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e Abstract

Them has been rapicd development of probabilistic mode s aed inderenos met hods for tron st
abumedanee estimation from BN Acseg data, These models aim o acemtely estimate trameseript
kvel abnmdances, to accomt for different biases in the meamement pocess, and even to msess
wneettainty i resning estimates that can be projpagnted to subsspent anabeses, The assomed
accuracy of the estinates inderred by such methods umederpin gene expression based amalysis rout inely
camied out in the kb, Althowgh hyperpommeter s bkection & known toatfect the distributions of
intemel abmdances (e producing smooth versus spame estimates ), stmtegies o performing
kel selectiom o experimental data have been addressed informally at best.

Thus, we derive perplerady for evahiating abimedances estimates on frogment sets dimctly, We
adapt perplevity from the anakgous wetric wsed o evahmate language and topic wodels and exbend
the metric to carefully acoomt for comer cases wgue to BN Aeseq. In experimental data, estimates
with the best perplevity also st oorrelate with g CH weasuremments. In siimlated data, perplecty
B well behanoed and conoordamt wit b gmomeswide messurement s against groumd trwthand ditterential
e pression analysis.

Tir o know kedge, our study i the first to make possible model selectiom for tmnscript abomcdanoe
estimmation on experimental data o the absenoe of gronmd truthe
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1 Introduction

D tes dts aceuraey, repusdueibility, shnpliciy and low oost, BNA-seg bas beeome o of tle
nest popular high-throughput seuencing assays in contemporary use, ael 1t has beooime
the de fecto wethod for the profiling of gene and transeript expression n sy different
hiclogieal syetens. While there are many uses for BNA-seq that span the gamunt from
e oo raree riptome assemnbly -"r |.I::I: througl meeta-transeriptoms praliling :H-IZ:I:: o of
the most common wes 12 to loterrogate the gene or leoformeleve] expression of Koown [or
rewly=asmen bled) trarseripts, often with the sulweguent goal of performing a differential
aalysis between conditions of hiterest,
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Becawse of the popularvity of geme amd transeript expression profilingg using BNA g, cou-
silerahle effort las been expended in developing seourate, robust and efelent computational
rsetlods for inferring transeript alundanee estimates fromn B NA-seq data . Sease popular
approaches forie on comting the allgned BMNA-seq reads that overlap genes in different
waye [1, 19], However, these approacles ave e principled way to deal with reads tlat align
well to mult iple docd [eog to diffevent sofonne of & gee, or between sequenee-similar eoons
aof related genes), and this restricts thelr use prinscily to gene-level analysls, where they
meay sl wisder-perform more sophisticated approacles that attempt to resolve Tagiments of
amblgnons origin [

Alternatively, msany approaches offer the ability o esthnate transeelpt=-level expression
ising BN A-seq data [which can, if later desived by a wser, be aggregated to the gene-lewl].
The majority of tlese approaclss perform statistical infereme over a probabiliste genemative
maodel of the experiment lased elther on sufflelent statkties of eounte [13, 36] or the set
af fragment aligmments themnselves lf Moreover, In addition to methods foeused on
deriving podut esthmates for travseript abudasess, tlee loe been conslderab le developume
of protabiletle Bayesian approeaches for this nference problem [9, 11, 22, 2, 3, 36, as
well as recent attempts at nlt-sample probabilistle mesdels for slmolanes s experiment-
wide transeript abumdanee estmation [14, 15, Bayesian approaches can sometimes offer
meore Aaccurate or obust Infeence than methods lased streictly on masiomom ke lihood
estimation, bt tlese Bayesian models invariably expose prior distributions, witl associated
Ly penparame ters, upon wliel the waulting nfeenees depend.

Interestingly, the recommended hest practices suggested Ly the diferent Bayesian [or
variational Bayesian) appraaches for selecting hyperpavanstes differ. Specifically, Narial
ot al. [22] evalwate performanes varyiog the prior wsed o their wriatios] Bayesiaon ex pectation
nsiximlzation [VBENM J-based method, and they conclude that a small prior (Le. o = 1)
bkt a1 sparse solution, wldels, by tum, resulis i lnproved acenrvacy. Chn the other Teod,
Hensman et al. [11] perform inference using a prior of o = 1 read per transcript. They
fined theat, dlodng s, thelr metled prodsces the most mobost estimates (Le, with the lighest
concondanee between melated replicates] that are also more accurate wnder different metric
tleat they measue, Thalr eonchsion & that methods adopting a masdmunmn Tkelilsod mode]
i ferved sing an expectation maedmization proeediore tend to prodises sporse estinntes ¢ ke
ton tlee boansdany of the porameter spuce which leads o ees rolist estimation anong related
sanples, Unfortuately, regavdless of how prioe stedbes have acgoed for a “betier” prlor,
e provide an empivcal o practical procedue for model selection. Rather, they slow tlead
a valie works well across a range of data wikder some evalnation metric, and set this as tle
default walue for all inference tasks, Ghen the momber of existing methoeds that ean make
et oof prdor information [inelsding methods The those by Srivastava et al. :H-]: for slingle-eel]
data, or those by Lin et al. [2)] that uee orthogonal modalitles of data to set prioes], It
beercsmmess: Tneresnsingly i|:||.]:|-::-|'|z|.|-1| to develop methods that lets ooe robustly aod automatieally
pelect an appropriate prior [lyperparmeter] for these algoritlomes.

T perform nw=lel [or hyperpamimeter) selection for transeript abndanes esthnatons,
are st he able to evaliate estimated abudanees, However, evaluntion of alnmdance
estimates romadie o clallkenge for cwrvent metlods on experimental data wlere groosd trutl
i connpletely alsent, Notahly, evalsation of traseript abosdanoe estimators on experinental
data bave relled on careful experiment design that enables comparkons to complemeantary
assays [eg, correlation with gPCR) o measiemeants (eg, comeordanee with Known mixing
proportions or splke-ire) (35, Sueh evaluaton procedures vary from study-to-study, and
are r:i||:|11|_'.-' 1t jJI::IH-C“IIE"! welen -:'&-::lll:lpk‘!ll:le‘!lll:‘l.l'_'.-' !’L'qjle‘!l'ill:le‘!lllr: are not -:!!'!-Ci.!{llﬂl:! ar avallable.
Thus, the mtural guestion = then oen e quelily of transerip! elundance estimales be

menndngfully conlacted on e et of given fragments divectly ¥
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It msay Indtially be unintoltive to think that the “goodress" of a tranzeript alnmdanes
extimate can e evalmmted fntle absepee of growmsd trnth, However, na related Hne of weesrcl,
likoeli I = b et vies: T assessing tle gquality of de novo assemblies, wlhere groomd tatls is
unavailable, lave heen explored. For example, Ralmean and Pachter [27] developed a metlod
to compute tle Tkelloodk of assembled genomes; Li et al. [18] developed a lkelilood-based
eoore o evaluate transeriptonse assemblles; Smich-1Tnm et al. [#2] developed a method to
aspess the quality of assembled contige in trarscriptomes; and Clark et al. [6] developed
a method that = applieable to hoth genonse amd netagenomie assemblies, Furthermee,
il we look o other uwrenperviRed problem settings where groumd tmth annotations are
alwent, metries for measuring the “goodness" of estimated medels with latent pacaneters
rot only exlst, bt arve regularly veed, For esonple, metrkes soch as the sllhouette seore
e 1o evaluate chetering algorithms come o mind [29]. Tn fact, evaluation of wsnperyvised
prokabilistie models, especially lbonguage aud topic models o msmtoal lasgeage proeessing, is
commonplace [1, 12]. Specifically, perplerity, the nverse geometie mean per-uornd kel flood
of a held-out test got, has heon ublguitosly wed to compare models [4].

I this work, we derbve pemplexity for traseript abundanee estinsation with respect
to held-out per-mad lkellboods, Ag we ghall see, the perplexity of a hell-out fragment
el given an abundanee estinsate, computed via a quantify-then-valldate approach, 1=z a
theoretically amd experinentally motbated measore of the gquality of the given estinste.
Motalily, perplexity gquantifies an lmportant biolegleally motbvated Intoltion — that & good
abumsdanes estimate cught to genemlze and gememte tle validation set, which &, ina senese,
a form of a tecludeal replicate, witl high puehahility.

Perplexity can he wed wherever the assesmment of the guality of alnosdanee esthnates
Iz desived, For example, perplexity can be wed to eompare diferent travseript abhoxdanes
estination algoritlons or, as suggested above, to perform model selection to obiain tle most
accurate extimates Trom a given algoritlon. In tlhis work, we foews on experimentally assessng
perplexdty with wepect to the latter, model selection for the prior wed to estinate abusdances
with salmen ﬂr [n salmen, the reads-per-trarseript prior glee =2 a hyperparameter that
contrak lte preference for lnferving sparse or scoth abodanee estinmtes, Notably, the
preshlem of wodel selection ofers a suecimet assessment and nanediately wefal applcation of
lwwr perplesity can be computed to evaliate asd compare e gquality of candidate tanseripi
alinxlanes extimates.

1.1 Contributions

Theoretically, we derive amd motivate a wotion of perplesily Tor transeript abosdasee estima-
theas — a meetrie for evaluwating nferred estimates o the abeenee of ground trutl, Expecimen-
tally, we demonstrate tlat perplexity for traseript alnmdanes estimates g well belaved,
el establisls empivieal correspowlence hetweon perplexity aml other metries tlat ave more
commnanly e to demostrate the “goodness” of tmuseript almelamee esthnates,

W smnnsarize our experimental contributions as follows:

1. In experimental data from the Sequencing Quality Control [SEQC) consortinm [35], we
ghow that transceipt alundanee estinstes with the owest perplexity (ower iz hetter)
achieve the highest eorrelation with complamentary gPCR messurements of blologheal
replicates.

2. I slmulated data, parplexity & coneordant with respect to thiree measmemnents against
conied trutle: Spearman correlation with respect to expressed transeripts, AUROC with
respect to unexpressed transeripts, awl dow rstrean differential transeript expression
ansalysis,
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Exidenced by tlese mesults, we propose perplexity as the Rt and, to o ksowledg, only
tleecretically and experimentally istified metvie for model s lection for trnseript abunsdances
estimention i erperimentel data where geand tratl s eutively abeont.

2 Preliminaries: (Approximate) Likelihood for transcript abundance
estimation

Before derieing perplerdly for tmreeript abundanes estimstion, we ghall helefly recall and
define the necessary objects that pertain to the e lihood of the probaldliztie mode] that
e rphis transcript alosdance esthmation [as o :l'i". ﬂ'ﬁ 1.

The trareeeipt alnmdanee estins ton probilem, or guantification, feom short BN A-meg
Fmgoeends [a term vsed to refer, generically, to eitler single wads or wad paiig), B the prohlem
of assigning each fragrment f; of an input fragment-set F = {f, .. fy} to its transeript of
arigin. Bor this work, we slall only eonsider gueantifieation with respact tooa given e ferance
el proane wlherely o guantifier maps eacl ot Dagoet _.r__i tooa transeript fn oo Japod
set of reference transeripts T = {f1,..,far}.

alven the sequence of an Input fragment, sald fragment may align to more than one
trrmseript, £, i the refeenee tanseriptoms T, Here, the de fecto method for detenmining
trnscript of aigin for fragiments tlat mualtemap too more than ane transeript s to view e
true fragment to transeript assigonent as a latent vadable, aond to nfer the latent variahble's

expected value by performing bafewnee i the wsderlying probabilistie model,

Asmnming an appropriate normalzation of allgnosnt seores, we write the probahility
of obeerving a fragment, §;, given that it originates from [or aligne o) transeript £ 1o be
F1f |80 The probability that a molecule in a sample that iz selected for sequencing i= the
Prscvipt £ 08 then P88, o maltincandal over T Margisaliz g over all possible aligomenis,
tlee Gfeliood of obaerving the frgment set F given medel parameters & s,

aNAT

PIF E]:HZP[r, @1-PIF; | 1. (1]

i iml

In this work, we =hall work with the renge-foctorized equivalence elass appoximation
af the likelihood that bas proven to be effective and & efficient to compute [38]. Here, sets
aof fragments In F that map to the sme set of trarseripts, and have slmilar conditional
prebabilities of avising from these tanseripts, ae sdd to belong to the sgquialonee class F9
[indexed by g). Iretead of working with alignment probabiities P[ ;|80 of each fragment,
Fragments G an equivalesee elss P9 ae approsdmated to lave the samne conditioml proba-
hility T[_,r__i FEL ) for mapping o each trasedpt £, Let O be the set of squivalence ¢lasses
ndueed by F amd P9 be the set of traseripts towhich § £ F, map. Tle mange-lactorized
aquivalence class approgination of the lkelilood FPLF |8 s,

A

PIF | #) = H }: Pt | 8- PIf; | F71) ) (3

Fagd kel

Here, the apposcimate Hkeilood can be compted over the mumber of milogue eguivalenes
classes, which & conslderably somller than the mumber of all pessible alignments for all
fragmenis,
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3 Methods

We propose a subtle hut instroctive cliasge o the woal computational protocol for evaluat-
ing trarseript abundanee ssthmmtes, We propose a gquesddfy-ten-salidete approach which
evaluates the quality of transeript abumdanes estinsates divect]ly on readesets, analogois o
tradnethen-teat approaches for evaluating probabilietie predictos common bn watmal laoggmge
processing [NLP) and other felds 3, Che 1.3 Instead of gquantifying all awailable fmgments
auwd then performing evaliation with respect to oom plementary measme ments downsteam,
tlee ot Dy=tlsen-validate approach validates awd evaluates the quality of a given alnsdance
extimate diveetly on a set of leldout el dation fragnents witlileld fom hoferenes,

We derive and adapt from NLP, the notlon of perplesily for trarseript alnmdanes
et it i for this queantify-tlem-validate approach 1, l?: . Perplesdty is ooanpuited given anly
ann alnsdanes esthmate, aud a eldout wlidation st of Tagnests as npot. Tloes, perplecdiy
evaluates the guality ol abomsdapes estimates on Tagments divectly and can evalsate stimates
fronm experhmental data in the absenee of ground troth, Mest lmportantly, evaluating
pErpleity with the gquantif-ther-alidate approach enables quantitative, evidence-hased,
erees-valldated selection of hyperparametas for trarseript abundanee estinstlon nsethods
tlaat e tlhem.

Perplexdty for trmnseript alnndanes estimation quantifies the ntution that an abnsdanes
estimate for a glven sanple ought, with high probabilivy, expladn and generate the set of
fragments of a teclmical replicate. Tlee key observation is that the Hkelibood PLF)E) & shmply
a value tlat can be computed for any Tagment set F amd any abundasee estimate & (o]
parametars], rmpective of wletler & i lnferred oo 5. 1 b8 the eontest awld application
af the Hkelileod, PUF ), tlat yields semsmntic meaniing.

Cliven a Tragment set, F over wlioel one seeks to dufer and evaluate alnndases esthmates,
the guantify-then-valldate procedure |z as follows, Flhet, partdtlon the loput st loio a
guentificd set, F, and a selidution set, F. Second, “epuanntily " anwd dnfer abmsdance esthnates
[mcedde]l parmeters] & gven tle quantifed sot F. Tlod, alidate amd compute the perplexity,
.f"'.f"[.?_:. #) — tlee Dverse gecmetvie mean heldsout per-read lkelilsod of oheerving the validation
et F ghvenn modde] parvameters & and the validation set F. The lower the perplexity, the
hetter the parametos & degeribe the held-out fragrents ..-"_'_: and the better the abumdance
estimate parameteized by & ouglit to be, T fact, i we believe that the generative model &
truly deseriptive of the distributions that aviee from the wisderlying blological aml teclmieal
phemomena, perplexity &, b expeetation, mininized wlen the “tre” latent parametas arme
i ferpad.

Formally, given an alnmdance estimate &, and a valldation fragment-set F = {_.r ..... -'rﬁ}
the perplexity for traseript abumsdanes estimation i

N
L - L .
X {_T losg PIF n'.'-']} = @xp % E log PUG | &)
J 4 e

PP[F,#8)

i3
hi)

1 N .
aXp 4 —— lewgr Fle | #)-PLG 8
Iy J

Cruedally, the probabiliiy T—"[_.F__i B ol obeerving eacly eld out Tagment given & & eompited
aved marginalized over two terms, T'[_.F__i i1 that depends only on the salldation =et of
lekd=out fragments, awd Pl | &) that depeds oaly on tle given abumdanee estinate,

Che partieular application of the perpledity netrle, which we explore here, s to select
tlee hest abumdaes estimate ot of maony candidate esthnates arviging Trom different. Ly perpo-
vameter settings for gquantifers. T, b this work, we e the mange-factorized aguivalenes
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class appradmation for perplexity [as in Eqg. 2) throughout [38). Given the range-factortzed
aiquivalenee clases, O, helweed by the sabidelion set, F, [where N9 02 the momber of Tragiments
iy din e‘!-:]ui-.z'l.|le'!u-::le'! class F7 £ E:I £ lse z'l.]J]Jl'-c:q:duu'l.li-::-u i

T 1 - . e .
PPF, ) 5= exp { —= " Pl |8 P [ F5 0] v 1)
=2 Ntle| 3 P (f; [
Fagl bl Fa )

W e salmen's selec tive-aligmme nt based probabilistie mode] for conditional probabilities
T'[_.I:_:. ..f"".l'.:l and effective lengths of transcripts, sloce the medel aed equivalence ¢ lass
appraximation salmen vmes has proven to he a fast and elfective way to approxinste the
full Hkelibood [15, 38). For the seope of this work, salmen'’s format for storing range-
factorized aquivalence elasses comveniently contalng all relevant nformation amd values to
compute parplexity with wastly smaller spaes veguivements than would be reguived Lo store
per-fragment aligmment probabilities f"'[_.r__i il

3.1 “lmpossible” fragments under parameter estimates @

W now address a perplexity-rebted e tlat b= migee to evalmiing traoseript alnindanee
estimentes — tlat an absarved avent o the validatioon set may e deomed “lnpossible™ given
rsodel pavanseters 8. The manginal probability, 'r'[_,F__i &), for oheaving a fragment f_, i the
valkdation set given sone abusdaones estimate, &, may actually be eero, even i sadd validation
fragment aligns to the veference traseriptoane, This ceoms exactly wlen all anseripis, 1,
ter wlike I the walidation fragment _.': meap are deemed wnex pressed by & (e, P8 =0 for
all sueh transeriptz). Hewe, we say tll _.r._; i an dmpossible fragment given &, and that & eeils
_.r__i tmpes=i bl When lmpessible fragments are oleerved in the valklation set, perplexity &
ot @ weeaniegfin] measirement .

T Hlustrate o mpossihle Tagments come o be, ooisider the foy example o wlicl all
fragments i a quantified st that align to transeripts A, B, or O only ambiguoesly map to
14 B orto (A0} That g, o sueh fragments unlguely map - a phenomenon obeerved
rather frequently for groups of slmilar lsoformes expressed at low to modemate levelz, Now,
suppose tleat an abusdanes estimation model assigns all seel fagments to traasevipt A and
produces an estloste & The guantifier msay be satlefying a preior that prefas spasity; or
prefens o do 2o hecause transcript A s comsidembly shorter than tasseripts B oad O, which
cives it a llgher sonditiomal probability wikler a length normalizesd model. In this case, the
msrgial pebability, T'I’_.r:'_; #], af obaerving a valkation fragment _.r._; that waps to {5, O} s
egnetly 2ero glven tle parameters 8.

A oo exonple, we rasdomly witlilseld varyving peroentages of Dagments from o sample
[ERR12E5495) ar valklation etz and uee all remsmining fragmeents 1o estimate transeeipt
abmndaness with salmen's default model (e, the VEBEM model wsing prior size of 001 wads-
per-transeript]. Figure 1 shows tlat at all partitiomsed percentages, impossible fragments o
tle valldation set ave prevalent with respect to esthsated alnndanees, In fact, die to the
]]l'!".zl.h'u-::!' af il]l.]]-::ﬂ-ﬂlk' ped, J]!'l'jilk'.'-'.il_'. as Wi then i H-:’;. 1 i e fised [-::-l' iuﬁuile':l for all
estimates and all wlidation sets o the experbnents below. An hmportast olesvation fn botl
Plee toy and experhnental examples = tlat tleae Heely exist better abmsdanee estimates 1l
wonkl call fewer fragments hnpossible, while still assigning ligh lkelilood to the rest of tle
[pe=sible) fragneentsz, For example, an alnmdance estimate that reserves even somse small
proabability mass to tramseript B e the toy example would nat eall the walidation fmgments

i -:'Jl.le‘!rli-::-u iul.]]-:m“ﬂle‘!.
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Figwre 1 Number of fmgments calkd inmposible verss withheld validation: framment set s
i sample SRR12E5496. All remaining fmgments ane wed to estimate alnmdniees nsing salmon's
YEEM memlel using default pammeters (ie. wing a prior size of (L0 resds- per-tmnscript §

3.2 Smoothed perplexity: accounting for “impossible” validation
fragments

Tl prrabilan with hmpossable fagmeans s not anly thar they exise. 1t s that, foeoa fxed

validai o Tegmenl =, perplescty deenns an alidaree esthnate thal cills ovens ciae Dgme

illljli:l."Q'C“JIr! LE ] U.'. as L] as an abndanee esthmate that callzs all Fre'q.:_me:ul:—c ill:l]r-e.ﬂ-:i|1|-e:.

However, the foneer & clendy prelaable o the latter. Furtherosee, az we shall 2ee o the
copprerimeent s Vst Esllowe, tlee mmmber ol Fragments calked Dopessible Dy oo aloosdaoee est bl
cann i taally b dleative ol lmeowsctes witln espect oo es instod abomdanees of tansecipts
callis]l expressed Ly & Thoes, ong st guantiatbvely acocunt for mpessible fragnenlis= 1o
atgahle The aomparison of estimatos et call some valldation lagmenais o pessilile.,

O lier elds tloat Bsoove adopred aoed weesd perplexity [eos ML wawally sidestep D issee
af Dopessihle events entieely both by ecnstroe ton aosd prees proeessdng, working only with
sieobbed prolabilistie medels o owhich eevenl bhas proba by eeca; o eooving mre
wonds Tror inpnil langoage eorpora, However, relther straeey B oavallable por appreopeiate
st evalisting tanseript alinislaes estimates, It s et weasomabile woe usefol G g
aixl ||.|-:'.-e!|r_'. el ol e EFEIN ALY traedenn -:;ll:’llll“]-e:lf-: RE] ]JI'-:'.-e!IJ-::-I’! st h aulpHil= [-::-ullnll.-c I
wldel v transceipt has troly zevo alnndance], aod fmgroents and teoserlpis cannot be
pre=proeessed away sleee the set ol expressed Loserdpts comeet be Wdeutiled @ pedori, Ohe
my ako be tempted to simply emove inpossible fagments fom a valldation set, F, hefoe
axatmiprial i s perplesity or lesld ont faguents — bl this alse s ael a0 valisd steategy, This s
haziase e different abandanes sstinaioes 8 and & ooy eall different valldation Fraginwnis
i ..-'E ill:l]J-e:-e-:-c“lle'!: anl f&-:.l||l|ﬁ|.|'i:-n-::-||:'-c al Tlee lilhwsondz _Fr[_i'“':ul]“'| aned .F‘I:J_'— ) are '!:'II|,'| ||.|ne'!.-|.||i||gr|.||
Ml valiodatdon sele ard e g [|e F= .."E'_I. Frortlermmee, there oo sieadg b forwand

elrabegy bossunphe and holdoul vallklatksn Prgosnts go Chat o fragments ave Toapeessille.

T his bs b nest salldation Dag ootz it be determilned o be bnpossthle peior 1o
abundanes estimatken, and aoy o-ondforn sampling seatey would alter the underlying
distriliitions tlet estioetors o fo infer.

Thuz, we propose o seeoo ed peeplecaly measnre to evaloate the qualliy of abundance
el diates b owlakels o ocasbstent s laieg seleme can be Guiely applied ooy glvenn o binsdaee
extimte, By smoothiog ao bopot alnodanes estiosite, mpossible fagments et dooa
penalty lsstend of inedintely slainking F{FE) loeoe, Maw coneretely, we deline smcootled
parplediy ghven alnmelanee estinals & to he the perplexity evahmted with respect to the
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Figure 2 Cherview of the quontify-then-miidote approach using sneethed perplerity toevaluate the
cpeality of a bimdance estimates divectly on fragoent sets i the absence of goamd tooethe [ 17 An gt
fagment set & trst partitioned into a guontified and a sofidotion set. [2) Abmd amee stimates for
difterent candidate nodels |e.g for explored hy perparaneters as part of made] selection) are indermed
from the guandifim fragment set only. [3) To account for = impesitle” fmgoents and il shrinkage
tor umbomecded perplexities, given abumdance estimates are smoathed [see Sectioms 3.1 and 3.2). [4)
Mapping probabilities to the reference transcriptome ate commputed. for fmagments in the validation set.
191 Smoetied perplerdy computed given each mput abundamcos estimate and the held-out validation
tmgment set can be used to evmhiate and perform mode] s lection - the bwer the perplexity, the
bertter an abumdance smtimate deseribes the heldeout set of validation fmgments.

srootled disteibotion UG 08010, The Laplacian smoothing schense s 508 emooths npot
alnslanes estimate & by rediEtriboting a small comstant probability mass, Lot P |E) = 1,

anwd N be the momber of traoscdpis i the referenee, tle smoothed distdbution P =5 (8],

parameterized by 7, & defined:
P . T i3 o
.I'-"[I'. I-C.l[l|.-|‘_|_| = W [_-..|

e ni
[hig ig equivalent to adding, for each transeript £; in the reference, 7.3 ¢, /I; reade-per-
mclestide to the expected fagment sounts ¢ then renormalizing to obtain TPz, glven
the mexdel parameters & and effective tramseript lengtle I, (as defined o zalmen [26]].

We are now ready to define smoothed perpleedty o full, Given an alsdasce estimate &

ad o valldation set of Dagments F, tle smoothed perplexity measue FFLF ) s,

boEfHFA )

. i - -
PP F, i) = exp % YoONThg | Y Pt ssl®) PG FL ] (%)
N iz

We schematically llustrate bow smoothed perplexiy using the propesed gquantify-then-

valldate protocol B oomputed to ealuate the guality of transeript aluondance esthmates in
Figum 2
e 2

For all following sections, for hrevity, we slall we perplesilty o mean smonthed perplesity

un less stated otlerwise,

3.3 Model selection using perplexity in practice

Arguahly, one of the most e Dol outoomes of being able to evaluate the gquality of abusdanee
extinmtes in the absenee of ground truth i= the ability to perform medel selection For

e vipt abindansee stimation fn experimental data. For tleose fmdliare witl tiad e ten-tes
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experimantal protoosls for model selection i macline leanng or NLP, model selection for
trarse ript alnmdanee estinsmtion s -e-ws our propoessd guantify-ther-amlidate approach 1=z
aralogons and Ldentieal n abstraction. However, sliee, to our knowledge, this work iz the
fiet to propese s guantify-thervalldate approach for taneerlpt alnndanee estlmation, we
glall biely detall low perpledty ouglt to be wmed n practice,

Let v oonslder model selection via fefold cross-valldation using perplexity given rome
fragrsnt =et F. Fist, F s randomly partitioned into five equal slized, nmtoally exclusive
valklation sets, {.?-'__ ..... ..'"-::_} and quuantified gets are subsequently defined, F, = F—F.. Now,
suppiss we desire to e hoose hetwean L madel configurations (e.g. froon L by perparametar
soettings]. Tlsen for each -t calidate model, we produoe a traseript abuislasee estinate
Froam esauely d=thn aquennt dfed set El:l'; . Toselect tle best ot of the L eadidate models ome st ply
selects the model tlat minimizes the average perplexity over the five folds, -;E,W[.?_:. .ﬂ'ir: 1.

Che additional practical eonsideration shouk] ales be noted. Given ey palr of gquan-
tification and validation sete F and F, a valldation fragrent, _.F__i £ F, can he neresserily
anpossitde. A pecessarily possible salidation Frgment (2 one that msaps to a set of tean-
seripts to wldels e fragiments fn the guantifed set F alao map, Sucl o fagment will always
b cnlled Tmpossible given oy abudasee estimate deviving Trom the gquantified ot F, slnes
s fagments n F oprovide any evidencs tlat tanscripts to whicl _.F__; mEAp fe exp e,

It iz of Hmited meaning to evaluate estinsates with respect to ecessarily hmpossible
fragments, For tle poposes of this work, we slall cosider the peaalization of an alnsdanes
estimste only with respect to lmpessible fragments that ave recoverable — i other words,
fragimsenis tlat conld be assigned porezero probability ghven a better abumdance esthoate
inferalile from F. As ench, we remove necessarily Impossible salidation fragments from F,
given JF, prior to computing perplexity.

3.4 Data
3.4.1 Sequencing Quality Control (SEQC) project data

We downloadad Tl s HiSeq 2000 cequenced data consiting of TO04-100 mcleotide padved-
e readds fronn the Sequencing Cuality Conteal [SECHT) project :J‘I-'"i‘:. SEQC snples are
libeled by fowr different conditions {A, B0, D with condition A belug Tniversal Human
Referenee RNA and B belng Human Bain Reference RNA from the MAQC comsortium 31,
with additional spike e of synthetie RNA from the External RNA Control Corsorthom
([ERCC) (2], Conditions O and D are generated by mixing A and & in 31 and 1:3 ratics,
rempes tive ly,

I this work, we avalyse the et foure replicates from eaeh condition sequenced at the
Beljing Genoonles Instiiute [BGL - one of three offielal SEC sequencing centers. For
encll sample, we ageregate Fragments sequenced by all lanes fom the Boweell with the
kxicograplically amallest identifier.! Quantitative PCR [P CR) data of tecloical replicates
for eacl sample i each condition are downloaded via the sege BioConductonr package.

3.4.2 Simulated lung transcript expression data

We slimulated wad-sets laesed on L) sequenced healthy lung samples, with Sequence Read
A reldve acossion monhar SRA12E65{495=504} lﬁ Tranmseript abnsdame estimates inferred
IJ_'. Saluoin Ihil.lg e ==z oEM Fmg for el I'E'I.IJI.JJI!"! are used as gl'-::-uu-:! truth abmdaneas for

! Reripts to downloed end aggregate SEGQE date are awmiklde at githob.con/the jasanfan, SHC-data.
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resad slimalation [expressed o troseipts per million [TPM] asd expected read per-tmnscript
aomntz]. Then, transeript abimsdases o sonples SRR1I265{495=-459F, for 1FT of tanseripts
ey pressed 1 oat least ove of the five sonples, ave artificially up or down regulated by a
constant faetor [20000) to shmulate diffewential tramsedpt e pressdon. We treat the resulting
redck per-transeript comts s grond trotls, awd geerate for each sanple a fagme nis set of
PO 100 mneleotide pouivedbend veads using Polvester at o wdform e vate of 00001 witl no
sequence specific bias [8].

3.5 Evaluation and experiments

The purpose of the experiments n this work are twolold, Fleet, to extablizh the velation-
glip and eorrespordence between perplexty and commmonly wed measres of goodnes or
accuracy n trareeript abumdance esthosation, Aod second, to demonstrate bow model and
iy perparameter selection can be performesd using perplexty. In partienlar, we pecform and
evaluate lyperprametar selection for galmen with respect to the prior &ize fn the varaticsal
Bayesian expectation measdmbeation [VBEM) model wsed for nferenee [26]. The wser-seloctod
prioe glze for the VBEM model in galmen encodes the prior hellel in the monher of peads-
per-trasedpt ex pected for any fuferved abnsdasee estimate. This oy perpaameter eontrols
galmen's preferance for inferving eparee or smeooth estimates - the smaller the prior =lee,
tle gparser an esthoate salmen will prefer. As diseissed above, prior studies on Bayeslian
mede s lave not necessarily agreed on how spaase or simooth a good estioste ought to he
[11, 23] - the experiments in this work alm to provide a gquantitative framework to settle
tluis o Engreamnant.

We perform all experiments acoording to the proposed guantify -tlewvalidate proeedure
and veport reanlts with respect to vadous metries ower o S=lfold cros-validaton protoeel. We
gl the smoothing parameter for perplexdty to @ = 107 for all experiments. We 12e the
Ensenhl lomman refewnee tramseriptome GROLET (release 1] for all abonsdanes estimation
amd analysk [47).

3.5.1 Evaluation versus parallel SEQC qPCR measurements

We analyze the relationzship between perplexity and accurate alnndance esthmation in
e perimental data from the SEQC congorthom,  In SEQC data, we evaluate accuracy of
abuisdanees estimated by salmen by comparing estimates to gPCOR geme ex pression data on
hiclegical wplicates, a coarse pragy to groumnd trutl, We esaluate tle Speannan corelation
Feer bz g ecpressions of gPCR probed geses i SEQC replicates vesus the sorrespoasding
alnmdanes estimates, Gene expresson from estimated trased pt expression is aggregated via
txImport :H-.'{: with transcript-to- gene annotations from Enslb. Heapi ens . vBE ﬂ'-:!- From
gense expression data, Eisemb] genes are mapped to corresponding Entrez IDs via biemait [7),
anwd BT gewes ave fowd to ave a corresponding gPCR o measurement o downloaded SEQC
data. Expressions for genes with repeated entries n SECH P CR data ave averaged.

3.5.2 Evaluation versus ground truth on simulated data

I stmulated data, sisce gronsd troth abosdanes are available, we compae estimated TPMs
[eomputed by salmen) agalwst gromm] trutls TP wisder two metrics,

First, we consker the 5 pearman correlation with vespect to known expressed transe ripts
(e, traseripts with mon-zero expression n geand truth abusdasees). We elioose toevalismte
Spearman cormelation with respect to gromsd truth non-zers TPV hecuse of the presece
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af many mesp ressed trarscripts s the gronnsd teacly, seesaing a gl mnher of valees tied
ab vk zers, Here, sued] deviat s I soios can kad 1o large eleoggos o moek, leading 1o
tn=Leiv il diferences o the resuli iIIH_ 'Hj_]-e'!."ll'mzm correlatlon metrke. We deinonstrate this

plecnsme pscay wid by pespeet fo fle groomd tnatls alvosdanes ol a slolated oo ple | SRAL2E5455)

wlth oorean TEAM of 5098, L whieh 495 of transeeipts ame onesrssed (5208 0 LGT R,

W repodt Elie change o Peuson covrelation, B2 score, amld Speacnsn correlation of gromsd
tratl TP Ms versus gioaie] rath TEMs pecturbed witl cmally alveibngfedd aoize ol vary g
standard deviatkans, As we con s Dian Figuee 3, avensaall pertachbatkens case marivivial
changss in Speavmmn ok comelation, while changes o Peason corelation are eotimely
|IJl].|-:"'|'-c':'_']1I ihle, Tl Poarson eorielition, Lo ver, suffo s fiome tle well Kiooson j.lll:!lllllc!ul. Llsat,
i keng-tailed disteibubons spaming a larg: dyoamie moge, like Chese commenly olecrmied fo
Pruseript alousdnees, e Poarson aovrelation & Loagely ddomdmoed by thee iest aloasdaont
LiEnseriprie,
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Figure 3 Spearmean comelation, Pearson comelatiom sl i with respoct toall ramscripts I the
mwierenee, aud A URODC for moealling gowed tncth wecpresssd ranseripts, with respect fooacdded

wommally distribated node with varving stancdard deviatioms. Plotted lnes for Peamsan correlatiom
and f* owerlag

Soeconed, wo oo konenl measiring Spoarman correlationn of ieaeaa grond toatls TPM=
witl repontieg e oo imader receiver apeinting cliaacrenstie |ATTROCT foor vecalling groanisd
Pt e ios Dared con enblneted aloosbomes, Wlille Dl e roment of 5 peanen oorrelation
an e traly expressed teoseelpte 2 owoboast e eoall changes o predicied abondance near
s, 10 Dol b et Tor Gilse postive predie tons even i taey oo ol wae=1eiy bl aluiedooee.,
The ecoam pleme wtany metvke of the AUTROET R vecalling, roansd Vol sevos complenent s tlead
ueel e, siaee it s affected by Take positive predict ions

3.5.3 Differential expression analysis on simulated data

W peafonn voseript leve |l diferential exporession amlyvais and analyee e recall of known
allferantially e pesesd rrseripts hslodatad long s data (See 30002L We perforie
differantal e presslon analvelz ot the anevip level using swish :-;l’F. iy M0 dnferential
replicates Doom salmen.  We modifed ealmen o ensare that pelor sizes supplisd via the
==y BPrloe [og ae propagated o Ule Gibbe saonplhng algocitlom, We plel ecolver operating
chamoterktie [ROC) curves aod eport the nean AUROC for predicting diferentially
g premsi] transeripis over moliple foll We arsign = | Lo transcedpis for which swlzh
chsem nol assign ad histed P-saloes,
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3.6 Implementation

We Tmiplement smoothed parplexity In Bust amd provide snakemake (4 workiows te (1]
=Rl e gqual iliee]-validare :-:plil:-c af read-sets for K-fold erossavnlida |il::-ll: arwl 4] compuie
perrplesiitie s of salmon aloosdoses et bountes witl respect o alldiidon fagmenl etz al: htbpa:
S githul, com/COMBIRE-1ab/perplexity. Code bo reprasdoes tle exparinenes and Hgues
forr this wovk s available at hetps: / /github. com/COMEINE- lab/perplexity ~paper.

4  Roesilts

4.1 Lower perplexity implies more accurate abundance estimates in
experimental SEQC data

arzh &t Carsl
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Figure 4 Pemplexity phits for SEE samples. Plots show perpleity versues Y BEM rosls per
mranscript prior size for SECH sampla - phin anly for the first replicate of smnpks foan conditions
A-LVare alwwa, Perplexity ploes for other replicates are consis et wit hin concitiom amed are inchoded
i bl Appendic. Moan perplexities acmoss iive fokds are plodted ool and pemlexities o each okl
ore plattex) o gray.

I experimental data from the Sequencing Quality Control ([SEQC) project [$5), we
dermensbrate tlat perplexilty can be wed to perform pasooetar selection and select the
salmen YEEM priorv sie than leads 1o the mest accurate tanseript abnnslance estioanies:
We note that perpléxily plots for epbaates are sioallar sdthin oondlitons A-0 and thos
neludke canly plests for tae fst peplicate G eacl comdition e e madin text - plots for oblen
saunples are preseiated fo tle Appendiz, Figme AL for sonpleteness,

Enmpldeally, perplsdiy (2 owell-balsvad over all sanoples o the experinsental data, As
slewinin Figuee Loved 5§, plots of perplkeity agabhest YEEM pocr sise aoed Speavinamn cormelation
agalrel Y EEM prlor slee bhoth dizplay an smpleleally cooves shape aalobmleed at the sae
WEEM pricr sle T his sigggests that mdulodsing perplesity s, al least, lesally optimal witls

respect fo e an -::lrle'.'-;.jﬂ-::lll:ﬂ |1_'. PErpasR L alorE.
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Figiere 5 Spearmoe correlation of aludamnce estimntes ot various VBEM mods per transcript
prior sims, versus pamllel gPCHE microarmy gne-espresiom measumments comeditions AL Each
point i above ket indicate the mean correlabon aorea weplicabes for o given Bl

Furthermore, for alnest all saoaphs, perplesiy B ominimized whers corelatlon with
P CE mensme ments = maximdeed, For all veplicates o eomditions {05, O D} estimates tlai
s perplesit y witl respect to ekl vallcdkiblon fraggents aeloeove e best ooprelaton
witle P OB messnred g e expression. For replieates o flese comdit ks, abnmedanees infered
sdin o ke slee el T oreads peos teoese cipl resilted by esd bmates sl e fosest perplesite, Lo
replieates from condithon A, estineates with lowest perplexily are siguilicantly better Chan
extinstes al default by perpasmeter settings 001 reads-per-anseripl ).

Pevliape srprsinely, bt peoplesity ais] corelat ki against PO measaeme s predoer

a reads-per-tmuseript priod swe that s larger than tee Q001 s per-bhanse ript tal B e

current defiol For the selmon YHEM medel, Sekoting a larger per-teanseript prese Toe

Pz vip . alisiseboisee st inat fon witls salmen wealts i estimates tlal aie moee st aisd
lesan S For st b alinvedanes e=i ilua‘l.lle‘b-c: ferworn salidation time rl'ﬂl.'ll.';llllllh"-ﬂ fre ||k-e'.|_'.-
el lend i peesible [eonmiparsd fospuoser ot habes] . L tliese cases e minber of o pesailile
vesieds edlled by an esthrsoe ot only Indleaves nfeeodal arrorms wdth regand o tmneerips
tworrectly called nnexpresss], bub Hkely sugeestsz less aconate infermed almiodances with
pempecl Lo Lrase cipts Ll ae called expoeaed,

Ten thie Best oof conne Kieowledzme, s experiment s Ul st to carey oot botl an efective
aird uhisguiteisly applicable quenstitative strabegy o pecform awede ] selec ton ba the oomlesd
af tramese vipt alimddanee estimation on experhmental data i e abesaoe of grone!] bl ls,
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Figare & LUhelity of tmnscript abucdance estiates as a fimction of YEEM jeromckeatide pricor
gize for gamnpales SRR1I2G6 Q96 , 503, B0 F. | Left cohmon) Speamman Cormelation witlh respect grommel
trath e presised transcripis. | Alidelle molom) Perplesity of abnmdanoe sstiioates ) perplevities per-inkl
mclicat el f gray amcl mcan perplecition in el [Hight oolmm) AUTRCE for retrieving gmooned trsth
mespremsed tramseripts. Lefimost plotted points for all plots wee defult salmom Y EEM prior sime
af (L resds per-transe ript.
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Figure T Accumcy of diferutial expression analysis with mspect 0 esperiment -wide selection of
VEEM perunckatide prior size, | Left ) AU with respect to DTE call at real FPHs up to (0065
[ Abidekle ) 1AM crzrve wp to FPR = 00X, [Right) OO curve wp to FPR = 005, To redece visiml
chitter, anly the FAM " curves sne mpresentative VY BEA prior size settings ame plothed,
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4.2 Perplexity versus ground truth, and differential expression analysis in
simulated data

I slmulated data, the relationzhip between perplesity amd mensorensents agalnst groand
truth, though well-behaved, Is admittedly b= diveet, In short, ueder the experimental
framework we luvee chosen, minimizing perplexity does not always find the best performing
extimates, Across all L) samples, perplexity prefers abumdanos estimates that ave anootler
than estimates that ave mest acenvate when eompared to groumd truth. For lvevity, we
fnelhade o the meain text pemplecity plots of three saouples [SRR1286 (486, 503, 804} | that
ave representative of three maln medalitles of perpledty plot belavios [Flguee, 6. For
conpletewss, amd refer the reader o tle appendiz for aslagos plots for the seven remaining
samples [Figumes A2 awl A3).

L all bt case sample [SRA1265504), perplexity plots diEply a empivieally coovex slape
with a loeal minbma elose to the optimal YBEM prier sie (1 pead- per-transeript). For
example, for sample SRR12EEE03 perplexdty I8 minlmized at a VBEM pdor setting of 2
resude-per-transceipt, the seeomd best performing hyperparameter setting with respect to
Spearnsan correlation [Figure, 6 middle). Aoved for sample SRR12E5496, we can clearly mee
that perplexity prefers YVEBEM prior setting in a wide local minlos ranging from 2 to
reds-per-transeript [Figure, 6 top). Sample SRRL265504 = the only sample for which a
kveal mindmal perplesity eamnot be jdentified witl respect to the wmnge of hyperparametes
seanned [Figue, 6 bottom ). However, tle perplediy plot for SRR128580d dieplays a knea-
like belavior which suggests that after a cortain YBEM prior sze, lavgar VBENM prior sizes
are e longer prefered — which B eonskrtent across all perplexity plots and com parisonms to
groimad truth.

Tl csbwervations i the simlated data could suggest tlat perplexdity may e an inperfect
towsl, oo perlapes tleat diffewt chaactedstios amd rend doptle betwoen the experimental awd
sl lated data slgmal the need for a datade paslent selection meclhanizm for the smoothing
Nuetion wed Lo evaluate perplesdty. Nooetheless, tlese obeervations do offer several hsighis
aus b Do perplesdty ouglit o be wsed o practice, especially when cavelol [albeit gualitatie)
epection of perplexity plotz reveal neorsiztent preferences for hyperparameters across
glmllar somples experiment-wide, Fiet, perplexities nsmy prefer abomdance estimations
arpootler than keal. In partieular, when perplegdties between two VBEM prior settings
are close, or when perplexities ave voughly mindmized for a range of values, ce onght to
seleet the model tlat provides the spasest esthnates, Second, our expedments suggest tlial
an optinsal by perparanseter setting for a et of samples can e selected experinent-wide
awd perplexity plots can be wsed as a vouglh goide to select sald lyperpammter setting. For
aexample, visual mspection of parplexity plots [Figures A2 amd Ad) experiment-wide slow a
kisee=like beliay bor and wugl local mbnima for perplecity beginuing at a YBEM prior size of
2 peade-per-transeript — the secomd best Ly perparameter setting.

Tz, we note that perplesdiy can be wwed o guantitatively sereen for bad albadance
extimates [or tle lyperpammeters tlat geosemte tlem), The signifieance of this obaervation
nsy be overlooked at first, However, to our knowledge, perplexity = the only metric that
can differentiate between a smtlsfactory aml a neh more mecurate abundanee estimate
w b gronniwd trutly b= absent.

Cliven tle above, we ko analyze the accwacy of differential transevipt expression [I7TE)
aalysls of estimates witl the sone VBEM prior slze ccperiment-wide, We report AURCOC of
OTE calk wp toa nomdsally vaeful maximom fake discovery mte (FDR) of (006 [Figuee 7).
Mot smprigingly, AUROC of DTE calls mirror tle slape of 5 peannan cormelations of estinates
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infered from diferent VBEM prior slzes, Agaln, though minbhmizing perplexities dos not
axactly select tle hest esthmates with reganl to dowistream DTE analysis, perplexity plots
bergrhin e encluibit platemss or kiee-like helavicrs at VBEM prior sise of 2 eade-por-transeript,
tlee secomw] best perfonning hyperpaameter setting with vegard to DTE [Figure T1.

5 Discussion

In this work, we derive the smcothed perplexty metrie, which, to o knowledge, & the
first maetrle that emables the evaluation of the quality of tanscript albondanee estinstes in
tle alwence of gromund truth, Though we focus only on performsing mexdel selection with
rempect to one hyperpaameter [tle YBER pricr size] in salmen, model selection for otlsr
settings [e.g choosing the mnmber of Bos T the sange etortzed ke llicod appuosdmation,
ar selecting between WV BER and EM models and optimizations] arve aleo certalnly possible
vl perplesxdty.

In experimental data from the Sequencing Quality Control (SEQC) project [35], we
glhow that the most accurate alindance estinmates consitently ave the owest perplexity
[kwer iz better] and demonstrate how gquantitatbe mode] selection can be performed on
fput fragment sets divectly and In the aleence of ground troth, In shmalated sanples, we
demenstrate a looeer, but still veeful, relatiorship hetween perplexdty and measoreameants
agalvet gronnd troth, One pessible explavation for the more ervatie helavior and nolsler
perplexity plots for our shinalated saomples bs dee to tlese sanples conssting of maony fewer
fragnents than SECHT sampler. On average, the slmulated samples contain 17 410,732
fragments on average while the SEQH samples average A7, 589 281 fragments,

Agdinittedly, the paranseterization of the smeoothing applied prior to bpot abindances
et imates I8 soomew lat wisatiEldng. We do note, however, tlat af diffecont settings of 7, wlien
a il with regard o perplexity lg oleerved noanalyzed saoples, the minlosa remalis
largely corsistent — we denwnstrate this for SEQC sample Al o Flgore Ad. We plan 1o
acklress the trade-offs and strategies for selecting smootling strategies n future work.

Oiler diveetions for foture work Include utilizing perplexity or other metries basad
ann leld-cut Hkellhoods to net only select hyperpacametens, bt alzo to compare differant
alnnsdanee estimation models tlhemselves, Furthermore, peplexty can also bhe adapted and
applied to other problem settings i bloloformeaties o which abowdanees ave nfereed from
probabilistie madels, For example, In netagenomics wlere mode] selection [Le. choosing
confidence cutall for taxa identification, or selecting candidate whaenee genomes) can have
a large effect on abundamee estimates [25).

I s, this work demersteates that esaliation of transeeipt alundance extimates n
the absenea of grommd troth lz possible, awd presenis a promizing new divection in which
estimated abudanees arve evaluated and validated divectly on npat fagment sos,
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