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Abstract

This paper introduces a new computer system for recognition of functional transcription start sites (TSSs) in RNA polymerase Il
promoter regions of vertebrates. This system allows scanning complete vertebrate genomes for promoters with significantly reduced
number of false positive predictions. It can be used in the context of gene finding through its recognition’oéridenb genes. The
implemented recognition model uses a composite-hierarchical approach, artificial intelligence, statistics, and signal processing techniques.
It also exploits the separation of promoter sequences into those that-ar&-@ch or C+ G-poor. The system was evaluated on a
large and diverse human sequence-set and exhibited several times higher accuracy than several publicly available TSS-finding programs.
Results obtained using human chromosome 22 data showed even greater specificity than the evaluation set results. The system has bee
implemented in the Dragon Promoter Finder package, which can be acceb#ipd/admc.krdl.org.sg:8080/promoter/
© 2002 Elsevier Science Inc. All rights reserved.
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1. Introduction screening. Because of this difficulty many simplified ap-
proaches have been used in promoter recognition problems
One of the general, yet unsolved, problems is how to [3]. The simplified models of promoters inevitably produce
model different functional regions of a genetic DNA strand a considerable level of false positive (FP) recognition at any
for efficient prediction of similar regions in anonymous DNA  significant level of true positive (TP) recogniti¢h,3,6]. An
sequences. This problem was present from the very begin-FP prediction indicates the presence of a promoter at a lo-
ning of computer-based DNA analysis. Recognition of the cation where promoters do not exist, while a TP prediction
promoter is a very difficult task and numerous attempts have correctly identifies the location of a promoter. The promoter
been made to model promoters for computer recognition recognition systems for large-scale screening require accept-
[1-4]. The general framework of promoter activity is depen- able ratios of TP and FP predictions (i.e. those that maximize
dent on protein—DNA interaction, as different transcription the TP recognition while minimize the FP recognition).
factors (TFs) have to bind to the promoter region to enable  The biological activation of any gene is a complex pro-
its activity. In principle, one can model the interaction of cess controlled to a great extent by the promoter region. In
an individual TF protein and its binding site on the DNA eukaryotes, the promoter region is usually located upstream
strand[5]. These interaction models are complex because and near the start of the gene whose transcription it controls
of the large number and the diversity of significant TFs and [1,2,7]. A gene has at least one promof&;7]. Multiple
transcription factor binding sites (TFBSs) which contribute occurrences of promoters in a single gene are also known
to promoter activity. This complexity prevents the applica- and well documented,8]. Thus, it is possible to search
tion of protein—DNA interaction models for large-scale DNA  for genes by recognizing the underlying structure of their
respective promoterfd]. Moreover, this approach allows
Abbreviations: bp, base-pair; DNA, deoxyribonucleic acid; FP, false  for identification of groups of genes which have similar
positive; Mbp, one million bp; nt, nucleotide; ppv, positive predictive o qanization of transcriptional control elements. To develop
value; RNA, ribonucleic acid; SPB, signal processing block; TF, tran- o
scription factor; TFBS, transcription factor binding site; TP, true positive; promoter models for such a specific searc_h' one needs
TSS, transcription start site; UTR, untranslated region a system that can accurately locate TSSs in anonymous
* Corresponding author. DNA. The existing TSS-finding systems, such as NNPP2.1
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[10,11] Promoter2.J12], McPromoter[13], etc., produce  different sensitivity/specificity requirements, specialization
a large number of FP predictiong,3,6,13] making them of models to G+ G-rich and C+ G-poor promoter groups,
unsuitable for promoter finding in large genomic sequences. sensor-integration, nonlinear signal processing and artificial
Computational gene recognition approacf#@sare based  neural networks (ANNSs). This makes it conceptually differ-
upon the homology analysis of potential gene products or useent from the approaches used in other promoter-finding sys-
the analysis of different signals that indicate gene presencetems[1-3] including those that use several region sensors
However, one can also search for tHeehd of a gene by  [13,14,21] The system is shown to be capable of success-
recognizing associated promoters. The promoter recognitionfully recognizing promoters that are CpG-island related and
approach to gene prediction increases chances for discoventhose that are not. This makes it quite universal as opposed,
of non-typical genes in targeted groups, since only similar- for example, to solution§l5,16] which are specialized in
ity of the organization of promoter elements is required. Al- recognizing CpG-islands related promoters.
though the idea of searching for genes by recognizing their A critical issue in developing promoter recognition sys-
promoter regions is conceptually interesting and attractive, tems is the lack of suitable standardized training and testing
the lack of sufficiently accurate promoter finding programs sets. We compiled a large set of sequences for evaluation
has prohibited efficient gene hunting by this method for a purpose, creating one of the most diverse sets ever used in
long time. evaluation of TSS-finding programs. This sequence-set con-
A recently developed system, Promoterinspedtot], tains more than 1.15 Mbp and 159 promoters from 146 hu-
was reported to produce a considerably reduced level of FPman and human-virus DNA sequences. We compared the
recognition compared to other publicly available promoter performance of our system to several other promoter recog-
recognition programs. After its introduction, two other sys- nition programs on the evaluation set. Our results are sev-
tems of similar performance were reportdd,16] These eral fold more accurate than those achieved by the other
three systems predict regions that either overlap promoterprogramg10-12,14Jused in the comparison. The practical
regions or are in close proximity. Yet, for efficient hunting utility of Dragon Promoter Finder is in its use in identifi-
of genes within a specific genetic class, one needs a modekation and annotation of promoters in anonymous DNA, as
that recognizes relevant features of promoter regions for thewell as in enhancement of gene hunting by more accurate
targeted class of genes. Therefore, it is necessary to pin-determination of the’5end of the gene and parts of its reg-
point the TSS in order to localize the promoter region with ulatory regions.
high precision and develop a promoter model to be used in
such a search. The localization of TSSs is not tackled by

the previously mentioned prograrfisi—16] 2. Modé
It is well known that TSS-finding systems produce a
high rate of FP§1-3,6,13] In this article, we present a The conceptual structure of our system is depicted as

TSS-finding system that cc_)ngiderab_ly reducefs this problem. ghawn inFigs. 1-3 The overall systemAig. 1) comprises

To our best knowledge, this is the first TSS-finding system 5 cojiection of five independent models, each tuned for
that has a relatlvelylovy rate of FPs with sufficient s_ensnwny optimal performance for a particular sensitivity/specificity
to make the system suitable for large-scale genomic anaIyS|s.range_ Each of the independent modélig. 2 and Bhas
Contrary to solutiong15,16] which are aimed at recogni-  he same structure made up of two sub-models, A and B, as
tion of specialized classes of promoters, such as CpG-islandyesented iffrig. 2. Models were trained for different ranges
[17-20] related promoters, our system is aimed at analy- of sensitivity/specificity. Each sub-model was trained sepa-
sis of general vertebrate polymerase Il promoters. We alsOyaely for the best performance. The activation of relevant
present some details on its performance obtained on a di-y e is based on user’s request, where user can select one
verse evaluation set and part of the results obtained on hu-qf five pre-defined specificity/sensitivity levels. Data pro-
man chromosome 22. Our system has been implemented inyegsing for each of the modelBigs. 2 and Bis similar.

the Dragon Promoter Finder program that can be freely ac- the system analyses the content of data-windows, obtained
cessed ahttp://sdmc.krdl.org.sg:8080/promotefrhis sys- by shifting a window of lengtt. along the DNA sequence.
tem uses a hierarchical multi-model structure with models ;¢ shifting of the data-window is one bp ahead. First, data

specialized for (a) different promoter groups and (b) differ- g ¢jassified Eig. 2) as being Gt C-rich or G+ C-poor. The
ent sensitivity/specificity ranges. To the best of our knowl- riterion for separating promoters is based on

edge this is the first reported composite-model structure used

in promoter recognition systems based on (a) and (b). The(C + G) > 0.5, for C+ G rich sequences
promoter data (the short DNA segments around TSS) was

separated into G- C-rich and G+ C-poor groups. Thissep- (C+G) < 0.5, for C + G poor sequences
aration of data and subsequent development of models for

both of these promoter groups resulted in a considerably Where

enhanced system performance. The system combines mul- #C+ #G

tiple hierarchically organized models optimally tuned for C+G) = L
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STRUCTURE OF DRAGON PROMOTER FINDER SYSTEM
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Fig. 1. Overall structure of the Dragon Promoter Finder system.

where #C and #G are the respective numbers of cytosine nuPWMs were generated from the training set for each
cleotides and the numbers of guanine nucleotides found inof the three functional groups considered by counting
the data window. After data is classified by itstGG con- frequencies of all pentamers at each position. The posi-
tent, it passes through either the sub-model A{@-rich tion weight matrix of overlapping pentamers has dimen-
window) or B (G+ C-poor window). Within the sub-models, sions 1024L — 4) for a data-window of lengtiL. The
data passes three parallel senséig.(3). Each of the sen-  data-window was compared to the weight matrices to cal-
sors represents a model of a functional region of a gene: pro-culate scores that represented data-window content. Let a
moter, coding exon or intron. Models of these regions were data-window contain the sequen®@é = niny...np_1ng,
derived as positional distributions of overlapping pentamers wheren; € {A,C, G, T} are nucleotides from the DNA
(all sequences of five consecutive nucleotides) contained insequence. Let the corresponding sequeiteof suc-
the region. cessive overlapping pentamefs; obtained from this
The positional distributions of pentamers are repre- data-windowW is given byP = p1p2...pr_spr—4. The
sented by their positional weight matrices (PWMs). The score for the data-window is obtained by the following
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Fig. 2. Model structure in the Dragon Promoter Finder system. Different sub-models are activated based ¢rGre@ent of the examined window.
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Fig. 3. Schematic representation of data processing within a sub-model.

formula The ANNs have three ‘tansig’ neurons in the hidden layer,
4 ; ) . and one ‘tansig’ neuron in the output layer. ‘Tansig’ func-
L4 ; d ‘t th tput | T f
S iz Py ® fii P® i = fiis 1f pi = Pj tion is described by tart) = (€* — e ¥ /e* + e ¥) These
Zf;f max; fj,i7 U 0, if pi # pj ANNSs are very simple and of low complexity, so that they
o . o _ efficiently perform the necessary signal smoothing since the
where p’ is the jth pentamer at position f;; is the fre-  outputs of the promoter and coding exon sensors are quite

quency of thgth pentamer at position These scores take  noisy. The ANN was trained by the Bayesian regularization
values between 0 and 1. The working assumption was thatmethod for best separation between the classes of input sig-
the higher the score, the more likely that the data-window nals. Consequently, each of the models contained two ANN
represented the respective functional region. Let the scoressystems, one for each sub-model. The ANN system for each
(signal values) of the promoter, coding exon and intron sen- sub-model was trained to separate promoter regions from the
sors be denoted by, oe andoj, respectively. These scores non-promoter regions. Its output ranges from —1 to 1. The
were used as inputs to the signal processing block (SPB).output that best separated the promoters from non-promoter
The outputs of SPB are three signags si, sgi, which are  sequences was selected as a threshold. All ANN outputs
defined as greater than the threshold are considered to indicate the pres-
ence of the promoter region in the data-window.
sg = salop — Oe, de, be)
s = salop — 0i, aj, bi), o ]
3. Data, system training and tuning

sel = saloe — 0i, dei, bei)

We used the following criteria for compilation of a data

where the function sat is defined by set for training and testing the Dragon Promoter Finder:
a, ifx>a (a) the dataset should contain both, positive (promoter-
salx,a,b)={ x, ifb<x<a containing) and negative (non-promoter) sequences;
b, ifb>x (b) both of these sets need to have sufficient diversity,
resembling the varieties of different transcription ini-
Parameteray, by, k = €, 1, ei, are part of the tuning pa- tiation mechanisms of promoters and, in the case of

rameters of the system. The three SPB output signals were  non-promoter data, the diversity of different functional
transformed by principal component analysis and fed as in- non-promoter regions of DNA;

puts to the ANN system. The ANN performs a multi-sensor (c) data used has to be sanitized as much as possible retain-
integration. The ANN in each sub-models was a simple ing only those sequences that has TSS unambiguously
feed-forward network combined with the nonlinear SPB. identified.
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There are objective problems in compiling a statistically were mutually exclusive. The goal of tuning was to max-
representative, diverse, and clean dataset. The Eukaryotidmize the level of TPs versus FPs over the entire range of
Promoter Database (EP[8], Rel. 67, was the source of accuracy settings. Different models were trained and each
positive (promoter-containing) training data for most pro- was tuned for best performance at a predefined sensitivity
moter recognition systems. Currently, the EPD is the most range. Here we define the specificity and the positive pre-
reliable source of promoter sequences, but unfortunately it dictive value (ppv) which is sometimes called specificity in
is limited in content (less than 1400 promoter data across bioinformatics[25] as it is used as a proxy for true speci-
diverse species). We used EPD data to generate our positivdicity particularly when the prevalence of true positives is

training dataset. very low. The sensitivity and ppv used are given by
TP TP
3.1. Training sets Se=157ENn PV=TRiER

Dragon Promoter Finder System was trained using data In the abOVe eXpreSSion for SenSitiVity, FN Stands fOI‘ false
from a collection of promoter and non-promoter sequences. Negatives, i.e. FN equals the number of true promoters not
We used 793 different vertebrate promoter sequences fromPredicted by the promoter prediction programs. For higher
EPD; each sequence was 250 bp in length, extending fromsPecificity range (from 0.8 to 1) we used a data-window of
200 bp upstream of the TSS to 49 bp downstream of the TSS,250 bp, since the models using this sequence length allowed
i.e. promoter sequences covered the segmeR00, +50) for very high specificity. For the lower specificity ranges
relative to the TSS. By convention, there is no nucleotide (from 0.2to 0.7) we used a data-window of 200 bp, as our
position ‘0’. The nucleotide at the TSS is assigned the po- previous experiments showed that with this window length
sition ‘+1' and the nucleotide immediately preceding the We are able to achieve sufficiently high sensitivity (over
TSS is assigned the positior-1'. These 250 bp long se- 0.9) that was not possible with the window length of 250.
guences represented the positive training data. We also colWe tuned five different models, where each of the models
lected, by random selection, a set of non-overlapping humancontained sub-models of classes A and B.
coding exon and intron sequences, each 250bp in length,
from Genbank Rel. 12122]. The non-promoter sequences 3.3. Evaluation set
in these two groups were checked for similarity using the
Blast 2 sequences progrg@i] to ensure that any two se- The evaluation set (test set) was compiled by sequences
quences within the group have less than 50% identity relative taken from a larger set of human and human-virus se-
to each other. In total, we used 800 coding exon and 4000quences that were used by other researchers for training of
intron sequences and divided the data inte-@-rich and gene-finding and -analysis prediction systems, as well as in
G+ C-poor sets. Consequently, we generated the training setpromoter-finding systems. The following criteria were used
(Pegt» Negr) WherePegy denotes the positive (promoter) in deciding which sequences to include in the set:

C+-G-rich sequences, whilb.g; denotes the non-promoter

C + G-rich sequences. In an analogous way we generated
the training setPcg_, Neg—, that contained G- G-poor se-
guences. Our system was trained separatelyPes., Negt)

and on(Peg—, Neg-) sets. As a result of the training, the po-
sition weight matrices of pentamers and parameters of the
ANNSs were determined.

1. The sequence should be from a large collection of hu-
man sequences used either in the evaluation of promoter
recognition systems or in the training and evaluation of
gene recognition systems. By this approach we reduced
the bias contained in the collected data. This allowed for
the preservation of diversity of the promoter regions and
ensured a representative dataset. General gene recogni-
tion programs typically recognize broad classes of genes

3.2. Tuning set and system tuning and, therefore, they are trained on diverse sets of gene se-

guences. Consequently, such sets of sequences are a con-

To tune other adjustable system parameters, such as the venient source of potential candidate sequences for eval-
bounds of the sensor signals, or the threshold levels for  uation of promoter recognition programs. Based on this
sensor signals and ANNs, we created a tuning set by ex-  selection criterion we included, sequences used in train-
panding the training sets with 1600 non-overlapping human  ing gene-finding and -analysis programs including Genie
sequences from thé3TR regions taken from the UTRdb [26], GENSCAN[27], NetGene[28], Geneld[29], and
databasg24], additional 500 non-overlapping human cod- some otherg30,31] We also included sequences used
ing exon sequences, and 500 non-overlapping human intron in testing a ANN-based promoter recognition program
sequences, where each sequence was 250bp in length. [32] and those used in the analysis of TATA box motifs

These coding exon and intron sequences were extracted and TSS$33]. The sequences used in training the Genie

from the Genebank Rel. 121. Additionally, 20 full-length program made up the greater part of our evaluation set.

gene sequences with known TSSs were included in the tun-2. Sequences included in the evaluation set were not used,
ing data. The promoters of these 20 genes and the EPD data in part or wholly, for training or tuning of our system.
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3. The sequences should have a sufficiently detailed andconsidered correct if it is within 200 nucleotides upstream,
complete annotation of the 5’ flanking region of the gene, or 100 nucleotides downstream of the real TSS. We used
so that it was possible to deduce the location of the this criterion for predictors that make the prediction of the
TSS. TSSs as individual locations such as in the case of Dragon

4. The evaluation sequence-set was cleaned to remove posPromoter Finder, Promoter2.0, and NNPP2.1. The NNPP2.1
sible redundancy by the CLEANUP progrgg4], allow- gives the region around the predicted TSS location in the
ing maximum mutual similarity of 50% in the promoter ranges of {40, +10], and their predicted TSS location
regions [-200,+50] relative to TSS. The comparison of is 40nt downstream of the predicted Boundary of the
the evaluation gene sequences with the training and tun-region.
ing data by the Blast 2 sequences program resulted in less In the case of Promoterinspector, which gives the predic-
than 50% similarity of any sequence in the evaluation set tion of the promoter region, the prediction is calculated as
versus sequences in the training or tuning sets. correct if the TSS falls within that region. Otherwise it is

5. Finally, the sequences that satisfied the above four criteriacalculated as false positive. This criterion is based[6h (
were additionally checked against the pertinent literature p. 169) which states: “a promoter must contain a transcrip-
for accuracy of annotation. tion start site (TSS)”. Consequently, a reasonable definition

The final evaluation set of 146 human and human-virus of promoter region ShOl.JId include the TSS' One should also

) . note that[14] used a different calculation method that as-

sequences contained 159 TSSs and had a cumulative length I . .

of more than 1.15 Mbp. sesses only the I_ocat|o_n in the_ genomic sequence, disregard-

ing the strand orientation, which generates one FP for each
correctly predicted promoter and two FPs for each false pos-

4. Comparison systems itive prediction. We used a more stringent screening of both

strands.
We selected three promoter recognition systems Promo- Results achieved on the evaluation set are as presented in
terlnspectof14], NNPP2.1[10,11], and Promoter2.(12], Fig. 4 for all four compared programs.

to compare their performance against the performance of When the system is set to the same sensitivities as the
our Dragon Promoter Finder program. These three programsOther three tested systems, then our system achieves many
were selected for the following practical reasons: times less FPs (as shownTable J.

e they are accessible through www, 5.2 Results on human chromosome 22
e they allow for the analysis of long sequences.

The NNPP2.1 and Promoter2.0 use ANNs, while Promo- [N addition to testing on the evaluation set, we performed
terinspector uses a statistics based approach. Promoterinfurther testing of Dragon Promoter Finder system on the
spector is not a TSS-finding but a ‘region-finding’ promoter @nnotated known genes on human chromosome 22. The re-
recognition system. For this reason, a complete comparison5U|t5 were generally consistent with those obtained on the
of its performance with our system is not possible. How- €valuation setable 2. o
ever, a comparative studii4] of Promoterinspector and ~For Promoterinspector, the TP predictions are deter-
the other five promoter recognition systems has shown thatMined according to the criteria explained in detail 5],
the former significantly outperforms others. We, thus, de- while the FP predictions were considered those that fall
cided to include it in our comparative study. We were not ON the annotated part of the human chromosome 22 cov-
able to include McPromoter prografhi3] in the compari- ered by known genes, but not sufficiently close to the

son since it allows analysis of only short sequences on the® €nd of these gene, thus not representing the TP pre-
WWW. dictions. For Dragon Promoter Finder, we considered the

predicted TSS position correct if they fall within the inter-
val of length equal to the average length of the promoter
5. Results region predicted by Promoterinspector (555 bp), while the
other conditions being the same ag¥3]. This makes the
Our system was compared to several other promoter find- criteria for comparison between the two programs equiva-
ing systems on the evaluation set. In these comparisonslent.
Dragon Promoter Finder system performed extremely well.  The annotation data (Rel. 2.3) for human chromosome
The analysis on human chromosome 22 confirmed the ex-22 were produced by the Chromosome 22 Gene Annota-

cellent performance of our system. tion Group at the Sanger Centre and were obtained from
the world wide web[36]. Here we present the Se and
5.1. Results on the evaluation set the ppv obtained on the sections of chromosome contain-

ing annotated known genes. For examglable 2implies
The criterion for deciding which prediction is correct and that for each TP at Se-= 80%, an average of 3.34 FP
which is not, is as stated [i]. The predicted TSS is thereby predictions were made; at Se 0.58%, 1.4 FP predic-



V.B. Bajic et al./Journal of Molecular Graphics and Modelling 21 (2003) 323-332 329

Accuracy of Dragon Promoter Finder Ver. 1.2 & 1.3

100 T T T T T T T T T
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Positive predictive value ppv in % = 100 x TP/(TP+FP)

Fig. 4. Accuracy of Dragon Promoter Finder system and comparison with the results of other programs on the evaluation set. DPF v.1.3 shows performance
of Dragon Promoter Finder. The DPF v.1.2 shows performance of Dragon Promoter Finder trained without separation of training datasnichC
and C+ G-poor sets.

Table 1 6. Discussion and comments
FP is the number of false positive predictions made by the promoter
recognition programs other than our system;pfPis the number of
false positive predictions made by Dragon Promoter Finder at the same
sensitivity level as the program used in comparison

6.1. C + G content and CpG-islands

Promoters can be divided by thetG content of the re-

Promoter- NNPP2.1 NNPP2.1 Promoter2.0 . . .
Inspector _ (threshold 0.8)threshold 0.99) g!°.g%r°“?gr;“;;§s.ﬁ Tshif :ﬁ;f]ﬁrra'FfT‘r‘;::Vatc':”gc;fﬁgfg;fj‘;or
vidi | u . Fl \ -l ,
FP/FRpr 6.88 3.8 8.82 56.9 9p Y, &P

known to be associated with promoters of approximately
Finder on the evaluation set a the same sensiiiy of precicions as the o . Al Known genes and virtually all housekeeping genes
comparison programs={g. 4). The results for NNPP2).l1 ar’:z given for two [19,20} are only contained in & C-rich regions. Secondly, .
levels of threshold (0.8 and 0.99). the EPD database has about 2/3 of vertebrate promoters in
this group. Consequently, one should expect that the sep-
aration of the data by G G content will result in more
tions were made; and at Se 0.49% on average 1.1 FP  specialized models and, when combined, they may enhance
predictions were made. These results provide additional overall promoter prediction. This specialization of the mod-

evidence of excellent performance of Dragon Promoter els indeed resulted in the improvement of predictions as

Finder. shown inFig. 4. Another possibility is to associate promot-
ers with the CpG-islands, as implemented in certain spe-

Table 2 cialized promoter recognition prograniss,16] However,

The results of the promoter prediction by Dragon Promoter Finder on tO e€xactly determine the CpG-islands in large genomic se-

human chromosome 22 guences, one needs enormous amount of computation time.

Se (%} Ppv (%) Therefore, various simplified approaches are in use for ob-
taining approximate CpG-island information within reason-

49 48 ; ;

58 42 able time. Unfortunately these approaches produce different

64 33 resultg15]. Thus, we resorted to the use of the-G content

74 30 since its determination is unambiguous and direct, keeping

80 23 in mind that the G+ G-rich sequences are those intimately

aHuman chromosome 22 (known genes). related to the CpG-islands.
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The CpG-island information has been used in some pro- promoters, intronic and cds regions in promoter recognition
grams|[15,16] for predictions of specific promoter groups. is applied in McPromoter program. Also, Promoterinspector
The CpGpromoter systefil5] uses quadratic discriminant uses four sensors for promoters, introns, exons add@iRs.
analysis and three parameters of the CpG-islands, such asn our model, we did not find significant contribution of
their length, CpG score, and thet@G content, to distinguish ~ 3'UTR sequences to the recognition performance and, thus,
between promoter-associated CpG-islands and the ones thatve did not use them in the model development. TRETR
are not promoter-associated. CpGpromoter has a reportedegions were also not used since we were not able to find
sensitivity of 0.47 and ppv of 0.34. In addition to the param- sufficient number of long enougH8TRs that were suffi-
eters that relate to the CpG-islands, several other parametersiently diverse (less than 50% mutual similarity). Moreover,
related to density of specific motifs were introduced and the inclusion of the 5’UTR sensor would change the design
linear discriminant analysis was applied [it6] to predict of the whole system and, thus, we omitted its use.
promoters associated with the CpG-islands. That system
[16] was shown to perform slightly better than the Promo- 6.3. Evaluation and tuning sets selection
terinspector program (sensitivity of 0.4 and ppv of 0.4) on
genomic size sequences. These syst¢hds-16] showed The reasons for the selection of sequences used within
a strong bias toward CpG-island related promoters. More- the tuning-set are as follows:
over, all these systems predict a region that may overlap or
is in the close proximity to the promoter region, and they
do not localize the TSS. The Dragon Promoter Finder has a
different goal: it makes predictions of TSSs; it achieves sen-
sitivity of 0.35 and ppv of 0.35 on our evaluation set, while
it achieves sensitivity of 0.49 and ppv of 0.48 on human
chromosome 22. This is very comparable with the perfor-
mances of the region-predicting promoter-finding systems
[14-16]

By using information from relatively short DNA seg-
ments, Dragon Promoter Finder makes only a local assess-
ment of the DNA content in producing TSS predictions  The evaluation set that we used is one of the most diverse
and lacks the more global context analysis that can poten-sets applied in assessing the accuracy of TSS recognition
tially localize promoter regions. Consequently, there is a Systems. Each of the sequences included in the evaluation
possibility to enhance the TSS predictions of our system set has already been used by other researchers in the field, so
by combining its predictions with predictions made by the no new sequences were introduced to this set by the authors.
region-predicting promoter findef$4—16] since the latter ~ This helped to partly reduce the bias, as we put emphasis on
are made based on information from a more global context the diversity of the promoter regions and the previous use
analysis. of the sequences mainly for training or testing gene finding

It is important to note that the two submodels (A and B) programs. The bias, however, is not eliminated fully and
of the system developed for40G-rich and G-G-poor cases ~ remains in the data. For example, one of its manifestations
(at any sensitivity/specificity range) always make mutually is that intergenic regions are not well represented.
exclusive predictions. For the two very similar promoter
regions, but one with G G > 50% and the other with 6.4, Comments on program comparisons
C + G < 50%, the two models will not always produce the
same predictions, meaning that the models were trained on The accuracy of Dragon Promoter Finder achieved on the

(a) we did not have sufficient number of diverse promoter
sequences to make two sufficiently large separate sets,
one for training and one for tuning, for each of the two
cases considered:{&C-rich and GrC-poor sets;

(b) by adding the 3'UTR sequences, and new coding exon
and intron sequences, we increased the size of the neg-
ative data, and

(c) by adding 20 full-length gene sequences, we provided a

more realistic environment for the operation of the final,

tuned system.

distinct features. evaluation set was compared to that of several other pro-
grams. At the same levels of sensitivity our system achieves
6.2. Selection of sensors of functional regions approximately 4-57-fold less FP predictions than any of the

other programs compared within this study.

The main functional features of genes are the promoters, The Promoterinspector program was shown to have a con-
5'UTRs, coding exons, introns, andBRs. We used mod-  siderably improved level of TP/FP compared to several other
els of promoters, coding exons and introns to build our TSS promoter recognition prograni$4]. However, on the eval-
recognition system. Our assumption was that the character-uation set our program achieved 6.88 times less FP predic-
istics of these three functional regions are sufficient to help tions than Promoterinspector at the same sensitivity level
Dragon Promoter Finder distinguish true predictions from of Se = 0.22. This shows that the model we used is suit-
false predictions on the gene and in the intergenic regions.able and that it picks up many (although not all) relevant
The use of sensors for promoters, coding exons and intronfeatures of promoters. We made a comparative study with
regions in the development of promoter models was first Promoterinspector because this is currently deemed the best
reported recenthyf21]. A similar use of three sensors for region-predicting promoter-finding system.
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and the initiator (Inr), as well as their mutual distance. This [5] B- Dreier, D.J. Segal, C.F. Barbas lll, Insights into the molecular
svstem uses three time-delav ANNs. One ANN recognizes recognition of the 5GNN-3 family of DNA sequences by zinc

y 1ay - _ 9 finger domains, J. Mol. Biol. 303 (2000) 489-502.
TATA-box, the other recognizes Inr, while the third one com- (6] M.G. Reese, G. Hartzell, N.L. Harris, U. Ohler, J.F. Abril, S.E.
bines the outputs of the two and takes into account the spatial ~ Lewis, Genome annotation assessmenDinsophila melanogaster,
distance between the TATA-box and Inr signals. A signifi- Genome Res. 10 (2000) 483-501. _ _
cant portion of sequences (61%) in our evaluation set were [7] R.O.J. Weinzierl, Mechanism of Gene Expression, Imperial College

. . Press, London, 1999.

from the training set Qf Ge!’IIQ program. Imron_and CdS. S‘.e' [8] R.C. Périer, V. Praz, T. Junier, C. Bonnard, P. Bucher, The Eukaryotic
quences from the Genie training set were used in the training -~ promoter Database (EPD), Nucl. Acid Res. 28 (2000) 302-303.
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tion set. However, even with this advantage of the NNPP2.1 [10] M.G. Reese, F.H. Eeckman, Time-delay neural network for eukaryotic

. . promoter prediction, 1999, unpublished.
program, Dragon Promoter Finder outperforms it by rothIy [11] M.G. Reese, N.L. Harris, F.H. Eeckman, Large scale sequencing

4 to 9 times with regards to specificity. specific neural networks for promoter and splice site recognition, in:
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