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» Can an automated system outperform the expert?

» Can an automated system approach the optimal performance?

» Does combining sequence and structure similarity produce

better predictions?
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» SVM Classifier

» Performance Comparisons

» Discussion and Conclusion
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~C Labels o Supplied by EBI.

SCOP - A curated database of protein domains with known
structure. Organized by structure (periodic table).

ASTRALA0 © A non-redundant subset of SCOP in which all
proteins have less than 40% sequence identity

Comparison Procedure : Compare all members @ with all
members ofl”
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~ange - The range ot~ is [0, 1] where0 is a bad match andis
a good match.
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with the jth ASTRAL40 protein.

~ange : The range ofﬁ—g IS |0, 1] where0 is a bad match andis a
good match.
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first EC numbers as labeis

» Follow the traditional approach of selecting a feature syt
designing the classifier in this space.

Performance Measure : The total erro{ P(f(x) # y)) on the
6-class problem.
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» Many simple, fast and reliable algorithms for 2-class afeess

design.
» Number of required 2-class classifiers increases lineaitly w
Increasing number of classes. =
H
N
|
N
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ructure) betweell and the reference
Z2) FIndT" € 7T such thafl" has the maximum similarity score.

3) Predict that the EC number of is the EC number of".

If there are several's with the maximum similarity score,
predict the EC number df to be the winner of a majority
vote over the EC numbers of the tigét. -

If the vote is tied, randomly choose from among the EC :

numbers of the tied’s. 0
| B B
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Sequence 1647 6.835 7.154 6.517

» Computed binomial 95% confidence intervals

» With respect to 95% confidence intervals, structure haslemal
error than sequence m
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Reference — Detall

I sequence

[ structure

EC Number
EC1 | EC2 | EC3 | EC4 | EC5 | EC6
Melrgiiel 2436 | 2256 | 35.01 | 856 | 3.68 | 5.81
Percentage

L. os Alamos National Laboratorv LA-UR-06-5056 — p. 12/25

The reference always has smaller error than the trivial
classifier.




Reference — Class Errors
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The false positive rate is much higher than the false negativ
rate.

The false positive rate is generally higher for EC numbess4,
than for EC numbers 1,2,3
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maximum similarity score(s)

Observations :

» The expert limits the similarity scores considered to thogh
maximum value.

N
» The EC numbers of the reference proteins are very impormani t

the expert. -
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» Leads to poor generalization (future) performance becatise
the curse of dimensionality.

» Leads to large training times because computational
complexity of learning increases for increasihg

Note : Maximum number of scorgsused by the expert is the -
maximum number of ties that occur in the maximum similarity
N

scores, hencg < O(1000). i
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descending order.

3) Multiply each score value by the labet{ / —1) of the
associated ASTRAL40 protein.

Sequence and Structure - Simply concatenate sequence and
structure above into @ = 50 feature space

Note : The reference performance is unchanged.
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» Solution method obtains aroptimal solution to thigprimal
problem inO(n?(d + log ) ) time

» If a property of the distribution is known, there are expr@ss
for the relationship betweekhandn

» Solution method computes appropriate values\fand kernel
parameters using a validation set
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» Good finite sample rates of convergerie¢f) — e* < <,
a € (0,1]) are obtained with mild assumptions &h

» Convergence rates hold when classifier parameters araéextlec
using a validation set. 3

Los Alamos National Laboratorv LA-UR-06-5056 — p. 18/25



Validation Set . Use the remaining 4095 SCOP proteins.
Kemel: K(xp,xy) = e I®==2lz (not Gaussian)

Parameters : Values for the parametepsando are computed
using the validation set.
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Sequence 402 2.680 2.938 2.422 -110.5

» Multi-class errors computed by using the label assignedhby t
2-class classifier with the smallest discriminant value

» Computed binomial 95% confidence intervals

» With respect to 95% confidence intervals, combining dee®as
N

N

H

error
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Sequence Structure
McNemar Statistic 141.34 20.59
Chi-Square Statistic 76.59 11.01
Confidence Threshold 99.0% — 6.635 99.9% — 10.83

Conclusion : With high confidence, the average error rate of the SVM
classifier designed using sequence and structurat isqual to the
average error rate of the SVM classifier designed using segue
(structure) only. The classifier designed using combindd ida
superior.
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SVM Classifiers — Detall
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Even with binomial error bars, it is not clear if combining
Increases performance.

Usually combining does not decrease performance.
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Refer - Structure

2.353

2.545

2.162

-84.84

Refer - Sequence

6.835

7.154

6.517

-436.92

» With respect to 95% confidence intervals, SVM using sequence

and structure has smaller error than either referenceifodgiss

» SVM using structure only has smaller error than either

reference classifier
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problematic.

» If the marginal probabllities change between test sampde an
future data, then future error may beich worse than test error.

» If error rates are small, then large data sets are needed to

accurately estimate generalization error.
|

» A problem where a single object (protein) has multiple ctirre s
labels (EC numbers) is formallyot a classification problem. *
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= With high confidence SVM has smaller error than reference

» Can an automated system approach the optimal performance?
= The SVM used has proven rates of convergence to Bayes error

» Does combining sequence and structure similarity prodeteib -
predictions?
= With high confidence combining produces smaller errors
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