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EST Clustering Error Evaluation and Correction

Abstract lies of interest and to investigate gene expression patteyn
tissue types.

In contrast to the diverse applications of the sequence in-
formation from ESTSs, the information on gene expression
level from EST clustering has yet to be fully exploited. Let

Motivation: The gene expression intensity information con-
veyed by EST data can be used to infer important cDNA li-
brary properties, such as gene number and expressionsatter

(Audic and _Clavene, 199.7; Stekel al, 2000). H_owever, X; be the number of ESTs from ttjéh gene, theiX; directly
EST clustering errors, which often lead to greatly inflated e . . : .
reflects the relative expression level of the underlyingegen

timates of obtained unique genes, have become a major ob- . N ;
stacle in the analyses. The EST clustering error structoee, the cDNA library. Therefor&;’s can be used to detect differ-

: : . . i ential gene expression if the cDNA library is non-normalize
relationship between clustering error and clusteringedeit (Audic and Claverie, 1997: Stekel al, 2000). If we fur-
and possible error correction methods need to be systemati: ) ! N N '
cally investigated. th_er Qeﬁneni_: Yl (Xj =i) as the total numbgr of genes
Results: We identify and quantify two types of EST cluster- with i ESTs in the sample, them= (ny,1p,...,) is @ suffi-
ing error, namely, Type | and Il in EST clustering using CAP3 cient statistic for the transcript abundance distribufiothe
assembl,in 0 ,ram A Tvpe | error occurs when ESTS from cDNA library (note: if the cDNA library is normalized, then
the same ge%e%o nét for>r/rr1) a cluster whereas a Tvpe I errorthe n data will not reflect the true gene expression level in

9 - yp the underlying tissue). Here we callthe true gene cluster
occurs when ESTs from distinct genes are falsely clustered rofile
together. While the Type Il error rate is less thaB% for P ' . . . .
both 5 and 3 EST clustering, the Type | error in thé BST Our research is motivated .by a desire to Qddress a series
case is about 10 times highér than tHEST case (30% vs of questions about the cDNA library that require an accurate
3%). An over-stringent identity rule, for example > 95% estimate of the true gene cluster profite for legitimate sta-
' ' iy ’ tistical inferences. For example, given an EST set from a spe

may even inflate the Type | error in both cases. We demon- .. o !
) . . . cifictissue at a specific developmental stage, we would ¢ike t
strate that about 80% of the Type | error is due to insufficient ~ C
estimate the total number of expressed genes in this tigsue a

- L ;
overlap among sibling EST&.{O erop in 5 EST clustering, the developmental stage. We would like to know how many
A novel statistical approach is proposed to correct ISOrerro :

. . enes have been sampled and the sequencing redundancy rate.
to provide more accurate estimates of the true gene cluster; , . ! : :

. hile generating EST sequences, we would like to estimate
profile. ; . . 8
Contact: | zwang@or t hwest er n. edu the transcript redundancy in a cDNA library, and use this est

] g mate to determine the most cost-efficient point to stop ramndo

A\{a'lab'“ty.: We have automated the method.s developgd n EST sequencing from that library. All of these considerrzgio
this paper in a web-based softw&BTstaat http://cwdg5s.bio. . : ,
require an accurate estimate of the true gene cluster profile

psu.edu/eststat. The supplemental data are availables at thn. For these applications, the EST data is not restricted to be

same website. from a non-normalized cDNA library as long as the cDNA
clones are randomly sampled and sequenced.

1 Introduction EST clustering usually refers to the entire process of iden-

tifying and assembling sibling ESTs, which can generate the

Expressed Sequence Tag (EST) sequencing is a cost-edfectiv

way to survey the expressed portions of the genome. Thedene cluster profile data as needed. Both UniGene and IM-

rapidly-growing EST database has become an invaluable toofA‘GEne use BLAST-based procedures with low stringency to
for novel gene discovery (Adanet al, 1992: Adamsst al, assemble sets of ESTs from closely related genes, and are

: : therefore not suitable for our purpose. Here we used CAP3
1993), gene mapping (Khaat al, 1992), genome annotation, : .
single-nucleotide-polymorphism (SNP) discovery (etwal, assembling program (Huang and Madan, 1999) to provide

2002; Picoult-Newbergt al, 1999) and alternative splicing qu'll:uclk a;nd_ sm;plgled glftg”n% tzc'tl.lgitraéi;geasms%b?;
detection (Lee, 2003; Hebet al, 2002), (Xuet al,, 2002; clustering error and error correction. SS S

\ . ESTs from the same gene under more stringent criteria than
Modrek and Lee, 2002; Modre&t al, 2001). Major ef- X
forts have been made in clustering of EST data from one OrtzhoeogLAST-rtiJarsct-:‘d_ﬁ%péoache;,b?nrd giﬁg?wfgé;m@ﬁ’ q
multiple cDNA libraries in many species, including UniGene Ph )Sépe 0 10996 : isseb'l't et (d'ut' N h ), i i
(Boguski and Schuler, 1995; Schuleral, 1996), the TIGR rap (Green, ) in its ability to distinguish gene fgmi

. . bers while tolerating sequencing error. The efficienc
Gene Index (Lian@t al,, 2000), the Sequence Tag Alignment Mmembers v g seq ng . y
and Consengus K%owledgeb)ase (STECK) (Miﬂegal. 1%99' gnd reliability of .CAP3 can also be |r_nproved .by Incorporat-
Christoffelset al,, 2001) (http://www.sanbi.ac.za/), and IMA- ing basecall qughty d"‘.ta n the clustenn_g algonth.m. A.ubh
GEne (http://image.lnl.gov/). These index systems pievi our systematic investigation of clustering error in thipga

convenient web interfaces to search for genes or gene fami'> based on CAP3 assembling alone, this analysis could be
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extended to other clustering pipelines suct5aACK pack 2 Methods
(Miller et al, 1999; Christoffelst al., 2001) (see DISCUS-
SION).

The accuracy of EST clustering is affected by various er- We performed EST preprocessing before clustering to reduce
ror sources such as sequencing error, contaminant seguencghe errors due to contaminant sequences and sequencing er-
and the products of chimeric splicing. Regarding the clus- rors. The SEQCLEAN program from TIGR (http://www.tigr.
tering outcome, EST clustering error can be simply claskifie org/tdb/tgi/software) was used to trim vector, polyA tailda
into two types, which we will callType landType Il through low quality bases for each EST at the default settings. EST
analogy with statistical hypothesis testing theory (Blekal,, sequences shorter than 100 bp after trimming were discarded
1999). The Type | error is a mis-separation error where ESTsAfter preprocessing, we used CAP3 to cluster ESTs with var-
from the same gene (to be called sibling ESTs) are falsely sepious stringency criteria (sequence identity P=75, 80, 85, 9
arated into two or more clusters (including singletons)e Th 95, 97.5). A range of overlap lengths was initially exam-
Type Il error is a mis-joining error where two or more non- ined (0=25,30,35,40,45) but the findings were not sensitive
sibling ESTs are clustered together. Busgtel, (1999) first to these choices (see DISCUSSION) so O=40 was used for
described EST clustering error structure in terms of Type | clustering experiments.
and Il errors and claimed that ttd2_cluster program has We have defined thieue gene cluster profilen = (ny, ...... ),
upper bound error rates of4¥% and 08% for Type | and Il wheren; is the actual number of genes witltESTs in the
errors, respectively. However, we question these errerast ~ sample, andh,. = 3;n; is the total number of genes. Due to
timates, because regardless of clustering algorithm,foe e  clustering error, the;’s are not directly observed. However,
rate is jointly determined by the quality of the EST data and n, and the accuracy of estimatespfcan be directly obtained
the clustering stringency. Type | and Il errors, as we withsh ~ for organisms that have well-annotated genomes. Here we
in this paper, are correlated; minimizing one may inflate the took advantage of the annotat&dabidopsis thaliangenome,
other. using BLASTn to align the ESTs to the genome and cluster

There exist substantial EST data for many organisms thatthe ESTs that matched the same locus aEttvalue threshold
lack full genome sequences or genome annotations. For thes01%. If one EST has multiple matches on the genome, the
EST sets, generation of the gene cluster profile dateinly most significant locus (lea& value) was recorded. In most
relies on EST clustering programs such as CAP3. For con-cases where multiple matches existed in this analysigthe
venience, a cluster or contig from the assembly program herevalue of the top match was essentially € (L0~1%), much
will be called a “unigene”. Because of the two types of er- smaller in scale than the rest. So we felt confident that the
rors, multiple unigenes can represent the same gene (Type I)top match recorded was the true locus, and this issue should
and a single unigene can involve non-sibling ESTs (Type Il). not be problematic to the clustering error analysis andeoarr
The sibling ESTs are identified if high similarity exists be- tion method proposed in this paper. The gene cluster profile
tween them, thereby the clustering result is closely rdlede  generated by this method will be regardedas
the stringency of parameter setting in the clustering ograss Correspondingly, we define tiibbserved gene cluster pro-
bling algorithms. Furthermore different types of clustgri  file asc = (cy,...,Ci,...) wherec; counts the clusters with
errors will depend on the parameter setting in differenttifas ESTS that is produced by a clustering program such as CAP3
ions as to be demonstrated. For CAP3, the two main paramewithout additional correction. The discrepancy betweand
ters are theverlap length Candpercentage identity kh the ¢ = (c1,Cp,...) is a direct quantitative measure of the cluster-
overlapped region. We found that clustering error ratel&re ing error. We also compared the effect of different strirgyen
tively insensitive to the “overlap length” threshold wheisi parameters on the error rates.
set within the range from O=25 to 45 bp (see DISCUSSION).

Hence one goal here is to investigate the relationship l®twe 55 |50 error and simulation

the stringency of the identity rule in CAP3 and the magnitude

of Type | and Type Il errors. The results provide insights to AN ISO error occurs if the sibling ESTs are separated into
optimal choice of the stringency rule. We show that ISO error different clusters because they do not meet the specifiedl ove
accounts for the majority of Type | error rate in theEST  lap threshold eg., O> 40 bp. Figure 1 illustrates a situa-
clustering case. A novel statistical method is proposedte ¢ tion where only two of four Ssibling ESTs overlap. Con-

rect for the ISO error, so as to generate a better estimateoft Sequently, one gene would be interpreted as 3 unigenes, each
true gene cluster profile data. Extensions to other cluggeri representing different portions of the complete cDNA. 13O e

procedures and applications of our methods are discussed. ror may occur in 3EST clustering, but is especially problem-
atic in 8 EST clustering because transcripts found in cDNA

2.1 Evaluation of Typel and Il errors
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libraries are usually truncated at theiréids to different ex-  contigs together with the’ E£STs. Only the clusters con-
tents, whereas transcripts with truncaté@®ds are typically  taining complete cDNAs were selected. The distribution of
removed in the cDNA library building process. Therefore ISO the contig length of selected clusters can be regarded as an
error discussion here is focused on th&ST case. empirical version of (Ly,). Similarly the EST 5end loca-
tions along these contigs can be used to approxifmésd ).
These empirical distributions are shown in the supplenmgnta
) . materials.

Suppose one gene is representedXbfESTS in a sam- To find P(Y|X = x), the probability of clustering outcome
ple. After clustering, these ESTs could end up in one or y given that the specific cluster consistsXoESTS forx =

more clusters due to ISO error. L¥[ >Y, > ... >Ycbe 53 onecansimulate the true sampling process as follows:
the EST counts in these clusters. For example, in the situ-¢o, eachx— 2 3.4.5, .

ation shown in Figure 1, we havg =2,Y, =1,Y3=1. In

our analyses of many EST data sets, we rarely observed atrue 1. Sample a complete cDNA length, from F (Ly).
EST cluster that was separated into more than 4 sub-clusters
due to insufficient overlap. We therefore write the clustgri . . . .
outcome in a 4-dimensional vectdt = (Y1,Yz, Y, Ya) with glusters in the training data with contig lendth 4+ 50
Y1 >Y>> Y3 > Ys ThelSO error distributionis defined in (i.e. sample fronF (SiLm))-

a conditional form a®(Y = y|X = x) whereX denotes the 3. Samplexindependent EST lengths froR{Lg)(we are
true num_ber of ESTs in the sample that represent a particu- assumingd- is independent of Lyy)).

lar genej.e, x=S;Vi, andy = (y1,Y2,¥3,Ya) represents the

Figure 1 here.

2. Samplex independent 5end locations from the EST

clustering outcome. Back to the above example, gken4,

we seek the conditional probability of observing the folow

ing outcomes: one cluster with all four ESTs (no errgr}:
(4, 0, 0, 0); two sub-clusters with counts= (3, 1, 0, 0) or

. Align thex ESTs along the cDNA according to the sam-

pled 8 end locations and EST lengths. If two ESTs
overlap more than 40 bp, cluster them together. Record
the clustering outcome 3sx.

y=(2, 2, 0, 0); three sub-clusters with cougts (2, 1, 1, 0)
and four sub-clusters with counys= (1, 1, 1, 1). Note that
under this definitionP(y = (1,0,0,0)|x = 1) = 1 since the
singleton contig cannot be broken into sub-clusters.

The ISO error distributiofP(Y |X) is related to three fac-
tors as seen ifrigure 1: 1) the complete cDNA (MRNA) In step 2 we sample frofa(S Ly +50) rather thark (S|Li)
lengthL,; 2) the EST lengtiLg; and 3) the EST Send lo- in order to avoid small sample effects. By assuming that the
cationS. The marginal distribution of EST length, denoted as conditional distributionF (L) is similar in the neighbor-
F(Lg), is usually determined by sequencing technology. The hood of the chosehy,, we can sample the start positions from
marginal distribution of cDNA lengtk (Lm) may be organism-  those clusters with contig length in the neighborhood of the
specific. The distribution of the EST Bnd location given a  sampled., and avoid the possibility of re-sampling the same
cDNA length will be written ad=(SL); this distribution is EST over and over in a small cluster.
determined by experimental conditions or biochemical mech
anisms, and defines the quality of the cDNA library. If these
three distributions were known, then the ISO error distribu
tion P(Y = y|X = x) could be determined under some reason- Arabidopsis thalianeEST sets were used for this investiga-
able assumptions about the sampling process. Here, we usetion because we are able to take advantage of a well-andotate
training data to estimate these three distributions. genome and a large set of full-length cDNAs (Sekial.,

The training data consisted of 8,095 complete cDNAs of 2002). In additionArabidopsisand perhaps all plant species
Arabidopsis thaliandrom Riken at http://www.gsc.riken.go.jp  exhibit a low rate of alternative-splicing compared to mam-
(Sekietal, 2002), and 48827 &STs ofArabidopsis thaliana  malian transcripts (Haaet al., 2002). As we discuss below,
from NCBI dbEST (May 2002). The 8095 complete cDNAs inferring the representation of genes in EST sets is problem
were first clustered using CAP3 (@t= 95%, 0 = 40%) and atic when alternative-splicing is common. In addition te th
6759 contigs were produced. Some “complete cDNAs” were typical sources of Type | and Il error, ESTs from distinct
probably incomplete because they were much shorter than th&plice variants may be incorrectly joined (Type |l error)emh
corresponding contigs. Therefore the contig length was ex-genes are defined as unique transcripts, and ESTs from dis-
pected to give a better approximation of the mRNA length tinct splice variants may be incorrectly separated (Type | e
distribution F(Lm). We then clustered the complete cDNA ror) if genes are defined as locations in the genome.

)]

. Repeat the above 4 steps 5000 times, assigning the out-
comes ay;, i=1,2,...,5000. Calculate the empirical prob-
ability P(Y = y|x) = 5% (y; = y|x) /5000 for every
distincty|x observed.

3 Results
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3.1 Typel and Typell errors number of Type | error occurrences jumped to 62 and dou-
bled atP = 97.5%. On the other hand, the Type Il error rate
decreased as the identity percent&gjimcreased, just as ex-
pected. We found that some ESTs from neighboring loci on
the genome formed false clusters, which probably indicated
that the two loci were derived from recent tandem duplica-
tions, or the EST was chimeric. This error was present even
atP = 97.5%. ApparentlyP = 97.5% was stringent enough

to prevent most Type Il errors, but at the cost of greater Type

Two libraries were analyzed to evaluate Type | and Il error
rates: 1) a Bflower bud EST set, and 2) d &ST set de-
rived from all above-ground organs, 2-6 weeks after plantin
(Asamizuet al, 2000). To obtain the true gene cluster profile
n, we aligned each EST to thrabidopsis thalianagenome
(TIGR Version 4/17/2003) using BLASTn. Each EST that
matched a specific location on theabidopsisgenome was
identified from the corresponding annotation file. Thel-

. . . | error.
ements were obtained from the exact count of loci thatihad . . .

) We further define several statistics to summarize the Type
ESTs. The clustering errors for these two data sets are sum:

. . : | and Il error ratesTable 3). LetEl be the number of genes
marized inTables 1, 2 and 3 and discussed below. which have their ESTs split among several clusterd) due

Table 1 here. to Type | error, and leElky; be the number of clusters that
Table 2 here. resulted. The net Type | errdE et = Eliot — EI, measures
Table 3 here. the number of additional clusters generated due to Type | er-
ror. For example, 22 genes were broken into 44 clusters at
311 Arabidopsisthaliana3 Flower Bud EST set P = 80%, givingElhet = 22. For Type Il error, leEll be

the number of clusters which have ESTs from more than one
The Flower Bud EST set obtained from GenBank dbEST (Unilglene. LetEll; be the number of genes representing these
#=17697) included 5827’ ESTs of which 5710 were re- clusters. The net Type Il erroEllhet = Ellot — Ell, is a
tained after sequence cleaning. Among these, only 5499 ESTsneasure of the underestimate of unigene number due to Type
matched annotated loci on the genome. The direction forll error. For example, a® = 80%, each of 61EII) clusters
451 of 5499 (&%) ESTs contradicted the genome annota- contained ESTs at least from 2 of 125 different gemlds; ).
tion, implying that 82% of the cDNA inserts were inverted A simple calculation gives a loss of 64 (= 125-6[) [ey) in
if the genome annotation was correct. Seven ESTs had nahe cluster count. Difference betweBtne; andEllne gives
significant match on the genome and 204 matched loci wherethe deviation ot from n,, that is,
no gene model had been predicted. To evaluate the cluster-
ing stringency, we compared the true expression prafile, C+ — Ny = Elnet— Ellnet.
for the remaining 5048 (=5499-451) verifiedEBSTs with the
observed expression profilg,inferred from CAP3 clustering
with a range of identity parameters.

Overall, the total number of inferred unigenes, is clos-
est to the true number of genes represented in the ESit,set,
when the identity parameter is set at 90%alfle 1). The sin-
gleton countc; is usually a sensitive indicator of the overall

If ¢y > ny, then Type | error is dominant, while Type Il error
dominates itt+ < n+. We note that one could haeg = n,
but not havec = n. Soc, andn, merely summarize the
overall errors.

Based on these statistics, we defihge | and Type |
error ratesas follows:

error. For example, wheR was changed from 75% to 85%, q — El and
c1 only increased by 5 (=1464-1459) and remained much smaller n,—ng’
than the true number of singletons = 1488. This implies Ell

that for the identity rule within this range, the Type Il arro B = I

was relatively larger than the Type | error, and resultednin a

under-count of genes. AR = 90%, however, the difference  Note the difference in the denominators. Type | error ingslv

betweeml and ny was minimized as was the difference be- the Separation of a true cluster which requires at least two

tweenc, andn,. At 95%,c; started to increase dramatically, ESTs in that cluster. Genes only represented by singletons

indicating thaP > 95% is too stringent to tolerate sequencing never contribute to Type | error. Therefore, the denominato

error, thus |nf|at|ng Type | errors. of a does not include true Singletons. However, true Single-
The behavior ot (Tab|e 1) is exp|ained by the frequency tons can be mis-clustered with other ESTs if sequence simila

of the two types of error incident4ble 2). For example, ity is sufficiently high. Therefore, these genes were cadinte

atP = 75%, there were 20 genes with ESTs separated into 2in the the Type Il error rated.

sub-clusters. The Type | error frequency remained vijuall ~ These error rates clearly summarize the changing pattern

constant a® ranged from 75% to 90%. But &= 95% the  Of the two types of errors witl® (Table 3). The Type | er-
ror rate doubled aB changed from 90% to 95%, and doubled
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again fromP = 95% toP = 97.5%. The Type Il error rate kept 3.2 1SO error

decreasing aB increased. These results are intuitive and sug- T

gest that the choice of identity parameter depends on \/\/hethe3'2'1 SO error distribution

one is interested in minimizing Type |, Type Il, or overali er The results shown iffable 3 suggest a Type | error rate as

ror rates. Our analysis of therabidopsisFlower Bud EST large as 3% in the % EST clustering, substantially larger

set, suggests that 90% was the optimal identity criterion in than the 3EST example. The significant increase in Type |

terms of overall error. error was caused by ISO error. In the present study, the em-

pirical ISO error distribution simulated based on the tiragn

3.1.2 Arabidopsis thaliana above ground organ 5 cDNA data is partially listed iTable 4 (a complete version through

library X =30 can be found in the supplementary materials). Inspec-
. ) ) . tion of P(Y|X) suggests, for example, that.86 of the genes

The second data set we examined Weabidopsis thalian2- with 2 ESTs in a sample are expected to be observed as two

6 week above-ground organ ESTs (UniLib=#£7695, to be singletons due to I1SO error.

called ABGR hereafter). In this data set 5522 ESTs of 5894

had significantly matching regions on the genome sequence.

Among these, 5284 matched the annotated loci with concor- [P S -

dant coding direction, and 238 ESTs with opposite coding 31523 739 0 0 0O O O 0 0O

direction. If we regard the 238 sequences as 3’ ESTs mis- A A e G

labeled to be 5’ ESTs, this will give a mislabeling rate esti- P1o= | 235 096 076 092 147 707 0 o o o | (1)

mate of 43%, about half as large as theBST case (2%). 219 085 045 oo sl oz 0000

Among the remaining 327 (5894-5522) ESTs, 279 matched 197 .079 .052 .034 .036 .054 .071 .112 .717 O

regions that were not annotated as genes, and 48 generated no L 187 .073 .040 .028 .032 .033 .047 .058 .110 .730 ]

significant match to the genome. The ISO error can be further summarized in a conditional
The Type Il error rate was similar to that of the BST expectation matri® (1), with entries

set (Table 3). It decreased from.2% atP = 75% to 05%

atP = 97.5%. AtP = 95% andP = 97.5%, Type Il errors 4

were mainly due to instances where ESTs within each cluster Rj = Zp(yt =jX=i),i=1,...<Ii.

matched the neighboring loci on the genome, similar to the =

case of the 3EST set. HereP; is the expected frequency of clusters witBSTs that

A slight increase in Type | error rate was observed when \yoy|d be generated from a true cluster with= i ESTs due

P was increased from 75% to 95%. However there was atg |SO error. The 1& 10 triangular matrixP1o = Ry :i=

2.9% jump in Type | error whei® was increased from 95% 1 10 j = 1,..., 10} summarizes the simulation results for

to 97.5%. This suggests that the sequencing error problemyx < 10. For example, for every gene with exactly 2 ESTs in

was not as severe in this BST set as in the’EST exam-  the sample, the expected number of singletons generated due

ple. However, as expected, the Type | error rate was about 1Qq insufficient overlap of ESTs is 0.416. In other words, for

times higher when clustering ESTs relative to the error rate  gyery 100 genes with 2 ESTs, 79 are expected to form contigs,

observed in the’EST exampleTable 3). The cause of this  and 21 to be split into two singletons creating 42 "clusters"

substantial Type | error for EST assembly is the ISO error.  Theith diagonal elements;, plotted inFigure 2 gives the

Despite the large Type | error rate, we can still determine prohapility that there is no ISO error, so the ESTs from a gene

the optimal identity rule® by examining the change of net  ith j ESTs in the sample are clustered together.

Type | and Il errordAE = AE| +AEIl across different identity

criteria. The optimaP will lead to AE < 0. For example, Figure 2 here.

from P = 80% toP = 85%, Type | error frequency increased

by 1 (266-265), while Type Il error decreased by 8 (66-58).  The probability of no ISO errol?;, as a function of the

SinceAE = —7 < 0, 85% was better than 80%. We found true number of ESTs per gene, shows an interesting convex

thatP = 90% was the optimal identity criterion afd= 95% pattern Figure 2). Starting with 0.792 at X=2, the error-

only slightly worse AEgs_gp = —15,AEgg_g5 = +3). free rate keeps descending uiil= 5, then climbs steadily.
Initially the decline is due to the fact that in order to con-
nect two ESTSs, only one region of overlap is needed, whereas
more regions of overlap are required to join additional ESTs
As a consequence, there is a higher probability of 1ISO er-
ror when X=3 than X=2. However, since the cDNA length
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is limited, eventually more ESTSs result in a larger chance of to 1684. The bias decreased from 369 (=1969-1600) to 84
overlap and the probability of ISO error decreases. Of @urs (=1684-1600). Furthermore, the bias for the frequency of
this pattern is dependent upon the three afore-mentiorsed di clusters of size 2 was reduced from -40 to -19. The total
tributions. For example, increasing the EST length mayltesu number of inferred unigenes 5. =2533, much closer to the
in more reduction of ISO errors 8 = 3 thanX =2. As a n, = 2479 tharc, = 2780. A substantial correction effect is
consequence, this convex pattern may vanish as sequencinglso observed for the Root data. In this case, ISO correction

technology improves. resulted in a very small (8%) underestimate of the true num-
ber of unigenes in the EST sat(= 2903 vs. ny = 2928),
3.2.2 1SO error correction whereas the uncorrected unigene estimate=t 3137) was

) o a substantial 1% overestimate. Methods for simulation of
The simulated ISO error distribution can be used to cor@ctf SO error distribution when the genome or complete cDNA

the ISO error based on its probabilistic definition, thereby  sequences are not available is further discussed in DISCUS-
proving the estimates of the true gene clustering profilamat  gjoN.
Usually in an EST set from one cDNA library, cluster counts
n; for i > 20 are relatively much smaller than those of smaller Table 5 here.
clusters. Furthermore the 1ISO error rate Xop 20 is smaller
than smallX’s (see supplementary materials and Figure 2). 3.2.3 Expectation of Typel error from 1SO error
Therefore the ISO error from clusters with more than 20 ESTs o
From the ISO error distribution, we can calculate the expec-

(nm; fori > 20) is trivial. It is usually adequate to estimaiés, - . -~
tation of Type | error due to 1ISO. Nof@; in the P matrix is

for i < 20 and accept the observed expression profile values, F > i
G, fori > 20. Suppose we observe the probability of NOT observing ISO error far=i. If we

know n, the expectation af can be calculated by
c=(C1,C2,---,C20, -+, Ct)-

StonP
E(aln)=1—-&=—. 3
Let ] (afn) — 3)
_|Pxo O
Poot = { 0 |t_20} ) If n data is not available, one can ugdrom (2) in equation

. . , . (3) to calculate an approximate expectation. In the ABGR ex-
whereli_zois a(t —20) x (t — 20) identity matrix. Thenun- 50510 \wheren is available, this give€ (ajn) = 25%. The
Qer certain assumptlc_)nse. the other error sources can be expectation here is 6% lower than~ 31% observed without
ignored c_ompared with th.e I.SO error N BST clustering, ISO correction Table 3). The difference could be due to the
and the smulated error distribution represents the tr& 0N n4om variation of the realized 1SO error, sequencingrerro
we approximately have and other sources of random error. Clearly the majority of

E(cn) = Paon. Type | error in estimates of gene cluster profiles was effec-
' tively corrected by the proposed method (35 = 81%).

where ‘E” means expectation.This immediately gives an un-
biased estimate of as 4 Discussion

A = PyiC. (2) Accurate estimation of the gene cluster profil@llows in-
vestigators to use EST data sets to make important infesence
P20 Will be called thelSO Error Correction Matrix We can  gpout the cDNA libraries from which ESTs were sampled.
decreas®;o to Pyo if the EST sample size is relatively small, e have provided a means for improving estimates of gene
e.g.¢ <5fori >10. The estimaté can be regarded as a cjyster profiles by correcting for ISO error. In the followin
much better estimate of than the observed expression pro- paragraphs, we further discuss the relationship betwess cl
file, c. tering criteria and clustering error; we propose two abéue
To illustrate the performance of this method, we now use \yays for ISO error distribution simulation when the comelet
P20 to correctc® in Arabidopsis thalianaABGR set, and  ¢DNA or genome sequences are unavailable; we also discuss
an additionalArabidopsis thalianaRoot 8 EST set (UniLib  the impact of the alternative splicing on the estimatiomof
#=17709) obtained and processed in the same way. The suan( jllustrate an application of ISO error correction td-est

CAP3.

The n,c, i are listed inTable 5. Under this correction,
for the ABGR data, the singleton count decreased from 1969
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4.1 Clustering algorithm and clustering criteria identification-oriented EST clustering programs (rathemt
gene family). For exampl&TACK packfirst performs loose
pre-clustering using2_cluster(Burkeet al, 1999) based on
sequence similarity, then uses CRAW (Burkeal, 1998;
Chou and Burke, 1999) and CONTIGPROC (Miller al.,,
1999) to detect subgroups (for example, alternative syici
forms, paralogs) present in the pre-clustering result.|dbse

, . pre-clustering allows capturing splice variants and tribe s
P =97.5% the Type | error due to sequencing error mcreasedIing ESTs with poor quality, thereby reducing Type | error,

dramatically in the Bcase, but the increase was much milder
in the 8 EST clustering. These case studies suggest that forwhereas the CRAW and CONTIGPROC step helps to reduce

o ) L : Type Il error. Since the “consistency” criterion in the gpou
applications that require minimizing Type Il errors, 95%is o : d
good rule, but 90% as shown, is better in minimizing the over- partitioning strategy of CRAW is defined based on sequence

L . ) similarity (Burkeet al, 1998), we suspect that a good rule
all error levels. For applications using the gene clustefilgr for distinauishing the substructure while toleratin
n or digital gene expression profik; (Audic and Claverie, 9 9 g se

1997, Stekeét al,, 2000), we cautiously warn readers against ing error also depends on th_e sequence quality. In addition
; ; . : . . the ISO error problem remains since an EST that does not
using an excessively stringent identity ritén EST cluster-

. ) . : overlap with its siblings, will be regarded as a singletothia

ing because it can inflate the Type | error rate. In partigular . g

when usingn data for inference of cDNA library properties pre.-cliustermg stage. .ltWOUId be our g'rea.t interest to aenhd :
substantial 1ISO error must be taken into account for legiti- a similar error analysis and compare it with CAPS results in
mate quantitative conclusions, especially foEST data. We the near future.

also tried Type | and Il error decomposition on several other _ ) )
individual EST sets ofArabidopsis thalianaincluding data 42 SO error correction and simulation

derived from a root cDNA library,"SESTs from ABGR and  one remarkable feature of the proposed ISO error correction
seed (;DNA libraries. The d|str|but.|on of Type | and Il errors  method is its applicability to an EST set of arbitrary sizeeT
was similar to what we observed in the above examples (re-gistribution of ESTs sampled per gen€ pbviously changes
sults not shown). with the EST sample size. Thus the overall Type | error rate
The other main criterion in clustering is the overlap length qe to 1ISO also changes sineéY|X) depends oiX. In gen-
O. Throughout this paper, we us€l= 40 bp as the cutoff  grg| the error rate decreases as the EST sample size ingrease
(also used by TIGR, see http://www.tigr.org/tdb/tgi/défoms. but at a slow pace as shownFigure 2. However by design
html). We did compare the clustering result using different the |SO error correction matriR is independent of sample
overlap lengths from 25 to 40 bp. The resulting difference in sjze or thex distribution. For example, if one generates ESTs
the clustering outcome is negligible for bothahd 8 EST  from the same species under the similar protocol, the ISO er-
cases (results not shown). Furthermore, we rarely observegoy simulated from a subsample can be used to correct for ISO
the occurrence of false joining of two ESTs (Type Il error) error for larger samples.
due to the short overlap length when we investigated the Type |50 estimation and correction are dependent upon three
Il error cases at the 90% rule. This suggests that a 25 bp oversgyrees of information: the distribution of EST read lesgth
lap rule would be adequate. _ (F(Lg)), the mRNA length distribution”{ (L)), and the con-
The results on the clustering criteria choice based on CAPjitional distribution of the start position given the mRNgbth
are not directly applicable to other clustering approaches- (£ (gL,)). The simulation method we described could eas-
ever they provide insights to other clustering procedufdis. ily be repeated to find the correction matfxthat is based
the clustering algorithms based on sequence similarity-com g the observed sample EST length distributifig) for
parison must face the Type | and Il error issue. An ideal set- any given library. However, botk (Ly,) andF (SLy,) for a
ting of criteria would be one that is stringent enough to sep- gjven library may be influenced by among-species variation
arate paralogs while is capable of tolerating sequencirg er i, mRNA length as well as particulars of mRNA extraction
to avoid Type | error. These two types of errors may differ angq library building procedures. In our examples abovesghe
in magnitude but must have similar dependence pattern as ”'parameters were based on analysis of complete cDNAs that
lustrated based on CAP3. In addition, the ISO error is the may not be available for a given species.
common and unavoidable issue for any approach if genomic  How could one simulate the 1SO error distribution for a
or proteomic information is unavailable, even the sequencegpecies that does not have complete cDNA sequences? One
quality is perfect. We believe that the scope and pattern ofimple solution is suggested here. We can first cluster all
ISO error presented here will be similar under differentegen  gyailable sequence data for a particular species and teat ¢

One can clearly see the interaction of Type | and Il errors as
clustering criteria change in CAP3. The optimality of clus-
tering criteria depends on the desired clustering outcétae.
example, in both the’sand 3 EST examples, the Type Il er-
ror rate decreased steadily as the identity criterion esed
and almost vanished when usiRg= 95%. FromP = 95% to
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tigs of large clusters (for example 20 or 30) as complete  genes (loci) rather than transcripts. This is primarilydese
cDNAs, then simulate the ISO error as we have done in thisESTs from different splicing forms can be indistinguisteabl
paper. For the same trainifgrabidopsisESTS, the average due to the short length of EST sequences. In this case, two
contig length forX > 20 andX > 30 were 1263 and 1440 sibling ESTs can originate from transcripts with differeplic-
respectively, shorter than 1553 for the complete cDNA se- ing forms, but if both ESTs span only the common exon re-
guences in the training data. The simulated ISO error dis-gions of a gene, they will not appear to be different. Thus, th
tribution under this strategy, however in both situatiorsev ~ observedsplicing rate from EST sequences will be a lower
satisfactory (supplementary materials). The error-freba- bound and underestimate of the true splicing rate in a given

bilities were presented ihable 6 for X < 10. library. Additionally, when the alternative splicing rai®
low in individual tissues, using the genome annotatioretdas
Table 6 here. clustering result as reference counts becomes a sensilgle wa

to evaluate Type | and Il errors. If we had defined these
errors in terms of unique transcripts, then the lack of com-

A , . plete transcriptome information, and the inability to wtist
the distribution ofX in EST data is concentrated at small val- guish some ESTs derived from different transcripts of the

ues, for examplens +n, +ng in the ABGR data accounted  g5me gene, would make Type | and Il errors hard to evalu-

for 2210/2479=89% of the genes. Therefore the correction ;o

effect from the simplifieq method sho.uld be_satisfactory. . In our method for ISO error correction (also in BT stat
The above strategy in ISO error simulation has been inte-q g software), alternative splicing is currently ignoreBly

grated into theeSTstasoftware. In addition to using contigs matching ESTs to genome we found a very lavgerved al-

with many ESTs, one alternative solution teBTstatpro- o native splicing rate in individuairabidopsisEST libraries.
vides is to utilizesF (Lm) andF(SLm) information from & Tpjs is consistent with the expectation of a relatively low
species with a large full-length cDNA set suchA®bidop-  gequency of alternative splicing phenomena in plants ¢Haa
sis thahangto simulateP(Y |X) for .the new species. This o al, 2002) as compared to mammalian systems (Wright
approach is based on the assumption that the complete cDNAy; 51 2001). This observation is also supported by the results
length distributiorF (L) from the known and unknown species reported by TIGR at http:/www.tigr.org/tdb/tgi/plaritanl.

are similar. For example, the average length of rice coraplet gqr example, 2216 alternative splicings were reportedfar
cDNA sequences from htp://cdna01.dna.affrc.go Jp/cDNA  pigopsis thaliansased on the gene indices of 227,670 ESTs
1700 bp, about 130 bp longer than thareabidopsis thaliana  (3anyary 12, 2004 version). For the the tomato data, only 492

obtained in the training data, suggesting that the completeg,cy cases based on 155,317 ESTs were listed at the same
cDNA length distribution over different plant species can b\ epsjte (Gene Index version April 17, 2003). The motivat-
similar. If the ESTs are sequenced under similar protocols, jng applications often involve EST data of much smaller size
one can us€ (Lm) andF (SlLm) information fromArabidop-  hence the chance of detecting such alternative splicings mu
sis thahanaor rice to simulate the ISO errors for other plant |, proportionally smaller. As we increase the sample size or
Species. , . _ , mix ESTs from different tissues, the alternative splicihgp
_One assumption we implicitly made in ISO error sSimu- 5 menon may be observed more frequently when the true rate
lation is that the transcript length does not depend on the;q high (Harrisoret al, 2002; Modrek and Lee, 2002). In that
expression level. This assumption is supported by observa;yation, the recovered coungs'will deviate upward from

tions of no strong relationship between protein length and 4, genome annotation-based resulo an extent depending
EST counts inCaenorhabditis Drosophilg or Arabidopsis on the true alternative splicing rate.

(Duret and Mouchiroud, 1999). It is also strongly supported

by our ongoing examination of the relationship between gene .
length and expression level using large EST and completeA"4 Applications
cDNA sets fromA. thalianaand mouse. This hypothesis Explicit identification of Type | and Type Il error rates, and
will be further examined using results from microarray ex- analytical procedures to minimize errors of interest, calp h

This implies that wheiX is small, the ISO error rate is not
too sensitive to the relatively small changeFifLr,). Since

periments. the interpretation of EST datasets and clustering resktis.
example, it has been reported that the UniGene cluster count
4.3 Alternative splicing is about 35% larger than the true number of genes predicted

) ) o for Arabidopsis(The ArabidopsisGenome Initiative, 2000;
The existence of alternative splicing forms (Modrek and,Lee van der Hoeveret al, 2002). One expected reason is the
2002) causes some ambiguity in the definition of Type | and s3] ISO clustering error that dominates the error stractu
Type Il errors. We defined Type | and Il errors in terms of of 5/ EST clustering results, as shown in this paper. In addi-
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