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Abstract that discriminative classifiers, such as support vector ma-
chines (SVMs), outperform the other two types of pro-
tein classification methods (Leslie et al., 2004) in the con-
text of binary remote homology detection—prediction of
whether a sequence belongs to a single structural class or
not—especially when incorporating unlabeled protein data
(Kuang et al., 2005; Weston et al., 2003). However, it is
uncertain how to combine these predictive binary classi-
fiers properly in order to tackle the multi-class problem of
classifying protein sequences into one of many structural
classes.

We develop a novel multi-class classification
method based ooutput codedor the problem

of classifying a sequence of amino acids into
one of many known protein structural classes,
calledfolds Our method learns relative weights
between one-vs-all classifiers and encodes in-
formation about the protein structural hierarchy
for multi-class prediction. Our code weighting
approach significantly improves on the standard
one-vs-all method for the fold recognition prob-
lem. In order to compare against widely used
methods in protein sequence analysis, we also

In the machine learning literature, two main strategies have
been devised to tackle multi-class problems: formulat-

test nearest neighbor approaches based on the
PSI-BLAST algorithm. Our code weight learn-
ing algorithm strongly outperforms these PSI-
BLAST methods on every structure recognition
problem we consider.

ing large multi-class optimization problems that general-
ize well-known binary optimization problems such as sup-
port vector machines (Vapnik, 1998; Weston & Watkins,

1999), or reducing multi-class problems to a set of binary
classification problems and processing the binary predic-

tions in simple ways to obtain a multi-class prediction (All-
wein et al., 2000; Dietterich & Bakiri, 1995). The diffi-
culty with the first method is that one usually ends up with
a complex optimization problem that is computationally
Many statistical, homology-based methods have been deexpensive. The second method is more computationally
veloped for detecting protein structural classes from protractable, since it involves training a set of binary classifiers
tein primary sequence information alone. They can be catand assigns to each test example a vector of real-valued dis-
egorized into three major types of methods: pairwise seeriminant scores or binary prediction rule scores which we
guence comparison algorithms (Altschul et al., 1990; Smithcall theoutput vectorfor the example. In the standard one-

& Waterman, 1981), generative models for protein fami-vs-all approach, one train§ one-vs-the-rest classifiers to
lies (Krogh et al., 1994; Park et al., 1998), and discrimina-obtain a lengthV output vector, and one predicts the class
tive classifiers (Jaakkola et al., 2000; Leslie et al., 2002with the largest discriminant score; standard all-vs-all is
Liao & Noble, 2002). Many recent studies have shownsimilar, but one trains all pairwise binary classifiers to ob-
- tain a lengthV(N — 1)/2 output vector (Allwein et al.,
Appearing inProceedings of the2" International Conference  2000). One can also represent different classes by binary

on Machine LearningBonn, Germany, 2005. Copyright 2005 by \/actors omutput codesn the output vector space and pre-
the author(s)/owner(s).

1. Introduction
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dict the class based on which output code is closest to th8V = (W7, ..., Wy4,) to perform multi-class predictions
binary output vector for the example (Dietterich & Bakiri, with the weighted code prediction rulg = arg max,; (W=

1995; Crammer & Singer, 2000). (We will use the terms f(z)) - C;, where W f(z) denotes component-wise
“output space” and “code space” interchangeably for themultiplication. We learnW by a cross-validation set-up
output vector space.) This approach, called error-correctingn the training set, using either a ranking perceptron or
output codes (ECOC), appears more flexible than the otheftructured SVM algorithm. The full methodology con-
standard methods, though a recent empirical study sugsists of five steps: (1) split the training data into 10 cross-
gests that the one-vs-the-rest approach performs well ialidation sets; (2) learn fold- and superfamily-level de-
most cases (Rifkin & Klautau, 2004). There has not beenectors from the partitioned training set—performing fold
much work on applying newer multi-class techniques forrecognition and superfamily recognition on the held-out
protein classification, though recently, Tan et al. (2003) apcross-validation sets, thereby generating training data for
proached the multi-class fold recognition problem by sta-code weight learning; (3) use either the ranking percep-
tistically integrating one-vs-all and all-vs-all classifiers attron algorithm or the structured SVM method for learning
the binary rule level to generate new classifiers for the finabptimal weighting of classifiers in code space; (4) re-train
problem. superfamily and fold detectors on the full training set; and

In this work, motivated by the strong performance shown(®) test on the final untouched test set.

by discriminative base classifiers for binary protein clas-The rest of the paper is organized as follows. We first
sification, we develop a multi-class approach for proteinpriefly provide an overview of how the base SVM classi-
fold recognition based on output codes, where we intefiers using profile string kernels are constructed. Then we
grate binary classifiers with extra information provided show how we incorporate structural hierarchy into codes,
by a known hierarchical taxonomy, such as the manuand we explain the theory of how to combine base classi-
ally curated Structural Classification of Proteins (SCOPJfiers through code embeddings using the ranking percep-
(Murzin et al., 1995). Our method somewhat resemblesron algorithm or structured SVM. This explanation is fol-
the error-correcting codes approach to multi-class classifiowed by the actual results on multi-class fold recognition,
cation. However, instead of usiragl hocoutput codes, we comparing our approach with three alternatives: an un-
design codes that are directly related to the structural hierweighted combination of maximum margin one-vs-all base
archy, based on fold and superfamily detectors, and insteaglassifiers, PSI-BLAST nearest neighbor searches on the
of using binary prediction scores, we solve an optimizationnon-redundant protein database, and Platt’s conversion of
problem to learn aveightingof the real-valued binary clas- SvM prediction scores to probabilities using sigmoid fit-
sifiers. Our approach is therefore conceptually related taing (Platt, 1999) for direct classifier comparisons. Sup-
the more general theory of adapting codes and embeddinggementary code and data can be founbtg://www.
developed by Ratsch et al. (2002), but we consider onlys.columbia.edu/compbio/code-learning/

the restricted problem of reweighting the output space so

that our fixed codes perform well for the multi-class prob- . .

lem. To set up the optimization problem during training, We2' Profile-based string kemnel SVM
use a cross-validation scheme to embed protein sequencesr our base binary classifiers, we use profile-based string
in output space by SVM discriminant score vectors, as dekernel SVMs (Kuang et al., 2005) that are trained to recog-
scribed below. nize SCOP fold and superfamily classes. The profile ker-

In our experiments, we make use of two levels of the SCOP€! 1S @ function that measures the similarity of two pro-

hierarchy as a method for designing codes for multi-clas{€in séguence profiles based on their representation in a
learning:folds, consisting of proteins with the same struc- Nigh-dimensional vector space indexed by /alners -

tural elements in the same arrangement; supgerfamilies length subsequences of amino acids). Specifically, for a se-

subclasses of folds consisting of proteins with probable putluencer and it; sequence PrOf”B(fE) (e.0. PSI'BLA.ST
remote shared evolutionary origin. Suppose the numbe?rome)' _theposmonal mutatl_on neighborhoaoat position
of superfamilies and folds in a SCOP-based data skt is / @nd with thresholdr is defined to be the set dfmers
and ¢ respectively. Our approach for solving the multi- & = 0102 ... by satisfying a likelihood inequality with re-

class protein classification problem involves producing &SPeCt t0 the corresponding block of the profitéz), as

real-valued output vectorf(z) = (fi(x), ..., friq(2)), follows:

for each test sequence where thef; are binary SVM

superfamily or fold detectors trained using profile string Mo (P(zlj+1:j+k]) =

kernels (Kuang et al., 2005), and usifig+ ¢)-length bi- ' K

nary code vector€; that combine superfamily and fold —bibo. b — S loe i (b)) < o
information. We use training data to learn a weight vector 18 = bibo g ; 8P;+i(b) )
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Note that the emission probabilities; ;(b),i = 1...k, codesthat encode information about the output space that
come from the profile?(z)—for notational simplicity, we is relevant to the structural class prediction problem.

?hoenortozTgs“C;trZ Esili(;?;(teet:efrgapi?odsznﬁzrﬁg;l;ypsl,csm di We construct our codes to incorporate knowledge about the
P 9 known structural hierarchy provided by SCOP (see Figure

a large sequence database; however, these estimates nﬁyDefine for superfamily classgse {1..... k}, code vec-
WA , k),

be too restrictive for our purposes. Therefore, we smoo orsC; — (superfam, fold,), where superfamand fold,
the estimates using the training set background frequen- J pertan, 101d;), petiai

. . : are vectors with length equal to the number of known su-
cies a(0) Wh;r(%)bftq(%))(the alphabet of amino acids), perfamilies §) and folds §), and each of these two vec-

via p;(b) = fori = 1...]z| and wheret  tors has exactly one non-zero component corresponding to

is a smoothing parameter. We use the smoothed emissigiructural class identity. Each componen€nis known as
probabilitiesp; (b) in place ofp; (b) in defining the mutation acode elemenand represents the state of the correspond-

neighborhoods. ing classifier when we later combine the code elements to
_ . _ do multi-class prediction. For fold recognition, since every
We now define the profile feature mapping as superfamily belongs to a fold in the SCOP hierarchy, each
, ) . superfamily code also maps to a fold.
M(P(2) = Y (p(P(alj+1:j+k)))gess _ _ »
J=0...|z|—k We adapt the coding system to fit the training data by learn-

ing a weighting of the code elements (or classifiers). The fi-

where the coordinates(P(z[j + 1 : j + k])) = 1if 3 nal multi-class prediction rule i = arg max; (W f(z))-

belongs to the mutation neighborhodfl. . (P(z[j + 1 : C;, wherex denotes the component-wise multiplication

j + k])), and otherwise the coordinate is 0. Note that thelbetweﬁn \c/jectors_. Tolearn the We'gglt vecw we form;J-
profile kernel between two protein sequences is simply delat€ & hard margin optimization problem asipw [[W/[2,

fined by the inner product of feature vectors: subject tO(W * f(f@)) (Cy, = Cj) > 1, Vj # yi. In-
. , ) tuitively, our problem is to find an optimal re-weighting of
Profil Profil Profil
Kooy (P(2), P(y)) = (20557 (P(2)), D50y (P(y)))- the discriminant vector elements, such that a weighted em-

bedding of the discriminant vector in code sp&de? will
The use of profile-based string kernels is an example oéxhibit large margins to discriminate between correct and
semi-supervised learningince unlabeled data in the form incorrect codes (i.e. class identity).
of a large sequence database is used in the discriminatiqn ) . .
problem. Moreover, profile kernel values can be efficiently e use two gpproaches to find approximate solutions to
computed in time that scales linearly with input sequencéh's optimization prob_lem, the rankllng perceptron and the
length. Equipped with such a kernel mapping, one can usgtructured SVM algorithm, as described below.
SVMs to perform binary protein classification on the fold ) ) )
level and superfamily level. We call these trained SVMs3-1- Using the ranking perceptron algorithm to learn
fold detectoraandsuperfamily detectors code weights

The ranking perceptron algorithm (Collins & Duffy, 2002)
3. Embedding base classifiers in code space is a variant of the well-known perceptron linear classifier

(Rosenblatt, 1958). In our experiments, the ranking per-
Suppose that we have traingdfold detectors. Then for  ceptron receives as input the discriminant vectors for train-
a protein sequence;, we form a prediction discriminant ing sequences and produces as output a weight va&&tor
vector, f(z) = (fi(z),.... fy(x)). The simple one-vs \hich is a linear combination of the input vectors projected
all prediction rule for multi-class fold recognition {5 = onto code space. We modify the ranking perceptron algo-

arg max; f;(x). The primary problem with this prediction rithm such that it will learn our weight vectow, by sat-
rule is that the discriminant values produced by the differ-isfying », constraints:

ent SVM classifiers are not necessarily comparable. While . .

methods have been proposed to convert SVM discriminant W - (f(%) * Cy, — f(z:) * Cj) > m, Vi #y: (1)
scores into probabilistic outputs, for example using sig- . . . .
moid fitting (Platt, 1999), in practice there may be insuf- wherem is the size of the margin we enforce (Figure 1).
ficient data to estimate the sigmoid, or the fit may be poorThe update rule of the ranking perceptron algorithm can
Our approach, in contrast, is to learn optimal weighting forbe different depending on what kind of loss function one is
a set of classifiers, thereby scaling their discriminant valuesiming to optimize. In standazkro-one losgor classifica-
and making them more readily comparable. We also incortion loss), one counts all prediction mistakes equally, where
porate information available from the superfamily detectorsl,(y,¢) is 1 if § # y, and O otherwise. The final zero-
for doing multi-class fold recognition by designiogitput  one empirical loss i% > 1=(yi, ¥i). In balanced lossthe
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(A) Learning code weights with the ranking perceptron  gptain the hard margin problem
algorithm

1: DefineF(z,y) = W - (f(z) * C,) minw & [|W/|3

2: Inputs: Vi, Vy € {Y —yi} 1 (W, 89(y)) > 1,

33 W0

4: fori=1tondo

5. j = argmax, F(z,p) and the soft margin problem

6: if F(z;,y:) —m < max,ery ;3 F(7,q) then

7 W e Wk ! (f(xi) «C,, — flm) *Cj) minw ¢ 3| |W|[3 + § 30, &

8 endif Vi, & > 0;Vi, Yy € {Y —y;} - (W, 00(y)) > 1 &,
9: end for

10: ReturnWw

where¢; corresponds to the slack variables (the amount an
(B) Predicting examples with learned code example can violate the margin), addcorresponds to the

weights trade-off between maximizing the margin and the degree
1: DefineF(z,y) = W - (f(z) * C,) to which noisy examples are allowed to violate the margin.
2: Inputw, a;: Intuitively, our definition ofy) defines the distance between
3: Returng « arg max; F(z;, j) two different protein embeddings in code space, and we

are using large margin SVM methods to find the relative
Figure 1. Pseudocode for the ranking perceptron algorithm  weighting of the dimensions in code space. Moreover, one
used to learn code weightingIn the pseudocode; is the learn-  can optimize balanced loss by rescaling the slack variables

ing parameterk; = i+ y; = y; | for balanced-loss, and ; . L ..
kAg_pl for zer(;k-one |§Sysj v = wll i — & in the constraint inequalities.
= ' Iv(yi,y)
4. Data set

cost of each mistake is inversely proportional to the tru
class size, wherg(y, j) is \yy—lzm if § # y and 0 other-

wise. The final balanced empirical |OS%J;% S b (yis i), Our training and testing data is derived from the SCOP
whereY denotes the set of output labels. 1.65 protein database. We use ASTRAL (Brenner et al.,

2000) to filter these sequences so that no two sequences
Balanced loss is relevant to the protein structure predictiohgre greater than 95% identity. Before running the ex-
because class sizes are unbalanced, and we do not wantggriments, we first remove all folds that contain less than
perform well only on the largest classes. The particulakhree superfamilies so that there is a meaningful hierarchy
ranking perceptron training and prediction algorithms thatiy the remaining data. In addition, we select at least one
we use are summarized in the pseudocode in Figure 1, insyperfamily from within the fold which contains more than
cluding update rules for both zero-one and balanced l0ss.gpe family, so that aemote homologyletection problem

can be properly constructed—that is, we want a superfam-
3.2. Using structured SVMs to learn code weights ily recognition problem where the test sequences are only
remotely related to (not from the same SCOP family as)

Support vector machines have been applied to prob traini Note that i th
lems with interdependent and structured output spaceg":J raining sequences. Note that In Some cases, there can

in Tsochantaridis et al. (2004). These authors maké)e several superfamily recognition experiments within the

use of a combined fea.ture représentati@(rm: ) as in- same fold if there are enough multi-family superfamilies.

put vectors to leamn a linear classificatio}wy ruje = Our data filtering scheme results in a data set that con-

arg max,cy (W, (. ) Specifically, they use the tains 46 SCOP superfamilies belonging to 24 unique SCOP
ye ) 9 . ’ H Ho H H

(-, relation to discover input-output relations by form- folds. Details on training the binary superfamily and fold

ing n|Y| — n linear constraints. These linear constraintsthectorS are given immediately below.
specify that all correct input-output structures must be
clearly separated from all incorrect input-output structures;4'1'1' SJPERFAMILY DETECTORS
i.e., for all i and all targetsy different fromy;, we re-  We completely hold out 46 SCOP families for final testing
quire that(W, 61 (y)) > 0, wheredw;(y) = (2, ;) —  of multi-class prediction algorithms. In order to make our
U(z;,y). By defining, v (z;,y) = j?(xi) * C,, we arrive  classification problem hard and meaningful, we find fami-
at linear constraints that are a special case of Equation lies that comprise at most 40% of the total number of se-
Using standard maximum-margin methods like SVMs, wequences in their corresponding superfamilies, leaving only

€4.1. Data set for training base classifiers
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5. Methods

5.1. Baseline methods

Our main baseline comparison is the one-vs-all approach,
using the 24 one-vs-all fold detectors directly for multi-
class fold recognition with the prediction rule 5 =

g omm m e Jm arg max; f;(z;). We also test one-vs-all with both fold and
) w o superfamily detectors; in this case, if a superfamily detec-
tor has largest discriminant score, our prediction is the fold

. . _ . that the superfamily belongs to.
Figure 2. A hypothetical SCOP structure for illustrating data set

construction, showing SCOP folds, superfamilies, and families.To compare against a standard refinement of one-vs-all, we
For example, the superfamily recognition problem for super-report the error rates achieved by applying Platt's sigmoid
family 1.1.1 will have {1.1.1.2, 1.1.1.3 as positive training fitting (Platt, 1999) on each one-vs-all base classifier. We
data,{1.1.1.1 as positive testing datd1.2.3.2, 1.2.3.3,2.1.2.1, gptain the discriminants for learning the sigmoid function

2.1.2.3 as negative training data, afd.2.3.1, 2.1.2.2as nega-  parameters by doing a 10-fold cross-validation on the train-
tive testing data. ing set

We also compare our code weight learning approach to the

multi-class performance of the widely used PSI-BLAST al-

gorithm. We test two variants of a nearest neighbor ap-
60% for learning. The important point to emphasize hereproach using PSI-BLAST searches on the non-redundant
is that the selected held-out families are completely un{protein database, called the query-based profile and target-
touched during any stages of training, so that a valid remotéased profile approaches. For the query-based profile ap-
homology detection problem is in place. In general, our exproach, we build a profile around each test sequence and
perimental setup is the same as the Jaakkola et al. (200@ke the resulting profiles to rank all training sequences. We
remote homology detection experiment design, but we alstake the training sequence with the smallest E-value and
ensure that the negative data for each superfamily detectaredict its fold label for the query. For the target-based
does not include positive training data of other superfamilyprofile approach, we build a profile around each training se-

detectors in the same fold. guence and use it to rank the list of test sequences, thereby
computing an E-value for each test sequence. Then for each
4.1.2. FOLD RECOGNITION SETUP(FOLD DETECTORY guery, we use the training sequence that assigned the lowest

" . . E-value f fol iction.
Fold recognition setup is analogous to the superfamily value for our fold prediction

recognition setup, except that we now deal with recogniFinally, to test our method on a previously published
tion one level up the hierarchy. Furthermore, the sequencdsenchmark, we apply our code weight learning algorithm
used in the superfamily setup are a proper subset of the foldn an earlier multi-class protein fold recognition data set

setup. of Ding and Dubchak (2001) consisting of 27 SCOP folds,
with 299 training examples and 383 test examples. More
4.2. Data set for learning weights details on this data set are given in the results section.

As outliqed in the introqluction, the firs_t two sfta_ges of the5.2. Code weight learning methods
method involve generating the appropriate training data for
our weight learning algorithms. Specifically, we need vec-As base classifiers, we use the profile kernel SVM with
tors of SVM discriminant scores—given by trained fold profiles generated by PSI-BLAST on the non-redundant
and superfamily detectors—to embed sequences in outppirotein database. We perform cross-validation experiments
space in order to learn the code weighing. To do thiswhich resulted in a total of 1772 training discriminant vec-
we use the following cross-validation scheme: we generatéors for code weight learning. We use SPIDER to train our
cross-validation experiments by randomly partitioning theindividual SVM detectors. SPIDER can be downloaded
positive training data of each superfamily (fold) detectorfrom http://www.kyb.tuebingen.mpg.de/bs/

into 10 mutually exclusive sets; in each cross-validation expeople/spider/

periment, we train the superfamily (fold) detector in order

to produce a set of discriminant vectors (SVM predictions)5.2.1. RANKING PERCEPTRON

on the held-out set. Then we collect all the discriminantW

vectors from the 10 held-out sets to use as training data for her_1 Iearnmg_code weights using the rankl_ng perceptron
. . : algorithm, we first randomly permute the training data set
our weight learning algorithms.



Multi-class protein fold recognition using adaptive codes

and then run the perceptron algorithm iteratively until the . . .
P b g y Table 2. Multi-class fold recognition error rates usirigld-only

squared. ni)rm oif] theodgg_er?:nce be.tw.eeT Sléccess've Welgr(]:tca)des/ia the ranking perceptron and an instance of SVM-Struct,
vectors is less than 0.01. or statistical robustness, we r ‘ompared to baseline methods. The results for the ranking per-
port results that average final error rates over 100 random:-ept,ron algorithm is averaged over 100 randomized runs.

ized runs. The learning parameter for all ranking percep-

tron experiments is set to 0.1, and the required margin is method zero-one error|_balanced error
_ sigmoid fitting 0.5592 0.7207
chosen to ben = 2. query-based PSI-BLAST 0.3728 0.4627
target-based PSI-BLAST 0.3195 0.4627
one-vs-all 0.2189 0.5351
5.2.2. SRUCTUREDSVM SVM-Struct (optimize zero-one loss 0.1982 0.4717
. i SVM-Struct (optimize balanced loss| 0.2041 0.5024
We implemented an instance of SVM-Struct (Tsochan- | perceptron (optimize zero-one loss) ~ 0.1620 0.4073
taridis et al., 2004) and used it to learn code weights with [_Perceptron (optimize balanced loss) _ 01749 0.4214

the minimum constraint violation set at10—8. This vari-

able controls the termination criterion of the SVM and thus

directly affects the running time. Experiments with a sub-

set of the data indicate that further increasing this termi-

nation threshold yields no significant improvements. Theryles. Our best approach usksl-length codes(super-
SVM margin-slack trade-off variable' is set at 0.1 for all  family and fold detectors) which yielded approximately

structured SVM experiments. 50% reduction in overall error rate for the multi-class fold
recognition problem. Usinfpld-only codegfold detectors
6. Results only), we are also able to reduce error rates, but not as dra-

matically as full-length codes. When we look at the accu-
We report overall multi-class fold recognition results in Ta- racy of the perceptron (trained using balanced loss) parti-
ble 1 and Table 2. Table 3 shows the multi-class fold recogtioned by different SCOP protein classes §, o/, o+ 3,
nition results partitioned into biologically meaningful sets membrane proteins, small proteins), we outperform target-
of SCOP folds. The error rate variances of reported avhased PSI-BLAST method in balanced accuracy for 5 of 6
eraged perceptron runs are in the orded@f* to 107°.  SCOP classes of folds, and all SCOP classes when com-
We also note that whenever an experiment tsidength  pared against the query-based PSI-BLAST method.
codes we employ a different measure of fold loss that is
different from the simple “hard” rule of checking output g 1. Use of Hierarchical Labels
label equality([g = y]). In the full-length codes scenario,
a prediction is considered correct even if the label belongdVe next investigated the nature of the strong improve-
to a different superfamily from the correct fold, i.e. we canment in accuracy of using full-length codes versus fold-
S|mp|y infer the fold identity from the Superfam”y identity Only codes for multi-class fold classification. Fil’St, we re-

given the predefined hierarchical structure of SCOP. tained all fold structures intact while randomizing super-
family structures within each fold to create a new data set

with true fold structures but fictitious superfamily struc-
codesvia the ranking perceptron and an instance of SVM-Struct,gy neriments. The results, shown in Table 4, illustrate that
compared to .basel'ne methods. The results for .the ranking P€the error rates obtained using these randomized superfami-
ceptron algorithm are averaged over 100 randomized runs. lies resemble the error rates obtained while using just fold-

method Zero-one error| balanced error only codes. Looking at the weights returned from the code
sigmoid fitting 0.5592 0.7207 weights learning algorithms, we observed that the random-
query-based PSI-BLAST 0.3728 0.4627 . .
target-based PSI-BLAST 0.3195 0.4627 ized superfamily full-length codes abandoned many super-
one-vs-all 0.1775 0.4869 family detectors by setting their weights to 0. We also in-
SVM-Struct (optimize zero-one loss 0.1627 0.2983 . . full-l h ith .. h
SVM-Struct (optimize balanced loss 0.1361 0.3222 VEStlgated using LI. - engt CO(iES wit supgrwsmn at the
perceptron (optimize zero-one loss)  0.1592 0.3195 fold level only, that is, only making updates in the percep-
perceptron (optimize balanced loss 0.1251 0.2795

tron or enforcing constraints in SVM-Struct based on fold
labels rather than superfamily labels. Full-length codes
Our results show that the code weight learning algorithmwith fold-level supervision outperformed fold-only codes
strongly outperforms Platt's algorithm on this particular but did not perform as well as full-length codes with full
problem, but we believe that the poor performance ofsupervision. We conclude that the superfamily detectors
sigmoid fitting is due to the small amount of training and the hierarchical structure information incorporated into
data available. We also outperform all PSI-BLAST near-full-length codes play a significant role in reducing the er-
est neighbor approaches and simple one-vs-all predictioror rates.
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Table 3. A comparison of multi-class fold classification average accuracy using PSI-BLAST nearest neighbor method and using ranking
perceptron codes learning algorithm withl-length codesThe ranking perceptron is trained using balanced loss.

SCOP class proteing # ex. method zero-one accuracy] balanced accuracy|
perceptron 1.0000 1.0000
« (4 folds) 40 query-based PSI-BLAST| 0.8500 0.8155
target-based PSI-BLAST| 0.8500 0.6984
perceptron 0.8552 0.7448
3 (9 folds) 145 | query-based PSI-BLAST| 0.6621 0.6264
target-based PSI-BLAST| 0.6483 0.4210
perceptron 0.8882 0.5789
a /3 (5 folds) 93 query-based PSI-BLAST| 0.5806 0.4516
target-based PSI-BLAST| 0.8495 0.8277
perceptron 0.4611 0.4510
a + 3 (3 folds) 18 | query-based PSI-BLAST] 0.3889 0.2879
target-based PSI-BLAST| 0.4444 0.3833
membrane (1 fold) perceptron 1.0000 1.0000
3 query-based PSI-BLAST| 0.3333 0.3333
target-based PSI-BLAST| 0.0000 0.0000
small (2 folds) perceptron 1.0000 1.0000
39 query-based PSI-BLAST| 0.5128 0.2703
target-based PSI-BLAST| 0.3846 0.4866

: iy . _ 7. Discussion
Table 4. Multi-class fold recognition using codes that incorporate

different taxonomic information. The ranking perceptron algo-\\e have presented a novel method for performing protein

rithm is configured to optimize for balanced loss. fold recognition that significantly improves on directly us-
ing an ensemble of one-vs-all classifiers. We observe an
code type balanced error . .
ful-length 0.2795 average 50% reduction in overall balanced loss for the fold
full-length (randomized superfamilies 0.3869 iti -
fulllength (supenvise only on folds) 02093 recognition problem. We also strongly outperform PSI
fold-only 0.4214 BLAST nearest neighbor methods on almost every class

of fold (see Table 3). Both algorithms presented in Section
3.1 and Section 3.2 have similar performance, supporting
the core idea of learning weighted codes that separates in-
dividual one-vs-all classifiers. Protein classification data is
Finally, we compared our method to previously publishedusually highly unbalanced, and a good learning algorithm
multi-class results (Ding & Dubchak, 2001), which used must account for this imbalance in order to succeed. Both
physical-chemical features to represent protein sequencegriants of the code learning algorithm use asymmetrical
and one-vs-all and all-vs-all approaches with neural net andpdates of constraint violations according to the observed
SVM classifiers. Since the original sequences were not rerelative class sizes. This approach strongly penalizes errors
tained, we extracted the current (possibly somewhat differmade in smaller sample populations, forcing the algorithm

ent) sequences from PDB corresponding to the given PDEBo concentrate on the less represented examples.
identifiers. Relative to the current version of the SCOP hi-

erarchy, 17% of the examples have mislabeled folds, butwghe 'presented approach 'is general aqd can be potentially
keep the original labels for comparison purposes. We shoV@Lpplled t’?j aTy p_rf(_)ble_m Wlthb?tructure n tEedoutputt)s. For
in Table 5 that our base classification system strongly outt ﬁ protelndc ZSS' '%&g!on ?roh em, our met Od(;an N natlli'
performs the previously published multi-class results, and2"Y €xtended to adding further structure, and future wor

despite the presence of mislabeled data, our code weigP{Yi" investigate leveraging this additional information. For
' example, we can add family-based detectors to our chosen

learning algorithm still manages to improve balanced ac- . :

curacy by another 1%. out_put space, or detectors from multiple algorithms, such
as including both SVM and PSI-BLAST based detectors at
once, and then learning their relative weights.

Table 5. Application of code weight learning algorithm on bench-

mark data set. SVM-2 is the previous benchmark’s best classifie

The ranking perceptron is trained using balanced loss.

6.2. Comparison with Previous Benchmark

'Acknowledgments

We would like to thank Thorsten Joachims for helpful sug-

method balanced accurac

SUN2 135% gestions on the implementation of SVM-Struct and Asa
one-vs-all (profile kernel) 72.5% Ben-Hur for helpful comments on the manuscript. This
perceptron (profile kernel) 73.5%

work was supported by NSF grant EIA-0312706.



Multi-class protein fold recognition using adaptive codes

References Liao, C., & Noble, W. S. (2002). Combining pairwise se-

Allwein, E. L., Schapire, R. E., & Singer, Y. (2000). Reduc- quence similarity and support vector machines for re-
. S Lo T T P : . mote protein homology detectionProceedings of the
ing multiclass to binary: A unifying approach for margin . - .

o g : Sixth Annual International Conference on Research in
classifiers. Proc. 17th International Conf. on Machine

Learning(pp. 9-16). Morgan Kaufmann, San Francisco, Computational Molecular Biology?25-232.

CA. Murzin, A. G., Brenner, S. E., Hubbard, T., & Chothia,
C. (1995). SCOP: A structural classification of proteins

Altschul, S. F, Gish, W,, Miller, W., Myers, E. W., & Lip-  qaahase for the investigation of sequences and struc-
man, D. J. (1990). A basic local alignment search tool. res Journal of Molecular Biology247, 536-540.
Journal of Molecular Biology215 403—410.

Park, J., Karplus, K., Barrett, C., Hughey, R., Haussler,
Brenner, S. E., Koehl, P., & Levitt, M. (2000). The AS-  D_, Hubbard, T., & Chothia, C. (1998). Sequence com-
TRAL compendium for sequence and structure analysis. parisons using multiple sequences detect twice as many
Nucleic Acids Researc8, 254-256. remote homologues as pairwise methoddournal of

. ) ) Molecular Biology 284, 1201-1210.
Collins, M., & Duffy, N. (2002). New ranking algorithms

for parsing and tagging: Kernels over discrete structuresPlatt, J. (1999). Probabilities for support vector machines.
and the voted perceptrorProceedings of the 40th An-  Advances in Large Margin Classifiei§1-74.

nual Meeting of the Association for Computational Lin- . .
quistics 263-270. Ratsch, G., Smola, A. J., & Mika, S. (2002). Adapting

codes and embeddings for polychotomiéglvances in
Crammer, K., & Singer, Y. (2000). On the learnability and ~Neural Information Processing Systers, 513-520.
?;?;%gloig;rtgﬁt C.I?gssr;or mggﬂzjs probler@ampu- Rifkin, R., & Klautau, A. (2004). In defense of one-vs-all
g Pp- ' classification. Journal Machine Learning Research,
Dietterich, T. G., & Bakiri, G. (1995). Solving multiclass 101-141.

learning problems via error-correcting output codes.pgsenblatt, F. (1958). The perceptron: A probabilistic
Journal of Artificial Intelligence ResearcB, 263-286. model for information storage and organization in the

Ding, C. H., & Dubchak, I. (2001). Multi-class protein brain. Psychological Reviey65, 386-407.

fold recognition using support vector machines and neusmith, T., & Waterman, M. (1981). Identification of com-
ral networks.Bioinformatics 17, 349-358. mon molecular subsequencel®urnal of Molecular Bi-

: ) ology, 147, 195-197.
Jaakkola, T., Diekhans, M., & Haussler, D. (2000). A dis-

criminative framework for detecting remote protein ho- Tan, A., Gilbert, D., & Deville, Y. (2003). Multi-class pro-
mologies.Journal of Computational Biology, 95-114. tein fold classification using a new ensemble machine
learning approachGenome Informaticsl4, 206—217.
Krogh, A., Brown, M., Mian, I., Sjolander, K., & Haus-
S|er, D. (1994) Hidden markov models in Computationa|TSOChantaridiS, l., HOfmann, T., JoaChimS, T, & Altun, Y.
biology: Applications to protein modelingJournal of (2004). Support vector learning for interdependent and
Molecular Biology 235, 1501-1531. structured output spacedMachine Learning, Proceed-
ings of the Twenty-first International Conference (ICML
Kuang, R., le, E., Wang, K., Wang, K., Siddigi, M., Fre-  2004), Banff, Alberta, Canada, July 4-8, 20@23-830.
und, VY., & Leslie, C. (2005). Profile kernels for detect-
ing remote protein homologs and discriminative motifs.
Journal of Bioinformatics and Computational Biology

To appear. Weston, J., Leslie, C., Zhou, D., Elisseeff, A., & Noble,
Leslie, C., Eskin, E.. Cohen, A., Weston, J.. & Noble, W. W. S. (2003). Cluster kernels for semi-supervised pro-

(2004). Mismatch string kernels for discriminative pro- itzgs(i::]aszlﬁgglrﬁgﬁc?ivances in Neural Information Pro-
tein classificationBioinformatics 20, 467—476. 9>y

Vapnik, V. N. (1998). Statistical learning theory John
Wiley and Sons, New York.

) ) Weston, J., & Watkins, C. (1999). Support vector machines
Leslie, C., Eskin, E., Weston, J., & Noble, W. S. (2002).  for multiclass pattern recognitionProceedings of the

Mismatch string kernels for SVM protein classification.  geyenth European Symposium On Artificial Neural Net-
Advances in Neural Information Processing Systems 15 yorks

1441-1448.



