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Motivation 1/2

A What are 2D-Nuclear Magnetic
Resonance (NMR) Spectra?
I Capture the resonance

frequency shifts between
bonds of different atom types

ppppp
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i 13C 1H one-bond heteronuclear e
shift correlation 2D-NMR spectra

A Peaks are locations of high intensity regions

A Spectrum
I Captures many stereo chemical aspects of a molecule
I can be thought of as a fingerprint of a product or extract
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Motivation 2/2

A Investigation of a spectrum is labor intensive

A Scenario
I Labs have annotated and plain spectra

I How can two more more labs collaborate?
Lab A Lab B

Annotated < g o° ( Q
Plain . ..

o
o
o

Are there duplicates?

A Extension to open-source NMR-Shift-DB
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Related Work

A Lots of works about 1D-NMR Spectra
I cannot be adapted to 2D-case

A Near Duplicates of Documents

| approximate algorithms based on Locality
sensitive Hashing (LSH)

A Record Linkage
I Objects are sorted by a manually selected key
I Move sliding window over sorted data
I Fixed number of discrete Attributes
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Fuzzy Duplicates

A How to define duplicates for 2D-NMR
Spectra?

A Exact Duplicates are useless

A Problems

I Measurement errors may occur

I Close peaks may be merged, when measured
with low resolution
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Similarity Measure

A Two peaks x and y are matching, if
r.c—y.cl <« Y
x.h —y.hl <3

A Spectra A and B
matches(A,B) = {x: x € A,3Jy € B: z matches y}

0

A Similarity measure: 4 = matches(A, B)
B" = matches(B, A)

. Al e B/
stm(A, B) = ||Al lB|‘
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Similarity Measure

A Example

|AI=5, [B|=3
© o | A6 | =4, | B¢
sim(A,B)=7/8
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Definition of Duplicates

A A pair of spectra are fuzzy duplicates, iff
the similarity between both is one.

stim(A, B)

_ 1A~

B _ 4

1Al

-|Bl

A Robust wrt. measurement errors
A Can handle merged peaks
A Typical setting: « = 3.0 ppm, 8 = 0.3 ppm
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Why Is the problem difficult?

A Fuzzy Duplicates are not transitive

i 1f (A,B) and (B,C) are pairs of duplicates
we cannot be sure that (A,C) are duplicates
I Example | 5

® C
b® @

A For a set of duplicate spectra
I All pairs have to be checked
I Checking with a representative only is not sufficient

A Consequence: Worst case complexity is O(m?)
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Prior Work [Hinneburg et al, J. integ. Bioinf, 4(1):53, 2007]

A Naive Method
I check the Def. for all pairs of 2D-NMR spectra

A Peak selecting Heuristics
I Select a peak of a spectrum A °5e

I Matching peaks indicate candi- ° e
date spectra for duplicates of A

I Guarantee of no false negatives
I Candidate pairs are 8% of all pairs
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New Approach

A Use approximate Similarity Search
I employ the Locality Sensitive Hashing framework
I LSH needs discrete objects
I LSH may produce false negatives

A Propose Mappings of the 2D-NMR spectra to
I Integer vectors of fixed length
| sets of discrete words
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Locality Sensitive Hashing

A General Framework for approximate similarity search

A LSH Property of a family of hash functions F, s.t for all
pairs of objects x,y and some similarity function

Prycrplh(z) = h(y)] = sim(z,y)

A Application to Duplicate Detection
i sample k hash functions from F
I duplicates are required to have collisions on all k hash functions

I repeat the sampling L times to amplify the probability that all k
hash functions have collisions at least once

Pr(l1 <i<k: h;(x) = h;(y) at least once] = 1—(1—s"t
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Use of LSH-Schema

2D-NMR Spectra Mapping LSH Sampling Duplicates
. Integer
Se " Vectgors ID]hy Ry ... |y
110 |0 1 | Find identical
o 2 10 |0 rows by using
Discrete| |[3 |0 |1 Group By
Sets
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Mapping to Integer Vectors

A Problem: map 2D-NMR spectra to integer vectors of
fixed length

A Similarity Function:
I Manhattan Distance compares vectors elementwise
A How to ensure, that duplicate spectra are mapped to
equal or similar integer vectors?
I Robustification
I Peak Ordering
I Filling up the dimensions
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Robustification

A Duplicate spectra may have split or merged peaks
A Make spectra robust against spliting/merging

A For each spectrum

I select a peak and delete close peaks,
which might be caused by peak splitting

I select peaks in decreasing order of their neighborhood sizes
I selection stops when remaining peaks have no close peaks

A Spectra are reduced to representative peak sets

A Representative peaks are discretized to
Integer coordinates
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Peak Ordering

A How to order peaks to a vector?

A Robust ordering
I sort 13C and 1H coordinates separately
I looses information about joint distribution

A Informative Ordering

I sort peaks by 13C coordinate only and concatenate peak
coordinates in that order

| susceptible to measurement errors

A Intermediate Approach

I sort peaks by 13C coordinate and group them into blocks of w
peaks

| use robust ordering within the blocks
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Peak Ordering: Example, w=2

11
10| —@
9
=
7] 4
g @ e
g 5 6
B el
3 B
2| o’
1
'1/2/3/4 5/6 7 8 9 1011/12 1314 15 16/ 17
*C [ppm]
Peak 1 2 3 4 5 B 7
Window A B C D

Axis C H C H C H |[C/H
Bin# [15/14/10/ 6 11]/9 /646 /4|5/4[3]|2
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LSH-Scheme for Manhattan Dist.

d
A Given z,y € {1,...,C}d, di(z,y) = Z |z — Yl
i=1

A Transform integer vector into bitstring

u(x) = unaryc(xz1)...unarya(xy)
I Example: C=4, u([3,1,2])=1110 1000 1100

A Family of hash functions are those, which return the ith
bit value of a bitstring

A LSH-Property
di(z,y) = dg(u(z),u(y)) = dC(1—Pr[h(u(z)) = h;(u(y))])

A Explicit transformation into bitstring is not necessary
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Mapping to discrete Sets

A Problem: map a 2D-NMR spectrum to a set of discrete
objects, s.t. duplicate spectra are mapped to equal or
similar sets

A Simple Grids: A peak is mapped to a grid cell
I Disadvantage: close peaks may be mapped to different cells

J—
— B
K.?
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Mapping to discrete Sets

A Shifted Grids

I a peak iIs mapped to four N [
cells from shifted grids wmi

o o o
o = o
o
\\
o o

I The four cells redundantly \_’
cover the neighborhood of A °
apeak -

|
|
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LSH-Scheme for Jaccard-Coefficient

A Given two sets A and B the Jaccard-Coefficient is

ANB
AUB

stimj(A,B) =

A Hash functions are constructed by random permutations
of the vocabulary of a collection of sets

ha(A) = min{rx(xz):x € A}

A LSH-Property
Prlh (A) = hz(B)] = stim (A, B)
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Use of LSH-Schema

2D-NMR Spectra Mapping LSH Sampling Duplicates
Integer ID|h, |h,|... |h,
S Vectors
1 1010 [ 11 | Find identical
. 21010 rows by using
Discrete 3 101 Group By
Sets
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Experiments

A Data set
I 1524 2D-NMR spectra with 2 to 60 peaks each
I about 20.000 peaks total
I 118 fuzzy duplicates

o
—

Chemical Shift H1 [ppm]

0 50 100 150 200

Chemical Shift C13 [ppm]
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Performance-Results

A LSH-Manhattan Distance,
I Repetitions, L=5
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Performance-Results

A LSH-Jaccard, Repetitions L=5
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Performance-Results

A LSH-Manhattan produces less false positives as LSH-
Jaccard, when number of false negatives is close to zero

A Found pairs, true and false positives are candidates for
fuzzy duplicates

A Number of candidate pairs is reduced to 0.02% of all
possible pairs
I peak selecting heuristics have 8% candidate pairs

A Run time

I naive methods: hours
I peak selecting heuristics: minutes
| approximate approaches: seconds

A All methods are implemented as SQL statements
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Found Duplicates

A 118 pairs out of 2,322,576 possible pairs are detected as
fuzzy duplicates

A Classes of duplicates

I accidental entry of the same spectra/substance with different
names

I spectra prediction software ignoring stereo chemical quaternary
carbon configurations

I experimental and simulated spectrum

I same chemical compound in different measurement conditions
(measurement frequency, solvent)

I just similar spectra
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Conclusion

A Definition of fuzzy dup
A Mapping of 2D-NMR s

O

AA

njects

oplication of LSH
Manhattan Distance
Jaccard Coefficient

icates

nectra to discrete

A Scalable methods for duplicate detection

A Future
I Integration into open-source NMR-Shift-DB
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Thank you for the attention!

Questions?

DILS 2007 Egert, Neumann and Hinneburg

30



DILS 2007

Egert, Neumann and Hinneburg

31



Naive Method (1/2)

A Check the duplicate definition for all pairs
of spectra

A Since sim(A,B)=sim(B,A) only half of the
pairs have to be checked.

A Full SQL Implementation

I Relational Schema:
spectrum(spectrumid, name, n)
peak(spectrumld,peakld,c,h)

I Indexes for spectrumld and peaklid
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Naive Method (2/2)

A SOL Implementation (cont.)

SELECT A.spectrumld, A.name, A.n,

E.spectrumld, EB.name, B.n

FROM spectrum A, spectrum B [« | Expensive Self Join

where

A.spectrumlId>B. spectrumId AND

L. .n=
(

select count ()
from peaks PA
where PA.spectrumld = A.spectrumld AND

le=

y AND
E.n=

(
DILS 2007

select count (+)
from peaxs PE
where PE.spectrumld=B.spectrumld AND

AES(A.c — B.c) < 3 AND
AES(A.h - E.h) < 0.2
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Framework for fast Duplicate
Detection

A Runtime reduction

I Check simple necessary conditions for duplicates
=> Candidates for Duplicates

I Guaranteed to produce no false negatives
A Output of a heuristic can thought of as bit-matrix

| store non-zero entries only
A Combination of k heuristics
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