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Abstract. To extract a genuine peptide signal from a mass spectrum, an observed
series of peaks at a particular mass can be compared with the isotope distribution
expected for a peptide of that mass. To decide whether the observed series of
peaks is similar to the isotope distribution, a similarity measure is needed. In this
short communication, we investigate whether the Mahalanobis distance could be
2
an alternative measure for the commonly employed Pearson’s χ statistic. We
evaluate the performance of the two measures by using a controlled MALDI-TOF
2
experiment. The results indicate that Pearson’s χ statistic has better
discriminatory performance than the Mahalanobis distance and is a more robust
measure.
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Introduction

I

n high-resolution mass spectrometry, proteins and
peptides appear in a mass spectrum as a series of locally
correlated peaks. This specific characteristic is related to the
isotope distribution of a peptide. The isotope distribution is
given by the probabilities of occurrence of all possible
isotope variants of a peptide. It can be conveniently
calculated when the atomic composition and the elemental
isotope distribution are known [1, 2]. The information about
the isotope distribution is used to interpret massspectrometry data in many applications. For example, it
can be employed to discern genuine peptide peaks from
noise [3, 4], to determine the monoisotopic peak [5, 6], or to
study conformational dynamics of peptides and proteins
using the hydrogen/deuterium exchange [7].
In a spectrum, peptide peaks can be scrutinized by assessing
the degree of similarity between the observed pattern of peaks
and the isotope distribution expected for a peptide with a
similar mass [8–10]. The idea is illustrated in Figure 1. To this
aim, a similarity measure is needed. Currently, the standard
measure is Pearson’s χ2 statistic and it has been rigorously

Correspondence to: Dirk Valkenborg; e-mail: dirk.valkenborg@vito.be

investigated [7]. It is based on a weighted sum of the squared
deviations between the expected and observed peaks [11, 12].
However, alternative similarity measures could be considered
that can include information about possible correlation between
the intensity peaks of a isotope distribution. In this short
communication, we evaluate the use of Pearson’s χ2 statistic
and compare it to the Mahalanobis distance [13]. The latter
similarity metric calculates the generalized distance and was
described in a seminal paper by J. C. Mahalonobis. In mass
spectrometry, the Mahalanobis distance is employed as a metric
for outlier detection in the context of data quality assement and it
operates on a particular feature set [14–16]. Additionally, the
metric is often included in the object function of machine
learning methods as a global distance measure [17] to classify
spectral data. Nevertheless, the Mahalonobis distance has never
been proposed for the interpretation of the isotope patterns
observed in mass spectra. For this purpose, a controlled
MALDI-TOF experiment on bovine cytochrome c was conducted
to evaluate its performance on resolved isotope peaks.

Experimental
A peptide mixture of tryptic-digested bovine cytochrome c
was purchased from Sunnyvale, CA, USA and mixed with
five internal standards from Sophia-Antipolis, France used for
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Figure 1. Left: an observed isotope pattern; right: a hypothetical isotope distribution. The observed pattern, which could be
originating from a peptide, is compared with the hypothetical isotope distribution. The lightest isotopic variant of a peptide (i.e.,
the variant that is composed out of 12C, 1H, 14 N, 16O, and 32S atoms) is called the monoisotopic variant. The corresponding
peak is called the monoisotopic peak (indicated with an arrow in the left-hand-side panel)

the calibration of the mass spectrometer. According to the data
sheets of the suppliers, the mixture contains 17 protein
fragments. The amino acid sequences and theoretical
monoisotopic masses (m) of these fragments are known. The
mixture was blended with the matrix molecules and
automatically spotted 384 times on one stainless-steel plate
by a robot. The plate was processed on a 4800 MALDI-TOF/
TOF analyzer (500 Old Connecticut Path, Framingham, MA
01701 U.S.A.) mass spectrometer, which resulted in 384 mass
spectra.
First, we focus on the series of four consecutive, 1 Da
separated peaks, which are consistently found in more than
90 % of the 384 spectra. We call such series isotopic clusters.
The reason for extracting the first four isotope peaks is that the
mass of the peptides in the sample are predominantly in the
range of 568.1 to 2465.2 Da. Consequently, it is reasonable to
assume that the isotope distributions of these peptides are
sufficiently characterized by the first four isotope peaks. In
total, 35 of such clusters are selected. For 12 clusters, the mass
corresponds to the monoisotopic mass of one of the 17 protein
fragments known to be present in the mixture. The additional 23
candidates were found to be related to peptides resulting from
modifications or artifacts of the proteolytic background [18].
In addition to the 35 putative-peptide isotopic clusters, we
select 35 clusters of noise peaks. The selected noise peaks
are separated by 1 Da as well, but do not appear consistently
across the 384 spectra. The noise peaks are located in mass
regions in the neighborhood of the selected peptide isotope
clusters. The data from the noise and peptide peak clusters
are used as a benchmark to assess the ability of the similarity
measures to discriminate noise peaks from peptide peaks.

Methodology
The comparison between an observed series of peaks with a
hypothetical isotope distribution can be performed by
considering isotope ratios. An isotope ratio is the ratio between

two subsequent peaks in an observed series of peaks or in a
theoretical isotope distribution. For example, the first isotope ratio,
O1, is equal to the height of the second peak divided by the height
of the first peak. The rationale for working with isotope ratios is
that ratios are dimensionless and their use allows us to avoid
scaling of the expected and observed intensity values. In addition,
ratios are not sensitive to multiplicative noise.
In the proposed methodology, a model is required to predict
the hypothetical isotope distribution. To this aim, the
polynomial regression model described by Valkenborg et al.
[19] can be used. Alternately, an empirical estimate can be
applied. For this purpose, the Human HUPO database was
digested in silico by using trypsin as a protease. The digest led
to 126,376 peptides with masses ranging from 400 to 4000 Da.
The program BRAIN [20] was used to calculate the isotope
distribution and monoisotopic masses of the resulting peptides.
For a given mass of m Da, a set of peptides with monoisotopic
masses within the interval of [m – 5, m + 5] Da was selected.
Next, the mean value of isotope ratios was calculated for the
peptides within the assumed mass interval and stored in vector
R. Additionally, the variance-covariance matrix of the ratios ∑
was retrieved from the selected data as well.
To assess the degree of similarity between the observed
and expected isotope ratios, a similarity measure is needed.
The standard measure (i.e., Pearson’s χ2 statistic) is defined
as follows:
X
ðOi −Ri Þ2 =Ri
ð1Þ
χ2 ¼
i¼1
where Oi is the observed value of the ith consecutive isotopic
ratio (i = 1,2,3) and Ri is the corresponding expected value.
An alternative similarity measure could be the Mahalanobis
distance [13]. The distance takes into account the variability
and correlation of the ratios, and is defined as follows:
n
o1=2
X
−1
ð O −R Þ
M ¼ ð O −R Þ 0

ð2Þ
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Figure 2. Scatter plot of the first isotope ratio (x-axis) and the
second isotope ratio (y-axis) of peptides with a mass between
2000 and 2020 Da based on the Human HUPO database

where O and R denote the vectors containing, respectively,
the observed and expected consecutive isotope ratios, and ∑
denotes the variance-covariance matrix of the expected
ratios. The expected ratios and corresponding variancecovariance matrix were calculated using the theoretical
isotope dsitributions from the Human HUPO database. Note
that the expected values can also be computed by the

Figure 3. ROC curves for each of the four analyzed spectra

polynomial model, which is more straightforward from a
practical point of view.
The use of the Mahalanobis distance is motivated by the fact
that it takes into account the correlation between isotope ratios,
which could allow for a better discriminatory performance. The
motivation is illustrated in Figure 2. The figure presents the
scatter plot of the first and second isotope ratio for peptides
with a mass between 2000 Da and 2020 Da from the Human
HUPO database. The grey diamonds above the histograms
indicate the mean values of 1.1243 and 0.6082 for the first and
second isotope ratios, respectively. The plot indicates that there
is a substantial amount of correlation between the two ratios.
Consider the two points, marked by the black circles. A
similarity measure that does not take into account the
correlation would more likely classify point 1 as a genuine
peptide because its coordinates are close to the mean values.
However, a measure taking into account the correlation,
such as, e.g., the Mahalanobis distance, would most likely
opt for point 2 because the coordinates of this point reflect
the (linear) association resulting from the joint distribution
of the two isotope ratios.

Results
For the selected peptide and noise peak-clusters, we
calculate Pearson’s χ2 statistic and the Mahalanobis distance.
Figure 3 summarizes the performance of the two similarity
measures for a set of randomly selected spectra. To this aim,
the receiver operating characteristic (ROC) curve is used.
Each point on the ROC curve represents a sensitivity/
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specificity pair corresponding to a particular cut-off point for
the similarity measure. A perfect discrimination is reflected by a
curve passing through the (0,1) point at the upper-left side, as
seen in the plot for Spectrum 3 for Pearson’s χ2.
The ROC curves presented in Figure 3 indicate that the
discriminative performance of Pearson’s χ2 statistic is
uniformly better than that of the Mahalanobis distance.
Similar results (not shown) are obtained for Pearson’s χ2
statistic when using the polynomial model.

Conclusions
Our analysis indicates that Pearson’s χ2 statistic offers a better
discriminative power for detecting the peptide clusters than the
Mahalanobis distance. This result is most likely due to the fact
that the Mahalanobis distance is very much based on the
assumed form of the variance-covariance matrix ∑. The matrix
derived from the in-silico tryptic digest database may not be
adequate for the isotope ratios observed in a spectrum. Thus,
Pearson’s χ2 is the preferred statistic for evaluating the isotope
distribution in mass spectrometry data.
An important practical point related to the use of Pearson’s
χ2 statistic is the choice of the threshold for deciding whether
the observed isotope cluster is similar enough to the expected
isotopic distribution. Based on our experiment, a threshold
value of, e.g., 0.2 would be suitable. It is difficult to propose
any concrete value for the threshold in general, though, as it
most likely depends on the technological platform used to
generate spectra. To empirically obtain a value of the threshold,
an experiment and analyses similar to the ones presented in the
paper could be performed.
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