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Abstract. We propose a neural net solution for the recognition of the
domain-types of proleins, which is a hard and important, problem in hiol-
ogy. We have found (thal using a clever preprocessing Lechnique relatively
small ncural nelworks perform surprisengly well. The performances of the
neural nets were measured by cross-validation and Hoeftding’s inequality
was utilized for the estimation of a confidence interval of the estimates.

1 Introduction

(Genome projects produce a huge amount of genetic sequence data. The ultimate
goal is to assign a biological function to these data, the natural approach being to
translatc the data inte pretcin scquences and assign the biological functien ef the
protein to the data. However, when unclassified genetic data is translatedproteins
with unknown biological function may oceur. Thus an important task is the
recognition of the biological function of arbitrary protein sequences.

At present, the [unctien assignment canunol be [ully autemaled. The usual
mecthod works as follows: If two pretcin scqucnces sharc a cemmen subscequence
which is longer than 80% of the lenght of the sequences then the biological
function of the two proleins is identilied. Thus by organizing large amounts of
protecins with known functiens into databascs, functions can be almost automat-
ically assigned to proteins. 'This preliminary identification is carried out with
standard database-search programs such as FASTA [17,12], or BLAST3 [13,1].
An cstimated 25 percent of the new sequences have much less identity, se a func-
tion has to be assigned by human evaluation. The task is formidable since the
number of data is far greater than that which, can be precessed by database
annetators.

The hardness of the task arises from the biological nature of the problem. Tf
two large proteins share only a few common segments, a detection of similarity
often becomes problemalic [7]. Al the rool of this problem is thai for efliciency
rcasons scarch programs give only the longest cemmen cennccted regions ef the



qucry and a databasc entry. The end result is that cven random identitics may
“mask” the biologically significant patterns if they are quite short [3,6] and also
[ragmented matches can remain undetected. Special {ools have been develeped
te overcome this preblem. Many of them rely en the notien of domains which are
typically short protein-subsequences identified as crucial for determining either
the proteins’ 3B structure or the bielegical functien, er they have been identified
by human inspcctien as typical repetitive building blocks of a large number
of proteins. Domains are grouped in domain-types which are defined in such
a way that knewing the domain-type of a protein (i.e. whether at least ene
ol the domains in the type is a subsequence of the given protein) provides a
large amount of knewledge about the bielegical function of that pretcin. So an
interesting and fundamental question is the determination of the domain-types
ol a protein. Unfortunately, this is again a hard task which cannot be solved
by string-matching partly because the domains are too short and thus random
identitics may disturb the result of string-matching.

In one main track of research a given set of domains is subject te multiple
aligmnents depend on the investigatcd pretcin group, which in turn are trans-
lated into a compact “consensus representation” of the group. Such consensus
representations can take the form of regular cxpressions [4], frequency matrices
(in which the frequency of occurrance ol each amino acid in each position ol the
multiple alignments is represented) [14] or Markev chains [15]. In cach case, a
“core sct”™ of domains has to be collected to build up the multiple alignments.
Whichever way this core sel is selecled, the resulting consensus representation
will be biased. Anether merc scrieus problem comes from the fact that the con-
struction of alignments requires human intervention so the basic problem of data
explosien cannot be everceme in this way.

Previously we have advocaled another strategy in which domain collections
were uscd in conjunction with databasc scarches [9,14]. Whilc this stratcgy decs
not need a consensus representation, the selection of domain sequences is however
only partly antomaled and the evaluation of resulis still requiresneeds Tiuman
knowlcdge and cxpericnce.

The aim of the present work is to utilize the capabilities of artificial neural
netwerks in conjunctien with database searches to fully autemate the recognition
of domain-typcs of pretcins. Ncural networks have been used in various ficlds of
computational biology, but this is the first applicatien that wc arc awarc of that
is devoted to domain recognition.

To introduce our methed lel us pick eul a domain type. The idea is that a cor-
responding sct of representative domains is sclected based on a simple statistics.
When an unclassified protein enters the system the protein is matched against
each ef the representative domains, the resulting string-matching numbers being
renormalized and uscd as the input ef a fecdforward network. The net is trained
by a variant of the backpropagation algorithm with the desired output corre-
spending to whether the investigated protein is in the demain-type or net An
integral part of our strategy is to include string-matching as the first step, in the
samc way as biologists weuld cvaluatc any ncw scequence. The ncural net is used



te combinc the string-matching values in a nen-lincar fashien, which surpresscs
the effect of accidental and may strengthen weak but biologically important ones.
We evaluale Lhe resulls using a cress-validalien test and a conlidence interval of
the prediction is cstimatcd using en Hocffding’s inceuality [11].

2 Method

The mcthed consists of scveral steps:

1. Suitable preparation of the data
2. Sclectien of representative domains and preprocessing
3. I'raining of networks and performance evaluation

2.1 Preparation of data

On the cxperiments the SWISS-PRO'I-33 [3] protein and SBASE-3.0 [14,9]
domain databases were used. Proleins of SWISS-PROT-33 are calegorised as
bclonging or not belonging to the demain type and somctimes as ambiguous.
SBASE was employed to resolve name-standardization problems. Morcover the
domains defining the domain type were collected from SBASE [14].

2.2 Selection of representative domains and preprocessing

Since the number of defining domains is nsually large (100 — 400) a represen-
tative subsct of the defining demains was sclectcd which would be uscd in the
subscquent processing steps. The representative domains were sclected based
on their average threshold (string-matching based) similarities to the proteins
which belong to the given domain-type, i.e. domains which were very similar
Lo a large numnber of proteins [ormed in the representative set. Il two domains
had the same average thresheld similarity then the once with the largest average
(unthresholded) similarity value was preferred. I'his rule was actually needed in
a nuinber of cases Lo decide between two domains. The number of representation
domains £ was in the range 2 — Y and its final valuc was determined cmpirically.

I'ypically the number of proteins belonging to a domain-type is very small
cotrpared to the nuiber of all proteius in the database. This calls for a prepro-
cessing step when pretcins which are probably not domain-type members are
dropped out. The basis of this decision was that if the protein is not similar
“enough” to at least the 70 % of the representative domains then the protein
could net bc a demain-type member. A large number of proteins were climinated
in this way. The error rate of this rule is practically zero, i.e. this rule is very
conservative. In some cases this rule still filters out a substantial number of pro-
teins. In Lhis way the neural nel could concenirate on learning the characteristics
of the merc intriguing cascs.

The input of the netwerk is a real-vector of k£ elements, the ith entry of
which is the normalized deviation of two similarities. The first is the similarity
of the protein to the ith domain and the sccond is the average similarity of



the proteins within the demain-type. In this way the ith input is positive if the
protein is more similar to the 7ith domain than an *“average” protein in the group.
The normalizatien factor is the average similarily, toe. There is one exceplien
te the above however: if the protein’s similarity to the 7th domain is bclow
threshold then the corresponding input is set to —10, meaning that the protein
is completely dissimilar to the ith domain. !

2.3 Training and performance evaluation

Several network architectures (including the number of hidden layers and the
number of input vector elements) were trained and tested. The MBP package
of D. Anguita [2] which implements a batch backpropagation algorithm with
an adaptive learning rate and momentum [16] was employed.. Tt was consis-
tently ebserved that increasing the number of input vector elements helped
when (his number was siall, but nol, fer larger numbers. Using Occam’s Ra-
zor wc present the results for the smallest nets which achicved the ncar best
performance. ‘T'he training and test set were separate (i. ¢. we used a cross-
validation test)and Hoellding's inequalily was used {o give a conflidence inter-
val fer thc cstimatien crror. If L, = P(g,(X) # Y |D,) dcnetes the (truc
unknown) probability of error of the classifier g, when trained on data /),
(P, = ((X1.Y1),...,(Xn,Ys)) where (X;,Y;),(X,Y), i = 1,2,....,n are Li.d.
random variables) and this crrer is cstimated using a scparcte test set 7T, =
(X g1 Yng1)s e ey (,X:ﬂ,+,,,,, Yn4m)) as the relative frequency of the error mode
by ¢, on T,,,, 1.e. by Lym = (1/m) Z;n:l Ly, (Xu4y)#Vay} then the distribution

of m I, m is binemial with parameters m and Ln, so by Hoellding’s inequality
[11] (scc also Cerollary 8.1 of [8]) for any given ¢ > @

P — | 36 D] £ 207207,

P(

From this inequality a confidence interval of size ¢ can be estimated at any given
crror-probability rate (significance level).

3 Results

As a test set we chose a number of known domain types, in graded order of
difficulty, to recognize the KRINGLE, ANK, EGF, and FN3 domain types [4].
The KRINGLE domain-type can he identified more or less precisely with regular
cxpression type scarches. The ANK domain-typc is morce preblematic, having ne
characteristic sequence signature. The EGF domain-type contains many vari-
ants (these are termed EGF-LIKE in the SWISS-PROT-33 database) and this
malkes the recognition of the corresponding proteins harder. Finally, the FN3
is an especially variable group, with only 3 constant amino acids within a seg-
ment of abeut 198. Thercfore the traditional mctheds perform very peorly on
' Since the great majority of the input vector component values lay in the interval

[—L, 1] interval we did not experience any saturation problems so that preprocessing
could ke kept simple.



this domain-type. Our results arc presented in Table 1. The available data was
divided into 2:1: that of the data and test set. ‘I'he number of elements of the
positive/negative samples and total number of samples [or the feur domains are
shown in the table. The table alse highlights the respective number of mistakes
made by the neural net, the mean error estimate (i.e. the errors of the first and
secend kind), the 0 95-cenfidence radius and 95% upper bound fer the errer of
the net. Note that the confidence-interval cstimates arc very conservative and
reflecting that using only a small number of samples it is hard (if not impossible)
te estimate the actual error-probability. Nevertheless the number of errors was
usually very small, i.e. the estimated error-probability ranged from 0 to 0.08.
Accerding to our cxpericnces the number of crrors increases frem KRINGLE te
FN3. We would like to notes that we have identified a number of proteins which
i the higher version of SWISS-PROT-33 (i.e. in SWISS-PROT-34) have been
classificd in a way diffcrent from the carlier version (which we uscd for training
and testing due to technical reasons) and this now annotations were found to be
consistent with neural netwerk prediction!

95% #proteins|#errors| Lo om e |lpm +e
pos. 12 0 0 0.3920| 0.3920
KRINGT.E|neg.| 1932 0 0 |0.0308| 0.0308
2:0 all 1944 0 0 ]0.0308| 0.0308
pos. 32 0 0 ]0.2100| 0.2100
ANK  |neg. 717 9 0.0125|0.0507| 0.0632
3:3 all 749 9 0.0120(0.0496| 0.0616
POS. 101 4 ]0.0396(0.1351| 0.1747
ECGF  |neg. 919 20 ]0.0217]0.0447| 0.0664
77 all 1020 24 10.0235]|0.0425| 0.0660
POS. 59 ) 0.0847|0.1768| 0.2615
F'N3 neg.| 19636 891 ]0.0569|0.0108| 0.0677
77 all 15695 896 10.0570/0.0108| 0.0678

Table 1. Error-probability Estimates

'T'he first column shows the domain-types to be recognised and size of the neural net
in the style (no. of input nodes:no. of hidden layer units). 'I'he results are presented
in Lthree rows for cach domain (ype: the positive, negative and all examples. This
labels are given in column iwo while in the third and fourth columns the number of
corresponding Lest examples and mistakes on those tesl sels are shown. Nexl lollows
the error-probability estimate, the confidence interval radius at the 93% confidence
level and the 95% pessimistic estimate of the error-probability.

4 Conclusions

A neural-network based solution or the Mlly automatized recognition of domain-
types of proteins has been set fasth by us. The network having been tricd eut



on feur diffcrent domain types of different recognition-hardness. We feund that
the neural nets performed very well even for hard-to-recognize domain-types like
I'N3. As [ar as is kuewn eur methed is the [irst Le evaluate a cemplete prolein
databasc. Onc ef the rcasons for this is prebably because eur method is an order
of magnitude faster than other methods like PROFIT.E-SEARCH [4] and PFAM
[15]. In the future we plan to test our methed for all the domain-types (these
arc over 1000 such domain-types) which arc included in SBASE-5.0. The final
goal is to train a neural-net for each domain-type which can then be used to

categerize preteins.
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