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Abstract

The isotope distribution, which reflects the number and probabilities of occurrence of

different isotopologues of a molecule, can be theoretically calculated. With the current

generation of (ultra)‐high‐resolution mass spectrometers, the isotope distribution of

molecules can be measured with high sensitivity, resolution, and mass accuracy.

However, the observed isotope distribution can differ substantially from the expected

isotope distribution. Although differences between the observed and expected isotope

distribution can complicate the analysis and interpretation of mass spectral data, they

can be helpful in a number of specific applications. These applications include, yet are

not limited to, the identification of peptides in proteomics, elucidation of the elemental

composition of small organic molecules and metabolites, as well as wading through

peaks in mass spectra of complex bioorganic mixtures such as petroleum and humus.

In this review, we give a nonexhaustive overview of factors that have an impact on the

observed isotope distribution, such as elemental isotope deviations, ion sampling, ion

interactions, electronic noise and dephasing, centroiding, and apodization. These

factors occur at different stages of obtaining the isotope distribution: during the

collection of the sample, during the ionization and intake of a molecule in a mass

spectrometer, during the mass separation and detection of ionized molecules, and

during signal processing.
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1 | INTRODUCTION

More than a century after the discovery of isotopes by J.J.
Thomson (Budzikiewicz & Grigsby, 2006), much has
changed in the field of mass spectrometry (MS). MS has
become one of the leading technologies for identifying and
quantifying individual components in a complex biological

mixture, such as metabolites, peptides, and proteins, and
the elucidation of their structural form (Aebersold &
Mann, 2003). Technological developments have led to
mass spectrometry instruments with ever‐increasing sensi-
tivity (the ability to detect an analyte with a low ion count),
resolution (the ability to discern between molecular species
with similar but not the same molecular mass), and mass
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measurement that are both accurate (unbiased measure-
ment of the mass, i.e., exact mass) and precise (reproducible
measurement of the mass, i.e., low measurement error). An
example of such instrumentation can be seen in the
development of Fourier transform‐based mass spectro-
meters, such as the Fourier transform ion resonance
cyclotrons (Marshall et al., 1998) or the Fourier transform
orbital traps (Makarov, 2000), enabled by important
contributions of Prof. Nikolaev as described later in this
manuscript. These instruments generate highly resolved
spectra with unsurpassed mass accuracy that contain a lot
of information about the studied biomolecules. As a
consequence of the increased resolution and mass accuracy,
a particular molecule in a full scan spectrum generates a
signal in the form of a series of peaks. This observed series
of peaks, often referred to as the isotope distribution, reflects
the number and probabilities of occurrence of different
isotopic variants or isotopologues of a molecule. The
occurrence probabilities (Table 1) are reflected in the mass
spectrum by the relative heights of the series of peaks
related to the molecule; whilst the different masses result
from the fact that there are isotopes of chemical elements
with different masses.

Two types of isotope distributions are displayed in
Figure 1. The left panel depicts the fine isotope distribution
of the 18 most probable isotopologues of the peptide
“PEPTIDIC” computed with IsoSpec2.0 (Łącki et al., 2020).
The right panel is an aggregated isotope distribution that
merges iso‐nucleonic isotope variants, that is, isotopologues
with the same number of neutrons regardless of the
originating element. Note that these iso‐nucleonic variants
often have low probability, but there are many of them
contributing significantly to the peak heights when compar-
ing both panels. More concretely, the 18 fine isotope variants
cover 99.049% of the isotope distribution. In contrast, the
right panel contains only four aggregated isotope variants
with highest probability and covers 99.203% of the isotope
distribution. To improve the resemblance with a real mass
spectrum the discrete isotope distribution in stick represen-
tation is overlaid with a particular envelope, like, for
example, a Lorenztian kernel as can be observed in
Figure 1. Note that the multiple iso‐nucleonic variants are
now aggregated by the Lorentzian kernel as observed in the
inset of both panels.

The possibility of observing the distribution of stable
isotopes in a molecule, in combination with the
capability to accurately compute the theoretical isotope

distribution (Rockwood & Palmblad, 2013; Valkenborg
et al., 2011), makes the isotope distribution a powerful
tool for spectral processing. A nonexhaustive list of
applications include, but are not limited to, for example,
isotope deconvolution for determining the monoisotopic
mass (Horn et al., 2000; Renard et al., 2008), charge
deconvolution for determining the charge state (Mann
et al., 1989; Senko et al., 1995; Zhang & Marshal, 1998),
instrument monitoring for quality control (Bittremieux
et al., 2017), spectral regression for quantifying isotope
interference when using isotope‐based quantification
labels (Valkenborg & Burzykowski, 2011), deconvolution
of fragment ions of the measured species in experimental
tandem mass spectral data (Cox et al., 2011), and
identification of small molecules (e.g., elemental compo-
sition determination; Claesen et al., 2020). The biological
application of mass spectrometry profiling of the 13C‐
isotope distribution became a standard part of data
processing workflows to assist the determination of the
elemental composition of small biomolecular compounds
such as metabolites (Kind & Fiehn, 2006, 2007; Weber
et al., 2011), as well as identification of peptides and their
fragments (Budzikiewicz & Grigsby, 2006; Goldfarb
et al., 2018; Niu et al., 2012; Tai et al., 2019). An example
of the use of a 13C isotopic envelope in the identification
of the bioorganic molecules is shown in Figure 2 where
the spectrum was measured with a mass accuracy of
1 ppm at m/z 734.4683. However, this accuracy is not
enough for the unambiguous identification of the
compound under study. For this m/z‐value with 1 ppm
mass accuracy, 15 elemental compositions containing C,
H, N, and O are possible. When 13C isotopic distributions
for each candidate are calculated, erythromycin will be
the only molecule matching both the exact mass and
the experimentally measured isotopic envelope. The
sole purpose of the previous example is to highlight the
importance of the isotope distribution in the context
of elemental composition determination using high‐
resolution mass spectrometry, but many more case
examples can be found in the earlier literature (Kim
et al., 2006; Roussis & Proulx, 2003; Stoll et al., 2006).

It is worthwhile to mention that such an application
will prescript some minimum requirements on the
spectral accuracy of the data. Luckily, recent develop-
ments in mass spectrometry technology have resulted in
instruments with ultrahigh‐resolution mass‐analyzers
providing high spectral accuracy. However, in spite of

TABLE 1 Relative abundances of stable isotopes of the major elements of bioorganic compounds (%).
12C 13C 14N 15N 16O 17O 18O 32S 33S 34S 36S 1H 2H

98.93 1.07 99.635 0.365 99.759 0.037 0.204 95.02 0.75 4.21 0.02 99.989 0.011
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this recent progress, caution should be applied when
using the isotope distribution because mass accuracy and
spectral accuracy (Wang & Gu, 2010) can be affected by
several factors that are intrinsic to the type of mass
spectrometer. These factors might cause discrepancies
between the theoretical isotope distribution and the
observed isotope distribution, which can compromise the

analysis and interpretation of mass spectral data. To
prevent erroneous results, one must characterize these
factors and identify the sources of variability that cause
these discrepancies. In this manuscript, we sound a word
of caution when mindlessly employing bioinformatics
tools that rely on information of the isotope distribution
in their spectral processing. In a systematic manner we

FIGURE 1 Theoretical fine (left) and aggregated (right) isotope distribution of the peptide PEPTIDIC. [Color figure can be viewed at
wileyonlinelibrary.com]

FIGURE 2 Mass of erythromycin measured
with 1 ppm accuracy matches up to 15 possible
elemental compositions containing C, H, N,
and O. 13C isotopic envelope combined with the
accurate mass allows unambiguous
identification. [Color figure can be viewed at
wileyonlinelibrary.com]
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will provide an overview of the phenomena that could
influence the observed isotope distribution in a mass
spectrum as schematically represented in Figure 3. They
can introduce errors at the level of the sample, ion
source, mass analyzer, and mass detector. It is important
to understand that different sample processing, instru-
ment, and algorithmic designs can lead to different types
of error in the observed isotope distribution which
should be accounted for during the computational
processing of the spectra. In the next sections, we discuss
these phenomena and the corresponding errors in full
detail, but first, we will provide a brief overview of
technological inventions that have led to the generation
of ultrahigh resolution spectra as an honor to Prof.
Nikolaev and discuss their utility for elemental composi-
tion determination.

2 | A SHORT OVERVIEW OF
TECHNOLOGICAL
DEVELOPMENTS IN HONOR OF
PROF. NIKOLAEV

To determine the elemental composition resolving the
isotopic envelopes of the measured species and, thus, the
mass resolving power, is among the first requirements for
mass‐analyzers (Roussis & Proulx, 2003; De Vijlder
et al., 2018; Wang & Gu, 2010). While a mass spectrum
of the 13C isotopic envelope of low molecular weight
compounds and peptides can be easily resolved by any of
the state‐of‐the‐art mass analyzers including the RF
quadrupole ion traps, it is a more challenging task in case
of proteins (O'Connor et al., 1996; Rockwood et al., 2003).
Only recently, developments in high‐field Fourier
transform mass spectrometry (FTMS) have provided the
capabilities to measure this envelope competently for
large intact proteins with molecular weights of more

than 100 kDa (Hendrickson et al., 2015; Li et al., 2014;
Lozano et al., 2019; Shaw et al., 2016; Valeja et al., 2011).
However, achieving the latter capabilities requires longer
mass spectra acquisition time. This time is in a range of
several seconds in the case of 21 Tesla Fourier transform
ion cyclotron resonance (FTICR) instruments and from
the statistical viewpoint, large proteins require accumu-
lating hundreds of spectra to obtain the 13C isotopic
envelope with proper ion statistics. This problem will be
further aggravated for the real‐world intact proteins with
their extremely high heterogeneity due to modifications
and overlapping proteoforms. The solution to this
problem can be found in the detection of signals at basic
frequency multiples. This idea has its roots in the
technique called quadrupolar detection at double the
cyclotron frequency (Pan et al., 1987, 1988; Schweikhard
et al., 1990). Modification of the FTICR ion trap into the
multiple electrode assembly to incorporate up to 16
electrodes enabling 4× basic frequency multiplication for
detected signals was proposed earlier by Nikolaev et al. in
the USSR's patent (Nikolaev et al., 1985) and later
demonstrated experimentally (Nikolaev et al., 1990). This
technique has recently been brought back to use in the
context of rapid acquisition of large intact protein mass
spectra with routinely resolved 13C isotopic envelopes
within the sub‐second time frame (Nagornov et al., 2014;
Shaw et al., 2018).

The isotopic fine structure which provides the relative
isotopic abundance associated with the presence of stable
natural isotopes such as 13C, 15N, 17O,18O, 2H, 33S, 34S,
and 36S (Table 1) in bioorganic compounds gives extra
identification power in both small molecules (Allwood
et al., 2011; Miura et al., 2010; Nagao et al., 2014) and
peptide (Miladinović et al., 2012; Shi et al., 1998)
analyses. Note that while the relative abundance ratio
of, for example, 34S/32S is four times higher compared to
13C/12C, the latter contributes the most to the isotope
pattern in the mass spectrum, because carbon is the main
component of bioorganic molecules, especially when
considering bio‐polymers, like proteins and DNA/RNA.

Obtaining mass spectra with the fine isotope distri-
bution is a significantly more challenging task even for
the latest high magnetic field FTICR instruments and
high field Orbitrap mass spectrometers. Indeed, while
resolving 13C‐based isotopic envelope requires the
resolving power of 1 Da, the mass differences between
the isotopologues corresponding to 13С14N16O32S and
12С14N17O32S in the elemental compositions can be as
low as 0.0008 Da. In general, mass resolving power
of over 500,000 is required to resolve the isotopic
fine structure for typical tryptic peptides (Dittwald
et al., 2015). Lack of resolving power is not the only
issue hampering measurements of isotopic fine structure.

FIGURE 3 Factors (in red) influencing the observed isotope
distribution: the elemental isotope definition deviations (δ), the
sampling process, ion interactions, electronic noise, and dephasing
adopization and centroiding. [Color figure can be viewed at
wileyonlinelibrary.com]
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Among other problems are effects of ion coalescence and
inhomogeneity of trapping electric fields. Solution to the
latter problem in the case of FTICR‐MS was proposed by
Nikolaev and Boldin in the form of a dynamically
harmonized FTICR measurement cell (ParaCell) with
leaf‐like electrodes providing electric potential space‐
averaging via charged particle cyclotron motion (Boldin
& Nikolaev, 2011; Nikolaev et al., 2011). The cell allowed
a significant extension of the ion coherent motion during
detection, thus, increasing the resolving power to the
theoretical limit determined by ion collisions with the
residual gas molecules. Using this cell, the measurements
of the isotopic fine structure of large biomolecules, such
as peptides, become routinely obtainable even on low
magnetic field FTICR mass spectrometers (Nikolaev
et al., 2012; Popov et al., 2014). Alternatively, the isotopic
fine structure can be obtained for shorter acquired signal
times using detection at the basic frequency multiples
that alleviate the problem with distortion of the coherent
ion motion at extended acquisition time due to the
trapping field inhomogeneity (Nagornov et al., 2014).
Figure 4 shows an example mass spectrum of a peptide
with resolved isotope fine structure obtained by using the
latter approach. The mass spectrum exhibits a clear
resolution of the isotope fine structure of the peaks in the
envelope containing different numbers of isotopes in

good agreement with the spectra calculated for the same
resolving power using the Mercury algorithm (Rockwood
et al., 1995).

3 | ELEMENTAL ISOTOPE
DEFINITION DEVIATIONS

Perhaps the most important caution is that the elemental
isotope abundances are not constants of nature that are
globally applicable (Beavis, 1993; Cody et al., 1992; Wada
et al., 1992). Fluctuations in the occurrence of elemental
isotopes are caused by isotope fractionation driven by
(bio)chemical and geochemical processes which even-
tually leads to differences in the relative abundance (or
ratio) between one or more isotopes of the same atom.
For this reason, IUPAC (Coplen & Holden, 2011)
calculates an average occurrence probability for the
stable isotopes in a terrestrial matter that is globally
sampled. For example, fungi or bacteria that are
cultivated on Western corn‐based agar will have an
intrinsically different isotope distribution as their Eastern
seaweed‐based agar counterparts. Another more visual
example, a sperm‐whale foraging on deep‐sea creatures
will have a profound different isotope definition than a
cow grazing in an Alpine pasture. Although this concept

FIGURE 4 Mass spectrum (black line) of 13C isotopic envelope of peptide Substance P measured at the mass resolving power of
450,000on 10 Tesla FTICR mass spectrometer equipped with the 4×‐ICR ion trap allowing acquisition of ion signals at 4× cyclotron
frequency (Nagornov et al., 2014). Mass spectrum (shown in black) exhibits clear resolving of the isotopic fine structure of the peaks in the
envelope containing different number of 13C isotopes in good agreement with the spectra calculated (shown in red) for the same resolving
power using the Mercury algorithm by Rockwood et al.(Rockwood et al., 1995). (Experimental data for the figure was kindly provided by Dr.
Yury O. Tsybin and Dr. Konstantin O. Nagornov from Spectroswiss, Lausanne, Switzerland). FTICR, Fourier transform ion cyclotron
resonance. [Color figure can be viewed at wileyonlinelibrary.com]
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is well‐known, the consequences with respect to inter-
preting molecular isotope patterns are not always fully
appreciated. As a result, the theoretical isotope distribu-
tion computed by various algorithms and software suites
that are based on the terrestrial average isotope
probabilities provided by NIST or IUPAC can differ from
the true underlying isotope distribution measured in the
lab (Claesen et al., 2015). This discrepancy is also
noticeable in the average mass, and if it becomes large
then this effect could jeopardize a database identification
of the molecule under investigation.

According to Kendall and Caldwell (1998), there are
two different types of processes that lead to changes in
the relative abundance of various isotopes: equilibrium
isotope‐exchange reactions and kinetic isotope fractiona-
tion. Biological processes are generally kinetic isotope
reactions, that is, reactions that do not occur under
equilibrium but that are unidirectional. A typical
example of a biological process that leads to isotope
fractionation is the fixation of carbon by C3‐ and
C4‐plants. These plants use different photosynthetic
pathways and, as a result, have a different preference
for 12C and 13C.

Besides the differences in the isotope abundances of
chemical elements between and/or within species,
isotope fractionation also causes geological variations.
An example of spatial variation is the accumulation of 2H
and 18O in oceans, lakes, and leaves of plants (West
et al., 2006). These geological variations have several
effects. For instance, the dietary effect in animals has a
direct influence on proteins and biomolecules; as stated
by DeNiro and Epstein (DeNiro & Epstein, 1978): You are
what you eat, isotopically. These variations, while
presenting some problems in the interpretation of mass
spectra, can also be enormously useful for a variety of
geographical, ecological, and forensic studies (Bartelink
& Chesson, 2019; Koehler et al., 2019; Shipley &
Matich, 2020; Watkinson et al., 2020).

Variations of the isotope abundances can be repre-
sented as a relative change in the ratio of the heavy to
light isotope using the δ‐scale notation (McKinney
et al., 1950), which is commonly used by geochemists:







δ

R

R
(‰) = − 1 × 1000,

sample

standard
(1)

where Rsample and Rstandard are the ratios of the
abundance of the heavy and light isotope of a chemical
element from the sample under study and the standard,
respectively.

In addition to isotope fractionation, there is another
factor that could induce differences between the theoret-
ical and experimental isotope distribution. That is the

difference between the elemental isotope definitions used
by instrument vendors and software developers, and the
elemental isotope standards defined by institutes such as
IUPAC or NIST (Claesen et al., 2012a, 2012b). Moreover,
the availability of different standards and different
versions within a standard due to regular updates, does
not make it easy for a software developer to choose the
correct version. Furthermore, the probabilities reported
by the standards are often rounded up to a significant
digit by the software developers. As a consequence, these
nonuniformly defined element isotope probabilities and
haphazard user‐definitions are often hard encoded into
different software solutions which render them inter-
operable (Claesen et al., 2015). Although the differences
are considered to be small, they could lead to a
substantial bias in the observed mass and isotope
distribution, especially for large molecules (heavier than
15 kDa, say) (Beavis, 1993; Claesen et al., 2012b, 2015;
Zubarev et al., 1995, 1996). Besides these differences, one
can also ask how representative the standard definition is
for the molecule(s) under study, as according to Coplen
and Holden (Coplen & Holden, 2011): It is often difficult,
or even impossible, to find a material with an atomic‐
weight value identical to the standard atomic weight.

One should be aware of the possibility that the
elemental isotope definitions may not necessarily be
appropriate for their experiment(s). It is possible to
account for imprecision in the definition of the elemental
isotope distribution by using isotope ratio mass spec-
trometry measurements (Caimi & Brenna, 1996) to
accurately determine the lab‐specific elemental isotope
distribution, but this solution is rather a cumbersome
and costly procedure. Instead, an isotope definition atlas
(similar to an isoscape—a geologic map of isotope
distribution) could be conceived to catalogue anomalies
in isotope abundance with respect to the standard
definition or such information could be made available
on the data sheet of laboratory consumables. A more
conceptual idea would be to use molecular mass
spectrometry to determine the global elemental isotope
deviation by looking at the difference between the
monoisotopic peak and the subsequent isotopic peaks.
Approximate isotope deviations of the individual ele-
ments can be derived from this global deviation if the
elemental composition of the molecule under study is
known (Claesen et al., 2015). Note that latter approach is
conditional on the fact that the measured masses are
corrected for all other sources of mass deviations. On the
same note, one could use a known and representative
low mass ion degradation product (say, around 300–500
Dalton) and measure the aggregated isotope distribution
with the highest spectral accuracy. In such a case, an
optimization procedure over the space of elemental
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isotope definitions could be used to fit a theoretical
isotope distribution on the observed spectra. The result of
such an optimization will generate estimates for the
probability of 12C, 13C, 14N, and so on and can be seen as
an affordable alternative for isotope ratio mass spectrom-
etry on more generic mass spectrometry instrumentation.
However, some caution should be exercised as for
biomolecules composed only out of C, H, N, O, and S,
already eight parameters (the isotope probabilities of 13C,
2H, 15N, 17O, 18O, 33S, 34S, and 36S) have to be estimated
based on the observed isotope distribution. The problem
for the envisioned mass range is that only up to four to
five aggregated isotopes are above the detection limit and
more parameters in the estimation model than observed
peaks would lead to a nonidentifiability problem (i.e.,
different estimates lead to the same fit). A way out of this
issue would be to add constrains and keep some of the
elements isotope definition fixed.

4 | SAMPLING IONS

For any molecule with known composition, the theoreti-
cal isotope distribution can be exactly calculated
(Kubinyi, 1991; Valkenborg & Burzykowski, 2012;
Yergey, 1983), and compared with the recorded isotope
distribution from a mass spectrometer of sufficient
resolution. Assuming the process of molecule separation,
ionization and intake is isotope‐invariant, it can be
described as sampling ions from a multinomial distribu-
tion (Kaur & O'Connor, 2004, 2007; MacCoss et al., 2001;
Yergey, 1983) which is formalized by following probabil-
ity mass function:




f x x n p p
n

x x
p

x n

( , …, , , …, ) =
!

!… !

and = ,

k k
k

i

k

i
x

i

k

i

1 , 1 ,
1

=1

=1

i

(2)

with n the number of ions in the mass spectrometer, pk
the probability of isotopologue k computed by an isotope
calculator, and xk, the observed number of ions in the
spectrum corresponding to isotopologue k. Do note that
due to signal acquisition (analog‐to‐digital conversion
and amplification), and signal processing (see next
sections) the peak intensities or area‐under‐curve
observed in a spectrum do not represent the absolute
number of ions but it can be regarded as a metric that is
proportional to the number of ions in the mass
spectrometer. Now due to this sampling behavior, the
observed isotope distribution in a spectrum is only an
approximation of the theoretical isotope distribution,
disregarding any uncertainty about the correct elemental

isotope definition. The important factor in this phenom-
enon is the finite and limited number of molecules that
are ionized and allowed to enter the mass spectrometer.
Just by chance, it can happen that an isotopologue with a
lower probability is sampled more often than the
isotopologue with a higher occurrence probability. When
recording an additional mass spectrum of the same
sample, the random sampling process causes other
isotopologues being sampled resulting in yet a set of
different peak intensities. This sampling variability
amounts to the overall variability in a spectrum and
its properties are well‐defined. Consider that we
sample an isotopologue with occurrence probability of
pi= 20% with 5000 ions then we expect isotopologue
i to be observed with an average count of E X[ ] =i

np = 0.2 × 5000 = 1000i ions when repeating this ex-
periment infinite times (central limit theorem). The
variance that we expect between consecutive experi-
ments is expressed by Var X np p( ) = (1 − )i i i and
covariance, Cov X X np p( , ) = −i j i j . From previous expres-

sion, it can be seen that the variance increases with an
increasing number of ions. Thus, the expected variance
on a spectral peak is in the function of its intensity
and, thus, the ion count. In statistical terms, it is said
that there is a mean‐variance link in the data which leads
to a heteroscedastic error structure, that is, not homos-
cedastic. This observation is important as many bio-
informatics tools that model isotopes in spectral regres-
sion or deconvolution consider the observed isotope‐
abundances to be error‐free or do assume a normal and
homoscedastic error structure, which is clearly not the
case. Another way of looking at this thought experiment
is to consider the situation where a single ion enters the
mass spectrometer. What would we see in the spectrum
in this case? Repeating the experiment 5000 times will let
the single ion jump around over the possible isotopolo-
gues in a mass spectrum. The propensity to land on a
particular isotope is proportional to the aforementioned
occurrence probability pi, boiling down to the same
expected count of 1000 ions.

At first sight, it may appear counterintuitive that
sampling many ions leads to higher absolute error on the
peak intensities, since mass spectrometrists have learnt
that ion statistics improve with higher ion numbers.
However, at a relative scale the observed isotope pattern
will converge to the theoretical isotope distribution.
Senko et al. (1995) arrived at the same conclusion when
doing Monte Carlo simulations and advised to rescale the
isotope pattern of an analyte such that their intensities
sum to one. In the simulation study, they observed that
the variability between consecutive rescaled experimen-
tal spectra decreased by increasing ion count. The latter
behavior is exemplified in Table 2 which compares the
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sampled isotope pattern of carbon to the theoretical one.
For the simulation, p1 = 0.9893 and p2 = 0.0107 are used
corresponding to the probability occurrence of the 12C
and 13C isotopes, respectively. On an absolute scale, the
error between the theoretical ion count and the sampled
ion count increases with the ion count n, while on a
relative scale the isotope pattern converges to the
theoretical isotope occurrence probabilities for large n.

This trend is in fact logical. More formally, rescaling
the observed isotope distribution is equivalent to
calculating the maximum‐likelihood estimator (MLE) of
the multinomial probabilities as the observed count for a
particular isotope variant is divided by the total ion
count, the intensity will serve the same role in this case.
The confidence interval on these estimated isotope
probabilities is proportional to p p n( (1‐ )/ )i i , that is,
the width of the confidence interval of the MLE clearly
shows an inverse relation with the number of ions
drawn. Most notably, the relative uncertainty scales as
n , so for example, to reduce the uncertainty by a factor

of 2 one must increase the number of ions detected by a
factor of 4. Thus, when low‐abundance signals are
extracted one might want to account for this increased
variability by adjusting the error threshold used during
spectral processing. It means that we allow for a larger
error in our goodness‐of‐fit statistic when comparing
observed and theoretical isotope distribution for low‐
abundance molecular ions. Note that most often these
theoretical isotope distributions are approximated by the
Average model (Senko et al., 1995) or more sophisticated
statistical models developed (Valkenborg et al., 2008),
which also exhibit small deviation from the isotope
distribution computed from the actual atomic composi-
tion. Disregarding this minor deviation, caution should
be applied as increasing our error tolerance might lead to
an increase in false positive findings by including noise
patterns in our list of bonafide features.

This statistical variability leads to an interesting
paradox. Most methods of calculating isotope distribu-
tions aspire to giving correct expectation values for
isotope abundances. However, without additional analy-
sis they do not say much about the statistical variability
that one might observe in isotope abundances in real
experiments. However, estimating isotope distributions
by Monte Carlo sampling can also give a fairly direct
estimate of statistical variability, provided that one
repeats the in silico simulation enough times to gather
sufficient statistics to give a meaningful result. Paradoxi-
cally, for such a simulation one would need to know the
number of ions detected in a given experiment a priori.

Another factor that influences the observed isotope
peaks via the sampling process is the instrument
resolution. Today, Fourier transform mass analyzers
such as FT‐ICR and Orbitrap FTMS, have the capacity
to resolve the fine isotope distribution of a molecule,
such that the aggregated isotope variants or isotopolo-
gues with the same nucleon count are split among an
increasing number of iso‐nucleonic isotope variants with
smaller probabilities. As a consequence, it is very
unlikely that the fine isotope distribution is recorded
with the same accuracy as the aggregated isotope
distribution would on a lower‐resolution instrument
when the number of sampled ions stays constant. The
decrease in spectral accuracy becomes even more
pronounced with lowered detection limits as fewer ions
need to be present in the mass analyzer for signal
detection with sufficient signal‐to‐noise ratio without
making any compromise on mass accuracy and resolu-
tion. A limitation of the higher sensitivity combined with
high‐resolution is that the stochastic sampling effects will
influence the appearance of fine isotope peaks in a
spectrum severely. Furthermore, the ability to actually
observe low‐probable isotope variants with high resolu-
tion is only possible when enough ions are present to

TABLE 2 Sampling of n carbon‐
atoms. Carbon ions

sampled

Theoretical Sampled

p1 = 0.9893 p2 = 0.0107 Absolute Relative

n 12C 13C 12C 13C 12C 13C

10 9.893 0.107 10 0 1 0

100 98.93 1.07 98 2 0.98 0.02

1000 989.3 10.7 985 15 0.985 0.015

10,000 9893 107 9875 125 0.9875 0.0125

100,000 98,930 1070 98,898 1102 0.98898 0.01102

1,000,000 989,300 10,700 989,224 10,776 0.989224 0.010776

Note: On absolute scale comparing the sampled count with the theoretical count the error increases with
higher ion statistics, whilst the relative isotope pattern converges to the theoretical occurrence probability.
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ensure that the low‐probable variants are truly sampled.
For this reason, we need to be cautious when using
information of the fine isotope distribution in the case of
these modern instruments. Luckily, the properties of the
fine isotope distribution and the features that will
obscure the information of the isotope profile apparent
in the spectrum can be simulated under the multinomial
model assumption to derive the optimal set‐up of the
experiment (Dittwald et al., 2015).

Importantly, if the statistical variability is not taken
into consideration there is a rather significant risk that
an investigator may err in interpreting isotopic patterns
in their experiments that would hamper the identifica-
tion of an unknown compound. For example, if not
enough ions are collected then an experimental isotope
pattern may deviate sufficiently from an expected value
so as to misinterpret whether it matches to a certain
compound. However, we could exploit this variability,
which we regarded as a nuisance, to our advantage when
quantifying a known compound. Recall the discussion on
Monte Carlo sampling. If we would repeat the sampling
for a multinomial distribution many times for a varying
number of ions, we obtain a relation between the
expected variability and the number of ions detected.
This is particularly useful because one can then match
the Monte Carlo sampling number to the number of ions
in a real experiment via the expected and observed
variability. Obviously, to estimate the variability of the
observed isotope we need to have many reproducible
spectra for this compound. A more in‐depth discussion
on the statistical parameters of such an approach is
provided by Kaur and O'Connor (2004).

5 | ION INTERACTIONS

A number of factors affecting the application of isotopic
envelope measurements in organic or bio‐organic mole-
cule characterization using high‐resolution ion traps
have to be considered. The first factor is the high‐
resolution requirement for measuring either the 13C
isotopic distribution for heavy intact proteins, or the
isotopic fine structure for peptides and smaller organic
molecules. The required level of resolving power can be
obtained by FTMS instruments, yet the ions should be
trapped for a long time as the resolution is directly
proportional to the signal acquisition period. Moreover,
the ions are stored in close proximity to the trap and,
thus, subject to strong Coulombic interactions affecting
all aspects of high‐resolution mass spectra measure-
ments, including both the positions of the peaks in a
mass spectrum originating from poly‐isotopic elements,
and the relative abundances of these peaks in the

recorded fine structures. Coulombic interactions between
the ions of different m/z were the focus of numerous
studies in FTICR‐MS from the early stage of its
development (Chen & Comisarow, 1991; Gordon &
Muddiman, 2001; Gorshkov et al., 1993; Jeffries
et al., 1983; Kaiser & Bruce, 2005; Ledford et al., 1984;
Masselon et al., 2002; Peurrung & Kouzes, 1994,
1996; Uechi & Dunbar, 1992; Wong & Amster, 2007).
Similarly, space charge effects were considered for the
Orbitrap FTMS mass analyzers (Gorshkov et al., 2010;
Kharchenko et al., 2012).

The main result of these interactions is that
different ion species of the isotopic envelope experi-
ence disturbed trapping conditions due to the electric
field created by the other species from the envelope, or
other trapped ions. The closer the m/z values of the
interacting ions, the more time these ions spend in the
disturbed trapping field, and thus, the larger the
detrimental effects of their interaction. One of these
detrimental effects is a shorter lifetime of the synchro-
nized motion of low abundance ions as shown in
Figure 5, when comparing the transients acquired for
first and the third isotope peaks in the 13C isotopic
envelope of Substance P.

The lower the abundance of the isotopic ion species,
the faster their signal decays, and the higher the
distortion of the isotope distribution measured from
the mass spectrum. Indeed, as shown in Figure 6, relative
signal intensities between the different isotopic ion
species in the 13C isotopic distribution deteriorate with
the acquisition time, especially for the ions of low
abundance isotope components. The magnitude of the
effect can be significant, and the isotopic pattern may
deviate from the natural abundance by a factor of two
and more. With an increasing number of simultaneously
trapped ions, the result of their interaction can be abrupt
loss of the coherence of their motion and complete loss of
the signal described previously as spontaneous loss of
coherence catastrophe (Aizikov et al., 2009; Nakata
et al., 2010).

Another detrimental effect of the Coulombic interac-
tion between the ion species with close m/z ratios is
coalescence. This phenomenon was extensively studied
in FTICR‐MS (Boldin & Nikolaev, 2009; Huang
et al., 1994; Mitchell & Smith, 1995; Naito & Inoue, 1994;
Peurrung & Kouzes, 1994). Coalescence between peptide
ions with m/z differences of 10 to 30 mDa is also
observed for the Orbitrap FTMS mass‐analyzer
(Gorshkov et al., 2012; Werner et al., 2014; Tarasova
et al., 2015). Coalescence in FTICR‐MS occurs when the
ion species of differentm/z are trapped in close proximity
from each other. Coulombic interaction between the ions
creates a local electric field perturbation, Ep, which in the
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presence of magnetic field, B, results in E B[ × ]p drift
motion of ion clouds around each other with the radius,
rd as exemplified in Figure 7.

The effect strongly depends on the number of ions in
the interacting clouds Ntot, their mass m, and spacing

between them rd. For example, two interacting ions
clouds rotating at the cyclotron radius of Rc and modeled
by the spherical charge of size rd will coalesce if the mass
difference between them (Δm/z) is defined by the
following equation (Mitchell & Smith, 1995):

FIGURE 5 Mass spectrum of singly
charged Substance P measured using 12 Tesla
FTICR‐MS instrument. Due to the detrimental
effect from the Coulombic interactions between
the ion components of the 13C isotopic envelope
the time‐domain signals decay differently for
different isotopic species. [Color figure can be
viewed at wileyonlinelibrary.com]

FIGURE 6 Mass spectrum of Substance P, measured with 12 Tesla FTICR‐MS. This shows the effect of Coulombic interactions between
ions from the peptide's 13C isotopic envelope on the relative abundances of the isotopic components. The ion species from lower abundance
components of the isotopic distribution experience stronger electric field distortion from the higher abundance species. This results in
desynchronization of the motion of these species at faster rate and, thus, decreasing in the relative intensity of their signals. The spectrum
shown in red is obtained from the earlier part of the time‐domain when the ions from all isotopologues are present in the synchronized ion
motion. The spectrum shown in blue is obtained from the later stage of the time‐domain when the lower abundance isotopologue ion
species are not contributing to the signal anymore due to desynchronization of their motion. [Color figure can be viewed at
wileyonlinelibrary.com]
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in which ε0 is the vacuum permittivity. A similar
equation has been obtained for the coalescence effect in
Orbitrap FTMS (Gorshkov et al., 2012). Among the
number of developed models for the quantitative

description of coalescence, the formalism of coupled
harmonic oscillators should be the most realistic one
(Peurrung & Kouzes, 1995). According to this formalism,
coalescence manifests itself as the appearance of a single
signal from two interacting clouds of ions with close m/z
ratios. The latter behavior is displayed in Figure 8 which
originated from a bottom‐up proteomic experiment
(Tarasova et al., 2015). It is common that two or more
peptides with close masses are coeluting. The coales-
cence between their isotopic envelopes results in the
appearance of the erroneous 13C isotopic envelope
with the measured monoisotopic mass shifted from the
exact masses of peptides, and thus further produces
false positive identifications. The figure makes clear that
the number of trapped ions will influence whether the
ion bundles will coalesce (bottom panel) or not (top
panel). From Equation (3), it can be inferred how many
ions can be trapped before the coalescence of the ions
from the isotopic envelope occurs. For example, for the
peptide of MW 1000 Da the 13C isotopic ion components
will coalesce for ~10,000 trapped ions in 1 Tesla
FTICR‐MS.

This number depends on the magnetic field as B2,
which is no issue for high magnetic field instruments
which are being used nowadays. In the case of the
Orbitrap FTMS the number of trapped ions should
exceed 106to have coalescence of 13C isotopic species
(Gorshkov et al., 2012). This effect is limiting the
dynamic range of high‐resolution acquisition, especially,
when resolving the peptide's fine isotopic structure or the
13C isotopic pattern of large and highly heterogeneous
intact proteins are needed.

FIGURE 7 A model of the coalescence phenomenon of two
Coulombically interacting ion clouds consisting of N1 and N2

numbers of ions with close masses m1 and m2, respectively
(Mitchell & Smith,1995; Peurrung & Kouzes, 1995). Electric field
generated by the ion clouds in the presence of magnetic field B

results in drift circular motion of clouds around each other at the
radius of rd and inducing a single signal on the detection electrodes
as the two ion clouds become phase locked (“coalesce”) and are,
thus, being detected as a single entity. [Color figure can be viewed
at wileyonlinelibrary.com]

FIGURE 8 Mass spectrum of two coeluted
double‐charged peptides with mass difference of
1 Da obtained using Orbitrap Elite FTMS. The
13C isotopic envelopes of the peptides are
overlapped. Increasing the number of trapped
ions (bottom spectrum) results in coalescence of
the peptide ions with close m/z ratios and
measuring faked mass spectrum of 13C envelope
of the peptide not present in the sample.
Reprinted with permission from Tarasova et al.
(2015), copyright year 2015 (Sage Publishing).
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In summary, there are three main detrimental effects
of Coulombic interactions between the trapped ions on
the measurements of the isotopic distributions: distortion
of measured relative signal intensities of lower abun-
dance isotopic species; coalescence; and systematic shift
in the measured masses.

6 | DEPHASING, APODIZATION,
AND CENTROIDING

The fine isotopic distribution can be a powerful part of
the process of compound identification. However, the
isotopic fine structure can also have less favorable and
more subtle effects when using Fourier transform mass
spectrometers, such as FT‐ICR MS and Orbitrap MS,
particularly in certain cases where the fine isotopic
envelope is only partially resolved or unresolved. Effects
can include falsely low abundances of certain isotopic
peaks, peak profile distortions and apparent mass shifts.
In many cases, for reasons to be clarified later, these
effects are least likely to occur at the two extremes of
resolution, that is, at relatively low resolution and at
ultrahigh resolution. In this context “relatively low
resolution” means that the resolution (which arises from
the combination of signal acquisition time, apodization,
and zero filling) is very low relative to the isotopic fine
structure envelope width for an isotopic peak, and
“ultrahigh resolution” means that the isotopic fine
structure is fully resolved.

These effects result from destructive interference
(Dephasing) in the time domain signal, combined with
apodization during signal processing, and are indepen-
dent of Coulombic effects discussed in the previous
section (Makarov & Denisov, 2009). Of particular interest
for this paper, this can occur between the isotopic fine
structure components of the signal. A transient signal
may be strong at the beginning of the time‐domain but
then becomes attenuated, not because of loss of ions from
the ion packet but because the signal‐components
undergo destructive interference as they become out of
phase with each other.

During signal processing of the time domain tran-
sient, after it is acquired and stored, an apodization
function is normally applied. The apodization is a
nonlinear operation resulting in attenuation of different
parts of the time‐domain (e.g., of low signal‐to‐noise
ratio) by multiplying the recorded signal with a window
function. The peak of the apodization function may fall
within a region of the signal containing destructive
interference. In the worst case the apodization function
may even occur where destructive interference is
essentially complete, that is, where the time domain

signal is essentially zero. Thus, the apodization function
may selectively sample the attenuated portion of the
signal. As a result, the mass domain spectrum recovered
by the signal processing algorithm may be attenuated
relative to its expected value. In particular, an isotopic
peak that contains isotopic fine structure may have an
unexpectedly low abundance. Conversely, if there is no
isotopic fine structure (e.g., in carbon clusters) there is no
loss of phase coherence, hence no signal attenuation
from this mechanism.

If the apodization function is narrow, the peak of the
apodization function may occur before significant
dephasing of isotopic fine structure components in the
time domain signal has occurred. In this case, the
apparent abundance of the isotopic peak may be close to
the correct isotopic abundance. Conversely, in an
ultrahigh resolution regime the apodization function is
wide, allowing the time domain signal components from
the isotopic fine structure to come back into phase many
times. As such, in either case the apodization function
will generally not favor an attenuated region of the time
domain signal, but instead, it includes strong regions of
the signal as well. In these cases, the distortion of the
mass domain spectrum will be minimal.

Let us now consider model calculation for a small
molecule as an example. The test case has a composition
of C12H18O4S and a monoisotopic mass of 258.0926 Da
(258 nucleons). We will consider the isotopic fine cluster
at mass 260 Dalton, two Dalton higher than the
monoisotopic variant. Accurate masses and abundances
of the isotopic fine structure peaks were calculated using
IsoSpec (Łącki et al., 2017) and are summarized in
Table 3. Note that the peaks at masses 260.0884,
260.0968, and 260.0993 accounts for almost all of the
combined abundance of this isotopic fine structure
cluster.

The modeling calculations assume that the ions
are analyzed in a 7 Tesla Fourier transform ion
cyclotron resonance mass spectrometer (FTICR‐MS).
The time step size for the simulation is 0.0014027 s.
This signal is assumed to be “cosine aligned,” that
is, of the form

a πf tSignal = cos(2 ),i i (4)

where ai represents the abundance of the ith fine
structure component and fi is the corresponding
frequency. A Hann apodization function of width 178
time steps is applied. This corresponds to a resolution of
~50,000 full width at half maximum (FWHM) in the
mass domain. The simulated signal is zero‐padded to
4096 total points. A set of time‐of‐flight mass spectra for
the same compound were also simulated, using a
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Gaussian peak shape at resolution levels of ~20,000,
~50,000, and ~300,000 FWHM. Results of the simulations
are summarized in Figure 9. Figure 9A shows the time of
flight mass spectrometry (TOF‐MS) simulations. The
inset in the figure illustrates the peak shape of the

isotopic fine structure cluster for the m/z 260 peak at
three resolutions. For display purposes, the spectra in the
inset are normalized to the same maximum peak height
to better compare the shape of the fine structure cluster
profile at several resolution levels.

TABLE 3 Rounded masses and
abundances of isotopic fine structure
peaks of the 260 Dalton fine structure
cluster.

Mass (m/z) Abundance 1 Abundance 2
ICR
frequency (Hz)

Shifted
frequency (Hz)

260.08840 3.659E−2 0.718 413293.4201 93.420

260.09535 8.456E−4 0.017 413282.3765 82.376

260.09620 1.073E−5 2.107E−4 413281.0259 81.026

260.09684 6.622E−3 0.128 413280.0089 80.009

260.09827 1.899E−5 3.728E−4 413277.7368 77.737

260.09931 6.376E−3 0.125 413276.0843 76.084

260.10017 1.718E−4 3.371E−4 413274.7178 74.718

260.10102 8.258E−07 1.621E−05 413273.3673 73.367

260.10224 3.088E−4 6.0618E−4 413271.4288 71.429

260.10309 4.129E−6 8.1040E−05 413270.0783 70.078

260.10515 3.303E−6 6.4832E−05 413266.8052 66.805

Note: The column Abundance 1 is normalized to unit probability for the full isotopic composition of
C12H18O4S. The column labeled Abundance 2 is normalized to unit probability for the 260‐nucleon
isotopic fine structure cluster. For the purposes of this paper the electron is assumed to have zero mass.
The ICR frequency assumes a 7 Tesla magnet. For convenience in the calculations the frequency is shifted
by 413200 Hz. In a real experiment, this could be accomplished using the downshifting signal by
heterodyning the signal.

FIGURE 9 Simulation of the apodization effect on the shape of the isotopic fine structure of C12H18O4S. (A) Mass spectrum of the 13C
isotopic cluster and a change in the shape of the fine structure peaks with mass resolving power at m/z 260; (B) Distortion of the fine
structure peak shapes of the FTICR mass domain at m/z 260 due to apodization. The apodization function was chosen such that if there
were no isotopic fine structure the resolution would be ~50,000 FWHM. Also shown, the overlays of the TOF‐MS simulations at two
TOF‐MS resolutions, ~50,000 and ~300,000 FWHM. FWHM, full width at half maximum; TOF, time of flight‐mass spectrometry. [Color
figure can be viewed at wileyonlinelibrary.com]
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Figure 8B illustrates the processing of a narrow band
ICR signal for the isotopic fine structure cluster at m/z
260, going from the time (ultimately) to the mass
domain. The apodization function was chosen such that
if there were no isotopic fine structure the resolution
would be ~50,000 FWHM. Also shown in Figure 8B are
the overlays of the TOF‐MS simulations at two TOF‐MS
resolutions, ~50,000 and ~300,000 FWHM. The TOF‐MS
simulations are not subject to the kind of peak distortions
being discussed in this section relating to FT‐MS signal
processing. Thus, the TOF‐MS simulations represent
what the isotopic fine structure cluster should look like
in the absence of peak distortions.

Let us first consider the comparison of the TOF‐MS
simulation to the FT‐MS simulation, both at resolution of
~50,000. The striking thing about this comparison is that
the FT‐MS result shows significant distortions, including
suppression of the abundance (by ~18% as computed by
peak area, most of which is in the higher‐mass region), a
distortion of the overall shape of the isotopic fine
structure profile (especially in the higher‐mass region),
and perhaps most strikingly, false resolution in the
higher‐mass region. We know that the resolution is false
because at a resolution of ~50,000 it is impossible for the
two main isotopic fine structure peaks in the high‐mass
region (at masses 260.09684 and 260.09931 Da) to be
resolved. This is illustrated in the TOF‐MS simulation at
50,000 resolution, which shows not even a hint of
resolution of these two peaks. In fact, it would take a
resolution well over 200,000 to well‐resolve these two
peaks.

The comparison of the FT‐MS simulation at R=50,000
to the TOF‐MS simulation at R=300,000 reveals another
disturbing error in the FT‐MS result. Although there are
two peaks in the higher‐mass region of the FT‐MS
simulation (attributable, as already noted, to false resolu-
tion), those two peaks are placed at the wrong masses. This
is evident when compared to the TOF‐MS simulation
because, even though the higher‐mass region of the TOF‐
MS region is dominated by two peaks, from the figure it is
clear that they are not located at the same masses as the
two peaks in the FT‐MS simulation.

As a final error in the FT‐MS results we note that the
centroid of the isotopic fine structure cluster is shifted to
lower mass on account of the suppressed abundance in
the higher‐mass region of the isotopic fine structure
profile. In FT‐MS simulations done at much lower
resolution(where the mass‐domain peak width is much
wider than the isotopic fine structure envelope) and
ultrahigh resolution (where the isotopic fine structure is
well‐resolved) the distortions discussed in this section
disappear (data not shown).

From these results, one might be tempted to conclude
that one can avoid distortions in the isotopic distribu-
tions by operating at either low or extremely high
resolution. This is often the case, but some caveats must
be kept in mind. First, if there is a long delay between the
excitation and detections phases of an FTICR‐MS
experiment there may be time for dephasing of the
signal to occur from isotopic fine structure signal
components. In that case, one can expect distortions of
the isotopic fine structure clusters, such as amplitude
distortions. Also, if the isotopic fine structure is too rich,
the signal components may fail to sufficiently re‐phase
over the time scale of the experiment. In that case, the
abundance of the isotopic fine structure cluster will not
be recovered correctly, and the abundance will be too
low. It can even get worse as the apodization function is
widened.

To understand the apparent paradox that things can
get worse as the apodization function is widened,
consider an isotopic peak having an extremely dense
isotopic fine structure, dense to the extent that it is
virtually indistinguishable from a continuous function.
For convenience let us assume that the isotopic fine
structure has a Gaussian envelope. By implication, the
frequency spectrum is also a Gaussian function, and
assuming that the signal components are in phase at
t= 0, the time domain signal decays according to a
Gaussian envelope. With this in mind, let us consider a
sinusoidal time domain signal, modified with a Gaussian
envelope. We first note that it is not a contrived model
but can apply to real molecules. Based on calculations to
model the isotopic profiles of large biomolecules, it has
been noted that as the molecular weight increases, the
isotopic fine structure in the main peaks in the isotopic
profiles become extremely dense and the overall envel-
ope of a single isotopic fine structure cluster (i.e.,
nominal isotopic peak) approaches a Gaussian profile
(Dittwald et al., 2015). This implies that in a mass
spectrometer, that depends on frequency measurement,
such as an FTICR‐MS or an Orbitrap MS, the envelope of
the signal decay profile will approach a Gaussian
function, so the time domain signal for this case is of
the form:


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



g t
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D
πf t( ) = exp −

2
cos(2 ),c

2

2 (5)

where D is a characteristic dephasing time for the
signal from the ion packet and fc is the center
frequency associated with the isotopic fine structure
cluster. Assume that a Hann apodization function is
applied:

WHAT ABOUT THE ISOTOPE DISTRIBUTION? | 35



≤








( )( )

g t
t

D

π
πf t

t W t W

( ) = exp −
2

1 − cos 2

2
cos(2 ),

= 0, > ,

a

t

W

c

2

2 (6)

where g t( )a is the apodized signal andW is the width of
the apodization function. If necessary, the signal can be
extended beyond this interval by zero filling.

If the apodization function is very wide, defined here
as ≫W D one can expand the Hann function as a Taylor
series, keeping only the first nonzero term, resulting in
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This relationship becomes exact in the limit of
→ ∞W . The envelope of the apodized decay function

under these conditions is therefore
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This is a bell‐shaped function whose amplitude scales
asW−2, implying that as the apodization function width
approaches infinity the calculated signal level approaches
zero proportionally toW−2.

The other notable feature of this envelope function is
that, aside from amplitude scaling, its shape is the same,
regardless of the value ofW , provided only that ≫W D.
This means that making the apodization wider does not
widen the apodized time‐domain function. This further
implies that there is a limit to the improvement in
resolution that can result from using a wider apodization
function. This constraint seems somewhat counter-
intuitive because the usual experience is that acquiring
a longer signal transient (along with using a wider
apodization function) produces a higher resolution
spectrum. One practical implication of this is that if
one is investigating very large biomolecules by Fourier
transform mass spectrometric methods there is little
reason to waste a laboratory's resources by trying to push
the resolution beyond this fundamental limit by acquir-
ing a longer signal transient, particularly since this can
result in a catastrophic loss of signal amplitude of the
isotopic peaks.

The underlying reason for this seemingly pathological
behavior is that once the isotopic fine structure becomes
sufficiently dense there is no hope that the signal
components will come back into phase, and the time
domain signal decays monotonically toward zero under
any practical laboratory time scale.

One can take several lessons from these simulations.
First, although rich isotopic fine structure clusters tend

to be found in mid‐sized molecules or large molecules,
the effects can also show up in small molecules, as
illustrated in the C12H18O4S example. Second, as a rule of
thumb, the various distortions tend to be most severe
when the width of the apodization function is character-
ized by the following inequality

∆ ≪ ∆ ≪ ∆M M M ,A E1 (9)

where ∆ME is the width of the envelope of the isotopic
fine structure cluster in the mass domain,∆MI is average
the spacing between the isotopic fine structure peaks
within the cluster, and ∆MA is the width of the
apodization function in the mass domain, keeping in
mind that ∆MA is inversely proportional to the width of
the apodization function in the frequency domain.

Third, the distortions may affect some parts of an
isotopic fine structure more than others. This was shown
in the C12H18O4S example where it was primarily the
high‐mass side of the fine structure cluster at m/z 260
that was distorted.

Fourth, although not directly investigated in this
simulation, it can be shown that the distortions tend to
be more prominent in larger molecules, such as large
biomolecules, because larger molecules tend to have
richer isotopic fine structure patterns, both in terms of
wider isotopic fine structure envelopes and the density of
fine structure peaks within the isotopic fine structure
cluster.

Fifth, though not shown directly in these simulations,
other experience with additional simulations shows that
the distortions tend to be worse for the higher isotopes.
This is because the higher isotope peaks tend to have
richer isotopic fine structure patterns. In fact the
monoisotopic peak has no fine structure, so it is not
distorted by the mechanism discussed in this section of
the paper. However, an exception occurs for certain
compounds that have no isotopic fine structure, such as
pure carbon clusters, in which case there will be no
distortions arising from the mechanism discussed in this
section of the paper.

Finally, if the isotopic fine structure cluster becomes
so rich in fine structure peaks that they cannot be
resolved on the practical time scale of an experiment
then widening the apodization function provides no
benefit: the resolution does not improve and the
abundance of the isotopic peaks suffers a catastrophic
decrease. This may happen for extremely large
biomolecules.

A more detailed discussion can be found in the earlier
works (Rockwood & Erve, 2014), which introduce the
theory presented here and uses it to rationalize experi-
mental results (Blake et al., 2011; Erve et al., 2009).
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7 | PEAK APEX OR PEAK AREA?

When isotopic fine structure exists the question arises
“when is it appropriate to use peak apex‐based abun-
dances to represent abundances in place of peak area‐
based peak abundances?” A similar question applies to
evaluation of mass. Let us state without proof at the
outset that, in the absence of peak distortion effects,
including those discussed in this paper, peak area is,
generally speaking, an unbiased estimator of relative
isotopic peak abundances, and the closely related method
of quadrature (i.e., center of mass measurements using
numerical integration over the peak profile) gives an
unbiased estimate of mass. Peak apexes of isotopic peaks
can also be used to evaluate abundance and mass under
certain circumstances, but this is not always true.

We will illustrate this with a simple example, the
isotopic peaks of BrCl. Including fine structure, there are
four peaks with the isotopic compositions of 79Br35Cl,
79Br37Cl, 81Br35Cl, and 81Br37Cl. Listed as (mass, abun-
dance normalized to unity for full isotopic distribution)
ordered pairs this list becomes (assuming zero for
electron mass): (113.88719, 0.383), (115.88424, 0.124),
(115.88514, 0.372), and (117.88219, 0.121). The two peaks
in the middle of this list both have 116 nucleons and are
separated by only 0.0009 Da which is equivalent to
~8 ppm difference. If one lists these peaks as ordered
pairs according to nucleon number and ignores the
isotopic fine structure, the list can be denoted as (114,
0.383), (116, 0.496), and (118, 1.121).

What happens to the spectra as resolution increases?
As can be seen in Table 4, for the 116‐nucleon peak, both
the peak apex‐based abundance and peak apex‐based
mass vary with the resolution, but the area‐based
abundance and quadrature‐based mass do not depend
on the resolution. Figure 9 represents this in visual form.
Even for the 33,000 resolution case, for which there is no
hint of isotopic fine structure if evaluated by visual
inspection, both the abundance and the mass are shifted
relative to the correct values, although the mass is
only shifted by 0.4 ppm. For the 114‐ and 118‐nucleon
peaks neither the abundance nor the mass vary with
resolution if evaluated using peak apex. Some of these
effects are shown in references (Rockwood et al., 1996;

Werlen, 1994) illustrated with a different compound
(Figure 10).

From this, it is clear that peak apex abundances can
be substituted for integrated peak area abundances at low
resolution, but as the instrument‐limited peak width
approaches the width of the isotopic fine structure
envelope one should abandon peak apex abundances
and use peak areas instead. This general conclusion
applies to all types of mass analyzers, as long as the
analyzer and data reduction themselves to not further
distort the peak abundances. However, see the discussion
in Section 5 of this paper for a discussion of FTMS where
certain additional considerations may apply. An excep-
tion occurs if the isotopic peaks contain no fine structure,
such as in carbon clusters, for which peak apexes can be
used to evaluate abundance and mass.

8 | CONCLUDING REMARKS

In this manuscript, we have described the various
physical, instrumental, electronic, and algorithmic phe-
nomena that could disturb the appearance of an observed
isotope pattern in a spectrum from the theoretically

TABLE 4 Masses and abundances of
isotopic peaks of BrCl evaluated
according to peak apexand area or
quadrature, listed according to FWHM
resolution.

Resolution
(FWHM)

Peak apex‐
based
abundance

Area‐based
abundance

Peak apex‐
based mass

Quadrature‐
based mass

33,000 0.477 0.496 115.88496 115.88492

83,000 0.409 0.496 115.88509 115.88492

116,000 0.379 0.496 115.88517 115.88492

FIGURE 10 Simulation of the effect of resolution on 116 Da
peak of BrCl. Peak widths are 0.0010, 0.0014, and 0.0035 Da.
Simulated spectra are normalized to set the peak apexof the mono‐
isotopic peak (115 Da) to a value of 1.00 at each resolution setting.
[Color figure can be viewed at wileyonlinelibrary.com]
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computed isotope distribution. In this overview, we
follow a molecular analyte from sample toward signal.
A first artifact is caused by deviations in the sample with
respect to the IUPAC or NIST definition of the elemental
isotope composition in a terrestrial matter that already
can lead to a discordance in the isotope patterns. Second,
stochastic principles can interfere with the appearance
of the isotope distribution. It all depends on the number
of ions used to sample the intrinsic isotope distribution of
an analyte in a sample. A better ion statistic leads to
observed isotope patterns that are more similar to these
intrinsic isotopologues. An important remark here is that
there is an intensity‐dependency. Lower ion counts
typically result in low‐intense signals that display a
larger sampling variation than with the high‐intense
counterparts. Third, when compressing charged ions in
small spaces, as is the case in modern trapping devices,
so‐called space‐charge effects come into play that affect
all aspects of high‐resolution mass spectrometry, includ-
ing peaks related to poly‐isotopic elements, and the
relative abundances of these peaks in the recorded fine
structures. Even when the trap is not overfilled, ions that
are stored in close proximity, with a similar m/z ratio for
a long acquisition time will experience Coulombic
interactions that are detrimental for the ion signal. This
effect will cause three types of disturbances to the
observed isotope distribution: (A) distortion of measured
relative signal intensities of lower abundance isotopic
species; (B) coalescence of ion bundles of similar m/z
leading to an aggregation of fine isotope variants; and (C)
systematic shift in the measured masses. Fourth, after
detection of the harmonic ion signal and digitization,
additional signal processing is performed, especially in
the case of Fourier‐transform mass spectrometry, to
transform the time‐domain transient into the frequency‐
domain (i.e., mass domain). Although the Fourier
transform is a linear operator, the apodization of the
decaying transient signal is not. The choice of the various
FT‐signal processing parameters (zero‐filing, apodization
function, window width, and window location) can have
various unwanted effects on the isotope distribution. This
effect is particularly noticeable in the case of dephasing
of the ion bundles that lead to destructive interference.
When the apodization is the window is chosen in a
location where this destructive interference is complete
then this may cause an attenuated signal with respect to
the theoretical isotope distribution. Or when the isotope‐
fine structure is too rich, the signal components may fail
to re‐phase and therefore go undetected. Fifth, the
question of whether the peak apex can be used to
determine mass and ion abundance in place of a
quadrature‐based calculation to estimate the centroided

mass and area under the curve is evaluated. It is shown
that in some cases this can lead to errors.

Albeit, we have tried to be exhaustive as possible, there
are some processes not described in this manuscript. For
example, the structure of the electronic noise that
superposes with the signal after acquisition. A meritorious
attempt to model the noise structure of QTOF spectra is
provided by Du et al. (2008). Another artifact neglected in
this overview is detector saturation in linear ion traps or
TOF instruments. Once signal intensities become too large
in electron multipliers or particle detectors we move
outside the linear range of detection and signal intensities
will become flattened. This saturation has an obvious effect
on the observed isotope pattern and will lead to errors in
quantifying the signal. Remedial measures have been
devised to correct for this quantification error postacquisi-
tion (Bilbao et al., 2018)

In the introduction, we have enlisted numerous
bioinformatics applications that benefit from working
on clean mass spectra with undistorted isotope patterns.
However, many processes will interfere with the correct
measurement of the spectra that lead to potential errors
when using these bioinformatics tools. It is impossible for
a mass spectrometrist or data scientist to take all these
effects into consideration and quantify and account for
these errors when analysing an isotope pattern in a
spectrum. Finally, with this manuscript, we want to
create awareness that many off‐the‐shelf bioinformatics
tools come with various premises and assumptions that
may or may not be compatible with your instrumental
set‐up. Therefore, we recommend calibrating your
bioinformatics tools on selected, well‐known yet realistic
standards to better understand the impact of the default
thresholds and optimize the fine‐tuning of your algo-
rithm for your laboratory. The concept of one‐size‐fits‐all
is unfortunately not applicable in the field of mass
spectrometry.
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