Large-scale human promoter mapping using CpG idands
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Vertebrate genomic DNA is generally CpG depleted?, possibly because methylation
of Cs at 80% CpG dinucleotides results in their frequent mutation to T, and thus CpG to
TpG dinucleotides’. There are, however, genomic regions of high G+C content (CpG isands),
where the CpGs occurrence is significantly higher, close to the expected frequency, whereas
the methylation leve is significantly lower than the overall genome®. CpG idands® are longer
than 200 bp, have over 50% of G+C content, and CpG frequency at least 0.6 of that
statistically expected. About 50% of mammalian gene promoters are associated with one or
more CpG idands®. Although biologists often intuitively use CpG idands for 5 gene
identification”®, such notion has not been rigoroudy quantifie®. We have determined the
features that discriminate the promoter associated and non-associated CpG islands. This led
to an effective algorithm for large-scale promoter mapping (with 2 kb resolution) with level of
false podstive predictions of promoters much lower than previousy obtained. Using this

algorithm, we correctly discriminated ~85% of the CpG idands within an interval (-



500..+1500) around a TSS (transcriptional start site) from those that lie further away from
TSS's. Wealso correctly mapped ~93% of the CpG-idand containing promoters.

In order to define festures that discriminate between TSS associated and non-associated
CpG idands, we initidly divided a Traning Set of CpG idands into 4 classes, based on the
relaionship of a CpG idand to TSS (see "Methods' for detals). TSS-containing CpG idands (class
1) had a greater average length (~620 bp), higher G+C content (69-70%) and CpG ratio (observed /
datigticaly expected) (0.87-0.89) than CpG idands of the three other classes (~400 bp, 64-66% and
0.80-0.84, respectively) (Table 1).

This effect dlowed building an effective dgorithm for locdizing promoters in large-scale
genomic andyss. We used the three CpG idand feature variables as the discriminant varigbles for
Quadratic Discriminant Andysis (QDA)®. The QDA output parameters were used to classify
promoter related CpG idands on a test sequence set (Table 2). For purposes of our study, we define
promoter related CpG idands as actual pogtives, whereas those promoter nonrelated - as actud
negatives. If we correctly classfy a CpG idand as promoter related or nonrelated, our prediction is
true pogtive (TP) or negative, correspondingly. If we classfy a red promoter related CpG idand as
promoter nortrelated or vice versa, we correspondingly get a false negative (FN) or postive (FP)
prediction. Thus, for the Set 1 test sequences (see "Methods') we obtained 8 TP predictions of
TSS-containing CpG idands, dong with 5 FN and 5 FP. Sengtivity SN=TP/(TP+FN), the
proportion of TP predictions out of the tota number of actua pogtives, and Specificity
SP=TP/(TP+FP), the proportion of TPs out of the total number of predicted postives, were both
equa to 0.62.

In order to improve the prediction results, we optimized the initid classfication scheme.

We obtained the best reaults for a 2-class scheme, based on whether a CpG idand was insde or



outsde of a specific interva, within target resolution of 2 kb. Its gpplication to the Training Set
itsdf, for the interva (500..+1500) around the TSS, brought SN=0.85, SP=0.66. For the Test Set 1
and interva (-821..+1083) the results were: SN=0.75, SP=0.80. Alternatively, for the intervd (-
500..+1500) SN=0.85, SP=0.73. Other intervals (Table 2) produced intermediate vaues of SN and
SP.

For further vaidation we applied this classfication gpproach to a lager Test Set 2 of
genomic sequences (see "Methods'), for which datistics should be more robust than for the Test
Set 1. We obtained for it SN=0.75, SP=0.47 in the modd interva (-500..+1083). For the arbitrary
interval (-500..+1500) sengtivity was higher (SN=0.85) and specificity lower (SP=0.42). As for
Test Set 1, other modd intervas gave intermediate results. For Subset 2-1, which had the most
rliable TSS annotation, specificity of the predictions was better than for the entire Set 2, with
comparable senstivity. Thus we obtained SN=0.81, SP=0.52 for the interval (-595..+1083) and
SN=0.84, SP=0.49 for ¢500..+1500). Although a certain drop of specificity for the test sequences
vasus the Traning Set is undergtandable, the smilar levd of sengtivity is unexpected, but
demondtrates the qudity of the prediction.

Prediction results for the both test sets together were yet more successful. One can derive
combined TP, FN and FP vaues from summing their component values over each set, and cdculate
corresponding SN and SP upon them (see Table 2 for details). Thus for the combination of Set 1
and Set 2 we obtained SN=0.76, SP=0.52 for the interval (-500..+1083) and SN=0.85, SP=0.46 for
(-500..+1500). For the combination of Test Set 1 and Subset 21 we obtained the best results for the
intervals (-595..+1083) (SN=0.81, SP=0.56) and (-500..+1500) (SN=0.84, SP=0.53).

Combining dl three data sets brought further refinement in prediction results In particular,

for a combination of the Training Set, Test Set 1 and Subset 21 we obtained SN=0.85, SP=0.63 at



the interva (-500..+1500). As we see, careful optimization diminates certain controversy of the
initid dasdfication of the Training Sat, where likdy promoter-related class 2 CpG idands seem to
be more smilar to non-promoter related class 3 and 4 than to TSS-containing class 1 CpG idands.
The controversy was caused by the space condraint of the class 2. many long CpG idands could
not fit the interval provided without overlapping the TSS, so the class 2 was biased by short idands.
The optimd dassfication scheme combines the classes 1 and 2 as the podtives and classes 3 and 4
asthe negatives.

To assess the dability of our agorithm, we performed 10 cross-vdidation tests, sandard in
discrimination andysis'*. We merged Training Set, Test Set 1 and Test Subset 21, dl with rdigble
TSS podgtioning, into one data set. In each test, we randomly chose 30% of the data as the test set
and the remaining 70% as the training set. The idea is to use the training set to determine the
classfication surface, and then to do the prediction on the digoint test set. The prediction results for
the 10 tests were quite robust, with sengtivities varying around 0.72 and specificities around 0.66
in average (Table 3).

Ovedl, the reaults indicated that our method correctly identified about 85% of CpG idands
centered in the interval (-500..+1500) around the TSS, and thus detected the postion of the TSS
with this precison, whereas the proportion of correct predictions was over 60% out of ther tota
number. The sequences of Test Set 2 were entirdy different from those of the Training Set, yet dl
the CpG idands have been mapped in a conggent way, which is lending credibility to our results.
The man redriction of our method is its gpplicability to identifying 5 ends only of genes tha have
CpG idand in close proximity to their promoter, which was about hdf of the totd (68 out of 135)
genes, consistent with previous estimatior?. We correctly predicted the TSS of 93% of these genes

(63 d 68) with a resolution of 2 kb. This means that we correctly locaized promoters of about haf



(~47%, 63 of 135 in our set) of al genes (63 TPs). Promoters of the other 72 genes were not
correctly identified and therefore we obtained 72 FN predictions. (In this paragreph terms "true
postive', "fdse negaive' and "fdse pogtive' refer to the prediction of gene promoters, unlike in
the previous paragraphs where the terms refer to classfication of CpG idands) Stll, we obtained
120 FP predictions (Table 2). Sengtivity of promoter prediction by this method was therefore 0.47,
and specificity 0.34. The reaively modest vaue of SN reflects the main redtriction of our method,
its applicability only for detection of promoters associated with CpG idands, only about 50% of dl
genes. Sengtivity for this group of genes done gives a figure of SN=0.93. The totd length of the
GenBank sequences of the Test Set 2 is 4.9 Mb. Containing 135 genes, they contain in average one
gene per 36 kb, consistent with existing esimations®. Our approach gives one positive (either true
or fase) promoter prediction per 26.5 kb, far closer to the correct figure than obtained by other
dgorithms of promoter recognitior™. In particular, we compared our results with the corresponding
ones obtained by program PromoterScan'2 (http:/Aaww-
bimas.cit.nih.gov/molbio/proscan/index.ntml) on the sequences of the Test Set 2. PromoterScan
gave us 60 TPs, 75 FNs and 966 FPs, with senstivity SN=0.44 and specificity SP=0.06 only, with
one postive per 4.7 kb. Our agorithm aso correctly identified 5 ends of the three prototype genes
with CpG idands around their promoters', with no fase positive predictions. Our results provide a
dggnificant advance toward building an efficent dgorithm for promoter locdizaion in genomic
BAC sequences. Since aberrant methylation of CpG idands is one mechanism of inactivating tumor
uppressor  genes in - neoplasa and dtered cytosne methylation is important in  cancer
development®1*  identification of promoter associated CpG idands will have profound impact on

cancer research and gene slencing. For example, cytosne methylation of promoter associated CpG



idands is involved in the alde-spedific inactivation of imprinted genes™® and genes on the inactive

X chromosomet®.

METHODS.

We wused the EMBL CPGISLE daabae of human CpG idands'’
(ftp:/fftp.no.embnet.org/cpgidel) for  our  sudy. We used the CpGPlot  program
(http://www.sanger.ac.uk/Software EMBOSS/), in the Extended GCG (EGCG) package (see
http:/Amww.sanger.ac.uk/Userspmr/egeg.html  and references therein) for andyss of genes, based
on the formal definition of CpG idands’.

Avallability of both the database and the corresponding mapping program was crucid for a
choice of sequence training set and software for our study. For ingtance, a much larger set of CpG
idands was collected based on experimentd raher than computationd  analysis'®t®
(http:/mww.sanger.ac.uk/HGP/cgi.shtml).  Though computer andyss of these sequences might
retrieve some important sequence features, efficiency of their usage for promoter mapping on new
genomic sequences would be quite questionable. On the other hand, there are other existing
programs for reveding of CpG idands, based on essatidly the same formd definition (compare
eg. to WWWCPG program by Milanes et al. a http://Aww.itbami.cnr.it/webgene/ and references
therein). However, these latter programs yield somewhat different results (not shown) when gpplied
to the CPGISLE sequences and do not provide equivalent publicly available data sats.

In andyzing the CPGISLE database, we attempted to obtain discriminant features between

TSS-containing and/or TSS-adjacent CpG idands and other CpG idands. We used in the Training



Set only those CpG idands, for which could explicitly edtablish their pogtion rdaive to TSS
according to GenBank annotations.

Weiinitidly divided the CpG idandsinto 4 separate classes:

1) CpG idands containing the TSS (192 sequences);

2) CpGidandsin area-500 ... +1500 but not directly overlapping TSS (220 sequences);
3) CpG idands inside the gene (183 sequences).

4) Other CpG idands.

We cdculated mono-, di- and trinucleotide contents of the sequences by the GCG
"compogtion” program. We normdized the vaues by cdculaion of proportiona oligonucleotide
content, where tota of oligonucleotides of a given length was defined as 100%.

We caried out then a comparative andyss of the results (see "Results and Discussions').
We used three CpG idand parameters, (1) length, (2) C+G mononucleotide content, and (3) ratio of
observed to expected CpG content (the ratio of the CpG frequency to the product of the C and G
frequencies), as the Training data Set for Quadratic Discriminant Anayss (QDA), a dsandard
multivariate Statistical pattern recognition method™! that has been previoudy applied to sequence
discriminant andysis®?!. The QDA output describes parameters of a quadratic function separating
classes of atraining set in optima way, where every data point of the training set is represented as a
point in 3 Dimensond space, according to the corresponding vaues of the three parameters of the
CpG idands. We used these parameters to digtinguish TSS-containing CpG idands in a test set of
sequences (Test Set 1). The test sequences (48 CpG idands from 21 GenBank records) al were
different from those of the Training Set, and conssted of additiond sequences from ether the
CPGISLE database or GenBank sequences. These latter sequences were longer than 30 kb,

arbitrarily chosen from GenBank (Gb _pr:*). We mapped CpG idands for these sequences by the



same CPGPLOT program (with default parameters), which was used origindly to congruct the
database of CpG idands.

In order to refine the prediction results obtained for the Test Set 1 (see "Results and
Discussions'), we modified the classfication scheme, based on the distance between the TSS and
the center of a given CpG idand. In the course of modifying the classfication scheme, we changed
accordingly aso classfication of the sequences of the Training Set. At every point of the scheme
optimization, we classfied the training sequences according to the modified scheme, then using
their parameters (length, C+G content, ratio of observed to expected CpG content) adong with the
modified classficaion for traning the QDA program. We applied results of the training for
classfication of the sequences of the Test Set 1. Classficaion scheme for traning and test
sequences were dways identica, and few of the tested intervads are liged in the column
"Traning/tes interval” of Table 2. We gpplied then this scheme for dassfication of CpG idands of
Test Set 2. This latter set contained Gb _pr* sequences (longer than 30 kb) from GenBank,
different from those of ether the Training Set or of the Test Set 1. Test sets consisted of 340 CpG
idands from 54 GenBank records of tota length 4,870,561 bp, which contained 135 genes, 105
asociated with some CpG idand. We used a coding sequence (CDS) dart for classfication of
sequences with no explicit annotation of the TSS in the GenBank records. Because the CDS dart
and TSS positions are generdly not the same®?, we gathered the sequences with unambiguous TSS
annotation in a specid subset of the Test Set 2 (Subset 2-1) and andyzed separadly.

An initid verson of a complete software package (CpG_promoter) and implementation

detalls of the dgorithm are available a the ftp Site ftp://cshl.org/pub/science/mzhanglab/ioshikhes.
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Table 1. Characteridtic feature parameters values for different classes of CpG idands.

Class Interval Length (bp) C+G content (%) CpG Obs/Exp

Med. Av.(SD) Med. Av.(SID)  Med. Av.(SD)

1. (192 seqrs) TSS-contain. 622  622(347)  69.91 68.77(551) 0.89 0.87(0.09)

2. (220 seqrs) (-500;+1500), 379  379(172)  66.24 6552(5.84) 0.84 0.84(0.11)

no TSS-cont.

3. (183 seg-9) >+1500,<3' 399 399(256)  66.02 64.48(6.08) 0.83 0.83(0.13)

4.(73seg-59) <-5000r>3 433 433(289) 64.96 63.54(6.38) 0.80 0.81(0.08)

Median (Med.), average (Av.) vadues, and dandard deviation (StD) are presented for each
parameter. The median vaue for length (coingding with its mean vdue) is the totd length of dl
sequences divided by their number; for C+G content, the totd number of Cs and Gs is divided by
the total number of nucleotides in the sequences, for CpG ObgExp, the ratio of totd number of
CpG dinuclectides in the sequences to those datistically expected on bass of totd number of Cs
and Gs and totd number of mono- and dinudectides within them. Average vaue is the mean of

vaues of agiven parameter obtained for al sequences.



Table 2. Results of prediction of classes of CpG idands for different sequence sets and intervals.

Sequence set Traning/tes
intervel TP FN FP SN SP
TSS-containing

Test Set 1 CpGidand 8 5 5 0.62 0.62
(4 classes)

(48 CpG idands from (-500.+835) 18 4 7 082 072

(-500..+1083) 20 5 6 080 0.77
21 GenBank records) (-595..+1083) 21 5 7 081 0.75
(-821..+1083) 24 8 6 0.75 0.80

(-500.+1500) 22 4 8 085 073

(-500..+835) 226 132 140 0.63 0.62
Training Set (-500..+1083) 275 105 152 0.72 0.64

(668 CpG idands from (-595..41083) 312 89 163 0.78 0.66
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350 GenBank records) (-821..+41083) 333 72 171 0.82 0.66

(-500..+1500) 349 63 179 0.85 0.66

Test Set 2 (-500..+1083) 73 24 81 075 047
(340 CpG idands from (-595..+1083) 79 20 93 080 046
54 GenBank records, (-821..+1083) 88 23 110 079 044

135 genes, 4,870,561bp)  (-500.+1500) 88 15 120 0.85 0.42

Subset 2-1 (-500..+1083) 59 18 55 0.77 052

(-595..+1083) 64 15 59 081 0.52

(225 CpG idands from (-821..+1083) 69 19 68 078 0.50
39 GenBank records) (-500..+1500) 70 13 74 084 049
Combined data set (-500..+1083) 354 128 213 0.73 0.62
(Training Set AND (-595..+1083) 397 109 229 0.78 0.63
Test Set 1 AND (-821..+1083) 426 99 245 0.81 0.63
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Subset 2-1) (-500..+1500) 441 80 261 0.85 0.63
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Table 3. Cross-validation results on 10 partitions of the Training Set, Test Set 1 and Subset 2-1.

0. 115 53 59 0.68 0.66
1 116 34 52 0.77 0.69
2. 123 43 58 0.74 0.68
3. 105 54 49 0.66 0.68
4. 121 48 57 0.72 0.68
5. 118 42 66 0.74 0.64
6. 112 47 50 0.70 0.69
7. 110 48 52 0.70 0.68
8. 120 47 74 0.72 0.62

9. 124 38 73 0.77 0.62

Av. 0.72 0.66

StD 0.04 0.03
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