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DECENT: differential expression with capture efficiency adjustmeNT for
single-cell RNA-seq data.
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[+ Author information

Abstract
MOTIVATION: Dropout is a common phenomenon in single-cell ENA-seq (scRNA-seq) data, and when left

unaddressed it affects the validity of the statistical analyses. Despite this, few current methods for differential
expression (DE) analysis of scRMNA-seq data explicitly model the process that gives rise to the dropout events.
We develop DECENT, a method for DE analysis of scRNA-seq data that explicitly and accurately models the
molecule capture process in scRNA-seq experiments.

RESULTS: We show that DECENT demonstrates improved DE performance over existing DE methods that do
not explicitly model dropout. This improvement is consistently cbhserved across several public scERNA-seq
datasets generated using different technological platforms. The gain in improvement is especially large when
the capture process is overdispersed. DECENT maintains type | error well while achieving better sensitivity. Its
performance without spike-ins is almost as good as when spike-ins are used to calibrate the capture model.

AVAILABILITY AND IMPLEMENTATION: The method is implemented as a publicly available R package
available from https://github.com/cz-ye/DECENT.

SUPPLEMENTARY INFORMATION: Supplementary data are available at Bioinformatics anline.
© The Author(s) 2019. Published by Oxford University Press.

PMID: 31197307  PMCID: PMCE8954660 DO 10.1093/bicinformatics/btz453
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Abstract
MOTIVATION: Dropout is a common phenomenon in single-cell ENA-seq (scRNA-seq) data, and when left

unaddressed it affects the validity of the statistical analyses. Despite this, few current methods for differential
expression (DE) analysis of scRMNA-seq data explicitly model the process that gives rise to the dropout events.
We develop DECENT, a method for DE analysis of scRNA-seq data that explicitly and accurately models the
molecule capture process in scRNA-seq experiments.

RESULTS: We show that DECENT demonstrates improved DE performance over existing DE methods that do
not explicitly model dropout. This improvement is consistently cbhserved across several public scERNA-seq
datasets generated using different technological platforms. The gain in improvement is especially large when
the capture process is overdispersed. DECENT maintains type | error well while achieving better sensitivity. Its
performance without spike-ins is almost as good as when spike-ins are used to calibrate the capture model.

AVAILABILITY AND IMPLEMENTATION: The method is implemented as a publicly available R package

available from https://github.com/cz-ye/DECENT.
SUPFLEMENTARYAIQTION: Supplement‘ta are available at Bioinformatics anline.

© The Author(s) 2019. Published by Oxford University Press.
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The benchmarking so far was based on two group comparisons. DECENT
performs statistical tests under the under the well-established GLM framework
and can readily accommeodate more complex expernmental designs. The
Soumillon et al.’s data are a time course experiment, with three time points
mvolved in adipose stem cell differentiation. This allowed us to have a glance at
how different DE methods perform on more complex UMI-based scRNA-seq
experiments beyond two-group comparisons. We tested the hypothesis that
expression of a gene is constant across the three time points. Except for SCDE.
which 1s designed only for two group comparison. and TASC. which requires
spike-ins, other methods were compared in this setting. The reference gemune
DEGs across the three time points were also dertved from the matching bulk
experiments. DECENT again outperformed all other methods with an even more

pronounced advantage (Supplementary Fig. S11).
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expression of a gene is constant across the three time points. Except for SCDE.
which 1s designed only for two group comparison. and TASC. which requires
spike-ins, other methods were compared in this setting. The reference gemune
DEGs across the three time points were also dertved from the matching bulk
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3.1 Benchmarking using simulated data

We simulated 20 datasets, each consisting of 500 cells belonging to 2 cell types
(224 cells from cell type 1 versus 276 cells from cell type 2) with 3000
endogenous genes and 50 spike-ins. The observed count were generated under
the DECENT model using parameters estimated from Tung’s dataset (see
Supplementary Materials for details). In each dataset. we set ~10% of the genes
to be DEGs. Figure 2 shows that DECENT estumates gene-specific pre-dropout
proportion of zeroes and variance. as well as the actual pre-dropout counts

unbiasedly. Figure 3 shows that DECENT s performance in detecting DEGs also
appear to be competitive when compared with existing methods. namely SCDE
(Kharchenko et al.. 2014). MAST (Finak et al.. 2015). Monocle2 (Qiu et al..
2017: Trapnell et al.. 2014). ZINB-WaVE adjusted edgeR (Van den Berge et al..
2018) and edgeR (McCarthy et al.. 2012). Over the 20 datasets. the mean(SD) of
the partial area under the receiver operating characteristic (pAUROC) for
DECENT 1s 0.708(0.001). followed by MAST with 0.687(0.001) (see

22
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UMI-count modeling and differential expression analysis for
single-cell RNA sequencing.

Chen W' Li Y2 Easton J! Finkelstein D', Wu G'. Chen X3,

i+ Author information

Abstract

Read counting and unique molecular identifier (UMI) counting are the principal gene
expression quantification schemes used in single-cell RNA-sequencing (scRNA-seq) analysis.
By using multiple scRNA-seq datasets, we reveal distinct distribution differences between
these schemes and conclude that the negative binomial model is a good approximation for
UMI counts, even in heterogeneous populations. We further propose a novel differential
expression analysis algorithm based on a negative binomial model with independent
dispersions in each group (NBID). Our results show that this properly controls the FOR and
achieves better power for UMI counts when compared to other recently developed packages
for scRNA-seq analysis.

KEYWORDS: Differential expression analysis; Negative binomial; Unigue molecular identifier

PMID: 29855333 PMCID: PMC59384373 DOl 10.1186/513059-015-1438-9
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Read counting and unique molecular identifier (UMI) counting are the principal gene
expression quantification schemes used in single-cell RNA-sequencing (scRNA-seq) analysis.

By using multiple scRNA-seq datasets, we reveal distinct distribution differences between
these schemes and conclude that the negative binomial model is a good approximation for
UMI counts, even in heterogeneous populations. We further propose a novel differential
expression analysis algorithm based on a negative binomial model with independent
dispersions in each group (NBID). Our results show that this properly controls the FOR and
achieves better power for UMI counts when compared to other recently developed packages

for scRNA-seq analysis.
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UMI counts, even in heterogeneous populations. We further propose a novel differential
expression analysis algorithm based on a negative binomial model with independent
dispersions in each group (NBID). Our results show that this properly controls the FOR and
achieves better power for UMI counts when compared to other recently developed packages

these schemes and conclude that the negative binomial model is a good approximation for }

for scRNA-seq analysis.
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single-cell analysis. Even though only pairwise analyses were considered in
the current study. the general form of NBID allows multiple groups to be
tested simultaneously, as in the generalized linear model framework.

Differential expression analysis can be used to reveal differences among
samples run on separate lanes or plates. However. it should be pointed out that
batch effects are expected to overlap with biological differences in this setting.
It 1s better to account for batch effects by proper experimental design. such as
by mncluding multiple biological replicates for each group. Another typical
application of differential expression analysis 1s to identify potential
biomarkers for inferred cell subpopulations. One potential caveat m this
setting 1s that cells are usually clustered from the same data. Therefore. p
values or FDR values derived from the differential expression analysis might
be overly optimistic. However. the result 1s still useful for priortizing
potential biomarkers for further validation.
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tested simultaneously, as in the generalized linear model framework.

Differential expression analysis can be used to reveal differences among
samples run on separate lanes or plates. However. it should be pointed out that

batch effects are expected to overlap with biological differences in this setting.

It 1s better to account for batch effects by proper experimental design. such as
by mncluding multiple biological replicates for each group. Another typical
application of differential expression analysis 1s to identify potential
biomarkers for inferred cell subpopulations. One potential caveat m this
setting 1s that cells are usually clustered from the same data. Therefore. p
values or FDR values derived from the differential expression analysis might
be overly optimistic. However. the result 1s still useful for priortizing
potential biomarkers for further validation.
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A systematic evaluation of single cell RNA-seq analysis pipelines.
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Abstract

The recent rapid spread of single cell RNA sequencing (scRNA-seq) methods has created a
large variety of experimental and computational pipelines for which best practices have not

yet been established. Here, we use simulations based on five scRNA-seq library protocols in
combination with nine realistic differential expression (DE) setups to systematically evaluate
three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a
biolegical signal as quadrupling the sample size.

PMID: 31604912 PMCID: PMC6789098 DOl 10.1038/541467-019-12266-7
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Abstract

The recent rapid spread of single cell RNA sequencing (scRNA-seq) methods has created a
large variety of experimental and computational pipelines for which best practices have not

yet been established. Here, we use simulations based on five scRNA-seq library protocols in
combination with nine realistic differential expression (DE) setups to systematically evaluate
three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a
biolegical signal as quadrupling the sample size.
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Abstract

The recent rapid spread of single cell RNA sequencing (scRNA-seq) methods has created a
large variety of experimental and computational pipelines for which best practices have not
yet been established. Here, we use simulations based on five scRNA-seq library protocols in
combination with nine realistic differential expression (DE) setups to systematically evaluate
three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among

pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a
biolegical signal as quadrupling the sample size.
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three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines

the ability to detect|symmetriclexpression differences, while normalisation dominates pipeline

performance injJasymmetric|DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a

biolegical signal as quadrupling the sample size.
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approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines

the ability to detect|symmetriclexpression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a

biolegical signal as quadrupling the sample size.
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MNat Commun. 2019 Oct 11;10(1):4667. doi: 10.1038/541467-019-12266-7.

A systematic evaluation of single cell RNA-seq analy

Vieth B!, Parekh S2, Ziegenhain C3, Enard W', Hellmann 1*.

i+ Author information

Abstract
The recent rapid spread of single cell RNA sequencing (scRNA-seq) method
large variety of experimental and computational pipelines for which best prag
yet been established. Here, we use simulations based on five scRNA-seq lib
combination with nine realistic differential expression (DE) setups to systema

three mapping, four imputation, seven normalisation and four differential exg
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approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline

performance injJasymmetric|DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a

biolegical signal as quadrupling the sample size.
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G1 repl (G1 rep2 |Gl rep3 |G2 repl (G2 _rep2 G2 _rep3
genel 87 306 646 13 26 10 }
gene2 233 /6 201 8 13 5
gene3 4 1 0 2 4 0
gene4d 221 106 56 360 124 129
genes 150 170 154 190 149 140
gene6 16 35 23 22 12 12 >‘
gene’ 6 0 1 4 3 4
genes 1 3 2 1 3 5
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A systematic evaluation of single cell RNA-seq analysis pipelines.

Vieth B!, Parekh S2, Ziegenhain C3, Enard W', Hellmann 1*.
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A systematic evaluation of single cell RNA-seq analysis pipelines.

Vieth 51 Parekh 52 Liegenhain {33 Enard W' ., Hellmann 1

i+ Author information

Abstract
The recent rapid spread of single cell RNA sequencing

large variety of experimental and computational pipelir
yet been established. Here, we use simulations based
combination with nine realistic differential expression (
three mapping, four imputation, seven normalisation ai
approaches resulting in ~3000 pipelines, allowing us tc
pipeline steps. We find that choices of normalisation af
biggest impact on scRNA-seq analyses. Specifically, w
the ability to detect symmetric expression differences,
performance in asymmetric DE-setups. Finally, we illug
by showing that a good scRMNA-seq pipeline can have
biolegical signal as quadrupling the sample size.

PMID: 31604912 PMCID: PMC6789098 DOl 10.1038/541467+

One main assumption in traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups™ . This
assumption is no longer true when diverse cell types are considered.

~ find up to 60°

amounts of total mMRNA levels between cell types. This 1ssue of

For example. Zeisel et al.™ %o DE genes and differing
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes in conjunction with small to large differences i mBENA
content including the entire spectrum of possible DE-settings.
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One man assumption in traditional DE-analysis 1s that differences in

expression are symmetric, This implies that either a small fraction of

genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups . This
assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main assumphnn mn traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of

genes 18 DE while the expression of the majority of genes remains

constant or sumilar numbers of genes are up- and down-regulated so

that the mean total mRNA content does differ between groups . This

assumption 1s no longer true when diverse cell types are considered.
~ find up to 60°
amounts of total mMRNA levels between cell types. This 1ssue of

For example. Zeisel etal. ¥o DE genes and differing
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes in conjunction with small to large differences in mRNA
content including the entire spectrum of possible DE-settings.
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One main HSEUI]IIJHDI] i traditional DE-analysis 1s that differences n

expression are symmetric, This implies that either a small fraction of

genes 1s DE while the expression of the majority of genes remains

constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups . This

assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main HSEUI]IIJHDI] i traditional DE-analysis 1s that differences n

expression are symmetric, This implies that either a small fraction of

genes 1s DE while the expression of the majority of genes remains

constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups . This

assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main HSEUI]IIJHDI] i traditional DE-analysis 1s that differences n

expression are symmetric, This implies that either a small fraction of

genes 1s DE while the expression of the majority of genes remains

constant or sumilar numbers of genes are up- and down-regulated so

that the mean total mRNA content does differ between groups . This

assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main as*aunlptmn mn traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so

that the mean total mRNA content does differ between groups . This

assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of

asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main HSEUI]IIJHDI] mn traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups . This
assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing

amounts of total mMRNA levels between cell types. This 1ssue of

asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main HSEUI]IIJHDI] mn traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups . This
assumption 1s no longer true when diverse cell types are considered.
For example. Zeisel et al.” find up to 60% DE genes and differing
amounts of total mMRNA levels between cell types. This 1ssue of

asymmetry 1s conceptually one of the characteristics that

distinguishes single cell from bulk RNA-seq and has not been

addressed so far. Therefore, we simulate varying numbers of DE-

genes 10 conjunction with small to large differences m mEINA
content including the entire spectrum of possible DE-settings.
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One main assumphnn mn traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 18 DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
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A normalization strategy for comparing tag count data.
Kadota K1: Mishiyama T, Shimizu K.

#+ Author information

Abstract
BACKGROUND: High-throughput sequencing, such as ribonucleic acid sequencing (RNA-seq) and

chromatin immunoprecipitation sequencing (ChlP-seq) analyses, enables various features of organisms to
be compared through tag counts. Recent studies have demonstrated that the normalization step for RNA-
seq data is critical for a more accurate subsequent analysis of differential gene expression. Development
of a more robust normalization method is desirable for identifying the true difference in tag count data.

RESULTS: We describe a strategy for normalizing tag count data, focusing on RNA-seq. The key concept
15 to remove data assigned as potential differentially expressed genes (DEGs) befare calculating the
normalization factor. Several R packages for identifying DEGs are currently available, and each package
uses its own normalization method and gene ranking algorithm. We compared a total of eight package
combinations: four R packages (edgeR, DESeq, baySeq, and NBFSeq) with their default normalization
settings and with our normalization strategy. Many synthetic datasets under various scenarios were
evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity and specificity.
We found that packages using our strategy in the data normalization step overall performed well. This
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for more accurate
normalization of RNA-seq data. The concept of this normalization strategy can widely be applied to other
types of tag count data and to microarray data.

PMID: 22475125 PMCID: PMC3341196 DOI: 10.1126/1748-T188-7-5
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A normalization strategy for comparing tag count data.
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A normalization strategy for comparing tag count data.
Kadota K1: Mishiyama T, Shimizu K.
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Abstract

BACKGROUND: High-throughput sequencing, such as ribonucleic acid sequencing (ENA-s
chromatin immunoprecipitation sequencing (ChlP-seq) analyses, enables various features ¢
be compared through tag counts. Recent studies have demonstrated that the normalization
seq data is critical for a more accurate subsequent analysis of differential gene expression.
of a more robust normalization method is desirable for identifying the true difference in tag ¢

RESULTS: We describe a strategy for normalizing tag count data, focusing on ENA-seq. Th
15 to remove data assigned as potential differentially expressed genes (DEGs) befare calcul
normalization factor. Several R packages for identifying DEGs are currently available, and e
uses its own normalization method and gene ranking algorithm. We compared a total of eigl
combinations: four R packages (edgeR, DESeq, baySeq, and NEPSeq) with their default nc
settings and with our normalization strategy. Many synthetic datasets under various scenari
evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity
We found that packages using our strategy in the data normalization step overall performed
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for mi
normalization of RNA-seq data. The concept of this normalization strategy can widely be ap
types of tag count data and to microarray data.
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A normalization strategy for comparing tag count data.
Kadota K1: Mishiyama T, Shimizu K.
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Abstract

BACKGROUND: High-throughput sequencing, such as ribonucleic acid sequencing (ENA-s
chromatin immunoprecipitation sequencing (ChlP-seq) analyses, enables various features ¢
be compared through tag counts. Recent studies have demonstrated that the normalization
seq data is critical for a more accurate subsequent analysis of differential gene expression.
of a more robust normalization method is desirable for identifying the true difference in tag ¢

RESULTS: We describe a strategy for normalizing tag count data, focusing on ENA-seq. Th
15 to remove data assigned as potential differentially expressed genes (DEGs) befare calcul
normalization factor. Several R packages for identifying DEGs are currently available, and e
uses its own normalization method and gene ranking algorithm. We compared a total of eigl
combinations: four R packages (edgeR, DESeq, baySeq, and NEPSeq) with their default nc
settings and with our normalization strategy. Many synthetic datasets under various scenari
evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity
We found that packages using our strategy in the data normalization step overall performed
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for mi
normalization of RNA-seq data. The concept of this normalization strategy can widely be ap
types of tag count data and to microarray data.
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Abstract

BACKGROUND: High-throughput sequencing, such as ribonucleic acid sequencing (ENA-s
chromatin immunoprecipitation sequencing (ChlP-seq) analyses, enables various features ¢
be compared through tag counts. Recent studies have demonstrated that the normalization
seq data is critical for a more accurate subsequent analysis of differential gene expression.
of a more robust normalization method is desirable for identifying the true difference in tag ¢

RESULTS: We describe a strategy for normalizing tag count data, focusing on ENA-seq. Th
15 to remove data assigned as potential differentially expressed genes (DEGs) befare calcul
normalization factor. Several R packages for identifying DEGs are currently available, and e
uses its own normalization method and gene ranking algorithm. We compared a total of eigl
combinations: four R packages (edgeR, DESeq, baySeq, and NEPSeq) with their default nc
settings and with our normalization strategy. Many synthetic datasets under various scenari
evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity
We found that packages using our strategy in the data normalization step overall performed
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for mi
normalization of RNA-seq data. The concept of this normalization strategy can widely be ap
types of tag count data and to microarray data.
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Abstract

BACKGROUND: High-throughput sequencing, such as ribonucleic acid sequencing (RNA-seq) and
chromatin immunoprecipitation sequencing (ChlP-seq) analyses, enables various features of organisms to
be compared through tag counts. Recent studies have demonstrated that the normalization step for RNA-
seq data is critical for a more accurate subsequent analysis of differential gene expression. Development
of a more robust normalization method is desirable for identifying the true difference in tag count data.

RESULTS: We describe a strategy for normalizing tag count data, focusing on RNA-seq. The key concept
15 to remove data assigned as potential differentially expressed genes (DEGs) befare calculating the
normalization factor. Several R packages for identifying DEGs are currently available, and each package
uses its own normalization method and gene ranking algorithm. We compared a total of eight package
combinations: four R packages (edgeR, DESeq, baySeq, and NBFSeq) with their default normalization
settings and with our normalization strategy. Many synthetic datasets under various scenarios were
evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity and specificity.
We found that packages using our strategy in the data normalization step overall performed well. This
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for more accurate
normalization of RNA-seq data. The concept of this normalization strategy can widely be applied to other
types of tag count data and to microarray data.

PMID: 22475125 PMCID: PMC3341196 DOI: 10.1126/1748-T188-7-5
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of a more robust normalization method is desirable for identifying the true difference in tag coumoata:

RESULTS: We describe a strategy for normalizing tag count data, focusing on RNA-seq. The key concept

15 to remove data assigned as potential differentially expressed genes (DEGs) befare calculating the
normalization factor. Several R packages for identifying DEGs are currently available, and each package
uses its own normalization method and gene ranking algorithm. We compared a total of eight package
combinations: four R packages (edgeR, DESeq, baySeq, and NBFSeq) with their default normalization
settings and with our normalization strategy. Many synthetic datasets under various scenarios were

evaluated on the basis of the area under the curve (AUC) as a measure for both sensitivity and specificity.

We found that packages using our strategy in the data normalization step overall performed well. This
result was also observed for a real experimental dataset.

CONCLUSION: QOur results showed that the elimination of potential DEGs is essential for more accurate
normalization of RNA-seq data. The concept of this normalization strategy can widely be applied to other
types of tag count data and to microarray data.
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TCC: an R package for comparing tag count data with robust normalization strategies.

Sun J' Nishiyama T, Shimizu K, Kadota K.

[+ Author information

Abstract
BACKGROUND: Differential expression analysis based on "next-generation” sequencing technologies is a fundamental

means of studying RNA expression. We recently developed a multi-step normalization method (called ThT) for two-group
RNA-seq data with replicates and demonstrated that the statistical methods available in four R packages (edgeR, DESeq,
baySeq, and NBPSeq) together with TbT can produce a well-ranked gene list in which true differentially expressed genes
(DEGs) are top-ranked and non-DEGs are botiom ranked. However, the advantages of the current TbT method come at the
cost of a huge computation time. Moreover, the R packages did not have normalization methods based on such a multi-step
strateqy.

RESULTS: TCC (an acronym for Tag Count Comparison) is an R package that provides a series of functions for differential
expression analysis of tag count data. The package incorporates multi-step normalization methods, whose strategy is fo
remove potential DEGs before performing the data normalization. The normalization function based on this DEG elimination
strategy (DEGES) includes (i) the ariginal TbT method based on DEGES for two-group data with or without replicates, (ii)
much faster methods for two-group data with or without replicates, and (i) methods for multi-group comparison. TCC
provides a simple unified interface to perform such analyses with combinations of functions provided by edgeR, DESeq, and
baySeq. Additionally, a function for generating simulation data under various conditions and alternative DEGES procedures
consisting of functions in the existing packages are provided. Bicinformatics scientists can use TCC to evaluate their
methods, and biologists familiar with other R packages can easily learn what is done in TCC.

CONCLUSION: DEGES in TCC is essential for accurate normalization of tag count data, especially when up- and down-
regulated DEGs in one of the samples are extremely biased in their number. TCC is useful for analyzing tag count data in
various scenarios ranging from unbiased to extremely biased differential expression. TCC is available at http://www.iu.a.u-
tokyo.ac jp/~kadota/TCC/ and will appear in Bioconductor (hitp:/bioconductor.arg/) from ver. 2.13.
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TCC: an R package for comparing tag count data with robust normalization strategies.
Sun J', Nishiyama T, Shimizu K, Kadota K.

[+ Author information

Abstract
BACKGROUND: Differential expression analysis based on "next-generation” sequencing technologies is a fundamental

means of studying RNA expression. We recently developed a multi-step normalization method (called ThT) for two-group
RNA-seq data with replicates and demonstrated that the statistical methods available in four R packages (edgeR, DESeq,
baySeq, and NBPSeq) together with TbT can produce a well-ranked gene list in which true differentially expressed genes
(DEGs) are top-ranked and non-DEGs are botiom ranked. However, the advantages of the current TbT method come at the
cost of a huge computation time. Moreover, the R packages did not have normalization methods based on such a multi-step
strateqy.

RESULTS: TCC (an acronym for Tag Count Comparison) is an R package that provides a series of functions for differentia

expression analysis of tag count data. The package incorporates multi-step normalization methods, whose strategy is fo \

remove potential DEGs before performing the data normalization. The normalization function based on this DEG elimination
strategy (DEGES) includes (i) the ariginal TbT method based on DEGES for two-group data with or without replicates, (ii)
much faster methods for two-group data with or without replicates, and (i) methods for multi-group comparison. TCC
provides a simple unified interface to perform such analyses with combinations of functions provided by edgeR, DESeq, and
baySeq. Additionally, a function for generating simulation data under various conditions and alternative DEGES procedures
consisting of functions in the existing packages are provided. Bicinformatics scientists can use TCC to evaluate their
methods, and biologists familiar with other R packages can easily learn what is done in TCC.

CONCLUSION: DEGES in TCC is essential for accurate normalization of tag count data, especially when up- and down-
regulated DEGs in one of the samples are extremely biased in their number. TCC is useful for analyzing tag count data in
various scenarios ranging from unbiased to extremely biased differential expression. TCC is available at http://www.iu.a.u-
tokyo.ac jp/~kadota/TCC/ and will appear in Bioconductor (hitp:/bioconductor.arg/) from ver. 2.13.
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Abstract
BACKGROUND: Differential expression analysis based on "next-generation” sequencing technologies is a fundamental

means of studying RNA expression. We recently developed a multi-step normalization method (called ThT) for two-group
RNA-seq data with replicates and demonstrated that the statistical methods available in four R packages (edgeR, DESeq,
baySeq, and NBPSeq) together with TbT can produce a well-ranked gene list in which true differentially expressed genes
(DEGs) are top-ranked and non-DEGs are botiom ranked. However, the advantages of the current TbT method come at the
cost of a huge computation time. Moreover, the R packages did not have normalization methods based on such a multi-step
strateqy.

RESULTS: TCC (an acronym for Tag Count Comparison) is an R package that provides a series of functions for differential
expression analysis of tag count data. The package incorporates multi-step normalization methods, whose strategy is fo
remove potential DEGs before performing the data normalization. The normalization function based on this DEG elimination
strategy (DEGES) includes (i) the ariginal TbT method based on DEGES for two-group data with or without replicates, (ii)
much faster methods for two-group data with or without replicates, and (i) methods for multi-group comparison. TCC
provides a simple unified interface to perform such analyses with combinations of functions provided by edgeR, DESeq, and
baySeq. Additionally, a function for generating simulation data under various conditions and alternative DEGES procedures
consisting of functions in the existing packages are provided. Bicinformatics scientists can use TCC to evaluate their
methods, and biologists familiar with other R packages can easily learn what is done in TCC.

CONCLUSION: DEGES in TCC is essential for accurate normalization of tag count data, especially when up- and down-
regulated DEGs in one of the samples are extremely biased in their number. TCC is useful for analyzing tag count data in
various scenarios ranging from unbiased to extremely biased differential expression. TCC is available at http://www.iu.a.u-
tokyo.ac jp/~kadota/TCC/ and will appear in Bioconductor (hitp:/bioconductor.arg/) from ver. 2.13.
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Abstract

RNA-Seq is a widely used method for studying the behavior of genes under different biological conditions. An
essential step in an RNA-Seq study is normalization, in which raw data are adjusted to account for factors that
prevent direct comparison of expression measures. Errors in normalization can have a significant impact on
downstream analysis, such as inflated false positives in differential expression analysis. An underemphasized
feature of normalization is the assumptions on which the methods rely and how the validity of these assumptions
can have a substantial impact on the performance of the methods. In this article, we explain how assumptions
provide the link between raw RNA-Seq read counts and meaningful measures of gene expression. WWe examine
normalization methods from the perspective of their assumptions, as an understanding of methodological
assumptions is necessary for choosing methods appropriate for the data at hand. Furthermore, we discuss why
normalization methods perform poorly when their assumptions are violated and how this causes problems in
subsequent analysis. To analyze a biological experiment, researchers must select a normalization method with
assumptions that are met and that produces a meaningful measure of expression for the given experiment.

PMID: 28334202 PMCID: PMCE171491 DOI: 10.1093/bib/bbx008
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A systematic evaluation of single cell RNA-seq analysis pipelines.
Vieth 51 Parekh 52 Liegenhain {33 Enard W' . Hellmann 4. ’
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Abstract

The recent rapid spread of single cell RNA sequencing (scRNA-seq) methods has created a
large variety of experimental and computational pipelines for which best practices have not

yet been established. Here, we use simulations based on five scRNA-seq library protocols in
combination with nine realistic differential expression (DE) setups to systematically evaluate
three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a
biolegical signal as quadrupling the sample size.

PMID: 31604912 PMCID: PMC6789098 DOl 10.1038/541467-019-12266-7
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content including the entire spectrum of possible DE-settings.
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3.1 Benchmarking using simulated data

We simulated 20 datasets. each consisting of 500 cells belonging to 2 cell types
(224 cells from cell type 1 versus 276 cells from cell type 2) with 3000
endogenous genes and 50 spike-ins. The observed count were generated under
the DECENT model using parameters estimated from Tung’s dataset (see

Supplementary Materials for details). In each dataset. we set ~10% of the genes

202042 At&ETh I

to be DEGs. Figure 2 shows that DECENT estimates gene-specific pre-dropout ’

proportion of zeroes and variance. as well as the actual pre-dropout counts
unbiasedly. Figure 3 shows that DECENT s performance in detecting DEGs also
appear to be competitive when compared with existing methods. namely SCDE
(Kharchenko et al.. 2014). MAST (Finak et al.. 2015). Monocle2 (Qiu et al..
2017; Trapnell et al.. 2014). ZINB-WaVE adjusted edgeR (Van den Berge et al..
2018) and edgeR (McCarthy et al.. 2012). Over the 20 datasets. the mean(SD) of
the partial area under the receiver operating characteristic (pAUROC) for
DECENT 1s 0.708(0.001). followed by MAST with 0.687(0.001) (see
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A general and flexible method for signal extraction from single-
cell RNA-seq data.

Risso D1i Perraudeau in zribkova SS, Dudoit 84-'5, Vert Jp&.7.8.9.

# Author information

Erratum in
Publisher Correction: A general and flexible method for signal extraction from single-cell RNA-seq
data. [Nat Commun. 2019]

Abstract

Single-cell RNA-sequencing (scRNA-seq) is a powerful high-throughput technique that enables
researchers to measure genome-wide transcription levels at the resolution of single cells.
Because of the low amount of RNA present in a single cell, some genes may fail to be detected
even though they are expressed; these genes are usually referred to as dropouts. Here, we }
present a general and flexible zero-inflated negative binomial model (ZINB-WaVE), which leads
to low-dimensional representations of the data that account for zero inflation (dropouts), over-
dispersion, and the count nature of the data. We demonstrate, with simulated and real data,
that the model and its associated estimation procedure are able to give a more stable and
accurate low-dimensional representation of the data than principal component analysis (PCA)
and zero-inflated factor analysis (ZIFA), without the need for a preliminary normalization step.

PMID: 29348443 FPMCID: PMC5773583 DOl 10.1038/s41467-017-02554-5

[Indexed for MEDLINE]  Free PMC Article
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Publisher Correction: A general and flexible method for signal extraction from single-cell RNA-seq
data. [Nat Commun. 2019]

Abstract

Single-cell RNA-sequencing (scRNA-seq) is a powerful high-throughput technique that enables
researchers to measure genome-wide transcription levels at the resolution of single cells.
Because of the low amount of RNA present in a single cell, some genes may fail to be detected
even though they are expressed; these genes are usually referred to as dropouts. Here, we
present a general and flexible zero-inflated negative binomial model (ZINB Waf:}’ which leads

to low-dimensional representations of the data that account for zero inflati pouts), over-
dispersion, and the count nature of the data. We demonstrate, with simulafetl and real data,
that the model and its associated estimation procedure are able to give a more stable and
accurate low-dimensional representation of the data than principal component analysis (PCA)
and zero-inflated factor analysis (ZIFA), without the need for a preliminary normalization step.

PMID: 29348443 PMCID: PMC5773593 DOl 10.1038/s41467-017-02554-5
[Indexed for MEDLINE]  Free PMC Article
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Single-cell RNA-sequencing (scRNA-seq) is a powerful high-throughput technique that enables
researchers to measure genome-wide transcription levels at the resolution of single cells.
Because of the low amount of RNA present in a single cell, some genes may fail to be detected
even though they are expressed; these genes are usually referred to as dropouts. Here, we
present a general and flexible zero-inflated negative binomial model (ZINB-WaVE), which leads
to low-dimensional representations of the data that account for zero inflation (dropouts), oveF-

dispersion, and the count nature of the data. We demonstrate, with simulated and real
that the model and its associated estimation procedure are able to give a more stable
accurate low-dimensional representation of the data than principal component analysis (PCA)
and zero-inflated factor analysis (ZIFA), without the need for a preliminary normalization step.

PMID: 29348443 FPMCID: PMC5773583 DOl 10.1038/s41467-017-02554-5
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Abstract

Single-cell RNA-seq data allows insight into normal cellular function and various disease
states through molecular characterization of gene expression on the single cell level.
Dimensionality reduction of such high-dimensional data sets is essential for visualization and
analysis, but single-cell RNA-seq data are challenging for classical dimensionality-reduction

methods because of the prevalence of dropout events, which lead to zero-inflated data. Here,

we develop a dimensionality-reduction method, (Z)ero (I)nflated (F)actor (A)nalysis (ZIFA),
which explicitly models the dropout characteristics, and show that it improves modeling
accuracy on simulated and biological data sets.

PMID: 26527291 PMCID: PMC4630968 DOIl: 10.1186/513059-015-0805-7
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A flexible count data model to fit the wide diversity of expression
profiles arising from extensively replicated RNA-seq experiments.

Esnacla n-11, Puig P, Gonzalez D, Castelo B, Gonzalez JR. ’
# Author information

Abstract

BACKGROUND: High-throughput RNA sequencing (RNA-seq) offers unprecedented power to
capture the real dynamics of gene expression. Experimental designs with extensive biological
replication present a unigue opportunity to exploit this feature and distinguish expression
profiles with higher resolution. RNA-seq data analysis methods so far have been mostly applied
to data sets with few replicates and their default settings try to provide the best performance
under this constraint. These methods are based on two well-known count data distributions: the
Poisson and the negative binomial. The way to properly calibrate them with large RNA-seq data
sets is not trivial for the non-expert bioinformatics user.

RESULTS: Here we show that expression profiles produced by extensively-replicated RNA-seq
experiments lead to a rich diversity of count data distributions beyond the Poisson and the
negative binomial, such as Poisson-Inverse Gaussian or Pdlya-Aeppli, which can be captured
by a more general family of count data distributions called the Poisson-Tweedie. The flexibility
of the Poisson-Tweedie family enables a direct fitting of emerging features of large expression
profiles, such as heavy-tails or zero-inflation, without the need to alter a single configuration
parameter. We provide a software package for R called tweeDEseq implementing a new test for
differential expression based on the Poisson-Tweedie family. Using simulations on synthetic
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Abstract

BACKGROUND: High-throughput RNA sequencing (RNA-seq) offers unprecedented power to
capture the real dynamics of gene expression. Experimental designs with extensive biological
replication present a unigue opportunity to exploit this feature and distinguish expression
profiles with higher resolution. RNA-seq data analysis methods so far have been mostly applied
to data sets with few replicates and their default settings try to provide the best performance
under this constraint. These methods are based on two well-known count data distributions: the
Poisson and the negative binomial. The way to properly calibrate them with large RNA-seq data
sets is not trivial for the non-expert bioinformatics user.

RESULTS: Here we show that expression profiles produced by extensively-replicated RNA-seq
experiments lead to a rich diversity of count data distributions beyond the Poisson and the
negative binomial, such as Poisson-Inverse Gaussian or Pdlya-Aeppli, which can be captured
by a more general family of count data distributions called the Poisson-Tweedie. The flexibility
of the Poisson-Tweedie family enables a direct fitting of emerging features of large expression
profiles, such as heavy-tails or zero-inflation, without the need to alter a single configuration
parameter. We provide a software package for R called tweeDEseq implementing a new test for
differential expression based on the Poisson-Tweedie family. Using simulations on synthetic
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BACKGROUND: High-throughput RNA sequencing (RNA-seq) offers unprecedented power to
capture the real dynamics of gene expression. Experimental designs with extensive biological
replication present a unigue opportunity to exploit this feature and distinguish expression

profiles with higher resolution. RNA-seq data analysis methods so far have been mostly applied
to data sets with few replicates and their default settings try to provide the best performance
under this constraint. These methods are based on two well-known count data distributions: the
Poisson and the negative binomial. The way to properly calibrate them with large RNA-seq data
sets is not trivial for the non-expert bioinformatics user.

RESULTS: Here we show that expression profiles produced by extensively-replicated RNA-seq
experiments lead to a rich diversity of count data distributions beyond the Poisson and the
negative binomial, such as Poisson-Inverse Gaussian or Pdlya-Aeppli, which can be captured
by a more general family of count data distributions called the Poisson-Tweedie. The flexibility
of the Poisson-Tweedie family enables a direct fitting of emerging features of large expression
profiles, such as heavy-tails or zero-inflation, without the need to alter a single configuration
parameter. We provide a software package for R called tweeDEseq implementing a new test for
differential expression based on the Poisson-Tweedie family. Using simulations on synthetic
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BACKGROUND: High-throughput RNA sequencing (RNA-seq) offers unprecedente heavy—talIskbzero—lnflayon@é:')fa?}ﬁ%
capture the real dynamics of gene expression. Experimental designs with extensive %POiSSOﬂ_TWGedie:Eﬁ' L [i')i(ﬂy [’) ﬁ
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to data sets with few replicates and their default settings try to provide the best perforrraros
under this constraint. These methods are based on two well-known count data distributions: the
Poisson and the negative binomial. The way to properly calibrate them with large RNA-seq data
sets is not trivial for the non-expert bioinformatics user.

RESULTS: Here we show that expression profiles produced by extensively-replicated RNA-seq
experiments lead to a rich diversity of count data distributions beyond the Poisson and the
negative binomial, such as Poisson-Inverse Gaussian or Pdlya-Aeppli, which can be captured
by a more general family of count data distributions called the Poisson-Tweedie. The flexibility
of the Poisson-Tweedie family enables a direct fitting of emerging features of large expression
profiles, such as heavy-tails or|zero-inflatior], without the need to alter a single configuration
parameter. We provide a software package for R called tweeDEseq implementing a new test for
differential expression based on the Poisson-Tweedie family. Using simulations on synthetic
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simultaneously determines the variance of the distribution. Given thattne onservea
variation in read counts is much larger than the mean (overdispersion), researchers
have proposed the use of negative binomial (NB) distributions [6-8] which are
defined by two parameters: the mean and the dispersion. However, the larger power
of RNA-seq to capture biological variability can poten‘mroduce into count data
not only overdispersion, but also oddities such as zero-inﬂation| (ie., in lowly
expressed genes, the proportion of zero counts may be greater than expected under
an NB distribution) and heavy tail behavior (i.e., a large dynamic range within the
same expression profile), specially when many biological replicates are available.
Under these circumstances even a two-parameter NB distribution may not provide
an adequate fit to the data (see Figure 1). In turn, this may lead to incorrect statistical
inferences resulting in lists of DE genes with a potentially increased number of false
positive calls and poor reproducibility. To overcome this problem, methods based on
the NB distribution [6-11] use sophisticated moderation techniques that borrow
information across genes and exploit the mean-variance relationship in count data to
improve the estimation of the NB dispersion parameter. This requires, however, that
the parameter configuration is calibrated for the most appropriate moderation
regime which may depend on features such as sample size, the magnitude of the fold-
change, the variability of expression levels, the fraction of genes undergoing
differential expression and the overall expression level.
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of RNA-seq to capture biological variability can poten‘htroduce 1
not only overdispersion, but also oddities such as zero-inﬂation| (ie., in lowly
expressed genes, the proportion of zero counts may be greater than expected under
an NB distribution) and heavy tail behavior (i.e., a large dynamic range within the
same expression profile), specially when many biological replicates are available.
Under these circumstances even a two-parameter NB distribution may not provide
an adequate fit to the data (see Figure 1). In turn, this may lead to incorrect statistical
inferences resulting in lists of DE genes with a potentially increased number of false
positive calls and poor reproducibility. To overcome this problem, methods based on
the NB distribution [6-11] use sophisticated moderation techniques that borrow
information across genes and exploit the mean-variance relationship in count data to
improve the estimation of the NB dispersion parameter. This requires, however, that
the parameter configuration is calibrated for the most appropriate moderation
regime which may depend on features such as sample size, the magnitude of the fold-
change, the variability of expression levels, the fraction of genes undergoing
differential expression and the overall expression level.
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an adequate fit to the data (see Figure 1). In turn, this may lead to incorrect statistical
inferences resulting in lists of DE genes with a potentially increased number of false
positive calls and poor reproducibility. To overcome this problem, methods based on
the NB distribution [6-11] use sophisticated moderation techniques that borrow
information across genes and exploit the mean-variance relationship in count data to
improve the estimation of the NB dispersion parameter. This requires, however, that
the parameter configuration is calibrated for the most appropriate moderation
regime which may depend on features such as sample size, the magnitude of the fold-
change, the variability of expression levels, the fraction of genes undergoing

differential expression and the overall expression level.
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Evaluation of methods for differential expression analysis on multi-group
RNA-seq count data.

Tang M, Sun J2, Shimizu K?, Kadota K*
# Author information

Abstract

BACKGROUND: RNA-seq is a powerful tool for measuring transcriptomes, especially for identifying
differentially expressed genes or transcripts (DEGs) between sample groups. A number of methods have
been developed for this task, and several evaluation studies have also been reported. However, those
evaluations so far have heen restricted to two-group comparisons. Accumulations of comparative studies for
multi-group data are also desired.

METHODS: We compare 12 pipelines available in nine R packages for detecting differential expressions
(DE) from multi-group RNA-seq count data, focusing on three-group data with or without replicates. We
evaluate those pipelines on the basis of both simulation data and real count data.

RESULTS: As a result, the pipelines in the TCC package performed comparably to or better than other
pipelines under various simulation scenarios. TCC implements a multi-step normalization strategy (called
DEGES) that internally uses functions provided by other representative packages (edgeR, DESeq2, and so
on). We found considerably different numbers of identified DEGs (18.5 ~ 45.7% of all genes) among the
pipelines for the same real dataset but similar distributions of the classified expression patterns. We also
found that DE results can roughly be estimated by the hierarchical dendrogram of sample clustering for the
raw count data.

CONCLUSION: We confirmed the DEGES-hased pipelines implemented in TCC performed well in a three-
group comparison as well as a two-group comparison. We recommend using the DEGES-based pipeline
that internally uses edgeR (here called the EEE-E pipeline) for count data with replicates (especially for
small sample sizes). For data without replicates, the DEGES-based pipeline with DESeqg2 (called SSS-S)
can be recommended.

PMID: 26538400 PMCID: PMC4634584 DOI: 10.1186/s12859-015-0794-7
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Abstract

BACKGROUND: RNA-seq is a powerful tool for meas
differentially expressed genes or transcripts (DEGs)

been developed for this task, and several evaluation
evaluations so far have heen restricted to two-group

multi-group data are also desired.

METHODS: We compare 12 pipelines available in nin
(DE) from multi-group RNA-seq count data, focusing
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@

PMID: 26538400 PMCID: PMC4634584 DOI: 10.1186/s1285

Read counts across technical replicates derived from a single source fit to a
Poisson distribution [3, 21]. For data on biological replicates (BRs) derived
from different individuals, the gene-level counts well fit to an over-
dispersed Poisson distribution such as a negative-binomial (NB) model [10,
11, 22], beta-binomial (BB) model [5, 23], Poisson-Tweedie model [6], and
so on. In particular, the Poisson-Tweedie model well captures the
biological variation (especially for zero-inflation and heavy tail behavior,
for details see [6]) when many BRs are available. As an increase in sample
size (i.e., the number of replicate samples) precedes an increase in
sequencing depth (i.e., the number of sequenced reads) [24-26], a more
complex model such as Poisson-Tweedie may be the first choice for count
data with many BRs. However, as many replicates are still difficult to take
due to sequencing cost and the small amount of the target RNA sample,
RNA-seq data with few BRs have mainly been stored. Two R packages
based on the NB model (edgeR and DESeq) have been widely used as a
common choice for DE analysis of RNA-seq data with few BRs [9-11, 27].
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Read counts across technical replicates derived from a single source fit to a
Poisson distribution [3, 21]. For data on biological replicates (BRs) derived
from different individuals, the gene-level counts well fit to an over-
dispersed Poisson distribution such as a negative-binomial (NB) model [10,
11, 22], beta-binomial (BB) model [5, 23], Poisson-Tweedie model [6], and
so on. In particular, the Poisson-Tweedie model well captures the
biological variation (especially for zero-inflation and heavy tail behavior,
for details see [6]) when many BRs are available. As an increase in sample
size (i.e., the number of replicate samples) precedes an increase in
sequencing depth (i.e., the number of sequenced reads) [24-26], a more
complex model such as Poisson-Tweedie may be the first choice for count
data with many BRs. However, as many replicates are still difficult to take
due to sequencing cost and the small amount of the target RNA sample,
RNA-seq data with few BRs have mainly been stored. Two R packages
based on the NB model (edgeR and DESeq) have been widely used as a
common choice for DE analysis of RNA-seq data with few BRs [9-11, 27].
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differentially expressed genes or transcripts (DEGs)
been developed for this task, and several evaluation
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multi-group data are also desired.

METHODS: We compare 12 pipelines available in nin
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evaluate those pipelines on the basis of both simulat

RESULTS: As a result, the pipelines in the TCC pack]
pipelines under various simulation scenarios. TCC in
DEGES) that internally uses functions provided by ot
on). We found considerably different numbers of iden
pipelines for the same real dataset but similar distrib
found that DE results can roughly be estimated by th
raw count data.

CONCLUSION: We confirmed the DEGES-hased pip
group comparison as well as a two-group comparisol
that internally uses edgeR (here called the EEE-E pif
small sample sizes). For data without replicates, the

can be recommended.
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dispersed Poisson distribution such as a negative-binomial (NB) model [10,
11, 22], beta-binomial (BB) model [5, 23], Poisson-Tweedie model [6], and
so on. In particular, the Poisson-Tweedie model well captures the
biological variation (especially for zero-inflation and heavy tail behavior,
for details see [6]) when many BRs are available. As an increase in sample
size (i.e., the number of replicate samples) precedes an increase in
sequencing depth (i.e., the number of sequenced reads) [24-26], a more
complex model such as Poisson-Tweedie may be the first choice for count
data with many BRs. However, as many replicates are still difficult to take
due to sequencing cost and the small amount of the target RNA sample,
RNA-seq data with few BRs have mainly been stored. Two R packages
based on the NB model (edgeR and DESeq) have been widely used as a
common choice for DE analysis of RNA-seq data with few BRs [9-11, 27].
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due to sequencing cost and the small amount of the target RNA sample,
RNA-seq data with few BRs have mainly been stored. Two R packages
based on the NB model (edgeR and DESeq) have been widely used as a

common choice for DE analysis of RNA-seq data with few BRs [9-11, 27].
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Abstract

Dropout events in single-cell RNA sequencing (scRNA-seq) cause many transcripts to go
undetected and induce an excess of zero read counts, leading to power issues in differential
expression (DE) analysis. This has triggered the development of bespoke scRNA-seq DE
methods to cope with zero inflation. Recent evaluations, however, have shown that dedicated
scRNA-seq tools provide no advantage compared to traditional bulk RNA-seq tools. We introduce
a weighting strategy, based on a zero-inflated negative binomial model, that identifies excess
zero counts and generates gene- and cell-specific weights to unlock bulk RNA-seq DE pipelines
for zero-inflated data, boosting performance for scRNA-seq.

KEYWORDS: Differential expression; Single-cell RNA sequencing; Weights; Zero-inflated negative binomial
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Abstract

Dropout events in single-cell RNA sequencing (scRNA-seq) cause many transcripts to go
undetected and induce an excess of zero read counts, leading to power issues in differential
expression (DE) analysis. This has triggered the development of bespoke scRNA-seq DE
methods to cope with zero inflation. Recent evaluations, however, have shown that dedicated
scRNA-seq tools provide no advantage compared to traditional bulk RNA-seq tools. We introduce
a weighting strategy, based on a zero-inflated negative binomial model, that identifies excess
zero counts and generates gene- and cell-specific weights to unlock bulk RNA-seq DE pipelines
for zero-inflated data, boosting performance for scRNA-seq.

KEYWORDS: Differential expression; Single-cell RNA sequencing; Weights; Zero-inflated negative binomial
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Dropout events in single-cell RNA sequencing (scRNA-seq) cause many trarscrnprts 1o go
undetected and induce an excess of zero read counts, leading to power issues in differential
expression (DE) analysis. This has triggered the development of bespoke scRNA-seq DE ‘
methods to cope with zero inflation. Recent evaluations, however, have shown that dedicated
scRNA-seq tools provide no advantage compared to traditional bulk RNA-seq tools. We introduce
a weighting strategy, based on a zero-inflated negative binomial model, that identifies excess
zero counts and generates gene- and cell-specific weights to unlock bulk RNA-seq DE pipelines
for zero-inflated data, boosting performance for scRNA-seq.
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A systematic evaluation of single cell RNA-seq analysis pipelines.
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Abstract

The recent rapid spread of single cell RNA sequencing (scRNA-seq) methods has created a
large variety of experimental and computational pipelines for which best practices have not

yet been established. Here, we use simulations based on five scRNA-seq library protocols in
combination with nine realistic differential expression (DE) setups to systematically evaluate
three mapping, four imputation, seven normalisation and four differential expression testing
approaches resulting in ~3000 pipelines, allowing us to also assess interactions among
pipeline steps. We find that choices of normalisation and library preparation protocols have the
biggest impact on scENA-seq analyses. Specifically. we find that hibrary preparation determines
the ability to detect symmetric expression differences, while normalisation dominates pipeline
performance in asymmetric DE-setups. Finally, we illustrate the importance of informed choices
by showing that a good scRNA-seq pipeline can have the same impact on detecting a
biolegical signal as quadrupling the sample size.

PMID: 31604912 PMCID: PMC6789098 DOl 10.1038/541467-019-12266-7
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One main assumption in traditional DE-analysis 1s that differences in
expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains
constant or sumilar numbers of genes are up- and down-regulated so
that the mean total mRNA content does differ between groups™ . This
assumption is no longer true when diverse cell types are considered.

~ find up to 60°

amounts of total mMRNA levels between cell types. This 1ssue of

For example. Zeisel et al.” %o DE genes and differing

asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been
addressed so far. Therefore, we simulate varying numbers of DE-
genes in conjunction with small to large differences i mBENA
content including the entire spectrum of possible DE-settings.
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UMI-count modeling and differential expression analysis for
single-cell RNA sequencing. ’

Chen W' Li Y2 Easton J! Finkelstein D', Wu G'. Chen X3,

i+ Author information

Abstract

Read counting and unique molecular identifier (UMI) counting are the principal gene
expression quantification schemes used in single-cell RNA-sequencing (scRNA-seq) analysis.
By using multiple scRNA-seq datasets, we reveal distinct distribution differences between
these schemes and conclude that the negative binomial model is a good approximation for
UMI counts, even in heterogeneous populations. We further propose a novel differential
expression analysis algorithm based on a negative binomial model with independent
dispersions in each group (NBID). Our results show that this properly controls the FOR and
achieves better power for UMI counts when compared to other recently developed packages
for scRNA-seq analysis.

KEYWORDS: Differential expression analysis; Negative binomial; Unigue molecular identifier
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batch effects are expected to overlap with biological differences n this setting.

It 1s better to account for batch effects by proper experimental design. such as

by mncluding multiple biological replicates for each group. Another typical

application of differential expression analysis is to identify potential
biomarkers for inferred cell subpopulations. One potential caveat i this

LY

setting 1s that cells are usually clustered from the same data. Therefore. p

values or FDR values derived from the differential expression analysis might

be overly optimistic. However. the result is still useful for prionitizing

potential biomarkers for further validation.
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Genome Res. 2013 Oct;23(10):1563-79. doi: 10.1101/gr. 154872113, Epub 2013 Jul 26.
Sumoylation at chromatin governs coordinated repression of a
transcriptional program essential for cell growth and proliferation.

Meyret-Kahn H1: Benhamed M, ¥e T, Le Gras 5, Cossec JC, Lapaqueite P, Bischof O, Ouspenskaia M, Dasso M, Seeler
J, Davidson |, Dejean A.

+ Author information

Abstract
Despite numerous studies on specific sumoylated transcriptional regulators, the global role of SUMO on

chromatin in relation to transcription regulation remains largely unknown. Here, we determined the genome-
wide localization of SUMO1 and SUMO2/3, as well as of UBCY (encoded by UBEZ2I) and PIASY (encoded
by FIAS4), two markers for active sumoylation, along with Pol Il and histone marks in proliferating versus
senescent human fibroblasts together with gene expression profiling. We found that, whereas SUMO alone
15 widely distributed over the genome with strong association at active promoters, active sumaylation occurs
most prominently at promoters of histone and protein biogenesis genes, as well as Pol | rRNAs and Pol 111
tRNAs. Remarkably, these four classes of genes are up-regulated by inhibition of sumoylation, indicating
that SUMO normally acts to restrain their expression. In line with this finding, sumoylation-deficient cells
show an increase in both cell size and global protein levels. Strikingly, we found that in senescent cells, the
SUMO machinery is selectively retained at histone and tRNA gene clusters, whereas it is massively
released from all other unique chromatin regions. These data, which reveal the highly dynamic nature of the
SUMO landscape, suggest that maintenance of a repressive environment at histone and tRNA loci is a
hallmark of the senescent state. The approach taken in our study thus permitted the identification of a
commeoen biclogical output and uncovered hitherto unknown functions for active sumoylation at chromatin as
a key mechanism that, in dynamically marking chromatin by a simple modifier, crchestrates concerted
transcriptional regulation of a network of genes essential for cell growth and proliferation.

PMID: 23293515 PMCID: PMC3727255 DOl 10.1101/gr. 1543872113
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Nat Commun. 2019 Oct 11;10{1):4667. doi: 10.1033/541467-019-12266-7. 60%*5&':%?‘6%%:&%6Ls I\_g)[/
A systematic evaluation of single cell RNA-seq analy ®?mRNAS LHlfE[E TEE L,

Vieth B!, Parekh S2, Ziegenhain C3, Enard W', Hellmann 1*.

i+ Author information

Abstract One main assumption in traditional DE-analysis 1s that differences in
The recent rapid spread of single cell RNA sequencing

large variety of experimental and computational pipelir

yet been established. Here, we use simulations based o
combination with nine realistic differential expression (| constant or similar numbers of genes are up- and down-regulated so

expression are symmetric, This implies that either a small fraction of
genes 1s DE while the expression of the majority of genes remains

three mapping, four imputation seven normalisation af that the mean total mRNA content does differ between groups™ . This
approaches resulting in ~3000 pipelines, allowing ug\td assumption is no longer true when diverse cell types are considered.
pipeline steps. We find that choices of normalisatio@ For example. Zeisel et al.” find up to 60% DE genes and differing
biggest impact on scENA-seq analyses. Specifically]
the ability to detect symmetric expression differences,
performance in asymmetric DE-setups. Finally, we illug

by showing that a good scRMNA-seq pipeline can have _ .
biclogical signal as quadrupling the sample size. addressed so far. Therefore, we simulate varying numbers of DE-

amounts of total mMRNA levels between cell types. This 1ssue of
asymmetry 1s conceptually one of the characteristics that
distinguishes single cell from bulk RNA-seq and has not been

genes in conjunction with small to large differences in mRNA
PMID: 31604912 PMCID: PMCG739098 DOI: 10.1038/s414671

content including the entire spectrum of possible DE-settings.
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single-cell RNA sequencinaq.

Chen W' Li¥2 Easton J' Finkelstein D]

i+ Author information

Abstract

Read counting and unique molecular
expression quantification schemes u:
By using multiple scRNA-seq datasei
these schemes and conclude that the
UMI counts, even in heterogeneous |
expression analysis algorithm based
dispersions in each group (NBID). O
achieves better power for UMI counts
for scRNA-seq analysis.

KEYWORDS: Differential expression anal

PMID: 29855333 PMCID: EMC5934373 |

single-cell analysis. Even thougli
the current study. the general for
tested simultaneously, as in the g
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Differential expression analysis can be used to reveal differences among

samples run on separate lanes or plates. However. it should be pointed out that

batch effects are expected to overlap with biological differences in this setting.

It 1s better to account for batch effects by proper experimental design. such as

by mncluding multiple biological replicates for each group. Another typical

application of differential expression analysis is to identify potential
biomarkers for inferred cell subpopulations. One potential caveat i this

LY

setting 1s that cells are usually clustered from the same data. Therefore. p

values or FDR values derived from the differential expression analysis might

be overly optimistic. However. the result 1s still useful for priontizing

potential biomarkers for further validation.
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UMI-count modeling and differential expression analysis for

Chen X*. ’

single-cell RNA sequencing.

Chen W' LiY?2 Easton.J! Finkelstein D', Wu G1,

[+ Author information

A TREZITOD Tmulti-group X Iits o

Abstract
Read counting and unigue molecular identifi

expression quantification schemes used in s
By using multiple scENA-seq datasets, we rq
these schemes and conclude that the negati
UMI counts, even in heterogeneous populati
expression analysis algorithm based on a ng
dispersions in each group (NEID). Our resuli
achieves better power for UMI counts when

for scRNA-seq analysis.

KEYWORDS: Differential expression analysis; Ne

PMID: 29855332 PMCID: PMC5984373 DOl 101

single-cell analysis. Even though only pairwise analyses were considered in

the current study. the general form of NBID allows multiple groups to be

tested simultaneously, as in the generalized linear model framework.

Differential expression analysis can be used to reveal differences an’g
samples run on separate lanes or plates. However. it should be pointed out that
batch effects are expected to overlap with biological differences n this setting.
It 1s better to account for batch effects by proper experimental design. such as
by mcluding multiple biological replicates for each group. Another typical
application of differential expression analysis is to identify potential
biomarkers for inferred cell subpopulations. One potential caveat i this
setting 1s that cells are usually clustered from the same data. Therefore. p
values or FDR values derived from the differential expression analysis might
be overly optimistic. However. the result 1s still useful for priontizing
potential biomarkers for further validation.
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Abstract
Read counting and unigue molecular identifi

expression quantification schemes used in s
By using multiple scENA-seq datasets, we rq
these schemes and conclude that the negati
UMI counts, even in heterogeneous populati
expression analysis algorithm based on a ng
dispersions in each group (NEID). Our resuli
achieves better power for UMI counts when
for scRNA-seq analysis.
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the current study. the general form of NBID allows multiple groups to be

tested simultaneously, as in the generalized linear model framework.

Differential expression analysis can be used to reveal differences among

samples run on separate lanes or plates. However. it should be pointed out that

batch effects are expected to overlap with biological differences in this setting.

It 1s better to account for batch effects by proper experimental design. such as

by mncluding multiple biological replicates for each group. Another typical

application of differential expression analysis is to identify potential

biomarkers for inferred cell subpopulations. One potential caveat i this

setting 1s that cells are usually clustered from the same data. Therefore. p

values or FDR values derived from the differential expression analysis might

be overly optimistic. However. the result 1s still useful for priontizing

potential biomarkers for further validation.

202042 A& ET AL

162




® .
GLMAR—X ) 3FE Ml L&

(MDscRNA-seq D RIBEFHENT IO
ZLNBIDDEHX(E, Q—MRILIRFZET
JL (generalized linear model; GLM) 0D 2

Genome Biol. 2015 May 311901170, doi: 10.1186/513059-0158-14338-9.
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single-cell RNA sequencing.
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Abstract

Read counting and unique molecular identifier (UMI) counting are the principal gene
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By using multiple scRNA-seq datasets, wer
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DECENT: differential expression

[+ Author information

single-cell RNA-seq data.
Abstract

Ye C12.3 Speed TP1# SalimA1-58

MOTIVATION: Dropout is a commaon phenomenaon in single-cell RNA-seq (scRNA-seq) data, and when left
unaddressed it affects the validity of the statistical analyses. Despite this, few current methods for differential
expression (DE) analysis of scENA-seq data explicitly model the process that gives rise to the dropout events.
We develop DECENT, a method for DE analysis of scRNA-seq data that explicitly and accurately models the
molecule capture process in scENA-seq experiments.

RESULTS: We show that DECENT demonstrates improved DE performance over existing DE methods that do
not explicitly model dropout. This improvement is consistently ocbserved across several public scRNA-seq
datasets generated using different technological platforms. The gain in improvement is especially large when
the capture process is overdispersed. DECENT maintains type | error well while achieving better sensitivity. Its
performance without spike-ins is almost as good as when spike-ins are used to calibrate the capture model.
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A% vs. BEf vs. CEHD LT —32D15

ARF ;= C#
4 A Y A Y A A\
Al | A2 | A3 Bl | B2 | B3 | Cl | C2| C2

gene_1 691 364 869 21| 96/ 89 41 81 69
gene_2 11 83 125 7 0 1 1 4 7
gene_3 24 8 8 0 0 4 4 2 5
gene 4 34 5 9 0 0 0 0 4 0
gene 5 16f 30 13 0 1 3 2 1 1
gene_6 0 0 2 0 0 0 0 0 1
gene_7 0 21 9 0 3 0 2 0 0
gene_8 639 472 462 54/ 55 31 16 39 37
gene 9 14 59 44 21 8 3 0 4 2
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AFt vs. BE vs. CEED K5I T—32D15
B.GLMAR—XMNDA;ETIL. ANOVAD
FOGTECHDEMTHRIRZFHL TLY

BIBIZS X TEAFERILMRLE

A,
At B#f C#t
A Y4 A ) A \

Al | A2 | A3 | Bl | B2 | B3| Cl|C2| C2]| guvalue
gene 1295 | 5415 5290 4941 315 419 397 310/ 328 328 5.56E-33
gene 1087 | 1859 2013 1375 106 81 66/ 65 108 96/ 5.56E-33
gene 554 | 7882 7549 8641 531 383 611 289 324, 472 5.56E-33
gene 1676 | 732 571 891 #HHt | #itttt | ##HH:| 868 1016| 1274| 8.65E-33
gene 48 830 906 729 39 40 34 65 53 81 8.65E-33
gene 879 | 804 647 713 32 33 32 61 61 37 1.04E-32
gene 2335| 118 112 135 1430 1440 1395 82| 99 107 4.83E-30
gene 2692 | 180 171 169 149 136/ 188 2671 1772 2437 6.46E-30
gene 1138 | 1393 493 706 20 22 9 36 50 55 1.19E-29
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AR B#f

AFt vs. BE vs. CEED K5I T—32D15
B.GLMAR—XMNDAF;ETIEL. ANOVAD
FOWTETH DB THRIZESIL TLY
BIBIZZF T TEAHFERILAIRLE
HhA, BIZIE. DE1~MLIFABTE R
HINF—2

C#

Al | A2 | A3 | Bl1 | B2 | B3 | Cl

C2 | C2 | q.value

gene_1295 | 5415 5290| 4941 315 419 397 310

gene_1087 | 1859 2013 1375 106 81 66/ 65

gene 554 | 7882 7549 8641 531 383 611 289

328 328/ 5.56E-33
108/ 96/ 5.56E-33 ‘

324/ 472 5.56E-33

gene 1676 | 732 571 891 #### | #### | #H# | 868

1016 1274, 8.65E-33

gene_48 830 906/ 729 39 40 34| 65

53] 81 8.65E-33

gene_879 804, 647 7131 320 33 32| 61

61 37| 1.04E-32

gene_2335| 118 112 135 1430] 1440 1395 82

99 107 4.83E-30

gene 2692 | 180 171} 169 149 136, 188 2671

1772 2437 6.46E-30

gene_1138 | 1393 493 706/ 20 22 9 36

50 55 1.19E-29
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AFt vs. BE vs. CEED K5I T—32D15
B.GLMAR—XMNDAF;ETIEL. ANOVAD
FOWTETH DB THRIZESIL TLY

BIEIZZF T TEBHERILMRLE
Bho BlIZIE. DE1~LITABETE R
/NG —2  QFEAMIIIBEETEHRIR/N

=2,

A

A4

\

Al

A2

A3

Bl

B2

B3

C1

C2

C2

g.value

gene 1295

5415

5290

4941

315

419

397

310

328

328

5.56E-33

gene_1087

1859

2013

1375

106

81

66

65

108

96

5.56E-33

gene_554

/882

7549

8641

531

383

611

289

324

472

5.56E-33

gene 1676

732

o571

891

HERH

HEHH

HHERH

868

1016

1274

8.65E-33

gene 48

830

906

729

39

40

34

65

53

81

8.65E-33

gene 879

804

647

713

32

33

32

61

61

37

1.04E-32

gene 2335

118

112

135

1430

1440

1395

82

99

107

4.83E-30

gene 2692

180

171

169

149

136

188

2671

1772

2437

6.46E-30

gene 1138

1393

493

706

20

22

36

50

95

1.19E-29
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AR B#f

AFt vs. BE vs. CEED K5I T—32D15
B.GLMAR—XMNDAF;ETIEL. ANOVAD
FOWTETH DB THRIZESIL TLY
BIEIZTF T CEAFER ILMERLE
Bho BlIZIE. DE1~LITABETE R
IR/ —>  @QF4IEIBETEHEIR/N
A—2 QFDMIEZALREL,

A

\

Al | A2 | A3 | Bl1 | B2 | B3 | Cl

C2 | C2 | qg.value

gene_1295 | 5415 5290| 4941 315 419 397 310

328 328/ 5.56E-33

gene_1087 | 1859 2013 1379 106 81 66/ 65

108 96/ 5.56E-33 [

gene 554 | 7882 7549 8641 531 383 611 289

324 472 556E-33

gene 1676 | 732 571 8OL|#### | #### | #H#| 868

1016 1274, 8.65E-33

gene_48 830, 906| 72 39 40 34 65

53 81 8.65E-33

gene_879 804, 647 71 32| 33 32 61

gene_2335| 118 112 135| 1430 1440 1395 82

gene 2692 | 180 171} 169 149 136, 188| 2671

61 37| 1.04E-32
99 107 4.83E-30 *‘

1772 2437 6.46E-30

gene_1138 | 1393 493 706 20 22 9 36

50 55 1.19E-29
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GLMAR—ZMbulk RNA-seqFFBS'S
LTHAHTCCIE. D~QD L5735 FH /N
A—2EBEMICRIE T SHREEIRfHL
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TULNERLAY: -
At B#f C#t
A Y4 A ) A \

Al | A2 | A3 | Bl | B2 | B3| Cl|C2| C2]| guvalue
gene 1295 | 5415 5290 4941 315 419 397 310/ 328 328 5.56E-33
gene 1087 | 1859 2013 1375 106 81 66/ 65 108 96/ 5.56E-33
gene 554 | 7882 7549 8641 531 383 611 289 324/ 472 5.56E-33
gene 1676 | 732 571 8O1|##HHt | #ittit | #HHE| 868 1016| 1274 8.65E-33
gene 48 830 906/ 729 39 40 34 65 53 81 8.65E-33]
gene 879 | 804 647 713 32 33 32 61 61 37 1.04E-32
gene 2335| 118 112 135| 1430 1440 1395 82| 99 107 4.83E-30 ‘
gene 2692 | 180 171 169 149 136 188| 2671 1772 2437 6.46E-30
gene 1138|1393 493 706 20 22 9 36 50 55 1.19E-29
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GLMAR—X Mbulk RNA-seq 70455
LTHATCCIE, D~QD K57 FIF /N
A—2x BEMICEE 9 SiEeET IR L
TLVEWA . @D &SRB/ F—2 5

fERRERLALLY
ARF ;= C#

Al | A2 | A3 | Bl | B2 | B3| Cl1 | C2 | C2 | g.value [orderings
gene 1295 | 5415 5290 4941 315 419 397| 310 328 328 5.56E-33| A>other
gene 1087 | 1859 2013| 1375 106) 81 66/ 65 108 96 5.56E-33| A>other
gene 554 | 7882 7549 8641 531 383 611 289 324 472 5.56E-33] A>other
gene 1676 | 732 571 89| #### | ### | ##H#H#| 868 1016| 1274 8.65E-33| B>other
gene 48 830, 906, 72 39, 40, 34 65 53 81 8.65E-33] A>other
gene_879 804, 647 71 320 33 32 61 61 37 1.04E-32[ A>other
gene 2335| 118 112 135| 1430 1440 1395 82| 99 107| 4.83E-30, B>other
gene 2692 | 180, 171 169 149 136/ 188| 2671 1772 243 6.46E-30| C>other
gene 1138 | 1393 493 706 20 22 9 36 50 55 1.19E-29| A>other
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—RRIICKATOHONSFIEIL., FRIRTE
(post—hoc test) , HIZ (X, 318Y) D 2F£R]
LB (A vs. B, A vs. C, and B vs. C) 1T
L\ ZOEERICEDNTOD K555
8L E XA gEf=AY, THEEIC

[FFEEmE AL,
ARF ;= C#

Al | A2 | A3 | Bl | B2 | B3| Cl1 | C2 | C2 | g.value [orderings
gene 1295 | 5415 5290 4941 315 419 397] 310 328 328 5.56E-33| A>other
gene 1087 | 1859 2013| 1375 106 81 66/ 65 108 96 5.56E-33| A>other
gene 554 | 7882 7549 8641 531 383 611 289 324 472 5.56E-33 A>other
gene 1676 | 732 571 891 #### ## | ####| 868 1016| 1274 8.65E-33| B>other
gene 48 830 906/ 729] 39 40 34/ 65 53 81 8.65E-33 A>other
gene_879 804, 647 7131 321 33 320 61 61 37 1.04E-32] A>other
gene 2335| 118 112 135 1430 1440 1395 82| 99 107| 4.83E-30, B>other
gene 2692 | 180 171 169 149 136 188 2671 1772 2437 6.46E-30| C>other
gene 1138 | 1393 493 706 20 22 9 36 50 55 1.19E-29| A>other
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Biginform Biol Insights. 2019 Jul 8;13:1177932219860817. doi: 10.1177/1177932219860817. eColle| () Z BIjZ L C. OsabeiE & EF(2ai &

Accurate Classification of Differential Expression Patterns in a Bayesian

Framework With Robust Normalization for Multi-Group RNA-Seq Count Data.

Dsabe T'. Shimizu K1'2. Kadota K12,

#+ Author information

Abstract

Empirical Bayes is a choice framework for differential expression (DE) analysis for multi-group RNA-seq count
data. Its characteristic ability to compute posterior probabilities for predefined expression patterns allows users
to assign the pattern with the highest value to the gene under consideration. However, current Bayesian
methods such as baySeq and EBSeq can be improved, especially with respect to normalization. Two R
packages (baySeq and EBSeq) with their default normalization settings and with other normalization methods
(MRN and TCC) were compared using three-group simulation data and real count data. Our findings were as
follows: (1) the Bayesian methods coupled with TCC normalization performed comparably or better than those
with the default normalization settings under various simulation scenarios, (2) default DE pipelines provided in
TCC that implements a generalized linear model framework was still superior to the Bayesian methods with
TCC normalization when overall degree of DE was evaluated, and (3) baySeq with TCC was robust against
different choices of possible expression patterns. In practice, we recommend using the default DE pipeline
provided in TCC for obtaining overall gene ranking and then using the baySeq with TCC normalization for
assigning the most plausible expression patterns to individual genes.

KEYWORDS: RMA-seq; differential expression analysis; empirical Bayes; expression patterns; normalization

FMID: 31312083 PMCID: PMCB614938 DO 10117 7M1779322198605817
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A

OsabeiEZ—E Lz (L. DA ST,
QDI S5LERE/HLDTT,

D

A

4

A4

\

Al

A2

A3

Bl

B2

B3

C1

C2

C2

g.value

orderings

gene_1295

5415

5290

4941

315

419

397

310

328

328

5.56E-33

A>other

gene_1087

1859

2013

1375

106

81

66

65

108

96

5.56E-33

A>other

gene_554

7882

7549

8641

531

383

611

289

324

472

5.56E-33

A>other

gene 1676

732

o571

891

HEHRH

HHAH

HERH

868

1016

1274

8.65E-33

B>other

gene 48

830

906

729

39

40

34

65

53

81

8.65E-33

A>other

gene 879

804

647

713

32

33

32

61

61

37

1.04E-32

A>other

gene 2335

118

112

135

1430

1440

1395

82

99

107

4.83E-30

B>other

gene_2692

180

171

169

149

136

188

2671

1772

2437

6.46E-30

C>other

gene_1138

1393

493

706

20

22

36

50

95

1.19E-29

A>other
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Bl

B2

B3

C1
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g.value

orderings

gene 1295

5415

5290

4941

315

419

397

310

328

328

5.56E-33

A>other

gene_1087

1859

2013

1375

106

81

66

65

108

96

5.56E-33

A>other

gene_554

7882

7549

8641

531

383

611

289

324

472

5.56E-33

A>other

gene 1676
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o571

891

HEHRH

HHAH

HERH

868

1016

1274

8.65E-33

B>other
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830

906

729

39
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34

65

53

81

8.65E-33

A>other

gene 879

804

647

713
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32
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61

37
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A>other
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1440

1395

82

99

107

4.83E-30)

B>other

gene 2692

180

171

169

149

136

188

2671

1772

2437

6.46E-30|

C>other

gene 1138

1393

493

706

20

22

36

50

95

1.19E-29)

A>other

202042 Bt/ ETh i K

175




Osabe;%T.. .4

OsabeizZ#—ETWL\zIEX. OMAAT
QDI REFDHIEDTYT QI
HEREDTCCTHLONAEREFL, @
HIP/N\I—U FEFER AWM CETEL
THMLI=DH0sabeit . DIETTCCTHE
LN T-nEELIEFRIL{R2% . baySeq&lD
IREBEARA X RDFEIREFHENTHER/ Y

T—otABDHERELD

Al

A2

A3

Bl

B2

B3

C1

C2 | C2 | g.value |orderings

gene 1295

5415

5290

4941

315

419

397

310

328| 328/ 5.56E-33| A>other

gene_1087

1859

2013

1375

106

81

66

65

108 96 5.56E-33] A>other

gene_554

7882

7549

8641

531

383

611

289

324 472 5.56E-33| A>other

gene 1676

732

o571

891

HEHRH

HHAH

HERH

868

1016 1274, 8.65E-33| B>other

gene 48

830

906

729

39

40

34

65

53 81 8.65E-33| A>other

gene 879

804

647

713

32

33

32

61

61 37| 1.04E-32| A>other

gene 2335

118

112

135

1430

1440

1395

82

99 107 4.83E-30| B>other

gene 2692

180

171

169

149

136

188

2671

1772 2437 6.46E-30| C>other

gene 1138

1393

493

706

20

22

36

50| 55 1.19E-29| A>other
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"
Osabe;%T...5

baySeqEITEFIZ, DFT5 DD IR/ 32—
VEEEL. NIV TEDETITFYE
BEWN(ERER)FFANTLNET, ZLT
RV TEFYDOKLVE—F

~0-

A

4

\

Al|A2 | A3|B1|B2|B3|Cl|C2| C2 [honDEGDEG_ADEG BDEG_C|DEGall
gene 1295|5415 5290 4941 315 419 397 310 328 328 0.000f 0.999] 0.000, 0.000, 0.001
gene 1087|1859 2013|1375 106, 81 66/ 65 108 96[ 0.000] 0.996/ 0.000, 0.000, 0.004
gene 554 | 7882 7549 8641 531 383 611 289 324 472 0.000f 0.997] 0.000, 0.000, 0.003]
gene 1676 | 732 571 891 ####|#iH# ####| 868 1016| 1274 0.000f 0.000] 0.993 0.000, 0.007
gene_48 830 906/ 729 39 40, 34 65 53 81 0.000F 0.845 0.000, 0.000] 0.155
gene_879 804| 647 713 32 33 32| 61 61 37, 0.000 0.917] 0.000 0.000 0.083
gene 2335| 118 112 135/ 1430 1440/ 1395 82/ 99 10/ 0.000; 0.000[ 0.975] 0.000 0.025
gene 2692 | 180 171 169 149 136| 188 267117722437 0.000] 0.000] 0.000, 0.995 0.005]
gene 1138|1393 493 706] 20 22 9 36/ 50 55 0.0000 0.613] 0.002 0.001 0.384
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Osabe;k(T...6

baySeqEITHFIZ, DFT5 DD FHIF/\ 32—
DEEREL. NI TEDHETIEFYE
BWNERER)ZFANTLNET . ZLT
CERDYETEFFYOLINI—LF CA
HRECTRIEL -

~0-

A

4

\

Al| A2 A3 Bl B2 |B3|Cl|C2|C2 honDEGDEG_ADEG_BDEG_C|DEGall
gene 1295 | 5415/ 5290, 4941 315 419 397 310/ 328 328 0.000 0.999] 0.000 0.000 0.001
gene_1087 | 18592013/ 1375 106) 81 66| 65 108 96 0.000] 0.996) 0.000 0.000 0.004
gene 554 | 7882 7549 8641 531| 383 611 289 324/ 472 0.000 0.997] 0.000 0.000 0.003]
gene 1676| 732 571 801\ |#u## | ####| 868 1016 1274) 0.000 0.000| 0.993 0.000 0.007
gene 48 | 830 906 729 39| 40 34 65 53 81 0.000 0.845 0.000 0.000 0.155|
gene 879 | 804 647 713 32| 33 32 61 61 37 0.000 0917 0.000 0.000 0.083]
gene 2335| 118 112| 135 1430|1440 1395 82| 99| 107| 0.000 0.000] 0.975 0.000 0.025|
gene 2692| 180 171 169 149 136/ 188 2671 17722437 0.000 0.000 0.000| 0.995 0.005|
gene 1138|1393 493 706 20| 22 9 36 50 55 0.000 0.613 0.002 0.001 0.384
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" S baySeqRATHFIC . DRSO DRI/ (5—
Osabe‘i’é 7 VEBEL, AE—U DL THEYE
l/ “ s BWNERER)ZFARTVET . ZLT
ERDEBTIEFEYIDOL VNI —F CA

HELCTREL. @QCARRELTHAL

TWET,

) A S o

Al | A2 |A3|B1|B2|B3|Cl|C2|C2 [honDEGDEG_ADEG _B|DEG_C|DEGall | pattern

gene 1295|5415/ 5290, 4941 315 419 397 3100 328 328/ 0.0000 0.999] 0.000f 0.000| 0.001DEG A
gene_1087 | 1859 2013/ 1375 106] 81 66| 65 108 96 0.000, 0.996] 0.000, 0.000 0.004DEG_A
gene 554 | 7882 7549|8641 531 383 611 289 324/ 472 0.000 0.997| 0.000] 0.000f 0.003DEG_A
gene 1676| 732 571 8OL|# k|t 868 10161274 0.0000 0.000[ 0.993 0.000, 0.007|DEG B
gene_48 | 830 906| 729 39 40 34 65 53 81 0.000 0.845 0.000 0.000 0.155DEG_A
gene 879 | 804 647) 713 32 33 32 61 61 37| 0.000 0917 0.000 0.000 0.083DEG A
gene 2335| 118 112 135|1430| 1440 1395 82| 99| 107| 0.000[ 0.000] 0.975 0.000 0.025DEG B
gene 2692 180 171 169 149 136 188 2671/1772/2437| 0.000, 0.000, 0.000| 0.995 0.005DEG_C
gene 1138|1393 493 706 20 22| 9 36 50 55 0.000[ 0.613 0.002 0.001 0.384DEG A
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~ S LA, BIZEDIFEIABR CRRES

Osabe‘i’f‘ 8 LTLBENSCEEZRRLTLBICT E

/ “ s 9 ABTERELTZOMERIFELZOMNE
TIERLTWYEE A,

Al | A2 A3 | Bl1 | B2 | B3 |Cl|C2| C2 nonDEGDEG_ADEG_BDEG_C|DEGall | pattern
gene_1295 | 5415 5200| 4941 315 419 397 310 328 3280 0.000] 0.999 0.0000 0.000 0.001/DEG A
gene 1087|1859/ 2013|1375 106 81 66 65 108 96 0.000 0.996| 0.0000 0.000 0.004DEG A
gene 554 | 7882 7549 8641 531 383 611 289 324 4720 0.000 0.997] 0000 0.000 0.003DEG A
gene 1676| 732 571 801w | w868 1016/ 1274 0.0000 0.000] 0,993 0.000] 0.007|DEG B
gene 48 | 830 906 729 39 40 34 65 53 81 0000 0.845 0000 0.000 0.155DEG A
gene_ 879 | 804 647] 713 32 33 32 61 61 37 0000, 0917 0.000 0.000 0.083DEG A
gene_2335| 118 112 13514301440 1395 82 99| 107 0.000 0.000] 0.978 0.000] 0.025|DEG B
gene 2692| 180 171 169 149 136 188 2671/ 17722437, 0.000 0.000| 0.000] 0.995 0.005PNEE
gene 1138[1393 493 706 200 22 9 36 50| 55 0.000] 0.619 0.002 0.001 0.384DEG A
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" SN
Osabe;%T...9

LHOL. BIZIEDIFEICABE TRIELE)
LTWWBENSZEZERLTLNSIZTE
T ABTERELZONMNERBLZOMIE
TldrLTULVEE AL baySeqlZ@ D K
INERDIFHRFETHALTLNET,

Al | A2 | A3 Bl | B2 | B3 Cl C2 | C2 nonDEGDEG ADEG BDEG CDEGall | pattern
gene 1295|5415/ 5290 4941| 315] 419 397 3100 328 328 0.000f 0.999( 0.000[ 0.000] 0.001DEG A
gene 1087|1859 2013| 1375 106/ 81| 66/ 65 108 96/ 0.000f 0.996( 0.000f 0.000] 0.004DEG A
gene 554 | 7882 7549 8641| 531] 383 611 289 324) 472 0.000f 0.997 0.000f 0.000] 0.003DEG A
gene 1676| 732| 3571 891|#### |#H | A 868 1016 1274  0.000 0.000f 0.993] 0.000[ 0.007DEG B
gene 48 830 906 729 39| 40, 34 65 53] 8l 0.000 0.845 0.0000 0.000[ O0.IS5DEG A
gene 879 804 o647 713 32 33 32 61 61 37| 0.0000 0.917 0.0000 0.000] 0.083DEG A
gene 2335 118 112| 135 1430 1440 ]395. 82 99 107 0.000 0.000 0.975 0.0000 0.025DEG B
gene 2692 | 180 171| 169 149 136 188 2671 1772|2437, 0.000 0.000 0.000f 0.995 0.005&
gene 1138 | 1393| 493| 706 20 22 9 36 50 55 0.000p 0.613] 0.002 0.001] 0.384DEG A

20205 2 A #&EH ALK

~@

orderings

A>other
A>other
A>other
B>other
A>other
A>other
B>other
C>other
A>other
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Osabe;%(T...1

0

LHOL. BIZIEDIFEICABE TRIELE)
LTWWBENSZEZERLTLNSIZTE
T ABTERELZONMNERBLZOMIE
TIERLTULVEE A, baySeqlF @D K
INERDIBERETHALTNET , fI
ZIE. @I A>other ] ELNDI/NEI—2(E L TA
BOATEREIELNS/INE—UTT,

Al | A2 | A3 Bl |B2 | B3|Cl | C2|C2 nonDEGDEG ADEG BDEG C|DEGall | pattern jorderings
gene 12955415/ 52904941 315/ 419 397, 310 328 328 0.000f 0.999, 0.000 0.000, 0.001[DEG A | A>other
gene 1087 1859 2013|1375 106/ 81| 66/ 65 108 96  0.000f 0.996 0.000f 0.000f 0.004DEG A | A>other
gene 554 | 7882 7549 8641 531 383 611 289 324/ 472 0.000{ 0.997 0.000f 0.000, 0.003DEG A | A>other
gene 1676 732 S5T1| 891 #### |#### | ##HH#| 868 1016 1274 0.000 0.000) 0.993] 0.000[ 0.007DEG B | B>other
gene 48 830| 906 729 39 40 34 65 53] 81 0.000f 0.845 0.000/ 0.000 0.155DEG A| A>other
gene 879 804 o647 713 32 33| 32 61 61 37 0.000f 0.917 0.000 0.000 0.083DEG A| A>other
gene 2335| 118 112] 135 1430|1440/ 1395 82 99/ 107, 0.000 0.000, 0.975| 0.000[ 0.025DEG B | B>other
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C r
gene 1138 | 1393| 493| 706 20 22 9 36 50 55/ 0.0000 0.613] 0.002 0.001] 0.384DEG A| A>other
202052 A @RI K 182




" I
Osabe;:(T...1

1

LML, FIZIEOIFHEIZARE THRIRE &)
LTWWBENSZEZERLTLNSIZTE
T ABTERELZONMNERBLZOMIE
TlIERLTULVEE A baySeqlF@ D XK
INERDBERETHALTNMET, fI
ZIE. BT A>other]ELNS /N 2—2 1 TA
BEOHATERIRIELNS/INE—2TT @

HEMNZEIE->TEI 13,

Al | A2 | A3 Bl |B2 | B3|Cl | C2|C2 nonDEGDEG ADEG BDEG C|DEGall | pattern jorderings
gene 12955415/ 52904941 315/ 419 397, 310 328 328 0.000f 0.999, 0.000 0.000, 0.001[DEG A | A>other
gene 1087 | 1859|2013 1375 106, 81| 66, 65 108 96 D.OOOl 0.996( 0.000 0.0000 0.004DEG A | A>other
gene 554 | 7882 7549 8641 531 383 611 289 324/ 472 0.000{ 0.997 0.000f 0.000, 0.003DEG A | A>other
gene 1676 732 S5T1| 891 #### |#### | ##HH#| 868 1016 1274 0.000 0.000) 0.993] 0.000[ 0.007DEG B | B>other
gene 48 830| 906 729 39 40 34 65 53] 81 0.000f 0.845 0.000/ 0.000 0.155DEG A| A>other
gene 879 804 o647 713 32 33| 32 61 61 37 0.000f 0.917 0.000 0.000 0.083DEG A| A>other
gene 2335| 118 112] 135 1430|1440/ 1395 82 99/ 107, 0.000 0.000, 0.975| 0.000[ 0.025DEG B | B>other
gene 2692| 180 171 169 149 136| 188 2671 1772|2437 A40.000 0.000 0.000f 0.995| 0.005DEG C | C>other
gene 1138| 1393| 493| 706 20 22 9 360 50, 55 .000, 0.613f 0.002 0.001] 0.384DEG A | A>other
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~@

orderings
A>other
A>other
A>other
B>other
A>other
A>other
B>other
C>other

" I AL £, @DorderingsELN 5T D1
b :£ = 1 2 [SHRHLT. TEDNREZ—2DEDHLD
Osabe;=T... Hot=IUENSERARLLTY,
Al | A2 | A3 Bl | B2 | B3 Cl C2 | C2 nonDEGDEG ADEG BDEG CDEGall | pattern
gene 1295|5415/ 5290 4941 315 419 397 310 328 328 0.000‘ 0.999| 0.000, 0.000f 0.001DEG A
gene 1087|1859 2013| 1375 106, 81 66. 65 108 96. 0.000f 0.996, 0.000 0.000, 0.004DEG A
gene 554 | 7882 7549| 8641 531 383] 611 289 324 472 0.000' 0.997 0.000 0.000f 0.003DEG_A
gene 1676| 732| 3571 891|#### |#H | A 868 1016 1274  0.000 0.000f 0.993] 0.000[ 0.007DEG B
gene 48 8300 906, 729 39| 40, 34 65 53 81 D.UOOl 0.845( 0.000; 0.000 0.155DEG A
gene 879 804, o047 713 32| 33 32 6l o6l 37 0.000' 0.917( 0.000; 0.000 0.083DEG A
gene 2335 118 112| 135 1430 1440 ]395. 82 99 107’. 0.000 0.000p 0.975( 0.000] 0.025DEG B
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C
gene 1138 | 1393| 493| 706 20 22 9 36/ 50 55 0.000' 0.613] 0.002| 0.001] 0.334DEG A
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JE——
Osabe;%(T...1

'R R Console

> table (outSMAF)

3

=R L&, @Dorderings&ELNSFI D F TR
XL T TEDNF—2DHEDHLKD
DO IELDIFERMNERLIVNT T RT
(% . B Z [£@orderingsF D [FERH S5
BRIEILE,. @ANELT, @table&ly

QEHERITIAHLET
DEG C DEGall nonDEG

‘li * 475 14 7493 <o

> table (orderings) ;
orderings G BDEG CDEGall | pattern |orderings
A>B>C A>C>B A>other B>C>A B>other 000 0.000] 0.001DEG A | A>other
7493 3 A 1245 2 689 ).000| 0.000] 0.004DEG A A>other
C>A>B  C>B>A C>other other>A other>B other>C .000, 0.000, 0.003[DEG_A| A>other
1 4 458 43 513 17 1.993| 0.000[ 0.007DEG B | B>other
> .000] 0.000] 0.155DEG A | A>other
. , 1000 0.000 0.083DEG A| A>other
QENE 233D | L1138 L1Z[ 13D 143U 144U 159D 3L YY| 11U/ U.UUU|  U.UUU Uﬁ. 0.000 U.UZSDEG_B B>other
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C C>other
gene 1138 | 1393| 493| 706 20 22 9 36 50 55 0.000f 0.613 0.002] 0.001] 0.384DEG A A>other
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" SN
Osabe;%(T...1

':Si R Console

> table (outSMAP)

4

=R L&, @Dorderings&ELNSFI D F TR
(2 LT . TEDNF—2DEDHULD
HO=M? I ELSTFRAMLILNTT RT
(&, B Z [X@orderings 5l D TEERH S
BRINIE, QANELT, @Dtable&d

SEA#EEITTHET. ®F LD LS
DEG A DEG B DEG C DEGall nonDEG Uﬁ%%hq%%hi?}
1293 725 475 14 7493
> table (orderings) :
orderings G BDEG CDEGall | pattern |orderings
A>B>C A>C>B A>other B>C>A B>other .00 0.000  0.001DEG A| A>other
74973 3 4 1245 2 689 ).000 0.000 0.004DEG A| A>other
C>A>B  C»B>»A C>other other>A other>B other>C .000  0.000] 0.003[DEG_A | A>other
_ 1 4 458 48 36 17 1.993| 0.000[ 0.007DEG B | B>other
> ] ’ .000 0.000| 0.155DEG A| A>other
. , 1000 0.000 0.083DEG A| A>other
QENE 233D | LI8| L1Z[ 13D 143U 144U 139D 82 YY| 11U/ U.UUU|  U.UUuU Uﬁ. 0.000 0.025|DEG B B>other
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C C=>other
gene 1138 | 1393| 493| 706 20 22 9 36 50 55 0.000f 0.613 0.002] 0.001] 0.384DEG A A>other
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"
Osabe;:(T...1

:iﬂ R Console

> table (outSMAP)

DEG A DEG B DEG C

5

DEGall nonDEG

=R L&, @Dorderings&ELNSFI D F TR
(2 LT . TEDNF—2DEDHULD
HOT=M?2IELDBRHRMABEILINTT , RT
(&, B Z [X@orderings 5l D TEERH S
BRINIE, QANELT, @Dtable&d
SBE#MEEITTH_ET. OFEDLD
HHEENEONFET . HIZIEG®IF. DT

1293 725 475 14 7493 B1=TA>other ] LN/ N\ —2 HY1245( .

> table (orderings) ZFL Tlother>A1&ELND/IN2—2 HV48(E B
orderings ' 21=C2&FRLTULET,

A>B>C A>C>B|A>other B>C>A B>otler =

74973 3 4 1245 2 689 ).000| 0.000] 0.004DEG A A>other

C»>A>E  C>B>A C>»other|other>A|other>B other>C .000, 0.000, 0.003[DEG_A| A>other

1 4 458 48 36 17 1.993| 0.000[ 0.007DEG B | B>other

> .000] 0.000] 0.155DEG A | A>other

. , 1000 0.000 0.083DEG A| A>other

gene 23330 LLZ| 13D 1423U] 144U 139D 84 YY) 1U/| U.UUU  U.UUU Uﬁ. 0.000 0.025|DEG B B>other

gene 2692 171 169 149 136| 188 2671 1772|2437 0.000 0.000 0.000f 0.995 0.005DEG C I

gene 1138 | 1393| 493| 706 20 22 9 36 50 55 0.000f 0.613 0.002] 0.001] 0.384DEG A A>other

202042 Bt/ ETh i K
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" JEE——
Osabe;:(T...1

':Sﬂ R Console

> table (outSMAP)

DEG A DEG B DEG C

6

DEGall nonDEG

=R L&, @Dorderings&ELNSFI D F TR
(2L T TEDNF—2DEDHLD
HOT=M?2IELDBRHRMABEILINTT , RT
(&, B Z [X@orderings 5l D TEERH S
BRINIE, QANELT, @Dtable&d
SBE#MEEITTH_ET. OFEDLD
HHEEENEONFET, FIZIEG®F. BT

1293 725 475 14 7493 R 1=TA>other | &LV /N2 —2 H312454E .
> table (orderings) ZL Tlother>A1&EULND/N2—2 HV48{E &
orderings ~©&- StCLERLTNET ., AT

A>B>C  A>C>B|A>other| B>C>A B>otl pEg A /84— IcBLET A

7493 3 4 1245 2 - _
C>A>B  C>B>A C>other|other>A|other>B other>C .000,  0.000] 0.003DEG_A| A>other
1 4 458 48 36 17 1.993| 0.000[ 0.007DEG B | B>other
> .000] 0.000] 0.155DEG A | A>other
. , 1000 0.000 0.083DEG A| A>other
BEIE 233D | L13] 112 13D 143V 144U 139D a2 vy| 1u/  uw.wuu uvouy U975 0.0000 0.025DEG B | B>other
gene 2692| 180 171 169 149 136/ 188 2671 1772/ 2437  0.000| 0.000 0.000| 0.995 o.oosi C>other
gene 11381393 493 706 20 22| 9 36 50 55 0.0000 0.613 0.002] 0.001 0.384DEG A| A>other
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" DDA ST BEHCHS.
O b ¢£—G; 1 7 oUut$MAPELNIARTRILZEA A ELTH
Sane; - BOEEETITET
R RConsole =]
| @ el
> table (outSMAP)
DEG A DEG B DEG C DEGall nonDEG
1293 725 475 14 7493 ~@>
> table(orderings) :
orderings G BDEG CDEGall | pattern |orderings
A>B>C A>C>B A>other B>C>A B>other 000 0.000] 0.001DEG A | A>other
7493 3 A 1245 2 689 ).000| 0.000] 0.004DEG A A>other
C>A>B  C>B>A C>other other>A other>B other>C .000, 0.000, 0.003[DEG_A| A>other
1 4 458 43 513 17 1.993| 0.000[ 0.007DEG B | B>other
> .000] 0.000] 0.155DEG A | A>other
. s ).000, 0.000] 0.083DEG A A>other
QENE 233D | L1138 L1Z[ 13D 143U 144U 159D 3L YY| 11U/ U.UUU|  U.UUU Uﬁ 0.000 U.UZSDEG_B B>other
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C C>other
gene 1138 | 1393| 493| 706 20 22 9 36 50 55 0.000f 0.613 0.002] 0.001] 0.384DEG A A>other
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Osabe;%T...18

'R R Console

> ﬁle{autﬂ@?}

DZZDFIZHELETHIERTHS.
oUtSMAPELNVDOIARTRILZ A TELTIE
FRODVEEEZTHZET. OIDEG AL/
—UMM293AELLVHTEREFSELT

cFY,

DEG A| DEG B DEG C DEGall nonDEG
1293 725 475 14 7493
> table (orderings)

orderings G BDEG CDEGall | pattern
A>B>C  A>C>B A>other B>C>A B>other 000 0000 0.001DEG A
7493 3 A 1245 2 689 ).000| 0.000] 0.004DEG A
C>A>B  C>B>A C>other other>A other>E other>C 1.000] 0.000 0.003DEG_A
1 4 458 43 36 17 1.993| 0.000, 0.007DEG B
> 1.000, 0.000] 0.155DEG A
. , ).000 0.000 0.083DEG A
QENE £33D | LId| L1Z[ 13D 143U 144U 139D 3Z YY) LU/ UL.UUU  U.UUU 0.975 0.000 0.025 DEG B
gene 2692 | 180 171 169 149 136 188 2671 1772|2437 0.000, 0.000 0.000] 0.995 0.005DEG C
gene 1138|1393 493 706 20] 22 9 36 50/ 55 0.000f 0.613] 0.002 0.001 0.384DEG A

202042 Bt/ ETh i K

orderings
A>other
A>other
A>other
B>other
A>other
A>other
B>other
C>other
A>other
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Osabe;&T...1

i?i R Console

> table (outSMAP)

9

DZZDHHEETDEHRTHS.
outSMAPE NIRRT ILZE A F1EL T
BROIEEXEITO2ET,.OIDEG.AJ/NE
—MM293EEVVSHEREF/HELT
=FzT @D\ I—HERBLI-ERE

—HLTFI 13,
DEG A DEG B DEG C DEGall nonDEG
1293 725 475 14 7493
Zééiiégmerlnga} ' G BDEG CDEGall | pattern |orderings
A>B>C  A>C>B[A>other| B>C>A B>other 000 0.000 0.001DEG A A>other
7493 3 4 1245 2 689 ).000 0.000 0.004DEG A| A>other
C>A>B  C»B>»A C>other|other>A|other>BE other>C .000  0.000] 0.003[DEG_A | A>other
1 4 458 48 36 17 1.993| 0.000[ 0.007DEG B | B>other
> .000] 0.000] 0.155DEG A | A>other
< , . ).000 0.000] 0.083DEG A | A>other
QENE 233D | LI8| L1Z[ 13D 143U 144U 139D 82 YY| 11U/ U.UUU|  U.UUuU Uﬁ. 0.000 0.025|DEG B B>other
gene 2692| 180, 171 169 149 136| 188 2671 17722437 0.000 0.000 0.000f 0.995| 0.005DEG C| C>other
gene 1138|1393 493 706 20] 22 9 36 50 55| 0.0000 0.613] 0.002 0.001] 0.384DEG A| A>other
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orderings
A>other
A>other
A>other
B>other
A>other
A>other
B>other
C>other

= £ 1574(=. (DDEGalllx. £ THHRITH
O b :£ —G; 20 LT EL TR/ E—2,
Sabe; .
<@~
Al | A2 | A3 Bl | B2 | B3 Cl C2 | C2 nonDEGDEG ADEG BDEG CDEGall | pattern
gene 1295|5415/ 5290 4941 315 419 397 310 328 328 0.000‘ 0.999| 0.000, 0.000f 0.001DEG A
gene 1087|1859 2013| 1375 106, 81 66. 65 108 96. 0.000f 0.996, 0.000 0.000, 0.004DEG A
gene 554 | 7882 7549| 8641 531 383] 611 289 324 472 0.000' 0.997 0.000 0.000f 0.003DEG_A
gene 1676| 732| 3571 891|#### |#H | A 868 1016 1274  0.000 0.000f 0.993] 0.000[ 0.007DEG B
gene 48 8300 906, 729 39| 40, 34 65 53 81 U.UUOl 0.845( 0.000; 0.000 0.155DEG A
gene 879 804, o047 713 32| 33 32 6l o6l 37 U.UOOl 0.917( 0.000; 0.000 0.083DEG A
gene 2335 118 112| 135 1430 1440 ]395. 82 99 10?. 0.000 0.000p 0.975( 0.000] 0.025DEG B
gene_2692| 180 171 169 149 136 188 2671 1772|2437 0.000 0.000 0.000] 0.995 0.005DEG C
gene 1138 | 1393| 493| 706 20 22 9 36/ 50 55 0.000' 0.613] 0.002| 0.001] 0.334DEG A
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orderings
A>other
A>other
A>other
B>other
A>other
A>other
B>other
C>other

= 515H&IZ. DDEGallld. E THERETH
O b :£ —G: 2 1 BWEHLTLD/\2—>, QD HkHEE
Sape; . REHEHENEAL . ODRE (4
—2(A>> CO>B)ZRENIIMBFTES,
Al | A2 | A3 Bl | B2 | B3 Cl C2 | C2 nonDEGDEG ADEG BDEG CDEGall | pattern
gene 1295|5415/ 5290 4941 315 419 397 310 328 328 0.000‘ 0.999| 0.000, 0.000f 0.001DEG A
gene 1087|1859 2013| 1375 106, 81 66. 65 108 96. 0.000f 0.996, 0.000 0.000, 0.004DEG A
gene 554 | 7882 7549| 8641 531 383] 611 289 324 472 0.000| 0.997 0.000 0.000f 0.003DEG_A
gene 1676| 732| 3571 891|#### |#H | A 868 1016 1274  0.000 0.000f 0.993] 0.000[ 0.007DEG B
gene 48 830 906 729 39 400 34 65 53 81 D.DOOl 0.845( 0.000 0.000 ‘I].ISSDEG_AL
gene 879 804, o647 713 32 33 321 6l 61 37 0.000| 0917 0.000 0.000 U.USSDEG_A
gene 2335 118 112| 135 1430 1440 ]395. 82 99 10?. 0.0000 0.000, 0.975 0.000 U.UZSDEG_B
gene 2692 | 180 171| 169 149 136 188 2671 1772|2437 40.000/ 0.000 0.000f 0.995 0.005 G C
gene 1138| 1393| 493| 706 20 22 9 36 500 55 .000| 0.613] 0.002 0.001] 0.384 A
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" £ 75742, DDEGalllE. 2 TORMTH
O b :ﬁ—c: 22 REFHL TS/ I—2, QDHBEFERE
Sabe; NEBEHBLERE. QDRE/ A
—2(A>> C>B)ERNILMFTES,
EERIZIE@DIDEG AI/NFI—2DIFESH
Bibith N ESZ 51 EbaySeqh N HI BT L 1=
DT.BODESIHIESNTI=DI=LHM7F

FTHIEELLY,

Al | A2 | A3 Bl |B2 | B3|Cl | C2|C2 nonDEGDEG ADEG BDEG C|DEGall | pattern jorderings
gene 1295|5415|5290(4941 315 419 397 310 328 328 0.000‘ 0.999 0.000 0.0000 0.001DEG A | A>other
gene 1087|1859 20131375 106| 81 66 65 108 96 0.000 0.996 0.000 0.000 0.004DEG A | A>other
gene 554 | 7882 7549| 8641 531 383] 611 289 324 472 0.000| 0.997 0.000 0.000f 0.003DEG_A A>other
gene 1676| 732| 3571 891|#### |#H | A 868 1016 1274  0.000 0.000f 0.993] 0.000[ 0.007DEG B B>other
gene 48 830 906| 729 39| 40 34/ 65 53] 81| 0.000/ 0.845 0.000 0.000 0.I5SDEG A | A>other
gene 879 | 804 647| 713 32/ 33 32 61 61 37 0000 0.917] 0.000 0.000 0.083DEG A| A>other
gene 2335 118 112| 135 1430| 1440 1395 82 99| 107 0.000 0.000[ 0.975 0.000 0.025[DEG B | B>other
gene 2692| 180 171| 169 149 136 1882671 17722437  0.000 - 0.000f 0.995| 0.005DEG C T
gene 11381393 493 706 20, 22| 9 36 50 55 0.000 0.613 0002 0.001] 0.384DEG A| A>other
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Osabelf O) E 1
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< C @ FRESNWTLWELWEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html FAR

(RT)IEEEFIEET

(last modified 2020/02/03, since 2010)

COIITIR—TOREES S . 4 A =)L | [CDWTOHETFE (Windows2019.10.094F & Macintosh2018.11.27
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What's new? (BEOHHSE(ETES)

« OF3 BEZEEEONGSEZESHDEI4EFEFPDEENMUFELEZ, DT JERENMULELE. (2019/12/23)
[RNA-Seqz— 4~ WETRDEsHDEFEL-ZE (R BHESH) | RSN TWET, (2019/12/23)
TCC-GUI (Su et al., BMC Res. Notes, 2019) DOESREENEESTVTEARBMENELZ, DBCLSO/NEF =AU HEERE
EROCRAISESM(_ _)m(2019/11/08)
A2 B—=)L | [EDWVWTOEEFER & Dé X 3 WindowshR(R_install_win.pdf) @& T9H'77w FF— L. RStudio
=HAITEIOOAICEELE L, (2019/10/09)
[ >R —JL | RAK | &%k | Winf] OEBEBE%E (122 h—)L | REEERStudio | SR | Wirhy TR_—2A
FUJz, MacAICDWTEEHETI ., (2019/10/08) v
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IEBEABHYETH. @DH(bulk) RNA-seq
TEHEL-5EDHREFETT, Q%Y

I A\ (R
@ RTEEEFIRIF X + Vo9 BL
< C @ FRESNWTLWELWEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html FAR
— [
W
(RT)iE - .
< C @ FRESNWTLWELWEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html 72k

(last modified

I IR—3
)CHE>T U
8 L2 FI FRSE (Wing
D—&F GEES -

What's new? (

. E £'ﬁl Eﬂ,@a—m

[RNA-SeqT|
TCC-GUI (Su|
DEEOTRI
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FLJ/z. Mac

- T ] AL =Y | SHTIE) | AN O | ISR WY | SRR ] P Arhef A dl ] L A e i B o I

R | HIREE) | 38R | WU | BEEH D | EiE | SAMseq(Li_2013) (last modified 2015/02/10)
i | FIRZEE) | 38R0 | WIoia L | E8H D | B | DESeq(Anders_2010) (last modified 2014/03/13)

ERAT | FEIRED | 38 | Mo/ L | #EEH D | BEE | edgeR(Robinson_2010) (last modified 2015/02/03)

BRAT | FIEZED | 381E | Mo L | BHEHESD | A | ICC(Sun_2013) (last modified 2016/05/31)iEE

BRI | FIRZEE) | 385R0 | MIn2L | EEHD | I5A | BlekhmanT—4 | TCC(Sun 3) (last modified 2018/06/18)
A | FEIRES | 381 | Minia U | 8B 0 | A | TCC+baySeq(Osabe_2019) modified 2019/07/17)# &
BT | FHIREEH) | 38R | WU | BE$H 0 | [6A | ICC+EBSeq(Osabe_2019) (IRt modified 2019/07/10)

24 | FIRZEE) | 38R | WIS L | EE2L | DESeg2(Love_2014) (last modified 2016/06/01)

247 | FIREE) | 38IRS | WIS L | &AL | TCC(Sun_2013) (last modified 2019/07/11)3

£7if | FIREE) | SEIRH | Wb L | &S0 | TCC(Sun_2013) (last modified 2015/11/05)3E

ERAT | FEIBEH) | scRNA-seq_|_[c DT (last modified 2019/10/03)

BRAR | FIRZTE | BT | (CDWT (last modified 2019/05/31)

24 | FIREH) | BFF5] | maSigPro(Nueda_2014) (last modified 2015/08/16)

fRAT | HIRZEH) | B¥R5 | Bayesian model-based clustering(Nascimento_2012) (last modified 2012/09/10)

21 | FIRZEH) | exon/isoform | (CDULT (last modified 2018/04/12)

@i | FIRZEE | exon/isoform | DEXseq(Anders_2012) (last modified 2014/06/23)
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_ Osabeff(is DTIRFELTLET . R
BEEMNBHYFETH. @DH(bulk) RNA-seq
Osabe,id) E 3 TEHEL =S DR FE TS, Q%%

g hHE. CARRRLCICHEYET,

@ |RT:|J:E:5-I LTJT X

< C @ RESNTWELEE | iva.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg 3 unpaired_ari_advance... Ak

iRt | RIRZE | 38R | WAL | BRSO | ITA |
TCC+baySeq(Osabe_2019)

TCC&baySeq ZEAEHEEPODAERLUET . FIESLIEN R/ T 54 > (0sabe et al., Bioinform. Biol. Insight,
2019)T9(201957H108E::R). FIFE1-7£TlE. [TCCHDIDEGES/edgeRIFF{E TESNEERLZEEbaySeqlc 5
ZEBERINA TS+ T3, TCCEBHRZTMIDEGES/edgeR-baySeqd WD ER/ A TS5+ (CHAL L. SERBLEEAD
WENA R o1 4818 (Tang et al., 2015)DFEEEICHED SEEE-bICHEYLET,
TDE. CD)\ATZAA(EEE-b)IE. TCCODF T A)L hDEET) (AT S+ 2 (EEE-E) LD EEHNREREB DS F 2D
HETED TR EHHIBBLELIE(Osabe et al., 2019). LM L. EEE-EXECH DB TRREZH L TLIBELVDANOVA
WRERETUNNESRVDICH L C. EEE-DIERIRZE)) (¥ — S OHL T(ONE) DA CEM Y. BAE. TCCPedgeRT
DESeq2Z& RT3 R CRIREE)/ (I DFILFTITOHS. Gl vs. G2, G1 vs. G3. G2 vs. G3M3E D M28FRALE
REMICITO>THS. TORBRLCEDWVWTERES/ (Y- 7BEITD] &0 HHWE T(G1+G2) vs. G3. (G1+G3)
vs. G2, (G2+G3) vs. GIEIT > TN'BBET D] BEPBSERIF PNV EFBVWIRRICIB/BARCNSTY. fi
FEell, 2N LRRATHOESV\(ANOVARZRE ZHOHBTRREH L TWAESVWTOS >+ »J)EEEE-ETITL\. =
BZEH) (P — > OREZEEE-b(RIFSOEERXDTIIEEE-baySEqE RiE) T > EEREHALTLET,

[Z271)L] - 74 LI RUDEE] TEHLITWIFAILEBWTCHEDT « L7 FUICBHLUTZEIE,

1. 5> T IFT—415(0D10,000 genesx9 samples®hJ > b —4# (data_hypodata_3vs3vs3.txt)DiES :

2Zalb—2327—H(GLE3Y > J)L vs. G235 > )L vs. G3EE3H > J)L)TT, gene_l~gene_3000% CH'DEG
(gene_1~gene_21007'G1E5 T3ES%IE. gene_2101~gene_27007'G2E5 T10/55%18. gene_2701~gene_30007°
G3EETofEEFIR) gene_3001~gene_10000F TH'on-DEGTH A ZENBIAITY . FHiT(trial)Z L ICESNBEENE
NDEDCLIEVES(dset.seed(P015)DAIICH#EANFL LD, DFED [set.seed(2015)] -> [#set.seed(2015)] T
9. 20153 YRESROTIVIORETERBLERA, by TR

in f <- "data hvnodata 3vs3vs3. txt” #h N7 7 AL FIETF].Tin FIZFREIA
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_ Osabefffis OTRHELTLET R
BEMAHYETH. @h(bulk) RNA-seq
Osabelfa) E 4 TEELI-GEDHREFETT, Q%Y

JwhgbE CATRCIZEYET . @

D (RTEEEFIEHF X "
WWAWATHEHZ Ebib\fb\i—a-ﬁ\
< C @ \JEESNTWELEE | ivau-tokyo.acjp/~kadota/r_seq.html#analysis_deg S—ermomrea—earoorarme— T
BT | FIRZEH) | 38R | WERAL | EESD | [TA | -

TCC+baySeq(Osabe_2019)

TCC&baySeq ZEAEHEEPODAERLUET . FIESLIEN R/ T 54 > (0sabe et al., Bioinform. Biol. Insight,
2019)T9 (20195 7H108ER). fFIFE1-7FTE. [TCCHDIDEGES/edgeRIEMR L TESNIZERLFEEEDbaySeqlc 5
ZEBERINA TS+ T3, TCCEBHRZTMIDEGES/edgeR-baySeqd WD ER/ A TS5+ (CHAL L. SERBLEEAD
WENA R o1 4818 (Tang et al., 2015)DFEEEICHED SEEE-bICHEYLET,

TDE. CD)\ATZAA(EEE-b)IE. TCCODF T A)L hDEET) (AT S+ 2 (EEE-E) LD EEHNREREB DS F 2D
HETED TR EHHIBBLELIE(Osabe et al., 2019). LM L. EEE-EXECH DB TRREZH L TLIBELVDANOVA
WRERETUNNESRVDICH L C. EEE-DIERIRZE)) (¥ — S OHL T(ONE) DA CEM Y. BAE. TCCPedgeRT
DESeq2Z& RT3 R CRIREE)/ (I DFILFTITOHS. Gl vs. G2, G1 vs. G3. G2 vs. G3M3E D M28FRALE
REMICITO>THS. TORBRLCEDWVWTERES/ (Y- 7BEITD] &0 HHWE T(G1+G2) vs. G3. (G1+G3)
vs. G2, (G2+G3) vs. GIEIT > TN'BBET D] BEPBSERIF PNV EFBVWIRRICIB/BARCNSTY. fi
E8(3, 2RNRRBEETHDOESV\(ANOVANRGRE ZHDHPMTEREHLU TVWBIESVWTDS >+ )ZEEE-ETITL.
BZEH) Y — > OREZEEE-b(RIFSOEERXDTIIEEE-baySEqE FRie ) T2 EEREHHNLTLET,

[J70)L] = 7«4 LI RUDOEE]| TERULEWIFZAILEBWNTHDT LI RUICEBFLUTEIE,

1. 5> T IFT—415(0D10,000 genesx9 samples®hJ > b —4# (data_hypodata_3vs3vs3.txt)DiES :

2Zalb—2327—H(GLE3Y > J)L vs. G235 > )L vs. G3EE3H > J)L)TT, gene_l~gene_3000% CH'DEG
(gene_1~gene_21007'G1E5 T3ES%IE. gene_2101~gene_27007'G2E5 T10/55%18. gene_2701~gene_30007°
G3EF T6EEFIR) gene_3001~gene_10000F TH'non-DEGT#&H 2 EN'BIHMTY . #HiT(trial) & (CEBSNZHEN'ZE
NDEDCLIEVES(dset.seed(P015)DAIICH#EANFL LD, DFED [set.seed(2015)] -> [#set.seed(2015)] T
9, 2015F9RESLROTITVICRETERVERA, b FR—A

|in f <- "data hvnodata 3vs3lvs3. txt" #3772 A LA FIET] . Tin FITHESH | h
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_ Osabeff(is DTIRFELTLET . R
BEEMNBHYFETH. @DH(bulk) RNA-seq
Osabe,id) E 5 TEHEL =S DR FE TS, Q%%

)09 hHE CAGRLIZBYET O

- - WANWATEBIEHELNTILVET AN,

< C @ FRESNWTWALEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg | Egﬂ@‘is @Osabe%liﬁﬂi‘rﬁ&?)\l}%ﬁ
fRir | RIRZEE) | 38 | WL | EHESD | A | LS,
TCC+baySeq(Osabe_2019)

TCC&baySeq ZEAEHEEDAERLUET . FIESLUENIHER) AT 54 > (0sabe et al., Bioinform. Biol. Insight,
2019)T9(201957H108E::R). FIFE1-7E=TlE. [TCCFDIDEGES/edgeRIE#{E TESNEERLZEEbaySeqlc 5
ZEBERINA TS+ T3, TCCEBHRZTMIDEGES/edgeR-baySeqd WD ER/ A TS5+ (CHAL L. SERBLEEAD
WENA R o1 4818 (Tang et al., 2015)DFEEEICHED SEEE-bICHEYLET,
TDE. CD)\ATZAA(EEE-b)IE. TCCODF T A)L hDEET) (AT S+ 2 (EEE-E) LD EEHNREREB DS F 2D
HETED TR EHHIBBLELIE(Osabe et al., 2019). LM L. EEE-EXECH DB TRREZH L TLIBELVDANOVA
WRERETUNNESRVDICH L C. EEE-DIERIRZE)) (¥ — S OHL T(ONE) DA CEM Y. BAE. TCCPedgeRT
DESeq2Z& RT3 R CRIREE)/ (I DFILFTITOHS. Gl vs. G2, G1 vs. G3. G2 vs. G3M3E D M28FRALE
REMICITO>THS. TORBRLCEDWVWTERES/ (Y- 7BEITD] &0 HHWE T(G1+G2) vs. G3. (G1+G3)
vs. G2, (G2+G3) vs. GIEIT > TN'BBET D] BEPBSERIF PNV EFBVWIRRICIB/BARCNSTY. fi
FEell, 2N LRRATHOESV\(ANOVARZRE ZHOHBTRREH L TWAESVWTOS >+ »J)EEEE-ETITL\. =
BZEH) (P — > OREZEEE-b(RIFSOEERXDTIIEEE-baySEqE RiE) T > EEREHALTLET,

[Z271)L] - 74 LI RUDEE] TEHLITWIFAILEBWTCHEDT « L7 FUICBHLUTZEIE,

@ |RT:|J:E:5-I LTJT X

1. 5> T IFT—415(0D10,000 genesx9 samples®hJ > b —4# (data_hypodata_3vs3vs3.txt)DiES :

2Zalb—2327—H(GLE3Y > J)L vs. G235 > )L vs. G3EE3H > J)L)TT, gene_l~gene_3000% CH'DEG
(gene_1~gene_21007'G1E5 T3ES%IE. gene_2101~gene_27007'G2E5 T10/55%18. gene_2701~gene_30007°
G3EETofEEFIR) gene_3001~gene_10000F TH'on-DEGTH A ZENBIAITY . FHiT(trial)Z L ICESNBEENE
NDEDCLIEVES(dset.seed(P015)DAIICH#EANFL LD, DFED [set.seed(2015)] -> [#set.seed(2015)] T
9. 20153 YRESROTIVIORETERBLERA, by TR

in f <- "data hvnodata 3vs3vs3. txt” #h N7 7 AL FIETF].Tin FIZFREIA
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_ Osabefffis OTRHELTLET R
BEMAHYETH. @h(bulk) RNA-seq
Osabelfa) E 6 TEELI-GEDHREFETT, Q%Y

)9 5&, CAGRLIZEYET, O

L _ NWANAETERIEENTNET A,

< C @ FRESNWTWALEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg | Eg@ﬂ)li\ @Osabe;‘fli‘fﬁﬂ%ﬁ&&ﬁ%fﬁ
FRAR | RERD | 38R | WAL | BRSO | IWA | | L0528 FHIRIE. ©BIREITT,

@ RTEZERIIBIF X

TCC+baySeq(Osabe_2019)

TCC&baySeq ZEAEHEEDAERLUET . FIESLUENIHER) AT 54 > (0sabe et al., Bioinform. Biol. Insight,
2019)T9 (20195 7H108ER). fFIFE1-7FTE. [TCCRDIDEGES/edgeRIEMR L TESNIZERLFEEEDbaySeqlc 5
ZEBERINA TS+ T3, TCCEBHRZTMIDEGES/edgeR-baySeqd WD ER/ A TS5+ (CHAL L. SERBLEEAD
WENA R o1 4818 (Tang et al., 2015)DFEEEICHED SEEE-bICHEYLET,
TDE. CD)\ATZAA(EEE-b)IE. TCCODF T A)L hDEET) (AT S+ 2 (EEE-E) LD EEHNREREB DS F 2D
HETED TR EHHIBBLELIE(Osabe et al., 2019). LM L. EEE-EXECH DB TRREZH L TLIBELVDANOVA
WRERETUNNESRVDICH L C. EEE-DIERIRZE)) (¥ — S OHL T(ONE) DA CEM Y. BAE. TCCPedgeRT
DESeq2Z& RT3 R CRIREE)/ (I DFILFTITOHS. Gl vs. G2, G1 vs. G3. G2 vs. G3M3E D M28FRALE
REMICITO>THS. TORBRLCEDWVWTERES/ (Y- 7BEITD] &0 HHWE T(G1+G2) vs. G3. (G1+G3)
vs. G2, (G2+G3) vs. GIEIT > TN'BBET D] BEPBSERIF PNV EFBVWIRRICIB/BARCNSTY. fi
E8(3, 2RNRRBEETHDOESV\(ANOVANRGRE ZHDHPMTEREHLU TVWBIESVWTDS >+ )ZEEE-ETITL.
Z5))\H— > DREXZEEE-b(RISOEERNPTIIEEE-baySEqe TR ) T O ERBREHALTULET,

)] — [T LT RJUDEE] TERIULEWI 7 EBWTHEDT LI RIUICEHLUTEICE,

1. JLT—#150M10,000 genesx9 samples®H > b —#(data_hypodata_3vs3vs3.txt)DiES :

2Zalb—2327—H(GLE3Y > J)L vs. G235 > )L vs. G3EE3H > J)L)TT, gene_l~gene_3000% CH'DEG
(gene_1~gene_21007'G1E5 T3ES%IE. gene_2101~gene_27007'G2E5 T10/55%18. gene_2701~gene_30007°
G3EF T6EEFIR) gene_3001~gene_10000F TH'non-DEGT#&H 2 EN'BIHMTY . #HiT(trial) & (CEBSNZHEN'ZE
NDEDCLIEVES(dset.seed(P015)DAIICH#EANFL LD, DFED [set.seed(2015)] -> [#set.seed(2015)] T
9, 2015F9RESLROTITVICRETERVERA, b FR—A

|in f <- "data hvnodata 3vs3lvs3. txt" #3772 A LA FIET] . Tin FITHESH | h
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= B OsabeiXk(d. OTRELTULVET IR
: ——] HEABHYFEI A, @b (bulk) RNA-seq
Osabe/£ % E;%7 TEMEL-B &S DHEFETY . Q%7

)9 5&, CAGRLIZEYET, O
_ } NBNBIE T EHENTNETAS.
< C @ FRESNWTWALEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg | Egtﬁ@ [ @Osabeiﬁ 'iﬁuﬁ8u|}§_f:

RRAT | SEBUZEED | SEHR | WSARL | MBBD |BA | | LS50k, flAlE GOAIEITT . S
TCC+baySeq(Osabe_2019) DR—Y BIANEEIZTHALD T, 4l
— > B

TCCEbaySeq FAHEHETONAER ui?ﬁsw&ﬁmwwjﬁar > (0sab| AIL@ODIEEH AN DHIESZE R DTSR
2019)T9(201957H10RE::R). FIFE1-7F Ccld. [TCCHMDIDEGES/edgeRIFAAY -
ZTEFERINATS4>] TF., TCCREBERIFDIDEGES/edgeR-baySeq & L\S &R/ (- SN *A(j:l,\’J:E@r_FfEEH-‘—\’— J%—#FL'T
HEE ) RS54 ARIZSRZ (Tang et al., 2015)DREBEICHDS SEEEDICAELET. | N> THELZET,
TOH. D)\ A TS+ (EEE-b)E. TCCODF T4 )L hOERHT) A T 5+ > (EEE-E) L
R TEO TR NI LELTZ(Osabe et al., 2019), LM L. EEE-EFECHOEMTRBEZEH L T EWT
HEREFE CUMESRVDICH L T, EEE-bIERIRES)) (Y — 2 DOEIY T(THE) DR CEMTY. EHE. TCCY
DESeq2& A\ T3ERLEE TRIBEH /(Y- OFILUE=TITOESE. [G1vs. G2, G1 vs. G3. G2 vs. G3M3ED
BEMUICTOTHSE. TOREICEDVWTERZEZY) Y- 2a2@8E T3] &N 3L [(G1+G2) vs. G3, (G}
vs. G2, (G2+G3) vs. G1Z{T> TH'SIBETZ] REPBES EBAFPNRVNT EFRVWIRRCITEBRE =8 |
E8(X. 2ANRHEBATHOESUV(ANOVARNRE CH OB TRIREE L;'CL\EE'E‘M'E'CDﬁ}=F?§)’EEEE—E'ET§
MEFH/\Y— > OREZEEE-b(REFSDRER/RNXP TIIEEE-baySEqEFT/se) T2 ERBZHALTLET .
[Z271)L] - 74 LI RUDEE] TEHLITWIFAILEBWTCHEDT « L7 FUICBHLUTZEIE,

@ RTEZEFIER X +

1. 5> T IFT—415(0D10,000 genesx9 samples®hJ > b —4# (data_hypodata_3vs3vs3.txt)DiES :

2Zal—2327—F(GIE3Y > J)L vs. G28¥35 > )L vs. G3EF3H > JJL)TY, gene_1-~gene_3000%FT
(gene_1~gene_21000'G1E T3EEFIE. gene_2101~gene_27000'G28$ T10/85% 8. gene_2701~gene
G3ETHESFIE) gene_3001~gene_10000FTH'non-DEGTH B CEH'BIATY ., HiT(tria)Z & (CEBBNS!
NDEDCLIEVES(dset.seed(P015)DAIICH#EANFL LD, DFED [set.seed(2015)] -> [#set.seed(20
. 2015 F9RESROTINI06RETEEBNER A, W]

lin £ <- "data hvnodata 3usivs3.txt" #A N7 7 A2 FIETF] . Tin FITHEIN
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" S oz,
Osabelid)%ﬂiES

— O X
@ ROEEERFEH X

?! C @ FEEINTVWELEE | ivau-tokyo.acjp/~kadota/r_seq.html#analysis_deg 3 unpaired_ari_advance... e HAF %
8. T—/415(10,000 genesx9 samples®H > b7 —%#(data_hypodata_3vs3vs3.txt)DIES : -
FIRE7 ST WETH. 2FENLRIREHOESL(ANOVAR R ECH OB TRIBEH L TLWIEAELWTOZ > F 0%

EEE-ET{TL\. FIREE)) (Y — > ORIEZEEE-b(EHSOFREERXF CIEEEE-baySEqEREE) T2 ImmEZ L H L TVE
+

in_f <- "data_hypodata 3vs3vs3.txt" #A 07 7 IR EIETEL Tin_fIZHEH

out_f <- "hoges.txt" #0507 7 1 ILRBEFIETEL Tout_fIZFEH

param_Gl <- 2 #G1EFDT T ILETIEE

param_G2 <- 2 #G2EEDT LTI ENTIEE

param_G3 <- 2 #G3FEDT T I TIEE

param_FDR <- 0.05 #false discovery rate (FDR)EH{E#IE87E

param_narabi <- c("nonDEG", "DEG_G1", "DEG_G2", "DEG_G3", "DEGall")#/ % — ZFIEE (LI IFE L]
param_samplesize <- 1000 #7— 2 RSy FUH T SO (1000000 EEE, KELEIT S
#EI Ny T —DEO—F

library(TcC) #/ 5w T— D OFAAH

library(bayseq) #/ 5w T — DA

#1077 I DFFAA
data <- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote="")#in fTIFELT=7 71 ILD3

#PHBE(TCCO S 2F T2 2 FOER)
data.cl <- c(rep(1, param _G1), rep(2, param _G2), rep(3, param G3))#G1Ef#1, G2Ef%2 G3Bf&E3t L

tce <- new("TCC", data, data.cl) HTCCO S 2AA T2 0 FtecFERL .
I-:\\f"

#TCCIERIE
ralrbloarmCasrtmane f+re moem mo +hod—""+mm" +rct mathad"Adaan" TR Z =00 o8 3 4+ [ — %%
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_
Osabe/£ d) E 9

DFEsZ#E , COBETIEX. D Tx
SNTWLWAESIZ, 10,000 BI5F X 9>
TIL(ZE3G T IL) ol B I74)L

@ RTEZEFIRER X

ZANELTRYHRNET,

C @ FEINTWELEE | iuau-tokyo.acjp/~kadota/r_seq.html#analysis_deg_3_unpaired_ari_advance... Ak
8. gzkf—ﬂ 15(10,000 genesx9 samples®AH > b —#(data_hypodata_3vs3vs3.txt)DiSS :
BIE7 U TWETH. DEENERIREZHOES U (ANOVARRE CH OB TRIRZES L TLEIESLWTO S T R)*&
EEE-ET{TL\. FIREE)) (Y — > ORIEZEEE-b(EHMSOFREERX F CIEEEE-baySEqEREE) T2 ITmEZ L H U TVE

#AEG e —DFEO—F

library(TcC) #/ 5w T— D OFAAH
library(bayseq) #/ 5w T — DA
# X7 7 A I OFHAS

#PIIE(TCCH S 2 T2 FOERR)
tcc <- new("TCC",

#TCCBE{ L

ralrbloarmCasrtmane f+re moem mo +hod—""+mm"

data, data.cl)

¥
in_f <- “data hypodata 3vs3vs3.txt" #A 07 7 IR EIETEL Tin_fIZHEH

out f <- "hogeg.txt" #0507 7 1 ILRBEFIETEL Tout_fIZFEH

param Gl <- 3 #G1EFDT T ILETIEE

param G2 <- 3 #G2EEDT LTI ENTIEE

param _G3 <- 3 #G3FEDT T I TIEE

param_FDR <- 0.05 #false discovery rate (FDR)EEHE%TEE

param_narabi <- c("nonDEG", "DEG_G1", "DEG_G2", "DEG_G3", "DEGall™)#/{% — & FIETF (LTIZTZ7EL)
param_samplesize <- 1000 TR A RS s FUH T 7Bl (1ecoce MR, KE BT FETER

data «<- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote=""

data.cl <- c(rep(1, param _G1), rep(2, param G2), rep(3, param G3))#G1Ef#&1. G2EF%2 @zl L7-~o k.
#TCCT T AF T D27 btec®1ER,

+rnct moathnd—"Aado~rr"

Y#in _fTIEELTZ 7 7 1 L DFdidr

ST

T = el o S e N B ol == B o SO e A
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"
sabelfd)%ﬂi%

O

DOFIEEFH R, COBIETIE. O TrR
SNTLWAESIZ, 10,000 8I5F X 9>
TIVL(BE3Y T IL)DSHEBEIT7AIL

10

@ RUEEEFIER X

# ANELTHRYIKRWNET , FBRATH
71)99LT. DRE

6 C @ 1%E§éﬂ_CL\@L\EE | iu.a.u-tokyo.ac.jp/'fvkadotafr‘_seq.html#ar‘nalysis_deg_d_uu TPameu_ar_aavarice... o AT
8. H>JIT—415M10,000 genesx9 samples®HD > b7 —4%(data_hypodata_3vs3us2 txthMiSS - -
BIZE7 S UTWETH. SENLRBEHOEAL\(ANOVARLE CH OB TREZH LT FLLITTE
gIETﬁU~ﬁﬁﬁﬁﬂ@—}QEEEEEME%6®E%ﬁi¢ﬁﬁﬂfhwﬂﬂtﬁﬁ =L L194Y B TECW)
I~Gbyk 94V FITRK
in_f <- “data hypodata 3vs3vs3.txt" #AT 7 IR TIEE L Tin_fIIIEH
out_f <- "hoges.txt" #0771 ILBEIEEL Tout_flIAGH e sx
param Gl <- 3 #G1EFDT T ILETIEE 2RIV IR EFEZK)...
param G2 <- 3 #GREEO T T I EIETE R -
param_G3 <- 3 #GIBEDY T ILBE B JAACrRAR IR
param_FDR <- 0.05 #false discovery rate (FDR)EH{E#IE87E
param_narabi <- c("nonDEG", "DEG_G1", "DEG_G2", "DEG_G3", "DEGall"™)#/ & — | EIE() Ctrl+Shift+]
param_samplesize <- 1000 #7— 2T u FUH T S0 (100000mTES= TETE ST

#whBEG Ny T —DEO—F
library(TCC)
library(baySeq)

# X7 7 A I OFHAS
data «<- read.table(in_f, header=TRU

#EHIE(TCC S 2 T 2 +OfERD)
data.cl <- c(rep(l, param_Gl), rep(
tcc <- new("TCC", data, data.cl)

#chlEﬁﬁ{t

ralrbloarmEscrtmne £+ 0

FLo R B

#/ % 0 T — DDFIHAT
#/ 5w T — MM

E, row.names=1, sep="\t", quote="")#in fTIEEL =7 7 -1 IL DFFAF

2, param_G2), rep(3, param G3))#G18F&1, c28F% 2. GIBF=3ILLI=~T b,
#TCCH S AT Tz 9 Ftcc &R
by T R—TA

+hod—""+mm" +rct mathad"Adaan" TR Z =00 o8 3 4+ [ e 1A
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"
Osabelfd)%ﬂi%ll

@ ROEEERFEH

< C @ EEEINTWAWMERE | iva.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg|

8. $7)LF—515(10,000 genesx9 samples®J > h5—5(data_hypodal @R 7ELET

FIZE7 S U TWNETH. SENLREBEEHOESUV(ANOVARN S CH OB TR o—vrorrro
EEE-ET/TL\. FIBZE)) (Y — >~ OREEZEEE-b(EESOFEER T CIZEEE-baySEq& &S E!)tﬁjr%%f&ﬂj;&j LT

-

DFIESEH R, COFIETIE. @ TR
SNTLWAESIZ, 10,000 B1F X 95>
TIL(BE3TUTIL) ot B T74)L
ZANELTRYHRWNET, KRR TH
21)99L 7T, QFRfF. —c—TIX. @DTRY
v 12, ®EWSRFTI(TIAILE) T,

in_f <= "data hvnodata 3vs3lvsl twt” #A N7 w42 EIET] . T in £I7#4H

4]

ol @ sEmEHUTRE
param
param

param ™ B> PC > FRIMT

param

param

774 L &(N): | data_hypodata_3vs3vs3.txt

#ﬁ\%?

libra 774 VDEFR(T): Text Document (".txt)

libra

#A0
data

v -O=8
i AN -0E8E(B)

FF(S

Fvovl

data.= AR e

#TCCBE{ L

tcc <- new(” Tcc” , data, data.cl) #ITCE’_??)?\?J'? ,/1’_7’ fltlclzlc#é{’ﬁﬁi

ralrbloarmCasrtmane f+re moem mo +hod—""+mm" +rnct moathnd—"Aado~rr"

uuuuu T T [T | =

b FR—TA

T = el o S e N B ol == B o SO e A
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" B
Osabe;ZMEEE12

DRStudioDFTEY, MEFEREEEE3[E] (2019
FI3A15H) DEZEEHDREDIZTS
[CHREEHY o

RStudio
Eile Edit Co View Plots Session Build Debug Profile Tools Help
O - O~ Go to file/functi = Addins =
Console  Terminal laobs =
R version 3.6.1 (2019-07-05) -- "Action of the Toes"

Copyright (C) 2019 The R Foundation for Statistical Computing
Platform: x86_64-w64-mingw32/x64 (64-bit)

R &, BELVIFIIFTHD., [R2(CEELI TY.
—TEOERFICHEXIZ,. BERICCNEBRMI dCENTEET,

LTS FMICELTIE, "Ticense()' AWLE "licence()' &AHNLT
<TZE0N,

R FZ<OEME(CIDEFITOS IV RTY,

FL<IE '"contributors()' EAHDLTLIESELN,

FIZ. R 2 R D)\ —2&2 B C3IAT 3FROER ICDLTE
'citation()' EASLTLIZEN,

"demo()' EANTHNETEEZADTENTEET,

'help ()" &THNIEATA AL THEET,
'help.start()' T HTML JSOHICEBINILTHHSNFET.
'qQ)' EAHTNIE R BETLET.

>

Environment History Connections

g i To Console

Files Plots Packages Help

G Mew Folder | @  Delete =] Rename
"":“- Heme
A Name
207
2018
20149
2020
hitml
Office DAAF L T T L— b
Outlock 77 -l
paper
public_html
R

20l

“PTosource | 9@ §

Viewer

([l X

R Praject: (Mone) =

=

#

=]
.\;} More ~

Size e
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Osabe;ZMEi%13

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

O .| O = New Session
Console Terminal Jobs II’!'[E'H'UDI R
Terminate R...
R version 3.6.1 (201 Restart R

Copyright (C) 2019 1
Platform: x86_64-w64 Set Working Directory
R (&, BEHRYIFII)
—TEDERMFCHZIE, BH
AeTnsRiFDEFMICRAL T3
<TZE0N, Clear Workspace...

Load Workspace...
Save Workspace As...

R (FZLOEEEICLDH

(DRStudioDFEEN, FEF E 55 3[E] (2019
FIA15HD) DEZEHDREDITD
[ZHfEERH Y, @Session, B)Set
Working Directory. @Choose Directory
CODEILT EETALIRIZEFETL
FWIF7AILDFEET ST AT T ]
[CEBELFT,

rl+Shift+F10

Computing

To Source File Location

To Files Pane Locatio

Choose Directory...

Viewer -]

Ctrl+Shift+H perame 48 More -

Quit Session... Ctrl+Q

CAJIL T N

FULIE "contributors()' AL TLIEE0N,

F/Z. R 1 R D)\ —F B TRl IEOED ICDLTE

'citation()' EASLTLIZEN,

‘demo ()" EANTNETEZHDZENTEFT,
'help ()" &TNUIASSAAILTHEFET,

'help.start()' T HTML JSOHICEBINILTHHSNFET.

'q()" EADTNIE R BETLET,

>

e

A Name Size e
2007

2018

2019

2020

hitml

Office MAAF L T T L—
Outlook I 71l

paper

public_html

R

20l
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OsabejZ D =%

14

(DRStudioDFTEY, MEFEREEEE3[E] (2019
FI3IA15HD) DEZEHOREDITS
[CH R, @Session, BSet

) RStudio © Choose Working D Working Directory. @ Choose Directory
File Edit C oose Working Birectory CDEICLT EETALORIZRETL
°-l®& « v 1 B> PC > FAIRYT v O (FEWIFPAILDEET B TRIMT ]
p— ) [ZEBLET, ®TRIMYTEZEIRLT
o EiE - FLLIAIS @O
N pen,

R versi(. mpc ~ &m N

Copyrigh 9

Platfory ~ -#3DATYITE BRI —HTIEBRBYEEA.

> ¥ F9v0-F

R (F, e ~ wer =
—FEDEd 7 W 7RI T 2 viore -

<EEL“G . . Size he

> = E9Fy

R (35 <« 3 P54

o<y | 0 WET

= R4 » D 31-Yvs

‘citatid . = windows (C)

‘demo()| > L SDXCCard (E) v <

nelpQ WA= |[TAI T

"help. st JAlG— | T ATy ’

] ) t

a0 Open Frutll

-
20202 At ETHILKE 209




" (DRStudioDIEHY, HE 4 A E3[E (2019
S = O F3A15B) DEEEHDHEREDIZFDS
Osabe; M =Eix15 CLREBED. OSostion. Dot

€ Rstudio Working Directory. @ Choose Directory
File Edit Code View Plots Session Build Debug Profile Tools Help ~ @J:a(:L—Cs 1lE¥7__\\’f l/7|")€’ﬁg$ﬁl«
© o - o saon || - s EWTPAUBETES BT TR T )
Coce | fomie » it ISEBELFET OT RAIMYTEZFRLT
R.ver."sioln 3.5.1 (2019-07-05) -- "Action of the Toes" N @Openo ;AJUEZD(:@Ljij_O

Copyright (C) 2019 The R Foundation for Statistical Computing
Platform: x86_64-w64-mingw32/x64 (64-bit)

R (. BERYVIFIIFCHD., [ZEICEFE T9,

—EDOFFICHEXIE. BHRCONEBERMI 22N TEET, Flles |[ote || Packomes | Eiele | Wiewer =0
ACRSEEDEERICEALTIE, "Ticense()' HAWLE '"licence()' &AL @l New Folder | @ Deiete =] Rename | More -
T < EEL \D C: » Users » kadota > Desktop

A Name Size hle
R (3B <OBERECLBRATOS T MTT, =
?,':"é L_.f< {Et 'cc:-n‘l:r'T butor‘s() v t}\jj LT < EEMG | data_hypodata_Fws3vs3. it 356.3 KB Fe
F/Z. R 1 R O\ —TZ BRI TEIAT SROEICDONTIE | Breelink =0
'‘citation()’' EABNULTLZEN, - Rstudiolnk 488 ©

"demo()' AN TNIETEEAHDCENTEET,

'help ()" &ETNIEAYZA AL THEET,
'help.start()' T HTML J oY (CEBNILITAFHBENET.
Q0" EAPTNE R EETUET,

> setwd("C:/Users/kadota/Desktop™)
-
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S
Osabe;ZMNEEx16

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o - OR - Go to file/function = Addins -

Console  Terminal Jobs

C./Users/kadota/Desktop/

R version 3.6.1 (2019-07-05) -- "Action of the Toes"

Copyright (C) 2019 The R Foundation for Statistical Comput
Platform: x86_64-w64-mingw32/x64 (64-bit)

R (3. BEHLRVIFIIFTCHD., [ZRICEFE T9.
—TEOELECHER IS, BRCCNEBEMI DL TEET,

EE%E%#F@EHH]ICEEIL:T{J\ "I'icense()' 3'0__)/‘:_"31.,\[;" "I'icence()' &,7\;‘]1_; Q' New Folder | @ Delete =] Rename | gk More ~

TLIZE0N,

R FZ<OEMEICIZIHETOSIIRTT,

FL<IE "contributors()' FAALTLIEELY,

FIC. R 2 R D)\ —2F B TEIAT 3ROERICDNTIE
'citation()' EASLTLIZELN,

"demo ()" EANTNETEZHDTENTEET,
'"help ()" t?ﬂfi?f?ﬁ#){\)lzj{’ﬁtﬂi?u
'help.start()' T HTML J oY (CEBNILITAFHBENET.

g0 EADTNIE @uﬂz ‘

> setwd("C:/Users/kadota/Desktop™)
-

(DRStudioD#EEN, FEFE 5 3[E] (2019
F3A15B7) DEZEHDOREDIFES
[CHEEERHY) . @Session, B)Set
Working Directory. @ Choose Directory
CDEIILT EETAL O ERETL
FEWIF7AILDFEET S TRAIMYT ]
ICEBELFET . OT RV TEFERLT
. ®0pen, CATRBELCIZHYES , SIF
t@#ﬁ%li,@l H £ kadota®d
WindowsIRIZE CTlX. ®@Da< K A AIC
*Eé'd’éd)t&ﬁﬁli'd’h(iézb\’cﬂ’

TOCRagTS WTCRECT

—

C: » Users » kadota > Desktop

A Name Size hle
Tt.
data_hypodata_3vs3vs3 tut 356.3 KB Fe
Excellnk 23 KB
RStudio.nk Q48 B 0O

(@]
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" @NIATURETFICHET BT 2k
: ——gr TADEETALIMN)DER IDFERE
Osabe/ZMNDEix17 LT. QLDDEBALEH>TNES

RStudio — d *
File Edit Code View Plots Session Build Debug Profile Tools Help
o - R - £ File/f i = Addins - R Project: (None) -
Console  Terminal Jobs = Environment  History  Connections p—
T & To Console | =% To Source | @ i

R version 3.6.1Y2019-07-05) -- "Action of the Toes" « setwd("C:/Users/kadota/Desktop..
Copyright (C) 2019 The R Foundation for Statistical Computing
Platform: x86_64-w64-mingw32/x64 (64-bit)
R (&, BELAVIFIIFTHD., [ZRICERFL TY.
—TEDEMHICHEXIE, BRCCNEZBEMI 3 ENTEET, Flles | Fots | Facages | Help | Wiewer =0
ACRSEEDEERICEALTIE, "Ticense()' HAWLE '"licence()' &AL @l New Folder | @ Delete =] Renamgfiinglk More -
t(EEL\g C: » Users » kadota » Desktop

A MName Size il
R (FZ<OBME(CHBRATOTIYRTT, = N
E-:"é L_,f< {Et 'CCIIF‘I‘I:I"'T butors() v t}\jj LT < EEL—'\G data_hypodata_3vs3vs3 tut 356.3 KB Fe
FIZ. R 2 R D)W =@M TEIAT SEROERICDONTIE Freetink =0
"citation()' EANLTLIZE, Rstudio.Ink 9438 o

"demo()' AN TNIETEEAHDCENTEET,

'help ()" &ETNIEAYZA AL THEET,
'help.start()' T HTML J oY (CEBNILITAFHBENET.
Q0" EAPTNE R EETUET,

> setwd("C:/Users/kadota/Desktop™)
-
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Osabe;ZM3E%18

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o - OR - Go to file/function = Addins -

Console  Terminal Jobs

C:fUsers/kadota/Desktop/

R version 3.6.1 (2019-07-05) -- "Action of the Toes"

Copyright (C) 2019 The R Foundation for Statistical Computing

Platform: x86_64-w64-mingw32/x64 (64-bit)

R (3. BEHLRVIFIIFTCHD., [ZRICEFE T9.
—TEOELECHER IS, BRCCNEBEMI DL TEET,

eIz HRICEIL TR, "Ticense()' ®AWLE "licence()' &AL @ | NewFolder | @ Deste = Reram

TLIZE0N,

R FZ<OEMEICIZIHETOSIIRTT,

FL<IE "contributors()' FAALTLIEELY,

FIC. R 2 R D)\ —2F B TEIAT 3ROERICDNTIE
'citation()' EASLTLIZELN,

"demo ()" EANTNETEZHDTENTEET,
'"help ()" t?ﬂfi?f?ﬁ#){\)lzj{’ﬁtﬂi?u
'help.start()' T HTML J oY (CEBNILITAFHBENET.

90" EAPTNIE 3‘7 LET,

> setwd("C:/Users/kadota/Desktop™)
-

@DAVTURETICHET AT RILY
TADEETALONIDER | DFERE
LT. QLD RELEHL->TNET,
HIZODECATRATWAIERIE. @
TRATWAIEHRERLTY,

R Project: (None) =

= Environment  History  Connections p—

- y

To Console | —# To Source | @

~ setwd("C:/Users/kadota/Desktop..

Files Plots Packages Help Viewgr -]

—

C Users » kadota Deskiop

& Name Size hle
Tt.

data_hypodata_3vs3vs3 tut 356.3 KB Fe

Excellnk 23 KB O

RStudio.nk Q42 B O
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Osabe;ZMEE£19

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
o - OF - Go to file/fundtion

= Addins -

Console  Terminal Jobs

C./Users/kadota/Desktop/
R version 3.6.1 (2019-07-05) -- "Action of the Toes"

Copyright (C) 2019 The R Foundation for Statistical Comput
Platform: x86_64-w64-mingw32/x64 (64-bit)

R (3. BEHLRVIFIIFTCHD., [ZRICEFE T9.
—TEOELECHER IS, BRCCNEBEMI DL TEET,

ACRSEEDEERICEALTIE, "Ticense()' HAWLE '"licence()' &AL

TLIZE0N,

R FZ<OEMEICIZIHETOSIIRTT,

FL<IE "contributors()' FAALTLIEELY,

FIC. R 2 R D)\ —2F B TEIAT 3ROERICDNTIE
'citation()' EASLTLIZELN,

"demo()' AN TNIETEEAHDCENTEET,

'help ()" &ETNIEAYZA AL THEET,
'help.start()' T HTML J oY (CEBNILITAFHBENET.
Q0" EAPTNE R EETUET,

> setwd("C:/Users/kadota/Desktop™)
-

@NAVYUREITICHHT A TRILY
TADEETALINIDEE | DFERE
LT. QLD RELEHL->TNET,
HIZODECATRATWAIERIE. @
TRZTWAERERILTY , A
BETALON)THST AT ET
BoNAEDONYRRTYTENTLNAD
TEFMENENTT , EELG LI, @S
ZFEREFELIZID7MILNRZTINSC
ETY,

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename i} Maore -
C: » Users » kadota > Desktop
A Name Size e
Tt.
data_hypodata_3vs3vs3 tut 356.3 KB Fe
Excellnk 23 KB O
RStudio.nk Q48 B 0O
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S
Osabelfﬂ) E£20

X

@ RUEEERFIER
iu.a.u-tokyo.ac.jp/~kadota/r_seq.html#analysis_deg

%! C @ REINTLEWEE | ivau- .ac.jp/~ - seq.html# is_deg|
8. 7 —/15010,000 genesx9 samples®hJ > b5 —%(data_hypodat

DOBIESTHEINTLBARY) IO
B, QW STFEERZ TV =2D
ERLCI77AMILRBDXXFEHTHY., Ch
MARNT7AILTY , QHAWT7MILA
[Fhoge8ixtEL TWNDEFEAFEETET,
DFY ., BEGEITHAERONIL, hoge8.txt
kL\o?_au0)77411/75\1’%@3%6&\9
—¢&TY,

FIZE7 S U TWNETH. SENLRBEEHOESU(ANOVARIL S CH OB TRIREE
EEE-ETTL). RIBZE)) (Y — > ORE%ZEEE-b(ESSOREER YT T [ZEEE-baySE
=

in_f <- "data hypodata 3vs3vs3.txt AT T 7 A LR EIETE L Tin_flIigH
out_f <- "hogeg.txt" T 7 IR EIETE L Tout_fIIi8H
param Gl <- 2 #G1EFDH LTI T8

param G2 <- 3 #G2ERDOH LTI EIETE

param _G3 <- 3 #GIFFDH LTI EIETE

"DEG_G2", "DEG_G3"

"DEG_G1",
#?—hzhjjﬁUﬂxﬁUJﬁﬁﬁc

param_narabi <- c("nonDEG"

param _FDR <- ©.05
param_samplesize <-

1866

B Sy r—DE0—F
library(TCC)
library(baySeq)

#/ 5 0 = DDFIHAS
#) 5w T — DDFFHIAF

# A7 7 1 I DEdrAG
data «<- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote="

#EIE(TCCH S 27 T2z 7 FOFER)
data.cl <- c(rep(l, param _Gl), rep(2, param_G2), rep(3,
tcc <- new("TCC", data, data.cl) #TCCY 2 AT 7022 ktec=1ERY

#chﬁﬁf L

ralrbloarmCasrtmane f+re moem mo +hod—""+mm" +rnct moathnd—"Aado~rr"

#false discover“y rate (FDR)EETE%TEE )
"DEGall™)#/ {49 — J%%?Eiﬁ(jﬁﬁ[&fﬁimwj

"V¢in FTIEELI- T

param_G3))#G18F &1, G228 %2, G3FFEIL LI~ b,

T = P o S = o

eYeTele)
oo

DHELE, XS L VEEF EETEER

7 -1 I DR IAF

hw =S

T A+~ I
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"
Osabelfd)%ﬂi&l

DFIESTHEINTWBARYYTrDE
BLASR, ONSTFEERZA TV =10
ERICT7AMILEBDXFHTHY. Ch

@ ROEEERFEH
6

8. > JILT—415(010,000 genesx9 samples®H ) > b5 —4 (data_hypodat
FIZE7 S U TWNETH. SENLRBEEHOESU(ANOVARIL S CH OB TRIREE

C @ EEEINTWAWMERE | iva.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg|

MART7AILTE , QHAT7AILA
[Fhoge8.txtEL TLNSEFTRAEEET,
DFEY . BEETHEHONIL, hoge8.txt
ELVSBRIDIT7AILDBMERLEN B ELND
CETT L, FBRARDRY) TheEREar

ﬁ_@ﬁ“ FIRZE)) (Y — > OREZEEE-b(BE S OEZRF TIEEEE-baySE

—LET, ELO@MSRE—FLT -

param_narabi <- c("nonDEG"
param_samplesize <- 1000

"DEG_G1", "DEG_G2", "DEG_G3",

#7— AT FUS TS
#AEG e —DFEO—F

library(TcC) #/ 5w T— D OFAAH
library(bayseq) #/ 5w T — DA
# X7 7 A I OFHAS

data «<- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote="

#EEIB(TCCH S 2F T o2 2 FOfERR)
data.cl <- c(rep(l, param _Gl), rep(2, param_G2), rep(3,
tcc <- new("TCC", data, data.cl) HTCCH T AT T o7 tecm1ERY

#TCCBE{ L

calcllopmbactorclitee _wnoem motbhod="tmm

+oct smothod_"odones"

"DEGall")#/ 4 — R FIEE (MTIEZ 5L

in_f <- "data_hypodata_3vs3vs3.txt” #A 07 7 IR EIETEL Tin_fIZHEHT
out_f <- "hoges.txt" #0507 7 1 ILRBEFIETEL Tout_fIZFEH
param Gl <- 3 #G1EFDT T ILETIEE

param G2 <- 3 #G2EEDT LTI ENTIEE

param _G3 <- 3 #G3FEDT T I TIEE

param_FDR <- 0.05 #false discovery rate (FDR)EAEZI8TE

"V¢in FTIEELI- T

param_G3))#G18F &1, G228 %2, G3FFEIL LI~ b,

T = P o= el R oS

(LoceoohMEEE, K ZE VAT SSHEFR

7 -1 I DR IAF

ST

ol == R ol S ke T A A

20205 2 A #&EH ALK
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Osabelf O) E 22

@ 'R_r) IE:E l L’JT

< cC 0 %ééﬂ TWELEE | iu.a.u-tokyo.acjp/~kadota/r_seq. htmlﬁanalysm deg

}
TrTILNIERE(GT AT 7-T7I0)

mp <- cblnd(rownamES(data), data, out$PP, out$MAP, orderings, ranking,
rite.table(tmp, out f, sep="\t", append=F, quote=F, row.names=F)#tmpd

HomD & & (EEIET)

head (out$MAP)
able(out$MAP)
able(out$MAP)/length(out$mMAP)

(tcc$5tat$q val
sum(ob])
ab’e(out$MaP[obj])
?' ~(out$MAP[obj])/length(out$MAP[ob]j])#/ <

*00 genesx9 samples®H > b5 —#(Simulation_3group_sheep.txt)DiES :

orderlngs <- append(orderlngs, as. character(ba@orderlngs[1, max.co!

PIEEBL FEANCAN T 7 (N ERBEITY . ANTFILIE. 1~1,0001
(DEG_G1). 1,001~2,000fTH/G28} C4{5&%H) (¥ —>(DEG_G2). 2,001~3,000% E:’J"G3E¥"C41ﬁm%ﬂanm_
2019) 3754 )L KOFDREHE(= 0.10)[ca by T A=A

(DEG_G3). %0 non-DEGTH, bld. TCC-GUI (Su et al.

o

AOHIESTHEINTLARY) T LD
BIfRS, QNSETIFERATLN =20
EEILT7AILBDXFIITHY., _h
MANIT7AILTT . QEANT7MIL%A
[Fhoge8ixtEL TLNDEFEAFEETET,
DFEY ., BMEEFTNEHMNIL. hoged.txt
ELVDBHIDIT7AILDMER SN B ELND
ZETT, FRBRRDRY)TheFkEaE
—LFzET . ELED@OIRF—KLT.
AL T, OBIEINRAZABECAD.,
®ZZF TCRERSHE T

TEAGIE T4 ESER/(Y—
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N DBIES TRESN TSRS TROHE
BLASR, ONSTFEERZA TV =10
Osabel£0) E 23 FRLTFALEDXETTHY . oh

BARAT7AILTYT . QHAT7AIL A
[Fhoge8ixtEL TLNDEFEAFEETET,

& cC 0 ‘H'tu%éﬂ{fh\ab\ﬁf— | iu.a.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg | SFL %ﬁ#*ﬁh\%&bh'i hoge8.txt
: OI‘dEI‘ll‘IgS <- append(ordel‘lngs, as. character (ba@order‘ln_gé[l, ma:; cd tL\j% ﬁl]O)??/f)b?ﬁW’EJﬁé*L%)tL")
N — ZETY . FBRRDRY T &HKEIE
rﬁp_: <- cb1|1d(r0wname's(data), data, out$PP, out$MAP, orderings, r‘ankim:_,l —Lij_ EJ:@@#\BZQ_I‘L,_C\ —
rite.table(tmp, out f, sep="\t", append=F, quote=F, row.names=F)#tmpd /\de~ L/—C @15“ E9h§ﬁiét:5o)

Do) 2h & & J1E 1"‘ . >
hl_ad (0ut$MAPg£ £) #E=A)D6IEIGTS — @u — i TR $1§'c“ = T. 75 7 1)y 7 f@j

o
able(outy t_o

@ (RTUNEEEFISIF

able(outy IE-(Q)
_:1“ Google T/ h_f <- "data_hypodata_3vs3vs3.txt" #AHT7MI&%..JEEFR(S)

ob] <- (Tl Ctrl+P
sum(obj)

able(outy
able (out {EEEHI() Ctrl+Shift+]

9. 10,000 genesx9 samples®H > hF—4# (Simulation_3group_sheep.txt)DiBS :

PIRES & (ZEAN(C AN T FAILAERDIZTTY . AhTF71ILIE. 1~1,0007BHGLE T4 ES R/ (Y-
(DEG_G1). 1,001~2,000{TEH'G2E TAE=RIR/ (¥ — > (DEG_G2). 2001 3000?‘?53’3‘G3E¥T41ﬁm%*5“’q—
(DEG_G3). BNHnon-DEGT, #hld. TCC-GUI (Su et al., 2018)( 5 )L HOFDREHNE(= 0.10)c&L by TR
ER
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() RStudio
Eile Edit Co View Plots Session Build Debug Profile Tools Help

' a2 - Go to file/function = Addins =

Console  Terminal Jobs
C:/Users/kadota/Desktop/

R version 3.6.1 (2019-07-05) -- "Action of the Toes"
Copyright (C) 2019 The R Foundation for Statistical Comput
Platform: x86_64-w64-mingw32/x64 (64-bit)

R (. BERLRVIFITITFTHD., [ZRICERELI TY.
—EOERGFICHEXIZ. BERCCNEBRMI LN TEET,
BERSEAFDEERICEALTIE, "Ticense()' &3LE "Ticence()' &AM
TLIEE0N,

R FZ<OEMEICIZIHETOSIIRTT,

FL<IE "contributors()' FAALTLIEELY,

FIC. R 2 R D)\ —2F B TEIAT 3ROERICDNTIE
'citation()' EASLTLIZELN,

"demo()' AN TNIETEEAHDCENTEET,

'help ()" &ETNIEAYZA AL THEET,
'help.start()' T HTML J oY (CEBNILITAFHBENET.
Q0" EAPTNE R EETUET,

> setwd("C:/Users/kadota/Desktop™)
-

AFIRBSTREINTLBRYY T D
B R, QN SEIZERZA TV =D
ERILT7MILEZDXEFITHY. Zh
MARAT7AILTY , QHEHT7AILEA
[Fhoge8ixtEL TLNDEFEAFEETET,
DFEY ., BMEFETHAEDONIL, hoge8.txt
ELVSBRIDIT7AILDMERENBELNDS
ZETT, FRADRYYThEhEaE
—LFI . ELED@IRF—KLT.
ATERELT. OFIEINR Z5E250.
GO EFTREZSE T, HYYYvoTDa
= —_ ®RStudiolZLT. @a>y—IL(
Console) EWLVNSR TN T O T4 T 4KEE

THAHETHERELT. ..

| data_hypodata_3ws3vs3.tut
| Excelink

| RStudio.nk

3563 KB
23 KB
Q42 B

Fe
0O
0
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) RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o -G8 - Go to fileffunction = Addins =

Console  Terminal Jobs

C:/Users/kadota/Desktop/

R version 3.6.1 (2019-07-05) -- "Action of the Toes"

Copyright (C) 2019 The R Foundation for Statistical Comput
Platform: x86_64-w64-mingw32/x64 (64-bit)

R &, BELVIFITIFZTHD., [RE2(CEFELI TY.
—TEOEEIERIE, BRICCNEBEMI SCENTEET,
BEfSEOZHRICEA L TIE, "license) &mAWNT "Ticence()’ &AT
TLIZE0N, Cut
Copy

Select all '

Paste

Reload

Inspect element
'demo ()" EANTNETEREHDZENTEET,
'help()' &FTHUFASSAAILTHHET,
'help.start()' T HTML J oY (CEBNILITAFHBENET.
'q()' EAPTNIE R BETULET,

R FZ<OEMECIBZIHETO>T
ZFULIE "contributors() ' &AJ
=z, R 12 R D)W — & BRI
'citation()' EAFLTLIZELN,

[C DT

> setwd("C:/Users/kadota/Desktop™)
-

AOHIESTHEINTLBRY) T LD
B R, QN SEIZERZA TV =D
ERILCIT7MILRBDXFHTHY.,. _h
MARAT7AILTY , QHEHT7AILEA
[Fhoge8ixtEL TLNDEFEAFEETET,
DFEY . BEETHEHONIL, hoge8.txt
ELVDBHIDIT7AILDMER SN B ELND
Z&ETY . FRRDRY) ThEKEaE
—LFI . ELED@IRF—KLT.
ATERRCT. OFIEINRZEECAHD.
O ExFTREESET. AV v TODT
E—. ®RStudiolZLT. @3> —JL(
Console) EWNSRAT W7 OT 4T KEE
ThAHEHEZELT. ZBRTHI Y
2 TC({0Paste,

| RStudio.nk Q42 B O

20205 2 A #&EH ALK
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" R [SARBLTE, DS,
Osabe;E N EEx26

) RStudio — ] X
File Edit Code View Plots Session Build Debug Profile Tools Help

O - Ofy - A Go to file/function - Addins = R Project: (None) =
Console  Terminal laobs = Environment  History  Connections p—
C:/Users/kadota/Desktop/ =l | 3=To Console | =% To Source | @ I’ Q,

write.table(tmp, out_f, sep="\t", append=F, quote=F, row ~ setwd("C: /Users/kadota/’Desktop |

.hames=F)#tmpD T HZIETF L T7T4wﬁﬁﬁﬁ

HERDEEDH(RELRT)

head (out$MAP) #ERADEBIETTD

/H:g_ },Eﬁﬁ Files Plots Packages

table (out$MAP) #INF—> T EEDHIR @ New Folder | O Delete

%E&g_- = _;'EZTT\ [(]» € » Users > kadota ¥

table (out3$MAP) /Tength(out$MAP) #INF—> T EDHRIR + & Mome "

‘E'EE‘E%:EZTT B T EES
[ | data_hypodata_3

FERDE & 8 (nondEGD BEHE DB EE B T 0% BE) O [ Bcelink

obj <- (tccS$statSq.value < param_FOR)#F{F&E@/IZIT M ESH O LI RStudionk

ZHHTEUIZEERETobj (L&

sum(ob3j) tEEEBIZIHER

RS

table(out$MAP[obj]) #INF—>2 T EDHIR

BEZERER(ZEEZBLLIEDDOH)
table(out$MAP[obj]) /Tength(out$MAP [obj])#/LSY — > T &M H
?ﬁ%ﬁﬁﬁ(%#ﬁﬁﬁt@'ﬁ@@h)
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CARRLCICHES, DYE—2, RITH

Osabe‘f@%ﬂi%Z? L
() RStudio — O X
File Edit Code View Plots Session Build Debug Profile Tools Help
o - R - Go to filefunction = Addins - R Project: (None) =
Console  Terminal Jobs = Environment  History  Connections p—
C:/Users/kadota/ _pE'Skt-"p" e} = H #To Console | =% To Source | @ &

cb1nd ccTnames, dwrname, do.call, duplicated,
eval, evalg, Filter, Find, get, grep, grepl,
intersect, is.unsorted, lapply, Map, mapply,
match, mget, order, paste, pmax, pmax.int,
pmin, pmin.int, Position, rank, rbind, Reduce,
rownames, sapply, setdiff, sort, table, tapply,
union, unique, unsplit, which, which.max,
which.min

ERENTZ) WS — Biobase ZO—RHTY

welcome to Bioconductor

Vignettes contain introductory material; view
with 'browsevignettes()'. To cite Bioconductor,
see 'citation(''Biobase")’, and for packages
'citation("pkgname')’

ERk=NIZ)Wwhr—2 Tocfit &#O— FRRTT
Tocfit 1.5-9.1 2013 03-22
RTINS — lattice ®#O—RPTT

param_narabi <- c("nonDEG",
param_samplesize <- 1000 #7J..
#nEIR) o —2Z0—
Tibrary(TCC) #/\Wio—MERdmaA

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename i;i'Mcre'

C Users » kadota Deskiop

A Name Size hle
Tt.

| data_hypodata_3ws3vs3.tut 356.3 KB Fe

| Excelink 23 KB o

| RStudio.nk 048 B o]
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_/uﬁuu 5, DYRA—2, FE

EZEL

===
Osabe/Z M= %28 BT
RStudio — d *
File Edit Code View Plots Session Build Debug Profile Tools Help
o - R - Go to filefunction = Addins - R Project: (None) =
Console  Terminal Jobs = Environment  History  Connections p—
C:/Users/kadota/Desktop/ e P | 5 ToConsole | = ® Ta Source | o ¥
==y “ tcc <- new('TCC", data, data.. *
> Tibrary(bayseq) #)\W o —2 DA #TCCIERRAL,
> tcc <- calcNormFactors(tcc, ..

> # AN T 7 AILDFFIAH

> data <- read.table(in_f, header=TRUE, row.names=1l, sep
="\t", quote="")#in_FfTIEELIIZ I 7 )LDFEMIAF

-

> #EIAUER(TCCO S AAT 10 +OIERK)

> data.cl <- c(rep(l, param_Gl), rep(2, param_G2), rep(3, par
am_G3))#GlE¥ 71, G2E¥&2. G3EF3 L LIz~ ldata. c1Z4ER

> tcc <- new("Tcc", data, data.cl) #TCCOSAATZ Tt
ccEVERK

=3

> #TCCIEFRAL

> tcc <- calcNormFactors(tcc, norm.method="tmm", test.method
—”edger"” HERRALZEET LT R tec [THEHN

iteration=3, FDR=0.1l, floorPDEG=0.0
5}#IE£E{EE$FJ LIciERFtcc(Cigim
TCC::INFO: Calculating normalization factors using DEGES
TCC::INFO: (iDEGES pipeline : tmm - [ edger - tmm ] X 3 )

iteration=3, FDR=0.1, floorP..

Files Plots Packages Help Viewer -]

O | Mew Folder | @  Delete = | Rename f.:'}Mcre'

C Users » kadota Deskiop

& Name Size
Tt.

data_hypodata_3vs3vs3 tut 356.3 KB

Excellnk 23 KB

RStudio.nk Q42 B

e

(e e
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_ CARELIZHS, DY E—, EiTH

RATH2.. . ET7H3...

OsabejE DX %29 -

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

o - OR - Go to file/function = Addins -
Console  Terminal laobs =
C./Users/kadota/Desktop/ @

-

> #AZE(DEGIEE with TCC)

> set.seed(2015) B ULWRIGEEIC
DL DICT D)

> tcc <- estimateDE(tcc, test.method="edger', FDR=param_FDR)#
DEGIEH & /T UITiER T tec (L8N

TCC::INFO: Identifying DE genes using edger ...

TCC: :INFO: Done.

> result <- getResult(tcc, sort=FALSE) #pfBRED:IEERZres
uTt(THEER

> sum(tcc$stat$q.value < param_FDR) #RE I BT EE
TR

[1] 1962

-

> #AE(DE)(F—2 3% with bayseq)

> 1ibsizes(ba) <- colsums(data)*tcc$norm.factors#TCCIEFR{LED
ZA S A L2AE

> ba <- getPriors.NB(ba, samplesize=param_samplesize, estimat
ion="qQL", cT=NULL)#ZRIDM&HEE

Finding priors...

Y

- ([l X

R Project: (None) =

Environment  History  Connections p—

0 r
¥ To Console _.-l To Source ¥

sum(tcc$stat$q value < param..
#48 (DE)\F— 2348 with bayse..
libsizes(ba) <- colsums(data..
ba <- getPriors.NB(ba, sampl..

o

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename f.:'}Mcre'

—

C Users » kadota Deskiop

& Name Size e
Tt.

data_hypodata_3vs3vs3 tut 356.3 KB Fe

Excellnk 23 KB O

RStudio.nk Q42 B O
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S
Osabe;Z M EE£30

CARRRLCIZES, DUE—2, RITH
1...R792.. . ET7H3.. . FTP4...

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o - R - Go to filefunction = Addins - R Project: (None) =
Console  Terminal Jobs = Environment  History  Connections p—
C:/Users/kadota/Desktop/ e = H #To Console | =% To Source | @ j’
> sum(tcc¥stat$q.value < param_FDR) PR BICTBETEE ¢ #AE(DE) (Y— V9% with bayse.. *
ECTN lTibsizes(ba) <- colsums(data..
[1] 1962 ba <- getPriors.NB(ba, sampl..
> ba <- getLikelihoods(ba, pET..
> #AE(DE/\Y— 25348 with bayseq) ’
> 1ibsizes(ba) <- colsums(data)*tccnorm.factors#TCCIEIRILED Files  Plots Packages Help Viewer =0
5-1’j13 U"j‘-af;{?i*%ﬂ]q @ New Foider | @ Delete =] Rename | gk Mare ~
> ba <- getPriors.NB(ba, samplesize=param_samplesize, estimat C > Users ) kadata > Desddop _

_i DH=HQL” ’ C-| =NULL)#$ﬁUﬁﬁ?&}EE ﬁL A Name Size he

Finding priors...done. '

> ba <- getLikelihoods(ba, pET="BIC", nullData=FALSE, cl=NUL | data_hypodata_3vs3vs3.txt PeIkE R

L)#$?§ﬁ$€§+% | Excellnk 23KB Q
| RStudic.nk Q48 B 0O

Finding posterior Tikelihoods...Length of priorReps:0
Length of priorsubset:10000

Length of subset:10000

Length of postRows:10000

Analysing part 1 of 1

Preparing data. .. ..eunn i iiinnn st s ennnn e

. .done.
Estimating Tikelihoods...

- ([l X
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ZAERRLICIES, DYR—2, EfTH
1...5897%2.. . 3E17H3.. .E17H4. E
ITETEDIREE, /—NPCTHIS55 S

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

o - Of - Go to file/function = Addins -
Console  Terminal Jobs

C s/kadota/D t:;-

0 115? 0. 0513 0.0220 0.0002 0.8108

>
> #EROE & (nonDEGDEEERDFEEHIC I BODEEIER)

iELTiER 7 ob (BN
S sum (Obj ) #%{q:ﬁ;ﬁt g—ﬁi;&ﬁﬁ Files Plots Packages Help Viewer = ]
[l] 1962 O | Mew Folder | @ Delete =] Rename i} Mare -
- tab'l e (Dut $MAP [Db] ] j #J f/;;r_ }Ztmﬁ}ﬁ&ﬁ% C: » Users > kadota > Deskiop .
T (R BT BDDH) + & Neme o
DEG_Gl DEG_G2 DEG_G3 DEGall nonDEG data_hypodata_3vs3vsd.tut 3363 K8
955 491 200 2 314 Excellnk 23 KB

> table(out$MAP [obj]) /Tength (out$MAP [obi])#/\ 59— EMDHIRHE Ritudio.lnk 988
FrFor(Ftaimizc s bDMDd+)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368

nonDEG
0.160040775
-
-

— L

R Project: (None) =

= Environment  History  Connections p—

#

T &=To Console | =@ To Source | @

Y

sum(obj) #FMHERICIRET R

! X table(out$MAP [obj]) #/\F— > .
> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES table(out$MAP [obj])/Tength(o..

obj <- (tcc¥statdg.value < p.. *

4

e

(e e
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_ Jv?‘ong' 2755, GBP'J’S' o fﬁﬂlﬂ
s 1. .E47th2. E={7th3.. E{7h4. =
Osabe,fﬂ) E 32 TTxT?ﬁONkMOT/—FPC'C‘_]f-ﬁ’\JSﬁ\o@

RStudio #fHLTyo—krInld...

File Edit Code View Plots Session Build Debug Profile Tools Help
o - R - Go to filefunction = Addins - R Project: (None) =
Console  Terminal Jobs = Environment  History  Connections p—

C:_.-'L'sis_.-'Ra:ct:—.-":esitc:_.-' . g #To Console | =4 To Source o ':3‘,

0.1157 0.0513 0.0220 0.0002 0.8108 “ Obj <- (tccdstatdqg.value < p..

> ) \ sum(obj) #FMHERICIRET R

> HERDE L (nonDEGDEEEEDREERBIC T BDOZELE) table(out$MAP [obj]) #/{&—> .

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES table (out $MAP [ob1 lenath(o.
T LICiE R ob j (154 ¢ [obj])/Tength(

> sum (Obj ) #%{qzﬁ;ﬁﬁj‘—: gHETR R Files Plots Packages Help Viewer =
[]_] 1962 O | MewFolder | Delste o Rerame | 40P More -
- tab'l g (Dut $MAP [Db] ] j #J I:/;;r_ }Ztmﬁ}ﬁ&ﬁ% C: » Users > kadota » Deskiop
EFRR (R RI- T EDDH) M
DEG_Gl DEG_G2 DEG_G3 DEGa'l 'I NONDEG data_hypodata_3vs3vs3 tut 358.2 KB Fe
955 491 200 2 314 Excellnk 23 KB O

> table(out$MAP [obj]) /Tength (out$MAP [obi])#/\ 59— EMDHIRHE Ritudio.lnk 9488 o
Fa Tz (FREmIcT BODH)

DEG_GL DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368

nonDEG
0.160040775
>
-
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RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

ZAERRLICIES, DYR—2, EfTH
1...BIT7H2.. . ETH3...E1T7H4.. .53

I5E TR DIREE, /—FPCTHIGS

)

L T)O—F3hiX.QHEAT7AIL

THdhoges.xtBNRELNET,

o - OR - Go to file/function = Addins -

Console  Terminal Jobs
Cf L'sis_.-'Ha:ct:—.-":esitc p/ .
0.1157 0.0513 0.0220 0.0002 0.8108

>
> #EROE & (nonDEGDEEERDFEEHIC I BODEEIER)

R Project: (None) =

= Environment  History  Connections p—

= rl
= H #ToConsole | =@ ToSource | @ @

Y

sum(obj) #FMHERICIRET R

! X table(out$MAP [obj]) #/\F— > .
> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES table(out$MAP [obj])/Tength(o..

obj <- (tcc¥statdg.value < p.. *

iE LI R & ob j (CH&6R
S sum (Obj ) #%{q:ﬁ;ﬁt g—ﬁi;&ﬁﬁ Files Plots Packages Help Viewer = ]
[l] 1962 Q' New Folder | @ Delete =] Rename | gk More ~
- tab'l e (Dut $MAP [Db] ] j #J f/;;r_ }Ztmﬁ}ﬁ&ﬁ% C: » Users > kadota > Deskiop .
ZFR (REBIZT BODH) L2t
DEG_Gl DEG_G2 DEG_G3 DEGall nonDEG data_hypodata, 3vs3vs3.xt 6.3 KE
955 491 200 2 314 Excelnk 23 KB
> table(out$MAP [obj]1) /Tength(out$MAP [obj])#/\F— > 2 & MHIRHE hages.tet 1.5 M2
S For (R T BODRS) Rstudiolnk E
DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
-
-
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RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

' - Go to filefunction

Console  Terminal Jobs

= Addins -

C s/kadota/D t
0 115? 0. 0513 0.0220 0.0002 0.8108
>

AERLCIZH S, DURA—2, BiTH
1...217%2.. . E17H3...FfT7H4...FE
TR TEDIREE, /—FPCTHISSD, @
HLT)O—FrInE.QEAhT7AIL
T#Hdhoge8.xXtMEoNFzT, CDT7
A ILZFEEExcellf ETHOTEHELLNT
9 HY, @ConsoleE E LIZR RSN TLY
SNNENFEREDTHREDODEEAIE
ELOTLY,

> #EROE & (nonDEGDEEERDFEEHIC I BODEEIER)

EUIEE T ob ] (CHEM

> sum(obj)

[1] 1962

> table(out$maP [obj])
mF (R RBIC T BDDH)

HEMERIC I ETR

DEG_Gl DEG_G2 DEG_G3 DEGall nonDEG
955 491 200 2 314

FREFR(FHEERIZTEODDH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES

#)\F— > EDHIREEE -

> table(out$MAP [obj]1) /Tength(out$MAP [obj])#/\F— > 2 & MHIRHE

table(outIMAP[Ob]]) #/\F— ..
tabTle(out$MAP[obj]) /Tength(o..

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename i} Maore -
Users > kadota > Desktop
A Name Size e
Tt.
data_hypodata_3ws3vs3.tut 356.3 KB Fe
Excellnk 23 KB O
hoged.txt 1.5MB Fe
R&tudionk Q48 B 0O
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RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
0 - Q{ — — - .

- = Addins =

Bz IEDTD1962L L5 1FER (L. GLM
NR—ZANHIIVEEETERI TN
=D THY. qfEH0.05KEEVORHE
- BIEFRIHHLT S, QD
HHIEXTHAELLHOMNDERINVET
o T O0.05ELVOREMELDE. ..

Console  Terminal Jobs

0.1157 0.0513 0.0220 0.0002 0.8108

-

> #HERODZE &6 (nonDEGDEEHEEDEBEE B I bDEIEER)

> obj <- (tcc$stat$q.value < par‘am_FDRj#%ﬁ%iﬁ?‘:@'b‘ﬁﬁb‘%ﬂ

iE UTTiER 7 oh I [Cign

> sum(obij) (T EIC T RO
[1] 1962
> table (outMAP [obj]) #)\SF— o DR IREEE

TR (REE BT EDDH)

DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG

955 491 200 2 314
> table(out$MAP [obj]1) /Tength(out$MAP [obj])#/\F— > 2 & MHIRHE
FarFor (R EHIz T BOD0DH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

=

Y

Environment  History  Connections p—

#

T “PTosource | 9@ §

= To Console

obj <- (tcc¥statdg.value < p.. *
sum(obj) #FMHEmic I EFTor
table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..

Files Plots Packages Help Viewer -]
O | Mew Folder | @ Delete =] Rename h} Maore -
Users > kadota > Desktop
A Name Size e
t.
data_hypodata_3vs3vs3 tut 358.2 KB Fe
Excellnk 23 KB O
hoged.txt 1.5 MB Fe
R&tudionk Q42 B 0O
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() RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

R—ZDHEIVEEEHTEE R H
1D THY. qfEH0.05FKFHEWNSFEIE
-9 BEFHICEAE TS, QDE
HHIEXTLHALLG NS ERNET
o THE0.05L LVSBHEMNELNSE. QO
param_ FDR@EF'Enﬁ\O 055 T,

~ /8

L1F

Bl Z IXDTD1962E LS EHHR (L. GLM

2y g

o - O 2 - Go to file/function = Addins -

Console  Terminal Jobs

./ L'sers kadota .-_.esktf*p

0.1157 0.0513 0.0220 0.0002 0.8108 “

>
> #HERODZE &6 (nonDEGDEEHEEDEBEE B I bDEIEER)

> Objg.{_ (tcc$stat$q.value < param_FDR)#F{HEmiIcT N EDhEH
EUICiER Fob (CH54HH Ny U

> sum(obj) ‘
[1] 1962

> table(out$maP [obj])

T (R BT BDDH)

HEMERIC I ETR
#)\F— > EDHIREEE

DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG

955 491 200 2 314
> table(out$MAP [obj]1) /Tength(out$MAP [obj])#/\F— > 2 & MHIRHE
FarFor (R EHIz T BOD0DH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

Obj <~ (tcc$stat$q value < p..
sum(obj) #FMHEB/ICITHETOR

table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..

Files Plots Packages Help  Viewer

O | Mew Folder | @  Delete = | Rename E.;I' Maore -
C Users » kadota Deskiop
A MName Size

t.

| data_hypodata_3ws3vs3.tut 356.3 KB
23 KB
1.5 MB

o4z B

| Excellnk
| hoge8.txt
| RStudic.nk

=
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- _ Bl ZIEDZD1962E LS 1EER L. GLM
N == O N—ADEBEEFRITERMOFTON
Osabe;ZMNDEix37 F-£DTHY . qIEA0.055 HELSEIIE

Eml-BEEFRICHEAT S, QDE
_ _ HHEXTRALGSOMNEHERBNET
< C @ FEINTWVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#analysis_deg | ) @‘EOOS&L\'B E‘E{Eh\&b\at\ @

8. Y27 JLT—4151M10,000 genesx9 samples®h > b5 —% (data_hypodat param_FDR® th 5 A0.05- 05T,

BIE7 S UTWETH. SENLRRIBESHOESL\(ANOVARL S CH O TRIELS — M L\ 7= S
EEE-ETiTL). FIRZEE) (Y — > DOEEEEEE-b(ESSOFEERY P TIEXEEE-baySE @;0) =15 T0.0S&L")%{{E%

s param_FDRIZK AL TSI EAH A

in_f <- “data hypodata 3vs3vs3.txt" #ADT 7 IR TIEE L Tin_fICI8H L)-gs-g-
(o]

@ RUEZEFER x +

out f <- "hogeg.txt" #0507 7 IR TIEE L Tout_fIIHE

param Gl <- 3 #G1EFDT T ILETIEE

param G2 <- 3 #G2EEDT LTI ENTIEE

param _G3 <- 3 #G3FEDT T I TIEE

param_FDR <- 0.05 #false discovery rate (FDR)EH{E#IE87E

param_narabi <- c( DEG", "DEG_G1", "DEG_G2", "DEG_G3", "DEGall™)#/ 4% — EFIEFE (LI FEZ 5L
param_samplesize <- Wooo #7—F ATy IS T TEE (1eeeeeh ERE, FE VBT K ETEDER
#h BNy T —UE0—F

library(TcC) #/ 5w T— D OFAAH

library(bayseq) #/ 5w T — DA

# AT 7 A I DFHIAF
data <- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote="")i#in fTIEEL =7 7 1 L OFiFAF

#EHIE(TCC S 2 T 2 +OfERD)
data.cl <- c(rep(1, param_G1), rep(2, param_G2), rep(3, param_G3))#G18f&1. G28F%2, GIEFE3IELI=AT |,

tcc <- new("TCC", data, data.cl) $TCCO S AF T oz 7 btecEERL

by TR TA
#TCCIERRAL, .
+ ralrbloarmCasrtmane f+re moem mo +hod—""+mm" +rct mathad"Adaan" TR Z =00 o8 3 4+ [ e 1A
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RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
O - OF - .

Go to file/function = Addins -

Console  Terminal Jobs

C./Users/kadota/Desktop/

0.1157 0.0513 0.0220 0.0002 0.8108

>

> HERDEESH (NoNDEGDEEERDRBEZE BRI T BDEIED)

> obj <- (tcc$statl$q.value < param_FDR)#FHE@BICINEDIHE
TE UITiE R oh j (CHEHN

> sum(obj)
[1] 1962

#ERERIC I e TRT

HZIEDZD1962ELS51FHRIE. GLM
N—ADFEBLEEERIOFON
=HDTHY. qfEA0.05KFHEVLSEIE
-9 BEFHICEAE TS, QDE
HHIEXTLEALEGLHOMNDERNET
o THHE0.05LLVSRAEMELSE. B
param_FDR®DH & H0.057:=M 5 TY,
@D DERS TO.05E LS HES
param_FDRIZKX AL TSI EMNDHH
\JZ=9 . FDRIZ. False Discovery Rate
(ERFERE) DBRED T, OFIZIX5%
FDREWSEHETIRONT=1962{E&LNS

> table (ougMAP [0bi 1) g ts—> o eons Taskld. 1962 % (1 - 0.05) = 1863.9@
ERR GBI BOOH) MAYIDDEGT, FEYD1962 X 0.05 =
DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG 98-11@75‘%¢%T5&L‘9:&0
955 491 200 2 314 T = =
> table(out$MAP [obj]) /Tength (out$MAP [obi])#/\ 59— EMDHIRHE hoges.oxt 153 M8 Fe
FarFor (R EHIz T BOD0DH) RStudio.Ink 9488 0
DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
-2
-
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Dl&. 5% FDREEZ#T-L1-19621E
(2R LT, EDHIT/NI—2DEDHN

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
o -/ R 2 - Go to file/function = Addins -

Console  Terminal Jobs

0.1157 0.0513 0.0220 0.0002 0.8108

-

> #HERODZE &6 (nonDEGDEEHEEDEBEE B I bDEIEER)

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES
EUIEE T ob ] (CHEM

> sum(obij) HETEEIC T RN
[17 1962
> table(out$MAP [obj]) #)\F— T EDBIREEE

ZIoR (R THIZ T BDDF)

DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG

955 491 200 2 314
> table(out$MAP [obj]) /Tength(out$MAP [obj])#/\ 59— 2 & MHIRHE
FarFor (R EHIz T BOD0DH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

DHo=hERLI-ED,

=

Y

([l X

R Praject: (Mone) =

Environment  History  Connections p—

LToConsole | —=EToSource @ &

obj <- (tcc¥statdg.value < p.. *
sum(obj) #FMHERICIRET R
table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..

o

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename .\;} Maore -

Users » kadota Deskiop

& Name Size hle
Tt.

data_hypodata_3vs3vs3 tut 356.3 KB Fe

Excel.Ink 23 KB o

hoged.txt 1.5MB Fe

Rstudioulnk o4z B o
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S
OsabeE D X %40

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
o - CF

- Go to file/fun = Addins -

DI, 5% FDRBAEZ & 1=L1-19621&
[ZX LT, EQORIB/NZ—2DEDHLY
DBHo=ERLEEBD, DFIF/AR
— DEIYTEAIXITCCIERIE
+baySeql&ELND/ISA TS5A L THILIZ

Console  Terminal Jobs

=I:_.'I_sis_.'ka::tf-'i-:-sit:;- .

0.1157 0.0513 0.0220 0.0002 0.8108
-

> #EROE & (nonDEGDEEERDFEEHIC I BODEEIER)

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES

iE LI R & ob j (CH&6R

> sum(obj) RGBT THERS Files Plots Packages Help Viewer =1

[l] 1962 O New Folder | @  Delete =] Rename i} More ~

> table(out$MAP [Db] 1D #)\AS— }Zt@ﬁ}ﬁ&ﬁrﬁ C: » Users > kadotz > Deskiop |

ER(REEBIZ T BDDI) . Name Size M

DEG_Gl DEG_G2 DEG_G3 DEGall nonDEG data_hypodata_3vsdvsd et 3563KB  Fe
95§ 4971 ) 209 ) 2 314 Excellnk 23IKE 0

> table(out$MAP [obj]) /Tength(out$MAP [obi])#/\ 59— &EMDHIRHE hoges.txt 1.5 MB Fe

Rstudic.nk 2428 0

FREFR(FHEERIZTEODDH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

ETLI-BERTHH=0...
= Environment  History  Connections p—

#

T “PTosource | 9@ §

= To Console

Y

obj <- (tcc¥statdg.value < p.. *
sum(obj) #FMHERICIRET R
table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..
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OsabeiZMEi£41

Dl%. 5% FDREfEZ#T-L1-1962{A
(2L T, EDQFRIF/NI—DEDHLDN
DBHo=-HERLEED, DEIF/NS

RStudio — DEIBRTEAKIEXITCCIERE
File Edit Code View Plots Session Build Debug Profile Iools Help +baySeql&EWLND/INL TS A THILIC
© -0 - Go to feffunction - addins - ERITLEHERTHA=0O. QDA
Console  Terminal Jobs TnonDEG/ {9_“/':%?_“ [,) % 'C‘%;h’f:

C:/Usersfkadota/Desktop/ 3141@ tL \5&1@ 7§§ ..

0.1157 0.0513 0.0220 0.0002 0.8108

>
> #EROE & (nonDEGDEEERDFEEHIC I BODEEIER)

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES
iE UITiE R ob j (L&A

sum(obj) #FMHERICIRET R
table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..

> sum(obj) RGBT THERS Files Plots Packages Help Viewer =1
[l] 1962 G Mew Folder | @  Delete =] Rename f.-}r-.-'lcre =
> table (Out SMAP [Db] ]j #) f/;;"— }Zt@ﬁ}ﬁ&ﬁrﬁ C: > Users > kadota » Desktop |
T T (B THIZ T BDDF) . Name Size M
DEG_Gl DEG_G2 DEG_G3 DEGaT '| nonDEG | data_hypodata_3vs3vs3.tut 3563 KB Fe
95§ 4971 ) 209 ) 2 314 | Excellnk 23IKE 0
> table(out$MAP [obj]) /Tength(out$MAP [obi])#/\ 59— &EMDHIRHE | hoge8.txt 1.5 MB Fe
FaFRn(RAERHIZTBDDIH) | Rtudiolnk 048 8 o
DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
-
-
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Osabe;EZMEi£42

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
O - OF - .

Go to file/function = Addins -

Console  Terminal Jobs

C./Users/kadota/Desktop/

0.1157 0.0513 0.0220 0.0002 0.8108

>

> HERDEESH (NoNDEGDEEERDRBEZE BRI T BDEIED)

> obj <- (tcc$statl$q.value < param_FDR)#FHE@BICINEDIHE
TE UITiE R oh j (CHEHN

> sum(obj)
[1] 1962

#ERERIC I e TRT

DI&. 5% FDREEZHET=L1-19621&
(2L T, EQRIBF/NNZ—2DEDHLY
DHo=ZFRLE=ED, OFIF/NZ
— DENHTEHERIXITCCIERIE
+baySeql&EWLND/INA TS THILIC
ETLERTHD=60. QO MEH
TnonDEG/\N 32— [ZEY ¥ ToHT=
314E E NS EUEN , @TCCHATEST
LT=GLMA—XDFHITLZENFETHER T
5. 5% FDRMLHEFESIMN 51962 X (1
—0.05) = 98.1{ LB LE->TLNBHA RIS
LT, EDBEDEZENEEE

> table (outgMAP [ob3i]1) Bty —~ T lonins memkd 2N EEREN T,

T (R EIC T BDDH) -

DEG_G]_ DEG_G2 DEG_G3 DEGall nonDEG | data_hypodata_3vs3vs3.bet 3563 KE Fe

955 491 200 2 314 | Excelink 23KB 0

> table(out$MAP [obj]) /Tength (out$MAP [obi])#/\ 59— EMDHIRHE | hoge8.txt 1.5 MB Fe

FaFRn(RAERHIZTBDDIH) | Rtudiolnk 048 8 o
DEG_G1 DEG_G2 DEG_G3 DEGall

0.486748216 0.250254842 0.101936799 0.001019368
nonDEG

0.160040775

>

-
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) RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
O - OF - .

Go to file/function = Addins -

Console  Terminal Jobs

C:_a'L'sis_r'ka:-:tc.-"jesﬂcp_! .

0.1157 0.0513 0.0220 0.0002 0.8108

>

> #HERODZE &6 (nonDEGDEEHEEDEBEE B I bDEIEER)

> obj <- (tcc$statiq.value < param_FDR)#FHETmIINESHFE
EUIEE T ob ] (CHEM

> sum(obj)

[1] 1962

> table(out$maP [obj])
mF (R RBIC T BDDH)

#EME R I R T
#)\ 5 — 2T EDLIRE

DEG_G1l DEG_G2 DEG_G3 DEGall

DI&. 5% FDREEZHET=L1-19621&
[ZXL T, EDOFRIEFE/NFZ—2DEDHUN
DHoT=hERLE-BD, DFIR/ 4
— DENHTEHERIXITCCIERIE
+baySeq EWLNI/INA TS5 THILIC
ETLI=ERTHA=6H. DDA
TnonDEG/\N 32— [ZEY ¥ ToHT=
314E E NS EUEM, QTCCEIATEST
LI=GLMR—XDHITLEENRTIERT
#H5.5% FDRMHHETFEIN 51962 X (1
—0.05) = 98.1{A LB ->TLNBHA RIS
LECTEL, EDBEDENEZENE
BEITHINIERNEN TN, RIT,. D
NoDINF—UIZEY B TOoN-EIEF
MOTZ YU DODNTEKYEER,

955 491 200 2

FREFR(FHEERIZTEODDH)

DEG
314
> table(outSMAP [obi]) /1 engtmrt SMAP [obj])#/ 5 — > EMEIRHE

=]
| hoge8.txt
| REStudic.nk

1.5MB Fe
o4z B o

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
} -
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" SEE— OARTTALIE @I L7 )
R == O FONSTEE 0. GFIEISTHRRELESS
Osabe /f DE= %44 1L—a T —AEDT. EZ Ao

TWET,

@ RUEEETIRIF x +
< RESNTWELERE | iu.a.u-tokyo.acjp/~kadota/r_seq.html#analysis_deg_3_unpaired_ari_advance... T AL
8. Y JILT—415M10,000 genesx9 samples®H > b7 —4% (data_hypodata_3vs3vs3.txt)DISS : -
{yuﬁ?&mrﬁﬁ:m REREEOESL\(ANOVANR E CH ORI TRIREFH L TCLBEEVNTOS VF+ )%
EEE-ETYTL), %)) (5 — > DREEEEEE-b(RAP S DRERN T CEFEEE-baySEqE REE) TIT 2 IEEREH N L TV\E
=
in_f <- "data_hypodata 3vs3vs3.txt" AT 7B EETL Tin_fIZFEH
out_f <- "hogeg.txt" BT 7 T ILBEFEEL Tout_fIFEH
param_G1 <- 3 #GLEFOY LTI TIETE
param_G2 <- 3 #G2EFOY LTI TIETE
param_G3 <- 3 #G3FFOH LTI EIETE
param_FDR <- 0.05 #false discovery rate (FDR)REHEZISTE ‘
param_narabi <- c¢("nonDEG", "DEG_G1", "DEG_G2", "DEG_G3", "DEGall")#/i% — @I (MUIZA7ILY)
param_samplesize <- 1000 #7—F ATy IS T TEE (1eeeeeh ERE, FE VBT K ETEDER
w7 —UEO—F o
library(TcC) #/ 5w T— D OFAAH
library(bayseq) #/ 5w T — DA
# X7 7 A I OFHAS e
data <- read.table(in_f, header=TRUE, row.names=1, sep="\t", quote="")i#in fTIEEL =7 7 1 L OFiFAF
#EHIE(TCC S 2 T 2 +OfERD)
data.cl <- c(rep(1, param_G1), rep(2, param_G2), rep(3, param_G3))#G18f&1. G28F%2, GIEFE3IELI=AT |,
tcc <- new("TCC", data, data.cl) HTCCH T AT T o7 tecm1ERY
by T R—TA
#TCCIERRAE -
+ ralebMarmmCartramnece - AAarm ma +hoad_—""4+mm" +rct moatrhod—"adaar" w CIEMZ2 =0T ST EE A & [ —+%%h
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DOARTF7ANIE. QT H T ILT—4]
—= O ELVSIEE D, QBIEISTHER L= S
= F%45

aAl—23arT—3EMT, EANHH D

@ RTEEEFEF

‘C‘ @ REINTLEES | iua.u-tokyo.acjp/~kadota/r_seq.html#sample data gy

X

+

TWWET  @IEEIYTILT—21044
7815,

15. ICO/ Vw4 —=fhdBiological replicates®EiEfLIzS =1L —2 3 > 57— (G183 > 7)L vs. G235 > T)L vs. G3
B3> TJIL)T9 ., 10,000 genesx9 samplesd [#EEG D] 970> 5 —4(data_hypodata_3vs3vs3.txt)
[G1_repl, G1_rep2, G1_rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3_rep2, G3_rep3] @stot>T7ILom
520FET., £10,000 B FHOEHD3,00018(gene_1~gene_3000F T)NRIBEEELF(DEG)TI . 3,000
DEGSDMIER : (1)&#MD70%53(gene_1~gene_2100)A'G1EF TIMESHEIR. (2)/RD20%5(gene_2101~
gene_2700)7'G2ETI10EEFIE. (3)%&DD10%53(gene_2701~gene_3000)A'GR8ToEEHEIE LITOIERTE

HUiErJgETd .

param_Ngene <- 10000
param PDEG <- 0.3

library(TCC)

set.seed(1000)

param FC <- c(3, 1@, &)
param DEGassign <- c(@.7, 0.2, ©.1) #DEGID D HGL, G2, G TERELILODIEETNENIETE

B e T — D EF O —F

out_f <- "data hypodata 3vs3vs3.txt" #7718 %EIEEL Tout fIZiEH
param replicates <- c(3, 2, 2)

#2320 —2 3 T —XOMFR

tcc <- simulateReadCounts(Ngene=param Ngene,#7, = 1 | — 73 57— 3 O{ERE
PDEG=param_PDEG,
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC, #7031l —i,3 07— O ER
replicates=param replicates)# = 1 L — 3 75— 2 O1ERR

#61, G2, GIEFOT L IILEZTENTHETE

# BT TEETEE

#FHHTENEETORES =18TF

#G1, G2, GIEEMEIBEFNOESL (fold-change) =TT hiET

#7850 T — DDA

# BT UIEL(EICELEIZE S L 20T 2728)
#,Za L —2 3 T — A DIER

by FR—TA

#7321 L—7 3 EHFDpseudo-color- A — T ETEH
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@ RTE=EFIEK x  +

< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#sample data

B3> TJIL)TT.

HUiErJgETd .

DOAAT7AILIE,. QT YT ILT—43]
EVLVSIEBR D, @FIEISTERLI= 2
AL—2a T —RED T, ZEAND M-
TWET DIEBIY T ILT—2 105
815, ®HENIT7AILE, OFEIZ D=
SREMIGLEHIBEME LLE,

15. TICO w4 —=fhdBiological replicates®EiEfLIzS =1L —2 3 > 57— (G183 > 7))L vs. G235 > TJ)L vs. G3
10,000 genesx9 samples® [E&#HD | N> 7 —4(data_hypodata_3vs3vs3.txt)
[G1_repl, G1_rep2, G1_rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3_rep2, G3_rep3] @stot>T7ILom
520FET., £10,000 B FHOEHD3,00018(gene_1~gene_3000F T)NRIBEEELF(DEG)TI . 3,000
DEGSDMIER : (1)&#MD70%53(gene_1~gene_2100)A'G1EF TIMESHEIR. (2)/RD20%5(gene_2101~
gene_2700)7'G2ETI10EEFIE. (3)&DD10%53(gene_2701~gene_3000)A'GR8ToEEHEIE LITOIERTE

out f <- "data hypodata 3vs3vs3.txt"
param replicates <- c(3, 2, 2)
param_Ngene <- 10000

param PDEG <- 0.2

param FC <- c(3, 1@, &)

param DEGassign <- c(©.7, 0.2, 08.1)

whEIG Sy T —DFO—F
library(TCC)

HEIE T IEIEE
#FEIRTERI= T OIS ZIEE

#7850 T — DDA

#Fal— 3 T — S OER
set.seed(1000)

PDEG=param_PDEG, # % 2 L—2 3 T — a2 OER
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC, #7031l —i,3 07— O ER
replicates=param replicates)# = 1 L — 3 75— 2 O1ERR

N7 7TILBEIEEL Tout FIZHEIN
1, G2, GREEOH T ILEE TN TNIETE

#61, G2, GIEFORIBEENDESL (fold-change) EZNENIEE
#DEGIN D HG61, 62, AWM TERIELEOOE|E® ZFNENIET

#FFTLRL(BICELEIIIZ S L D(CT 2728)
tcc <- simulateReadCounts(Ngene=param Ngene,#7, = 1 | — 73 57— 3 O{ERE

#7321 L—7 3 EHFDpseudo-color- A — T ETEH

by FR—TA
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@ RTE=EFIEK x  +

< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#sample data

15. ICC/ w4 —ZHdBiological replicatesEi&ffi Lz =31 L —2 3 > 5 —(G1E
239> F)L)TF,. 10,000 genesx9 samples® [EEHD | YTHD> bF—
[G1_repl, G1_rep2, G1_rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3_|

S520ZFET., £10,000 B GFHOEHD3,00018(gene_1~gene_3000FET)H'F

DOAAT7AILIE,. QT YT ILT—43]
EVLVSIEBR D, @FIEISTERLI= 2
AL—3 3T —RED T, BEANR S M-
TWET DIEBIY T ILT—2 105
f815. OB NIT7MIL 2, O EIZDE
SRENSHEAIEER LR, DB FH
[Z10000fE T, ZDI630% N FHIREE)
2+ (DEG),

DEGsDMER : (1)&#D70%%(gene_1~gene_2100)H'GI1ETIEBHIR. (2)/RD20%53(gene_2101~
gene_2700)7'G2ETI10EEFIE. (3)%&DD10%53(gene_2701~gene_3000)A'GR8ToEEHEIE LITOIERTE

HUiErJgETd .

FLEEFITA=ILA T \ LT o i

param replicates <- c(z3,
param_Ngene <- 10000

param PDEG <- 0.2 }
param FC <- c(3, 1@, &)

# TR FIEIEE
#FEIRTERI= T OIS ZIEE

#NEIG Ny T O—F
library(TCC) #% 0 T — DDA

#2320 —2 3 T —XOMFR

PDEG=param_PDEG, # % 2 L—2 3 T — a2 OER
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC, #7031l —i,3 07— O ER
replicates=param replicates)# = 1 L — 3 75— 2 O1ERR

out_f <- "data hypodata 3vs3vs3.txt" #7718 %EIEEL Tout fIZiEH
3) #61, G2, GAEREOHY U TILEETNTNIETE

#G1, G2, GIEFOFIFTINOE S (fold-change)x FNFNIETE
param DEGassign <- c(@.7, 0.2, ©.1) #DEGID D HGL, G2, G TERELILODIEETNENIETE

set.seed(1000) #HFELEL(EILELEIE2 L D12F
tcc <- simulateReadCounts(Ngene=param Ngene,#7, = 1 | — 73 57— 3 O{ERE

#7312 —7 3 VEHOpseudo-color- A — T EIEHE

ERESYEE-5))

by FR—TA
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Osabeix M E %48

@ (RT)EZEFIEIR X

< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#sample data

15. ICO/ w4 —=shdBiological replicateszEiEML/IZ= =21 —2 3 > 5 —F(G1E
239> F)L)TF,. 10,000 genesx9 samples® [EEHD | YTHD> bF—
[G1_repl, G1_rep2, G1_rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3_|
S520ZFET., £10,000 B FHOEHD3,0001E(gene_1~gene_3000FET)H'F
DEGSDMIER : (1)&#MD70%53(gene_1~gene_2100)A'G1EF TIMESHEIR. (2)
gene_2700)N G2 T10f5EFIR. (3)%DD10%4%(gene_2701~gene_3000

DOAAT7AILIE,. QT YT ILT—43]
EVLVSIEBR D, @FIEISTERLI= 2
AL—23 T —3ED T, BEANDHh-
TWET DIEBIY T ILT—2 105
f815. OB NIT7MIL 2, O EIZDE
ARENSEBHIHRLLLE, DELFH
[X100001E T. ZD>530% N FHIRELE)
EIEF (DEG) ., ®G1E T3S . G2 T
1015, G TofEERIRLLDHLDIZE

HUEDn[RET Y, XEo

out_f <- "data hypodata 3vs3vs3.txt" #7718 %EIEEL Tout fIZiEH .
param_replicates <- c(y,, 2, 2) #G1, G2, GIFFOH T ILEiE T hENhigTE

param_Ngene <- 10000 s TR T TI8E

param_PDEG <- 0.3 #HIFTEMBIZ T OIS Z16E

param FC <- c(3, 1@, &)

#NEIG Ny T O—F
library(TCC) #% 0 T — DDA

#2320 —2 3 T —XOMFR

PDEG=param_PDEG, # % 2 L—2 3 T — a2 OER
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC, #7031l —i,3 07— O ER
replicates=param replicates)# = 1 L — 3 75— 2 O1ERR

#G1, G2, GIEFOFIFTINOE S (fold-change)x FNFNIETE
param DEGassign <- c(@.7, 0.2, ©.1) #DEGID D HGL, G2, G TERELILODIEETNENIETE

set.seed(1000) #HFELEL(EILELEIE2 L D12F
tcc <- simulateReadCounts(Ngene=param Ngene,#7, = 1 | — 73 57— 3 O{ERE

#7321 L—7 3 EHFDpseudo-color- A — T ETEH

ERESYEE-5))

by TR DA
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@ ROEEEFIENR

< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#sample data

15. ICO/ w4 —=shdBiological replicateszEiEML/IZ= =21 —2 3 > 5 —F(G1E
239> F)L)TF,. 10,000 genesx9 samples® [EEHD | YTHD> bF—
[G1_repl, G1_rep2, Gl _rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3
50 FET, 210, 000EGFHDRAD3 ODDiEI(gene 1~gene_ 3000%?)?’3‘?
DEGsDMAER : (l)ﬁ—%ﬂﬂﬁﬂ%ﬁﬁ'(gene 1~gene_2100)Q'G1ET3EEREIR. (2)
gene_ 2?00)13‘G2E¥_Clﬂ{ﬁm%fﬁ, (3)% D M10%43(gene_2701~gene_3000
EYiEnJgET

out f <- "data hypodata 3vs3vs3

param_ repllcates <- c(3, 3)
param_Ngene <- @@@@
param_PDEG <- 0. }

10, 6)

param FC <- c(3
param_DEGassign <-

xt" T TR FEEEL Tout f
#G1, G2, GAEREOT T ILEE T4

# TR FIEIEE

c(e.7, 0.2, DEGT D561, G2, GIHETEREH

DOAAT7AILIE,. QT YT ILT—43]
EWLVDSIEB D, QBIREISTHERLL =23
AL— a3 T —RIEO T FANTH-
TWFET, @DIEH F*JL/7)LT—’5!J0)1§'J
f815. OB NIT7MIL 2, O EIZDE
SRENGEAHIEE LR, DELTTFH
[X100001E T. ZD>530% N FHIRELE)
BIEF (DEG), ®GLlE T3{E. G2E T
10fZ. GIH TEERINELHKLOIZEK
. DEEFTL0000 % 0.3 = 30001 D
DEGDS>6. @70%MGLETE HKIA.
20%H G2 TEFIE. 10%HG3F T
S, FHIZOFREATHNT., IZ=(F
ENDOsabe;ZEITIHERZBRDD L.

#+ IR T OE|S = I8F
«61, G2, GIFFOFHRIBLENOES
9.1)

wEG Sy r—DE0—F

library(TCC) #% 0 T — DDA

#Fal— 3 T — S OER

set.seed(1000) s FFELT(ECELEI7ES L DI

tcc <- simulateReadCounts(Ngene=param Ngene,#7 % 1| —7 3 /57—
PDEG=param_PDEG, # % 2 L—2 3 T — a2 OER
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC, #3311l —I,3 57— O
replicates=param_replicates)#7, = 1 . —s3 W — 3 OER

T
= OERY,

#,% 1L—7 3 wEHdOpseudo-color-f A — D EIEE

by FR—TA

20205 2 A #&EH ALK
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) RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o - OR - Go to file/function = Addins -

Console  Terminal Jobs

C:/Users/kadota/Desktop/

0.1157 0.0513 0.0220 0.0002 0.8108
>

> #HERODZE &6 (nonDEGDEEHEEDEBEE B I bDEIEER)

> obj <- (tcc$stat$q.value < param_FDR)#FM4EFBIINEDINLFE
iELTiER 7 ob (BN

> sum(obj)

[1] 1962

> table(out$maP [obj])

ﬁﬁﬁ(%ﬁ?&iﬁt@“ﬁ@)@'

DEG_Gl DEG_G2 DEG_G3|DEGall nonDEG
955 491 200 2 314
> table(out$MAP [obj] ngth(out$MAP [obj 1) #/ 59— 2 M IR]

FEREFR(FEERIZTEPVFH)

#EME R I R T
#)\ 5 — 2T EDLIRE

DOAAT7AILIE,. QT YT ILT—43]
EVLVSIEBR D, @FIEISTERLI= 2
AL—23 T —3ED T, BEANDHh-
TWET DIEBIY T ILT—2 105
f815. OB NIT7MIL 2, O EIZDE
ARIEMN S DIEMLLER, DEIZFH
[X100001E T. ZD>530% N FHIRELE)
BIEZF (DEG), ®G1lET3fE. G2 T
10f%. G3H TSR ELH LI
Fo. DEERT10000 X 0.3 = 3000{E D
DEGMDS5L . Q70%MNGLEETE HKIA.
20% M G2E TEFIE. 10%HG3F T
S FIZOEREATHIVT, SFIF
EDOsabe;EETIHRFBkDHD L.
DIERNZ UL TEES ()
DEGall/\ 24— [ 2alb—2avT—
APZIEIFELLZLD T, 2L EH
SNELDHRYTY,

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

20205 2 A #&EH ALK
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OABEBED FTDIFSIZHEBLS IR—D

hvi —
Osabe;ZMD=EEE51 e
RStudio — ] X
File Edit Code View Plots Session Build Debug Profile Tools Help
o - R - Go to filefunctio = Addins - R Project: (None) -
Console  Terminal Jobs = Environment  History  Connections p—
T & To Console | =% To Source | @ i

0.1157 0.0513 0.0220 0.0002 0.8108

>

> #EREOE &6 (nonDEGDEERIEEDRIE =9 D)

> obj <- (tcc$statlq.value < param_FDR)#FFEmIcINEDHES
iE UITiE R ob j (L&A

> sum(obj)

[1] 1962

> table(out$maP [obj])
TR (RFEBIZTEBDDH)

HEMERIC I ETR
#)\F— > EDHIREEE

DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG

955 491 200 2 314
> table(out$MAP [obj]1) /Tength(out$MAP [obj])#/\F— > 2 & MHIRHE
FarFor (R EHIz T BOD0DH)

DEG_G1 DEG_G2 DEG_G3 DEGall
0.486748216 0.250254842 0.101936799 0.001019368
nonDEG
0.160040775
>
>

Y

obj <- (tcc¥statdg.value < p.. *
sum(obj) #FMHERICIRET R
table(out$MAP [obj]) #/({5— .
tabTle(out$MAP[obj]) /Tength(o..

Files Plots Packages Help Viewer -]
O | Mew Folder | @  Delete = | Rename .\;} Maore -
Users > kadota > Desktop
& Name Size e
data_hypodata_3vs3vs3 tut 356.3 KB Fe
Excellnk 23 KB O
hoged.txt 1.5MB Fe
R&tudionk Q48 B 0O

202042 Bt/ ETh i K
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Osabe;ZNDEEE

OHVE
J:ﬁl-” *ZEJJ LAJf IL.\L/

HD TDIFEINGEEHEIINR—D

52

RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help

o - OR

il =0+ Files

Console  Terminal Jobs

G s/kadota/Desktop/

> #?%@it&)("‘iﬁf?)
> head(out$MAP)

— > EFRR

= Addins -

#ERVDBELT D) Y

[1] "DEG_G1" "nonDEG" "DEG_Gl1" "DEG_Gl" "nonDEG" "nhonDEG"

> table(out$MAP)
EIT

DEG_Gl DEG_G2 DEG_G3 DEGall nonDEG

1157 513 220 2 8108
> tabTle(out$MAP) /length(out$MAP)
TN

DEG_G1 DEG_GZ2 DEG_G3 DEGall nonDEG
0.1157 0.0513 0.0220 0.0002 0.8108
>

> H#EEE D FE &b (nonDEGEEERDRME

#)A— DL IREEE

#)\ =2 EDHIRMESE

c I BDOZER)

> obj <- (tcc$statlqg.value < param_FDR)#FFEmicdnE DM aEY

E LI R ob  (CHEHR

> sum(obj)

[1] 1962

> tabTle(out$MAP [obj])

= TE T AR AR S T T TN

#EMPERIC T ERR

=

F

#)(F—> T EDEIREE

- ([l X

R Project: (None) =

Environment History  Connections

=

a rd
= TD Conscle | = -' To SIZI.JFCE ¥

obj <- (tcc$5tat$q value < p...
sum(obj) #FMAEHICINETR

table(out$MAP[obj]) #/\5—> ..
table(out$MAP[obj])/Tength(o..

Files Plots Packages Help Viewer — ]
] Mew Folder | @  Delete = | Rename ;J‘ Mare -
C: » Users » kadeota » Desktop
A Name Size (]
t.
data_hypodata_Jvs3vs3.txt 3562 KB Fi
Excel.lnk 22 KE a
R5tudic.nk Q42 B a

202042 Bt/ ETh i K
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RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
o .| O = . - e .

- Addins -

Console  Terminal Jobs

> #HEBEDELH(EETET)
> head(out$MAP)

#ERVD6BEIET D)

OHE

HDTDIESIZGEBHLIIR—D
FERICFBEY, CAREL, @(1157 +
513 + 220 + 2) = 1892{AHNDEG&#!
ESNTWBIEND IS, ERDDEG
[F3000{@A% D THLENEXRLEHECAT:
M. Osabe;ZTIX(CORI)TDIGE
[X)5% FDRREMEZE -S> T-EIE
F (XL TnonDEG/\ 32— | Z5& &I f(
BTSN T, ZHLEERITEY,

— R
[1] "DEG_G1" "nonDEG" "DEG_Gl1" "DEG_Gl" "nonDEG" "nhonDEG"
> table(out$MAP) #)\SF— > M IREEE

C N
DEG_Gl DEG_GZ2 DEG_G3 DEGall nonDEG
1157 513 220 P 8108
> tabTe(out$MAP) /Tength (out$mMaP) #)\S— o EDOHIRHEER
wF

DEG_G1 DEG_GZ2 DEG_G3 DEGall nonDEG
0.1157 0.0513 0.0220 0.0002 0.8108
b=

> HEBEDFE &8 (nonDEGDEEHEERDEE =3 BOZEEER)

> obj <- (tcc$statlqg.value < param_FDR)#FFEmicdnE DM aEY
TE LTI R 7 ob j (CHE4N

> sum(obj)

[1] 1962

> tabTle(out$MAP [obj])

= TE T AR AR S T T TN

BRI ST T EERR
#)— T EDEIREE

tabTe(outIMAP[obj]) #T5—2 .
table(out$MAP[obj])/Tength(o..

Files Plots Packages Help Viewer — ]
O Mew Folder | @ Delete =] Rename J‘ Mare -
C: » Users » kadota » Deskiop
A Name Size (]
t.
data_hypodata_Jvs3vs3.txt 3562 KB Fi
Excel.lnk 22 KE a
R5tudic.nk Q42 B a

202042 Bt/ ETh i K
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= B D AT74IILTHShoges.ixtZxExcel
> == 04 TRLV=ECA,
OsabexZ D XE k54 :

BEEE (@ A7) -

T KA A R-TL47ob #HA T4 BE =r NS JOR i =HE  HUIASE
T18 ~ Je v
A B C D E F G H 1 J K L M N 0] P Q R 5 -
1 rownames( Gl reGl reGl reG2 re G2 re G2 reG3 reG3_re G3_renonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings ranking result$q.value
2 |gene 1 245 109 84 52 390 21 68 58 19 0.35 0598 0.041 0.004 0.003 DEG Gl Gl=other 1465 0.00474
3 |gene 2 16 8 5 6 5 4 2 6 3 0.821 0.148 0.014 0.016 0.000 nonDEG 4617 0.73428
4 |gene 3 49 52 40 4 15 15 21 36 18 0.201 0.520 0.171 0.005 0.013 DEG Gl Gl=other 1856 0.03358
5 |gene 4 280 210 322 82 84 74 03 120 B4 0.005 0.987 0.003 0.000 0.005 DEG Gl Gl>other 804 0.00002
6 |gene 5 41 12 97 3 11 11 13 11 24 0.523 0.369 0.085 0.018 0.005 nonDEG 1740 0.02107
7 |gene 6 475 310 61 53 38 81 132 105 68 0.581 0311 0.095 0.009 0.004 nonDEG 1306 0.00167
8 |gene 7 g8 10 3 0 0 0 1 6 9 0.309 0.060 0.620 0.005 0.006 DEG G2 other>G2 1701 0.01861
9 |gene 8 505 654 325 115 105 127 133 207 159 0.023 0.926 0.033 0.001 0.017 DEG_G1 Gl=>other 595 0.00000
10 gene 9 506 1087 381 28 O 36 165 143 41 0.169 0.278 0.520 0.001 0.031 DEG G2 other>G2 356 0.00000
11 [gene 10 252 200 269 94 56 74 72 68 58 0.001 0.996 0.000 0.000 0.003 DEG Gl Gl=other 626 0.00000
12 lgene 11 218 388 207 82 43 61 48 33 76 0.007 0.989 0.001 0.001 0.003 DEG_G1 Gl>other 548 0.00000
13 gene_12 530 443 460 169 172 163 178 163 168 0.000 1.000 0.000 0.000 0.000 DEG Gl Gl=other 812 0.00002
14 gene_13 114 82 26 32 36 50 30 35 51 0.562 0.396 0.027 0.014 0.001 nonDEG 3567 0.48977
15 (gene 14 12 8 14 6 8 9 8 11 6 0.968 0.022 0.007 0.003  0.000 nonDEG 7891 1.00000
16 gene 15 386 305 323 123 153 103 74 106 93 0.008 0.977 0.000 0.004 0.010 DEG G1 Gl=other 653 0.00000
17 |gene 16 1 2 8 1 2 2 1 0 1 0.801 0.145 0.020 0.034 0.001 nonDEG 4063 0.61420 |
10 17 1940 GA% 19m0 Am4 E17 901 AQD 40T S A an| nomon Aonne Aonns AANT TS A el 1119 nononds -
hoge8 @ p b
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-_ D A T774 L THDhoge8.txtFExcel
. —— O TRHW=ECH, QATT—4,
Osabeixt M ZE %55 ’ 7

BEEE (@ A7) -

TP =L WA R LI 3R T BB Fr NS P ’E BRE U IAE

T18 e Jx v

ABCD*GHIJKLMNDIPQRS*

1 |rownamesi Gl reGl reGl reG2 re G2 re G2 reG3 reG3_re G3_rdnonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings ranking result$q.value

2 |gene 1 245 109 84 52 30 21 68 58 19| 0.356 0598 0.041 0.004 0.003 DEG Gl Gl=other 1465 0.00474

3 |gene 2 16 8 5 6 5 4 2 6 3] 0.821 0.148 0.014 0.016 0.000 nonDEG 4617 0.73428

4 |gene 3 49 52 40 4 15 15 21 36 18] 0.201 0.520 0.171 0.005 0.013 DEG Gl Gl=other 1856 0.03358

5 |gene 4 280 210 322 82 84 74 03 120  B4| 0.005 0.987 0.003 0.000 0.005 DEG Gl Gl>other 804 0.00002

6 |gene 5 41 12 97 3 11 11 13 11 24| 0.523 0.369 0.085 0.018 0.005 nonDEG 1740 0.02107

7 |gene 6 475 310 61 53 38 81 132 105 68 0.581 0311 0.095 0.009 0.004 nonDEG 1306 0.00167

8 |gene 7 g8 10 3 0 0 0 1 6 o] 0.309 0.060 0.620 0.005 0.006 DEG G2 other>G2 1701 0.01861

9 |gene 8 505 654 325 115 105 127 133 207 159 0.023 0.926 0.033 0.001 0.017 DEG_G1 Gl=>other 595 0.00000

10 |gene 9 506 1087 381 28 O 36 165 143 41| 0.169 0.278 0.520 0.001 0.031 DEG G2 other>G2 356 0.00000

11 |gene_ 10 252 200 269 94 56 74 72 68 58| 0.001 0.996 0.000 0.000 0.003 DEG Gl Gl=other 626 0.00000

12 |gene 11 218 388 207 82 43 61 48 33 76| 0.007 0.989 0.001 0.001 0.003 DEG_G1 Gl>other 548 0.00000

13 |gene_12 530 443 460 169 172 163 178 163 168| 0.000 1.000 0.000 0.000 0.000 DEG Gl Gl=other 812 0.00002

14 |gene_13 114 82 26 32 36 50 30 35 51| 0.562 0.396 0.027 0.014 0.001 nonDEG 3567 0.48977

15 |gene_14 12 8 14 6 8 9 8 11 6] 0.968 0.022 0.007 0.003  0.000 nonDEG 7891 1.00000

16 |gene 15 386 305 323 123 153 103 74 106 93| 0.008 0.977 0.000 0.004 0.010 DEG G1 Gl=other 653 0.00000

17 |gene 16 1 2 8 1 2 2 1 0 1] 0.801 0.145 0.020 0.034 0.001 nonDEG 4063 0.61420 |
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= B D A T774 L THDhoge8.txtFExcel
: == O TRW=EZH, QAN T—4,ITCC
Osabe;EZ M =X %56 I /b +baySeq T D= 53/ S8 —

VR

BEEE (@ A7) -

TP =L WA R LI 3R T BB Fr NS P ’E BRE U IAE

T18 e Jx v

A B C D E F G H I J K L M ’ 0] P Q R 5 -

1 rownamesi Gl reGl reGl reG2 re G2 re G2 reG3 reG3_re G3_rqnonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings |ranking result$q.value
2 |gene 1 245 109 84 52 390 21 68 58 19| 0.356 0598 0.041 0.004 0.003 DEG Gl Gl=other| 1465 0.00474
3 |gene 2 16 8 5 6 5 4 2 6 3| 0.821 0.148 0.014 0.016 0.000 nonDEG 4617 0.73428
4 |gene 3 49 52 40 4 15 15 21 36 18| 0.201 0.520 0.171 0.005 0.013 DEG Gl Gl=other 1856 0.03358
5 |gene 4 280 210 322 82 84 74 03 120  B4| 0.005 0.987 0.003 0.000 0.005 DEG Gl Gl>other 804 0.00002
6 |gene 5 41 12 97 3 11 11 13 11 24} 0.523 0.369 0.085 0.018 0.005 nonDEG 1740 0.02107
7 |gene 6 475 310 61 53 38 81 132 105 68| 0.581 0311 0.095 0.009 0.004 nonDEG 1306 0.00167
8 |gene 7 g8 10 3 0 0 0 1 6 o 0.309 0.060 0.620 0.005 0.006 DEG G2 other>G2 1701 0.01861
9 |gene 8 505 654 325 115 105 127 133 207 159 0.023 0.926 0.033 0.001 0.017 DEG_G1 Gl=>other 595 0.00000
10 gene 9 506 1087 381 28 O 36 165 143 41| 0.169 0.278 0.520 0.001 0.031 DEG G2 other>G2 356 0.00000
11 [gene 10 252 200 269 94 56 74 72 68 58| 0.001 0.996 0.000 0.000 0.003 DEG Gl Gl=other 626 0.00000
12 lgene 11 218 388 207 82 43 61 48 33 76| 0.007 0.989 0.001 0.001 0.003 DEG_G1 Gl>other 548 0.00000
13 gene_12 530 443 460 169 172 163 178 163 168| 0.000 1.000 0.000 0.000 0.000 DEG Gl Gl=other 812 0.00002
14 gene_13 114 82 26 32 36 50 30 35 51| 0.562 0.396 0.027 0.014 0.001 nonDEG 3567 0.48977
15 (gene 14 12 8 14 6 8 9 8 11 6| 0.968 0.022 0.007 0.003  0.000 nonDEG 7891 1.00000
16 gene 15 386 305 323 123 153 103 74 106 93| 0.008 0.977 0.000 0.004 0.010 DEG G1 Gl=other 653 0.00000
17 |gene 16 1 2 8 1 2 2 1 0 1| 0.801 0.145 0.020 0.034 0.001 nonDEG 4063 0.61420 | -
hoge8 @ p b
EH B - i + 100%
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-_ D A T774 L THDhoge8.txtFExcel
: == O TRW=ESH, QAN T4, BITCC
Osabe;EZMD=Eix57 I #1b +baySeq TSN 1= R T/ S4—

VARG R . ORERIEDTCCTIRLN
BFER

BHEET (@ 47) -
T4, k4L WA AT LArVub A T4 BE FTr NS O i sHE CaAYbE

T18 e Jx v

A B ¢ D E F G H 1T 1T K L M N o | P Q I* -

1 rownamesi Gl reGl reGl reG2 re G2 re G2 reG3 reG3_re G3_renonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings |ranking result$q.vilue
2 |gene 1 245 109 84 52 30 21 68 58 19 0.35 0598 0.041 0.004 0.003 DEG Gl Gl=other| 1465 0.00474
3 |gene 2 16 8 5 6 5 4 2 6 3 0.821 0.148 0.014 0.016 0.000 nonDEG 4617 0.73428
4 |gene 3 49 52 40 4 15 15 21 36 18 0.201 0.520 0.171 0.005 0.013 DEG Gl Gl=other 1856 0.03358
5 |gene 4 280 210 322 82 84 74 03 120 B4 0.005 0.987 0.003 0.000 0.005 DEG Gl Gl>other 804 0.00002
6 |gene 5 41 12 97 3 11 11 13 11 24 0.523 0.369 0.085 0.018 0.005 nonDEG 1740 0.02107
7 |gene 6 475 310 61 53 38 81 132 105 68 0.581 0311 0.095 0.009 0.004 nonDEG 1306 0.00167
8 |gene 7 g8 10 3 0 0 0 1 6 9 0.309 0.060 0.620 0.005 0.006 DEG G2 other>G2 1701 0.01861
9 |gene 8 505 654 325 115 105 127 133 207 159 0.023 0.926 0.033 0.001 0.017 DEG_G1 Gl=>other 595 0.00000
10 gene 9 506 1087 381 28 O 36 165 143 41 0.169 0.278 0.520 0.001 0.031 DEG G2 other>G2 356 0.00000
11 [gene 10 252 200 269 94 56 74 72 68 58 0.001 0.996 0.000 0.000 0.003 DEG Gl Gl=other 626 0.00000
12 lgene 11 218 388 207 82 43 61 48 33 76 0.007 0.989 0.001 0.001 0.003 DEG_G1 Gl>other 548 0.00000
13 gene_12 530 443 460 169 172 163 178 163 168 0.000 1.000 0.000 0.000 0.000 DEG Gl Gl=other 812 0.00002
14 gene_13 114 82 26 32 36 50 30 35 51 0.562 0.396 0.027 0.014 0.001 nonDEG 3567 0.48977
15 (gene 14 12 8 14 6 8 9 8 11 6 0.968 0.022 0.007 0.003  0.000 nonDEG 7891 1.00000
16 gene 15 386 305 323 123 153 103 74 106 93 0.008 0.977 0.000 0.004 0.010 DEG G1 Gl=other 653 0.00000
17 |gene 16 1 2 8 1 2 2 1 0 1 0.801 0.145 0.020 0.034 0.001 nonDEG 4063 0.61420
10 17 1940 GA% 19m0 Am4 E17 901 AQD 40T S A an| nomon Aonne Aonns AANT TS A el 13135 oonsnan -
hoge8 @ p b
EH B - i + 100%
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DOH F1774 )L THBhoge8.txtZFExcel
THRW=ECH, QA TT—42,QITCC
IE#R1t+baySeq | CTlHFoNT-FKIF/\ 72—
VR ERRER, OWEEDTCCTHELN

HIER, OFKHWEHRBEEHDOESL
TY—h9 5

T KA A R-TL47ob #HA T4 BE =r NS JOR i =HE  HUIASE
T18 ~ Je v
A B|lc|D|E|F |G |H]| 1|1 K L M N 0 P Q ' s -
1 rownames Gl reGl reGl reG2 re G2 re G2 reG3 reG3_re G3_renonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings |ranking |result$q.value
2 |gene 2547 34 44 40 662 853 49 44 55 47 0.000 0.000 0.992 0.000 0.008 DEG_G2 G2=>other 1| 0.00000
3 |gene 2592 115 178 155 1772 2144 1990 164 177 158 0.000 0.000 0.994 0.000 0.006 DEG G2 G2=other 2| 0.00000
4 |gene 2452 34 28 18 362 337 570 17 23 20 0.000 0.000 0.991 0.000 0.008 DEG G2 G2=other 3| 0.00000
5 |gene 2987 33 47 23 33 26 51 622 566 585 0.000 0.000 0.000 0.991 0.009 DEG G3 G3>other 4| 0.00000
6 |gene 2454 332 213 219 3699 3655 4440 184 235 332 0.000 0.000 0.999 0.000 0.001 DEG G2 G2=>other 5| 0.00000
7 |gene 262¢ 130 135 130 1603 1465 1190 115 110 134 0.000 0.000 0.999  0.000 0.001 DEG_G2 G2>other 6| 0.00000
8 |gene 2243 187 170 194 2085 2089 2327 189 223 146 0.000 0.000 0.998 0.000 0.002 DEG G2 G2=other 7| 0.00000
O |gene 2263 178 155 147 1828 1709 1935 157 197 169 0.000 0.000 0.998 0.000 0.002 DEG G2 G2=>other 8| 0.00000
10 [gene 2164 65 62 90 1316 860 1278 117 121 112 0.000 0.000 0.763 0.001 0.236 DEG G2 G2>other 9] 0.00000
11 |gene 2328 107 87 87 898 1125 0971 04 82 84 0.000 0.000 0.998 0.000 0.002 DEG G2 G2>other 10| 0.00000
12 lgene 2398 115 92 67 1113 1417 1439 124 100 70 0.000 0.000 0.997 0.000 0.003 DEG_G2 G2>other 11| 0.00000
13 |gene 2326 108 89 109 972 1132 1093 95 79 105 0.000 0.000 0.997 0.000 0.003 DEG G2 G2=other 12| 0.00000
14 [gene 2288 48 43 48 1191 1073 758 24 86 52 0.000 0.000 0.980 0.000 0.020 DEG G2 G2=other 13| 0.00000
15 |gene 2161 113 154 163 1278 1646 1691 100 129 139 0.000 0.000 0.998 0.000 0.002 DEG G2 G2>other 14| 0.00000
16 |gene 2338 238 238 146 2459 4406 2865 181 236 253 0.000 0.000 0.998 0.000 0.002 DEG G2 G2>other 15| 0.00000
17 |gene 2168 62 99 88 782 919 956 64 66 77 0.000 0.000 0.995 0.000 0.005 DEG G2 G2>other 16 G.UUUUGI
10 N1 e - =0 0 = oma mEd e - =0 noann Ao FataTs) Aonnn AANT TS S el 1=l noAnnon -
hoge8 @ p b
EH B - i + 100%
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DOH F1774 )L THBhoge8.txtZFExcel
THW=EZH, QA DT—4,BITCC
IE#R1t+baySeq | CTlHFoNT-FKIF/\ 72—
VN FERER, OREKEDTCCTHELN

HIER, OFERHWLERBEHOESL
TY—r9 5L OG2BTERIANDER

Tl Kb @A AT LTIh R 74 BE =22 a4 FOREMISSVIAMULTNSIENS
\ b A
T18 = e 75 )ij-o %O)EEEEIQ:
A B, C D E’G H|1|J1]| K L ' N 0 " R S -
1 rownamesi Gl reGl reGl rqG2 re G2 re G2 1{G3 reG3_re G3_renonDEG DEG_G1 DEG_G2DEG_G3 DEGall out$MAP orderings ranking result$q.value
2 |gene 2547 34 44 40| 662 853 496| 44 55 47 0.000 0.000 0.992 0.000 0.008 DEG_G2 G2=>other 1 0.00000
3 |gene 2592 115 178 1155|1772 2144 1990 164 177 158 0.000 0.000 0.994 0.000 0.006 DEG G2 G2=other 2 0.00000
4 |gene 2452 34 28 18| 362 337 570 17 23 20 0.000 0.000 0.991 0.000 0.008 DEG G2 G2=other 3 0.00000
5 |gene 2987 33 47 23| 33 26 51| 622 566 585 0.000 0.000 0.000 0.901 0.009 DEG G3 G3>other 4 0.00000
6 |gene 2454 332 213 219|3699 3655 4440 184 235 332 0.000 0.000 0.999 0.000 0.001 DEG G2 G2=>other 5 0.00000
7 |gene 262¢ 130 135 1301603 1465 1190 115 110 134 0.000 0.000 0.999  0.000 0.001 DEG G2 G2>other 6 0.00000
8 |gene 2243 187 170 194|2085 2089 2327| 189 223 146 0.000 0.000 0.998 0.000 0.002 DEG G2 G2=other 7 0.00000
O |gene 2263 178 155 1147|1828 1709 1935] 157 197 169 0.000 0.000 0.998 0.000 0.002 DEG G2 G2=>other 8 0.00000
10 [gene 2164 65 6290|1316 860 1278 117 121 112 0.000 0.000 0.763 0.001 0.236 DEG G2 G2>other O 0.00000
11 |gene 2328 107 87 87| 898 1125 971 o4 82 B4 0.000 0.000 0.998 0.000 0.002 DEG G2 G2>other 10 0.00000
12 gene 2398 115 9267|1113 1417 1439| 124 100 70 0.000 0.000 0.997 0.000 0.003 DEG_G2 G2>other 11 0.00000
13 |gene 2326 108 89 109| 972 1132 1093 95 79 105 0.000 0.000 0.997 0.000 0.003 DEG G2 G2=other 12 0.00000
14 |gene 2288 48 43  48|1191 1073 758 24 86 52 0.000 0.000 0.980 0.000 0.020 DEG G2 G2=other 13 0.00000
15 |gene 2161 113 154 1163|1278 1646 1691 100 129 139 0.000 0.000 0.908 0.000 0.002 DEG G2 G2>other 14 0.00000
16 |gene 2338 238 238 1146|2459 4406 2865| 181 236 253 0.000 0.000 0.998 0.000 0.002 DEG G2 G2>other 15 0.00000
17 |gene 2168 62 99 88| 782 919 956 64 66 77 0.000 0.000 0.995 0.000 0.005 DEG G2 G2>other 16 G.UUUUGI
10 1A ~n o oecl _==n  o=a =g e e = A Ann Ao FaYare) YY) AAATL TAT/ o el 17 A AfANnD -
hoge8 @ p b
EH | - i + 100%
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@ (RT)EEEFIER

< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#sample data
15. ICO/ w4 —=shdBiological replicateszEiEML/IZ= =21 —2 3 > 5 —F(G1E

B3> TJIL)TT.

10,000 genesx9 samples® [#BE&&HD | 9THD> 5 —

[G1_repl, G1_rep2, G1_rep3, G2_repl, G2_rep2, G2_rep3, G3_repl, G3

50 FET, 210, 000EGFHDRAD3 ODDiEI(gene 1~gene_ 3000%?)?’3‘?
DEGsDMAER : (l)ﬁ—%ﬂﬂﬁﬂ%ﬁﬁ'(gene 1~gene_2100)7'G1ET3E

EFER. (2)

gene_ 2700)"'G2E¥ T10f8=FIE. (3)5% D D10%53(gene_2701~gene_3000

HUEDn[RET Y,

out f <- "data hypodata 3\*53 vs3.txt"  #HT 7 AILBTIEEL Tout_f
param_ repllcates <- c(3, 3, 3) #G1, G2, GIBFOH L JILEE T3
param_Ngene < s TR T TI8E

param PDEG <- 0. #HIFTEMBIZ T OIS Z16E
param_FC <- c(2, 1@, &) #G1, G2, GAFOFERI|MEIAOES
param DEGassign <- c(2.7 QM@ 2, ©.1) #DEGD D561, G2,

library(TCC)

set.seed(1000)

tcc <- simulateReadCounts(Ngene=param Ngene,#7 % 1| —7 3 /57—
PDEG=param_PDEG,
DEG.assign=param DEGassign,#7 = 1 | —ir3 7 — 2 OfEL
DEG.foldchange=param FC,
replicates=param replicates)# = 1 L — 3 75— 2 O1ERR

#7321 L—7 3 EHFDpseudo-color- A — T ETEH

B e T — D EF O —F

#7850 T — DDA

#2320 —2 3 T —XOMFR

# BT LELV(EICELEIZTES & DI
# X2 —2 30T —2ADIER
# T2 —2 30T —2DER

DOH F1774 )L THBhoge8.txtZFExcel
TRHRW=ECH, QA BTT—32,QITCC
IEJEE1|:+baySqu'C SoNT-FIT /72—
DR, DREKEDTCCTHEDDN
éﬁ%&?@%%&%ﬁ%ﬁ@&ém
TY—hr9T 3L OG22 TERENDEE
FMNLEGLIZT 940 LTSI ED R
MFET, FOERAIE, DISal—i3
T —AEREFIZ, ©G2EDHIREE)
DEEWVFHRLELLTWV=N1ETY,
EFEDOEHTIIAL—arT—43%
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GRETERBLEGLOODIEzTNTNIEE
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single—cell RNA-seq® i X : DECENT:® X . NBIDim X . sc¥8EE (iR X
symmetric (X F5) Easymmetric (FEXTFR)

scRNA-seq 4 BEETHi 5 X & 511

bulk RNA-seq® & X : DEGESEH X . TCCEm X . bulk® gE 5T 5/ 3
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Eﬁﬂﬁﬂ)?ﬂ

8] 2

Dsampled8.txtZExcel CEkHT-FE R,

Bl sampled.. Bl sampled... — L] 4 Bl sampled... — L] 4
Al v’ Jx Al - Jx Al - Jx
A B C D - A B C D - A B C D -
1 |pair |time cens treat 16 8 11 1 control 31 15 17 0 6-MP
2 1 1 1 control 17 8 34 0 6-MP 320 16 23 1 control
3 1 10 1 6-MP 18 9 8 1 control 33) 16 35 0 6-MP
4 2 22 1 control 19 9 32 0 6-MP 34 17 5 1 control
5 2 7 1 6-MP 20 10 12 1 control 35 17 6 1 6-MP
6 3 3 1 control 21 10 25 0 6-MP 36| 18 11 1 control
7 3 32 0 6-MP 22 11 2 1 control 37/ 18 13 1 6-MP
8 4 12 1 control 23 11 11 0 6-MP 38 19 4 1 control
0 4 23 1 6-MP 24| 12 5 1 control 39 19 9 0 6-MP
10 5 8 1 control 25 12 20 0 6-MP 40 20 1 1 control
11 5 22 1 6-MP 26 13 4 1 control 41| 20 6 0 6-MP
12 6 17 1 control 27 13 19 0 6-MP 2| 21 8 1 control
13 6 6 1 6-MP 28 14 15 1 control 43 21 10 0 6-MP
14 7 2 1 control 20 14 6 1 6-MP 44
15 7 16 16-MP .| |30 15 8 1 confrol | .|| |45 -
L @ & [« : L @ & [« » L @ i [ »
H ] FH ] FH ]
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ETC

(Dsampled8.txtZFExcel CBEOHT=F5ER, @
AR —1TEEATEY ., Qtreatdl| Hiin
NAFIREDEEICETHEHRESA

Bl sampled... — Bl sampled... — L] 4 Tb\éh&h\bb\tji—io
Al - Jx Al - Jx Al - Jx
A B C ' - A B D - A B C D R
*pair _|ti1ue cens freat 16 8 11 1 control 31 15 17 0 6-MP
1 1 1 control 17 8 34 0 6-MP 320 16 23 1 control
3 1 10 1 6-MP 18 9 8 1 control 33) 16 35 0 6-MP
4 2 22 1 control 19 9 32 0 6-MP 34 17 5 1 control
5 2 7 1 6-MP 20 10 12 1 control 35 17 6 1 6-MP
6 3 3 1 control 21 10 25 0 6-MP 36| 18 11 1 control
7 3 32 0 6-MP 22 11 2 1 control 37/ 18 13 1 6-MP
8 4 12 1 control 23 11 11 0 6-MP 38 19 4 1 control
0 4 23 1 6-MP 24| 12 5 1 control 39 19 9 0 6-MP
10 5 8 1 control 25 12 20 0 6-MP 40 20 1 1 control
11 5 22 1 6-MP 26 13 4 1 control 41| 20 6 0 6-MP
12 6 17 1 control 27 13 19 0 6-MP 2| 21 8 1 control
13 6 6 1 6-MP 28 14 15 1 control 43 21 10 0 6-MP
14 7 2 1 control 20 14 6 1 6-MP 44
15 7 16 16-MP .| |30 15 8 1 confrol | .|| |45 -
L @ & [« » L @ i [ » L @ i [
H ] FH ] FH ]
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71V

(Dsampled8.txtZFExcel CBEHT=F5ER, @
AR —1THEATEY ., BtreatdllHin
BT HEHmEEA
TWAIENHLMYET , @DcensFl| H4T

Fs

Bl sampled... — Bl sampled... — L] 4
_ 5 Y (censoring) ICET AR THAH

Al ’ | LA ’ N ENFIBNSBERIZDHH B,

A B " - A B ¢C D |~ A B C D
1 |pair 1time cens treat 16 8 11 1 control 31 15 17 0 6-MP
2| 1 1 1 control 17, 8 34 0 6-MP 32 16 23 1 control
30 1 10 1 6-MP 18, 9 8 1 control 33, 16 35 0 6-MP
4| 2 22 1 control 19, 9 32 0 6-MP 34 17 5 1 control
5| 2 7 1 6-MP 20 10 12 1 control 35| 17 6 1 6-MP
6 3 3 1 control 21, 10 25 0 6-MP 36 18 11 1 control
7/ 3 32 0 6-MP 2| 11 2 1 control 37, 18 13 1 6-MP
g 4 12 1 control 23 11 11 0 6-MP 38 19 4 1 control
o 4 23 1 6-MP 24| 12 5 1 control 39, 19 9 0 6-MP
10, 5 8 1 control 25 1220 0 6-MP 40, 20 1 1 control
11| 5 22 1 6-MP 26, 13 4 1 control 41| 20 6 0 6-MP
12, 6 17 1 control 27, 13 19 0 6-MP 2 21 8 1 control
13 6 6 1 6-MP 28 14 15 1 control 43 21 10 0 6-MP
4, 7 2 1 control 29 14 6 1 6-MP 44 |
15 7 16 16-MP | .| |30 15 8 1 control | .|| |45
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Eﬁ%ﬁﬂ)?ﬁaES

@censFIDEUEILO or 1, EBEHNITH
TIYHY or LLGEDM— R E<H B4
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L @ & [« » L @ i [ » L @ i [
H ] FH ] FH ]

202052 BfE /Rt K&

261




Eﬁﬂﬁﬂ)?ﬁa@6

@censFIDEUEILO or 1, EBEHNITH
PIYHY or LLAEDHIN— R LM BH
LAY, 0N THEYIUHY 1A THEYIVAL

Bl sampled... — Bl sampled... — L] P4 —C-d—o /-L}';HE _‘\_gjéﬂy [') *&5%él:s EH
_ AN+ RGCEEH D 1 DD F|ErE
Al ’ Jepjal ’ I #13, OB BHRIRE 35:8) DT—4
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MNAEFRRIER, DIEATIZET 515

Bl sampled... — Bl sampled... — L] 4
_ W=D, BELRERITIZAL, £
Al ) Jepjal ’ - %%Em?‘érﬁxbrﬁl Lo THIEM
!I,” - Al B C D |{AEINBLNGLDT, ZEDOHEYZE
1 |pair [time cens treat 16 8 11 1 control | | EE{@ELEOEERZIXT=AMRICLTLY
2 1 1 1 control 17 g8 34 0 6-MP A=A BE,
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8 4 12 1 control 23 11 11 0 6-MP 38 19 4 1 control
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11 5 22 1 6-MP 26 13 4 1 control 41| 20 6 0 6-MP
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[ >R =)L | RES | ¥R | Winfl] OEES%E [ h—JL | REAEERStudio | SEHR | Winf Iy TA=A— 2

Jzo MacBIcDWTEE#HETY, (2019/10/08) v
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2518 (B4 : time) (&, BEEFRI(BMIHE) T, MASSOU J7 L AN 1 7ILS6~—BTIE. remission time in
weeksEBWTHNDFET, AFNCE [TRICBCEZER] & T£FER] OXLDCHERULS L > TRBULFEA,

3518 (B : cens) (& FI5H0D (censoring) it >z > 72 EWLD 0 or 1IDERNSEDET, 150G =
50, 22 7E51TY. COF—YDIEEIE. 3FEDON12{E. 1430 TT. LEAF>T. 12 ADBESADMT —FHH]
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ITODART(CIRD>THED. FAICIFe-mercaptopurine (6-MP)EWSERES. E5FACIETZEM (control) iS5 L
TWLWET.,

T —IDEF|CEUTICRTERSIBHESNTLET -
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3518 (B : cens) (& FI5H0D (censoring) it >z > 72 EWLD 0 or 1IDERNSEDET, 150G =
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< C @ FRESNTWELEE | iu.a.u-tokyo.acjp/~kadota/r_seq.html#figure_survivalcurve_kiso1 Ak

| (Treatment)iEsR) A EEs AL LU o |
CCOTE ARNT7A)LRbDtreatdlz. FRAITHDRBERERUZEHN)ELTEELTWLEY, BRAITHBHNER ’

(EBEH) TIBELTLSBAPSE.  [Surv(time=time, event=cens)] ([CHEULFET. A2 ~FTSUID)ERTH Bcens
SIDERENMA. timeflDIFRE. SurvEWSEEERVTAEFRBBIRAOAT IO MCEBLTWET, AHNAE
(6-MP)E5EDFS N T M (contro)E5E LD EEMAENC ENMaNDET,

X

in_f <- "sample4s.txt" #ANT 7 IR EIEEL Tin_flIHEH
whEG Ny T —DFO—F

library(survival) #/ 5w T — D DEFRAS

# X7 7 A I OFHAS

data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL71-7 7 1 ILDFHFAF

#R IR (ErrabiRAR T RO J20)
#HEDRL T AT TT (N o AT EIO6TD T3

#ERL TR20TY (ITH LD =)

hoge <- Surv(time=time, event=cens)~treati#survivalFE#dformulalis & ERLL 7oi5E % hogel JHEH

sf <- survfit(formula=hoge, data=data) #survfitBJ#z=RHL To S 2AA T Oz J b= {FR L iR 7 s FI 25N
#HERL TAIETTY
#HESD L T2 TT

#AE (L rRERR D)
plot(sf, xlab="Time(in weeks)", ylab="Survival rate")#F7ZaBiFOHHHE
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in_f <- "samplea8.txt" #AT 7 IR FIEE L Tin_fIIIEH
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library(survival) #/ 5w T — D DEFRAS
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data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL71-7 7 1 ILDFHFAF

#R IR (ErrabiRAR T RO J20)
#HEDRL T AT TT (N o AT EIO6TD T3

#ES L TARIITY (T ETEEFT)

hoge <- Surv(time=time, event=cens)~treati#survivalFE#dformulalis & ERLL 7oi5E % hogel JHEH

sf <- survfit(formula=hoge, data=data) #survfitBJ#z=RHL To S 2AA T Oz J b= {FR L iR 7 s FI 25N
#HERL TAIETTY
#HEDL TAIETTY

#AE (L rRERR D)
plot(sf, xlab="Time(in weeks)", ylab="Survival rate")#F7ZaBiFOHHHE
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library(survival) #/ 5w T — D DEFRAS

# X7 7 A I OFHAS

data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL71-7 7 1 ILDFHFAF
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#ES L TARIITY (T ETEEFT)
hoge <- Surv(time=time, event=cens)~treati#survivalFE#dformulalis & ERLL 7oi5E % hogel JHEH
sf <- survfit(formula=hoge, data=data) #survfitBJ#z=RHL To S 2AA T Oz J b= {FR L iR 7 s FI 25N
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#HESR L T2 T
plot(sf, xlab="Time(in weeks)", ylab="Survival rate")#F7ZaBiF HHHE

LSS
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Eﬁﬂﬁd)?ﬂ

“

@ RTEEETIBIRF

DD TR, @sampled8.txtzx A&
LT.ORMWICEFHIEZHEET 5
—EDRY Tk, DxEHA Time(in
weeks). ByEfH Survival rateELT. ®
plotB#ZEETLTWET . QA NT7A

I parr time cens f(reat
C O FRESNTWALEE | iua.u-tokyo. v
(Treatment)gsl J'Eesall L g, 1 1 L control )LODEFIE"Q:;AJE’“‘L’TL’T*°
1 10 1 6-MP

CCTEE. ARD7A)LRdireatdlz. REEIT ) 1 IEL:“CL‘&@"O BEREAITH 2BHNEHR
(RBEH) TEEL TLBED(E.  [Surv(time= control "¢ ~> hFT5HI0)ER Cap B ens
FIDEREINMZIZ. timeF|DIFEHRE. SurvE 9 7 1 6-MP foT o RCEBLTVWED, AR
(6-MP)E5E¥DIF D KT S/ control 358 A
; . . 3 3 1 control
in_f <- "sample48.txt # Rl

e 3 32 0 6-MP
whEG Ny T —DFO—F
library(survival) # 4 12 1 control
#A T 7 I DFFAF 423 I 6-MP
data <- read.table(in_f, header=TRUE, se 5 8 1 control P52
4BIOIE (ErFRBRERT R O T AN C 20 5 22 1 6-MP

# Artenl 'xL‘l?lHﬁ@]@ﬁ’fT I
#UEEﬂbT’éTJTT@_(17??&'5"]??7& oy,

hoge <- surv(time=time, event=cens)~tre a’r#survwal@ﬁ’ﬂ@for‘mula“ﬁ’“%f’ﬁﬂL/?“ﬁi%%hoge[;%%ﬂ
sf <- survfit(formula=hoge, data=data) #survfitB=RI T o3 2F T o7 b EERLL 7iERZ o fl CHEHN

#748 (E PR OIS E)

#ER L THIEITTY
#HEDLTHIETTY

plot(sf, xlab="Time(in weeks)", ylab="survival rate™)#F7ZEi5 iEEH

hy FR—TA |
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DD TR, @sampled8ixtE AJ1&

Eﬁ%ﬁd)haﬁm “ S ORI or T

P — m weeks). ByEAH Survival rate&EL T, ®

¢ 5 o CEE— _|pair time cens treat || plotBIERITLTNET . QANT7A
Fazatl CWELNEIS | iu.a.u-tokyo. v
(reatment) sFkl J'EcEaAL iz g, ' } 13 i 20;1;;01 gﬁi? quﬁgi&%f;fdét\\b—%ﬁzﬁijgblb\%fu
- DIZINC I jl\ 2l 'ﬁ \s

C Tl 7 rreatd]z®m. REAE F . .
gffféé%ﬁ%&fﬂél%éﬁjsizrvﬁe;'—j 222 1 control ? Dtreatdl], FNIZE>TENFEITRES
(oMY S BmE SIS s k(controhgzsaes 2 1 1 6-MP [ mEf-mEWSEERBIOFBHRA. EIZO®
in_f <- "sample4g.txt" # 3 3 1 COIltI'Ol% time§|Jo :O)B%'Es @CGHS;”@*TBU]UO)
WL =B Dk 3032 06MP 13540 or 1) ELVSHERDIEHREA S
library(survival) #T ’]{1 }:l 1_f\dj~1 contea L_C’ﬁ_'_'if(v\éo
# AT 7 I OFHIAS

data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL71-7 7 1 ILDFHFAF
#RUIE (R TFRERE AT O T 2R

o L CDETTT (N oy d -T2l ItEHO 6 T T F0T)
L TR TT (TR S Z /)
hoge <- surv(time=time, event=cens)~treat#survivalB¥ D formuladis % fERLL 7miEE % hogel JHEHA
st <- survfit(formula=hoge, data=data) #survfitB=RL T oS 2T Tz o FEFRL TSR T of!
#HE L T2 TT
#HES L T T

#AE (L rRERR D)
plot(sf, xlab="Time(in weeks)", ylab="Survival rate")#F7ZaBiFOHHHE

A
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E??EE"??G)?E

“

(RT)EZET &R

n pair time cens ftreat
SN TWELEE | ivau- .
C ED _ﬁé é:?’L CWELE(E | iuau-tokyo 1 1 1 control
(Treatment ) gl A sesadl Cuig g,
1 10 1 6-MP
CCTIE. ANT7AILRDreatdZ. REEIT F
(EBEH) TEEL CLSHSE. [surv(time=| 2 22 1 control §
FOEHREMA I, timed|DEHE. SurvE T o 7 1 6-MP &
(6-MP)E5EMIE DN T SR (control )& 58 L
in_f <- “"sample4g.txt" # 3 3 L control ith
3 32 0 6-MP
library(survival) #TTT — USRI
# AT 7 A I DFHIAF
data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL =7 71D}

#RIINIE (R HIRRART R O T 2R

DD TR, @sampled8.txtzx A&
LT. OFKRMICETFHIEEHEET S
—EDRY Tk, DxEHA Time(in
weeks). ByEfH Survival rateELT. ®
plotBAEEITLTLET . QA AT7A
IWDHREIXZALGTRERLTLz, i AF
ZEST=MESIMNELSERBIDIFERAY.
MDtreatdl]l, ZNICE>TENEITRAES
TEEMNEVSRERBIDIFRA. EIZ®
time&ll, COR. QcensFIDITHHIY D
AEOor 1) ELWOHERDIFHROANL
LTEATWS, ERALIE. ECIZED
B EHREEZ DD MH>TLINIE
OK,

hoge <-|surv(time=time, event=cens)~treatjsurvi

#HEDRL T AT TT (N o AT EIO6TD T3
#SEDL TAEITYE (IT#H EFH=FT)
or‘mula“ﬁ"%f’ﬁﬂL/?“ﬁi%%hogek?f%%ﬂ

% SHL;TL%'%P\]

plot(sf, xlab="Time(in weeks)", ylab="survival rate™)#F7ZEi5 iEEH

f <- Tit(rt Ta=hoge, data-=data) % S E LT 7 {F

5 surtit(tormula=hoge, data=data #M_H‘C?’ =
surv(time=time, event=cens)~treat

SAE (LS OHE)

LSS
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RStudio

Eile Edit Co View Plots

G‘v{?f-{ - .

Console  Terminal

>

Jobs

Session Build Debug Profile Tools Help

- Addins -

STFFEODTRIMNTIZ. @

sample48.txtZA 00—

KLz T. 3

JyA—F3niX. DRStudio L TERON

H&OHYFET,

B! Project: (None) =

= Environment  History  Connections p—
=To Console Z = To Source | @ i
Files Plots Packages Help Viewer — ]
O Mew Folder | @  Delete =] Rena J‘ Mare -
C: » Users » kadota » Deskiop
A Name Size (]
t.
data_hypodata_Jvs3vs3.txt 3562 KB Fi
Excel.lnk 22 KE a
R5tudic.nk Q42 B a
sample48.ixt 636 B Fi
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SXFEDTRIMYTIZ. D

_&cﬁt%ﬁmﬁa@m P

HEIZEYFET  OFBRRNZIERRE

@ ROEEEFIER > T
. h— TILET, @D HIY M-

< C O RESXNTVELEE | ivau-tokyo.acjp/~kadota/r_seq.html#figure survivémcarre—sor oA
(Treatment)gsl J'Eesall L g, N

CTlE. ADT7A)LRDtreatdzE,. FEREITHSHBEER(RIZH)ELTEELTWVEY., BRATH2EBNESR
(ﬂ‘EE TR TEEL TSRS, [Surv(time=time, event=cens)] (CHAHULEFET. A2 REFTSTID)ER THBcens
BRENMNAT. tmedlDEHRE. Surv&Lﬁﬁﬁéﬁiﬁﬁﬁufiﬁﬁ%lﬁﬁﬂﬁﬁﬁ@ﬁjEIO FZEBLULTWEY, HUOAE
WESEDIEFE SN T R (contro)iIEG5E LD CREM\EVLC ENDDET,

in_f <- "samplea8.txt" #A 07 7 LB EETL Tin_fIZHEH
#WhEG Sy r—DE0—F .
library(survival) #/ 5w T — D DEFRAS

# X7 7 A I OFHAS

data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL71-7 7 1 ILDFHFAF

#R IR (ErrabiRAR T RO J20)
#ERL TLE0TT (N A ATERDCEDNO T ZF0T)
#ES L TARIITY (T ETEEFT)
hoge <- Surv(time=time, event=cens)~treati#survivalFE#dformulalis & ERLL 7oi5E % hogel JHEH
sf <- survfit(formula=hoge, data=data) #survfitBJ#z=RHL To S 2AA T Oz J b= {FR L iR 7 s FI 25N
#HERL TAIETTY
#HEDL TAIETTY

#AE (L rRERR D)
plot(sf, xlab="Time(in weeks)", ylab="Survival rate")#F7ZaBiFOHHHE

hw FRe—A
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SXFEDTFRIMYTIZ. @

led8 txtZF A ) O—kL-DT. B
Eﬁﬂﬁmﬂﬁzz samplefS 59 B—L1OT. O
® nszEnen B&3ISBYES , GFHNEIL N

< C @ FRESWTWELESE | tok ip/~kadota/ html#fi i /:Il.,i?_o @O)&)T:U 75\6‘ @@%T:L)i
i= ERPANICEN S Iu.a.u-tokyo.ac,|p/ ~Kadota/r_seq.ntmi#Tigure_surviv. S -— o
(reatment)igsl J'acscefl Lz 9, —C}iiﬁéﬁ—c

C Tl ADD7A)LRdDreatdlz,. RREI THSHBEER(HUZHN) LU TEELTWLWET ., BREAITH 2BHNESR
(EBEH)TIEEL TWLBEISE.  [Surv(time=time, event=cens)] (CHBHLFET. 412 REFTSUID)ERTHBcens

BRZIMATC. timedlDBEHRE. SurvEWVWSERZRAVTEFREFITAOA TSI O MNIERBLTVEY ., ALAE
WeSEBOED T SR (control IR LD ERBMENC ENFNDET.

in f <- “"sample48.txt" #I 7 7 ILBEIEE L Tin £ &N

WEG /Y T —DED— _
1i y(survival) SN T =0

e e s

data <- read. in_f, header=TRUE, sep="\t")#in fTIEELI- 771

FRIE (R TrPEBR R TR
WEELIGE )]
dim(data)

hoge <- Surv(time=time, event= cenS)utreat#surv1ua ' ) TR L ; i .
st <- survfit(formula=hoge, data=data) #survf' LT ; 7oit sT &3
st :

summary (st)

b FR—TA
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Eﬁﬂﬁﬂ)?HEZB

'RT:] _‘EE:E-I LTJT

< C O FRESNTLWALWNEE | iua.u-tokyo.acjp/~kadota/r_seq.html#figure_surviv

(rreatment) gl /a8 il Lbi\a= 9 4

T AN T FAILERDreathlE, RREITH 3 HBER(NIEN) & L TIEE

SEFEDOTRIMTIZ. @
sample48.txtZ A O A—KL=NDT. B
JyO—K9 (X, DRStudio L THER LN
B5&INBYET , OFBRNEZIERE
TLET . @DOH=Uhs, DDHI-YE
TREZSET. AYVyHITO®IAE—LT

(EEEH)TIBEL TWLBEI &, [Surv(time=time, event=cens)] ([CBHLET.

FIDEREMZIZ. timed|DIEEHRE . 3
(6-MP)E5EDFS N T M (contro)E5E LD EEMAENC ENMaNDET,
in f <- "sample48.txt" #AD T 7 AL BEIEE L Tin £ SHEH
library(survlval} #/ 5 v T — D DFFHAS

data <- re le(in f. header- IRUE.
I
TSI (1 a1 P

WEELIGE )] -
dim(data) Google i
hoge <- Surv(time=ti
st <- survfit(formul
st

summary (st)

sep="\t"Y#in fTIETL /-7 7 -1 JL0

f <"
ENRI(P)...

SurvE VWS EEERAVWTEFRMEEIEOA SO RMCEBRLTWEY, HLHAS

.—. +.|.-| ++

sample48.txt" #FANNIPAINEE...

Ctri+C

12 FE(S)
Ctrl+P
Ctri+Shift+|

AR METBUID)EHR CdScens

plot(sf, xié

"Time(in weeks)", ylab="Survival rate")#f7FabiFOiEH

by FR—TA
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SZFFEDTRIMNTIZ. @

sample48.txtZ=2 H>O—KLI=DT. @
EEEE%?@*EEIEZLI- JE—RFhif, @RStudio ETHRLN
@RStudlo %)J:a[:f;[')i-d_o @%*&m%jel\o%
File Edit Code View Plots Session Build Debug Profile Tools Help ’/f__]' Lij—o @O) %T: L) 75\‘5s @0) &T: Ui
G Gototeocion | [ - pars - TRESE T, 55y T@®IE-LT,
console [N (@ConsoleE H £ T. (0Paste,

C.fUsers/kadota/Desktop/
-

Files  Plots Packages Help  Viewer — ]
Cut O Mew Folder | @  Delete = | Rename SQ‘ Mare =
Copy C: > Users » kadota > Desktop
A Name Size (]

Paste t
seiectall | data_hypodata_3vs3vs3.tut 356.2 KB Ft
Reload | Excelink 23 KB Q
Inspect element | RStudie.Ink 048 B )

| sample48.ixt 636 B Fi
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Eﬁﬁﬁm Ezs

I@RS’[udlo

File Edit Code View Plots Session Build Debug Profile Tools Help
O - OF - A Go to file/function - Addins -

Console  Terminal Jobs

C:/Users/kadota/Desktop/

data <- read.table(in_f, header=TRUE, sep="\t")#in_fTiE

SEFFEFOTRIMYTIZ. D

sample48.ixtx X H>O—KLT-DT. @
JyA—K3hif, DRStudio L THLR SN
B5&INRYET, OFBRNEIERE

TLET . @D HT=Uhs, DDHI-YE
TRESHET,. BV yITO®IAE—LT,
QConsoleE E £ T, (0Paste, C A5

CIZiEYE 9, @Enter,

ELIZD 71 ILDEH ;'\5"%
#ETALIB (EFMRRERAFAOREN CER)

head(data) #EZR L CBIEITT
F(AYAH —TERFRVWCERBVDITOERT)

dim(data) HEZ LU TDIEITT
FTITRENEERER)

hoge <- surv(time=time, event=cens)~treat#survivalfZ{dDf

ormulaZd s & {ERL L 72 & E F hoge [C &
st <- survfit(formula=hoge, data=data) #survfitBEEZ& FH L)
TOTSAATST O HEERM b?’c%ﬁ%’isﬂ-_*ﬁ‘iﬂ

sf #EZ L TCDRETT
El

summary (sf) #EZFLTDIEITT
El

#AE(EGFHEOEERE)

plot(sf, xlab="Time(in weeks)", ylab="survival rate"

YHL T B AR OD 1 E

Files Plots Packages

'l New Folder | @ Delet
(] © » Users » kadota

& Mame
t.
| data_hypodata 3% S8
| ExcelInk o
| RStudio.nk
| sampled8.ixt
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E??EE"??G)?E

0 RStudio

File Edit Code View Plots Session Build Debug Profile Tools Help
o - CF

SEFEDTARIMYTIZ. @
sample48.txtZ=2 H>O—KLI=DT. @
JyO—Kd i, DRStudio L THRE LN
B5&INBYET , OFBRNEZIERE
TLET . @DH=UYhi. DDHT-YxE

- Go to file/function = Addins - —G}iiﬁéﬁ—cs EO IJ \\JO'G:' to—L/'C\
Console  Terminal lobs @CO”SOIGEEL—G\ Pasteo :AJE]’EE\
C./Users/kadota/Desktop/ N P e —
upper 95% CI summary (sf) #HERLTAIEITTTY
%. ggg #AE (EFHIROIEE)
0 968 plot(sf, xlab="Time(in weeks..
0.902 Files Plots Packages Help Viewer = ]
0.828 | & 7oom | = Eport + | © ¥ E -
0.657
0.562
0.460
0.407 _
0.356 o @ _
0.322 w
NA © < }
E o
> @ _
> HAE (LETFHFRODIEE) o |
> plot(sf, xlab="Time(in weeks)", ylab="survival rate')#47F8H L
R DIEE 0 5 10 20 30
i | Time(in weeks)
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IEFEETIEAFilesBT N T HT4T 13

ERBROBE2T L i

RStudio &b‘\b b\ U 35-9- o
File Edit Code View Plots Session Build Debug Profile Tools Help
o - Of - Go to file/function = Addins = 2! Project: (None) -
Console  Terminal Jobs = Environment  History  Connections p—
To Console :JTDSD.Jrce o ¥
23 1 1 0.0000 NaN NA “ sf #ﬁ&mh\[_,—cg)j‘tjtt@ “
upper 95% CI summary (sf) #EZLTDICITTT
1.000 #AE (LR HROIEE)
8222 p'l'x'labfrﬁme('in weeks...
0.902 Files Plots Packages Help Viewer — ]
0.828 . A Zoom ~ Export = Q ¥ SR
0.657
0.562
0.460
0.407 _
0.356 o ®
0.322 w ©
NA E - N
= o |
3
- ) .
> #AE (TP HEROEE) o
> plot(sf, xlab="Time(in weeks)", ylab="survival rate')#47F8H L
RRODYEE] 0 5 10 20 30
> : .
- | Time(in weeks)
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E??EEE%?O)?E

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help

SEIFEETIEDFilesR TN T HOT14T 1
IREETLT=H. @PlotsA 7 [ZBEITHYIY
ZHY,. QEFHENEE SN TLNVSC
EhHMYET, =2, @Plots#T £ T
BN LSRRI N TS FTIES N

° -yl ot fle/function " Adens - LLTELD T, pngZ 7 ILTIRIFL =LY,
Console  Terminal Jobs = Environment  History  Connections p—
C./Users/kadota/Desktop = To Consale f3—'TDSu:u.Jr-.:E o ¥

23 1 1 0.0000 NaN NA © sf HERLTBERITY B
upper 95% CI summary (sf) #EELTHIITTT
1.000 #AEE (G FHrROIEE)
gggg p'l'x'labf'T'i me(in weeks..
0.902 Files Plots Packages Help Viewer = ]
0.828 A zoom | - Export - | @ 4 % -
0.657
0.562
0.460
0.407 y S
0.356 o @ ,Q
0.322 g2 o Ak
NA g o N
o 7

> @ _
> HAE (GFERIROEE) o |
> plot(sf, xlab="Time(in weeks)", ylab="survival rate')#47F8H L
R DIEE 0 5 10 20 30
i | Time(in weeks)

202052 AEEMILKE 284




é%liEiﬂi@FilesSt?“;b*‘T’J-ﬂ?“t;

EHEROBE o

“

o {EE4 | M-A plot | [5F | ggplot24E (last modified 2018/01/11) by FR—A
o AEE | A= 2A0>9 | IC AT (last mnodified 2019/09/01)

ERHLMYET, =1, @Plotsé'ljJ:'C‘

@ ROEEEFIRK _ - R -
C @ & Eé?’LCL?‘L\Jﬁﬂf—l -tok /~kadota/ html @0)329(:?,%3?'&‘%(“%)7":('}"6(19*1,
= Vi iu.a.u- Oy’O:’:IC_]p adota/r_seq.ntm L,<7‘-d:l,\0)—c‘:s png77/r)b_cs1%ﬁbf:ll\o
fﬁ_l_l — h?uj’(heatmap) |ICDWT (Iast modlﬁed 2019/09/18) @%;h}c‘{ag)o)h\‘:

*f"Fl | E— f\?uj’(heatmap} | ComDIexHeatmap(Gu 2016) (last modified 201's7o57277

|_EEE§E_| E | [ DWLT (last modified 2019/09/04)

VEE | 477804 | B8 | 1. =913 70w i (last ghodified 2019/09/04)

VEE | £778858 | BIE | 2_png 2 7 1JLICIRTE modified 2019/09/04)

EE | &£7F5E | B | 3. 2=8%FZ X 3(mar), (st modified 2020/02/19) NEW
VEE | £7785E | 212 | 4. 8SILDEEOAS=FZ X 5 (cex.lab&cex.axis) (last modified 2020/02/19) NEW
Ve | &£778058 | B2 | 5. 89133 B(col) (last modified 2020/02/19) NEW

VEE | 477dhig | B | 6. JU v BEEN(grid), (last modified 2020/02/19) NEW
YR | 477dhiR | 282 | Z_NB1%ZEN(legend) (last modified 2020/02/19) NEW
1EE | £77HREE | B8 | 8. 95%EBXEF#EM0 (last modified 2020/02/19) NEW
VB | 47708 | 252 | 9. 80%{SFEXEFEEND (last modified 2020/02/19) NEW
VEE | 477dhi8 | B | 10. EERBOMAEIEEN (last modified 2020/02/19) NEW
YEE |_M-A plot | (CDWT (last modified 2019/08/31)

{EE | M-A plot | BB | 1. BEEZ DN (last modified 2018/01/11)

YEE | M-A plot | B85 | 2. EBZEELFEE911d 25 (last modified 2018/01/12)
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é%li&‘ i'@(i@Filesaﬁ‘ﬁ?’Jﬁwﬁ‘f;

ERBROBED

ENHMYET, 7'" - @Plots’517 LT
_ - | | @0)3::)(251*:25?'&‘11'([,\%)7':('}"(@’)%
< C O REXNTVELEE | ivau-tokyo.acjp/~kadota/r_seq.html#figure surviv L(@L\O)—G\ png77/f)lf(*‘1%ﬁ[,7":l,\o
| PR | £7ER | B | 2. pngT 7 A LICRE DEFNEDEZDHNN. B 2%D.

B
CoTE. (L EFETOv R OFEELT. SHEoy e LN ©FIRET,

@ (RT)EEEFEH

[T7)] — [T« L ORJDEE| TEALEWIFZFAILEBWNTHDT « LI FUTCBEBIUH FZE /<,
1. YT I FT—H548Msampled8.txtMIES :

in_f <- "sampleas.txt" #IW N T 7T IBEIFEL Tin FIZHEH -
out f <- "hogel.png" #0207 7 TR EIEEL Tout fIZTEHA

param fig <- c(500, 400) #7 7 - IL LD ONE S gz 18E (BRlFE 2 2IL)

#hEd Ny T—DEO—F o

library(survival) #/ 8w T — DDA

# AT 7 I DA

data <- read.table(in f, header=TRUE, sep="\t")#in fTIEFEL7-7 7 -1 ILDOFHIAH

#PIE (F e AT A ORI CZ5R)
#HEDRL T AT TT (N o AT EIO6TD T3
#ESL T T (T8 &M= FoT)
hoge <- Surv(time=time, event=cens)~treat#survival @@ formuladlfis & {ERLL 725 R 7 hogel ZHEiA
sf <- survfit(formula=hoge, data=data) #survfitRE=RL T O3 24 T2 7 b E{ER L 1235 R % o JH8H0
#ERLTL7EITY
#HERL TEEFTYT b A A

#7 7 TILIZIRTE M
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é%li&‘ if(i@Filesaﬁ‘ﬁ?’J-ﬂ?“ta

EFEROMEL o

ENHMYET, -1, @Plots’)'ljJ:'C*‘

o | | | @D ESIZRREINTWVSEFTTIESN

< C O RESNTVELEE | ivau-tokyo.acjp/~kadota/r_seq.html#figure surviv L/<7‘<-J:L\O)—Cs png77’f)le“1%ﬁb7'”l,\

| PR | £7ER | B | 2. pngT 7 A LICRE DFNEBEDHI, BYL %D .

CoTiR. TLETETOvR] OBsELT. HEovrZrisrLTenek o] OB, CORI)THE, HEFERE
[T740L) = [F4 L0 hUOES | TRIFLIEN I 7ALEBNTSEET 1 L2 b (Dhogel pne& V3T 7L ILIZIRTET 21

1. BT F—H48Msampled8.txtDIES : DTHY . FDHAX(E®500 X 400ESH

i #ANT 7 AIBEIEEL Tin fITHEH TILDOKES,

@ RTEEETIBIRF

in f <- sampl edsg.t

out_f <- "hogel.png #0771 LB EIEEL Tout F{Z#EHm

param fig <- c(500, 400) #7 7 - LR OMEINE & S E1EE (BAdE o =)L)
#HEG T —DEO—F

library(survival) #/ 8w T — DDA

# AT 7 I DA

data <- read.table(in f, header=TRUE, sep="\t")#in fTIEFEL7-7 7 -1 ILDOFHIAH

#PIE (F e AT A ORI CZ5R)
#HEDRL T AT TT (N o AT EIO6TD T3
#ERL TR TT (T L= ="R)
hoge <- Surv(time=time, event=cens)~treat#survivalFEF O formulagfis = EoL 72iERE = hogel Zi8H#7
sf <- survfit(formula=hoge, data=data) #survfitRE=RL T O3 24 T2 7 b E{ER L 1235 R % o JH8H0
#EE%L/‘C’EE(TTT
#EL TA7CI3TT oy TR A

#7 7 TILIZIRTE M
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(RT)EZET &R
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sf <- survfit(formula=hoge, data=data) #survfitBJ#z=RHL To S 2AA T Oz J b= {FR L iR 7 s FI 25N

#ER L THIEITTY
#HEDLTHIETTY

#HFT LG

height=param_fig[2])#10 7 7 1 JLDBTE/ VT A —2 ZI8E

(&

SEF(FEETIEDFilesBT LT HT4T13
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data <- read.table(in_f, header=TRUE, sep="\t")#in fTIEEL =7 71D}

#RNIE (R A O JE) i -
HEZ L TAIEITT (N 5 =75

#ER L T A5 TF (78 &7 = 357

hoge <- Surv(time=time, event=cens)~tre a‘r#sur\flval@ﬁ@for‘mula [43% {ER
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dev.off() #FHFE L3

survfit(formula=hoge, data=data) #survFitREIEMALITo 32 70z 5 FEERLT-RERE sFI %
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o {EE | 4778858 | BB | (CDULVT (last modified 2019/0
o {EE | &£77mE | B2 | 1L =3 1E 70wV |~ (last modifie
o {EE | £77e08% | B | 2. png 2 ZAJLICETE (st mod
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par(mar=param_mar) #FHF 15T
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dev.off() #FHE L3 o 7 | | | | |
1[] 15 20 25 30 35
Time(in weeks)

294




o {EE | EfFehiR | BiE | 4. oYL PCHEODASEFER 5 (cex.labdcex. ;kli @iﬂ]% é)b’@*x&ﬂ_ﬂ)j{é’é’é%%

Eﬁ%%ﬁ@j@ |_|39 TH50UE, QDERIEFRETYT H--

— [ X
@ RTEEEFIRIF
& C @ FRESWTWELEE | iua.u-tokyo.acjp/~kadota/r_seq.html#figure_survivalcurve_kiso4 Ak
R | £7F8ER | BiE | 4. BSANILPBEORETEZEX S (cex.labd )
cex.axis) NEW

COIEETIE. plotRaFEITR(C. cex.lab&cex.axisA T = 3 o
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#7 7 T ILIZREF
png{out f, pointsize=13, width=param fig[1], hei o~
par(mar=param_mar) #1715 o
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data «<- read.table(in_f, header=TRUE, sep="\t")#
=5 kol . — o
HHTE (E TSR Tt 2 S
#EaL L T 4
#EaL L T 4
hoge <- Surv(time=time, event=cens)~treat#surviv o
st <- survfit(formula=hoge, data=data) #survfitfH o |
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iu.a.u-tokyo.ac.jp/~kadota/r_seq.html#figure_surviv

RiE,. DT )R gEEE 7][13’%))@)77‘ %
THRER, 3—FTERIZ. QgridBE%K
MENTULVET, coI7J'7°°/EIT/‘\5Ity7J'7°
DAVDEKRNEITHRRLLLER T HEEL
<hHBEBWET, HIZ Ly TIX.
dotted (FRHR) DY [Zdashed (ARER)
osolid (B HEBIBETEET .

rY

B e =0 —F

library(survival)

$ANDT 7 A I DFFAS
data «<- read.table(in_f, header=TRUE, sep="\t")#

#EIALE (ETFERIS AT O T J20R)
#EaL L T 4
#EaL L T 4
hoge <- Surv(time=time, event=cens)~treat#surviv
st <- survfit(formula=hoge, data=data) #survfitf#
#E L T
st L T 4

47 7 IR

png(out f, pointsize=13, width=param fig[1], hei

par(mar=param_mar) #HE T8

plot(sf, xlab="Time(in weeks)", ylab="Survival r
cex.lab=1.5, cex.axis=1.5, col=param_col)#¥]

grid(col="gray", lty="dotted") #ETE L7y

dev.off() s E L7l
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. EE | i | BEE | 2. LBz EN (legend) RlF. ONAFIZEEMT B0 E, QDER

EﬁEEE%id):]:E |_|47 @;*ﬁfﬁbft\itjﬁél;h@aﬁu

@ RUEEERTIER e ¢

& C O F®RESNTWVELEE | iuau-tokyo.acjp/~kadota/r_seq.html#fjgure_survivalcurve_kiso7 Ak
EB | =R | BiE | 7. FlflZEEM(legend) @)W -

ZMDIEETIE. legendBEERNTAAZEENLET . legendBHEETEOy=1F. Eoodxz=F2CdaLICEELT

WS ECHEYLET, Ity=2(FHHECHEYLET, MCEL

TY. COBEFEEO1 SECHEYLET, i B
(D7 — [T« LI RUDEE] THEITLIEWI 7)1 N
1. YT I FT—H548Msampled8.txtMIES : o |
o E
in_f <- "samplea8.txt" # A7
out_f <- "hogel.png" #7771 o ,
param_fig <- c(500, 400) #7717 w @ i
param _mar <- c(4, 5, 1, 9) S S | B = —
param_col <- c("red", "black™) #=35T g
param_legend <- c( s trol™) &35 E < |
BB S — D EO— R a ° —
library(survival) #45y Ar—
o
# A7 7 1 I DEdrAG o —
data <- read.table(in_f, header=TRUE, sep="\t")# —l_
#EIALE (ETFERIS AT O T J20R) o | L\
#iESR L T 4 o
#hEsn L T 2 ! ! ! I I I | I
hoge <- Surv(time=time, event=cens)~treat#surviv 0 3 10 15 20 25 30 35

Time(in weeks)
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> VE | 7zt | B9 | 7. FLblz8il(legend)

E??EIII%?O)?E

[8]48

@ (RT;EEEFUE
< C O REBSNTVWELEE

1. 52T I7—#548Msa mple48 txtDiES :

llbrﬁry(surv1ual}

iu.a.u-tokyo.ac.jp/~kadota/r_seq.html#figure_surviv

#7850 T — M FF AT

R, ODNHIZEEMT B0PYUE, QDER
DTHELTLWET, IBEE. @QLFEL
T9, BITHE, O—FTEIZ. @legend
B#AEIMEINTWNVES , ®7%H ML
MA L (topright) IZH SN DEREHH
ATLED.HZRIZESTIEET
(bottomleft) THLLYDELNFE B A

# AT 7 A I DFRFAH
data <- read.table(in f, header=TRUE, sep="\t")#

#PIAEE (EFahieAR T A ORI 2R
#E5% L T 3
o D
hoge <- Surv(time=time, event=cens)~treat#surviv
st <- survfit(formula=hoge, data=data) #survfitfE
#E5% L T 3
#ESE L T 3

#2771 LICRE
png{out f, pointsize=13, width=param fig[1], hei
par(mar=param_ mar} #ﬁnyﬁ%an
plot(sf, xlab="Time(in weeks) , ylab="survival r
cex.lab=1.5, cex.axis=1.5, col=param col)#5
grid(col="gray", lty="dotted") #EFEL 1=/
Tegend( " topright", Iegend=param legend,} il %=
col=param col, lty=1, cex=1.5) kA=
dev.off() s FE 7L
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JW OFYIFENIZLE T H . 280% =% X
H EFDHIGEELEMT HENTEE
Eﬁﬂﬁﬂ)?ﬁ [H]49 i

@ RUEZETER - O X

& C O FESNTWEWNEE | vau- tokyo aCJpX kadota/r_seq.html 72k

o B | E—F¥ ‘J,_f(heatmap} |_ (DT (Iast mod|ﬁed 2019/09/18) -

e fEE | &E— ~~w J(heatmap) | ComplexHeatmap(Gu_2016) (last modified 2018/06/27)

e fEE | &— +~w F(heatmap) | NeatMap(Rajaram_20 o —e—t—meiified ans s ta s ios

o {EF | 4z848 | BB | (CDUL\T (last modified 2019/0 Q [

o VEE | ETFER | BEE | L ETE@TOY b (last modifie] Ll_ L v —

o VEE | 4770858 | B2 | 2. png 2 7 0JLICIZEE (last mod . o | L mmr;‘l i

» {EX | HTFHRER | BiZ | 3. 28F%E A & (mar) (last mod o | : !._I . ----  B0% {=HEHERS

o VEED | fEraaR | BEE | 4 BSAULOHBORSEEER r‘l_l— ————

o EF | £7mE | B | 5. 9113 3 (col) (last modifie| g @ _| [ S

. VR | 7T | BB | 6.2V v BAEEN(arid) = ° B g

o EE | &£77e0ER | B | 7. BB (legend) (ﬁ* 2 | —‘

C FFE | £EEE | B | B oshEmmaei] (Rt MY 5 o - B

o VRBE | 47FHERR | BEE | 9. 80%EMRAIEEN (Iasimo| P | —|_‘ I I N

o VEE | £7FeMR | B | 10. SEXEOFHIEEN] f o~ . .

o {E[4 |_M-A plot |_[CDWT (last modified 2019/08/§1) o I_’:—i '

« YEE | M-A plot | BB | 1. B2EH DH'D (last modified 2 "":!—‘L‘

o VEE | M-A plot | BB | 2. BIETHEGTEES g—

o {4 | M-A plot | IS | ggplot24E (last modified 2018/ ! ! ! ! ! ! ! !
L e MEFE 1 A= 291,27 | (- IAT (last mndified 20146/04 U 5 10 15 20 25 30 35

Time(in weeks)
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VRIDEZEARNBRD LIS
single—cell RNA-seq® /3L : DECENTER 3. NBIDER X . sctREE M s/ 3
symmetric (X FR) Lasymmetric (FEXTFR)
scRNA-seq % 8B 5T sm X FB &

bulk RNA-seq® i3 : DEGESEH I . TCCE®mX . bulk £ BEETM A X

SRS RANEFTRRF R XHH DD HV?
Zero—inflated negative binomial (ZINB)®ET JL[ZscRNA-seqFR7ZE D H\?
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OHMFEE (258 [FZDHT=Y, QD)

@ RTEZEFIER X +

< 2 C 0O REEINTVELGEE | ivau-tokyo.acjp/~kadota/r_seq.html

ERAR | #REEERAN | J\ RO T 1 (Pathway)&&4i | (CDWLT (last modified 2019/05/31)
BRAFT | BEEEERAT | /\ A D T -7 (Pathway)f247 | GSAR (Rahmatallah_2017)(last modified 2017/03/17)

BRAT | B TRy O — T4 (C DLV (last modified 2019/10/04)

BT | BRI (25E)_|_(CDWT modified 2020/01/02)
BRI | #EE B (95E) | B | MLRq(Goksuluk_2019) (last modified 2019/09/20)

i | EEET | (CDWLWT (last modified 2017/06/04)

BT | TN — I8 | (CDULVT (last modified 2014/07/06)

BRAT |_ChIP-seq_|_(CDWT (last modified 2019/05/31)

747 | ChIP-seq | DiffBind(Ross-Innes_2012) (last modified 2014/02/04)
747 | ChIP-seq | ChIPseqR(Humburg_2011) (last modified 2014/02/04)
#2471 | ChIP-seq | chipseq (last modified 2011/12/14)

74T | ChIP-seq | PICS(Zhang_2011) (last modified 2011/12/14)

#2471 | ChIP-seq | ChiPpeakAnno(Zhu_2010) (last modified 2011/01/18)
74T | ChIP-seq | rMAT(Droit_2010) (last modified 2011/12/07)
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= DHBZE (558 IZCDH=Y. QD)

B (2B 2 L 5h . @TALBLTY,
7] FH \nZ2
@ RTOEZEFIEH x + I
< C @ FRESNTWELEE | iua.u-tokyo.acjp/~kadota/r_seq.html#about_analysis_classification FIk

Rt | WFE(238) | (EDONVT

FHAF—ANEIENEEEC. TNAESVWIRENEHTHIEDEETY (BRDBESHDW). INAAALTAIFTA IR
DEFTIE. BYOTILEEEEY D TILEDO L S22 EEBORETIT —9 (T8 LRF. &Y T)IL) i Fxicdh
SRENS AT —FUET, TUTTDT YDA TCELDIEETHESETEY. TOEHE. Fxh7—YDHTRESTED
CENTEZNSTT., BUEEOYTIBHETEESDIEVWSONKTRTY. FAIAE. BYITIL30AEESH T
JL30BIDET60H > )L 52 BRNA-seq I > b — DL BLDBRERH H 2T — DU ri2WEREHTIT L, ELWDTET
7. REZTHWRAEFTSHESE. SRV TN THEY O TIO2ERMEBAT —9EANETISVORETT. LY

L. TOBREDOREBEROFT —FEEAANEUVTRILBVWO TERLITEL,

SREAAIC. BY L ITILASEI(H 2 TIVAETL, T2, .., T25). EEY > T)LA256I(H > TFILEAENL, N2, ..., N25)DEET
SO I ERE3T—YEEZFT, =9 Faohr—¥F. U TILOREE or ER)9h>TWET., [Cob
TIVEEREDEDT. CNEEBREOEDEZ] WS ETHD. TARIVEE(label information) EWSEWAELET
(& B HILo~)LEM).

Stepl : FEMIER, BRFE(DHE)TE. E9EOFE(FITVLZESNEROHET ., HR— OG-
(Support Vector Machine; SVM)&R. S04 T4 Lo X <(Random Forest; RF) &M —a1—SJL+w D —27(Neural
Network; NN)EDWSWESHDFET, FIREFESVMEED EERHET . SVMICSZDERICIF. BETHNT—F LSANIVERERED
LASFENSTT, ERFBORAOBNE. FAMY L TILORE(SNIVER)ZEUSFATZEODETIERBETZ LT
9. SVMPRFEIEEOFETHD. FAETI(HBITIEHORAEVWSERTIV)EBEISZLNEECT. BL. A
iz’E:Z‘&EP‘Q%BE’Q[:ﬂiu%}‘fﬁ,‘i—*?b""ﬁmbaf?b’ﬂ ETCEBEFNCT> TNBIDITERVRICEETRVRETT . A,
SVMD & EF(CIEEDH—FILZE DN E L EDNDDIERBFAO—FIL)ED. BRETEOEREFEIANENDIARTA
—AEEEERERDEFA. COESCE RFOHEVZEZEELTOSRERZERWV S A—FDZEEZINAIN—IITA
—FEVWNET, COFEFINTIZL)DEEZEINESD)\ AN —INTA—FERBETREDSZL. EWSTTERIERY -
CTHWER[gE T,

Step2 : /\SA—FF 1 —_>J(parameter tuning). EDSA-FELOEEOBEDLETHEDHIN W 7 A
—SF1—"—PJEEETI., COHOFERELTE, JUy RS—F0o00ANVUF—>3 2 (RERE) 7 -~ -
TlE, BIZFISA—FH2EBEH N (IS A—FALB), JISA—FATEFEEOHMEE LTI0. 100, 1000%HT L LET, -
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" A
4

28 (FZ1#7) 3

OEEWES (258 IXZ0H=Y, QD)
5N, QALK LTT , R—UTF
EIZEFLTLKE, CALERKL T, @R
L+ CHRIARIREL/ Ny —U % RS

@ (RTEEEFIEHR x + . o <
DTATSLIGEN) AT yTEINTL
< @ RESNTVELESE | iu.au-tokyo.acjp/~kadota/r_seq.html#about_analys i'd’
o

RH :

. : Dong_et al., BMC Bicinformatics, 2016

. chorest(}‘FLﬁﬁ ; Deep Forest) : Zhi-Hua Zhou ZH and Feng J., arXiv, 2017

s voomDDA : Zararsiz et al., Peer], 2017

» DaMiRseq(EICRNA-seq I > T —F A ; 27T ASFEEOI4E) © Chiesa et al., Bioinformatics, 2018

» MLSeq(F(CRNA-seqH > 5 —4H) : Goksuluk et al., Comput Methods Programs Biomed., 2019

s pRoloc(mass spectrometry-based spatial proteomics dataf) : Crook et al., F1000Res., 2019

» scReClassify(scRNA-segf) : Kim et al., BMC Genomics, 2019

o caretGR.E ; MLSeqh'PIEBEY (CFIA)

s keras(iFLAH ; Deep Learning or Deep Neural Network)

» randomForest(Z > LT A4 LA )

» ranger(Z A LTAL )

» Rborist(Z A ATA L)

» tensorflow(GoogleDERFER S TS UER ETHIBOIEEICT 2ED)
REL4 : B Fre—A

o ZIPI DA~ /2587 TS A\FBXI=NEFAN - Zhou et al  Bininformatics 2018 -
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@ (RT)EZEFIEIR

OHRMFE (S5 ZZ0HT=Y, Q0Y)
DOEDN.QZATRERLTT , R—DTF
IZHEFLTLKE, CALRRKRLT, @R
L+ THRIARIEEL/ Ny —2 40 BRLELSY
DTOYTSLEEN) ANy TSN TLY

< C O RESNTVELEE | ivau-tokyo.acjp/~kadota/r_seq.html#about analys ij_o :h%o)atfbs %E%O)*L\tﬁrtl')&
R : A9 OMLSeaN —BYEADEIITLEK

« NBLDA : Dong_et al.,, BMC Bioinformatics, 2016 DIEBSTHERLIZIRE A

» gcForest(;FLA ; Deep Forest) : Zhi-Hua Zhou ZH and Feng J., arXiv, 2017

s voomDDA : Zararsiz et al., Peer], 2017

» DaMiRseq(EICRNA-seqI > F—F A ; £ ASFEEOI4E) © Chiesa et al., Bioinformatics, 2018

MLSeq(F(CRNA-seqh > 5 —4 ) : Goksuluk et al., Comput Methods Programs Biomed., 2019

s pRoloc(mass spectrometry-based spatial proteomics dataf) : Crook et al., F1000Res., 2019

» scReClassify(scRNA-segf) : Kim et al., BMC Genomics, 2019

o caretGR.E ; MLSeqh'PIEBEY (CFIA)

s keras(iFLAH ; Deep Learning or Deep Neural Network)

» randomForest(Z > LT A4 LA )

» ranger(Z A LTAL )

» Rborist(Z A ATA L)

» tensorflow(GoogleDERFER S TS UER ETHIBOIEEICT 2ED)
REL4 : B Fre—A

o ZIPI DA, /257 TS AFBXI=NEFAN - Zhou et al  Bininformatics 2018 -
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OEWMZEE (28 XZoHhi=Y. Q0

'__
2\ 4//\ H‘ﬁ) 5 OEN. QTAKRKRLTYT, R—CF

758 (§

EIZFBFLTLKE CALREL T, @R
Lt CRIARIEEL/ Sy —2 40 BRLLAY

@ RTEEERFIER x + . o L i
&« 2> C 0O RESNTWEWLESE | tok ip/~kadota/r html D2 DOjAU&b\ IJZI\?V? é#’bfl’\
] iE & = | iu.a.u-tokyo.acjp/~kadota/r_seq.htm 3_:__3_0 C#’LBO)’BBs %H%O)*L\?bﬁrt[')%

o ERAF | HSBEERAT | ) (2T o (Pathway)&BHF | (CDW\T (last modified 2019/05/31 A9 @MLSegh—@YEZ H L5 &

o BRI | BEEERRAT | /(A D T -1 (Pathway)&47 | GSAR (Rahmatallah_2017)(last mo 5J&E§\’DT1’FEZL7L:IE E 75&“ @:;hw

o BRI I BEEEERAT I )\RTI‘((Pathway:}ﬁﬂﬁ I SEQGSEA(WEHQ 2014:} (Iast modifieo ZUL I UL Z7 ]

o iR | BEFHEIET Y FOJ—JHF | (CDULT(last modified 2019/10/04)

o BRAR | BEREE(3E)_|_(C DWW (last modified 2020/01/

o BRIF | BEREB(95E) | BB | MLSeq(Goksuluk_2019) modified 2019/09/20)
o BEAT | EEEEAT | [CDWLT (last modified 2017/06/04)

o BRAN | TN — BB | [ DULVT (last modified 2014/07/06)

o ERAF |_ChIP-seq_|_[CDW\T (last modified 2019/05/31)

o fRifT | ChIP-seq | DiffBind(Ross-Innes_2012) (last modified 2014/02/04)
o fRifT | ChIP-seq | ChiIPsegR(Humburg_2011) (last modified 2014/02/04)
« #R#7 | ChIP-seq | chipseqg (last modified 2011/12/14)

e fRifT | ChIP-seq | PICS(Zhang_2011) (last modified 2011/12/14)

« #2477 | ChIP-seq | ChiPpeakAnno(Zhu_2010) (last modified 2011/01/18)
e fRifT | ChIP-seq | rMAT(Droit_2010) (last modified 2011/12/07)
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'_ DiHEE (58 FS0HY. @0V
é] *x VOFEW. QCABRELTT  R=UTF

\7;5 ( I*ﬁ) 6 BICHEHLTLKE, CALGRELT, @R

@ RUEEEFER X ETRIAT G/ \vr—U %, ®RLS
B _ | DTATSLEGEENRNTITENTLY
< C O ®RESNTVELWESE | ivau-tokyo.acjp/~kadota/r_seq.html#analysis_clasg 3.:_?_0 :*LBO)'BB s H%O)*L\birtl')%
I fEAR | HIRFE(25F) | BEE | MLSeq(Goksuluk_2019) =z " GML Seqht—BUEZ HL512L &

Ml Seq® IV THHER(HE) £F5 00 sERLET. coTRANTFLany] DIEBOTERLIZIEE A, @Dh,

T, ATVITEC—D—DTEICHBALTWVWEFT, COFT—FF. MLSeq/\WI——rm=Ema T Tus CENvICan Xt
WOSERDONT Y R —FEBLEDTT, 71475855 RZHBITINT—FTT ( [~NySH—17] o [{TEERDI] %=
<) . T—AYDEZFH(E. Witten et al., 2010TT, F=ENABEF29G|IOIEERE BEBO~T7H > TILTHD.
714@DmicroRNA (714 miRNAS)DEBZRFNZT—FTT. (TRBIROINZRE < )RHO295IFHEET > TIL(NL, N2, ..,
N29). BED@297|53HYEY > T)L(T1, T2, ..., T29)DF—5 T,

[Z271)L] - 74 LI RUDEE] TEHLITWIFAILEBWTCHEDT « L7 FUICBHLUTZEIE,

Step 1: AAT7AID5FAFHESNIVGEHROEIHTET,

RYID29FFHIEEEROT —F . KOD2FBNEEROT —F ILEFD O TVBBEC. UTOLSCERUET.,
FHAATCdata AT T R 7144Tx 58553 HEITHI T —F LR >TNB I EMNFNDET. MLSeqdDBeginner's
guide Hd [2 Preparing the input datal (page 4)DEEDO—BNCBLLET,

in_f <- “"samples1.txt" #0777 TILAFETEL Tin_fIZHEH

param Gl <- 29 #GL(N)EFOT T ILETIETE

param_G2 <- 29 #G2(T)EOT T ILETIETE

whEG Ny T —DFO—F

library(MLSeq) #/ 5 w T— DA

library(savectors) #/ 5w T — D DEFRAS

# A 07 7 I OFenidr & SAULIEROIFRL b Fre— A
data <- read.table(in_f, header=TRUE, row.names=1, sep="\t")#in fTIEEL =7 7 1L OFHIAH

data.cl <- c(ren("G1", param G1). rep("G2", param G2))#GI1EE#"G1" G2EEF"G2" > [LI-~47 | ll.data.c1ZERY hd
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4

58 () 7

@ ROEEEFIEEN y

DZDIEE%. 20205£2817-18HIZ 412
HEIMNFTHOYUELz, FEENAVESE
2015 0D IE BRI & H  AREE DR T H Y

TIT—R3ERANTLET,

< C @ RESNTWELEE | iva.u-tokyo.acjp/~kadota/r_seq.html#analysis_classification kiso MLSeq AR

R | BEIRFEE(958) | BEE | MLSeq(Goksuluk_2019)

MLSeqx BLWTHREZE(DE)ZTOODAZERLUEDS., CCTEAAITFZIILEL L TILT—S51Msample51.txt(CPRE L
T, ATVITEC—D—DTEICHBALTWVWEFT, COFT—FF,. MLSeq/\wI—IUSiRMHEENTULVS cervical.txt&
WOSERDONT Y R —FEBLEDTT, 71475855 RZHBITINT—FTT ( [~NySH—17] o [{TEERDI] %=
Br<) » T—HDEZRN(E. Witten et al., 2010TY . FEENABEF29B|OIEERSESEBBRO~T7H2 TILTHO.
714@DmicroRNA (714 miRNAS)DEBZRFNZT—FTT. (TRBIROINZRE < )RHO295IFHEET > TIL(NL, N2, ..,
N29). BED@297|53HYEY > T)L(T1, T2, ..., T29)DF—5 T,

[Z271)L] - 74 LI RUDEE] TEHLITWIFAILEBWTCHEDT « L7 FUICBHLUTZEIE,

Step 1: AN T 7 IDFEAH ESANIVEROEILTET.

SO FISD IEFMEEDOT —5 . FOD2FISHEEBOT —5 TEHDN>TVNBREIC. MTOLDCERLET. #
FHAATCdata AT T R 7144Tx 58553 HEITHI T —F LR >TNB I EMNFNDET. MLSeqdDBeginner's
quide F® [2 Preparing the input datal (page 4)DAEZED—BICABLLET,

(4

rY

in_f <- "sample51.txt" #2207 7 -1 ZIEE L Tin_flIREH

param Gl <- 29 #GL(N)BFODT L T ILEZI8TE

param G2 <- 29 #G2(T)BEDH DI =I8TE

#h IS Ny r—DFEO—F

library(MLSeq) #45 w r— DT AT

library(savectors) #1457 — DERAAG

# A7 7 A I OFdaAG & S ULEROIERL b Fre— A
data <- read.table(in_f, header=TRUE, row.names=1, sep="\t")#in fTIEEL =7 7 1L OFHIAH

data.cl <- c(ren("G1", param G1). rep("G2", param G2))#GI1EE#"G1" G2EEF"G2" > [LI-~47 | ll.data.c1ZERY hd
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