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ABSTRACT

This paper proposed a normalization method based on minimum variance
and median adjustment (MVM), and then made a comprehensive
comparison of three normalization methodsincluding DESeq, TMM and
MVM. In this study, the MVM method was evaluated using
polyadenylation [poly(A)] dataand gene expression datafromArabidopsis
by ways of empirical statistical criterias of mean square error (M SE) and
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Kolmogorov-Smirnov (K-S) statistic. Experimental results demonstrated
the high performance of MV M method in that it could accurately remove
the systematic bias and make the distributions of normalized data stable.
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INTRODUCTION

Withtheimproving of the next high-throughput gen-
eration sequencing (NGS), the RNA sequencing tech-
nology (RNA-seq) hasdeveloped™ 2. The systematic
variation of RNA-seq datacan beeliminated by effec-
tive normalization methods*®, which aredividedinto
within-library method and between-library method. The
within-library normalization method isableto make
accurate comparisonsof thegene-leve expressonwithin
sample, but thismethod can not beused in differentia
andyds. ThebetweenHibrary normdization method uses
total numbers of readsto balancethe sample expres-
son, soitiscommonly used intheRNA-seq andysis.

Theexisting normalization methodsfor RNA-seq
studiesinclude TC (Tota number of reads Count)™, Q
(Quaritile)’®, UQ (Upper Quaritile)™, Med (Median),

DESeq®, TMM (Trimmed Mean of M vaues)®® and
RPKM (Reads Per Kilobase per Million mapped
reads)*% normalization. Both of the TC and RPKM
methodsarewidely used, however, they are sensitive
tothe presence of mg ority genesandineffectiveingene
differential anaysis. The DESeq and TMM methods
areimplementation of statistical testsusing NB distri-
bution, producing smilar resultswhenthelibrary com-
positionsarerobust. Inthisstudy, the between-library
normali zation method was used to remove between-
library variation of polydenylation [poly(A)] dataand
geneexpressondata. A minimum varianceand median
adjustment method (MV M) that based on DESeqand
TMM methodswas proposed to normalize poly (A)
dataand geneexpresson data. Theperformanceof this
MV M method was assessed by ways of datadistribu-
tionsand empirical statistical criteriasof mean square
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error (M SE) and Kolmogorov-Smirnov (K-S)iY,
DATA AND METHODS

Datadescription

Thepoly (A) dataand geneexpression datafrom
Arabidopsisunder different conditionswere used (un-
published data) in thisstudy. Each dataset includesfour
sequencing sampleswith different conditions, each con-
dition containsthreebiol ogicd replicates, denoted it as
wit1~3, oxt1~3, g1~3, gm1~3. Each row of poly (A)
datarepresentsapoly (A) Ste, each column represents
theexpress on of thecorresponding poly (A) site. Each
row of gene expression datarepresentsagene, each
column representsthe expression of relevant gene.

Nor malization methods

The process of theMVM methodisshowninFig-
urel.
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Figurel: The framework of the minimum variance and
median adjustment method.

The DESeq normdi zation method® isbased onthe
hypothesisthat most genesin different samplesarenot
differentidly expressad, theunderlying meaning of which
isdistributionsof dataare steady acrosssamples. The
DESeq normalization datacan bereceived by dividing
raw databy asample-specific normalization factor, this
factor iscalculated asEq. (1):

s, =median, [mb_/ [gmmJ ] (1)

Wherethescalingfactor S isthe DESeq normalization
factor, m, isthe expression of genei insamplej, nis
the number of samplesintheexperiment.
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The TMM normalization method™? isal so based
onthehypothesi sthat most genesaresimilar expressed.
The procedureof TMM method isdoubly trimmed, by
default, trimming off M-valueby 30% and A-vaueby
5%!%. The TMM factor iscalculated as Egs. (2):

Z (Nk Y Ny —mj, ]. log, (m, /N, ) \
~ = Nymy, Nim), log, (m}, / N})

Z,-EG'( N,-m, N N -m}, ] @

- i 7
_ Nymy N.m;,

WheresJ representsthe scaling factor, G’ represents
genesst after removing thedatawhosevdueisO. These
TMM normdization factorsshould bere-scaled by the
mean of theeffectivelibrary sizes*. Thenormalized
data set are obtained by scaling raw databy thesere-
scaled factors.

TheMVM normalized value can becalculated as
Egs. (3):
1

median. ..-"'#(IZmedian, ] (€)
il | /

m' =
7

Where median, representsthe median of genesexpres-
sioninj &ampfe, n representsnumber of experiment
samples, m’; representsthe expression level of i gene
under j samplewith MVM method.

Thisarticleimplemented theMVM methodusinga
seriesof R soriptswithempirical satistical metrics Both
of the DESeg and TMM methodsareimplementedin
appropriate R Bioconductor libraries. In package
DESeq, calling estimateSizeFactors() and
sizeFactor 5() functions can estimate the sampl e-spe-
cific normalization factors, then caling counts() func-
tion and setting the normalized parameter to TRUE,
thisstudy receives DESeq normdized data. The TMM
normalization methodisincludedin TMM package. The
calcNormFactors() function providesTMM scdefac-
tors. The TMM normalized dataare obtained by sca -
ing raw databy re-scaled factors.

Appraisal proceduresof thenormalization meth-
ods

By examining theboxplotsof dataacrosssamples,
both beforeand after normalization, thisstudy prelimi-
nary eval uates datadiscretization. If themethodisan
effective normaization scheme, the datadistributions
across samplesshould be stable. Moreover, the scatter
plotsare aso used to describe datadistributions quan-
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titatively, asan effective normalization method should
makebulk of M-vauetolay onthehorizontal lineindi-
cating equal vauein two comparable samples.

Also, the M SE can be used to estimate the varia-
tion of thenormalization data. Inempirical statistics
anayss, M SEisdefined asthesummation of variance
and the square of bias, wherethevarianceisametric
for precisionandthebiasisacriterionfor accuracy. A
small M SE showsthat the difference of databetween
samplesissmall, thenormalization methodisbetter in
overal®. The K-S statisticisanother comparison cri-
terion. By calculaing thelargest deviation Setisticvaue
D between two accumulativedistributions, theK-Ssta
tistic measuressimilaritiesbetween these samples. An
effective normaization method should producesmaller
Dvaue

RESULTS

Profilesof thedatabeforenormalization

The M-vauesdistribution between two technical
replicates of theraw geneexpression dataisshowedin
Figure 2A, where the M valueis calculated as log2
(read datd). The M-valuesdistributionismostly cen-
tralized around zero, indicating that thereisno signifi-
cant difference expressionin thesetechnica replicates.
However, Figure 2B showsthat thelog ratios between
thetwo comparison biologica replicateshave signifi-
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Figure 2 : Profiles of the data before normalization.
Comparison on thelogratiosof (A) technical replicatesand
(B) biological replicates expression levels. M-A plot of
biological comparison replicatesin (C) geneexpression and
(D) poly(A) data.

cantly partial to the condition with higher expression
genes. TheM-vauedistributions between thetwo com-
parison biologicd replicatesof geneexpression (Figure
2C) and poly (A) (Figure 2D) datashow the centers of
M-vauesbeforenormalization are deviated from zero.
Themedian valuesare 1.15 for gene expression data
and 1.66for poly (A) data. Therefore, an effectivenor-
malization procedurefor these dataisneeded in our
andyss.

Assessment of theM VM nor malization method

Comparison of methodswith datadistributions

Astothepoly (A) data, Figure 3A showsthedis-
tributions of data across replicates, both before and
after normalization. The DESeqand TMM methods
gppear to performsimilarly. Thedistributionsof MVM
normalized datafrom different samplesaremorestable
than DESeq and TMM methods, illustrating that the
differenceamong these samplesisminimum. IntheM-
A plot (Figure 3B), the M-values of theraw dataare
not centered on M =0, theM-values of normalization
dataare al centered closeto zero. Especidly, inthe
M-A plot after MV M normalization, thebulk of data
lieonthelineof zero. All theresultscond stently exhib-
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Figure3: Comparison of methodswith datadistributions.
(A) Boxplotsof data both beforeand after normalization for
all replicatesto assess. (B) M -A plotsof thesamedata.
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ited that theMV M isan effective normalization method.

Comparison of methodswith empirical statistical
criteria

Astothe geneexpression data, Figure4 presents
the results assessed by methods of MSE and K-S sta-
tistics. The biasand M SE of raw databoth arelarge
(Figure4A); in contrast, the MVM method could re-
movethebiasand minimizeM SE effectively. Asshown
inFigure4B, theK-Sstatisticsvauefrom all of these
methodsismuch lower than theraw data. TheD vaue
fromour MV M method isleast among al these meth-
ods, showing thedifference of datafromthesebiologi-
cd replicatesisamdler.
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Figure4. Comparison of methodswith statistical criterias.
Bar graphs show the results of (A) MSEs and (B) K-S
statistics.

CONCLUSION

Therearemany deviation and uncertaintiesfactors
in RNA-seq data, hence theraw datawithin and be-
tween samplescan not bedirectly compared. TheMVM
method that based on DESeq and TMM methodswas
proposed to normalizethe poly (A) dataand gene ex-
pression data form Arabidopsis. Then, this MVM
method was evaluated by different assessment criteria,
including datadistributionsboth before and after nor-
malization, M SE and K-S dtatistics. Theseevaluation
results showed that the normalization continuesto be
anessential sepin RNA-segdataandysis. TheDESeq
and TMM normalization methods can produce similar
resultsindifferentia andysis, but both of which arein-
effectivein poly (A) data and gene expression data
andyss. TheMVM method can effectively removethe
system variation and minimizethe difference of gene

expression acrossreplicates. In thisstudy, the MVM
method turned in agood performance on stabilization
of datadistributions acrossreplicates.
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