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Abstract

Integrative structure modeling is increasingly used for determining the architectures of biological
assemblies, especially those that are structurally heterogeneous. Recently, we reported on how to
convert in vivo genetic interaction measurements into spatial restraints for structural modeling:
first, phenotypic profiles are generated for each point mutation and thousands of gene deletions
or environmental perturbations. Following, the phenotypic profile similarities are converted into
distance restraints on the pairs of mutated residues. We illustrate the approach by determining
the structure of the histone H3-H4 complex. The method is implemented in our open-source IMP
program, expanding the structural biology toolbox by allowing structural characterization based
on in vivo data without the need to purify the target system. \We compare genetic interaction
measurements to other sources of structural information, such as residue coevolution and deep-
learning structure prediction of complex subunits. We also suggest that determining genetic
interactions could benefit from new technologies, such as CRISPR-Cas9 approaches to gene
editing, especially for mammalian cells. Finally, we highlight the opportunity for using genetic
interactions to determine recalcitrant biomolecular structures, such as those of disordered proteins,
transient protein assemblies, and host-pathogen protein complexes.
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Introduction

Many proteins function by forming macromolecular assemblies that may also include other
components. Structure determination of these assemblies is essential for a mechanistic
understanding of their function. However, only a fraction of the structures of these
assemblies have been obtained by traditional structural biology methods, such as X-ray
crystallography, nuclear magnetic resonance (NMR) spectroscopy, and electron microscopy
(EM). These methods require pure samples of the studied system, which are often difficult to
obtain, have low stability, or are conformationally heterogeneous.

Integrative/hybrid structure determination methods are powerful tools for determining

the structures of macromolecular assemblies [1-3]. These methods can take as input
experimental data from different sources, followed by computing a model whose properties
satisfy the input information within the uncertainty of the data. Sources of input information
commonly used for integrative modeling include the atomic structures of the components
obtained from X-ray crystallography, NMR spectroscopy or comparative modeling,
chemical cross-links obtained with mass spectrometry (XL-MS), solution scattering data
from small-angle X-ray scattering (SAXS), and protein—protein interactions from affinity
co-purification. Over the years, structures of protein complexes obtained using integrative
methods have been used to explain the architecture [3-6] and evolutionary principles [3,6] of
large assemblies, rationalize the effect of disease mutations [3,7], and describe the structural
heterogeneity of flexible protein complexes [8-10].

There is a growing need for /n vivo data that can be used for integrative structure
determination [11]. Structural models based on /n vivo data may be more representative

of protein complexes in their native environment, thereby decreasing the risk of producing
structures of nonfunctional states or missing relevant functional states. Thus, they may

be more useful, including for understanding the role of structural changes that take place

in disease pathogenesis. Data such as single-molecule Férster resonance energy transfer
spectroscopy [12,13], protein footprinting [14], and XL-MS [15,16] can be collected /n vivo.
However, these methods are usually low throughput or produce sparse structural data.

Here, we review integrative structure determination using point-mutant epistatic miniarray
profile (pE-MAP [17-19]) genetic interaction data, as implemented in our open-source
Integrative Modeling Platform (IMP) program (http://integrativemodeling.org; [20]). First,
we illustrate the approach by describing structure determination of the yeast histone H3-H4
complex based on ~ 500 000 pairwise genetic interactions between 350 histone mutants
and a library of gene deletions. Second, we compare genetic interaction data to other data
types commonly used for integrative modeling. Third, we describe how genetic interaction
data are complementary to deep-learning protein structure prediction approaches. Fourth,
we outline how the pE-MAP data could be obtained for mammalian cells. Finally, we
describe how this approach can potentially be used to determine the structural ensembles
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of intrinsically disordered proteins (IDPs), transient protein assemblies, and host—pathogen
protein assemblies.

Determining the structures of biomolecular assemblies using quantitative
genetic interaction mapping

Genetic interactions report on how the effect of one mutation is affected by the presence

of a second mutation. For example, when considering the effect of two mutations on a
phenotype such as cell growth, a genetic interaction is classified as positive (epistatic

or suppressive) when the combination of mutations has a lesser effect on cell growth

than the multiplicative growth defect of the two single mutants, resulting in healthier

cells. Conversely, a genetic interaction is classified as negative (synthetic sickness) if the
double mutant displays a slower growth phenotype than is expected from the combination
of individual mutation effects. Genetic interactions can be used to identify functional
relationships among genes, including biological pathways [21-23] and protein complexes
[24-26]. Genetic interaction profiles, defined as a set of genetic interactions between a
given mutation (e.g., a point mutation) and a library of secondary mutations (e.g., gene
deletions), often provide signatures of protein functions, allowing us to compare the profiles
to hierarchically organize sets of proteins. For example, in genetic interaction maps in which
mutations correspond to gene deletions, genes encoding proteins that are part of protein
complexes or that function together in the same pathway often display similar genetic
interaction profiles. Consequently, genetic interaction maps are usually analyzed by using
standard clustering algorithms to predict gene functions [27-29].

Genetic interaction mapping can also be applied at a fine-grained scale by introducing point
mutations in proteins to investigate the interactions between components within protein
assemblies. We reasoned that point mutations that reside at or in close vicinity of a
functional region (e.g., protein binding interfaces or active sites) within a macromolecule
may have more similar phenotypes than point mutations that are distant in 3D space.
Correspondingly, we hypothesized that the similarity of phenotypic profiles between

a pair of point mutations in an assembly measured /n7 vivo may be used to extract

structural information about these assemblies. To this end, we used pE-MAP [17] to
construct phenotypic profiles for point mutations crossed against single gene deletions or
hypomorphic alleles. We designed distance restraints based on a pE-MAP dataset and the
atomic structure of the complex between histones H3 and H4 extracted from the nucleosome
X-ray structure [32]; the pE-MAP included 350 point mutations in histones H3 and H4
crossed against an array of ~ 1370 gene deletion alleles. To set up the restraint, we
quantified the similarity of each pairwise combination of phenotypic profiles using the
maximal information coefficient (MIC) [30,31]. We observed that the similarities between
the phenotypic profiles (i.e., MIC values) do not linearly correlate with the distances
spanned by the mutated residues in the H3 and H4 structure (Fig. 1), but they are informative
about an upper distance bound between the residues. This observation justified formulating a
Bayesian scoring function to restrain the upper bound on the distance spanned by the pair of
mutated residues, based on the pE-MAP data (Fig. 1). The distance restraints derived from
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the histone pE-MAP were then used for integrative structure modeling using our standard
protocol implemented in the IMP program.

Structure of the histone H3-H4 complex computed using pE-MAP-derived

restraints

The integrative modeling workflow implemented in IMP iterates through four stages (Fig. 2)
[1,2,20,33]: (a) gathering all available experimental data and prior information (physical
theories, statistical analyses, and other prior models); (b) translating information into
representations of model components and a scoring function for ranking alternative models;
(c) sampling models guided by the scoring function; and (d) validating the model. We

now discuss each of these stages, using integrative modeling of the histones H3—-H4 as an
example [18].

First, the input information included the histones H3 and H4 pE-MAP dataset. Additionally,
we used comparative models of H3 and H4 to mimic realistic integrative modeling.

Second, the molecular representation and scoring function were formulated based on the
input information. Each subunit (i.e., H3 and H4) was represented as a rigid body based

on the comparative models. The scoring function ranks alternative models based on the
input information. Three scoring terms were used to restrain the structural degrees of
freedom of the H3-H4 system. The defining and most important scoring term is extracted
from the pE-MAP data. The H3-H4 pE-MAP results in 170 high MIC values (> 0.3)
between subunits. We used these values to formulate a Bayesian scoring term that restrained
the distances spanned by the mutated residues. The two other scoring terms encoded the
sequence connectivity and excluded volume.

Third, structural models that satisfy the input information were computed using replica
exchange Gibbs sampling, based on the Metropolis Monte Carlo algorithm [4,34,35],
starting with random initial configurations of the components.

Finally, the uncertainty (precision) of the model was estimated to be 1 A (Fig. 3); the model
precision is defined as the variability among the ensemble of structural models that satisfy
the input data within acceptable tolerances [36,37]. In addition, the usefulness of pE-MAP
data for integrative structure modeling was demonstrated by the accuracy of the model of
3.8 A; the accuracy is defined as the average Ca RMSD between each of the ensemble
models and the X-ray structure. To further assess the information content of the pE-MAP
data, we mapped the effect of the number of pE-MAP distance restraints on the accuracy
of the models. The model accuracy improved from 12.7 to 3.8 A when the number of
pE-MAP-derived distance restraints increased from 68 (40% of all available restraints) to
170 (100% of all available restraints), indicating that the more pE-MAP data that are used,
the more accurate is the model, as expected (Fig. 3C). Similarly, the precision of the model
also improves as more data are used (Fig. 3D).

FEBS J. Author manuscript; available in PMC 2023 May 18.
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Comparison of restraints derived from pE-MAPSs, coevolution, and
biophysical methods

Integrative structure determination is based on the proposition that the complementarity
between different sources of input information minimizes the drawbacks of sparse, noisy,
ambiguous, and incoherent datasets. Consequently, broadening the types of input datasets
and prior information used for integrative modeling would improve the accuracy, precision,
and completeness of the resulting models [8,18]. Since the pE-MAP data rely on genotype-
to-phenotype experiments, the spatial restraints derived from these datasets are orthogonal to
biophysical data derived from, for example, /in vitro samples. Thus, pE-MAP data have great
potential for genetics-based structural modeling.

We have compared the precision and accuracy of models obtained using pE-MAPSs to those
of models obtained using data from XL-MS and coevolution analysis. These data types can
also be converted to distance restraints [4,38,39]. In general, the accuracy and/or precision
of the models improve when pE-MAP and other data types are used together, demonstrating
the premise of integrative structure determination. However, differences between these three
data types highlight their relative strengths and synergy. For example, whereas a cross-link
between two residues may provide more direct evidence of structural proximity than the
corresponding pE-MAP pair, the number of potential cross-links is constrained by the
number of reactive residues. In contracts, introducing a single point mutation increases the
number of potential pE-MAP restraints quadratically. Whereas the number of cross-links
can be increased by using cross-linkers that target different residue types [8], the effect of
point mutations in a pE-MAP can be increased by specifically introducing surface point
mutations and/or targeting sites known to be functionally important, and by choosing
substitutions likely to perturb protein—protein interactions. Coevolution-derived distance
restraints are a promising way to obtain information about protein—protein interactions at

a residue level [40-42]. However, the success of this approach is determined by the input
sequence alignment depths and the identification of pairs of physically interacting proteins
in genomes with multiple paralogs [41-43]. Recently, genetic interactions measured using
deep mutational scanning (DMS) [44-47] and experimental evolution [48] approaches have
also been successful in determining the structures of protein monomers and small protein
complexes, highlighting the applicability of genetics data for structural biology.

Opportunities for integrative structure determination using structural
models of subunits computed using deep-learning approaches

Recent advances in deep learning have revolutionized protein structure prediction; for
example, AlphaFold (AF) [49] and RoseTTAfold [50] can often produce protein models
with atomic accuracies comparable to those of experimental methods [51,52]. Deep-learning
approaches use neural networks to benefit from the evolutionary information encoded

in multiple sequence alignments as well as physical and geometric information derived

from known protein structures to compute spatial relationships between the amino acid
residues in a protein chain. Additionally, these deep-learning approaches show promise

in modeling small protein complexes using neural networks trained with monomeric
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and multimeric structures [53-55]. De novo structural models of domains, subunits, and
potentially subcomplexes can be used as building blocks for integrative modeling of entire
protein assemblies. In particular, these building blocks can be combined with genetic
interactions and other sources of information to compute the structural ensembles of
protein assemblies in multiple conformational, compositional, and oligomeric states. While
the deep-learning approaches rely on a multiple sequence alignment that recapitulates

the natural sequence variation that potentially sparsely samples the sequence landscape
under a variety of selection pressures, high-throughput genetic perturbation experiments
used to determine genetic interactions characterize the sequence—function landscape under
controlled experimental conditions. Importantly, genetic perturbation experiments with a
phenotypic readout (pE-MAP) or selection experiments (DMS) that target specific cellular
functions allow us to study proteins in the context of their biological functions. Notably,
these experiments can be performed under varying conditions to inform about different
functional states accessed by the proteins. Thus, we propose that genetic interaction
mapping is complementary to deep-learning approaches, providing additional information
to predict the full range of biologically relevant structures of protein assemblies, including
those that could be modulated by binding patterns or external factors. Finally, we expect
that future deep-learning methods will be improved to allow incorporating experimental
information specific to the modeled system [56], thus bridging the gap with integrative
structure modeling [1,2].

Opportunities for genetic interaction mapping using CRISPR-Cas9-

mediated gene editing

Recent advances in CRISPR-Cas9 approaches have enabled the prospect of large-scale
precision gene editing [57] that expand the scale and scope of mutation libraries. For
example, CRISPR-Cas9 gene editing can potentially be used to efficiently generate
chemical genetics miniarray profiles (CG-MAP) [58]. In this approach, phenotypic profiles
are generated by subjecting point-mutants to different environmental perturbations such as
temperature and chemical stresses [58]. We have proven that the genetic profiles obtained
using CG-MAPs provide structure—function relationships that can be used for integrative
structure determination [18] and are generally cheaper and less laborious to generate than
pE-MAPs.

One exciting application of integrative modeling based on pE-MAP and CG-MAP data

is /n vivo structure determination of mammalian protein assemblies. Even though human
combinatorial CRISPR—Cas9 perturbations have been used to generate genetic interaction
maps using gene knockouts or knockdowns [26,59,60], these approaches currently do not
generate point mutations at sufficiently high efficiency to incorporate in pE-MAPs or CG-
MAPs. However, as gene editing methods improve [61,62], they will likely open up for
point-mutant genetic interaction mapping in mammalian cells [11]. In this context, unbiased
analyses of genetic interactions could potentially serve a twofold purpose: systematic
identification of protein pathways and assemblies, followed by structure determination of
these assemblies. Additionally, the precise and systematic incorporation of point mutations

FEBS J. Author manuscript; available in PMC 2023 May 18.
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into proteins or protein assemblies of interest will enable us to characterize the structural
changes associated with disease alleles and their functional effects.

Most genetic interaction mapping initiatives use growth rate or cell fitness as the phenotypic
readout, which can conceal the diversity of phenotypes emerging from the combinatorial
expression of genes. To maximize structural information that can be recovered from
comparing phenotypic profiles, genetic interactions could be quantified using alternative
phenotypic readouts that are targeted to the system of interest. For example, phenotypic
readouts such as reporter gene expression [63-65], single-cell transcriptomic [66,67], or
high-content imaging [68] might provide system-specific signals that can be converted into
distance restraints for integrative structure modeling. Moreover, as different phenotypic
readouts may not necessarily provide the same information [69], we hypothesize that they
can be incorporated into integrative modeling as complementary sources of information or
interpreted as high-dimensional cell states (e.g., manifold [70]).

Opportunities for integrative determination of the structural ensembles of

disordered proteins

The H3-H4 pE-MAP data reveal functional relationships between histone residues and
between histone residues and other associated complexes. The distribution of MIC values
for the histone tail-core and tail-tail mutation pairs is comparable to that of the core—core
mutation pairs. Consequently, distance restraints for the histone tails may also be derived
from the pE-MAP data. Genetic profiles from the histone tail mutations result in 390
distance restraints, which we expect will narrow the model space accessible to these tails.
Thus, integrative modeling of IDPs based on genetic interaction data is likely feasible.

Structural characterization of IDPs remains challenging largely because of the rapidly
interchanging conformations in the unfolded ensemble. Although challenging, accurate
description of some IDP conformational ensembles has been possible using integrative
approaches based on experimental data from NMR spectroscopy, SAXS, and single-
molecule FRET [71,72]. Successful examples of IDPs modeling using integrative
approaches rely on a Bayesian definition of the most probable ensemble of structural
models, given the input information [73,74]. Data derived from /n vivo measurements of
genetic interactions would greatly complement the data types currently used to model IDPs
and could be used to help elucidate the effects of macromolecular crowding in the structures
and dynamics of IDPs. Furthermore, the pE-MAP data collected /7 vivo could be used to
probe whether or not posttranslational modifications (PTMs) or other cellular perturbations
regulate IDPs’ functions by shifting the distribution of conformations in the structural
ensembles.

Opportunities for integrative structure determination of transient protein

assemblies

Using pE-MAP for integrative structure determination provides new opportunities to
determine the structures of protein assemblies that are difficult to isolate or purify, such

FEBS J. Author manuscript; available in PMC 2023 May 18.
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as transiently stable associations. Transient interactions involve proteins that dissociate
readily and are often modulated by physiological conditions, environmental perturbations, or
PTMs; they may also include binding interfaces that are flexible [75]. Thus, the conditions
modulating these transient interactions might not be reproducible /in vitro.

We showed that the H3-H4 pE-MAP can identify relationships between individual
modifiable histone residues and their cognate enzymes, which are unlikely to be stably
associated [18]. In principle, the current pE-MAP can be extended to include point
mutations in these enzymes and use these genetic profiles to derive distance restraints
between the histones’ tails and their cognate enzymes. Describing the structures of
transient interactions requires an ensemble representation that captures the interconverting
conformational states of the proteins and the alternative specific and nonspecific binding
configurations. To this end, protein—protein binding events can be characterized by creating
equilibrium ensembles that include different specific and nonspecific protein assemblies
using methods such as Monte Carlo or Brownian dynamics simulations [76,77]. Following,
the structures of the specific transient protein assemblies and their binding affinities

can be obtained by using a scoring function that includes scoring terms derived from
genetic interaction measurements, coarse-grained energy functions, and other sources of
information such as coevolution. As described for modeling of IDPs, independent high-
resolution experimental data are necessary to validate the structures of transient protein
assemblies obtained using distance restraints derived from pE-MAP data. Experiments using
paramagnetic relaxation enhancement [76,78,79] and solid-state NMR [80,81] have proven
successful to visualize transient protein—protein interactions at an atomic resolution and can
be used for validation.

Opportunities for integrative structure determination of host—pathogen

macromolecular assemblies

We have achieved progress in developing methods for integrative structure determination

of host—pathogen complexes, primarily based on cross-linking data [82-84]. However,
structural characterization of host—pathogen protein assemblies remains challenging, largely
due to their compositional and conformational heterogeneity. For instance, a high proportion
of pathogen proteins are intrinsically disordered or contain intrinsically disordered regions
[85-87], making these proteins and the protein assemblies not amendable to traditional
structural biology approaches. Consequently, structure determination of host—pathogen
protein assemblies would greatly benefit from an orthogonal source of information,
especially of data collected /n vivo.

The structure of host—pathogen protein assemblies and their role in infection can be
characterized by measuring the phenotypic effects of introducing mutations in the host
and pathogen proteins and using genetic interaction profiling of selected host genes. Using
pE-MAP in infected cells also opens the possibility of studying intraviral interactomes

in the host’s context. Intraviral protein interactions are crucial for the viral structure

as well as replication and transcription of viral genomes [88-91]. However, the role

of other virus—virus protein interactions, if any, is still not well characterized [92,93].

FEBS J. Author manuscript; available in PMC 2023 May 18.
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Another application of integrative structure determination based on genetic interactions

is defining the structural preferences of large, multidomain pathogen proteins under
different conditions/environments. One such example is the multifunctional Nsp3 proteins of
coronaviruses, which are known to be essential components of the replication/transcription
complex. Nsp3 proteins have also been implicated in disrupting the expression of innate
immunity genes, formation of double-membrane vesicles, and inhibition of IFN production,
among others. Additionally, Nsp3s have been reported to interact with several other viral
proteins, suggesting a pleiotropic role [94]. The full structure of Nsp3 is currently unknown,
and there are still several uncharacterized domains. An integrative modeling approach based
on pE-MAP data may help elucidate the spatial organization of the domains and their
functional roles.

In conclusion, we anticipate that genetic interactions involving viral protein will serve to
identify pathogenicity factors, characterize their structures, understand their functions, and
help develop antiviral therapies.
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Fig. 1.
Converting quantitative genetic interactions into spatial restraints for integrative structure

modeling. First, to generate a pE-MAP a collection of point mutations is constructed by
systematic mutagenesis of the genes encoding the subunits of the macromolecular assembly
of interest (mutations 1-4). Second, the point-mutant strains are crossed against a library

of gene deletions. Third, the phenotypic profiles are obtained by measuring the genetic
interaction scores. Fourth, the pairwise phenotypic profile similarities are transformed into
single MIC values to quantify the similarity between phenotypic profiles. Finally, the MIC
values are translated into an upper distance bound (red curve) scoring term. In the plot, the
background color gradient reflects the dependence of the scoring term on the MIC value and
distance (darker colors represent higher scores). Figure partially reproduced from Ref. [18].
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Fig. 2.

Description of the integrative structure determination of histones H3 and H4. In this
example, histones H3 and H4 are represented as rigid bodies. The scoring function consists
of upper distance bound restraints that are derived from the pE-MAP data and restraints

to account for sequence connectivity and excluded volume. The sampling searches for the
structures that satisfy the spatial restraints indicated by the input information. The result is
an ensemble of model structures that sufficiently satisfy the input information (e.g., within
acceptable tolerances as indicated by the data). Validation of the model includes computing
its precision and assessing the degree of consistency between the model and the input
information used to and not used to compute it.
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Fig. 3.

In?egrative structure of the histone H3 and H4 complex. (A) The X-ray structure of the
histone H3-H4 dimer (PDB 11D3, [32]). (B) Representative structure computed using
integrative modeling embedded in the localization probability density. The localization
probability density map represents the probability of any volume element being occupied by
a protein, given the model ensemble. (C) Accuracy of models in the ensemble based on the
full pE-MAP dataset and resampled datasets with only fractions of the data; the accuracy
is defined as the average Ca RMSD between each of the structures in the ensemble and
the X-ray structure. The standard deviations are shown as error bars. (D) Model precisions
are based on the full and resampled pE-MAP datasets; the model precision is defined as
the average RMSD between all solutions in the ensemble. Each dot represents the model
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precision of each of three independent realizations; error bars correspond to the standard
deviation. Figure partially reproduced from Ref. [18].
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