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Distinct classes of multi-subunit heterogeneity:
analysis using Fourier Transform methods and
native mass spectrometry†

Sean P. Clearya and James S. Prell *a,b

Native electrospray mass spectrometry is a powerful method for determining the native stoichiometry of

many polydisperse multi-subunit biological complexes, including multi-subunit protein complexes and

lipid-bound transmembrane proteins. However, when polydispersity results from incorporation of mul-

tiple copies of two or more different subunits, it can be difficult to analyze subunit stoichiometry using

conventional mass spectrometry analysis methods, especially when m/z distributions for different charge

states overlap in the mass spectrum. It was recently demonstrated by Marty and co-workers (K. K. Hoi,

et al., Anal. Chem., 2016, 88, 6199–6204) that Fourier Transform (FT)-based methods can determine the

bulk average lipid composition of protein-lipid Nanodiscs assembled with two different lipids, but a

detailed statistical description of the composition of more general polydisperse two-subunit populations

is still difficult to achieve. This results from the vast number of ways in which the two types of subunit can

be distributed within the analyte ensemble. Here, we present a theoretical description of three common

classes of heterogeneity for mixed-subunit analytes and demonstrate how to differentiate and analyze

them using mass spectrometry and FT methods. First, we first describe FT-based analysis of mass spectra

corresponding to simple superpositions, convolutions, and multinomial distributions for two or more

different subunit types using model data sets. We then apply these principles with real samples, including

mixtures of single-lipid Nanodiscs in the same solution (superposition), mixed-lipid Nanodiscs and copo-

lymers (convolutions), and isotope distribution for ubiquitin (multinomial distribution). This classification

scheme and the FT method used to study these analyte classes should be broadly useful in mass spec-

trometry as well as other techniques where overlapping, periodic signals arising from analyte mixtures are

common.

Introduction

Multi-subunit, polydisperse complexes, such as multivalent
protein–ligand complexes and membrane protein-lipid com-
plexes, are essential for the function and structure of all
organisms.1–4 Native electrospray ionization mass spec-
trometry (ESI-MS), in which large, non-covalent complexes are
transferred intact into the gas phase, is a powerful technique
for determining the native stoichiometry of many such bio-
molecular complexes.5–18 Developments in MS methodology
and spectrum analysis tools have made it possible to character-

ize stoichiometry distributions even for polydisperse popu-
lations of complexes.7,19–29 However, in cases where the poly-
dispersity is exceptionally high, varies for different charge
states, or arises from a distribution in the stoichiometry of two
or more different subunits, the mass spectrum can be exceed-
ingly difficult to analyze, as the ESI source produces overlap-
ping charge state distributions sometimes comprising tens or
even hundreds of peaks.7,18,23,29,30

Multiple alternative methods have been developed to facili-
tate the analysis of highly polydisperse samples, including
Fourier Transform (FT)-based algorithms,7,18–20,31 m/z-domain
deconvolution algorithms,23,25,29,32,33 comb filters,29,33 and
macromolecular mass defect analysis (akin to Kendrick mass
defect analysis for polymers).34–36 Commonly used mass spec-
tral-domain deconvolution algorithms typically require user
optimization of the algorithm and input of accurate guesses at
several parameters describing the mass distribution.
Macromolecular mass defect analysis can be used to character-
ize samples with multiple subunits when mass resolution is
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high,36 and the commercial software package PMI has been
shown to perform well in deconvolving mass spectra of phar-
maceutically-relevant polydisperse ion populations29

Conversely, FT-based mass deconvolution can often be
achieved with little to no initial parameter guessing even when
resolution is relatively low, as was recently shown for a sample
of intact lipoprotein Nanodiscs containing over 300 lipids19

and for bacterial toxin complexes embedded in nearly intact
detergent micelles.18 Furthermore, Marty and co-workers
recently demonstrated that FT methods can quantify the
average subunit composition for Nanodisc ions containing two
different lipid types.35 In that study, an iterative FT approach
was used to determine an average subunit mass from the
entire Nanodisc mass spectrum, and it was revealed that this
measurement reflected the bulk lipid mole fractions of the
mixture used to synthesize the Nanodiscs.

While it may seem intuitive that methods such as FT could
be used to determine the average bulk composition of polydis-
perse ions containing two or more types of subunits, a general
method to determine the detailed subunit composition distri-
bution has not been developed. From a mathematical perspec-
tive, mixed-subunit populations can fall into many different
“classes”, depending on how the different subunit types are
distributed, and, a priori, different classes may not be amen-
able to the same analysis methods. As a familiar example, an
ion’s natural isotope mass distribution arises from a mixture
of different combinations of isotopes of each constituent
atom, and the number of each type of atom is fixed. By con-
trast, individual Nanodiscs within a mixed-lipid Nanodisc
sample can have both different lipid composition and
different total numbers of lipids, giving rise to a composition
analysis problem that is fundamentally different from that of
natural isotope distributions. Here, we illustrate how three
important classes of mixed-subunit ion populations can be
treated with FT deconvolution methods. In addition to demon-
strating the theoretical utility and limitations of using FT on
three different types of classes (simple superpositions, convo-
lutions, and multinomial distributions), we demonstrate how
FT-based composition analysis can be used to infer infor-
mation about the self-assembly mechanism of Nanodiscs.

Methods
Sample preparation

A single-sample panel of Nanodiscs containing palmitoyloleoyl-
phosphatidylcholine (POPC), dipalmitoylphosphatidylcholine
(DPPC) or both were prepared according to a method adapted
from that of Sligar and co-workers.37,38 Briefly, all lipids were
purchased from Avanti Polar Lipids as 5 mg mL−1 solutions in
chloroform, dried until opaque with dry nitrogen gas, and re-
suspended to a final concentration of 50 mM in a pH 7.4
aqueous buffer containing 100 mM sodium cholate (Sigma-
Aldrich), 20 mM Tris (Bio-Rad), 100 mM sodium chloride, and
0.5 mM ethylenediaminetetraacetic acid (EDTA). Membrane
scaffold protein MSP1D1 (Sigma-Aldrich) was reconstituted in

pH 7.4 aqueous buffer (20 mM Tris, 100 mM sodium chloride,
0.5 mM EDTA, 0.01% sodium azide) to a concentration of
∼200 μM. Lipid suspensions were mixed with MSP1D1 solutions
and additional buffer to a final concentration 50 μM in MSP1D1
and appropriate lipid concentrations. These concentrations
were 3.38 mM for pure POPC; 4.5 mM for pure DPPC; and
4.22 mM, 3.94 mM, and 3.66 mM for 75/25, 50/50, and 25/75
percent mixtures of DPPC/POPC respectively. The concen-
trations for these lipid mixtures were based on a weighted
measurement of the expected number of each type of lipid per
scaffold protein in well-formed, pure-lipid Nanodiscs (90 : 1 and
67.5 : 1 lipid :MSP1D1 for DPPC and POPC, respectively). The
pure lipid stocks were mixed in the desired ratios and sonicated
for an additional 30 minutes before adding MSP1D1 stock.
Samples were incubated for 1 h at 20 °C, and Nanodisc self-
assembly was initiated by cholate removal through dialysis. To
aid self-assembly, BioBeads SM-2 (Bio-Rad) were placed in the
dialysis buffer (20 mM Tris, 100 mM sodium chloride, and
0.5 mM EDTA), which was stirred constantly overnight.
Nanodisc samples were buffer-exchanged into 200 mM
ammonium acetate (Sigma-Aldrich) at pH 7.0 using Micro Bio-
Spin 6 columns (Bio-Rad) immediately before MS analysis.

Poly(ethylene glycol)-block-poly(propylene glycol)-block-poly
(ethylene glycol) (PEG-PPG-PEG) was purchased from Sigma-
Aldrich (product number 412325) and used without further
purification. The polymer was solubilized to a concentration of
0.5 mg mL−1 in ultra-pure (18.0 MΩ) water. Bovine ubiquitin
(Ubq) was purchased from Sigma-Aldrich and used without
further purification. Aqueous Ubq solutions were prepared
containing 25 μM Ubq and 200 mM ammonium acetate.

Mass spectrometry

All mass spectrometry analysis was performed with a Synapt
G2-Si ion mobility mass spectrometer (Waters Corp.) using a
static nanoelectrospray ionization (nanoESI) source. NanoESI
emitters were prepared by pulling borosilicate capillaries (ID
0.78 mm, Sutter Instruments) to a tip ID of ∼1 μm using a
Flaming-Brown P-97 micropipette puller (Sutter Instruments).
For each sample, ∼3–5 μL of solution was loaded into an
emitter, which was placed approximately 3–5 mm from the
entrance of the mass spectrometer. A platinum wire inserted
into the solution was used to apply an electrical potential of
0.6–1.0 kV relative to instrumental ground to initiate electro-
spray. Argon was used as the collision gas at a flow rate of
5 mL min−1 for all experiments. For Nanodisc samples, the
Trap and Transfer collision voltage were set to 100 and 5 V,
respectively, and the m/z acquisition range was 100 to 32 000.
Both the Sample Cone and Source Offset were set to 25 V, and
mass spectra were signal-averaged for 20 minutes. For polymer
mass spectra, samples were sprayed from ultrapure water (res-
istivity 18.0 MΩ cm−1). Trap and Transfer collision voltage
were set to 10 and 5 V, respectively, and the m/z acquisition
range was 100 to 8000. The Sample Cone and Source Offset
were both set to 25 V, and mass spectra were signal-averaged
for 5 minutes. For the Ubq sample, the Trap and Transfer col-
lision voltage were set to 10 and 5 V, respectively, and the m/z
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acquisition range was 100 to 5000. The Sample Cone and
Source Offset were both set to 25 V, and the mass spectrum
was signal-averaged for 2 minutes. m/z calibration was per-
formed using CsI cluster ions formed by nanoelectrospray of
100 mM aqueous CsI solution.

Data deconvolution

All FT-based mass spectrum deconvolution analysis was per-
formed using the Prell group’s home-built program, iFAMS
(interactive Fourier-Transform Analysis for Mass Spectrometry)
v. 5.2, available as open-source Python code at https://github.
com/prellgroup/iFAMS.

Theory
Background: FT-based analysis of mass spectrum for single-
subunit ion population

The principles behind the FT method for characterizing poly-
disperse samples containing a single subunit have been
explained in detail elsewhere7 and therefore will only be briefly
described here. The mass spectrum (s(m/z)) of a polydisperse
sample attributed to a particular charge state, Z, can be math-
ematically described in terms of three distinct functions: a
comb, c(m/z), of delta functions, characterized by the spacing
of each mass spectral peak (i.e., the mass of the repeated
subunit divided by Z); a peak shape function, p(m/z), which
describes the average shape of each peak in the comb with
charge state Z; and an envelope function, e(m/z), which
describes the relative abundances of each of the peaks with
charge state Z, i.e., it is represents the subunit stoichiometry
distribution. We then have:

sðm=zÞ ¼ ½cðm=zÞ � pðm=zÞ� � eðm=zÞ
where * represents convolution, and · represents
multiplication.

According to the Fourier Convolution Theorem, the FT of
the mass spectrum, FT[s(m/z); k] = S(k) is

SðkÞ ¼ ½CðkÞ � EðkÞ� � PðkÞ
S(k) is itself a sequence of equally spaced peaks at integer

multiples of a frequency equal to the inverse of the spacing of
the comb function c(m/z), i.e., Z divided by the subunit mass. By
linearity of FT, sequential charge states produced by ESI results
in a sequence of equally spaced peaks in the Fourier domain,
where the spacing between adjacent peaks is inversely pro-
portional to the mass of the repeated subunit. Finally, peaks in
the frequency domain can then be isolated and inverse Fourier
transformed to reveal the envelope function, e(m/z), for each
charge state, which allows one to determine charge state specific
polydispersity (and other mass statistics) in the mass spectrum.

Classes of ion populations containing two or more types of
repeated subunit

The presence of a second type of repeated subunit in the
analyte population can significantly complicate the analysis of

a mass spectrum, and it should be emphasized that there are a
very large number of ways in which even just two repeated sub-
units can be distributed. Three important classes of subunit
distributions are represented in Fig. 1 as modeled mass
spectra along with their corresponding Fourier spectra, and
these classes are described below in greater detail. One of the
simplest classes of polydisperse mixed-subunit analyte popu-
lations arises from mixing two non-interacting (on the time-
scale of the experiment), single-subunit populations together
(see Fig. 1A). The mass spectrum of such an ion population is
described by

stotðm=zÞ ¼ s1ðm=zÞ þ s2ðm=zÞ

StotðkÞ ¼ S1ðkÞ þ S2ðkÞ

where Stot(k) = FT[stot(m/z); k], S1(k) = FT[s1(m/z); k], and S2(k) =
FT[s2(m/z); k]. That is, both the mass spectrum and its Fourier
transform (due to the linearity of FT) are simple superposi-
tions of those belonging to the individual single-subunit popu-
lations. We refer to this hereafter as a “Class I” (simple super-
position) population and note that it can be easily generalized
to multiple subunits by similar reasoning.

In sharp contrast, many other common heterogeneous ion
populations arise from assembly of two or more types of
subunit together into complexes, whether covalent (e.g.,
random copolymers) or non-covalent (e.g., phospholipid
Nanodiscs). While there is a very large number of subunit stoi-
chiometry distributions that can result, two particularly impor-
tant extremes for which FT-based stoichiometry distribution is
possible are (1) those for which the stoichiometry distribution
of the resulting ion population can be described as the convo-
lution of the underlying stoichiometry distributions of the
individual subunit types (see Fig. 1B) and (2) those for which
the total number of subunits is fixed (see Fig. 1C). We refer to
these as “Class II” and “III” populations throughout the
manuscript.

A common example of a Class II population is a linear
block copolymer in which each block is inherently polydis-
perse, and each block’s monomer number is independent of
those of the other blocks in the same polymer. The subunit
stoichiometry distribution of the whole block copolymer popu-
lation is, in this case, a convolution of the stoichiometry distri-
butions of each block. For a block copolymer consisting of two
types of subunit, for each charge state Z, we can thus decom-
pose the mass spectrum stot(m/z) in terms of two underlying
mass spectra, s1(m/z) and s2(m/z):

stotðm=zÞ ¼ s1ðm=zÞ � s2ðm=zÞ

and therefore,

StotðkÞ ¼ S1ðkÞ � S2ðkÞ

That is, the FT of the total ion spectrum is the product of
the underlying mass spectra for each subunit type with charge
state Z. This can be straightforwardly generalized to three or
more types of subunit within the block copolymer (a modeled
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data set for the convolution of three different subunits is
demonstrated in the ESI in Fig. S1†).

Common examples of Class III populations range from
isotope distributions of an ion to protein complexes compris-
ing different isoforms with identical incorporation probabil-
ities. Class III populations have in common that their abun-
dance distribution for a given charge state follows a multino-
mial distribution with respect to the ensemble average incor-
poration probability of each subunit type. For a Class III popu-
lation consisting of just two types of subunit, the mass
spectrum can be described by

stotðm=zÞ/ ntot
nA

� �
pnAA ð1� pAÞntot�nA

for each m/z corresponding to an ion containing nA of subunit
A and nB (=ntot − nA) of subunit B with probabilities pA and pB
(=1 − pA), respectively. This distribution is equivalent to an
ntot-fold autoconvolution of a distribution having just two
peaks at m/z values mA/Z and mB/Z with relatively abundances
pA and pB, respectively. Thus the FT of s(m/z) is simply the ntot
power of the FT of this simple two-peak spectrum. (Again, this
idea can be generalized quite easily to compute the isotope
distribution of any molecule from the natural abundances of
its constituent atoms according to their individual
stoichiometries.)

A priori, one might expect that Class II mass distributions
should often be much broader and have denser peaks spacing
than Class III mass distributions, but it can be difficult to dis-

tinguish the two from one another or from Class I mass distri-
butions simply by visual inspection of the mass spectrum,
especially with relatively low resolution. However, for Class III
ion populations, the frequency-domain spacing between the
fundamentals corresponding to each charge state Z is simply

k ¼ Z
mA �mB

; where mA > mB

Importantly, this frequency spacing is independent of the
probabilities pA, pB, etc., in stark contrast to Class II ion popu-
lations (see below).

Results and discussion
Rationale for selected examples

The questions arise how, without having to perform the
impractical and/or highly time-consuming analysis of all the
peaks directly in the mass spectral domain, one can determine
whether a multi-subunit ion population belongs to Class I, II,
or III (or none of these), and what statistics (such as average
subunit composition, average ion size, and polydispersity) one
can measure straightforwardly from the mass spectrum, even
with poor resolution. To demonstrate how Fourier transform
can discern between the different types of multi-subunit popu-
lations, and to illustrate the type of unique information that
can be learned from this analysis, the following samples were
used: a mixture of two separately-prepared, single-lipid
Nanodisc populations (Class I); mixed-lipid Nanodisc (Class

Fig. 1 Left: Schematic representation showing the relationship between heterogeneity classes of mixed-subunit populations (see text). Right:
model mass spectra and corresponding Fourier spectra for different classes of heterogeneous ion populations containing two different types of
repeated subunit (shown as green and orange circles inset in mass spectra). For each class, orange and green traces in Fourier spectra represent
underlying signal due to each subunit type, whereas traces of the same color as the corresponding mass spectrum represent the expected Fourier
spectrum of the total ion population. For Class I, the total Fourier spectrum is the sum of the underlying pure-subunit spectra; for Class II, the total
Fourier spectrum is the product of the underlying pure-subunit spectra; and for Class III, the total Fourier spectrum has a fundamental frequency
that is independent of the bulk mole fractions of the two subunits and depends only on their monomer masses.
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II); a block copolymer (Class II); and a monomeric protein (the
isotope distribution of which represents Class III).

Class I mixture of single-subunit Nanodiscs (simple
superposition)

For Class I ion populations, the distribution of peaks in the
mass spectrum is a superposition of the underlying mass
spectra belonging to each type of analyte. Due to the linearity
of FT, the Fourier spectrum is therefore a superposition of the
underlying Fourier spectra of each type of analyte, and the
positions of peaks in the Fourier spectrum do not change for
the mixture. An example of the mass spectrum of a Class I
mixture of single-lipid Nanodiscs and its corresponding
Fourier spectrum, acquired under moderately activating con-
ditions where fewer than 20 lipids are expected to have disso-
ciated from the Nanodiscs, are shown in Fig. 2. The two
Nanodisc populations were separately prepared using different
lipids (POPC and DPPC), then mixed in approximately equal
molar ratios immediately before analysis with nESI-MS. While
it is difficult to see that the mass spectrum itself is a ∼1 : 1
superposition of the mass spectra of pure POPC and DPPC
Nanodiscs, acquired under identical instrumental conditions,
it is clear that the corresponding Fourier spectrum is such a
superposition, especially with increasing harmonic number,
where better peak resolution is achieved than for the funda-
mental peaks. (For comparison, mass-domain deconvolution
using a comb filter, such as is available in UniDec and PMI
software, is provided for all three mass spectra in ESI Fig. S2.†)

Emphatically, peaks in the Fourier spectrum do not occur at
the bulk-mole-fraction-weighted average frequency of the
POPC and DPPC Nanodisc peaks, in sharp contrast to results
for Nanodiscs prepared from a 1 : 1 bulk mixture of POPC and
DPPC lipids (see below) and to previous results for mixed-lipid
(i.e., Class II) Nanodiscs.35 To test whether evidence of lipid
exchange between the two Nanodisc populations could be
found on the 1-hour timescale, mass spectra of the mixed-
Nanodisc sample were continuously collected for 60 minutes
immediately after mixing. Fig. 2E and F show the signal-aver-
aged mass spectrum and its corresponding Fourier spectrum
for the first 20 minutes, and analogous spectra for the 20–40
and 40–60 minutes intervals are shown in Fig. S3.† No signifi-
cant differences in the Fourier spectra were observed, indicat-
ing no significant exchange of lipids between the two popu-
lations on the 1-hour timescale, in agreement with previous
reports.39

Class II mixed-lipid Nanodiscs (convolution of composition
distributions)

Fig. 3 shows the mass spectrum (A) and corresponding Fourier
spectrum (B) for a Nanodisc sample prepared from a bulk
mixture of POPC and DPPC in a molar ratio of 25% : 75%
POPC : DPPC, which is expected to result in Nanodiscs that
both lipids (spectra of other molar ratios are shown in
Fig. S4†). A priori, because the assembly mechanism for

Fig. 2 Mass spectra and corresponding Fourier spectra of Nanodiscs
assembled with DPPC (A and B), POPC (C and D), and both single-lipid
Nanodisc samples mixed together (E and F) in equimolar ratios, all
acquired under identical instrumental conditions. Dotted lines in Fourier
spectra provide a guide to the eye to see that the mixed-Nanodisc spec-
trum is indeed a superposition of the two single-lipid Nanodisc spectra.

Fig. 3 Representative mass spectrum (A) and corresponding Fourier
spectrum (B) for Nanodiscs assembled with 75% DPPC and 25% POPC.
In contrast to the mixture of two single-lipid Nanodiscs mixed together
(see Fig. 2), Nanodiscs assembled from a mixture of two lipids produces
only a single series of peaks in the Fourier spectrum, whose spacing
corresponds to the variance-weighted average subunit mass. Panel (C)
shows average subunit mass measured for mixed DPPC/POPC
Nanodiscs assembled using five different lipid bulk mole fractions. Error
bars represent one standard deviation due to uncertainty in the Fourier
fundamental frequency determination, and dotted lines represents
perfect agreement between measured and bulk mole fractions.
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Nanodiscs is not well understood, it is not clear whether this
should result in Class II or III (or some other class) of hetero-
geneity. Class II heterogeneity would result from a Nanodisc
assembly mechanism that can be approximated by two inde-
pendent Poisson processes, i.e., in which the two different
types of lipids add to the growing Nanodiscs via first-order
kinetics with rate constants dependent on the initial bulk con-
centrations of the lipids. In this case, the distribution in the
total number of lipids in the Nanodiscs should be a convolu-
tion of the (Poisson) distributions for the number of each lipid
type contained in the Nanodisc. Because the convolution of
two independent Poisson distributions is another Poisson dis-
tribution, and because the mean of a Poisson distribution is
equal to its variance, this mechanism should result in
Nanodiscs with approximately equal mean and variance in the
total number of lipids. As has been previously observed in
multiple studies of intact MSP1D1 Nanodiscs using native MS,
the mean number of lipids is often ∼120–180 (depending on
lipid size or instrument used14) with a standard deviation of
∼10–15 (i.e., a variance of ∼100–225),7,23 so this mechanism is
consistent with these observations. Similarly, larger
MSP1E3D1 Nanodiscs typically contain ∼270–350 lipids with a
variance of ∼225–400.19 A somewhat tedious but straight-
forward derivation (see ESI†) shows that Fourier-domain peaks
for such a Class II sample (where subunit stoichiometry var-
iances are proportional to their means via a common constant)
will be located at the bulk mole-fraction-weighted average fre-
quencies characteristic of the two subunit types. Emphatically,
if the variances of the subunit distributions are not simply pro-
portional to their means via a common constant—which may
be the case for many real samples—the frequency of peaks in
the Fourier spectrum may have no simple relationship to their
bulk mole fractions (see ESI Fig. S5†).

Fig. 3C shows that frequencies in the Fourier spectra for all
five of the bulk concentration ratios tested for POPC and DPPC
do indeed fall very close (within one standard deviation, based
on uncertainty of the frequency measurement) to the bulk
mole-fraction-weighted average frequencies expected for a
sample with the Class II heterogeneity described above, i.e.,
with variance-proportional means. (The underlying standard
deviations in lipid number due to each lipid type can be
quickly estimated by dividing the measured total lipid number
variance7 between the two lipids according to the observed fre-
quency, then taking square roots; for the data in Fig. 3, these
standard deviations are ∼9 and 5 lipids for DPPC and POPC,
respectively). This result is consistent with previously reports
for other mixed-lipid Nanodiscs by Marty and coworkers.35

Observation of this relationship, which should occur for var-
iance-proportional stoichiometry means, for many different
lipid mixtures therefore strongly supports a Nanodisc for-
mation mechanism that proceeds by independent, first-order
addition of lipids with minimal back-exchange of lipids40 until
the Nanodiscs are “full”. Thus, the observed Nanodisc compo-
sitions are thus kinetically trapped and likely do not equili-
brated on the timescale of these experiments (several minutes
to several hours), a finding that has important implications for

experiments using mixed-lipid Nanodiscs to study recruitment
of lipids by membrane proteins.

Class III mixed-lipid Nanodiscs (hypothetical equilibrated
Nanodiscs with fixed number of lipids per Nanodisc)

Class III heterogeneity, in stark contrast, would be associated
with a mechanism whereby fully formed ions equilibrate with
one another by exchange of subunits before MS analysis, but
always end up containing the same total number of subunits.
For Nanodiscs containing two types of similar-sized lipids, the
resulting composition distribution would be expected to be
nearly binomial, and the variances in the distribution of each
lipid would be nearly identical and independent of the bulk
lipid mole fractions. Viewed another way, if “full” Nanodiscs
always contain exactly ntot lipids of type A or B, any lipid
within a Nanodisc that is not lipid type A must be type B, thus
the A and B lipid distributions within the Nanodiscs must
have equal variances even if their means are different. As
described in the Theory section, the corresponding Class III
Fourier spectrum would then have a fundamental frequency
equal to the inverse of the difference between the two masses
(e.g., 26 Da for POPC and DPPC) regardless of bulk compo-
sition. (For comparison, ESI Fig. S5† illustrates reconstructed
subunit mole fractions for Class III ion population when erro-
neously assuming the mean-proportional-variance condition,
and ESI Fig. S6† contains a simulated mass spectrum and
corresponding Fourier spectrum for a hypothetical Class III
Nanodisc population, highlighting its differences from those
of a Class II population.) The sharp contrast between this
result and the experimental results shown in Fig. 2 lends
further support to the mechanism of mixed-lipid Nanodisc for-
mation described in the previous section. Together with the
Class I mixture results described above, these results indicate
that the FT method can straightforwardly distinguish between
Class I, II, and III heterogeneity, even in cases where the bulk
average subunit composition is the same. For Class III
systems, the major constraint is that the total number of sub-
units is constant. Thus, in probing the composition of a sus-
pected Class III ion population with labile subunits using the
FT methods described here, it is important to keep the activat-
ing conditions as low as possible to avoid the problem of sig-
nificantly altering the composition or total stoichiometry of
the ions.

Class II triblock copolymer (convolution of polydisperse
composition distributions)

Similar reasoning described above for Class II mixed-lipid
Nanodiscs can be used to understand the mass spectra and
corresponding Fourier spectra of many block copolymers
formed by growing each successive block off pre-existing, poly-
disperse blocks. In many realistic cases, the exact size of each
block will be uncorrelated with the exact size of the other com-
ponent blocks, resulting in an overall copolymer length distri-
bution that is the convolution of the block length distributions
of each monomer type. Large polymers often exhibit high poly-
dispersity, which has interesting consequences for the corres-
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ponding Fourier spectrum. An ESI mass spectrum for a
PEG : PPG : PEG linear triblock copolymer sample is shown in
Fig. 4. Intriguingly, the first observed peak at positive fre-
quency in the corresponding Fourier spectrum occurs near the
respective 3rd and 4th harmonic of the 3+ charge state corres-
ponding to PEG and PPG, respectively, with essentially no dis-
cernable signal at lower frequencies. The reason that lower-fre-
quency peaks, closer to the PEG and PPG fundamental fre-
quencies, are not observed is that the polydispersity of the con-
stituent PEG and PPG blocks is so large that the corresponding
Fourier-domain peaks are too narrow to overlap significantly
for any lower-order harmonics and happen to nearly coincide
for these harmonics (and multiples thereof; see ESI† for a
mathematical derivation of this result). From the observed
Fourier-domain frequencies, and assuming mean-proportional
variances for the distributions of the monomers, the ratio of
the average number of monomers incorporated into the block
copolymers is determined to be ∼4.4 : 1 PEG : PPG. Combined
with the mean mass of 8370 Da for the copolymer population
determined by Gábor Transform analysis20 in iFAMS (see
Fig. 4C), this ratio corresponds to an average mass of 6810 ±
880 Da for the PEG blocks and 1560 ± 420 Da for the PPG
blocks. The ∼4.4 : 1 ratio is remarkably close to the manufac-
turer-reported average mass of 8400 Da and average compo-
sition of 3.8 : 1 PEG : PPG based on 1H-NMR analysis of the
polymer sample. While a number of factors likely contribute to
this discrepancy, including possible inclusion of short-chain
polymer contaminants in the 1H-NMR data,20 purification of
the PPG core before growth of the PEG blocks could also effect
a lower variance : mean ratio of the PPG block length distri-
bution relative to that of the PEG blocks. This would result in

a slightly higher PEG : PPG ratio being determined using the
FT-based mass spectrometry method described here based on
the assumption of mean-proportional variances of the
monomer distributions. Results of this analysis are summar-
ized in Table 1.

Class III isotope distributions (multinomial mass
distributions)

As is well known, for an ion with chemical formula AnABnBCnC

etc., where A, B, C, etc. are elements, and nA, nB, nC, etc. are the
stoichiometries of each element (assumed to have natural or
other well-defined bulk isotope abundance distributions), the
relative abundance of the isotopomer of the ion with total
mass

mtot ¼ nAimAi þ nAjmAj þ nAkmAk þ . . .
� �
þ nBimBi þ nBjmBj þ nBkmBk þ . . .
� �

þ nCimCi þ nCjmCj þ nCkmCk þ . . .
� �þ . . .

where nAi and mAi are the respective stoichiometry and mass of
the ith isotope of element A, etc., is

A ¼ nA
nAi; nAj; nAk . . .

� �
pnAiAi p

nAj
Aj p

nAk
Ak . . .

� nB
nBi; nBj; nBk . . .

� �
pnBiBi p

nBj
Bj p

nBk
Bk . . .

� nC
nCi; nCj; nCk . . .

� �
pnCiCi p

nCj
Cj p

nCk
Ck . . .

where the terms in parentheses are multinomial coefficients,
and pAi is the relative bulk abundance of the ith isotope of
element A, etc. The FT spectrum of this isotope distribution is
simply the product of nA of the FT of element A’s bulk isotope
abundance spectrum times nB of that for element B, times nC
of that for element C, etc.41,42 Because the total number of
atoms in the ion is fixed, this is in fact an example of Class III
heterogeneity, where the repeated subunits are simply
different isotopes. Fig. 5 shows an isotope-resolved experi-

Fig. 4 Deconvolved mass spectrometry data for poly(ethylene glycol)-
block-poly(propylene glycol)-block-poly(ethylene glycol)
(PEG-PPG-PEG, 8.4 kDa manufacturer-reported average molecular
weight). Mass spectrum with reconstructed charge-state specific distri-
butions shown by colored traces (A), corresponding Fourier spectrum
(B), and deconvolved zero-charge spectrum (C), with colors in A and C
representing charge states of the same color as in the inset in B. Black
trace in (C) shows the summation of data from all charge states, i.e., the
deconvolved “zero-charge” mass spectrum. Corresponding Gábor spec-
trogram (D), which is used to aid signal isolation for reconstructing the
charge-state specific distributions in A and C.

Table 1 Total and monomer-specific polydispersity characterization of
∼8.4 kDa poly(ethylene glycol)-block-poly(propylene glycol)-block-
poly(ethylene glycol) ions using the FT-based method described in the
text

PEG
monomer
mass (Da)

PPG
monomer
mass (Da)

Measured
average
monomer
mass (Da)

% total
polymer
length
variance
due to
PEG

% total
polymer
length
variance
due to
PPG

44.0516 58.0079 46.65 81.4 18.6

Measured
average mass
of polymer
population
(Da)

Recovered
average PEG
mass in
triblock
polymer
(Da)

Recovered
average PPG
mass in
triblock
polymer
(Da)

8370 ± 970 6810 ± 880 1560 ± 420
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mental mass spectrum of (ubiquitin + 6H)6+ as well as its
corresponding predicted mass spectrum from the Fourier ana-
lysis. The Fourier spectrum is predicted using pre-computed
Fourier spectra for its constituent atom (C, N, O, S, and H)
natural isotope distributions using ubiquitin’s chemical
formula, C378H629N105O118S1 (based on its amino acid
sequence), and assuming natural bulk isotope abundances.
The Fourier spectrum of even this relatively large (8.6 kDa) ion
can be computed quickly (<1 s), and a version of iFAMS incor-
porating this isotope calculation tool, including the ability to
input amino acid sequences, will soon be released via our
Github page. Especially for proteins and other large ions, this
can be extremely advantageous over conventional mass spec-
tral-domain methods relying on direct convolution, because
pointwise products are much faster to compute than convolu-
tions, and is inherently much more accurate than low-order
polynomial approximations to the direct convolution. The
resolution of the predicted exact mass spectrum is limited
only by the maximum frequency included in the pre-computed
Fourier spectra for the constituent atoms, thus it trivial to
predict mass spectra in this manner to essentially arbitrary
resolution (including isotope fine structure) at minimal com-
putational expense. While using FT to model isotope distri-
butions is not new, the logic and mathematics behind this
concept can also be applied to complex ions formed from sub-
units with exchangeable variants whose total number is fixed.
This could occur, for example, in an ensemble of complexes
containing one or more proteins with isoforms or post-transla-
tional modifications (PTMs) that do not affect the stability of
the complex and are randomly incorporated in the condensed

phase. In this case, the mass distribution of the isoforms/
PTMs would take the place of the isotope mass distribution for
a particular atom type, and the expected total mass distri-
bution can be calculated by FT in the same way as the total
isotope distribution for a simple ion.

Conclusions

Analytes exhibiting dispersity resulting from incorporation of
two or more different repeated subunits can be extremely chal-
lenging to study by conventional mass spectrometry analysis
methods. This challenge arises not only from the overlap of,
potentially, 10’s to 100’s of peaks in the mass spectrum, but
also from the vast number of possible subunit composition
distributions. Here, we have described three major classes of
ion heterogeneity and outlined what information can or
cannot be reliably obtained from FT-based analysis of the
corresponding mass spectra. Especially important to the study
of mixed-subunit populations that represent convolutions of
underlying subunit stoichiometry distributions, such as
mixed-lipid Nanodiscs or block copolymers, the information
most directly represented in the Fourier spectrum for Class II
ion populations is actually the relative variances of the subunit
distributions rather than their means, and care should be
therefore exercised in interpreting the mass spectra of Class II
ions by this method. Conversely, adherence of Class II ion
populations to a mean-proportional-variance model across a
variety of bulk subunit compositions can, perhaps unexpect-
edly, provide intriguing clues as to the assembly mechanism
of the analyte ensemble. By the same token, deviations from
this model may indicate equilibration of the ion population by
exchange of subunits, interaction between subunits, or other
complex behavior. In the future, it is expected that mass spec-
trometry analysis of complex ion populations using the FT-
based methods described here will become a powerful route
for studying assembly mechanisms that are difficult to access
simply from the bulk average ratio of subunit stoichiometries
measured by conventional techniques, such as NMR head-
group analysis, FT-IR spectroscopy, or digestion-based
methods that are vulnerable to losing information about the
variety of intact complexes in a sample.
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