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Analytical Guidelines for co-fractionation Mass
Spectrometry Obtained through Global Profiling
of Gold Standard Saccharomyces cerevisiae
Protein Complexes
Chi Nam Ignatius Pang1, Sara Ballouz2,‡, Daniel Weissberger3,‡, Loïc M. Thibaut4,
Joshua J. Hamey1, Jesse Gillis5, Marc R. Wilkins1, and Gene Hart-Smith1,6,*

Co-fractionation MS (CF-MS) is a technique with potential
to characterize endogenous and unmanipulated protein
complexes on an unprecedented scale. However this
potential has been offset by a lack of guidelines for best-
practice CF-MS data collection and analysis. To obtain
such guidelines, this study thoroughly evaluates novel and
published Saccharomyces cerevisiae CF-MS data sets
using very high proteome coverage libraries of yeast gold
standard complexes. A new method for identifying gold
standard complexes in CF-MS data, Reference Complex
Profiling, and the Extending ‘Guilt-by-Association’ by
Degree (EGAD) R package are used for these evaluations,
which are verified with concurrent analyses of published
human data. By evaluating data collection designs, which
involve fractionation of cell lysates, it is found that near-
maximum recall of complexes can be achieved with fewer
samples than published studies. Distributing sample col-
lection across orthogonal fractionation methods, rather
than a single high resolution data set, leads to particularly
efficient recall. By evaluating 17 different similarity scoring
metrics, which are central to CF-MS data analysis, it is
found that two metrics rarely used in past CF-MS studies –

Spearman and Kendall correlations – and the recently
introduced Co-apex metric frequently maximize recall,
whereas a popular metric—Euclidean distance—delivers
poor recall. The common practice of integrating external
genomic data into CF-MS data analysis is also evaluated,
revealing that this practice may improve the precision and
recall of known complexes but is generally unsuitable for
predicting novel complexes in model organisms. If study-
ing nonmodel organisms using orthologous genomic data,
it is found that particular subsets of fractionation profiles
(e.g. the lowest abundance quartile) should be excluded to
minimize false discovery. These assessments are summar-

ized in a series of universally applicable guidelines for
precise, sensitive and efficient CF-MS studies of known
complexes, and effective predictions of novel complexes
for orthogonal experimental validation.

The physical interactions associated with proteins give rise
to multiprotein complexes, other macromolecular assemblies
and signaling pathways that are essential for cellular proc-
esses. These interactions can be graphed to produce complex
networks, and potent insights into biological function can be
gained by studying the topologies (1) and dynamics (2) of these
networks. For this reason, one enduring goal of contemporary
biology has been to comprehensively map the protein-protein
interaction (PPI) networks that occur within organisms (1, 3).
High-throughput methods that have been developed to meet
this goal include yeast two-hybrid (Y2H), affinity purification-
MS (AP-MS) and co-fractionation MS (CF-MS).

Of these high-throughput methods, CF-MS is unique in
that it does not rely on heterologous expression or the
genetic manipulation of cells or organisms. CF-MS has thus
been able to predict endogenous and unmanipulated protein
complexes on an unprecedented scale (4, 5) and to infer their
PPIs (6). This has enabled notable insights into, for example,
the evolution of eukaryotic protein complexes (5) and protein
complex disassembly during apoptosis (7).

CF-MS involves extensive fractionation of cellular lysates –

and the protein complexes therein – using one or more nonde-
naturing separation techniques. The resulting fractionation pro-
files of individual protein complex subunits are measured using
quantitative proteomics. As subunits of intact complexes will
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co-fractionate, complexes can be bioinformatically predicted
from these data using the correlations between fractionation
profiles as a feature of central importance. Previous studies
have typically made these predictions either within a machine
learning framework (4, 5, 8–13), or by identifying interactions
contained in existing protein interaction maps using techniques
such as complex-centric profiling (14, 15).

Despite the successes of CF-MS, the method is yet to
reach maturity. This is reflected in the diverse range of meth-
odologies employed for CF-MS data collection and analysis
(Table I). Regarding data collection, little is known about how
different types and combinations of fractionation, and extents
of fraction collection, impact upon the precision and recall of
protein complex identification. This has resulted in CF-MS
studies of dramatically different experimental cost. For exam-
ple CF-MS data sets comprised of 40 size exclusion chroma-
tography (SEC) fractions have previously been used for
broad-scale identification of complexes in human U2OS cells
(16), whereas in another study, performed on the lower com-
plexity organism Desulfovibrio vulgaris, 5273 fractions col-
lected using multiple levels of chromatography were used for
a similar purpose (9). Regarding data analysis, a variety of
correlation metrics, genomic data or other features have
been employed in the machine learning classifiers (4, 5, 8–13)
and complex-centric profiling workflows (14, 15) used to
identify protein complexes. There is as yet no consensus on
how effective these different features are. For example a
recent re-analysis of a large-scale CF-MS data set indicated
that, among the novel PPIs identified by the machine learning
classifier employed in the original study, .85% were likely
false positives and only ,7% overlapped across independent
screens (9). Together these examples speak to the urgent
need for a better fundamental understanding of the recall
and precision of protein complex identification using CF-MS.

Previous attempts to gain such understanding have relied
on the use of gold standard protein complexes or PPIs to
assess CF-MS data. Specifically, these gold standards have
been used to provide an indication of co-purification accu-
racy during fractionation (9), profile CF-MS data sets (14–16),
identify thresholds for predicting high confidence interactions
from distance-based similarities between protein fractiona-
tion profiles (7, 17, 18), or for the training and testing of
classifiers developed using supervised machine learning (4,
5, 8–13). The gold standards used for these purposes only
represented limited portions of the human or bacterial com-
plexomes under investigation, and often only exist under a
restricted range of experimental conditions (19). Moreover
they have often been employed under the assumption that
they reflect the characteristics of protein complexes that are
uniquely uncovered using CF-MS (4, 5, 7–13, 17, 18); an
assumption that is difficult to test without very high pro-
teome-coverage reference libraries of gold standards. As
such, these gold standards have only provided limited insight
into the best-practice collection and analysis of CF-MS data.

Because extensive reference libraries of gold standard com-
plexes and PPIs only exist for a few model organisms, very
high proteome-coverage profiling of CF-MS data sets using
gold standards has not yet been possible.

To overcome these limitations with the use of gold stand-
ards—and the resultant dearth in analytical guidelines for CF-
MS—here we assess novel and published (5) CF-MS data
sets of the model organism Saccharomyces cerevisiae,
obtained using SEC and ion exchange chromatography (IEX)
respectively. Saccharomyces cerevisiae has high proteome-
coverage reference libraries of gold standard protein com-
plexes and PPIs (20–22) derived from exhaustive AP-MS (22–
24) and Y2H (25) surveys, which we exploit to thoroughly
profile and evaluate these CF-MS data sets. By probing the
impacts of the experimental design of the cell lysate fractio-
nation and assessing different methods of fractionation pro-
file similarity scoring, we uncover universally relevant guide-
lines for several critical aspects of CF-MS. These include
guidelines for cost effective data collection and maximizing
the precision and recall of protein complexes during data
analysis. Differences between fractionation profiles, gene co-
expression and Gene Ontology (GO) between gold standard
and novel complexes are also probed, informing best-prac-
tice predictions of novel complexes. We complement these
analyses by assessing published human SEC (16) and IEX (4,
5) CF-MS data sets using reference human complexes from
the CORUM database (26), which further inform and reinforce
our findings obtained from yeast. Together these analyses
produce firm recommendations for the best-practice collec-
tion and analysis of CF-MS data, and a broad-scale under-
standing of the protein complexes that can be uniquely
uncovered using CF-MS.

MATERIALS ANDMETHODS

Yeast Strain, Culture Conditions and Lysis—SEC CF-MS data
were collected from Saccharomyces cerevisiae strain BY4741
(#YSC1052, Open Biosystems), grown at 30 °C in 300ml YEPD
media containing 2% (w/v) glucose, 2% (w/v) bactopeptone and 1%
(w/v) yeast extract. Cells were harvested during mid-log phase
growth (OD600 of 1.2). Harvested cells were washed with water and
resuspended in 10ml SEC mobile phase (50mM NaCH3COO, 50mM

KCl, pH 7.2) complemented with cOmplete, EDTA-free Protease In-
hibitor mixture (Roche) and PhosStop (Roche). To digest yeast cell
walls, 600 lytic units of zymolyase (Zymo Research) in 120mL ven-
dor-supplied resuspension buffer were added and the sample incu-
bated at 30 °C until a stable OD600 of 3.5 was reached. The resulting
spheroplasts were subjected to four 30 s rounds of sonication (am-
plitude 40%, 0.5 s pulse off/on) and centrifuged for 45min at
14000 rpm at 4 °C. To enrich for protein complexes, lysates were
then concentrated to 500mL using 100kDa MWCO filters (Sartorius
Stedim) by centrifugation for 30min at 3000 rpm.

Size Exclusion Chromatography—Lysates (2 replicate injections
of 120ml each) were loaded onto a 1290 Infinity UHPLC system (Agi-
lent Technologies) and separated by SEC using a 600 3 7.8mm Bio-
Sep4000 column (Phenomenex). The mobile phase (described above)
was run at a flow rate of 0.5ml/min. For each injection 70 fractions
were collected at a rate of 2/min from 20 to 55min, and equivalent
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TABLE I
Recent co-fractionation mass spectrometry (CF-MS) studies

Organism(s) Studied
Fractionation

Method(s) Used

Number of Fractions
Collected per
Experiment

Similarity Scoring
Metric(s)a Used

Data Interpretation Methods Ref. (Year)

Human (HeLa and HEK293
cells)

Primarily Ion
exchange
chromatography
(IEX)

43, 120 or 269/375† Pearson correlation,
normalized
cross-correlation
(NCC), Apex
Location

Supervised Machine learning
to infer PPIs (CORUM
complexes for training and
testing) and clustering to
infer complexes

(4) (2012)

Human (HeLa cells) size exclusion
chromatography
(SEC)

50 Euclidean distance Fractionation profiles
deconvolved into Gaussian
curves, and features of
curves compared to infer
PPIs

(17) (2012)

Human Plasma SEC, IEX, isoelectric
focusing (IEF)

17 (SEC), 23 (IEX), 20
(IEF)

Pearson correlation Correlations from each
fractionation method
summed and used to infer
PPIs

(58) (2013)

Human (U2OS cells) SEC 40 Euclidean distance Clustering to infer
complexes; separate
cross-comparisons with
CORUM to identify high
confidence complexes

(16) (2013)

Arabidopsis thaliana SEC 34 Euclidean distance Clustering to infer complexes (59) (2014)
Caenorhabditis elegans,

Drosophila melanogaster,
Mus musculus,
Strongylocentrotus
purpuratus, human
(CB660 and G166 cells),
Xenopus laevis,
Nematostella vectensis,
Dictyostelium
discoideum,
Saccharomyces
cerevisiae

IEX 120 Pearson correlation,
NCC, Apex
Location, 1 minus
Euclidean distance

Supervised machine learning
to infer PPIs (CORUM
complexes for training and
testing) and clustering to
infer complexes

(5) (2015)

Human (U2OS cells) SEC 48 Pearson correlation,
NCC, Apex
Location, Euclidean
distance

Supervised machine learning
to infer PPIs (CORUM
complexes for training and
testing) and clustering to
infer complexes

(8) (2016)

Desulfovibrio vulgaris Successive
fractionation by
IEX, HIC and SEC

5,273 Pearson correlation Supervised machine learning
to infer PPIs (curated
Escherichia coli PPIs for
training and testing)

(9) (2016)

Arabidopsis thaliana SEC, sucrose
velocity

24/48 (SEC), 50
(sucrose velocity)

not specified Fractionation profiles
deconvolved into Gaussian
curves; clustering of curves
to infer putative
complexes; Arabidopsis
complexes predicted using
orthologous CORUM
complexes

(55) (2017)

human (Jurkat T cells) SEC 80 Euclidean distance Fractionation profiles
deconvolved into Gaussian
curves; features of curves
compared to infer PPIs

(7) (2017)
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fractions from replicate injections were pooled to produce 70 sam-
ples of fractionated lysate.

Tryptic Digestion—To each sample of fractionated lysate a solu-
tion of 0.467 M DTT, 2.27 M chloroacetamide and 0.964mM trypsin
was added such that each sample had DTT and chloroacetamide
concentrations of 47mM and 236mM respectively, and 3mg trypsin.
Samples were then incubated at 37 °C for 18 h. The resultant proteo-
lytic peptide solutions were evaporated to dryness in a SpeedVac

(Savant SPD1010, Thermo Scientific, Bremen, Germany), after which
peptides were reconstituted in 1ml 0.1% (v/v) heptafluorobutyric
acid (pH 2.5) and C18 cleanups performed using Sep-pak cartridges
(WAT054960) following manufacturer’s instructions. Eluted peptides
from each cleanup were evaporated to dryness in a SpeedVac and
reconstituted in 20mL 0.1% (v/v) formic acid.

Mass Spectrometry—Proteolytic peptide samples were subjected
to LC–MS/MS analysis on a Q Exactive Plus mass spectrometer

TABLE I—continued

Organism(s) Studied
Fractionation

Method(s) Used

Number of Fractions
Collected per
Experiment

Similarity Scoring
Metric(s)a Used

Data Interpretation Methods Ref. (Year)

Trypanosoma brucei SEC, IEX 48 (SEC), 96 (IEX) Pearson correlation,
NCC, Apex
Location, Euclidean
distance

Supervised machine learning
to infer PPIs (CORUM and
manually curated
complexes for training and
testing) and clustering to
infer complexes

(11) (2017)

Mus musculus SEC 80 Pearson correlation,
Euclidean distance,
Peak Location,
Co-apex

PrInCE workflow:
fractionation profiles
deconvolved into Gaussian
curves; supervised
machine learning to infer
PPIs (CORUM for training
and testing)

(60) (2018)

Arabidopsis thaliana SEC, IEX 38 (SEC), 65 (IEX) Squared Euclidean
distance

Clustering to infer com-
plexes, performed
separately for IEX, SEC
and IEX1SEC
(reproducible profiles only)
data sets

(61) (2019)

Human (HEK293 cells) SEC 81 Pearson correlation CCprofiler workflow:
detection of co-eluting
subunits of known
complexes using a sliding
fraction window; FDR
estimation using decoy
complexes

(14) (2019)

Human (HeLa CCL2 cells) SEC 90 Pearson correlation CCprofiler workflow (15) (2019)
Escherichia coli SEC 54 Pearson correlation,

Euclidean distance,
Peak Location,
Co-apex

PrInCE workflow using
manually curated
complexes for training and
testing of the machine
learning classifier;
clustering to infer
complexes

(12) (2019)

Arabidopsis thaliana, Bras-
sica oleracea, Glycine
max, Cannabis sativa,
Solanum lycopersicum,
Chenopodium quinoa,
Zea mays, Oryza sativa
ssp. japonica, Triticum
aestivum, Cocos nucifera,
Ceratopteris richardii,
Selaginella moellendorffii,
Chlamydomonas
reinhardtii

SEC, IEX, IEF 70 (SEC), 60 (IEX), 24
(IEF)

Pearson correlation,
Spearman correla-
tion, Euclidean
distance, Bray-
Curtis similarity,
stationary
cross-correlation

Assignment of proteins from
each species into
orthogroups; supervised
machine learning to infer
orthogroup PPIs (human
CORUM and manually
curated plant complexes
for training and testing) and
clustering to infer
complexes

(13) (2020)

aThe term similarity scoring metric refers to the scoring (e.g. correlation) metric used to match fractionation profiles. Details for specific met-
rics are cited in Materials and Methods: Experimental design and statistical rationale.

†Multiple IEX columns were used, and different numbers of fractions were collected using each column.
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(Thermo Scientific) interfaced with an UltiMate 3000 HPLC and auto-
sampler system (Dionex, Amsterdam, The Netherlands). Peptides
were separated by nano-LC and eluting peptides ionized using posi-
tive ion mode nano-ESI as described previously (27). Survey scans
m/z 350–1750 (MS AGC=1 3 106) were recorded in the Orbitrap
(resolution = 70,000 at m/z 200). The instrument was set to oper-
ate in DDA mode, and up to the 12 most abundant ions with
charge states of .12 were sequentially isolated and fragmented
via HCD using the following parameters: normalized collision
energy 30, resolution = 17,500, maximum injection time = 125ms,
and MSn AGC= 1 3 105. Dynamic exclusion was enabled (exclu-
sion duration = 30 s).

MaxLFQ of Novel and Published co-Fractionation Mass Spec-
trometry Raw Files—To generate SEC fractionation profiles for indi-
vidual yeast protein complex subunits, LC–MS/MS raw files were an-
alyzed using MaxQuant (version 1.6.2.10) (28). Sequence database
searches were performed using Andromeda (29) and the MaxLFQ
algorithm (30) was used to quantify proteins across fractions. The fol-
lowing parameters were employed: precursor ion and peptide frag-
ment mass tolerances were 64.5ppm and 620ppm respectively;
carbamidomethyl (C) was included as a fixed modification; oxidation
(M) and N-terminal protein acetylation were included as variable
modifications; enzyme specificity was trypsin with up to two missed
cleavages; only S. cerevisiae sequences in the Swiss-Prot database
(February 2017 release, 553,655 sequence entries) were searched;
the minimum peptide length was set as 7; the “match between runs”
feature was enabled; and MaxLFQ analyses were performed using
default parameters with “fast LFQ” enabled. Protein and peptide
false discovery rate thresholds were set at 1%. Only fractionation
profiles obtained from proteins identified from �2 peptides and with
nonzero MaxLFQ values in �2 fractions were subjected to down-
stream analysis. All MaxLFQ values were added with a pseudo-count
of one and log-transformed (base 10).

To generate fractionation profiles from publicly available CF-MS
data which are amenable to MaxLFQ analysis following the above pro-
cedures, additional MaxQuant analyses were performed on raw files
associated with the following 3 CF-MS experiments: S. cerevisiae
lysate separated across 108 IEX fractions, as performed by Wan et al.
(5) (PRIDE data identifier PXD002327); human G166 glioma stem cell
lysate separated across 108 IEX fractions, as performed by Havugi-
mana et al. (4) (PRIDE data identifier PXD002322); and human U2OS
lysate separated across 40 SEC fractions, as performed by Kirkwood
et al. (biological replicate 3) (16) (PRIDE data identifier PXD001220). For
each set of raw files, MaxQuant analyses were performed as above
with the following alterations: precursor ion and peptide fragment
mass tolerances were 64.5ppm and 60.5Da respectively, and only
human sequences in the Swiss-Prot database were searched when
analyzing raw files associated with human cell lines.

To test the effects of collecting fewer fractions during CF-MS data
collection, simulated fractionation profiles with reduced resolution
were generated from the above results. For individual proteins in
each CF-MS data set, this involved redistributing the MaxLFQ values
from the original number of fractions into a smaller number of frac-
tions using the proportional scaling method detailed in supplemental
Fig. S1.

To identify and characterize Gaussian peaks in fractionation pro-
files the PrInCE software (10) was used, with up to five peaks identi-
fied for each protein.

Experimental Design and Statistical Rationale

Gold Standard Protein Complex Data sets—To interpret fractio-
nation profiles produced in S. cerevisiae CF-MS experiments, the ref-
erence library of gold standard S. cerevisiae protein complexes pub-

lished by Benschop et al. (21) was used. This library contains 1,881
proteins from 518 complexes, and is referred to herein as the Ben-
schop reference set. To interpret fractionation profiles produced in
human cell-line CF-MS experiments, the reference library of gold
standard human protein complexes in CORUM version 02.07.2017
(31) was used. This library contains 3241 proteins from 2389
complexes.

Identifying Gold Standard Protein Complexes through Refer-
ence Complex Profiling—To find evidence for gold standard protein
complexes in CF-MS data sets, significantly related fractionation pro-
files were identified using the randomization procedure illustrated in
Fig. 1, hereafter referred to as Reference Complex Profiling. Refer-
ence Complex Profiling first calculates mean fractionation profile sim-
ilarity scores for reference library complexes in which two or more
subunits are identified in the CF-MS data set. The fractionation pro-
file similarity scores for all unique pairs of proteins in each query
complex are calculated using a similarity scoring metric (e.g. Pearson
correlation), and the mean of these scores determined. Secondly, a
bootstrapping method tests whether the observed mean fractiona-
tion profile similarity score for each query protein complex is statisti-
cally significant as compared with the background distribution, gen-
erated from 1000 random protein complexes. Each random complex
is generated by randomly sampling the same number of proteins
observed in the query complex from proteins identified in the CF-MS
data set. The bias corrected p-value of each query complex is calcu-
lated as a ratio, with a numerator of one plus the number of times
the observed mean fractionation profile similarly score of the query
complex is larger than the mean fractionation profile similar scores of
1,000 random protein complexes, and a denominator of 1001 (32).
Minor alterations to this calculation are applied when using the fol-
lowing similarity scoring metrics: Euclidean distance, maximum cu-
mulative distance between two scaled vectors (DMax), Co-apex and
Peak Location (each detailed below). For these metrics, the observed
score for a co-fractionating group of protein complex subunits
should generally be lower, rather than higher, than the score of a ran-
dom complex.

When analyzing stand-alone CF-MS data sets, p-values obtained
from this randomization procedure were adjusted using the Benja-
mini-Hochberg procedure to control the false discovery rate (33), and
reference complexes under query with bootstrapped p-values less
than 0.05 were deemed significant. When co-analyzing SEC and IEX
CF-MS data sets, Fisher’s method (34) was used to combine p-val-
ues. The natural log of SEC and IEX p-values, prior to false discovery
rate adjustment, were summed and multiplied by negative two, giv-
ing a Chi-square statistic with two degrees of freedom as follows:

x22 ;� 2 ðlog PSECð Þ1 log PIEXð ÞÞ (1)

Chi-square statistics were converted to p-scores using the Chi-
square distribution function in R. When a reference complex was
only queried in one of the SEC or IEX data sets, the p-score was the
p-value from the data set in which the complex was queried. Result-
ing lists of p-scores were adjusted using the Benjamini-Hochberg
procedure (33), and reference complexes with bootstrapped p-
scores less than 0.05 were deemed significant.

Similarity Scoring Metrics Used for Reference Complex Profil-
ing—Seventeen different similarity scoring metrics were used to pro-
file CF-MS data sets using the above procedures. Scoring metrics
were calculated using functions from publicly available R libraries, or
custom R scripts available from: https://github.com/IgnatiusPang/
ReferenceComplexProfiling. The metrics covered four broad catego-
ries: correlation-based (Pearson correlation, Spearman correlation,
Kendall correlation (35) and normalized cross-correlation (NCC) (8));
distance-based (Euclidean distance, Distance correlation (36), Jaccard
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distance and DMax); mutual information-based (Mutual Information
(MI), Biased Corrected Mutual Information (BCMI) (37), Maximum Infor-
mation Coefficient (MIC) (38), Total Information Coefficient (TIC) (39),
Generalized Mean Information Coefficient (GMIC) (40) and Randomized
Information Coefficient (RIC) (41)); and peak-based (Apex Location (4),
Peak Location (10) and Co-apex (10)). Details for how each metric was
applied are provided in the Supporting Information.

Gene-Gene Networks and Reference Gene Annotations—To
test the effects of integrating CF-MS data sets with external genomic
data, CF-MS networks were evaluated against reference gene anno-
tation sets (e.g. GO). Weighted CF-MS networks were generated
using the Spearman correlations between fractionation profiles in
individual CF-MS data sets. The nodes of these networks were the
individual genes/proteins associated with each fractionation profile.
Edge scores from each network were converted into ranks, with ties
averaged. The resulting ranks were divided by the maximum rank in
the network to scale values between 0 and 1. Reference gene anno-
tation sets were obtained from the GO Consortium (version Septem-
ber 2017) (42, 43) for yeast (6,392 genes across 8,672 GO terms)
and human (19,030 genes across 21,946 GO terms). Additional refer-
ence gene annotation sets, comprised of high confidence protein-
protein interactions, were obtained from Pang et al. for yeast (44)
and Huttlin et al. for human (45).

Measuring Network Information Content Using ‘Guilt-by-Asso-
ciation’—CF-MS networks were evaluated against reference gene
annotation sets using the Extending ‘Guilt-by-Association’ by Degree
(EGAD) R package (46). EGAD reports AUROCs as a performance
metric, which ranges between 0 and 1, with 0.5 random and 1 perfect.

EGAD evaluations were performed on both unaltered and merged
networks. For merged networks, gene co-expression networks for

yeast (47) or human (48), or high confidence PPI networks for yeast
(44) or human (45), were merged with CF-MS networks. Because PPI
networks consist of binary edge scores, indirect connections were
modeled by adding edges between node pairs with minimum path
length less than seven, weighted by the inverse of the minimum path
length. Networks were merged by taking the union of networks and
summing the edge score of overlapping edges, before applying the
rank conversion and scaling described above. Only genes or gene
products common in all yeast or all human networks (CF-MS, gene
co-expression and PPI) were used in merged networks, and all net-
work comparisons were performed on networks containing the same
subset of genes or proteins. Networks comprised of protein interac-
tions were not evaluated against reference gene annotation sets com-
prised of protein interactions.

Additional sub-networks, comprised of well-correlated fractionation
profiles (Spearman correlation.0.8) in CF-MS data sets sorted into
networks of either known or putative novel interactions, were analyzed
alone and merged with co-expression networks. Interactions with ei-
ther direct or indirect evidence in the BioGrid (49, 50) or Interactome3D
(51) databases were considered known, with all other interactions con-
sidered putative novel. For example, if interactions between both pro-
teins A and B and proteins B and C are known based on direct evi-
dence, interactions between proteins A and C are considered known
based on indirect evidence. Sub-network comparisons were performed
on networks containing the same subset of genes or proteins.

RESULTS

The below results begin with a general analysis of the
breadth and reliability of the two yeast and two human CF-

FIG. 1. Identifying gold standard protein complexes in CF-MS data sets through Reference Complex Profiling. For each gold standard
(query) complex within a reference library, mean fractionation profile similarity scores are calculated from all unique pairs of proteins within the
complex (upper flow diagram; colored circles represent proteins with observed CF-MS fractionation profiles). This same procedure is performed
1000 times using random protein complexes, each generated by randomly sampling the same number of proteins observed in the query complex
from proteins identified in the CF-MS data set (lower flow diagram). Bias corrected p-values for each query complex are calculated using these
observed and randommean fractionation profile similarity scores (right box).
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MS data sets under investigation. Following this, results
describing systematic assessments of these data sets using
reference protein complexes and PPIs are presented. Experi-
ments performed using Reference Complex Profiling are
firstly shown. These experiments provide insight into two of
the most fundamental questions regarding CF-MS data anal-
ysis and collection: how should the similarity of fractionation
profiles be measured (e.g. correlated) during data analysis?
and, how should the fractionation of cell lysates be designed
during data collection? Assessments performed using other
methods, for example EGAD (46), are then presented. These
latter experiments provide insight into the usefulness of fea-
tures other than fractionation profile similarity scoring for CF-
MS data analysis, particularly in the context of identifying
known versus novel complexes.

Subunits of Gold Standard Protein Complexes co-Fractionate
in CF-MS Data Sets—The two yeast CF-MS data sets under
investigation were obtained from lysates of S. cerevisiae
strain BY4741 fractionated using SEC, and S. cerevisiae
strain W303 fractionated using mixed-bed IEX (5). Two addi-
tional CF-MS data sets, obtained from human cell lysates,
were also investigated: one from U2OS cells fractionated
using SEC (16), and another from human G166 glioma stem
cells fractionated using mixed-bed IEX (4). These are here-
after respectively referred to as the yeast SEC, yeast IEX,
human SEC and human IEX CF-MS data sets.

Fig. 2 shows Kernel Density Plots of the Pearson correla-
tions between fractionation profiles observed in these data
sets. For each data set, these are separated into two distri-
butions: one showing the correlations between shared subu-
nits of reference complexes, and another showing the corre-
lations between all other pairs of fractionation profiles. The
fractionation profiles of shared subunits of reference com-
plexes correlate to an overall greater extent than other pairs
of fractionation profiles. This suggests that for each CF-MS
data set, reference complexes were present in the samples
under analysis and successfully fractionated.

The fractionation profiles within each CF-MS data set were
generated using equivalent sequence database searching
and label-free quantification methods, and only fractionation
profiles with nonzero MaxLFQ values in �2 fractions were
kept (as detailed in Materials and Methods). This resulted in
the following numbers of fractionation profiles per CF-MS
data set: 1280 for the yeast SEC data set, 1894 for the yeast
IEX data set, 3,935 for the human SEC data set, and 2922 for
the human IEX data set.

Together these results indicate that the data sets under
analysis are suitable for assessing different methods of
broad-scale protein complex identification using CF-MS, and
that the profiling of reference protein complexes and PPIs
can play a role in these assessments.

Performance Characteristics of Different Fractionation Profile
Similarity Scoring Metrics—The results described in Fig. 3 pro-
vide insight into the most fundamental aspect of CF-MS data

analysis: measuring the similarity of fractionation profiles. Fig.
3A shows the numbers of significant gold standard com-
plexes identified from each CF-MS data set from two or
more identified subunits using Reference Complex Profiling.
Each data set was systematically profiled 17 times using Ref-
erence Complex Profiling; once for each similarity scoring
metric listed in Materials and Methods. This enabled multiple
methods for performing fractionation profile similarity scoring
to be directly compared. Because these comparisons are not
reliant on depth of complexome coverage, results from the
profiling of yeast and human CF-MS data sets using the
Benschop and CORUM reference sets of gold standards,
which cover relatively high and low portions of the yeast
and human proteomes respectively, are presented along-
side one another.

Fig. 3A reveals that some scoring metrics are more widely
suitable for CF-MS data analysis than others. It is notable
that relative scoring metric performances remain broadly
consistent across the four diverse CF-MS data sets studied
here. Three of the four correlation-based metrics under anal-
ysis, Pearson, Spearman and Kendall, and the peak-based
Co-apex metric are consistently among the top performing
metrics when performance is judged on the number of statis-
tically significant gold standard complexes identified. Three
of the four distance-based metrics – Distance correlation,
Jaccard distance and DMax – and the peak-based Apex
Location metric also generally perform well, whereas mutual
information-based metrics usually identify slightly fewer com-
plexes on average in comparison. In contrast to the afore-
mentioned metrics, NCC, Euclidean distance and Peak Loca-
tion consistently identify a low number of complexes.
Strikingly, a commonly used scoring metrics in CF-MS data
analysis – Euclidean distance (see Table I) – returns no signif-
icant hits from the present data sets. Together these results
indicate that some scoring metrics are more sensitive than
others when applied to the analysis of entire CF-MS data
sets.

To provide additional insight into these differences in scor-
ing metric sensitivity, mean score distributions for complexes
subjected to Reference Complex Profiling were compared
across scoring metrics. Supplemental Fig. S2 shows these
distributions for both significant and nonsignificant com-
plexes. These distributions reveal that some scoring metrics,
such as Peak Location and Euclidean distance, identify few
significant protein complexes because they generally struggle
to match fractionation profiles belonging to protein complex
subunits. In contrast, other scoring metrics such as NCC,
and MIC when applied to the yeast data sets, identify few
significant protein complexes because they match fractiona-
tion profiles relatively indiscriminately.

To gain further insight into why these differences in scoring
metric performance are observed, the fractionation profiles
associated with significant protein complexes were analyzed.
Specifically the peak heights, peak widths and numbers of
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peaks per fractionation profile identified using PrInCE (10),
together with fractionation profile lengths, were compared
for the subunits of significant complexes returned from

each scoring metric and category of scoring metric. In
addition, the numbers of subunits per significant complex
were also compared. Fig. 3B shows instances in which these

FIG. 2.Subunits of gold standard protein complexes co-fractionate inCF-MSdata sets. For each of the four CF-MSdata sets under investi-
gation, Kernel Density Plots of Pearson correlations between fractionation profiles of shared subunits of reference complexes (blue distributions)
and all other pairs of fractionation profiles (red distributions) are shown. Yeast SEC CF-MS data were generated in-house; yeast IEX CF-MS data
were obtained fromWan et al. (5) (PRIDE data identifier PXD002327); human SECCF-MS data were obtained fromKirkwood et al. (biological repli-
cate 3) (16) (PRIDE data identifier PXD001220); and human IEX CF-MS data were obtained from Havugimana et al. (4) (PRIDE data identifier
PXD002322). For yeast data sets, distributionswere created using all complexes in theBenschop reference set (21). For humandata sets, distribu-
tionswere created using all human complexes in CORUMversion 02.07.2017 (31).
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comparisons reveal significant differences. The box plots on
the left show that mutual information-based metrics have a
greater preference for matching CF-MS fractionation profiles
with multiple peaks than nonmutual information-based met-
rics. These differences are significant for multiple individual
mutual information-based metrics, as shown in supplemental
Fig. S3. The box plots on the right show that, relative to other
scoring metrics, the Peak Location metric has a greater pref-
erence for matching CF-MS fractionation profiles with narrow
peaks. Supplemental Fig. S4 shows these comparisons for
each individual scoring metric under investigation. Aside from
these observations, none of the other features of CF-MS
fractionation profiles analyzed here, nor the numbers of sub-
units per significant complex, consistently differentiate scor-
ing metrics or categories of scoring metrics across CF-MS
data sets (see supplemental Figs. S5–S8). Together these
results reveal that certain scoring metrics can preferentially

match CF-MS fractionation profiles with certain characteris-
tics, and that scoring metrics with low overall sensitivities
may prefer to match fractionation profiles with atypical
characteristics.

In addition to the total numbers of complexes identified
using each scoring metric, complexes uniquely identified
using each scoring metric were also investigated (see supple-
mental Figs. S9–S12). This reveals that even though some
scoring metrics are less sensitive overall than others, most
scoring metrics or categories of scoring metrics are capable
of identifying complexes that others cannot. Fig. 3C provides
two examples. The example on the left, taken from the yeast
IEX CF-MS data set, shows fractionation profiles for subunits
of the yeast Asn1-Asn2 isozyme complex. This complex was
only identified using mutual information-based metrics (MI,
BCMI and RIC). These fractionation profiles contain multiple
peaks according to PrInCE, several of which are observed in

FIG. 3. Different similarity scoring metrics have different performance characteristics when they are applied to CF-MS data analy-
sis. A, Numbers of significant gold standard complexes identified per scoring metric under investigation for each CF-MS data set using Refer-
ence Complex Profiling. Bar colors identify different categories of scoring metrics. B, Numbers of Gaussian peaks per fractionation profile in
gold standard complexes, identified using mutual information-based and nonmutual information-based scoring metrics (left). Gaussian peak
widths in gold standard complexes identified using the Peak Location metric (10) and all other scoring metrics (right). Peak numbers and
characteristics were obtained using PrInCE (10). Brackets indicate statistical comparisons from two-tailed Welch’s t-tests with **, * and n.s.
denoting p-values,0.01, , 0.05 and.0.05 respectively. C, An example of a gold standard yeast complex, the Asn1-Asn2 complex, which
was uniquely identified using mutual information-based scoring metrics after IEX fractionation (left). An example of a gold standard yeast
complex, the Ski complex, which was uniquely identified using the Peak Location metric after IEX fractionation (10) (right).
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later IEX fractions at low peak heights and are thus illustrative
of the trends observed for mutual information-based metrics
presented in Fig. 3B. The example on the right is taken from
the same data set and shows fractionation profiles for subu-
nits of the yeast Ski complex, which was uniquely identified
using the Peak Location metric. These fractionation profiles
are illustrative of the trends observed for the Peak Location
metric presented in Fig. 3B. That is, the co-eluting peaks
associated with this complex are particularly narrow. These
examples illustrate that scoring metrics with relatively low
overall sensitivities can have unique advantages for identify-
ing particular types of complexes, such as complexes that
elute across narrow time windows during chromatographic
separation.

Taken together, these results suggest that Pearson, Spear-
man and Kendall correlations and the Co-apex metric have
particularly broad-scale utility for CF-MS data analysis. How-
ever, they also reveal that other scoring metrics can provide
complementary results. The implications of these findings are
elaborated on in the Discussion.

Performance Characteristics of Stand-Alone and Orthogonal
Fractionation—Having studied the most fundamental aspect
of CF-MS data analysis in the previous section, this section
turns attention to the most fundamental aspect of CF-MS
data collection: the design of the fractionation. A chief con-
sideration in this is to minimize the co-fractionation of unre-
lated proteins. This is influenced by the number of fractions
collected, sample complexity, and the resolving power of the
employed fractionation method. Another consideration is ex-
perimental cost. Because each collected fraction requires
LC–MS/MS analysis, the fewer the number of fractions col-
lected, the lower the cost. Experimental design of CF-MS
data collection involves balancing these two considerations.

Fig. 3A indicates that for the present fractionation meth-
ods, which are identical in the yeast and human IEX data
sets and broadly similar in the yeast and human SEC data
sets, the increase in complexity from yeast to human sam-
ples does not dramatically increase the extent to which unre-
lated proteins produce matching fractionation profiles. This is
apparent when considering the numbers of significant com-
plexes identified. There is an approximately 10-fold increase
in the number of significant complexes identified in human
compared with yeast when equivalent scoring metrics and
fractionation techniques are compared. This is even though
the library of gold standard human complexes used to profile
these data sets is only 5-fold larger than the yeast library
(2,389 versus 518 complexes respectively). This suggests
that complexes remain well resolved in the human CF-MS
data sets relative to the equivalent yeast data sets. The
increased complexity of the human samples relative to yeast
samples did not necessitate an increase in the numbers of
fractions collected.

Fig. 4A extends these observations. It shows the numbers
of significant complexes identified following Reference Com-

plex Profiling of the present CF-MS data sets, after the
effects of reduced fraction collection had been simulated fol-
lowing the procedures described in Materials and Methods.
(Results for the human SEC data set are not shown as this
data set was collected from only 40 fractions.) In the yeast
IEX data set, on average fewer significant complexes are
identified per scoring metric when fraction collection is
reduced from 108 to 70 samples, and then again to 40 sam-
ples. However, these decreases are not statistically signifi-
cant. In the yeast SEC data set, overall, the simulated
decrease in fraction collection results in no pronounced
effects on the numbers of significant complexes identified.
Strikingly this is also the case for the human IEX data set,
which was collected from a relatively complex sample and in
which the simulated reduction in fraction collection was dra-
matic. Together these results indicate that even when the co-
elution of unrelated proteins is pronounced, protein com-
plexes generally remain well resolved (i.e. produce distinct
fractionation profiles) using the present fractionation methods
over the ranges of fraction collection investigated here. They
reinforce the above suggestion that increasing the numbers
of fractions collected from the present samples is unlikely to
result in the identification of substantially more complexes.

The above results consider the use of stand-alone fractio-
nation methods for CF-MS data collection. Results pertaining
to the combined use of orthogonal fractionation methods are
presented in Figs. 4B and 4C. Fig. 4B shows the numbers of
significant complexes identified from stand-alone and com-
bined analyses of the yeast SEC and IEX CF-MS data sets
across different simulated amounts of fraction collection.
Two methods of combined analysis were undertaken. The
first used Fisher’s Exact test to combine p-values following
the procedures in Materials and Methods, and the second
pooled the significant complexes identified from stand-alone
analyses of the SEC and IEX CF-MS data sets. Both methods
assume that although the samples used to create the SEC
and IEX data sets were prepared from different yeast strains
and subject to nonidentical lysis conditions, they nonetheless
have a substantial number of gold standard protein com-
plexes in common. Fig. 4B reveals that 30–50% percent
more significant protein complexes are identified in combined
analyses of SEC and IEX CF-MS data sets than in stand-
alone analyses of these data sets, when analyses associated
with equivalent numbers of fractions are compared. Overall
the co-analysis of SEC and IEX CF-MS data sets using Fish-
er’s Exact test identifies the most significant complexes per
fraction collected. Fig. 4C provides an example of a complex
uniquely identified using Fisher’s Exact test: the yeast CURI
complex. In stand-alone analyses of SEC and IEX CF-MS
data sets using Spearman correlations, the fractionation pro-
files of the subunits of the CURI complex cannot be signifi-
cantly differentiated from those of randomly generated com-
plexes. However, Fisher’s Exact test reveals that the

Analytical Guidelines for co-fractionation Mass Spectrometry

Mol Cell Proteomics (2020) 19(11) 1876–1895 1885

 at M
A

C
Q

U
A

R
IE

 U
N

IV
E

R
SIT

Y
 (C

A
U

L
) on N

ovem
ber 12, 2020

https://w
w

w
.m

cponline.org
D

ow
nloaded from

 

https://www.mcponline.org


combined orthogonal evidence for this complex in the SEC
and IEX CF-MS data sets is statistically significant.

Together the above results indicate that for a set threshold
of precision, recall of gold standard protein complexes is
similar across broad ranges of fraction collection for most
scoring metrics. This is true across the range of samples and
fractionation methods studied here. They also indicate that
CF-MS experiments are most cost effective if increases in

fraction collection are distributed across orthogonal separa-
tion methods, rather than increased for any one stand-alone
method. The implications and limitations of these findings are
elaborated on in the Discussion.

Fractionation Profile Characteristics for Subunits of Known ver-
sus Putative Novel Complexes—The above analyses were lim-
ited to the high confidence profiling of gold standard protein
complexes, in which stand-alone scoring metrics alone were

FIG. 4.Co-analyses of CF-MS data sets obtained using orthogonal fractionationmethods aremore efficient than stand-alone analyses
ofCF-MSdata sets obtained using single fractionationmethods.A, Number of significant gold standard complexes versus the number of frac-
tions collected for stand-alone SEC and IEX CF-MS data sets. Gold standard complexes were identified using Reference Complex Profiling. CF-
MS data sets with fewer than 70 SEC or 108 IEX fractions were simulated by decreasing the resolution of fractionation profiles using proportional
scaling, as detailed inMaterials and Methods. Note: results for Co-apex scoring are not shown as this scoring metric requires fractionation profile
peak picking, which was not performed on simulated fractionation profiles. B, Number of significant gold standard complexes versus the number
of fractions collected for stand-alone and co-analyzed SEC and IEX yeast CF-MS data sets. Gold standard complexes were identified usingRefer-
ence Complex Profiling using Spearman correlations. Co-analyses were performed either using Fisher’s Exact test to combine p-values from SEC
and IEX data sets (red), or by pooling significant complexes identified from stand-alone SEC and IEX data sets (orange). CF-MS data sets with
fewer than 70 SEC or 108 IEX fractions were simulated as per the methods employed in A. C, An example of a gold standard yeast complex, the
CURI complex, whichwas uniquely identified from the co-analysis of SEC and IEXCF-MSdata sets using Fisher’s Exact test.
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used for characterization. Additional complexes are likely to
be present in the CF-MS data sets under investigation. The
results in this section provide insight into how CF-MS fractio-
nation profiles alone may assist in identifying these additional
complexes, both known and novel.

Evidence indicating that the present CF-MS data sets likely
include both known and novel complexes is contained in Fig.
5A. This figure identifies all fractionation profiles capable of
being well correlated (Spearman correlations. 0.8) with other
fractionation profiles; that is, fractionation profiles with likeli-
hoods of being associated with protein complexes. For both
yeast CF-MS data sets, Fig. 5A shows bar charts grouping
these fractionation profiles into the following categories:
those associated with known interactions only, those associ-
ated with both known and putative novel interactions, and
those associated with putative novel interactions only. The
proportions of fractionation profiles which cannot be well cor-
related are also shown. Comparative results from the 2
human CF-MS data sets are shown alongside those of yeast.
It can be seen that, relative to human, high proportions of the
fractionation profiles in the yeast CF-MS data sets are only
associated with known interactions. This is expected
because the reference libraries of PPIs in yeast are high
proteome coverage relative to human. However, despite

S. cerevisiae being a particularly highly benchmarked
model organism, many of the yeast CF-MS fractionation
profiles are associated with putative novel interactions
and ;40% cannot be interpreted using existing reference
libraries of PPIs.

Fig. 5B indicates that fractionation profiles associated with
putative novel interactions have distinct characteristics to
those derived from known interactions. In yeast, it can be
seen that the putative novel complexes associated with these
interactions are significantly smaller (i.e. elute in later SEC
fractions) and elute significantly earlier during mixed-bed IEX
than known complexes when comparing the centers of peaks
observed in fractionation profiles. Proteins only associated
with putative novel interactions also appear to be of low
abundance relative to those only associated with known
interactions. That is, their relative peak heights and widths
are lower on average, suggesting that they elute at low abun-
dance across relatively few fractions. These observations are
statistically significant in the yeast SEC and yeast IEX data
sets, respectively. It is also observed that the subunits of pu-
tative novel complexes produce fractionation profiles with
significantly fewer peaks than those of known complexes; an
observation which is consistent with these subunits being
of low abundance. All these observations are strongly

FIG. 5. Both yeast and human CF-MS data sets contain evidence for proteins associated with novel interactions, the fractionation pro-
files of which are significantly different to proteins associatedwith known interactions only.A, Proportions of proteins showing evidence for
involvement in known interactions only, both known and putative novel interactions, putative novel interactions only, or with no evidence for inter-
actions (i.e. all Spearman correlations with other proteins,0.8) in each of the 4 CF-MS data sets under analysis. Known interactions were
obtained from BioGrid (49, 50) or Interactome3D (51) following the procedures described inMaterials and Methods: Measuring network informa-
tion content using ‘guilt-by-association’. B, Numbers and characteristics of peaks identified in fractionation profiles of proteins associated with
known interactions only versus those associated with putative novel interactions only. Results are shown for each of the 4 CF-MS data sets under
analysis. Peak numbers and characteristics were obtained using PrInCE (10). Brackets indicate statistical comparisons from two-tailed Welch’s
t-tests with **, * and n.s. denoting p-values,0.01,, 0.05 and.0.05 respectively.
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reinforced by the human data sets, which show identical
trends to those in yeast.

Together these findings indicate that CF-MS data sets of
model organisms contain bodies of evidence for both known
and novel PPIs, and that the CF-MS fractionation profiles of
these two classes of PPI have distinct characteristics. They
identify possible avenues toward improved characterization
of known and novel protein complexes from the distinct fea-
tures of their CF-MS fractionation profiles alone, as elabo-
rated on in the Discussion.

Assessment of Genomic Data Integration in CF-MS Data Analy-
sis—The results in the above sections relate to the identifica-
tion of protein complexes solely using CF-MS fractionation
profiles. However, most CF-MS studies seek to predict pro-
tein complexes using features beyond those related to frac-
tionation profiles; a process which has been termed genomic
data integration (52). The results in this section assess the
utility of genomic data integration via EGAD evaluations (46)
of the present CF-MS data sets. They assess two types
of genomic data—gene co-expression and high confidence
PPI—which are used in many of the supervised machine
learning methods of Table I, and the GO, which is frequently
used to define cluster cutoff distances in the clustering meth-
ods of Table I.

The EGAD results for the yeast CF-MS data sets are
shown in Fig. 6, with comparative results from the human
CF-MS data sets shown alongside. These experiments pro-
vide an indication of the coherence of the information con-
tained in the networks under investigation. That is, they show
the relative capacities of network neighbors (e.g. well corre-
lated fractionation profiles in CF-MS data sets) to predict
shared GO, with AUROC scores. 0.5 indicating better than
random performance. Similar experiments showing the rela-
tive capacities of network neighbors to predict high confi-
dence PPIs are shown in supplemental Fig. S13.

The experiments of Fig. 6A reveal that networks of well
correlated fractionation profiles in yeast CF-MS data sets can
predict shared GO (blue bars). However, these predictive
capacities are lower than those of yeast gene co-expression
or high confidence PPI networks (purple bars). If the yeast
SEC and IEX CF-MS data sets are merged following the pro-
cedures described in Materials and Methods, the information
contained in the resultant network is no more coherent than
in the stand-alone networks (pink bar). Similarly, if correlated
fractionation profiles in yeast CF-MS data sets are merged
with yeast gene co-expression (47) or high confidence PPI
networks (44), the resultant AUROC scores reflect those of
the stand-alone gene co-expression or high confidence PPI
networks (light brown bars). This contrasts with the results
observed when yeast gene co-expression and high confi-
dence PPI networks are merged. The network neighbors in
this merged network have a higher capacity to predict shared
GO (dark brown bar) than in the stand-alone networks. All
the above trends are also observed when using high confi-

dence yeast PPIs as the reference set instead of GO (supple-
mental Fig. S13).

Inspection of Figs. 6A and S4 shows that the above results
from yeast are broadly similar to those observed, with some
minor differences. Specifically, neighbors in human gene co-
expression (48) or high confidence PPI (45) networks only
predict shared GO to a marginally higher extent than those in
human CF-MS networks (purple and blue bars in Fig. 6A
respectively), whereas the human gene co-expression net-
work predicts high confidence human PPIs (purple bars
in supplemental Fig. S13) to a lesser extent than the human
CF-MS networks (blue bars in supplemental Fig. S13).
Another difference is that when gene co-expression or high
confidence PPI networks are merged with CF-MS networks
in human, marginal improvements in AUROC scores are
sometimes observed relative to the stand-alone networks
(light brown bars). Altogether, however, these differences
between yeast and human are proportionally minor.

Taken together, the results of Figs. 6A and supplemental
Fig. S13 indicate that both GO and high confidence PPIs can
assist in the interpretation of CF-MS data sets. However,
they also suggest that, for the purposes of predicting protein
complexes, there is little additive value in incorporating gene
co-expression or high confidence PPI information in CF-MS
data analysis.

Fig. 6B provides further insight into these findings by
studying known and putative novel PPIs separately. In the
yeast CF-MS data sets, only the well correlated fractionation
profiles associated with known PPIs can predict shared GO
(light blue bars); those associated with putative novel PPIs
have almost no predictive capacity (dark blue bars). In addi-
tion, merged networks associated with both known and puta-
tive novel PPIs produce AUROC scores that reflect those of
the stand-alone yeast gene co-expression network (light
brown bars and purple bar respectively), which is consistent
with Fig. 6A. The results observed in yeast are similar to but
more pronounced than those observed in human.

Taken together, these experiments demonstrate that GO
can play a role in identifying reference protein complexes in
CF-MS data sets, whereas gene co-expression and high
confidence PPI data can be used to increase the coherence
of information generated from CF-MS data analysis. How-
ever, these experiments also demonstrate that GO, gene co-
expression data and high confidence PPI data can only play
a limited role in the prediction of protein complexes and
PPIs, as elaborated on in the Discussion.

DISCUSSION

The above results provide new insights into how different
CF-MS approaches impact the precision and recall of protein
complex identification. The below sections firstly place these
insights into the context of the existing CF-MS literature. Fol-
lowing this, a series of recommendations for best practice
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CF-MS, and adjustments to past CF-MS practices, are
presented.

Different Fractionation Profile Similarity Scoring Metrics Have
Different Performance Characteristics—Past CF-MS studies
have employed a variety of scoring metrics to assess the
similarity of CF-MS fractionation profiles. Pearson correlation
and Euclidean distance are particularly commonly used, and
it is also common practice for machine learning classifiers to
employ a panel of scoring metrics as features (Table I). There
is, however, little consensus on how well these scoring met-
rics perform relative to one another. Salas et al. recently pro-
vided some insight into this question by comparing the preci-
sion of interactions identified using 11 individual scoring
metrics, as estimated by PrInCE (53). This identified that
some scoring metrics are often more precise than others, but
that results differ across CF-MS data sets.

The results described in Fig. 3 substantially extend our
knowledge of best-practice fractionation profile similarity scor-
ing. They provide a measure of relative scoring metric sensitiv-
ity, while assessing performance from the perspective of char-
acterizing entire protein complexes rather than individual
interactions only. Moreover, in addition to the scoring metrics
listed in Table I, they assess a range of scoring metrics that
have not previously been applied to CF-MS data analysis.

In considering the implications of these results, it is useful
to emphasize that protein complexes obtained from cellular
lysates have diverse biophysicochemical properties and may
be involved in diverse nonprotein interactions (e.g. RNA inter-
actions). In any CF-MS experiment, different protein com-
plexes will therefore be resolved to different extents during
fractionation, producing data sets with ranges of fractionation
profile characteristics. This corroborates the present finding
that even though some scoring metrics have broader scale
utility than others, no single scoring metric is optimal for ev-
ery protein complex contained in a CF-MS data set.

The results of Fig. 3 support the current widespread use of
Pearson correlation as a broadly suitable scoring metric for
CF-MS data analysis. In addition, Spearman and Kendall cor-
relations – which are not commonly used in CF-MS data
analysis – and the recently introduced Co-apex metric (10)
are found to have similar broad-scale utility. The results do
not, however, support the practice of using Euclidean dis-

tance as the sole scoring metric in CF-MS studies designed
to maximize recall of protein complexes.

One of the findings relating to Fig. 3—namely, that many
gold standard protein complexes are identified with statistical
significance from diverse ranges of scoring metrics—sup-
ports a commonly held practice in CF-MS data analysis: the
use of panels of scoring metrics in machine learning classi-
fiers to improve the broad-scale precision of protein complex
identification (see Table I). However, Fig. 3 also shows that
several commonly employed scoring metrics—Euclidean dis-
tance, NCC and Peak Location—do not generally appear to
be ideal candidates for use in such panels, as they lack rela-
tive broad-scale sensitivity.

The additional findings described in relation to Fig. 3—that
scoring metrics of low overall sensitivity may nonetheless
have unique advantages for particular subsets of protein
complexes—are an underappreciated aspect of CF-MS data
analysis. If a CF-MS study is being performed with the goal
of maximizing the recall of protein complexes, it may there-
fore be beneficial to make use of a panel of scoring metrics
employed across separate stand-alone analyses (as opposed
to a panel within a single machine learning classifier). When
seeking to identify protein complexes whose subunits are, for
example, frequently involved in multiple interactions, and
thus produce fractionation profiles with multiple peaks, mu-
tual information-based metrics may have advantages. Simi-
larly, if seeking to identify protein complexes that only exist
at specific masses, such as those without diverse sets of
post-translational modifications, the Peak Location metric
may have particular advantages when working with CF-MS
data obtained via SEC.

Orthogonal Fractionations Are More Efficient than Stand-Alone
Fractionation—Past CF-MS studies have employed a variety
of fractionation methods, as outlined in Table I. These differ-
ences in experimental design have, in part, been driven by
the types of protein complexes under investigation. SEC and
IEX have generally been used to study soluble complexes,
whereas BN-PAGE and mild detergent-based separations
have been used for membrane-associated complexes (53).
The varying degrees of fraction collection employed in these
studies have been influenced by the resolution capable of
being achieved using these different forms of separation.

FIG. 6. Proteins that correlate in yeast and human CF-MS data sets can predict shared Gene Ontology, but only when they are already
known to interact. The capacities for gene co-expression or protein-protein interaction networks to predict shared Gene Ontology do not
increase when they are merged with CF-MS networks. A, Relative capacities of network neighbors to predict shared Gene Ontology in networks
of correlated proteins in CF-MS data sets, gene co-expression networks (labelled “Coexp”), high confidence protein-protein interaction networks
(labelled “PPIN”) and merged networks, as determined using the EGAD R package (46). Merged networks contain edge scores that are summed
from parent networks and scaled, as per the procedures described inMaterials and Methods. AUROC scores.0.5 indicate better than random
performance. Only AUROC scores within individual sets of EGAD experiments (i.e. yeast GO evaluations or human GO evaluations) can be com-
pared; AUROC scores across sets cannot be compared. B, Relative capacities of network neighbors to predict shared Gene Ontology in CF-MS
networks comprised of highly correlated proteins (Spearman correlations.0.8) associated with known protein-protein interactions, highly corre-
lated proteins (Spearman correlations.0.8) associated with putative novel protein-protein interactions, gene co-expression networks (labelled
‘Coexp’) andmerged networks, as per themethods employed inA. Known and putative novel interactions were determined using BioGrid (49, 50)
or Interactome3D (51) following the procedures described inMaterials andMethods.
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Although these factors have influenced how past studies
have been performed, experimental design for CF-MS data
collection has nonetheless remained imprecise. One factor
contributing to this imprecision has been the aforementioned
lack of consensus on how many fractions should be col-
lected to produce fractionation profiles that are optimal for
CF-MS data analysis, if presented with a given chromato-
graphic resolving power. Moreover, the relative recall versus
experimental cost of single versus orthogonal separations
has not yet been described.

In considering how much fraction collection should be per-
formed, a finding of Fig. 4A – that the benefits of extensive
fractionation of cell lysates may often not outweigh the costs
– indicates that an assumption in the CF-MS literature may
require re-interpretation. This assumption states that in order
to improve the precision of CF-MS data analysis, the elution
of unrelated proteins in the same fraction (i.e. chance co-
fractionation) should be minimized, for example via very high
resolution chromatography combined with extensive fraction
collection (53). However, the present results indicate that
chance co-fractionation is not inherently problematic. This is
most strongly evidenced by the human SEC versus IEX CF-
MS data sets. The average peak widths in the human SEC
data set are higher than those in the human IEX data set
(according to PrInCE; data not shown), indicating that higher
resolution chromatography was achieved via IEX. Moreover,
higher resolution fractionation profiles were collected for the
IEX data set relative to the SEC data set (108 versus 40 frac-
tions collected respectively). Despite this, Fig. 3A shows that
after correcting for the 26% fewer fractionation profiles
observed in the human IEX data set relative to the human
SEC data set, recall of gold standard protein complexes is
higher in the latter relative to the former for almost every
scoring metric at identical thresholds of precision. This indi-
cates that for these two data sets, even though the fractiona-
tion profiles produced via SEC are subject to more chance
co-fractionation than those of IEX, they can be more pre-
cisely analyzed as their shapes are generally more distinctive.

One way to increase the likelihood of producing distinctive
fractionation profiles is to use multiple separation techniques.
This explains the high efficiency of orthogonal relative to
stand-alone fractionation described in relation to Fig. 4B.
That is, fractions collected across orthogonal separations are
likely to contribute toward an efficient means of improving
recall: creating distinctive fractionation profiles. Fractions col-
lected in stand-alone separations contribute toward an ineffi-
cient means of improving recall: increasing the resolution of
fractionation profiles.

The above insights are limited by the fact that the results
of Fig. 4 were obtained using simulated decreases in fractio-
nation profile resolution. Specifically, the potential for missing
values increases when quantifying proteins across fewer,
more complex CF-MS fractions, particularly when consider-
ing low abundance proteins, and the present simulation

methods do not account for this. It has, however, recently
been demonstrated that when optimized quantitative LC–
MS/MS workflows are applied to the analysis of CF-MS frac-
tions, near-saturation levels of protein quantification can be
achieved without difficulty (e.g. with extremely short LC gra-
dients) (54). This indicates that despite the above limitation,
the findings of Fig. 4 should broadly hold true if best-practice
quantitative proteomics workflows are employed.

Identifying Known versus Novel Protein Complexes in CF-MS
Data Sets—Most past CF-MS studies have sought to identify
PPIs from both known and novel protein complexes, as
detailed in Table I. Only recently have some studies focused
solely on the broad-scale identification of known protein
complexes from model organisms (14, 15). The results
described in relation Figs. 5 and 6 provide new insight into
best-practice CF-MS data analysis when following each of
these approaches.

Approaches which place a sole focus on known protein
complexes have one chief advantage: precision can be
robustly measured, for example via Reference Complex
Profiling or the CCprofiler workflow (14). However, the results
described in relation to Fig. 5A suggest that present imple-
mentations of these approaches do not maximize recall. Both
Reference Complex Profiling and CCprofiler identify known
protein complexes using fractionation profiles only. Of the
fractionation profiles likely to be associated with known pro-
tein complexes shown in Fig. 5A, only limited percentages
are verified as statistically significant using Reference Com-
plex Profiling: 27% in the yeast SEC data set, 16% in the
yeast IEX data set, 25% in the human SEC data set and 31%
in the human IEX data set. Although it is difficult to estimate
recall using these numbers, these low percentages leave
open the possibility that some known protein complexes may
not have reached statistical significance because their rele-
vant fractionation profiles are not sufficiently distinctive. To
remedy this without collecting additional CF-MS data, gene
co-expression data, high confidence PPI data and GO may
be of assistance as discussed in relation to Fig. 6.

The above approaches are inherently limited by the fact
that novel protein complexes are not considered. Fig. 5A
suggests that this may produce notable limitations in recall
even in heavily benchmarked model organisms. Moreover,
these approaches are limited to the study of organisms with
existing reference libraries of protein complexes. To reach
the full potential of CF-MS, identification of novel protein
complexes must therefore also be considered.

To uncover both known and novel protein complexes in
model organisms, it can be envisaged that the above
approaches can be extended. If known protein complexes
are firstly identified, novel protein complexes may then in
theory be uncovered by subjecting unassigned fractionation
profiles to similarity scoring. Unfortunately, genomic data
integration is unlikely to add much value in such analyses, as
discussed in relation to Fig. 6B. That is, although Fig. 6B
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does not preclude the use of gene co-expression data or GO
to shortlist putative novel PPIs as candidates for orthogonal
validation, it indicates that few, if any, novel PPIs will be
uncovered in this manner.

An alternative is to characterize both known and novel
protein complexes or PPIs concurrently. The supervised
machine learning classifiers and clustering methods of Table
I fall under this category. Unfortunately the current findings
indicate that present implementations of these methods are
likely to be imprecise. This is because the machine learning
classifiers in Table I frequently employ features associated
with external genomic data, which can have different charac-
teristics for known and novel PPIs as discussed in relation to
Fig. 6B. The common practice of using known PPIs to train
and test classifiers is therefore problematic, which helps
explain why novel PPIs uncovered using these classifiers
may have very high false discovery rates (9). Moreover these
differences preclude the use of GO to define cluster cutoff
distances when employing the clustering methods of Table I.
Together these insights are strongly consistent with and shed
new light on the recent finding that genomic data integration
decreases the power to uncover novel PPIs (52).

One possible avenue toward precise characterizations of
novel protein complexes is to identify conserved protein
complexes across organisms. This has, for example, been
attempted using CF-MS data sets collected from multiple
metazoan (5) or plant (13) species. The present comparisons
between yeast and human identify a series of putative novel
conserved PPIs, listed in supplemental Table S1, supporting
this possibility. Consistent with the findings described in Fig.
6, these putative novel PPIs could not have been uncovered
solely by shortlisting proteins with shared GO or gene co-
expression. This highlights the unique means by which they
were uncovered, but also their need to be validated using or-
thogonal experimental data.

Extending Characterisations of Protein Complexes to NonMo-
del Organisms—The above discussions are centered on the
analysis of CF-MS data from model organisms. Together they
also provide guidance for the analysis of nonmodel organisms.
It is common practice to use orthologous genomic data from
model organisms – including orthologous PPIs – to interpret
CF-MS data obtained from organisms without extensive refer-
ence libraries of protein complexes (9, 11, 13, 55). The findings
of Fig. 5B indicate this will only be effective for certain subsets
of fractionation profiles. Specifically, there is a high possibility
that fractionation profiles from nonmodel organisms with char-
acteristics that match those of putative novel interactions in
model organisms cannot be assessed using orthologous
genomic data. They should therefore be omitted from CF-MS
data analysis as detailed in the section below.

If analyzing nonmodel organisms using fractionation pro-
files alone, and not orthologous genomic data, the tools
available for increasing precision are further reduced. Follow-
ing Reference Complex Profiling, large proportions of well

correlated pairs of fractionation profiles (i.e. those making up
the colored bars in Fig. 5A) cannot immediately be attributed
to statistically significant protein complexes: 806 7% and
7661% in the yeast and human CF-MS data sets respec-
tively. It is likely that some of these nonsignificant pairs repre-
sent genuine interactions, as discussed earlier. Nonetheless
these high percentages indicate that precise PPI identifica-
tions are difficult when using stand-alone fractionation profile
similarity scoring. The practice of shortlisting putative con-
served PPIs (5, 13) may therefore be particularly advanta-
geous for nonmodel organisms. For example, if the well-
matched fractionation profiles in Fig. 5A are limited to orthol-
ogous yeast and human pairs, 97 and 95% can be attributed
to known yeast and human PPIs respectively. This suggests
that PPIs uncovered by shortlisting conserved fractionation
profile pairs may be relatively precise.

Analytical Recommendations for co-Fractionation Mass Spec-
trometry—A series of analytical guidelines and recommenda-
tions for the collection and analysis of CF-MS data, based on
the insights discussed above, are presented below.

In relation to CF-MS data collection, it is possible to prioritize
cost efficiency while maintaining data quality. If employing
stand-alone SEC or IEX of complex cell lysates using methods
like those studied here, collecting as few as 40 fractions will
produce fractionation profiles with sufficient resolution for
near-maximum recall of protein complexes. If collecting addi-
tional fractions to maximize recall, the benefits of spreading
fractions across complementary data sets created using or-
thogonal separations, rather than a single higher resolution
data set, should be the primary driving force in experimental
design. Higher resolution stand-alone data sets may, however,
be appropriate if low abundance proteins, such as those
potentially associated with novel protein complexes in model
organisms, are a specific focus of investigation.

In relation to data analysis, precise analyses are possible if
profiling known protein complexes via, for example, Refer-
ence Complex Profiling or CCprofiler (14). If seeking to maxi-
mize the recall of such methods using a stand-alone scoring
metric, any one of the following correlation metrics – Pear-
son, Spearman or Kendall – or the Co-apex metric is recom-
mended. However, if additional computation time is an
option, the improvements in recall that can be expected from
the union of a panel of scoring metrics should be taken
advantage of. Large panels will maximize recall (see supple-
mental Table S2); however small panels of well-chosen corre-
lation-based, distance-based, mutual information-based or
peak-based metrics will also be effective while reducing
computation time. The following panel, which identifies
25.0% to 82.3% more significant gold standard protein com-
plexes from the present CF-MS data sets compared with
Spearman correlations alone (supplemental Table S2), is rec-
ommended as one such option: Spearman correlation,
DMax, BCMI and Co-apex. If collecting data using orthogo-
nal fractionation methods, it is recommended that any
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p-values obtained from individual fractionation methods
using the above methods are combined using Fisher’s
method. Finally, genomic data integration should be consid-
ered if seeking further improvements in the precision and
recall of known protein complexes.

Precise CF-MS analyses of novel protein complexes are
not yet possible when studying individual organisms, even
when genomic data integration and the collection of high-re-
solution CF-MS data are considered. This holds true for both
model and nonmodel organisms. CF-MS studies of novel
protein complexes and PPIs in individual organisms should
therefore be limited to generating shortlists for targeted or-
thogonal experimental validation. To maximize the quality of
these shortlists, false discovery rates can be reduced via the
following recommendations. A) If training and testing a
machine learning classifier using gold standard protein com-
plexes from a model organism, the classifier should not be
used to identify novel protein complexes in this organism if it
employs features derived from genomic data. B) If studying a
nonmodel organism, machine learning classifiers employing
features derived from orthologous genomic data can be
used. However if training the classifier using orthologous
gold standard protein complexes, it is recommended that the
following fractionation profiles should not be analyzed using
the classifier: the lowest abundance quartile, as defined using
maximum peak heights; those with peaks in the last quartile
of retention times if employing SEC; and those with peaks in
the first quartile of retention times if employing mixed-bed
IEX. C) If predicting novel protein complexes using stand-
alone fractionation profile similarity scoring, Pearson, Spear-
man or Kendall correlations or the Co-apex metric are rec-
ommended, whereas Euclidean distance is not. Moreover, in
this context, panels of scoring metrics are generally not rec-
ommended outside of a machine learning framework. This is
because the union of results derived from such panels may
result in high false discovery, because precision cannot be
accurately measured, whereas the intersection of results will
often lead to very low recall (see supplemental Figs. S9–S12).
D) If employing clustering methods to define the subunit
compositions of novel protein complexes, the use of external
genomic data to define cluster cutoff distances is not
recommended.

Finally, the study of CF-MS data sets from multiple organ-
isms presents additional options for identifying novel protein
complexes. The present findings lend support to the practice
of identifying putative conserved PPIs across organisms to
improve precision.

CONCLUSIONS

The substantial promise of CF-MS lies not only in its
potential for very broad-scale characterizations of endoge-
nous and unmanipulated protein complexes, but also its in-
herent capacity to study how these protein complexes
change (17). Recent advances in CF-MS have brought the

method closer to fulfilling this potential (7, 15). However, a
primary objective of such work—to enable routine time
course or cohort analyses of cellular assemblies (15)—is still
experimentally prohibitive, and requires increasingly effective
CF-MS data analysis workflows to be developed.

The present recommendations for more cost-effective CF-
MS data collection will bring this objective closer. Moreover,
the present recommendations for precise and sensitive CF-
MS data analysis, when integrated with workflows such as
CCprofiler (14, 15), should further fulfill the data analysis
requirements of this objective for known protein complexes
in model organisms. Together these advances can be
expected to bring routine and impactful studies of the dy-
namics of known PPIs well within the reach of CF-MS.

The present findings also highlight the pronounced differ-
ences in studying known versus novel protein complexes
using CF-MS. It can therefore be envisaged that CF-MS will
immensely benefit from increasingly sophisticated reference
libraries of protein complexes and PPIs. Targeted orthogonal
experimental validation of putative novel complexes short-
listed via CF-MS may be an effective means of expanding
these reference libraries. If following the above recommenda-
tions, high quality shortlists in nonmodel organisms will com-
prise mainly of large and high abundance protein complexes,
whereas they will contain more small and low abundance
protein complexes in highly studied model organisms. These
differences suggest that validation experiments can be pre-
cisely targeted for different organisms. For example, high
depth of coverage chemical cross-linking MS experiments
performed on SEC fractions corresponding to selected mo-
lecular weight ranges can be envisaged. When coupled with
proteomics and CF-MS data sharing initiatives (5, 16, 56),
expanding reference libraries of protein complexes in this
manner will pave a way forward for CF-MS studies of contin-
ually increasing depth, precision, and impact.
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