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Absiract

Giene expresdon is the fundamental level at which the results of vanous
genetic and mgubitory prograns are observable. The messurement of
tnscriptome-wide gene expresion has convincngly switched from -
CIOATEs B sequencing in g matter of pears. BNA sequencing (BNA=eq)
provides o quantitative and open swem for profiling transcrptional
outomes on a large scale and therfore faclitates o brge diverdty of
applications, inchiding hasic scence studies, bt ako sgrioultuml or clinical
situgtions. [nthe past 1W0years or so, nuuch has beenleamed about the chame-
teristios of the BN A-seq datasets, as well as the pefformanceof the noyriad of
methads developed. In ths review, we ghve an overview of the developments
i BMNA-seq data analyss, including expermental dedgn, with an explicit
frous on the quantification of gene eprsson and statistical appooaches
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INTRODUCTION: (IWERVIEW OF THE RNA SEQUENCING ASSAY

Afwe dharic gers o bir complieaed, and dhere all sorr of studf going on in dimensicns dirteen @
rrermy-ran tha yom really woakdn'rweanr m koo aberre. All yoa really need oo kmaw for dhe momene
s rhea e rhe vmimerse & g larmare cornglicared dhan yon onighe chinle even o yon smm from a posdnicn of
rhiin ko 87 prey dhnm e comglica el inoche firse place.

—Muarly Hamalsa hy Donghis Adaoe

Mrﬂu:ulu'l'ﬁn]rﬁ:im uegauu]'u’em'mmtd:iesmgutn n'n'ﬂ'm-tn}'ﬂuﬂﬂ-\ rm]en.l]::[rmﬂ:
m o lu'nlthg:-:n] l}'m,wlﬁd‘i dictates what cells u.mdn:ingmn-:n: cq'nl:-]c al Tl'h:m‘ig:'lu] BERA
sequencing (ENA-weqh protocels, pubbished over 10 pears agn 1-5}, deserbed the sequencing of
nurﬂanaun.r}- DA (cDiMAY ﬁ'ngrnmu L a]nrg:m:nl: fom Mﬂlhﬁmnfndk.ﬁ'dm::dun
the system has been optimized for different types and qualities of starting materdal as well as
dﬂ:ﬁm'mtmmrdlqmﬂimu,rbd Ty rrnﬂu‘:[umk are avad ble

A hasic overview of the rm:'n:tqﬁhnshmdurdk]’qﬁmq :qm'.'l'nant:'u g:i'l.m:'nFl'gl.lt 1.
Th'&rnnqﬁ:d:cﬂu‘td.imnnd[lu‘iﬁmﬂim:fﬁmfrm nmﬂ:,fn]]mad h}'mamdum
uflnrgct M As. Most '.'.II'I:II'I'I'IlI:I]]." wwed 1% [u'ﬂ}i_.ﬂﬂ CMLTE, b seloct ﬁr[m]]mdm}l]l.ted BNAs or
rhosonmal dqr]ﬂhnn,mdqn]e:e 1w ol amad mfaﬁhﬂmwﬁ#rdﬂlﬂmin woel]
{approxcimatehs $5% of tota] BMNA} (6} and are ueaally not of pomary mterest (7). The seleced
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E]"'Il’u:mlﬂndmi:n]]}' fﬂ'ﬂiz}'l'l'ﬂh:l]]}' ﬁ'ﬂgﬂaﬂedtnniﬂemh “'FW :dze{ag_,i-m}-
SO0 bp for Dhuminak TruSeqh, Current demmant systems (g, [Tummna} ondy ssquence TINA;
single-strande d target BN As are thas reve me trunserbed to cDDNA (first strund}, the BNA & then
deg'mded,ﬂhd the fimt=tmnd cDMNY & amphﬂaﬂed w2 double strand. .l’uhqwﬂ'uq.l.m are
either hgated to the 37 and 5 end of the double-stranded dYNA orused as primers n the evese
transcription resctin. The final cDNA bbmry consists of cDNA inserss flanked by an sdapter
sexquence on esch end. In the last step, the cDNA Bhmry & amphifeed by paolymense chain reaction
(PR} using puris of the adapte rsequences as primers.

For Mlumina sequencing, the Lhmry & loadsd onto o flow cell where the cDNAs band o
short aligonucleatides complementary to the sdapter sequence . Bridge smphfication creates dense
clonal chisters of each cDNA loaded (8. The sequence of each chister is determmned by o pooe-
e s calledd sequencing by synthes s @ Single-stranded templates are read s the complementary
st & genensted. A single fhorescently labeled deogmuclenside triphosphate (N TF 15 added
ineachsie The bibel acts ox o terminator and e vents the moompontionaf mone than one dINTP
ut the same time. After the flusmescent lahe] has been maged, # & encymatically cleaved and the
nect o NTF can baned tor the chain. Base calk are inferred dimectly from the messured fluomescent
simal intensity

el NA libraries can e sequenced noone of twoe modes: s ngle-end or padred -=nd. In sngle-end
miwde, anly one end of the cDNA insert & sequenced, whereas m padred -=nd mosde, bath ends are
sexquenced, yieklng twio reads n oqposite orentation, one fom esch end.

There are protocnls for unstrnended and stranded BN A-seq (10, 11}, where the Jotter prese nves
informatonabout the codng strand of each fragment, whach is weful n compact genomes or with
enpressed BN As that anginate from oppoite strands of the same genomic leous, One possthd ity
oy construct o strunded Ehmry is to use desagundne oriphosphates (dUTFs) in the genemtion
of the second stund cDMNA ond to degrde the dU TP bleled cDNA before PCR amplifi ation
{12 Other protocals use alernatve adapters to dstmgush between 57 and 37 ends of the BNA
(13

BNz has greathrevohed over time, withearly e xpedments having 3 5=l resds snd modern
{ [ hum ing=hased pexperiments typical l employing 50 bp{singlesend) or 100y ipai red - end } reads
{Figume 2a). Most BN A-seq expeniments compris e hetween 1ikand 100malbon reads, with o trensd
torward desper sequencing over tme (Figure 28, The mmber of samples per project has remadnesd
comnstant over the years, with s median of around e tght s smoples (Figuare 205, Rapad enhancements in
sexquencing technakegy have enabled not anly longer read lengrths (e g, 250300 by for Dhumnak
MiSeq) and much higher thmoughput forthe same cmt, but ake much wer smounts of required
starting material Meanwhile, third -generation technologies, such as Pactic Bosciences {(PacBie)
anel Chefired Manopaore Technalogies (ONT), allow the ssquencing of single molecules and have
now heen usad for ssquencing full-lengrth trunscrpis on o transcriptome-wide scale (145, Further
deve kypments are summarmed below in the section ttled Long- Bead Trnscriptome Sequencing.
Im acklition, single-ce]l BN A= eq {(scBMNA=seq) 15 o rapidly emerging technique that can be used to
sexquence the sparse transcriptome of madividual cells. Some of the sy devel opments s thas area
are caprturesd mthe section il ed Single-Cell Transcrptome Sequencing.

Design Aspects of RN A-seq

The hasis of scentific experimental design apply equally for BNA=eq experiments {e.g., see
Reference 16} For example, whether the desimed experiment & a smple twoegroap design or a
full factorial design, one shoukl consider rand omzing expenmental undts fo trestments o svold
confoamding factors {e.g., via blocking over batches). [f the expermment 15 run i nudtiple hatches

wow dnevalridrrson « RN Segareciay Do
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{eg-, o lmited number of mmples per rund, it is cotical o epresent every expedmentl cond it
m each batch, so that, when compan ng cond itons, differences within a hetch can be avenged over
m ithe swtistical modeling.

Specific o pects to be conside red while desygmang an BN A-saq eperment meclude the naumbser
of Teplicutes undd the depth of sequencing. Ulomately, in modern genomic experments where re-
soumes g, materil from suliects pere scarce and the BN A-seq experdment is ixelf o hypothess-
genemting tool, the first dover of mple sire & Iudger. Many BN A-seq stwlies use os fow as those
meplicates per comdition {Fignere 2o, near the minimuom required to deo sny stetstol snalyss.

Sarrmle size cakoulators can commpute the required nomber of samples to ndhi eve o usersdefined
perwer ot detectng differential expression (DE} (1 7-20% However, the user must define muny
pammeters, such us the expected &l ignment mie, the desired power, the symaficmeos level, und the
kogr=furld changre (L FC) of DE genes. A recent study conchided that the recommme nded sample 5 mes
vary acoes toaok, ven when estmates from pdot dots sreavadlohle (213 Another e with sumpls
size calonlators & how o precisely define the cutocome: Do we wont o find e mony DE genes as
paossibile? Doowe want o certain peowe T for the lowly expressed genes or the haghly expresed ones?
In many cases, BN A=z oq exgrerim enits ane explorstory unad thas o mesns tofurther expeomentation.

Muometheless, there is o tnsde-odf between the number of mmples and the sequencing depth m
rerms of dsoovery perinrmance. Incressing the nm ber of resds might soom dlways beneficial, b
 birge proporton of the rexls eoginate from asmal] poad of highly expresed genes, and then:
& effectively no signal sstumtion. Figure 3 highlights that mone than 804 of resds are steribared
tor the 10% most expressed genes, admowledging that transcopt length ako plays o role 223
An mcreased number of reads only margmalhr increses the coverage of low b eqpresed gones,

bisw dex Berge cr al
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Camrdarrre propomaon ofreads amon d;d'-u:-p expresed gene The wanms ardess genes acecading ro che
roral member of reads shey ammc, and the paxis diplays the conmlamive Facton of mml reads Each line
repiesents 4 & ke sl Coonrs were dovwnbaded from recowmst (157, and 50 saom les were randeanly
seleomed froom accessdon mamber 5 RPOGH 1A

and therefone, the stk ticl power 10 detect DE doss not improve considerably, especially i the
experiment el nesdy com preses ~— 10 million resds persample 23} Inimost cases, the budget & better
spent on replicates. For example, Schurch et al. 24} showed thata higher number of meplictes
is mequired to dentify DE genes with low-fokl change, and thet deally at least st meplicates per
conadtion should be used.

quﬁuhdﬂﬂuﬂwigﬂﬂ with lonw m]'n-:renin'n,htl.ﬂ:ﬂeru]u:h’en‘ld:'h
tional labor and comt. In turgeted BNA-seq (BENA Capture Seq), specific regions ane firt capured

wes that are complementary to the regionof mterest and thess s lected regions am

and sequenced {25, 26}, Afier capiure, the quntitthe nature of the sssy 5 maintained {25 such
capruTe 15 q‘unu]]].' us=ful in degﬂ:dﬂl unp]:: g [uuznt materal stored m [u.ml:l'm. bk}
where the pohiA) taik mar not e present

RMA-seq Applications
Clearly, the popubrsy of BENA=eq & droen by s brge number of applictions. One onims
application ures & genom e snnoduion. Even the wellsindied transenptomes of hammans or meodel
arganass such us mmce, zebrafish, or fu flies are not complete. Thae, tuns copiomic & wed o
annevtate novel runscriptional events, such o exon skappang, shermative 37 woceptor ar 57 donor
sites, o mtron reteretion, and to wnde wnd therusage monormal, developme nial, or pathodogical
cond ions. Transcrptonm cstudies id ent fied previcus]y unknown phenomena, suchas microe xons
27 cryptic eoons (28 so-called slopiic exons (2, amoulr BENAs (4, enhancer BNAs (313,
Fosiom gemes {32}, and so-callsd gutmnscnpomics mvalving RMNA base modifications (33},
Oneof theman apphoaton anas 15 gene regulacoen. BN A-seq enshles thecompursonof gene/
trunscrpteon expressi on between different o, czll e, genotypes, s tmulation cond fions,
e e, o sesse stwes, growth conditons, snd so .o, Ulomately, the goal of such compursons
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& o klentify the genes that change n epression to understand the moleoubir pathways that ane

Cazneexpresion has been wed for the moleoular subchssifieation of cancer s inee the esardy days
of microarnays (3 4% EMNA-seq offers this seme capeity bat ot higher resohution and con melude, for
ecample, categorimtion by splicng (3 5). Thers & considerable mte et nousing BMNA-seq inodind-
cal applications to sugment or corroborats the information given by genome ssquencing (36, 37}
Oithe rapplications mclude spatial tunscrpomics, where cellr postional information is maine
taaned in the preparation of cDNA fgme nis (38 ); host-pathagen interactions via dual BN A-s=q,
where the tmnscriptomes of hoth hast and pathaogen are simu]teneos ly assayed (39 the anabss
of genetic varieton samong expressad genes (3 BNA editing events (31} the chamcte reation of
kg nomnood gy RN As (42); aned metatrans coptomics (33}

Deespate the many use cases for bulk RN A-eq, the n are applications where single-cell resohu-
tiwn & desimed, especiall when studying hetemgeneous teues that consist of mone than one ozl
fpe. Whike bulk BN A-seq can be computationally deconvehted oo estmate the composstion of
celk present (), it 15 not possible to dxcover new ozl types or perform cell sty pe-speci fic analyses
with bulk BN A-seq, and thus scBN Axseq apens the door to new applications.

Dudine

Thas review foouses on dots snalysis aspects, the computvtional steps invehed (ousing on DE),
varkas statstical and computstional challenges, and the approaches that have been proposed o
aeldlress themn. We focus on Dhuminashased BN A-seq doats on model orgendsms, os that is the dom-
mamnvt agphication ares. Thene are ol ready exce llent revdews for major spplication or compautational
arzas, such as de novo jor neference-osed ) tunscriptome assembly @53, allele-specific expresdon
analyses (36}, expression quantitetive tudt ko mapping (37}, splicing (38}, analsk of gene reg-
ukstery nestworks (39, and pathway analses (50 51} In most applicatons, the ovenrching goal
& i ddentify DE, at either the gene, transcript, or eon level. The set of DE entites provides o
snapwhat into the molscular underpinnings of o stmmibus, o dEesse conditon, o genetic mtaton,
orany ather perurhation bemg mtermgated. Inmost cases, DE & only an mtermecdiaste {although
eritical b step to understanding the haological system under study:

The review is organded as follows. Fimt, we discuss alignment and quant fication, where RNA-
sex) reals are placed in the context of the genome or snnaotetioncetal ogs and the relstive expne sxdon
kevel of each target & asmemed Follwing quantification, we dioss the beios of DE, to ly the
foamlation for the current frmeworks, and vanants of DE, to highlight the dhverse concepiual
tewrks gvai lable to run the d& covery process. Finally, we discuss two mpidly evolving research ameas
that have experienced considerahle activity in recent years, single-cel] tunscriptome sequencing
anal Jongr-read transcrptome sequencing (LETS)

ALIGMMENT AND QQUANTIFICATION

After an experiment has been conducted, the analyst is presented with files contaimang up to bdl-
hions of short cDNA fragments. Followmg sufficient quality contmo] of the ssquencing reactions,
alignment to s reference genome or e nove sssembled) tunscoptome 5 one of the cotical steps
m trans leting the mw dats inbo ssmething quntieine.

Because the sequenced frgments ane derived from cDNA cormes ponding to fully {or purtally)
spliced transcr pis, reads often span the boamdaries of splice junctions (55}, resulting in soecalled
punction-spanndng reads {Figune 43, This remulis in contigums ead sequences whase constitue nt
subsequences may he separated by tens of thousands of nuclestides. This poses o conside mble

I-'Hn'd'm'.ﬂ'rrp.'rl al
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A illverrmion of spliced alisrenent of BNA saquencing (BN A -zeq | frag menes maa ganome (] and direct
alignment oo a wansonigmme (8 Reads are desigrearad by dhick solid lines, while dashed ares represennohe
paring religoreh ip herween paired-and reads. T his d ksoraion degicns aligrenent o a single far-exon gene
coire san g of three disnmer mamseriprs. In the spliced alimmenria], the kef read of the nighmmostpair &a
jpmez s n-sped ron i sl gremene o dhe rad -green evaon boonda ey Inoohe: direer aligrimens o dhe marseripoome
(&) ome chierres how the seme ali grenent (g, the algrement m dhe bloe exon] & repeaned for each

T e -

compuistional challenge, ox the position of 5 m spanning resds nesds o he sauratehy i entified
fovr 2 el ml'l-elu'qm]}' n]ig'had."fhmmtuﬁmmqﬂ'mu:lm 'F-lrlund]:ingqﬂicad meadlx, mach
with s own challenges and benefits: o spliced alignment agamnst o reference genome or an -
spliced alignment aguinst o meference tnnseoptome {3 dotahase of all issforms}. A main challenge
in spliced alignment aganst 3 refrence genome & the proper alignment of eads that span an
5], epecially when these unctions are not snnotated o prion. Meanwhile, the mam challenge in
unspliced alnament to o transcriptome & the redundant ssquence smong related isofoms, which
ovfben leads tov o hagh multimapqang rate.

Spliced Alignment w a Reference Genome

A pepuar sodutin for handling BN A-seq alignments is to use o splice-aware aligner. Eady BN A-
s aligmers e g, TopHat (52 ), madeuseof DN A-seq aligmens, suchos Bowte (5 3, by fst bl ding
o el o of putative 5 to whach the reads can be direcly aligned.

More recent splice-aware alignment took (53=64) account for read sphicng dinectly. They alse
can utilize the Jocations of known 5Js and dioover previeusly imannaodated 5. When o read
partially aligns, the snnotated 57 detabase & consulted to check: f the aligmment ends prematurely
us the result of the read spanning o known splice site. In this case, comptible downstresm splice
sites can e considered ax candidate loc to align the remaming portion of the read. Even if no
annertatedd splice site exists at the pomt where the alignment ends, the tool can intermogate the
terminal nuclsstiles inthe partial al nment to see if they are compatible with known canaonacal
{or user-provided ) donor or soceptor sites, providing evilence that the partal alignment stops as
the: result of & sphicing event.

One of the primary difficultes inaligning reads scross 5 5 that only o small portion of the
read spans into one of the oons. Splice-awvare aligners inchuding STAR (55, HISAT{Z) (563,

wow dnevalridrrson « RN Segareciay Do
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Suberead (57} and GMAF (58) atternp i deal with such cases by using evidencs from resds that
confidenthy align seross 85, In such strategies, new 5fs ane added to the ndex when they display
}ﬁgh-anﬁdm ﬂlidm,ie..ulﬂnmﬁh:ipl: red s with a sufficient ﬂ'h:lﬂu:ing mqumqunﬂﬂ
5] Trsted 5)s are then used to help align resds that start orend nesr unction boundarnes.

Unspliced Alignment to a Reference Transcriptome

In organisms when: tunscriptomes are well chamete rmed, an alte mative to splice-awares genome
n]ignrnmt ix direct IransCriphme ﬂ:ignm-u'it_. which cons®i n'Fa]ig\ing aguinst o set of lnowem
trunscrps. Ko the ITansCrp sequences ane n]rud].- qm]:i:-ad, rewds shaoald 1]:'@1 n:rntigwn.u:]]e.
amal mmyn'l"lhe GII'IIT"H.LHI:I'HH]]}' eqm'udmstquﬂbd hewnstes can be avosdad . Moreover, when
na reasonable quality reference genome & svadlable for reference. based transeript assembly (=g,
when o tunscrptome has been asmembled de novol, alignment directhy to the ssembled trn-
scrips is the anly svailhle opton. However, tuinscrnptome alignment mduces o hagh degres of
ru]tmagying, and dealing with the becomes o primary compuistkmal challenge. For example,
if a gene has three ditnct isoforms, o constintve son of this gene will appear three tmes n
the trunscriptome reference {eg., Figure 46, Additonally, mapping andy to snnotated tanscripis
does nat allow one to fmd nove] splicing or expresion patterns (e.g., novel exons), and it be-
oo i fieudt to assess retaaned intmons or partial sphicng; of course, it & possible tosugment the
tmnscrpome with unspliced vanants. The chasce of genome verms transcoptome alignment &
brgeh dnven by the desined turget applicetion and the constmints of downsineam snal yses.

Gene- and Transeript- Level Quantificadon From BNA-seq Data

One of the madn wes of BENA-ssq & to aseess gene- and tunscript-leve] shundances. Acounete
shundance estimation is crucil to common downstresm applications, inchiding sssessing all the
navtions of DE . Most commaonly, shundances are estimated at the level of genes, bt recently
trnscrt=kevel shamdance: have beoome more widely used, and there are trade-offs in choosing
hemtwee n the two kve ks of resoluton.

Crene-level quant fication cons sts of s gning frgments {reads or resd padrs} to genes, when
the gene & often taken o represent the amalgamation of al] tunscripts produced from o speciic
stramad at o specific keous (65}, which fypically shane some exons or pants of exons. The total ex-
pression of & gene is the sum of the opresion of its isfoms. Any fragment ansing from any
wodorm of a gene 15 asigned o the underdying gene. There are fypacally two paths that can e
taken to obtain gene-level quantifications: direct fragment overbp counting of gene features, and
trnscrpt=kevel quant fication follvwed by aggregation to the gene level

Direat fmgment coamting of gene festures is done by first moapping BNA-seq reads to the
genaane with o splice-aware aligner, and then using o tonl like festureCounts (66), HTSeq 67,
or the bauk-m capabal ity of STAR (55} to assess how many fogments overlp each gene; the same
appoach can be used to quantify ather disjoint genonmc festunes, such as nonover sppang seondc
segmenis. Even in this basic papelne, the e are many ways certam oond stions can be handled. For
example, should o fugment resxle completely within s feature to be commted? If o frugment maps
ter multiple fegtures, should it be dicarded, coamted toward each festune, or somehaow partial by al-
kecated # OF course, direct fragment counding spprosches exhabi t desirable festures: They ane con-
cepriually simple and typacal b quite fist. Convemely, they suffer from various d sadvantages : They
have ne principled way of handling multimaqpang resds {e.g., arsing from paralegous genes ), and
they are ol neious o patentially mportant compos tonal changes not reflected directly in gene-
kvel mad counds {eg., Sodorm switching ). Addstonally, since suwch methads assess the frequency
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nfr&d:mwhn‘nhgagm luymmtmhu&ﬂmdﬂdeﬁﬁﬁmnf&ngnrmmph shaail ol
a gene be the union or the interssction of exons of all tuinseripts of the gene? Should ntrondie
regdls e meluded? ﬁ]ﬂm@\duw Jigﬂukimiﬂ dmmm—."mmmyed
in BN A-seq and so present o conceptually clesner target for quant fiestion.

Tmm:r.i[l:-]ev-:'l ql.l.-:nli'Fl:H:im conxigix of the mpunuﬂnfﬁngm t-n-s:pa:i:ﬁ-: s cripis,
wl\i:hinrrmeclu]]aigilghutluﬁ ammlmnftdtumgu. It ad = n-:'lenr:htﬂwmtim ginoe
transcops ane what the cell eqpresses it allws for mproved biological resshbon and decoding
of pextentially impsrtant hiokegical changres, such as mofoom switchang it is the most appropoate
Teveel ter moned ] el vt o techndcal haases (68=7 1) and 3t provides o proper mode] for hane
dlng reads that multmap, as faling to do s can Jead to systematcally poor quantthostion for
genes in gene families (72 Sohing the transcrpt-level shundance estmation problem requies
o principled soluton to sggregetng o gene-level estimates (7 3=7 51 Convemely, transcript-level
quantification s not without dissdvantages. Alernathe splicng mmplis that many fugments are
i hagunus s the ir omging and they must be assigned poobabal 5 teally, neces tating the sdoption
of sl el whach may fad] toadequately capure realitg; this read ambaguity transhtes i ad ditional
uncertanty m the estmated trunscript abundances.

Transcript Quantification

Methexds for trnscrpt quantificetionare based pomanly on defming o generative made] of BN A-
sex) resdds anad then trying to perform inference an thas maode] to olian the relevant quantites
{1z, trunscrpt abundances}; see Figure 5. There has been o tremendous amount of ressanch on
quantifying tmnscrpt=level ahandance from high-throughput sequencing data; here we desenlbe
a few magor highlights.

Instial prohahdstic fmmeworks for transerpt slentifi coton and shundance etimation usng
EST {expre e sequence tags) datawens already being deve kped hefore Tumina-hased s=quenc-
ingr {76 bt Fiang & Wong (7 7 were among the first to sttempt isoforme level abundance estinma-
tion weing BN A=eq dota. They defmed counts over moons and exon: junctions as arking somrding
o o Pormon mexdel and viewed tunscripis s vectors of mclsion and exclision of these sons
an«l unctions. By expressing the hikelthaood of the model parameters green the olserved data, they
pomed o statistical model that sdmits efficient nference, for which they dvained the point e
mate by gradient ascent and provided estimates of the postedior detilutons of the pammeters
via impartance sempling. Thss work mepresents one of the fist proper stetsteal formulatons of
the: prohlem. However, the appaoach dioes not scoount for fragments that map to multiple genes,
anel 7t requines annedetions of tunscopis intermms of the gene-transcript relatonshap, as well os
the exon and unction rewd inchis on mainx.

Li et al. 73, 78) poopeosed one of the most widely adoqred genemtive models for transenpt
quantification, BYEM. They defned o frgment-level madel of BNA-s=q experiments m terms
of sampling modeoules from an undedying populstion, proportonal to the product of their abone-
ddance and lengrth, and then generated frgmenis from the sampled molecules. Primany quantites
of interest are estmated, induding the nudestide frctions (the frocton of all ssquenced nu-
clentkles denving fromm each transcopt) and the transcrpt fctions (the fuction of all tenscnps
i the inatial populetion compriing each transcrpt speciesk; these quantities can be directly con-
verted mio populir shundance undts, such as tunscrips per mllion (TPM} or estmated counts.
Modahly, they propeosed compating the maxinmim Jkelihood (ML }estimates using an expectation-
maximzztion (EM}) algonthm (sse Figure 5 and miroduced 3 modifed Gibls sampling proce-
dure te allow estimating credible interval for the abundance etimates (73}, The mode] 15 quite
general: It works at the fragment level, and it can scoount for nume rous protoond-related aspects,
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An il of dhealnmensof vaniovs reads moa gene wigh thres isofonmes: hlee (B), green (G, and red (R L In dhisexample, we wish
o esvima e the abon dances of these izofonme, armos read s have ambi goons origine and need m be prat hill e lly assigned oo ohe
mrarey s reladve g b hilivies for each read are shown by che magmninodes of dhe diree cobors) Some reads ane corsisrent anlly wich
rhe B and {3 oramseripes, and a few reads imiqoely alisn @ a single oransonipe (mingle oolor). In the expecmb an-masmizamion (or relaed)
algoridim, given dhecorrent abion dince estimans, fragments ane gar ol il sical by ssgned oo oran sovipes, and then srmaned
altrmchimess are gl anad by somom rzing dhe (gnopommional | alecanions over all fragmenrs; mareenipn aboncmee essoans ane
cleresnmi ned by imeraning the procechare mnal oo mver gen ce.

meluding single-enad and paired-end sequencing, directional verus wnstnded pootocoks, van-
ous ooverige biases, eic. Further, the moxdel relies only on the tinscopt sequences and not on
the relationships to genes or annatations of exmns and 5] Thas, it can be easidly applied o both
well-chamctermed and newly wsembled tunscriptomes. One dowhock of o fragment- leve ] mosdel,
however isthat each EM ite netion scales with the tota] mumber of alignaments, whichis mdesd hrge
m st RIN A-sex) experimendts.

Instead of modeling each fragment mdividually, MMSq modek sufficient statitios (79, 80)
Reads are cotegormed into equivalence classes, where two resds are equivalent if they align to the
same st of transcopis. The approach works bath within and seross genes and does nnt requine
the shared regions that give nse to the squivalence classes toosrmspond to any knownannotation
g exm or 5] MMSeq uses an EM methaod that works directh over these equivalene chsses,
allowing efficient mference of transcript-level shundance in this madel. In addsion to ths ML
appach, & Gible ampling poocedune was inteduced that can evtmate transcropt shundances
using summary stetistcs from ampls of the estmated posterion, which ako allows one to ases
uncertainty in the tunscript-level shundance estimation and groups of tunscripts with comrelited
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posterior sstimates. The underhring hikel thood function of the squvalenes clos-lused mode]l &
naxt exjuvalent o that of the fragment-level model m ESEM, although subsequent werl: epl ored
other Betormtions of the full fragment-level likelhood that ether presenved squality with the
ESEM mode] while spesding up inferenes (81} or sacnficed squality to balanee efficiency and
fudelity (82, 83} & Xpress demonstrated how fragment-leve] inference coukd be made much more
efficient by modifying the mferential algorithm sself §e., online EM}, rather than the factorza-
tion of the undedying likel hood function (84, 85).

Cufflinks & wideh knownos hatha references g ded tronscoptas sem by algom thon and o quane
tifocation tond (86 ). Chianthcation either 5 resiricted o o refere noeannotat on ot allows new tan-
seripis tor ez ddentified vis aligmamenis; tmnscrpt shund snces are estinated viaen EM algorithm to
determmne the ML estimates given the observed data. Whale we do not foous on asembly methads
here, grven the chse relstionship between tunscopt kdent fication (assembly} and quantifiotion,
numers appraches attempt to selve bath problems together, sither stagewse or panthy @2,
HT =04,

BitSeq mtroduced o madel smnilarto BSEM that jomdly perfomms quantfication and DE, to-
gether with fully Bayesion inderence (95}, BitSeq focused on sampling from the postenor distrs-
hutims of tunscrpt shundances, given the fugment alimments, giving scoumte estmates (96)
anel el mformaton ahout paoste 0 or uncentadnty and posterior correlaton, which & ussd inothe
DE step (5}, To commbat the heavy computational nequirements, Hensman et al. (975 introduoed
u varigtional Bayesan (VEB} approcmation that can be efficiently optmzed. TIGAR introduced
s VB appmoach to the tmnscrippt shandonce estmation problem (98), and the VB EM algorihm
was shawn to outperform the standard EM algonthm. However, Hensman et al. (97 introduoed
a narve] axptinm ztion procedune called VENG (VE natural grdient), whach is o grodient ascent al-
gorithm that considers the indrmat on gesmetry §9) of the underlying problem. Hensmon et al.
also suggested that EM-hased methaods tend to find solutons near the bundary of the parame-
ter space, and that their quantifications ame ks robust than either fully Bayesion or VB estinmotes
(97

Many of these approache s, smong othe m, simplify the mode] or mpoove the efficiency of the
inferential procedure, butall rely on full shgnments of each read, whach can be compatstonall y n-
tensive and tme consunming. Becenitl y, severa] new methads byposs the alignment steprand insteasd
sl Lighitwen ght masdels for quant fication. Sadl fish defnes the transcrptabundance kel thood in
terms of the constituent k-mers of the underdying tunscriptome and theirshundance in the read
dlata {10, Since the k-mems are completely bnown in advance, the reloant equivalence clases
can he precomputed, which mduces the inkerential problem to one of smply counting Emers
an«l peerfrmming inference via an EM algorithan such as the SCUAREM algorithm (100 ). Ths ap-
promch moreases the speed of alundance estmation by over an onder of magnitude compared to
full alignment approaches. Baokling on theidea of k-me rbased shundance estmation, RN A-5kim
takes the appmach of Sailfish even further, identifying sets of distmotive k-mers, termed sigmers
{102}, Transcrapis are clustered intogroups, and sigmers are kdenti foed as k-mers that are unsque to
{ana indicatnve of b each chister. Chuantification & then perfomed by coamting the sigmers m the
el data, matead of all kmers, and the EM algonitm is used to estimate tunscipt shandances
from sigmer equivalence ches counts. Whale very fast, these k=mer-hased approaches do not re-
tain the coherenoe ofthe k-mers along o read, which can reduce specificity, and they cannot easily
emtimate certain aspects of the gene mthve model, 1ke the fragment lengrh distrbution. Adadressng
these shartoomings, kallwto relies on the use of pseudoal ignments o directly compate the sufh-
clent statktics of the equivalmncs chss-lhased mode] of transcopt sbund ance estimation (1003 ). Ths
approach uses k-mers to sdentify the tunscrpts with whach fragments are compatihle, but does
net treat the b-mers mdependently. The psewdoalignments can be computed m such o way that
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equivalence e counts are generated without considering or computing ndividual fragment-
mm[ﬂaligmunu,ﬂhd thi can often he achd eved h}lquﬂjlingm]}limﬂ]]mmlmnfﬂﬂ
meinaﬁmﬂhﬁwheﬁimﬂmﬂnﬂmhﬂﬂquﬁm
chss-lused mode] using an EM algonthm. Salmonis snother lightwe ght quantification approadh
that svaids full alignments, although they can stil] be used ox mput (1040 It uses o twoephase ol-

I for trunseript sbundance sstimation: an online phase wing o stochestic colbpsed VB in-
ference algomithm {105} where shundonces and suxibary pammeters are etmated g, GO bas
paremeters, sequence-speciic bas pammeters, fogment length distribatong, and anoupsdste using
mind batches of mappings. Salmon uses o lightweight mapping algorithm s compate the Jkel
trns crijts,, o fHons, and orentations of origm of esch frugment and adopis o fogment-level GC
hias mewleling approach (7 1), which reduces mzxdentihcation of expressed sokorms when read
corverage is nodt undform along the transerpis due to GO content. In the offline phase, o factorme.d
hkelihewwd function is aptbimmzed untl pammeter convergence. The granulrsty of the likel oo
factoriztion used by Salmon can be adusted (833 in 2 way that alkws one to tmade off betwesn
the frgment model of BSEM and the count-hased mode] of MMSeq. In the offtine phass, the
factorized likelihood & optimized using o VB EM algorithm (98} or o tmditional EM algorithm.
Cambaning the efficient determination of fragment-transcrpt computibality with RN A-5kimk
sigmer concept, Fleximer uses o new matching algorithm that uses sets of sigmers to determme
the likely oot of argin of reads, mstesd of tresting each sigmer inde pendent]y {106} A generalizne
suffi tree 15 used toorgendze the reference sequences, snd asegment graphthat demons trates how
segmenis of sequence ame shared smong reference transcripis & wed to select sn mfommative and
rohst set of sigmers for quantihcation. Beads are mapped sgamnst the reference by matching: them
o sigmers using a precemputed sutomaton. Ths proces prosduces o set of tunscripgt eguivalence
chsses, along with a cormesponding count for each sometimes termed the tunscrpt computihd sy
coundt; this is used with an EM algorithm to estimate tunscopt abamdances.

Due o their vasth improved spesd, sase of we, ond reduced compatetional requimements,
aligrment-free approaches have become populir for ssesing tunscript- and gene-level shun-
dance using BN A=seq dots. Recent benchmards {107 =1 10} suggest that, in addition to beng fast,
such methods can prod wee soourate shundance estimates—at Jeast to the ecent that imulation-
hased studies, which semetimes sdopt the ssumed generstive modek of the quant fication ap-
proaches, can be ehed upon to ssses ;uch sooumcy. However, there remam opportunsties for
mprrving transcript=level quant fication methads. For example, the undedyng models can Jkely
b= further enhanced to sccount forcomplexdtes m the fugmentation patiems of moleoules prioe
tor sequencing {111}, to better balance rolstnes and sample-specfic soomumcy (112}, and o ad-
dme=s incharactenzed biases. Additionally, most of these appmoaches (lightweight and atherwze)
ssume that the snnadtetion of transcripts to be quantified is complete. The scouracy of quanti fica-
txwn can suffer when ths & net the case, although it & passible to computestonally flag tanscripis
whose estimates are unmeliahle (113 ).

BASICS OF DIFFERENTIAL EXPRESSIOMN

Follrwing alignment and quant fication, the next challenge often & assesing DE from the est-
mavted festune ahundances. We fisst present o genem] context and descnbe the statstical fame-
works and overal] worldlow. The starting pomt 5 a count tehle with ows representing festures
{25 genes) and cohimns representing samples {Le, experimental undis ) The goal of DE 5 to for-
mlate and test o stetistical hypothesis for each festure. Depending on the experimental decgn,
the comnitenct, anel the researchquestion, mome complex snalyses areoften requinesd. We elahorate on
further variations of the ovenl] workflow m the ssction ttled Virants of Differential Expresdon.
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The general workflow imvahe s the inllowing steps mee Figure 6} il tenng anad nommalization
{pre procesing ), speciicstion of the statistical mode] and esomation of mode] pammetens, sutis-
tical inference an the reknant parameters, snd sd ustrment formuliple tstng. We intred uce this
general work flow from the perspective of chssical madeks for connt egresion. YWe then discus
varkms naizhl: deviations, meluding altemative estimation and mference frume works and oddi-
tiomal strlegies to ensure robisines,

Thgucally, only a lmited number of mplicites are avadshle jeg, three o fe: replicates per
comdition) The schievable statistio] power from such simll sumple smes can be low, even fora
single featum, with the real interest lying n inderence on thousands of features sl tuneows b
Thas pamnllel miference challenge 15 comman o various genome-scale eqpenments, and the sto-
tistical commmundty has contributed sttegies wimpmove the overall performance, from which a
few themes have emergesl. For exsmple, i estimating paranete s for o given feature, one should
comsiider the mformation coming from the other Eetures inthe dam set (114) In general, ge-
nomics date are tpe for using empnoal Bayes methods to moderate sstmates, where priors for
g feamure are denved fromn & simble se1of other fesures messursd m the dots s=t. In g 7o,
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I'I'I'I-dﬂ'ﬂtl'lg'l.m pammeters ix ermical, and mdeed, mdinfdummssnfem‘]iﬂ'[mﬂk]h-
e o framew orks *e.g..ﬁrmim:.:}mheﬂh’jhmﬂl e varianee sl et on, whether inan
2l haowe strategy (115} or n hienrchical mosdek (116}, Other tods suchos regubiration of regres-
sion pansmeters or considerstions for rolustness provide additional pedfommances benefits. Taken
mgeﬂr:ndudu]hnguumv:hmd udﬂituﬂtpam]lﬂin‘ﬁuen:cﬂnhepﬂﬂ}'mad h].'ndq'l:ng

Preprocessing: Filvering and Mormalizatdon

The vast number of features o typical BN A-seq eperiment leads to o hrge multiple testing bur-
den. However, many feginmes ame ]ﬂrga'l].' mnimuhmﬁwmnpkﬁm with low TR R
prorvide]stle evidence for D E. Therefore, filerng strotegies are employed that predominantly re-
merve unanformative festune s and reduce the multple testing burden. Bourgon et al. {117 showed
that fltening is valxl if # 15 mdependent of the DE test staetstic; thus, ilerng on resklual varince
& invalid, while fikering on expresion strengith, os & commonly done, 15 vabid.

The olwerved counts of the features cannaot be directly companed across samples since therne
are differences n sequencing depth scmss hranes. Sevenl methods have heen devekyped to nor-
malme counts to facihitete cross-ample compansons, although in most count-hased modek, the
couns themsel ves are not meoxdtfied aned mestead scal g factoms socom pany the snalysk. Indtal at-
tempis focused on asimples cormection for sequenci ng depth, wing the towl sum of counts foresch
samule (1.2, the lihrary stme} as o scaling factor (3, 118). However, vanaton in lihmry prepamtion
or RNA composition hetween samples also contributes to coss-sample vanshd sy and should he
gocounied. for {119 In addition, a few highly expressed genes can hrgely dove the smpling of
fragmenis, thas leadng to inascoumte scaling of the coamts. A popular sppmoach & to cakoulate s
size factor (119, 1203 foresch semple. Thas can be consi dered a robust glebal fold change betwesn
the: current sample and o (peeudo) reference ample derived from oll samples. DESeqk medin
of ratios method and edgeRs trimmed mean of Mevahies (TMM) method {where Mvahies de-
nevte empirical fld changes between two samples) are the most popular scaling approaches (1213
Bath procedures assume that most genes are not DE and adopt robust summamzetion me theds
ter caboulate the sme factors {efective library smes) to reduce the impact of DE genes {TMM uses
o trimmed wetghted mean; DESeq e the median of the g-ogpresion mtiosh. Mome advance.d
naxrmalization methads have snce emenged to addnes ather technical artfacts such as G cone
tent anad transcrpt length effects and to scommmodsie withine and between-lane normal ration,
eg- COMN {122} and EDASECH 123 ). Moreover, methoxds based on evtemal spike-in festures have
ez imitrocd e ter gl il ress s mexrmnal Emtion: for apphications wherne many festunes ame DE or whene
the hasic ssmmptions of conventonal nommabizeton methads are violsted (124=120) Recently,
s noxmmal rstion technsque has been propesed for BN A=eq data with large differences betwesn
conditons that sssumes similar distobutons in biologiol rephcates, while scoommed sting for
differences hetween cond soms {127 ).

The normal rationsize fwtors ame bk mito the DE analss workflow as offets i thestatsibol
mwwliels {mee hel ow k. Motahly, size fictors ane trested a5 fived and known, although they are actually
runeloin varahles estimated from the dats (128}, and it 5 wnclear how ignorng their asocisied
uncertainty affects the downstream DE analyss.

Modeling and Estimation

Because of the typacally small sample sz, DE toals mamly implement pamme tnc medhads (120,
124=13 2. Instially, count dats were log-trnsformed and lnear models were used for DE anabss
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{4 However, Jng-un.mﬁrmud TS mﬁrﬁ'ﬂnhﬂlﬂnﬂ:ﬂdﬂid}" = :}rslunnﬁc 0 = VLT G
tremal b indminsic v connt deda, rm]ﬂ:r.inglh: siondam] lnear model, which ssumes hoanososdos-
vy, suboptimal. In addition, buting contmunus msdek o fransfommed ) count dats ntrodnees
ufmﬂuriﬂmﬂrmﬁandjmmdim'ﬂnm !'megnhadmmh’w:ﬁnnh the
indtial framewnds.

Giene expresion varishility serms echnic] replicstes (Lo, msequencing the same mple),
soecalled shot nodse, has been shown to approxcametely follow o Posson dstnbuton (118}, &
whach the varunce & equal to the mean. Biokgrical replicaton intmednees adid tional cross-sumle
varizhility, and analysis frameworks terefone have mesorted o one of the naiure] exiensions, the
gamma-Fosson or the negative banomial (8B dsimbotion, which hes an addmional dspersion
parsmeter and & quadnitic meanevarones nelwtonship,

re~=NB{pp, prl,
Van Frod=p ro 4@ b g

where Fiy denotess the read count of festure | m sample o gy & the depesion for festure [ an:d
Jify = 5l epresents the svenige expression, which is doven by the e {relutnve ) mENA cone
ceniratiom in the sample, 8y, muloplied by o noermelaton scaling factor, r; there ako exsis a
charactensic dispersion-mean trend m BN A-saq et sets (Figure Ta) Initi] implamentations
foensed an twoegronp compansons 120, 133 and were later evended to the genemlmed Tn-
eur mode] LM} frumewnrk, an extension of chisical Inear modeks to non-Cansdan regponses
{13 GLMs allw for the inchision of mulople tnesaments or oovanaes, thus hrosdening the

i iilr;mnnuu T = Foane (mod Callad CE)

» Fimad readne Y S o Faara ek dDE)
" sl aneca : & Al phoring kit
¥ ' e Fimal s O i Pl vy e ey
i i L i L i i L L A
i w0 i i i ' L] ] L 3] L]
M an of nonma limed counts Mazn of nonmalized counts

Figuse 7

{dl A disperssomn—mean plor of e RNA sequenong (BN A-seq) expesmment froom Reference 135, s promessed in Beference 136 The
digpersion mend mmocchly decreares for genes with higher egresaon and evenewally reaches an asprpme, which can be comsdered
whe i olboggi ol wamiala biry presssicin the dam e for a oppical gene (8 MA Jog rago crer mean ) plor of dhe seme BN A-seq experinenc
The p-ams shoss the moeleraned kpfold dhange and ghe v shows the men ofnommaized comnse Bed podnrs denore differenmial
exp reskion d ereeraem scoordmg 1o a neaninal false diseosery e dhweshold of 005,

e, anedbrrara o RO Segaermonyy e oy
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applicability: The NB GLM model can be formulited as

Fro~ NBlug. o)
boogy g = Mg,
Ny, =X B+ log s,

uh:reu_,-'.-:i:h]iﬂmﬂﬂmxdmdﬂddpmﬂmﬂfmmhmﬁmm
mﬂ}g:;mn:ﬂrq{mmahmhm}d:ﬁumﬁqmd]m tfd'bemnd-ﬂ,du[urm:ﬂﬂm
equivalently, {3 linear contrast of} 8¢ would represent the parsmeter{sh of interest for mfere nee.

Relible estimation of the dipersion parsmeter g ¢ is nontrivial due to limited sample soe.
Tradstional ML etimators for the dispersion are negatively biased {137} since they donot scoount
for the fact that the mean & ako estmated Emdtdmﬂr]}'mphnm estimated o
single common dispersion pamsmeter for all festunes {137}, with the mtionale to obtin o stable
ﬁhnuteh}lhmnmrgnh’ulgﬂinwa]] Fﬂn“mmﬂummdimi‘mm'ﬁmk
mﬂ]kﬁ:rﬂrﬁhxeﬂenﬁnn&msdﬁrﬂmmqﬂmﬂd,nﬂ\mmdaﬁuihﬂﬂnmm
diperdon {133} or estimation in strats of simibr expresdon strength {1200 For example, DES2q
adopis 3 method of moments (MM} estimator and seaumes the dipe rdon tobe o smooth function
o e roeane. T anvnad o hilseral irﬁm’mmﬂﬂimﬂudﬂmﬁmu the maxmmumn hetwesn
ithe smaanith 'Flt:'idd'begu'be-w:in: MM =i ate; however, whale mobust o owih e, thas methaod
tends to overestimate the vadance and & therefore conservative {138, 139 Later approaches
resorbed to an q'l-lu'l'mrrute ocondiiional inderence scheme, the Cox-Bed ad:n.u:ted [u'n'ﬁ]e like-
Bhaowd {APLY {140} to cornect for the hiss in the ML etimator {134}, Agamn, stahle etimation
& prowvided by lvengng information scmss genes (Figure 8). In prtouar, edgeR wmes o
rmaxinm zed 'WE:IE"'H:EIII APL o trade off heiween Eu'be-q‘l-a:lﬁ-: anal shared d:iq'l-:n:ilm emirn ahors
upn estimating the disperson-mean trend semes all genes {simdar to DESeq). The weighted
likelihaod,

APL g b+ GAPL, clpy b,

consists of the APL for o specific festure § {first component) and o shared Jkeliboosd seoonsd
cermpeenent), whach can be inteqreted & o prior froom o Bayes n pemspective, thus epresenting
an approdmate empinca] Bayes solution {133} The weight gven to the poorlkelihood, Gy, can
ako be etimated from the data (141} Analogowsly, DSS (Diperdon Shrinkage for Sequendng)
and DESeq2 rrl'l-d-:]ﬂ'bc]fpg'w_r- a5 & Ciausdan mndom varihle, and Bayes' formula & applied o
genente o posterdor made for each gene (129, 142} Hypempammeters for the (Gassan) prior
arz mfermed from the dats using efther the MM or the Cox-Reid estimator scross all genes. Onee
ddisperdon estimates are avadable, the parsmeters of the mesn maodel, [:F% can he estimated using
standand algorths for GLMs.

Sutistical Inference

After fitting a GLM to each featune, the statistical inference typically mvolves testing the nall
hyperthesis M), that there is no DE betwesn conditions, 1o, that the LFC is zem, aganst the al-
ternative M that the LFC differs from mero. In the GLM framework, the null hypothess can be
represented as either o single regresion parameter or 8 lnear combination of pammetens {oon-
trsix), which is defined by a vector or matrix I such that H), is the hypothesis that LA, = (. Indeed,

I-'Hn'd'm'.ﬂ'rrp.'rl al



Ammes Rev. Bicened Dara Sai 200923 1300173 Dowdoa ded foan s o sssslie vieiss org
Access provided by Usiversiy of Marylasd - College Park on 00030030 For parsosal wse only.

=== Usdcarad
Fi %
‘.." * = |
.--.1-"" -lr_._l_'
b sampling variance areund L I. 1
L EUTERVE ITEN TR S NV | o e
AT Cat B My
— e wE T il l, T TS

Thed i rt ar Gl e
TP P P

\ . /
d Themaximum a poserion or
posterion mode ’ )
Lo
E

Figure 8

Smepe in an e irical Bayes madel Inan BNA sequencing experiment, ane ssesses the alrered differences
in geme e cwomn Ao grops of samples wich repect mowith megroog varkmce. (g The oo sarned
popealamicm disoriteson for the mroe widhin- gromn mriance of each gene (8 Varknces are esimaned from
ligmiined mammmle sive exgn arimernms, and 5o there i s ling vark neein aar esimare of dhe mrkance A
memimien likelihood ssmmare (MLE ] ar a hes-cormeced estimanor for egnssion varkmoe can be mecd

(i} Thovsanck of genes are oypically aleerved and essmaes aremade £ each, prosicing an esmparical

i bearien of ML Es aonoss all genes This emparical dismritiosion of MILEs can hensad o desnmine a prior
o i brarricn foor e mica | B yes aame bysies; whe: posseniar disoritva gon for the wanianee of eacdh gene & calcabinad
nsng Bayes fnmuala (o) Dismilemion of the maximiem a postenian (VAT ar posner ior meode, essmaes of
war bmce owvef all ganes The posranior modes regresanrshnan ban srimanes, where dhe amoonrofshrinkage &
derermined by the shape of the oelihood and dhe widd of dhe pricr disorifoSon

a regresionparameter noan NE GLM witha canondcal link: funetion can be interpreted as anLFC
hetween groups and thus provides a messure of effect sme.

There are multiple hypothes s tests avadable for GLMs with known (aspmptotich distobation
under the null hypothess. Like ihood mtio tecs (LETs) compare the likelhood of o full model,
uprn estimeting all pammeters without constradnis, with the hikelhood of o reduced maodel, where
oz avr sonmie off the pammeters are constranesd acconding to Hy. LR stets tios ame asymptoti cally
x " =distributed under M, and this gpe of test & mplemented in both edgeR and DESeq2. By
defoult, however, DESeq 2 adoqes o Wakd test. Wald tes ts are attractive froum o computstional point
ofview since they only requine ftting the full mosde] and calou]ating the varanee-covanance mathx
of the regr=son coeficents. The Wald test statitic for o single madel pammeter ora sngle
contnust, B = [P fa={LFC), ssymptatically follows o standard normal detrbuton wder B,
whene se{f. FC) & the standand error of LPC and 7P is the ML estimate of LFC. From ML theory,
it 1% known that LRTs have hetter prope nbes {e.g.., invariance to tnsformetion) than Wald tests
in GLMs {143} however, BN A=eq tools moderste dispersion estinates and do not re-sstmate
them under M, so it 15 unclear whether these benefits carny over to RNA-52q data analysis in

l'l:l'ﬂ\:i'_
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Multple Testng

The pvalues ohiained from the stetistca] mferencemust be mrmecte d for mmidtiple testing toavodd
eocess false positves. Whale it is possible to contml the prolebdbity of retuming st least one filse
pewsitive i the Ixt of de tections by adopting Bmilywise error rate corections, ths stingent form
of cormection is averly cons ervative. Indesd, when screening many thousands of features, one &
typacally willing te tolerate o cenain propartion of false positves to ohiain s brger number of
true positives. The false discovery mte (FDRY, which guined significant popubirity, controk the
expected fracton of fake positves o the detected set of featuns, 10, FOR = E[Fmax(f, 13,
where 5 the number of filse posithe rejections and ® i the total number of detections. The
FDUR was introduced by Bengeming & Hochberg (144 and has become oommon practice in high-
dimensional datsanalyses because of s s moplicity and solid theoretio] ustfeation. Indesd, 3t can
b shown that the FOR & ustified under o range of dependency structures between genes (1453
and can be approached from hoth frequentist and Bayesian perspectives.

Variations w the General Wor kflow

There & a large and growing number of alternatives to the hasic framework mentioned above:
different inferenoes based on the same models, altermative models, more robast q'hlrluchﬁ, dif=
'F:renttenl:hg :res:irns:, VaMGiNEnS o rnl.l]t"'r]e teul:ingamud:inu, amal s o [ thas secison, we
mnmize:munfﬂuudmhwn:nu.

Alternative mashels (inference frameworks). NE coant meodels, whadh und eqpinmany DE took,
pssume o o rotic meansvaranee reltionshap. Inderence, howey er, may benefit from o more flex-
ihle variance structure, and for this, other moadels have been proposed. One stutegy uses quasi-
Bk hihwwd (0L}, which requires ondy that mean and vadance ane specified o be ahle to make
mference on the mean mode] pammeters (146). The L method adopis the same mean model
structure as the NE but miroduces an additonal overdspersion parameter such that Var(F) =
Wolp gy + g0 ;-l,}.. where f, & extimated using o moderated MM estimator. L natunlly allows
{asymptotic) hypaodhesis tesis based on £- and Festatistios, thus scosmmosdsting: the uncertandty
m the estimation of the additional L dispersion parameter. Another varotion & the use of o
mawre flexible detibution, such as the NE power dsinbuton, which adds an sddional pammeter
{147} tor the NE. Within the NB famework itself, Bayesian methods have ako been developed.
A fully Bayesin appmach has the benefit that vanious aspects of the posterior can be reported
{25, credible intervalsh, and the degres of parsmeter shrinkage natunlly depends on the smount
of mformation avadlahle for that gene (o tmde-off he tween e xpres ion magnatude, depersion, and
resklual degress of freedom). One of the eady methods was ShrinkBayes, o fully Bayesion ape-
proach that mchided muliple modure prors {eg., Goaussiany (148, 1995 and where fitting was
pocorplished using mitegrated nested Laplace approcdimations {1500, which svoxds the Markao
chain Monte Carle sampling. Anather altemative is 0o remam within compuistionally and me
ferentially efficient CGausden Inear models, after sustahly transforming the (nommalizedp count
data. For example, imma-vomm msdek kg-transform nommualmed aunts wng o lnear model
while adjusting for hetermskedasticity vis weighted megression, where the ohseration weights ane
commpanted. from the ohsened mean-vanance rebtionshap (1515 In this case, moderated 7= and
Festatistics ane used for inference . Fmally, nonpammetnc methaods have been develsped, whach
ame mrwxre moohust tor o] sers and dis not regquine destrbutonal ssumpoons. For easmnple, 54MSeq
{152} aulospts the Wilooann test to asses DE between groaps and wses esampling procedures to
addust for differences in sequencing depth.

I-'Hn'd'm'.ﬂ'rrp.'rl al
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Rasbaest logr-fold change estimation. The standard NB worflow typically makes use of APL
MWE likelthoand ﬁwparmetﬂ'mnmnmmﬁurﬂd wﬂierqun:n] h}amﬂ&uumhm'm
strength semes Eatures when estimating the dipersdon prameter. Ther are two related chal-
lenges: do} Baties of smaller counts result in more vanshle LFCs (Figure 78, and (5 the etima-
tion of LFC can be sensstive to outhers. This makes #t diffieult to rank genes scconding to LFC
sinece lowly expresed or outher-affected genes are Jkehr to dominate the top 156 To dernve more
robmst LFC estimadtes, researchers have adoqeed several approsches. Fist, poor counis have heen
used i the numerstor and denommnator of the LR efledive shronksge & scoomplished by oug-
menting esch count with o carefully chosen value, although the optmal value may vany scms
dota sets. Second, edgeR-mobust {139}, for mstance, sdopts an M- estmaton appooach by itere-
tively downweghting outhmg ohservotions within the GLM fitting procedune, dempening the
effect of outliers on hath mean and varsnce estmetes. Alternatnve by, outliers can be dent fied ansd
remxrvedd andfor mputed by taking sdventage of the remaming data for o festure (129, Lastly,
privrs can be impaosed onthe LFC pammeters. For example, DESeq 2 inchides o zero-centered
Casussian prior in the NE GLM and provides the postenor mode of LEC as outpat {12, The
wilth of the prior & set conservatvely, using o weighted upper quantle of the observed LFCs.
Mew alternative shrinkage estimators in DESeq2? moomaomite priors with heavier tads that intoe-
duce Jess bios, using efther o mixture of nommal distributons (153} ora Canchy distribavton (1545

Accounting for unehserved effects As mentioned shoave, (GILMs can adpst for known ome
founde . However, genomic data can ako be affected. by unknown, and henece unobserved, con-
foundems. This problem is widespread in publichy svadahle data, which typically de not contain
sufficient metadats on potential batch effects caused by bb, protoce], date, ete. Batch cormection
methads can Jeverage the panalle] structureof high-throughput tnnscriptomic data to dentifirun-
known and unobee rved spstematic effects. SVA (surmgate vaddhle analyss) (155, 156} and BLW
{remove unwanted vanation) (125} methads, for mstance, estimate surmgate varishles thmugh
singubar vahie decomposition on contm] Eatures or on g matrx of misdel rexiduak so that the
phenotypic effect ofinterest is not captured by the summogates, BUV akohas the option to explodt
information i replicate smples. The etimated surmgate varishles can subsequently be inchided
as predictors m the statistical madel to adust for the nich effects.

Statistical mferemee '|r_|.' t-l.'a-ti:rlg .lgm'mt a thresha kil The standand qwtnd'i 'ﬁrdel:ecthgnﬁ
:in'EN.Funeq i ves o :u'n'p]e nall h].'l'l-n-tl'hsci: Hyy that the LFEC is mero. However, statisdcal sig-
rﬁﬁ:un:dmsmﬂgmﬂutﬂuﬁﬂd du‘tg‘um]ﬂgewmhehrﬂl@nﬂ]}'rdm
.Fn.lu]].m tﬂuiwdmmﬂﬂﬂegw]kuhyw]}iqnﬂwduﬂdmﬂumngﬁmd: ol the LEC,
bt the siatistical proenties of this q"wru:l'imundﬂnm mﬁknutmrﬂhm
intempretation when the set, post- FD R caleulation & alterad (157} T address these practical and
wmmmmw mwn]tm:ehﬁmm:anﬂ\ruhﬂd,i[un-
cedure mnitially propossd for microarmy data (158}, The reqults o composite null hypothess
Hy,such as | LFCT < a. Implementations differ: DESeq 2 replices the compos ite nul] with 2 sim-
e null hypaothesx ot the boundany: of the parameter space {129, wheres edgeR uses 2 maodified
Ikebihownd mutio test or o quasi-lkelihood Ftest aganst o threshokd (159,

Small-sample mference. The null distrdbutons foc Wald or LRT stetistos for count modiels are
ondy valil sspmptotcally; and the number of replicates 15 often too ke for thes e appmocdmations
iy e fully effective, which may lead to an ndlated FDR. Indtial implementations provided ooact
tesits (137, but these can only be applied in simple designs. Another stutegy 5 smadl-sample
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e

gy TS, which males mnfluglmwdﬂ'wmnm that are =il mn]utl'b]e with the
GLM framewodk 16105

Multiple testing. While the FDVR achieves o more ressonable sensitivityes pecificity trde-off than
'Fﬂ'n:i]].'w:'u:eenrr e COTTECNn qt"rlu:hs, nd'b:r-dm'-:'lqunum I'I-EJ.'l'IlI'H‘.l ::'l11|1-]|: 'Fl]t-:r.ingnin ey
ﬁuﬂwreduaeﬂurm]qﬂ: tﬂ&qhﬂdmﬁtﬂeykgﬂﬁ]m,iﬂ'm-ﬂﬁnmﬁ

v of true null hypotheses from the dats to meresse power (161}, while others adopt o dota-
driven weighting ofthe prvalues nothe FOR correction (162}, Although the FOR & deephr rooted
mn satEcal dﬂu}',:it:'u: mﬂgmnnteed that methods will contral =rmor e at the nommnal level
m real mﬂﬂﬁm-ﬂﬂmdﬂdaﬁrﬂﬂmﬂymdﬂu}lqﬁﬁ:dﬂywlﬁim%ﬂm
hald for applications with low sample sizes. A study has suggested that coregulation of genesin-
duces intergene correlations, which can alter the null dstabution of the stetstica] test (163 ) keeal
FD R approaches were intmoduced that empidcally estimate the null distrbution (164}, Other de-
velopmenis addness iz m testing many hypothess for every gene (e, multifactora) desgns).
The conventional sppmach 15 to control the FIUR on each hypeothes s, bait ths does not all ow for
stragghitforward priootmmton snce genes typdcally have o different mnking for each hypothes s

Stagewise testng procaduns can be ntemqpaoeied os generlmations of snalyses of varonee wit
pewst hawc tesis for highethroughput contexts (165, 166), thus allowing o natuml] ondenng of the
genes aconmding to an emndbus test {al] effects of inderest) whale providing FOR contml ot the

gene level.

VARIANTS OF DIFFERENTIAL EXPRESSION
The previous secton intmxduced count-hased DE m general terms: Each mw of o count matrx &
subaritted to o stowtistoal model {ofien by first estmating mod emted varanee prametens over the
wharledats set) and hypothes 5 tesis of inbe restare conducted , with an ad ustme nt for mul tple test-
mgr. I thas section, we dxoss additonal spproaches o mtermogote BN A-seq doetsin terms of DE.

Although DE is of ebwious miterest, this @n mandfest or be defined in multple ways {see
Figure 9% One may want to cast mferences to the gene Jevel, but messurements ame made ot
the fragment level We use the term “differentiol gene eqpresdon®™ (DGE ) to refer to hypothes
estimates or raw counts whae mcluding an adjustment o average transcript length via offsets
{74} If the expresion of transcrpis & the feature of mterest (independent of other tunscopis),
mieresied in whether ot least one transcopt from o gene 5 DE. Ths requires stetistical testing
at the transcript level and then sggregation to the gene level. et another strotegy 5 to conskler
whether the rehtve shndance {Le, poportons) of transcopis for o specific genomic Joous
changes between conditions, which is commaonly termed differential tunsopt usage (DTU)
or, mare generally, differential spicmg (D5, A surrogate for DT, differential exon usage, &
conductad. on exonelevel quentfications; in thi case, the goal is to dentify econs that deviste
from proportxnal expresion to separsie differentiol usage from DE. Yet another aliernatne &
ter quanitify and test differences at the svent level, where reads supporting {or not supporting an
event {eg. inchision of & cassette exon} are summarmoed snd compared (167

There & certainly s question of which snalyss path to choose. Conceptually, pure DTE poanits
e all kinads of DE, and while casting a wide net of potentially mte resting genes might ssem appeal -
g, there are some consi dervtions to be made. Forexsmple, if s given transeript is DE, often the
question hecomes, What happens to the expresion of the ather transcrpis for this gene? Areall
tmnscrpts changing in the seme diredion? If so, # may he better moterms of sensitvity to detect

I-'Hn'd'm'.ﬂ'rrp.'rl al



¥-

Dvlenrplamad - Codlege Park ce 01530030 For porsosal use

A Rev, Baoaned Do Sci. W0000E 13007 Do adoadied focen s ool vie
vy of

Ao provided by Unive

oot [~
O o e A—

obrm3. [y
i il —'_ i : _

™ ]

— —

b Differential gane expression

a3

!..EIII--
aIIII--
m ]

i B

k] 2

| [ -

3
1

1
ol greup A

d  Differa i sl ranseript ussgs

a0

E:m--

.i.m-

“ et H
B

q

[FEANT ] a

i

1

3

Sarrple groupr n

F gn Y

]

€ DY et e vl o mpnesd dicn

403

o+

E
E.!I]--

& e rential gene o xpoess son and

el rential trand eript usage
40 -

E

5.20- d
iDI H |_|
[
I 1 13 i3 3 " Diforansl nrongdepd

I  I——— s B e
A u B ol v v B s B

o r

Schemame llvsramon of soome cmmples of differential gene expression,, differemiad oamescnipreapresd on,
and clifferenmial sarsenipe veage fr a gene wirh three sedonms (1.2 and 1) ina meo-gr o edanpearnson

(A e BL

mugg'egnt-ud mtputﬂ_ie_.m'ﬁ}.l'htmrun:ipl-]cvd sq'rm:iemu.nlh::lqueuﬂedu & genew ke
muburoie omrosme and Eolorm swinches can e cons dered m]]nﬂmln-_'l}'; :i.L.l:J.'nﬂuxi'l.g DTL,
which & not affected in efther direction by DGE. DTU implies DTE while the opposite isnat
necesmridy tue. We geneml b faver two cdear but orthogonal analyses {[DGE and DTUovera
eztehall DTE snahsi (74} but thi will ultmmately be application dependent, and sciznnsis shaold
eleurly define their question of interest in advance.

Differendal Transeript Expression

Musleling transcrp-level oount dats for DE presents some addiional challenges due to m-
cressed varahd sy and resolimon compered wr gene-level analyses. For example, transcript-level
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shundunce etimates ane considerdhly mone varahle than gene-level counts due to smbiguous as-
signment of frgments to soforms (749 Thus, tunseript quantifications inferned by popuber took
such oz BSEM, Salmon, mh]]:'u:mn:uq.'rrmemmy which shoukd he accounted for in the
dovnstream DE analyss.

Tmm:r."t -I:F.L-H'lh'Fl-:‘-ItH‘ll'H still have Ty nfduprqmﬁe:n‘l"ctmmdm e g, M- varinee
:'Ehl:tn:l'qu}ﬂhd thus could be uged a5 Ingauts 1 the framewodks mentioned ahove. However
quantifications are estimates that may obsoure mference when phiggng them into count-hased
BN A-zeq took. Cafflinks was one of the fist methecds to use estimated shundences and their
cexrmespading standand ermors to perform DTE @nd DGE) analyses; the method quant fies tran-
script shaundonses via o hike bhood mode] and an EM algonthm, and tests of DE are performed by
apphying the dela methaod on the shundance prameters (7 5, 36}, Bayesan appmaches for ident-
fying DTE hased on estimated onunts, e g., mnking vis Bayes factoms, inchude EBSeq (132}, whidh
uses an empirical Bayesion hierarchical mosdel, and MMSeq (79, 168), which fits o Imear mmixed
midel tor dota via Markov chain Monte Cado techniques. Similardy, BitSeq fnd loter cjBitSeq)
mireduced o generative mode] that couples bath quantification and DE using fully Bayesion m-
ference (%5, 16%. Most mcently, with the advent of ulirabst transerpt quantification algonthaes,
slenth uses hootstrap samples of each smple of reads o determne the se-called inferential var-
ance gnd mtegrates this inio the DE caloulaton through a varbnce components miodel on the
kngr-transformed scale {1700

Differential Transeript Usage (Differcintal Splicing)

One of the first statitical modek for DT, cuffdiff, caloubites the squane root of the Jensen-
Shannan divergence on estinated transcrpt proportons and wses the delio method o estimate
the variance of this metric under the null hypothes s of no change m proportions (86} Anaother
conceptual by distinet approach fomulates o Porson med effects made] on eone and unction-
kevel quantifications and searches for excone-omnd fton interctions that represent differentil wwage
{171} Such departure-from-parallelizm modeling wos intmsduced in earlier analyses of poobe-
kevel micmarray data for DT (172} on RN A-seq dote, this approach was further formalized
with DEX Seq {173}, which uses an NE moxde] on exoneJevel counts. Exon by eoon, DEX Seq tests
whether an improvement m fit 15 achdeved by add g o single exone-omndition mteracton, which
represents the differentil usage of that moon scross conditons. A comparson study showed that
DEXS5eq has o good performance m well-annotated tanscriptomes and that filering of lowly
expressed tunscripts mproves ermor omaral (1749 mosddioon, DEXSqq ako works well with
trnscrt quantfications as inpat {17 5}

In o simibr vein, DREIMSeq (176) and LeafCutter {177} employ the Dinchle tsnmiltinomial
(DM} dstribution to perform the seme mference task bat treat the output of o genek expression
a5 o multharite eswnse; Biyesian inference for the DM mode] has also been onssdered m
Bayes DRI MSeq (178}, Several toals neglect the uncertunty o estimated transcript-leve] counts,
anal thas is perhaps the reason for inflated FDR= {175} To address this, RATE {relatve shundance
of trunscripis) uses hoostmpped (tunscript-level ) quentfications to infer DTU via o Getest of
melependdence, based on the rultnommial detobation, on the two groups” issdorm oounts (179
Instead of coms kl ering estim ated counts and theiruncertantes, Baye sin methaods such as ojBitSeq
{169} fxous om the group of tmnscripts that each read 15 compatible with {12 equialence clamses).
In the way, quantification is not requinsd because the DS tools treat the tensenpt allscation of
meads as an unknown hient vadahle.
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Event-Level Analyses Based on Percent Spliced-In

Somemethods perform differential anal yses lased on percent spliced -invahies (P5Tsh. PSIs can be
comnuutesd erther for specific events {retadned intron, ossette exoon, etep or st the transcrpt level
anel malicate the fracton of BNA-seq reads supporting the event, oliamed s the mto between
the: number of reads inchiding the event and the total number of reads inchiding and exchiding
the event. The difference of the PSIs botwesn conditions 15 then used to ames DS, performed
sepantely for each event {or tns copth. Some of the main DS took based on PSIs mclude tSMATS
{180, which uses an LET, and SUPPAZ (181}, whose test is based on comparing the ohserved
difference m PSIs across comditons to the empinical conmlatve density function of the withan-
rephicates difle rences of PSLs of 5] from smmilarky expressd tunscrapts.

Event-level analysiz, simmlar to DEX Seqk evonelevel approach, separstely foouses oneachs plic-
ing event, and results coukd be aggregated to the gene level by consklermg the maost signaficant
events or transcrpt-level test, appropristely adjisted formulople testing (173, 181, 182}

Multistage Testing

Asg rrl:lﬂ:imud,'[ﬂﬂu]}:ﬁmhe qwl'n-:l'bed ntﬂ'beg\ene-\, h’ﬂ'ﬂ:l’."llt‘- mevuﬂ-u:[un:iﬁ-:]md.
Whil= guwhe]tﬁunﬁuﬂuwhig'w m:lhvn}'., tenl:ingeach il frsdnal h’mlﬂ: |1-:|11-1.'J'|:|-=: m=
creassd e ohubon. Hmrﬁdﬁgﬂ-mbﬂmﬁﬁmﬂtﬁuwmﬁmﬂm
the full set. Stagewise testing procedures (165, 166} instesd first sereen for signaficant genes and
nl'n]].' consider :ig'u"ﬁ-:ult tmlun:n[ﬂ::ﬁmn those FEnes. Thas [m'h:hadm Fives E’EI'IE-I!‘I.'«E] FDR con-
iro] and all ows rese snchers to hnemgethe |1-rl|.'.'i=|"F.n'u'|1 Fne-]-:'uﬂ [r=1. wl'l:i]i::intﬂ]wethgrmlh
gt the transcript kevel {175}, The same procedure can be applisd by rephcing tnseript-Jevel tesis
with exon- Mﬂ'ﬂ'lt‘-!"l-ﬂ:lﬁc e,

SINGLE-CELL TRANSCRIPTOME SEQUENCIMNG

One of the emerging data fypes n tunscrptomics & scRN A-seq, whenehy the expresied content
of inalividual celks is prepared and ssquenced. In thas cose, expernmental design is agan of crtcal
impexrtance tor avekd confounding the dots (183} Expermentally, capinre and reverss tnnscrpbon
efficiency hecome impaoriant, given that the number of mENA tnnscrpts per memmal on cell 5
estimated to he hetween 50000 and 300000 { 184).

Tawer main experimental approaches are used: plite -hased, where celk are soted intoindividual
wells for hrsis and library prepamtion, and dmplet-based, where sach cell 5 ahsocbed (ogether
with reagents) anad processed within an odl droplet {185}, Several vanatons of the se protoeoo] s are
now avad lbhle, increasing the number of cells asayed, but nltmatel only o small fracton of the
enpressed BN As {cDIN As}, often the most highly expressed transcripis, are capiured. The festures
that distingruish scRMNA=seq from bulk BN A-seq dats mclude (o) genernlly Jow depth of sampling
for each cell fdue tocost, butalsedue tolower dives ity of cDN A fragmenis); (B so-called dropoat,
where o cell expresses o tunscript but 3t 15 unehserved; and {0} higher levels of biological (since no
avergring b anad techndcal {e.g., more smpl i ceton) varidon.

Monetheless, researche s can distinguish ce Il identsties, whereidentity represe nis the combdned
effects of cell type (permanent features) and cel] state {ransient Eatures) {136 The Human Cell
Atlas, smong other progects, apens the door for exploring spatial context {187}, developmental
patterns {188}, mmmmune repaonses (189, msponse o therame (1990, and an mereasing mnge of
basic science and clinical investigations (191-193).

Althamigh many compatstional aspects of scRMN A-seq dats are beyonad the soope of thes eview
{= g dimensionality red wetion techndgues, ordenng cells mto inesges), one connected appliaton
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(151

areg that }uﬁa]m:d].' recenyed considemble antention &8 DE ﬂu]].::'n. In d'ie:::'m[ﬂﬁt nutting,cdlk

ane first partitioned into different clases g, assmumed to corresponad to different cel] types) via

-:lu:t-:r.ing:. u'iﬂ'id'hemlmaquﬂ'ltn:im n'F'Fl'hd:ingnm{m':'ﬁretd\ -:'h.u:tﬂ'i_ag_. 1 annodate cel]

l}lp-s:} ']]'l-p:riu'm thi task, 1mﬁnﬁm]mﬁd=]me:-:e1hﬁﬂp-ﬂinum] nundis, a% n-|'|1-m=d ey

mp]ﬂ mn bulk m]}:ﬁ;dﬂu,iisumﬂ\miﬂﬂingdﬂmmhﬁmmMﬂﬂamﬂm
ot

Tor date, sever] methads have been develyped to decipher DE between cel] types, many of
which have heen compamtively asessed morecent benchmarks {194, 1953, Many of these single
cellespecific methods are ectensions orvanstons of exsting bulk spproaches. For example, SCHE
formulated the RPM {reads per million} data for o ghen gene acmss celk as o mivture of Fodson
anel WE components; using a Bayesion appoach, probahdites of observing o given fold change
are converted mte empinical pralues (1965 MAST uses o hurdle mode] on log{ TPM + 1) data,
where a lnghtic regresion & used to moxde] whether a gene is expressed, and o Gaussian hnear
mxwle] 15 used conditional on expreson. Inferences. for the two sets of regresson peremetens ane
done o Bayesion framewaork that alse provides regulmzaton (197 Again, extending e xting
appruaches, Van den Berge et al. {198} proposad a zero-indlated NE (ZINB) model; moda] fitting
& done within the ZINBE-WaVE {(wanted vanston exmoton) fumework (199, estmating cell-
anal gene-spectic postenor probahdities for counts to helong to the NB count compaonent of the
ZINE mocture medel. These probahibities are usad as observation weights n the downstresm
estimation of negresion pammeters in the clasical NB fumework.

Nuonethelss, many DE methads fvous on assesing changes in the mean parameters. However
since cel] subsets are heng compared, we may not have smple shafts i the mesn. Instead, 3 may
e indexrmmative ter destect and undemsitand changes n expression varohility acmss cond s {000
Alte matively, full dstributions (ns tesd of means or varonces) can e compared, o5 was proposed m
a Bayesion fumework in sdD D (31}, highlighting not anly DE but alsoe differential proportons
{change m the rehtve usage of low and high expresion), differential modality (change m the
number and plice of the mode of expression}, or some osmba nation theraof.

In many applications of single-cell DE analyss, the sample sizes (numbers of cell 5) ame genemlly
brger than those commiondy used within the optmmed frameworks bualt for bulk BN A-s2q deta,
an«l thus it seems that the distrbutional ssmmptions phy lss of a rae for efective inference.
Inleed, & mecent compurson haghlighted decent performane of fHests and Wilooom: rank sum
nenpamEme it tests nocompaning single-cel] subsets (1943

Beyond comparing cell fypes, which may invehe muliple experimental undts {eg., patienis),
it will be of increasing interest to compan: eqpresdon levels of genes soos biological replicates
anal conditions. For example, it may be of interest to understand cell-type -specific mmmune re-
sponses following o stmudus. A recent study compane d multiple patients scross stnm]sted and
unstimmbited oonditions by first computstionally sepamting immune cel] typees {18%; todo thas,
the mesearchers aggregated celk friom a given cell gpe mito a peeudobulk BNA-s0q data set and
performed DNE using standand tools.

LONG-READ TRANSCRIFTOME SEQUENCING

The shart mead lengith of [Tumimna- based BN A-s0q complicates the wmmbiguons phomment of
reak b the genome, especally in repest regions (202}, and adds difficulties to the assembly,
®lentification, and quantification of expresed soforms 203=205). In contrast, so-called thand-
generstion, or long-read, sequencing technalogies, ked by PacBio (206) and ON'T, can generste
mmch kngrer reads. By s squencing single maleoules, they can ako foregoe PCR amplification, hence
reshicing coverage biases (207, 208}, Currently, long- read technologies moura highe raverage cost
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amul nl\igl'hermmte than shart-read S| U {203, M. Himvever, thas :i:nﬂ"l-:id]}' dﬂdtp-
:ingﬁd:l, amul IrOVEEnAS I ST e amal ﬂ\rmlgl'qmtm ml'l-e-:qwctﬂl.

The strutegies employed by PacBis and ONT to genenste long s=quencing reads of single
maleoules differ in ITEY WS PacBin, with it= BSIT and S-Equ:] mstrumenis, uses SMRET sm-
gl molecule real tmed sequencing (210, where the resctions wke place nside so-called zem-
misde waveguides (ZMWsh (211} At the hottom of sach ZMW, there 53 smgle DNA polymemnse

malecule. As the polymemse proceses o DNA fogment, the moomeorstion of each nucleodide
leasds tew o fluorescent signal, whach & detected by the ZMW and converted o o base call. A spe-

cific chamctersmitc of the FacBio hilmry preparation spstem is the crestion of SMEThell te mpletes
(212}, which are dhvained by gating SMEThell haimpin adepters. The remlt & o croular cone
struct, where the two strands of the template are separated by adoapters with known sequences. As
the construct & processad by the pohmerase in the ZMW, the orignal templite can be passed
muliiple tmes. Since the sequencing e mmors are lirgely randiom {213, the lese-level emor rate can
he considerahly reduced by forming o consensus over these msses.

ONT, in contrst, uses o different ssquencing strategy hsed on protein nanopaores placed in
a pelymier membrne (214} for sis MinlON and PromethlON ssquencers. A current is passesd
through the nanopores, and as the templite molsoule 15 passed through the pone by o motor pooe-
teimn, each combination of hases induces o change in the current. Analyzng the exct natume of thes
change allows for the identi ficoton of the termplate ssquence. By adding o haimpin sequence to the
enal of the double-stranded cDNA fragment before denatuning 3t into o single-strnded molecule
an«l passing it through the nanopore, both the template ssquence and sis complement ane -
cluded i o singde read and con be combined at the base calling step to generate o hgher-quality,
sow called 210, reac {2155 In convtrast to PacBs, ONT alse offers dinect ssquencing of RNA (2163
Addvantages of this mclude that the reverse truns coption step 15 avodded, which may reduce hioses,
anel that RNA maodifications can be directhy obsenved, since they also change the current passing
through the nanopaome m charsae nste ways 2175 However, at present, the required smoumnt of
sturting materil & oonsiderably higher than for cDNA pootocek.

Applications to cDNA (RNA) mclude both transcoptome-wide ssquencing and chamcterm-
tien of specific genes vis mrgeted sequencng (14, 208, 218=222}, ax well as performance svalwe-
ticns hased on synithetic transcopt catalogs [ERCC (External BNA Cantrok Consortum) with
92 sequences or STEV (spdke-in RNA varmnty with 68]. With LETS, every read potentially rep-
resents @ full-length transcnpt. If thas were indesd tme, de nove {refeence- free) jdentification
of the full set of ohserved isoforms would be stmightforwand and would only require groupang
readds expected to differ only by sequencing emors (which, depending on the emor mte and zo-
form similanty, may nat be troviall. However, this & not curently the case, due to fugmentstion
an«l degmdation of template maleouks during libmry preparstion and eardy termination of the
sexquencing, which Jeads to smbiguities in transcrpt sl entification (223}, This means that it & not
ey ter dlete mmine whether truncated variants are present.

Trnscopt sdentificaton from LRETS can be either reference-hased or reference- free. The bit-
ter typacally invehes clustering reads based on smianty, follwed by polishing the consensis
sexquence within each cluster (14, 224=217}. Since LETS & stll o poung field, methods and took
for refere nce-hased alignment are stil] emerging but so far inchide o mix of eshlished took, uch
as GMAP (58}, and new innenvations, such as mmamap? (228} A recent study comparing Pachio,
ONT, and Dhiming data {208} showed that the long-read technologies were ndesd much better
at cormctly dentifying expressed SRV tnnscrpts than de novo assemblies of short reads.

The rapsl technokgical devekypments m LRTS ako mean that the mead generation proces
{2 g, hases affecting the ohservaton of a given read} 5 stl] largely unknown. In addstion, read
lengrths are exremely vanahle, ermr rates are relatvely high, and throughput & soll reltvely Jow.
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Faor the PacBio BSI nstmument, the zalection nfu-umiﬂmnh:lﬂa & hias ed toward short se-
qum{.!li}.Mmp]ﬂ mt}lp.:n]]}' :ize-ﬁn:ﬁflutedheﬁmremquu‘h:i‘ig,ulﬁdi dEtorts the
nlmndﬂmentinntﬁ.Tﬂmhmguﬂmﬂmnnd ndtﬂ'mpa:ﬁrml:emuﬂteh’uﬂ:’.‘ﬂqmﬁﬁm—
tan from LETS more difficub, and new modek and toak will be naaded-Emu'ﬂgiig]}',im
ntlu.d].' ghavwed duth].' mﬁ:’ning"l..m uhdﬂhmiu-:hh,memuﬂteqmlﬁmﬁm for the
artificial STEY transeripis could be achieved (213}

Smeoe shundonce estmation for long reads retums values in the fom of read {or transcrpd)
counds, it 15 phusible that the DE machinery developed for short-read dats con be gpplisd ina
simikir way: The quality of the DE calls will be directly dependent on the soouracy of the shun-
dance estimates. However, the current low depth of sequencing compared to shornt-read doto sets
will ultmately Jead to low power to detect DE festures.

SUMMARY
T'm 4 seiemmier and T loncew whenr consgimes procf. Bor dhe reason 1 eall mypself by my dhilld bood naame
i o remind myelf dhar a scienmisr mmas abo e shaobarely ke g child If they] seea dhing, [dhey] mies
sy thar [they] see i, wherher i@ was whar [dhey] dhooghe [they] were gaing @ e or oz See firs,
rhink ks, then ner. Bor albways see firer. Oeherwiiee yon willl only seewhar yon were evpecang. Mosr
s end s forger dha

—adapred from The LTamaie Hiadbiler's Gadde a0 obe £ aawy by Dovglas Adams

In ihas review, we gave an overview of the data scienoe n'Fgeme:l:'rm:irm ﬂu]].-.::k..w:iﬂ\n'ﬁum
mnﬂﬂﬂﬁshﬁﬁnﬂehﬂuaﬁ[ﬂ-klﬂﬂﬂmﬂmnﬁd siwtistical uﬂmkﬁwm:dng'ﬂ'ﬁﬂﬂﬂ'ﬂy.
m.l’u-naq data are ofien an inbe mnedote d:im‘n!ﬂj.- st v where the detected mnhzl.ﬂnrdungu
e present cana 1kt for 'E.u'd'bﬂ'ﬁ'h]]ﬂ“‘-l.l."h. Monethek=x, the ﬂu]].'m tfm.l’;-neq dmﬁwgube
:q'n-:remim:is n]rend].' very maire, due b deep l.nd-:ml:u'bdmg of the hiases present, oaw ihe 1M1=
plementation of efficient dats structures and algorithms for procesing the dats mto (etmated }
cont tabdes, and to g refmed und-:mundhgnfhnwuﬁﬂumkpﬂ'ﬁumvhﬂﬂrmn}'huﬂm'h
avad luhle.

L‘]ﬁnﬂd}l,dﬂmnfﬁﬁ-ﬂeq Hahiuﬁ&wﬁmﬂﬂﬁmﬂditk]id}- that
[humna-hased short-fragment BMNA-seq will continue to be the workhorse for the field for many
].Elr:."l-’ﬁd'iﬂ'he :l'h:rumngﬁddn}' n'F:ing]e-q:d] l'h:l'l'!m-:n]!..mﬂ'l}' el s ame e TN b dima] wrih
the addclitional mn[ﬂenuﬂ n'F::'l'ig']e-nd] measurements, and thess will be funher relmed in the
cewrring yeans . Simlarly, with the decreas mg cosits and Jower ermr rotes of long-rewd technoksgies,
it may he posible o chameterte alternative transeription quantitstively with full-length tran-
nezedds o b learnesd about the hisses present.
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