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Abstract

A new method is described for calculating the similarity degree of two spectra. Its performance is optimized with similar, computer-generated
1H NMR spectra. The method is compared with a recently proposed local cross-correlation method. Using a test set, its power to discriminate

between related and unrelated 1H NMR spectra is better than with the cross-correlation method. Better results are also obtained when comparing

measured spectra of a database with the corresponding estimated ones or with estimated spectra of randomly assigned structures. Although, so far,

it has only been tested with 1H NMR spectra, due to the generality of the approach, the novel procedure can be applied to comparing other spectra

or patterns as well.

D 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Due to the recent advent of high throughput instruments,

there is an increasing need for the automatic interpretation of

molecular spectra. For example, it is possible today to

automatically register 1H NMR spectra of submicrogram

samples in the order of minutes [1–3]. A key step in automatic

interpretation is to establish the degree of similarity between

the measured and a reference spectrum, which may originate

from a database or computer prediction. Numerous measures

have been proposed for describing the similarity of chemical

structures [4] and some of them have been used to detect

similarities in spectra. The similarity measures used so far with

UV and IR spectra involve the correlation coefficient [5–7] or

the dot product [7] of the two compared spectra, the Euclidean

distance [6,7], and the match probability [8]. However, these

approaches only work with spectra showing relatively broad

signals since it fails to detect similarities if their positions in the

two spectra differ by more than their widths. In other words, no

information about the neighborhood of a signal is detected by

these measures. Such similarity measures would not do when
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comparing NMR spectra because changes in signal positions of

up to ca. 100 times the half widths are to be expected even in

closely related spectra.

One possible solution to this problem is to artificially

increase the line widths before further processing the NMR

data. For example, Kalelkar et al. [9], by means of a moving

average filter, reduce the number of data points from 16,384

to 820 (i.e., lowering the digital resolution from 0.46 to ca.

5 Hz). In another approach often applied in metabonomic

studies, the NMR data is first compressed using a binning

method, in which the normalized relative integrals are taken

in each segment having a typical width of 0.04 ppm [10,11].

Then, the principal component or partial least squares

analysis is used as a second compression step [11].

However, since the goal of the present study is to pair-wise

compare spectra and not to find similarities or dissimilarities

in a series of spectra, these methods are not applicable to

spectra interpretation.

Also in the case of X-ray powder spectra, the relative line

widths are much smaller than the tolerable differences in their

position. Not surprisingly, this is the field where various

similarity measures have been developed, which are able to

cope with differences in signal positions that are much larger

than the line widths. The first method in this direction,
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proposed by Karfunkel et al. [12], calculates a weighted cross

product of the spectra with a weighting matrix having 1 as

diagonal elements and values continuously decreasing with

increasing distance from the diagonal (cf. [13]).

More recently, de Gelder et al. [14] have shown that various

similarity criteria of two functions, f(x) and g(x), including the

sum of squared differences [15], the correlation coefficient, and

the overlap integral [16], are related to the cross-correlation

function, cfg(r) at r =0:

cf g rð Þ ¼
Z

f xð Þg xþ rð Þdx: ð1Þ

Thus, they cannot provide any information about patterns

that are shifted relative to each other. While the integral over r

of the cross-correlation function is always equal to the product

of the integrated intensities of the two spectra, i.e., in itself is

not a similarity measure, its shape contains the information on

the degree of similarity. The authors proposed a generalized

expression for similarity, Sfg, which is based on a weighted

cross-correlation function (weighting function, w(r)) normal-

ized with the product of the two weighted autocorrelation

functions, cff(r) and cgg(r) defined in analogy to Eq. (1):

Sf g ¼

Z
w rð Þcf g rð Þdr

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiZ
w rð Þcf f rð Þdr

Z
w rð Þcgg rð Þdr

r : ð2Þ

In their studies, de Gelder et al. used a triangular weighting

function of width l defined as w(r)=1� |r| / l if |r| < l, and

w(r)=0 if |r|� l.

In this contribution, we introduce a novel method to

quantify spectra similarity and compare its performance with

the generalized similarity measure of de Gelder et al. [14].
2. Experimental

The algorithms (input/output modules, similarity criteria)

were implemented in Borland\ Delphii 5.0 [17]. The tests

were performed on a Windows\ PC with Intel\ Pentium\ 4 2.8

GHz CPU and 512 MB RAM. For estimating the spectra, the

program NMRPrediction 3.0 [18] was used.

The first test set consisted of estimated 1H NMR spectra of

ten arbitrarily chosen compounds (Fig. 1). For each spectrum,

two other spectra were calculated by randomly shifting signal

groups using a normal distribution with a standard deviation

(SD) of 0.2 or 0.4 ppm (an example is shown in Fig. 3).

The second test set consisted of 1146 1H NMR spectra

derived from a library of Chemical Concepts [19]. From the

5003 compounds, those database entries were selected for

which NMRPrediction 3.0 is capable of predicting all chemical

shifts with optimal accuracy. Since this is not the case for –OH

and –NH protons, the corresponding entries were omitted.

Spectra recorded in D2O or CD3CN were also excluded.

Additionally, 108 spectra containing obvious errors were

removed. For spectra recorded in dimethyl sulfoxide-d6, the

solvent signals (including that of water) were eliminated using
an automatic procedure. The noise and negative intensity

values were removed by first analyzing the standard deviation

of the noise in the signal-free region at both ends of the spectra

and then zeroing all data points that were smaller than three

times the standard deviation of the noise. Finally, the integrated

intensities were normalized to the total number of protons.

The 1H NMR spectra applied in these studies have 8–32 K

data points corresponding to a range of 10–20 ppm. They were

successively divided into n =1, N bins, with N being up to 25.

Since the number of data points was, in general, not an exact

multiple of the number of bins, after the division there usually

was a remainder of <50 points, which were included in the

neighboring (last) bin. As the finest division corresponded to

0.4 ppm or >150 data points, the reminder corresponded to a

spectral range <0.1 ppm on the right side of the spectrum.

Computing times for comparing one pair of spectra,

including the spectra prediction and elimination of noise and

solvent signals, were of the order of 0.5 s.
3. Results and discussion

3.1. Introduction

In order to check the compatibility of a 1H NMR spectrum

with a proposed structure, the spectrum is estimated with the

computer program NMRPrediction [18] and compared with the

measured one. Since no exact match of the signals in the two

spectra can be expected, the spectral comparison method must

recognize the similarity of patterns having slightly shifted

signals. The order of magnitude of the expected shifts can be

estimated from the mean deviation of the predicted and

measured chemical shifts, which is in the order of 0.2 ppm

[20,21]. Similar variations in the signal positions are also

expected between spectra measured in different solvents, e.g.,

in CDCl3 and dimethyl sulfoxide-d6 [22].

Preliminary comparisons of measured and estimated spectra

were performed with the cross-correlation method by de Gelder

et al. [14] using triangle and rectangle weighting functions

w(r). Surprisingly, in a series of cases, the rectangle but not the

triangle as weighting function gave similarity values, Sfg >1

(cf. Eq. (2)). Indeed, there is no mathematical reason why the

weighted integral of the cross-correlation function should

always be smaller or equal than the geometric mean of the

corresponding weighted integrals of the autocorrelation func-

tions. This is illustrated by the two simple vectors in Fig. 2. As

can easily be verified, a rectangle of width 4 as weighting

function leads to a similarity value of Sfg=1.00223. Another

drawback of the weighted cross-correlation method is the

insufficient discrimination of spectra assigned to incorrect

structures (see below). For these reasons, different other

similarity measures were tested. They included artificial line

broadening of up to 20 Hz [9] before calculating the correlation

coefficient or using the weighted cross-correlation method and

other types of normalization within the weighted cross-

correlation method. The so far best-performing one is described

in the following section.
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Fig. 1. Computer-generated 1H NMR spectra of ten arbitrarily chosen structures of organic compounds used as a test set (16 K digital points, 10 ppm range, 500

MHz).
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3.2. Novel similarity criterion

The novel similarity criterion of two spectra x and y is

related to the binning method applied in metabonomic studies
[10,11,23]. First, the total integral of each individual spectrum

is normalized to the same value. In the case of 1H NMR

spectra, it is the most natural to normalize with respect to the

number of H atoms in the corresponding molecule. In general,
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Fig. 2. Two simple vectors whose comparison by the cross-correlation method [14] with a rectangular weighting function and a cut-off range of 4 leads to a similarity

value >1. With the triangular weighting function, the similarity value is 0.896.
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any other value can be used as long as it is the same for the two

patterns to be compared. Then, the spectra are successively

divided into n bins with n =1, N, where N corresponds to the

maximal number of bins. For each division, the similarity

index, SIn, is calculated according to Eq. (3):

SIn ¼
Ixy nð Þ

Ix þ Iy � Ixy nð Þ ð3Þ

Ix and Iy being the total integrals (i.e., the number of H atoms)

of the spectra x and y and:

Ixy nð Þ ¼
Xn
i¼1

min Ix ið Þ; Iy ið Þ
� �

ð4Þ

with Ix(i) and Iy(i) as the integrated intensity of the respective

spectra within bin i. The procedure is illustrated in Fig. 3 by
10 9 8 7 6 5 

Fig. 3. Predicted spectrum (top) of piperine (cf. Fig. 1, entry no. 4) and the correspon

into 2 (central dashed line), 3 (dotted lines), and 4 (three dashed lines) bins. It can

index than a coarse one.
two estimated spectra of piperine (cf. Fig. 1, entry no. 4)

divided into 2 (central dashed line), 3 (dotted lines), and 4

(three dashed lines) bins. Since the molecule has 19 H atoms,

Ix = Iy=19. For the cases shown in Fig. 3, Ixy(2)=19.000,

Ixy(3)=16.258, and Ixy(4)=17.992, from which SI2=1.000,

SI3=0.747, and SI4=0.899, respectively. Using the above

example, Fig. 4 gives the SIn values for n =1 to 50 bins.

Apparently, it may happen that a finer division (i.e., more bins)

provides a higher value of the similarity index than a coarse

one. The non-monotonous changes in the SIn values (thin

line in Fig. 4) occur if signals close to each other are partitioned

into different bins for a given value of n, but belong into

the same bin again if the number of bins is increased (see

Fig. 3). To reduce the influence of such artifacts, the overall

similarity, S, is defined according to Eq. (5) as the normalized
4 3 2 1 0 ppm

ding spectrum (bottom) with randomly shifted multiplets (SD=0.4 ppm) divided

be observed that a finer division (i.e., more bins) may yield a higher similarity
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integral of the function, SIn*, connecting the remaining global

maxima (thick line in Fig. 4) rather than the average of the SIn
values:

S ¼ 1

N

XN
n¼1

SIn4 ð5Þ

where

SIn4 ¼ max SIn;
SIa n� bð Þ � SIb n� að Þ

a� b

��
ð6Þ

with

SIa ¼ SIn�14 and SI14 ¼ 1 ð7Þ

SIb ¼ max SIiji ¼ n;N
� �

: ð8Þ

According to Eqs. (3) and (4), all values of SIn and,

therefore, also of S, can only lie between 0 and 1. The

definition of SIn is related to the Tanimoto coefficient [4] and

does not award similarities due to the absence of signals (as,

e.g., does the correlation coefficient). The only parameter to

select in order to calculate S is the maximal number, N, of bins.

For a given spectral width, this defines the highest division of

the spectral range. As shown in Fig. 4, a too fine division, i.e.,

one that leads to windows smaller than the expected differences

in signal positions (SD=0.4 ppm in the case shown), yields

small SIn values and, thus, decreases the overall similarity, S.

Based on different tests with the databases used (see below), a

minimal bin width of 0.4 ppm has proven to be optimal. This

nicely fits the expectation of tolerable deviations of T 0.2 ppm

in the signal positions. In general, the maximum number of

bins or the bin width is defined by the tolerable differences

between signal positions. In the present case of applying the

method to 1H NMR spectra, the limit used here has the

drawback that similarities or differences in the fine structure of

the spectra do not influence the result.
3.3. Tests with artificial spectra

The performance of the two similarity criteria was first

tested with the ten compounds of Fig. 1 whose spectra were

predicted with the computer program NMRPrediction 3.0 [18].

Additionally, for each structure, two further spectra were

calculated in which the multiplets were randomly shifted using

a normal distribution with SD=0.2 or 0.4 ppm, one example

with SD=0.4 ppm being shown in Fig. 3 (bottom). The

spectral similarities calculated by the correlation coefficient,

the cross-correlation method [14], and the new bin method

proposed here are shown in Fig. 5 as dotted, dashed, and solid

lines, respectively. The entries 1–45 correspond to the

comparison of the calculated spectra of two different com-

pounds. The next ten entries (46–55) are the results obtained

by comparing the estimated spectrum of a compound with the

corresponding one having signal groups randomly shifted by

SD=0.4 ppm. Analogously, for the last ten entries (56–65) the

random shifts correspond to SD=0.2 ppm. In order to eliminate

fluctuations due to chance correlations, each entry of the last

two sets was calculated 100 times and the mean of the

similarities is shown. The type and width of the weighting

function, w(r), of the cross-correlation method and the minimal

bin width for the bin method have been systematically varied.

The parameters corresponding to the best discrimination

between the first 45 and the last 20 comparisons are shown

(triangle weighting function of width l =1.4 ppm for the cross-

correlation and minimal bin width of 0.4 ppm for the bin

method). It should be noted that the comparison is rugged with

both methods, i.e., a slight variation of these parameters has

only a minimal influence on the results.

Ideally, the comparison of spectra belonging to different

structures should result in a low similarity, and of those with

the randomly modified spectrum of the same structure, in a

high one. As shown in Fig. 5, the correlation coefficient is not

an adequate measure but the other two methods discussed here
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fulfill the stated requirement. The overall discrimination is,

however, better with the bin method. For example, for the

spectra with SD=0.4 ppm (spectra pairs 46–55), even with a

threshold of S =0.7, the cross-correlation method still gives two

false positive entries but only two out of ten as true positives,

whereas the bin method correctly assigns all structures.

A more detailed comparison is possible on the basis of the

contingency diagrams shown in Fig. 6. If too low threshold

values are assumed for S, a number of incorrect pairs will be
0

10

20

30

40

50
false positive true negative

true positive false negative

false positive true negative

true positive false negative

0

10

20

30

40

50

0.0 0.2 0.4 0.6 0.8 1.0

0.0 0.2 0.4 0.6 0.8 1.0

S

S

N
um

be
r 

of
 c

as
es

N
um

be
r 

of
 c

as
es

Fig. 6. Entries of the contingency tables as a function of the threshold value of the sim

cut-off range). Bottom: bin method (minimal bin width, 0.4 ppm). The ten true posit

shifted signal groups, corresponding to SD=0.4 ppm (left) and SD=0.2 ppm (righ
considered as correct ones, i.e., as false positives. On the other

hand, with too high threshold values of S, the number of false

negatives increases. Ideally, there should exist a range in which

the number of both is 0, i.e., the number of true positives and

true negatives (dashed lines) are maximal. This is, indeed,

possible using the bin method for both sets of spectra with

shifted signal groups (SD=0.2 or 0.4 ppm). On the other hand,

there is no similarity threshold that would fulfill this criterion

with the cross-correlation method.
false positive true negative

false positive true negative

true positive
false
negative

true positive
false
negative

0

10

20

30

40

50

0

10

20

30

40

50

0.0 0.2 0.4 0.6 0.8 1.0

0.0 0.2 0.4 0.6 0.8 1.0
S

S

N
um

be
r 

of
 c

as
es

N
um

be
r 

of
 c

as
es

ilarity, S. Top: weighted cross-correlation method (triangle weighting, 1.4 ppm

ive pairs result from comparing the original spectra with those having randomly

t).



Normal assignment
Random assignment

Normal assignment
Random assignment

60

50

40

30

20

10

0

60

50

40

30

20

10

0

N
um

be
r 

of
 c

as
es

N
um

be
r 

of
 c

as
es

Cross-correlation method

Bin method

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

S

S

Fig. 7. Histogram of similarity values, S, of measured and calculated 1H NMR spectra using correct and random structure assignments. Top: weighted cross-

correlation method (triangle weighting, 1.4 ppm cut-off range). Bottom: bin method (minimal bin width, 0.4 ppm).

L. Bodis et al. / Chemometrics and Intelligent Laboratory Systems 85 (2007) 1–8 7
3.4. Tests with measured spectra

Further tests were conducted with 1146 entries of a 1H

NMR spectral library (see Experimental). Each measured

spectrum was compared with two predicted spectra: one on

the basis of the correct structure (normal assignment) and the

other based on a randomly selected structure from the library

(random assignment). Ideally, all normal comparisons should

lead to a high, and the random ones to a low similarity value.

As indicated in Fig. 7, the similarity measure has an influence

on the results. With the procedure by de Gelder et al. [14],

using the same parameters as above, a stronger overlap of the

two distributions (306 spectra pairs or 26.7% of the test cases)

was found than with the bin method introduced here (138

spectra pairs or 12.0%). This example shows that our novel

method is of advantage also when comparing measured and

predicted spectra.

4. Summary

The similarity of related 1H NMR spectra has been

successfully detected by a novel method based on dividing

the spectra in n =1 to N bins (with N being the maximal

number of bins) and calculating the integrated signal intensities

within each bin. It is shown that the correlation coefficient does

not provide a useful similarity measure and that the recently
introduced cross-correlation-based method performs somewhat

less well than our novel similarity measure. Although, so far, it

has only been tested with one-dimensional 1H NMR spectra,

the application of the new method with spectra of two or more

dimensions including image analysis is straightforward.
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[19] Chemical Concepts GmbH, P.O. Box 100202, D-69442 Weinheim.

[20] R. Bürgin Schaller, E. Pretsch, Anal. Chim. Acta 290 (1994) 295–302.

[21] R. Bürgin Schaller, M.E. Munk, E. Pretsch, J. Chem. Inf. Comput. Sci. 36

(1996) 239–243.
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