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Objective
Fast and accurate biosequence classification
methods for structural and functional
annotation based on primary sequences only

•Remote homology (superfamily) prediction
(distant evolutionary relationship)

Challenges

•Highly dissimilar sequences

•Limited labeled examples

•Modeling complex evolutionary
transformations

Protein remote homology and fold
prediction

•Address the remote homology and fold
detection problems in the context of SCOP
(Structural Classification of Proteins) [5]

State-of-the-art

•Many methods:

–generative: profile HMMs [2]

–model-based discriminative:
SVMFisher [3],

– string-based discriminative approaches:
Mismatch [4]

– others

•Performance still sub-optimal

• Semi-supervised learning

– significant improvement in accuracy

–high computational complexity

SCOP data set

• 23 superfamilies, 54 binary prediction
problems

• 2862 labeled and 4467 unlabeled sequences
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New Sequenced-induced
Multi-Resolution Kernels: Fast,
Accurate and Sensitive

• Scan sequences at multiple resolutions

•Consider tuples of sequence elements

• Incorporate spatial configuration of
sequences

•Efficiently model complex sequence
transformations (e.g. mutations,
insertions, deletions, etc.)

Defined by three parameters:

K (t,k,d)(X, Y ) =
∑

ai∈Σk,0≤di<d

C(a1, d1, · · · , at−1, dt−1, at|X)·
C(a1, d1, · · · , at−1, dt−1, at|Y )

Contiguous k-mer feature α of a traditional spectrum/mismatch kernel (top)

contrasted with the sparse spatial samples of the proposed kernel (bottom).

Algorithm 1. Spatial Sample Kernel
Input: set of strings S, parameters t, d

Repeat for every d1, ..., dt ∈ {1, ..., d}
1: Extract t-tuples of features from each s ∈ S

2: Sort t-tuples with t counting sort rounds
3: Scan the sorted list and for each distinct
feature f update the kernel matrixK for all
strings containing f

Output: kernel matrix K

Leveraging Unlabeled Data Using
Semi-supervised Learning

Knew(X, Y ) =

∑
X ′∈N(X),Y ′∈N(Y ) K(X ′, Y ′)

|N(X)||N(Y )|

Algorithm 2. Semi-Supervised
Spatial Sample Kernel
Input: set of string sets
N(S) = {N(s1), ..., N(sN)}, where N(si) is a
set of neighbors for si, parameters t, d

Repeat for every d1, ..., dt ∈ {1, ..., d}
1: Extract t-tuples of features from each
input set N(s) ∈ N(S)
2: Sort t-tuples with t counting sort rounds
3: Scan the sorted list and for each distinct
feature f update the kernel matrixK for all
string groups containing f

Output: kernel matrix K
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Complexity Analysis
Method Time complexity
Triple kernel O(d2nN + d2|Σ|3N 2)
Double kernel O(dnN + d|Σ|2N 2)
Mismatch O(km+1|Σ|mnN + |Σ|kN 2)
Profile kernel O(kMσnN + |Σ|kN 2)

Neighborhood kernels
Triple kernel O(d2HnN + d2|Σ|3N 2)
Double kernel O(dHnN + d|Σ|2N 2)
Mismatch O(km+1|Σ|mHnN + |Σk|N 2)
N -number of sequences, n-sequence length,

H is the sequence neighborhood size, |Σ| is the alphabet size

k,m are the mismatch kernel parameters (k = 5, 6 andm = 1, 2 in most cases)

Mσ is the profile neighborhood size, k
m|Σ|m ≤ Mσ ≤ |Σk|

Experiments: Multi-Class Fold
Recognition

Method Error
Top 5
Error

Balanced
Error

Top 5
Balanced
Error

Supervised
SVM(D&D) [1] - - 56.5 -
Mismatch(5,1) 51.17 22.72 53.22 28.86
Double(1,5) 44.13 23.50 46.19 23.92
Triple (1,3) 41.51 18.54 44.99 21.09
Semi-supervised (Non-redundant data set)
Profile(5,7.5) 31.85 15.14 32.17 16.73
Double(1,5) 28.72 14.99 24.74 11.6
Triple(1,3) 24.28 12.79 22.38 11.79

27 folds, less than 35% sequence identities

Experiments: Remote Homology
Detection
Supervised Experiments
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Method ROC ROC50 # dim.
Time
(s)

(5, 1)-mismatch 0.8749 0.4167 3200000 938
SVM-pairwise 0.8930 0.4340 - -
Fisher 0.7730 0.2500 - -
(1,5) double 0.8901 0.4629 2000 54
(1,3) triple 0.9148 0.5118 72000 112

•Order-of-magnitude running time
improvement

• Significant improvement in accuracy
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Semi-Supervised Experiments
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Semi-supervised Methods ROC ROC50
(5, 1)-mismatch 0.9093 0.6745
(5,7.5)-profile 0.9190 0.6069
(1,5)-double 0.9131 0.6279
(1,3)-triple 0.9382 0.7262

• Significantly improved accuracy

Features Induced by Kernels

S = HKYNQLIM
spectrum-5

HKYNQ
KYNQL
YNQLI
NQLIM

mismatch(5,1)
XKYNQ
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XNQLI
YXQLI
YNXLI
YNQXI
YNQLX

double-(1,5)
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H___Q
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N___M
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’X’ corresponds to |Σ| features

• Spatial kernels: low-dimensional, sparse
representation, very few features

•Mismatch kernels: high-dimensional

Modeling Sequence Evolution

•Example: a slightly diverged region
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mismatch
(5,1)

S’= HK I NQI IM

double-
(1,5)

•Mismatch kernel: low similarity score,
very few sequence features retained

• Spatial kernel: high similarity score, still
significant overlap in sequence features
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Kernel-induced data manifolds

•Only used unlabeled sequences in SCOP

•Normalized kernel matrices

Triple(1,3), supervised:

C.37.1

c.37.1.10

c.37.1.11

c.37.1.12

c.37.1.13

c.37.1.14

c.37.1.3 c.37.1.4

c.37.1.5

c.37.1.6 c.37.1.7

c.37.1.8

c.37.1.9

c.37.1.1

1485

1486

1466

1487

1488

1489

1490

1491

14921494

1493

1497

1495

1496

1498

1499

1467 1468

1469

1470

1471 1472

1473

1474

1475

1476

1477

1478
1479

1480

1481

1482 1483

1461

1484

1459

1460
1462

1463 1464

1465

Triple(1,3), semi-supervised
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Profile(5,7.5), semi-supervised:

C.37.1

c.37.1.10

c.37.1.11

c.37.1.12

c.37.1.13

c.37.1.14

c.37.1.3

c.37.1.4

c.37.1.5

c.37.1.6

c.37.1.7

c.37.1.8

c.37.1.9

c.37.1.1

1485

1486

1487

1488

1493

1494

1466

1491

1489

1490

1492

1495

1496

1497

1498

1499

1467

1468

1469

1470

1471

1472

1473

1474

1475

1476

1477

1478
1479

1480

1481

1482

1483

14841459

1460

1461
1462

14641463 1465

Thresholded at low (< 10%) FDR

Green: training; Yellow: testing

Conclusions and Future Works

• Significantly improved performance and
sensitivity for remote homology prediction

•Highly scalable; work with large
unlabeled data set in the future

•Applications in text, music categorization
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