12 0,6
YDR448W YIL077C ADA2 YIL077C 15 0,69 7,15 0,32
YLR044C YML124C PDC1 TUB3 15 0,69 9,97 0,4
YNL110C YLR449W NOP15 FPR4 15 0,69 9,42 0,55
YNL308C YLL050C KRI1 COF1 15 0,69 8,52 0,18
YDL166C YOR206W FAP7 NOC2 15 0,69 8,29 0
YDR405W YFR051C MRP20 RET2 15 0,69 9,53 -0,53
YNL244C YDR427W SUI1 RPN9 15 0,69 8,43 0,12
YDR023W YDL192W SES1 ARF1 15 0,68 11,4 0,67
YMR116C YMR049C ASC1 ERB1 15 0,68 9,06 0,51
YIL061C YER172C SNP1 BRR2 15 0,67 8,33 -0,4
YGR091W YDR416W PRP31 SYF1 15 0,67 11,09 0,64
YNL113W YDL192W RPC19 ARF1 15 0,66 8,34 0,47
YMR116C YMR146C ASC1 TIF34 15 0,65 8,93 0,52
YBR274W YDR217C CHK1 RAD9 15 0,64 10,08 0,26
YER029C YCL037C SMB1 SRO9 15 0,63 10,41 0,61
YKL056C YDR224C YKL056C HTB1 15 0,63 6,95 0,38
YER012W YEL030W PRE1 ECM10 15 0,63 8,43 -0,21
YPL218W YNL113W SAR1 RPC19 15 0,63 8,24 0,48
YLR268W YLR026C SEC22 SED5 15 0,63 7,68 -0,42
YOL086C YKR008W ADH1 RSC4 15 0,62 11,41 -0,6
YOR341W YDL192W RPA190 ARF1 15 0,62 8,68 0,5
YMR309C YDL007W NIP1 RPT2 15 0,6 11,21 -0,41
YMR012W YOR086C CLU1 TCB1 15 0,6 9,8 0,53
YJL138C YLR423C TIF2 ATG17 15 0,6 10,29 -0,6
YOL010W YLR003C RCL1 YLR003C 15 0,57 8,84 -0,1
YAL043C YOR344C PTA1 TYE7 15 0,56 9,38 0,35
YJR050W YKL173W ISY1 SNU114 15 0,56 9,93 -0,15
YDL160C YER029C DHH1 SMB1 15 0,55 7,42 0,44
YOR159C YOR319W SME1 HSH49 15 0,55 9,85 0,58
YHR076W YLR304C PTC7 ACO1 15 0,55 8,81 0,31



YDR382W YDR170C RPP2B SEC7 15 0,55 8,04 -0,34
YNL030W YLR003C HHF2 YLR003C 15 0,55 9,61 -0,12
YLR180W YLR003C SAM1 YLR003C 15 0,53 11,86 0,37
YKL009W YOR341W MRT4 RPA190 15 0,52 8,57 0,49
YPL247C YLR109W YPL247C AHP1 15 0,52 12,04 0,7
YLR241W YLR109W YLR241W AHP1 15 0,51 11,19 0,66
YPR179C YOR323C HDA3 PRO2 15 0,5 6,9 0,23
YOR344C YGR156W TYE7 PTI1 15 0,49 7,62 -0,34
YGL171W YGL252C ROK1 RTG2 15 0,48 8,88 -0,44
YGL068W YDR101C MNP1 ARX1 15 0,43 8,07 -0,44
YGL011C YGR090W SCL1 UTP22 15 0,41 8,67 -0,47
YKR081C YLR233C RPF2 EST1 15 0,35 8,95 0,06
YOR159C YMR268C SME1 PRP24 14 0,96 9,74 0,17
YDL185W YDR226W TFP1 ADK1 14 0,94 12,5 0,62
YOR361C YEL026W PRT1 SNU13 14 0,94 10,17 0,59
YNL308C YNL175C KRI1 NOP13 14 0,93 12,29 0,72
YAL033W YBL018C POP5 POP8 14 0,93 12,05 0,65
YPL154C YOR332W PEP4 VMA4 14 0,92 12,79 0,68
YMR128W YDR324C ECM16 UTP4 14 0,91 8,15 0,33
YNL002C YMR310C RLP7 YMR310C 14 0,91 8,51 0,28
YFL039C YNL079C YFL039C TPM1 14 0,91 12,73 0,75
YGR282C YGR192C BGL2 TDH3 14 0,9 12,98 0,76
YPR016C YKL172W TIF6 EBP2 14 0,9 10,9 0,64
YOR341W YNL308C RPA190 KRI1 14 0,9 12,58 0,74
YNL030W YOR361C HHF2 PRT1 14 0,9 11,66 0,68
YGR266W YEL051W YGR266W VMA8 14 0,9 8,02 -0,18
YPR016C YLR449W TIF6 FPR4 14 0,89 12,61 0,71
YNL308C YKL172W KRI1 EBP2 14 0,89 9,17 0,54
YOR061W YOL021C CKA2 DIS3 14 0,89 10,63 0,63
YDL031W YGR103W DBP10 NOP7 14 0,89 12,45 0,73
YOR224C YPR187W RPB8 RPO26 14 0,89 10,98 0,6
YBR025C YDR023W YBR025C SES1 14 0,88 11 0,6
YBR025C YBR039W YBR025C ATP3 14 0,88 9,83 0,55
YLR074C YLR221C BUD20 RSA3 14 0,88 9,03 0,53
YPR016C YHR089C TIF6 GAR1 14 0,88 12,13 0,69
YDL031W YLR106C DBP10 MDN1 14 0,88 12,51 0,74
YNL040W YPL043W YNL040W NOP4 14 0,87 7,52 -0,37
YNL175C YBR009C NOP13 HHF1 14 0,87 12,42 0,71
YHR058C YBR193C MED6 MED8 14 0,87 11,23 0,65
YKL172W YNL175C EBP2 NOP13 14 0,87 12,62 0,74
YHR216W YIL035C IMD2 CKA1 14 0,87 8,93 0,45
YMR049C YMR310C ERB1 YMR310C 14 0,87 12,43 0,73
YBR011C YEL034W IPP1 HYP2 14 0,87 12,69 0,74
YPR086W YPL093W SUA7 NOG1 14 0,86 8,21 0,35
YBR079C YDR382W RPG1 RPP2B 14 0,86 11,49 0,67
YEL051W YFL045C VMA8 SEC53 14 0,86 10,88 0,64
YGR094W YBR011C VAS1 IPP1 14 0,86 12,6 0,71
YER029C YER006W SMB1 NUG1 14 0,86 11,72 0,69
YOR078W YGR081C BUD21 SLX9 14 0,86 7,38 0,4
YEL026W YLR027C SNU13 AAT2 14 0,86 11,53 0,62
YPL012W YNL308C RRP12 KRI1 14 0,86 12,67 0,75
YPR016C YBR142W TIF6 MAK5 14 0,86 12,22 0,71
YNL175C YDR224C NOP13 HTB1 14 0,86 11,89 0,69
YOR039W YBL003C CKB2 HTA2 14 0,86 7,71 0,43



YHR060W YBR260C VMA22 RGD1 14 0,86 7,99 -0,19
YNR016C YJR064W ACC1 CCT5 14 0,86 10,05 0,3
YNL308C YOL139C KRI1 CDC33 14 0,85 9,11 0,51
YPL228W YNL030W CET1 HHF2 14 0,85 8,98 -0,42
YPR016C YDL213C TIF6 NOP6 14 0,85 12,64 0,71
YNL023C YBR081C FAP1 SPT7 14 0,85 9,54 0,24
YGL111W YOR272W NSA1 YTM1 14 0,85 12,21 0,72
YNL110C YML124C NOP15 TUB3 14 0,85 11,14 0,65
YDL014W YAL043C NOP1 PTA1 14 0,85 9,57 0,5
YBR065C YCR046C ECM2 IMG1 14 0,85 10,68 -0,63
YJL138C YDR224C TIF2 HTB1 14 0,85 9,28 0,55
YGL049C YMR310C TIF4632 YMR310C 14 0,85 12,62 0,74
YDL185W YBR039W TFP1 ATP3 14 0,84 10,64 0,5
YMR049C YDL213C ERB1 NOP6 14 0,84 11,41 0,65
YNL132W YHR148W KRE33 IMP3 14 0,84 11,42 0,67
YLR196W YLR397C PWP1 AFG2 14 0,84 11,85 0,7
YBR079C YGR104C RPG1 SRB5 14 0,84 12,84 -0,76
YDR405W YDR237W MRP20 MRPL7 14 0,84 8,5 0,31
YDR324C YDR365C UTP4 ESF1 14 0,84 10,96 0,64
YML124C YLR249W TUB3 YEF3 14 0,84 9,99 0,59
YOL041C YPR137W NOP12 RRP9 13 0,96 12,98 0,75
YDL084W YCL011C SUB2 GBP2 13 0,96 12,39 0,73
YDR322W YMR225C MRPL35 MRPL44 13 0,96 8,89 0,49
YBL047C YDL220C EDE1 CDC13 13 0,95 9,28 -0,55
YFR028C YDL160C CDC14 DHH1 13 0,95 12,27 0,72
YLR175W YER029C CBF5 SMB1 13 0,95 11,42 0,67
YDL213C YMR310C NOP6 YMR310C 13 0,94 8,13 0,38
YNL055C YLL050C POR1 COF1 13 0,94 12,19 0,68
YBL004W YLR222C UTP20 UTP13 13 0,94 12,8 0,74
YMR226C YDL185W YMR226C TFP1 13 0,94 11,71 0,61
YKL172W YGR103W EBP2 NOP7 13 0,94 12,87 0,76
YBR079C YBR143C RPG1 SUP45 13 0,94 12,88 0,76
YMR226C YBR009C YMR226C HHF1 13 0,94 12,64 0,7
YGL195W YGR234W GCN1 YHB1 13 0,94 9,16 0,54
YNL005C YGR013W MRP7 SNU71 13 0,93 7,29 0,05
YLR197W YML124C SIK1 TUB3 13 0,93 11,16 0,66
YBR025C YCL035C YBR025C GRX1 13 0,93 11,41 0,67
YNL132W YOR341W KRE33 RPA190 13 0,93 12,75 0,75
YDR188W YDR381W CCT6 YRA1 13 0,93 10 0,59
YPR010C YGR103W RPA135 NOP7 13 0,93 12,45 0,71
YMR214W YDR238C SCJ1 SEC26 13 0,93 7,89 -0,27
YJR072C YGR040W NPA3 KSS1 13 0,93 11,43 -0,67
YBR211C YJR135C AME1 MCM22 13 0,93 9,13 0,4
YNL079C YDL072C TPM1 YET3 13 0,93 11,28 0,66
YGR282C YLR249W BGL2 YEF3 13 0,92 11,83 0,69
YCL037C YER006W SRO9 NUG1 13 0,92 11,21 0,52
YJL122W YDR224C YJL122W HTB1 13 0,92 10,37 0,29
YBR011C YGL105W IPP1 ARC1 13 0,92 8,79 0,5
YGR103W YPL012W NOP7 RRP12 13 0,92 11,97 0,62
YJR043C YNL102W POL32 POL1 12 0,97 12,06 0,71
YDL185W YPR187W TFP1 RPO26 12 0,97 11,87 0,61
YGL245W YLL050C GUS1 COF1 12 0,97 12,76 0,72
YNR035C YOR361C ARC35 PRT1 12 0,97 9 0,45
YKL172W YER002W EBP2 NOP16 12 0,96 10,9 0,64



YKR048C YLR002C NAP1 NOC3 12 0,96 8,95 -0,08
YDL185W YOL139C TFP1 CDC33 12 0,96 10,71 0,47
YNL250W YDR032C RAD50 PST2 12 0,96 11,15 -0,62
YGR103W YLR106C NOP7 MDN1 12 0,96 12,46 0,68
YNL002C YER002W RLP7 NOP16 12 0,96 11,15 0,63
YGR128C YLR222C UTP8 UTP13 12 0,96 12,98 0,74
YNL094W YDR155C APP1 CPR1 12 0,95 12,22 -0,71
YER043C YER091C SAH1 MET6 12 0,95 12,15 0,71
YPR103W YGL245W PRE2 GUS1 12 0,95 11,73 0,55
YDR443C YNL189W SSN2 SRP1 12 0,95 8,05 -0,38
YNL207W YMR128W RIO2 ECM16 12 0,95 8,87 0,5
YGL245W YNL135C GUS1 FPR1 12 0,95 12,43 0,71
YPL037C YLR027C EGD1 AAT2 12 0,95 12,86 0,76
YER146W YIL048W LSM5 NEO1 12 0,95 9,02 0,17
YNL021W YOR361C HDA1 PRT1 12 0,94 8,45 -0,38
YGR090W YLR216C UTP22 CPR6 11 0,98 9,41 0,12
YNL110C YDL051W NOP15 LHP1 11 0,98 10,07 0,47
YKL144C YKL085W RPC25 MDH1 11 0,98 12,19 -0,05
YLR430W YGR040W SEN1 KSS1 11 0,98 11,73 -0,54
YGL245W YML123C GUS1 PHO84 11 0,98 12,36 0,7
YGL245W YPR187W GUS1 RPO26 11 0,98 12,82 0,72
YMR027W YGR013W YMR027W SNU71 11 0,97 7,23 0,37
YKL210W YPL037C UBA1 EGD1 11 0,97 9,4 0,34
YCR057C YLR180W PWP2 SAM1 11 0,97 7,32 -0,11
YMR290C YPL093W HAS1 NOG1 11 0,97 10,68 0,63
YPL082C YGL241W MOT1 KAP114 11 0,97 8,77 0,5
YBR162C YMR214W TOS1 SCJ1 11 0,97 9,08 -0,38
YOR261C YML124C RPN8 TUB3 11 0,97 8,04 0,13
YML123C YGR040W PHO84 KSS1 11 0,97 11,6 -0,67
YLR234W YDL225W TOP3 SHS1 11 0,97 11,68 0,26
YMR309C YOR272W NIP1 YTM1 11 0,97 10,05 0,58
YPL011C YGR094W TAF3 VAS1 11 0,96 11,66 0,69
YBL074C YOL139C AAR2 CDC33 11 0,96 12,12 -0,71
YPL001W YER021W HAT1 RPN3 11 0,96 12,15 -0,71
YEL060C YEL030W PRB1 ECM10 11 0,96 6,67 0,39
YML028W YGL245W TSA1 GUS1 11 0,96 12,93 0,71
YGL245W YBR009C GUS1 HHF1 11 0,96 11,57 0,64
YMR116C YGR254W ASC1 ENO1 11 0,96 12,58 0,74
YKR048C YJR064W NAP1 CCT5 11 0,96 10,08 0,52
YML069W YBR009C POB3 HHF1 11 0,96 12,58 0,73
YDL166C YHR196W FAP7 UTP9 11 0,96 10,59 0,59
YOL004W YMR236W SIN3 TAF9 11 0,96 11,18 -0,66
YMR246W YHL030W FAA4 ECM29 11 0,96 11,11 -0,38
YGR193C YPL140C PDX1 MKK2 11 0,96 8,11 -0,15
YMR276W YIL075C DSK2 RPN2 11 0,96 10,21 0,56
YDL097C YJR064W RPN6 CCT5 11 0,96 7,06 0,19
YBL003C YNL075W HTA2 IMP4 11 0,96 8,47 -0,01
YJR138W YBL023C IML1 MCM2 10 0,99 10,85 -0,01
YER091C YCL035C MET6 GRX1 10 0,99 7,3 0,07
YJR065C YOR361C ARP3 PRT1 10 0,98 7,22 -0,02
YMR049C YAL035W ERB1 FUN12 10 0,98 12,64 0,7
YPR187W YCL028W RPO26 RNQ1 10 0,98 12,86 0,76
YOR332W YLR109W VMA4 AHP1 10 0,98 11,67 0,53
YER077C YKL172W YER077C EBP2 10 0,98 10,91 0,2



YIR009W YOR017W MSL1 PET127 10 0,98 7,79 0,46
YLL040C YMR105C VPS13 PGM2 10 0,98 11,63 0,42
YMR226C YML022W YMR226C APT1 10 0,97 11,97 0,64
YNL175C YLR397C NOP13 AFG2 10 0,97 7,72 0,21
YCL059C YBR084W KRR1 MIS1 10 0,97 12,58 0,62
YJR138W YBL088C IML1 TEL1 10 0,97 7,68 -0,2
YLR109W YLR304C AHP1 ACO1 10 0,97 11,06 0,53
YER091C YNL135C MET6 FPR1 10 0,97 11,66 0,69
YER091C YDR155C MET6 CPR1 10 0,97 9 0,53
YHR196W YLR222C UTP9 UTP13 10 0,97 11 0,6
YDR462W YML049C MRPL28 RSE1 10 0,97 8,6 -0,17
YBR154C YGR063C RPB5 SPT4 10 0,97 11,44 0,67
YER174C YBR085W GRX4 AAC3 10 0,97 11,19 -0,12
YML092C YGL245W PRE8 GUS1 10 0,97 10,74 0,55
YFR019W YMR112C FAB1 MED11 10 0,97 11,88 -0,29
YPR180W YDL115C AOS1 IWR1 10 0,97 9,02 0,2
YNL132W YDR168W KRE33 CDC37 10 0,97 7,5 -0,27
YGR048W YOR116C UFD1 RPO31 10 0,97 10,7 -0,63
YML016C YER054C PPZ1 GIP2 10 0,97 8,94 -0,31
YBL072C YIL069C RPS8A RPS24B 16 0,81 12,22 0,71
YHR052W YER043C CIC1 SAH1 16 0,8 10,85 0,64
YBR189W YIL069C RPS9B RPS24B 16 0,79 11,81 0,69
YDL083C YIL069C RPS16B RPS24B 16 0,75 11,45 0,66
YDR450W YIL069C RPS18A RPS24B 16 0,75 10,94 0,64
YGL200C YIL109C EMP24 SEC24 16 0,71 11,43 -0,59
YCR031C YIL069C RPS14A RPS24B 15 0,89 11,37 0,6
YKR081C YGL049C RPF2 TIF4632 15 0,85 12,43 0,73
YKL212W YOL123W SAC1 HRP1 15 0,85 10,35 0,44
YBR181C YIL069C RPS6B RPS24B 15 0,84 11,57 0,68
YOR234C YOR312C RPL33B RPL20B 15 0,83 12,74 0,75
YLR185W YOR312C RPL37A RPL20B 15 0,82 12,69 0,75
YLR406C YMR194W RPL31B RPL36A 15 0,81 12,84 0,72
YLR075W YOR312C RPL10 RPL20B 15 0,8 12,49 0,73
YDR064W YIL069C RPS13 RPS24B 15 0,79 10,42 0,61
YMR308C YEL055C PSE1 POL5 15 0,79 8,9 0,51
YJL014W YJL111W CCT3 CCT7 15 0,79 10,84 0,03
YJR141W YLR295C YJR141W ATP14 15 0,79 9,8 -0,51
YMR229C YDL213C RRP5 NOP6 15 0,77 8,95 0,45
YKL116C YLR389C PRR1 STE23 15 0,77 9,18 0,42
YKL006W YOR312C RPL14A RPL20B 15 0,77 11,69 0,68
YMR194W YOR312C RPL36A RPL20B 15 0,76 11,13 0,65
YMR236W YNL308C TAF9 KRI1 15 0,75 10,09 0,23
YLR427W YML056C MAG2 IMD4 15 0,75 7,9 0,32
YMR205C YDR158W PFK2 HOM2 15 0,74 11,61 0,68
YCL043C YBR010W PDI1 HHT1 15 0,74 10,71 0,62
YCR002C YGR061C CDC10 ADE6 15 0,73 8,63 0,45
YNL308C YMR116C KRI1 ASC1 15 0,73 8,87 0,42
YER006W YER120W NUG1 SCS2 15 0,72 10,89 0,64
YJL109C YKL012W UTP10 PRP40 15 0,7 6,34 -0,31
YFR002W YGL172W NIC96 NUP49 15 0,69 8,45 0,22
YMR123W YPL169C PKR1 MEX67 15 0,69 7,43 0,23
YBL076C YBR249C ILS1 ARO4 15 0,68 11,44 0,67
YMR229C YOL139C RRP5 CDC33 15 0,68 6,19 0,24
YGR005C YKL009W TFG2 MRT4 15 0,65 6,29 0,22



YDR429C YJL026W TIF35 RNR2 15 0,64 9,52 0,02
YJR070C YOR362C LIA1 PRE10 15 0,64 7,28 0,28
YBL076C YGR061C ILS1 ADE6 15 0,64 9,84 0,36
YMR286W YNL185C MRPL33 MRPL19 15 0,63 11,27 0,66
YGR214W YJL136C RPS0A RPS21B 15 0,56 12,08 0,66
YPL235W YER179W RVB2 DMC1 15 0,55 10,05 0,3
YNL308C YDR174W KRI1 HMO1 15 0,53 7,79 -0,23
YKL056C YPL204W YKL056C HRR25 15 0,38 11,54 0,14
YBL076C YAL012W ILS1 CYS3 14 0,95 12,9 0,76
YGR148C YHL001W RPL24B RPL14B 14 0,93 12,86 0,76
YGL076C YGL135W RPL7A RPL1B 14 0,92 11,33 0,66
YDL081C YGR209C RPP1A TRX2 14 0,92 12,29 0,64
YDR418W YPR043W RPL12B RPL43A 14 0,91 12,72 0,75
YDR382W YGL103W RPP2B RPL28 14 0,91 12,43 0,64
YDL061C YIL069C RPS29B RPS24B 14 0,9 12,09 0,71
YDR037W YEL034W KRS1 HYP2 14 0,9 12,58 0,73
YBR010W YNL030W HHT1 HHF2 14 0,89 11,85 0,69
YJR091C YKL002W JSN1 DID4 14 0,88 7,16 -0,22
YKR096W YKR060W YKR096W UTP30 14 0,88 9,13 -0,48
YBR010W YNL031C HHT1 HHT2 14 0,88 11,79 0,69
YCR031C YGR118W RPS14A RPS23A 14 0,88 12,68 0,75
YBR048W YIL069C RPS11B RPS24B 14 0,88 10,75 0,63
YDR418W YPL220W RPL12B RPL1A 14 0,88 12,67 0,74
YOR017W YMR290C PET127 HAS1 14 0,88 9,63 -0,48
YPR016C YOL139C TIF6 CDC33 14 0,87 12,24 0,71
YGR027C YGR214W RPS25A RPS0A 14 0,87 12,3 0,72
YPR016C YBR009C TIF6 HHF1 14 0,87 10,77 0,58
YMR229C YEL055C RRP5 POL5 14 0,86 12,85 0,76
YLR447C YNL175C VMA6 NOP13 14 0,86 10,12 0,56
YHR052W YER165W CIC1 PAB1 14 0,86 12,61 0,74
YNL301C YPL143W RPL18B RPL33A 14 0,86 12,9 0,76
YDR224C YNL031C HTB1 HHT2 14 0,86 12,67 0,74
YPL016W YPL195W SWI1 APL5 14 0,86 11,12 -0,64
YHR203C YIL069C RPS4B RPS24B 14 0,86 12,7 0,74
YNL169C YGR282C PSD1 BGL2 14 0,86 8,85 -0,22
YDL060W YAR073W TSR1 IMD1 14 0,86 9,65 0,57
YBR009C YNL031C HHF1 HHT2 14 0,85 12,53 0,73
YPL012W YDR091C RRP12 RLI1 14 0,85 6,78 0,14
YPR016C YEL034W TIF6 HYP2 14 0,85 11,74 0,69
YGR234W YFL045C YHB1 SEC53 14 0,85 11,33 0,62
YDL130W YDR399W RPP1B HPT1 14 0,85 11,7 0,69
YFL002C YFR028C SPB4 CDC14 14 0,84 9,67 0,48
YJR091C YMR049C JSN1 ERB1 14 0,84 8,77 -0,46
YMR241W YOL123W YHM2 HRP1 14 0,84 11,26 0,39
YDL191W YGL076C RPL35A RPL7A 13 0,96 12,01 0,67
YDR418W YKL180W RPL12B RPL17A 13 0,96 12,58 0,72
YDL130W YGL103W RPP1B RPL28 13 0,95 12,74 0,68
YER117W YGL076C RPL23B RPL7A 13 0,95 12,01 0,69
YKR028W YKR048C SAP190 NAP1 13 0,95 12,03 0,71
YGL147C YPL143W RPL9A RPL33A 13 0,95 12,37 0,73
YDR012W YGL076C RPL4B RPL7A 13 0,95 11,64 0,63
YIL125W YIL034C KGD1 CAP2 13 0,94 8,38 0,49
YJR136C YMR047C YJR136C NUP116 13 0,94 10,43 -0,52
YBL030C YGR282C PET9 BGL2 13 0,94 12,76 0,74



YGL147C YPR043W RPL9A RPL43A 13 0,94 12,38 0,73
YEL054C YGL076C RPL12A RPL7A 13 0,93 12,08 0,71
YCR031C YNL096C RPS14A RPS7B 13 0,93 12,82 0,75
YGL147C YLR340W RPL9A RPP0 13 0,93 12,21 0,72
YDR418W YPL079W RPL12B RPL21B 13 0,93 12,41 0,73
YGL076C YPR043W RPL7A RPL43A 13 0,93 12,74 0,69
YLR293C YGR282C GSP1 BGL2 13 0,93 12,19 0,72
YBR173C YMR314W UMP1 PRE5 13 0,92 11,84 0,67
YGR214W YOL040C RPS0A RPS15 13 0,92 12,81 0,75
YGL076C YHL001W RPL7A RPL14B 12 0,97 12,34 0,71
YHR089C YGR282C GAR1 BGL2 12 0,97 12,84 0,75
YDL191W YGL103W RPL35A RPL28 12 0,97 12,86 0,7
YBR031W YGL076C RPL4A RPL7A 12 0,96 12,08 0,68
YHL001W YMR142C RPL14B RPL13B 12 0,96 12,68 0,74
YBL092W YGL147C RPL32 RPL9A 12 0,96 12,75 0,75
YDR418W YJL189W RPL12B RPL39 12 0,96 12,67 0,73
YCR031C YLR264W RPS14A RPS28B 12 0,96 12,84 0,75
YDL130W YHL001W RPP1B RPL14B 12 0,96 12,73 0,73
YER117W YGL103W RPL23B RPL28 12 0,96 12,72 0,72
YBR191W YGL076C RPL21A RPL7A 12 0,96 12,97 0,76
YBL087C YOR312C RPL23A RPL20B 12 0,95 10,91 0,6
YHL033C YPR043W RPL8A RPL43A 12 0,95 12,95 0,76
YDR012W YHL033C RPL4B RPL8A 12 0,95 12,48 0,7
YDR418W YKR094C RPL12B RPL40B 12 0,95 12,86 0,76
YOR049C YOR302W RSB1 YOR302W 12 0,95 9,3 -0,4
YNR054C YOL139C ESF2 CDC33 12 0,95 12,11 0,7
YBL087C YGL147C RPL23A RPL9A 12 0,95 11,2 0,66
YDL081C YHL001W RPP1A RPL14B 12 0,95 12,93 0,73
YBR191W YGL147C RPL21A RPL9A 12 0,95 12,28 0,68
YGL076C YIL018W RPL7A RPL2B 12 0,95 11,76 0,68
YIL008W YLR288C URM1 MEC3 12 0,95 10,78 -0,47
YHL001W YLR061W RPL14B RPL22A 12 0,95 12,91 0,75
YBL072C YGR214W RPS8A RPS0A 12 0,95 12,82 0,75
YDR447C YER102W RPS17B RPS8B 12 0,95 11,6 0,62
YDL061C YER102W RPS29B RPS8B 12 0,95 11,85 0,63
YDL081C YGL147C RPP1A RPL9A 12 0,94 12,33 0,73
YCR031C YHL015W RPS14A RPS20 12 0,94 12,23 0,69
YGL147C YHL001W RPL9A RPL14B 12 0,94 12,72 0,75
YGL076C YLR340W RPL7A RPP0 11 0,99 12,54 0,72
YBR191W YGL103W RPL21A RPL28 11 0,98 12,84 0,69
YBR031W YGL103W RPL4A RPL28 11 0,98 11,97 0,63
YBR025C YNR016C YBR025C ACC1 11 0,97 9,86 0,43
YDR418W YGL076C RPL12B RPL7A 11 0,97 10,37 0,52
YFL016C YOL139C MDJ1 CDC33 11 0,97 10,06 0,42
YIL133C YMR121C RPL16A RPL15B 11 0,97 12,93 0,71
YGL103W YGL147C RPL28 RPL9A 11 0,97 10,59 0,6
YLR328W YPR016C NMA1 TIF6 11 0,97 7,58 -0,36
YGL147C YIL133C RPL9A RPL16A 11 0,97 12,46 0,73
YGR267C YGR155W FOL2 CYS4 11 0,96 11,25 0,66
YGL076C YNL069C RPL7A RPL16B 11 0,96 11,08 0,62
YGL076C YPL143W RPL7A RPL33A 11 0,96 12,57 0,73
YHL033C YMR121C RPL8A RPL15B 11 0,96 12,76 0,68
YJR006W YLR103C HYS2 CDC45 11 0,96 9,07 0,52
YBL027W YGL147C RPL19B RPL9A 11 0,96 10,68 0,63



YCR031C YER131W RPS14A RPS26B 11 0,96 11,92 0,63
YDR382W YOR312C RPP2B RPL20B 11 0,96 11,16 0,66
YGL076C YLR448W RPL7A RPL6B 11 0,96 12,57 0,72
YHR193C YLR304C EGD2 ACO1 11 0,96 11,71 0,69
YGL103W YHL033C RPL28 RPL8A 10 0,98 11,88 0,67
YOL078W YDR342C AVO1 HXT7 10 0,98 10,29 -0,39
YOR232W YBR009C MGE1 HHF1 10 0,97 11,35 0,63
YLR125W YLR288C YLR125W MEC3 10 0,97 9,33 0,1
YBL072C YER102W RPS8A RPS8B 10 0,97 12,38 0,68
YAL028W YDL239C FRT2 ADY3 10 0,97 11,65 0,6
YHL033C YKL006W RPL8A RPL14A 10 0,97 12,3 0,67
YDL047W YLR304C SIT4 ACO1 10 0,97 11,89 0,63



detected known regulatory interactions with a p-value cutoff of 2.7e-3 by the three methods.
"1" means the corresponding interaction can be detected by the corresponding method
"p" means the corresponding gene exists in the activated transcriptional factors or the differentially expressed genes sets of the cell cycle condition according to Luscombe et al.( 2004,Nature,431,308).
systemic name of regulatorsystemic name of regulated geneinferred by TCinferred by PCCinferred by LC regulator regulated gene
YOL089C YOL121C 1 HAL9 RPS19A
YER111C YJL196C 1 SWI4 ELO1
YGL071WYHL013C 1 RCS1 YHL013C
YGL071WYKR026C 1 RCS1 GCN3
YER111C YPL024W 1 SWI4 NCE4
YKL043W YCR098C 1 PHD1 GIT1
YER111C YML102C-A 1 1 1 SWI4 YML102C-A
YER111C YBR071W 1 1 1 SWI4 YBR071W
YNL309WYOL007C 1 1 1 STB1 YOL007C
YNL309WYNL289W 1 1 1 STB1 PCL1
YIL131C YDR179C 1 FKH1 CSN9
YNL309WYPL256C 1 1 1 STB1 CLN2
YJL056C YCR039C 1 ZAP1 MATALPHA2
YNL068C YMR198W 1 1 1 FKH2 CIK1
YER111C YOL019W 1 SWI4 YOL019W
YEL009C YHR162W 1 1 1 GCN4 YHR162W
YNL068C YPL117C 1 FKH2 IDI1
YNL027WYGL038C 1 CRZ1 OCH1
YEL009C YER055C 1 1 1 GCN4 HIS1
YLR182WYKL112W 1 1 1 SWI6 ABF1
YPR104C YBR126C 1 FHL1 TPS1
YMR042WYDR434W 1 ARG80 GPI17
YEL009C YBR249C 1 1 1 GCN4 ARO4
YKL112W YJL111W 1 ABF1 CCT7
YDR207C YDR285W 1 UME6 ZIP1
YML027WYKL091C 1 YOX1 YKL091C
YGL035C YBR050C 1 MIG1 REG2
YDR451C YGL114W 1 YHP1 YGL114W
YDR501WYDL112W 1 PLM2 TRM3
YML027WYKL042W 1 1 1 YOX1 SPC42
YLR183C YNR039C 1 TOS4 ZRG17
YML027WYPL256C 1 1 1 YOX1 CLN2
YDL106C YGL234W 1 PHO2 ADE5,7
YDR123C YBR093C 1 1 INO2 PHO5
YER111C YGL038C 1 1 SWI4 OCH1
YEL009C YLR355C 1 1 GCN4 ILV5
YNL068C YDR150W 1 1 FKH2 NUM1
YNL068C YPL155C 1 1 FKH2 KIP2
YER111C YDL127W 1 1 SWI4 PCL2
YEL009C YDL182W 1 1 GCN4 LYS20
YER111C YMR179W 1 1 SWI4 SPT21



YER111C YGR109C 1 1 SWI4 CLB6
YER111C YOL011W 1 1 SWI4 PLB3
YDL056WYMR215W 1 1 MBP1 GAS3
YNL309WYGR221C 1 1 STB1 TOS2
YNL068C YPR119W 1 1 FKH2 CLB2
YDR146C YGL108C 1 1 SWI5 YGL108C
YDL056WYOR246C 1 1 MBP1 YOR246C
YIL131C YPL227C 1 1 FKH1 ALG5
YNL068C YNL172W 1 1 FKH2 APC1
YER111C YPL267W 1 1 SWI4 YPL267W
YPL248C YBR019C 1 1 GAL4 GAL10
YIL131C YMR215W 1 1 FKH1 GAS3
YNL216WYPL016W 1 1 RAP1 SWI1
YER111C YML027W 1 1 SWI4 YOX1
YFL044C YCR021C 1 1 YOD1 HSP30
YDR423C YJL100W 1 1 CAD1 LSB6
YKL043W YMR015C 1 1 PHD1 ERG5
YNL068C YJR092W 1 1 FKH2 BUD4
YIL131C YPL139C 1 1 FKH1 UME1
YNL068C YBR138C 1 1 FKH2 YBR138C
YNL068C YJL051W 1 1 FKH2 YJL051W
YDL106C YDL058W 1 1 PHO2 USO1
YER111C YGR189C 1 1 SWI4 CRH1
YLR182WYJL092W 1 1 SWI6 HPR5
YDL056WYNR009W 1 1 MBP1 YNR009W
YKL109W YPR020W 1 1 HAP4 ATP20
YNL068C YBR038W 1 1 FKH2 CHS2
YDL056WYDR451C 1 1 MBP1 YHP1
YBR049C YPR164W 1 1 REB1 MMS1
YIL131C YLR210W 1 FKH1 CLB4
YGL096WYFR012W 1 1 TOS8 YFR012W
YML027WYGR109C 1 1 YOX1 CLB6
YIR017C YFR030W 1 1 MET28 MET10
YJR094C YMR133W 1 1 IME1 REC114
YIR017C YKL001C 1 1 MET28 MET14
YIR017C YJR010W 1 1 MET28 MET3
YML027WYFR027W 1 1 YOX1 ECO1
YCR096C YCR039C 1 1 HMRA2 MATALPHA2
YLR256WYDR044W 1 1 HAP1 HEM13
YML027WYER095W 1 1 YOX1 RAD51
YLR183C YGR015C 1 1 TOS4 YGR015C
YGL096WYDL223C 1 1 TOS8 HBT1
YGL096WYGL158W 1 1 TOS8 RCK1
YGL096WYDR058C 1 1 TOS8 TGL2
YLR183C YBR042C 1 1 TOS4 YBR042C



YDR253C YIR017C 1 1 MET32 MET28
YCR065WYOR144C 1 1 HCM1 ELG1
YLR183C YKR090W 1 1 TOS4 PXL1
YGL096WYEL020C 1 1 TOS8 YEL020C
YGL035C YMR011W 1 1 MIG1 HXT2
YOR372CYPR034W 1 1 NDD1 ARP7
YLR183C YPR174C 1 1 TOS4 YPR174C
YML027WYLR381W 1 1 YOX1 CTF3
YML027WYNL072W 1 1 YOX1 RNH201
YDR451C YNR028W 1 1 YHP1 CPR8
YPR065WYML075C 1 1 ROX1 HMG1
YCR065WYHR149C 1 1 HCM1 SKG6
YJR094C YHL022C 1 1 IME1 SPO11
YKL109W YJR048W 1 1 HAP4 CYC1
YBR297WYBR298C 1 1 MAL33 MAL31
YML027WYGL207W 1 1 YOX1 SPT16
YGL096WYHR182W 1 1 TOS8 YHR182W
YPL248C YOR120W 1 GAL4 GCY1
YLR183C YDR480W 1 TOS4 DIG2
YLR182WYKR013W 1 SWI6 PRY2
YLR182WYNL312W 1 SWI6 RFA2
YFR034C YPL133C 1 PHO4 RDS2
YLR182WYKL113C 1 SWI6 RAD27
YLR182WYNL289W 1 SWI6 PCL1
YLR182WYLR103C 1 SWI6 CDC45
YPR065WYMR017W 1 ROX1 SPO20
YLR182WYDL018C 1 SWI6 ERP3
YLR182WYIL026C 1 SWI6 IRR1
YLR182WYJL187C 1 SWI6 SWE1
YKR099WYFL060C 1 BAS1 SNO3
YIL131C YPL141C 1 FKH1 YPL141C
YOR372CYJL051W 1 NDD1 YJL051W
YML007WYJL098W 1 YAP1 SAP185
YNL068C YDL018C 1 FKH2 ERP3
YLR182WYMR076C 1 SWI6 PDS5
YIL131C YHR143W 1 FKH1 DSE2
YOR372CYGR230W 1 NDD1 BNS1
YER111C YER001W 1 SWI4 MNN1
YDL056WYJL074C 1 MBP1 SMC3
YLR182WYPL267W 1 SWI6 YPL267W
YPL049C YMR052W 1 DIG1 FAR3
YDL056WYER111C 1 MBP1 SWI4
YDL056WYOR074C 1 MBP1 CDC21
YKL043W YMR195W 1 PHD1 ICY1
YDL056WYNL312W 1 MBP1 RFA2



YOR028CYLL061W 1 CIN5 MMP1
YLR131C YOR138C 1 ACE2 RUP1
YOR372CYJL079C 1 NDD1 PRY1
YLR182WYNL300W 1 SWI6 YNL300W
YIR023W YGR120C 1 DAL81 COG2
YBR049C YMR039C 1 REB1 SUB1
YOR372CYGL114W 1 NDD1 YGL114W
YKL043W YMR017W 1 PHD1 SPO20
YHR206WYOL154W 1 SKN7 ZPS1
YDL056WYDR097C 1 MBP1 MSH6
YDR146C YOR138C 1 SWI5 RUP1
YCR018C YDR042C 1 SRD1 YDR042C
YLR182WYPL163C 1 SWI6 SVS1
YLR182WYER070W 1 SWI6 RNR1
YLR182WYHR154W 1 SWI6 RTT107
YER088C YBR156C 1 DOT6 SLI15
YDL056WYDL018C 1 MBP1 ERP3
YLR131C YER152C 1 ACE2 YER152C
YDL056WYKL113C 1 MBP1 RAD27
YIL131C YBR138C 1 FKH1 YBR138C
YNL068C YER070W 1 FKH2 RNR1
YER111C YGR014W 1 SWI4 MSB2
YOR372CYER078C 1 NDD1 YER078C
YML007WYHR048W 1 YAP1 YHR048W
YNL216WYIL177C 1 RAP1 YIL177C
YCR018C YMR257C 1 SRD1 PET111
YIL131C YGR092W 1 FKH1 DBF2
YDL056WYDL003W 1 MBP1 MCD1
YDL056WYDR113C 1 MBP1 PDS1
YPR104C YHR204W 1 FHL1 MNL1
YLR182WYER095W 1 SWI6 RAD51
YOR032CYDR042C 1 HMS1 YDR042C
YGR044CYLR439W 1 RME1 MRPL4
YOR372CYGL116W 1 NDD1 CDC20
YLR182WYOR074C 1 SWI6 CDC21
YER111C YER078C 1 SWI4 YER078C
YDL056WYBR071W 1 MBP1 YBR071W
YPR065WYDR042C 1 ROX1 YDR042C
YDL056WYNL273W 1 MBP1 TOF1
YKR099WYKR010C 1 BAS1 TOF2
YDR421WYDR523C 1 ARO80 SPS1
YIR023W YCL014W 1 DAL81 BUD3
YDR146C YDL173W 1 SWI5 YDL173W
YDL056WYHR153C 1 MBP1 SPO16
YOR372CYPR119W 1 NDD1 CLB2



YIL131C YPL032C 1 FKH1 SVL3
YNL068C YGR092W 1 FKH2 DBF2
YLR182WYJL074C 1 SWI6 SMC3
YER111C YMR305C 1 SWI4 SCW10
YMR016CYBL029W 1 SOK2 YBL029W
YGL035C YPR058W 1 MIG1 YMC1
YOR372CYPL242C 1 NDD1 IQG1
YER111C YJL187C 1 SWI4 SWE1
YNL068C YGL021W 1 FKH2 ALK1
YOR372CYDR451C 1 NDD1 YHP1
YLR182WYNL102W 1 SWI6 POL1
YGL096WYDR186C 1 TOS8 YDR186C
YLR256WYOR065W 1 HAP1 CYT1
YLR183C YLR182W 1 TOS4 SWI6
YOR372CYOR126C 1 NDD1 IAH1
YCR065WYOL014W 1 HCM1 YOL014W
YJR094C YNL210W 1 IME1 MER1
YGL096WYBR129C 1 TOS8 OPY1
YMR016CYOR187W 1 SOK2 TUF1
YDL056WYNL102W 1 MBP1 POL1
YDR123C YLR153C 1 INO2 ACS2
YPR065WYIL111W 1 ROX1 COX5B
YNL216WYGR254W 1 RAP1 ENO1
YLR182WYDL164C 1 SWI6 CDC9
YGL096WYPL049C 1 TOS8 DIG1
YOR372CYFR042W 1 NDD1 YFR042W
YGL096WYER026C 1 TOS8 CHO1
YDR451C YPL267W 1 YHP1 YPL267W
YLR182WYGR109C 1 SWI6 CLB6
YDR451C YER140W 1 YHP1 YER140W
YIL122W YGR166W 1 POG1 KRE11
YMR016CYOR070C 1 SOK2 GYP1
YBL005W YDR011W 1 PDR3 SNQ2
YGL096WYER014W 1 TOS8 HEM14
YBL005W YOL156W 1 PDR3 HXT11
YLR182WYPR120C 1 SWI6 CLB5
YLR182WYKL045W 1 SWI6 PRI2
YDR451C YDL156W 1 YHP1 YDL156W
YDR501WYBR073W 1 PLM2 RDH54
YCR065WYDR113C 1 HCM1 PDS1
YMR016CYJL011C 1 SOK2 RPC17
YMR016CYIL173W 1 SOK2 VTH1
YGL096WYDL174C 1 TOS8 DLD1
YCR065WYDR356W 1 HCM1 SPC110
YLR183C YPR175W 1 TOS4 DPB2



YGL096WYER161C 1 TOS8 SPT2
YLR183C YIL023C 1 TOS4 YIL023C
YDR451C YKL165C 1 YHP1 MCD4
YGL096WYFL009W 1 TOS8 CDC4
YLR256WYEL039C 1 HAP1 CYC7
YOL004WYAL005C 1 SIN3 SSA1
YOR372CYKL048C 1 NDD1 ELM1
YLR256WYPR065W 1 HAP1 ROX1
YOL004WYHR014W 1 SIN3 SPO13
YPR065WYDR044W 1 ROX1 HEM13



"p" means the corresponding gene exists in the activated transcriptional factors or the differentially expressed genes sets of the cell cycle condition according to Luscombe et al.( 2004,Nature,431,308).
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