Aligment-free Methods for
DNA Barcode Analysis

Pavel Kuksa,Vladimir Pavlovic

Department of Computer Science
Rutgers University



Goals

* Analytical Tools for Solving Sequence ID
problem: identifying species from their DNA

MBI . () species identification
MII"IIIII'”I[IIHINI * (I) New species detection

o (MR Ity (H) Unsupervised Clustering
VA ANy analysis

* Focus on segquence ID methods
* Accuracy

* Efficiency, Scalability
* Heterogeneous



Solving Sequence ID problem

* Generic tools of biological sequence
comparison

* Seguence search methods (BLAST, PSI-BLAST)
* Sequence alignment-based methods (e.g., Smith-

Waterman) T
- Complexity? : ' |
* Phylogenetic tools 1 y 7
» Study evolutionary relationships J; ﬁlﬂ
* Not aimed at the sequence ID ﬁm“
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~ High computational Complexity
* Focus on alignment-free segquence comparison



Solving Sequence ID problem:
Pattern Matching Approach

* |ID = ability to recognize seguence patterns
typical to the biological species

* Approach: ID is recognized by matching
between the patterns in the test DNA barcode
and the patterns in the annotated sequences
with known ID (training set)

> This amounts to computing similarity score
betwen sequences based on the pattern-indexed
(fixed-length) represenations



Solving Sequence ID with
String Kernels

* The similarity score K(X, Y) between sequences
IS an inner-product (string kernel)

Similarity score: K(X,Y) = < F(X), F(Y) >

String Kernel Fixed-length vector of features
derived from sequence

> Seguences are not readily described by a fixed-
length vectors of features/patterns

> Patterns or Features (F) derived from
seqguences play a key role in sequence 1D
effectiveness



Solving ID problem: Alignment-free
representations
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Alignment-free Feature

Representation
® Benefit 1:
No need for expensive alignment!

® Benefit 2:
Can select specific features that are
Important for identification of
particular species, making
classification more robust.

® Possible problems:

- choice of tunable parameters (e.q.
snippet length)

- loss of longer spatial dependencies
- potentially expensive to compute



Alignment-free

representation: Benefit |
® \ery efficient to compute
- Linear time
- Scales to large data sets

Spectrum O(kn)

Mismatch Oo(c, ,n)

Smith-Waterman O(n?)
Kimura O(n?)

® Significant speedups in
practice



Alignment-free

representation: Benefit Il

® (Can select Salient within-barcode
features

® Can build highly accurate
predictors

® Alternative Tree representations
and Visualizations of data with NO
alignment

® Ve lllustrate this experimentally

(
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) Species Identification

1) Salient barcode feature selection
II) New species detection

V) Unsupervised Clustering analysis



Datasets & Settings

Dataset # species # barcodes
ACG 573 4267
Hesperiidae 364 2185
Astraptes 12 465

Bats of Guyana 96 840

Birds of North America 656 2589

Fish of Australia 211 704

Fish larvae 7 35

® Solve as Multi-Class Problems
- Support Vector Machines
- Nearest Neighbor Classifier

® Fvaluation: 10-fold Cross-
validation, Error rate



Experiment I:

Species ldentification
® Nearest Neighbor

Dataset PSI-BLAST Apectrum mismatch

ACGC 3.07£0.68 2494087 3.63:0.65 - More accurate
Hesperiiddae  4.62+0.97 |[3.57+1.08 4.38+1.49 Com_p_ared to
Astraptes  13.8244.42 |1.07+1.81 1.504+1.99 traditional

Bats 1.6341.22 |1.6341.22 1.73+2.01 alignment-based
Birds 7.4641.90 |6.22+1.50 7.29+0.96 similarity

Fish Australia 5.62+3.31 [5.5+3.27 5.29+3.34 measures

Fish larvae 2.86 \%.86 5.71 /

Dataset /Spectrum \ Hamming Kimura Smith-Waterman
ACG 2.49+0.87 | 11.44+1.52 5.51+£0.86 3.66+0.66
Hesperiidae 3.57+1.08 | 14.4942.36 3.81£1.26 5.45+1.20
Astraptes 1.07+1.81 | 3.61£2.77 1.714+1.96 1.64£1.03

Bats Guyana 1.63+1.22 | 2.72+1.83 1.63+1.22 1.63+1.22
Birds of North America | 6.22+1.50 | 18.38+2.05 6.02+1.36 &8.20+1.53

Fish Australia 5.50+£3.27 | 5.87£4.01 5.35+3.36 5.3543.36

Fish larvae! \ _2.86 ) 11.43 8.57 5.71
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Experiment II:
Salient barcode feature
selection

Full feature set

# features selected

4096 2048 1024 512 200 100

Dataset (1048576 feat.)
ACG 2.49+0.87
Hesperiidae 3.57£1.08
Astraptes 1.07+1.81
Bats of Guyana 1.6341.22
Birds 6.30+£1.80
Fish of Australia  5.50£3.27
Fish larvae 2.86

2.51£0.95 2.79+1.02 3.00£0.96 3.17+0.86 3.5240.64 4.48+0.86

3.53+£1.12 3.80+1.22 4.17+1.05 4.40+£1.15 4.81+1.30 5.64+1.20

0.444+0.92 0.44+0.92 0.44-£0.92 0.4440.92 0.64%=1.03 1.49+1.75

1.63£1.22 1.63£1.22 1.63£1.22 1.63£1.22 1.63£1.22 1.63£1.22

6.45+1.82 6.94+2.08 7.13£2.05 7.414+1.77 9.10+1.64 9.84+1.99

9.351+3.36 5.35+£3.36 6.14+3.50 6.80+3.15 8.32+2.75 9.51+2.40
0 0 0 0 0 0

® Average # of markers per
sequence 20%-40% of the total
number of markers

® Retain or improve classification

accuracy



Experiment [l: Salient barcode

feature selection
® Sequence-Marker location map
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Experiment lll:

New Species detection
® (I) Average error on held-out species

Dataset error # classes with 0% error
ACC 14.12 AT4/573
Hesperiidae 17.53 288 /364
Astraptes 7.81 10/12

Bats of Guyana 5.80 90/96

Birds of North America 16.36 524 /656

Fish of Australia 16.21 174/211

® (II) Multiple species held-out

Dataset Error
ACG 10.29
Hesperiidae 10.88
Astraptes 8.47
Bats of Guyana 9.95
Birds of North America 15.54
Fish of Australia 14.92
Fish larvae 15.77

~85-90%
correct
identification
in the
presence of
new species



Experiment lll:
New Species detection

number of classas

numbser of classas

® New Species detection
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Experiment |V:
Unsupervised Clustering

Grouping of sequences according to
similarity, no known species labels

Dataset #clusters error, % Rand index Jaccard index
ACG 644 2.84 99.85 83.96
Hesperiidae 382 4.44 99.79 86.42
Astraptes 17 1.51 95.59 81.59
Bats 98 0.95 99.21 86.58
Birds 650 5.25 99.90 86.59
Fish Australia 235 2.52 99.94 93.07
Fish larvae 7 2.86 98.66 /'95.51
v

= Obtained partitions are highly similar to the
“true” partitions



Experiment |V:

Unsupervised Clustering

® Clustering in 2D
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(a) Clustering (projection in 2D) on Astraptes data set
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(b) Clustering (projection in 2D) on Bats of Guyana data
set (for clarity, only 10 largest classes are shown)



Experiment V:
Running time comparison

Dataset PSI-BLAST  Smith-Waterman | spectrum (k=10)| mismatch
ACG 2557 64818 60.328 366.39
Hesperiidae 891 19378 16.16 90.26
Astraptes 99 854 0.89 2.15

Bats 239 2818 1.91 12.12
Birds 1147 27311 18.75 149.67
Fish Australia 203 3424 1.57 9.95

Fish larvae 1.9 39.58 0.23 0.16

® Faster by a factor of 76 on
average compared to PSI-BLAST

® ~1000 times faster on average

compared to Smith-Waterman



Summary & Conclusions

® Highly accurate species ID and

discovery of barcode groups

- Agreement between pattern
(fragment)-based representation
and within/across species
barcode diversity ?

® |dentification of critical species
barcode differences through
marker/feature selection

® \Very efficient computationally



Summary & Conclusions

® Future Directions & Extensions

- May be possible to further
Improve ID(?erformance using
other than 0/1 metrics (e.q.
Kimura) with spectral scores

- Incorporating more sources of
information into analysis:
Images, geo-spatial, etc.
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