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Single-particle cryo-electron microscopy (cryo-EM) has emerged as a powerful tool in structure
determination of macromolecular complexes that are not suitable for crystallographic studies.
Recent advances in direct electron detectors and image-processing techniques have allowed
cryo-EM to reach near-atomic resolution (3–5 Å) from small particles with low or even no
symmetry. However, tools to determine structures from cryo-EM maps have lagged behind. In
this dissertation we describe approaches that apply Rosetta high-resolution structure prediction
methods to model-building from cryo-EM maps. Using knowledge-based information gathered
from proteins of known atomic structure, we describe the development of novel tools for de novo
model-building from near-atomic resolution cryo-EM maps, and for architecture determination
of multi-component macromolecular assemblies from medium- to low-resolution (5–15 Å) cryoEM maps. We demonstrate that these new computational tools have shown usefulness in
determining the structures from newly reconstructed cryo-EM maps, which would otherwise be
difficult or impossible for human to do. These methods should enable rapid and reliable structure
determination from cryo-EM maps.
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Chapter 1. INTRODUCTION
Cellular processes often involve large macromolecular assemblies, composed of multicomponent proteins and other molecules in precise arrangements, to drive the chemical reactions
essential to life. To achieve mechanistically understanding of these cellular processes requires
protein structural information at atomic-level accuracy. X-ray crystallography has been the
method of choice to provide the resolving power that allows positions of each atom within a
macromolecule to be assigned accurately. The prerequisite for applying X-ray crystallography to
a protein of interest is to obtain crystals. Yet, getting crystals from macromolecular assemblies
has proven to be very difficult mostly owing to sample heterogeneity and the intrinsically
transient interactions between constituting proteins. Alternatively, single-particle cryogenic
electron microscopy (cryo-EM) has emerged to be a powerful method for determining structures
of such macromolecular assemblies. Single-particle cryo-EM offers several advantages over Xray crystallography: (1) it requires no crystals, (2) it does not require large amount of sample
with high concentration, and (3) it allows some extent of heterogeneity from sample preparation.
Single-particle cryo-EM determines the structure of a molecule by computationally assembling a
3-D electron density map from 2-D profile images of the molecule at different orientations. To
achieve the best resolution it typically requires thousands to millions of particle images of the
same conformation. However, despite some exceptions of highly symmetric samples such as
viruses, the resolution achievable using single-particle cryo-EM typically resides at around 10 Å
scale, as of 2012, before the advent of direct electron detectors.
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1.1

SINGLE-PARTICLE CRYO-ELECTRON MICROSCOPY AT CRYSTALLOGRAPHIC
RESOLUTION

One of the limiting factors for single-particle cryo-EM to reach high-resolution is the
signal-to-noise ratio (SNR) in the images. In order to reduce the effects of radiation damage,
electron exposures must be extremely low to preserve high-resolution information, which results
in images with low signal-to-noise ratio. Almost two decades ago Henderson [1] and Glaeser [2]
used theoretically calculations suggested that under idealized conditions where low-dose images
produce perfect contrast single-particle cryo-EM should potentially reach near-atomic resolution
(3–5 Å) using only ~40,000 particles. However, in practice the resolution achieved by cryo-EM
is significantly lower than the predicted physical limit. The problem has generally been attributed
to be the blurry of images caused by the electron beam-induced sample movement and charging.
This was considered as insurmountable problem until the advent of direct electron detectors.
The introduction of direct electron detectors enables two things: (1) it allows a near
noise-free data collection, thus improves the signal-to-ratio enormously, and (2) it allows the fast
readout so that the beam-induced movement can be compensated for computationally. The image
recording device (i.e. SNR) is now the limiting factor to get cryo-EM to reach high-resolution.
As a result, with this technical advance the resolution achievable by single-particle cryo-EM has
finally fulfilled what it was predicted two decades ago – near-atomic resolution (3–5Å).
Although further improvement on sample preparation has shown that with the current detectors
and image processing algorithms cryo-EM is possible to reach a sub-3Å resolution [3,4], in
general high-resolution cryo-EM typically yields 3–5 Å resolution density maps. With nearatomic resolution it allows de novo model-building for systems with no homologues of known
structure. Since then several near-atomic structures of systems with low or even no symmetry
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have been revealed. The great leap forward of resolution, which is often referred as “the
resolution revolution”, has opened a new era for structural biology, enabling scientists to
visualize how macromolecular machines that are impossible to study use X-ray crystallography
work at molecular level. However, the abundance of electron density maps of new and large
structures also brings up new problems for structure determination in such maps, for example,
the model-building problem.

1.2

MODEL-BUILDING PROBLEMS FROM CRYO-EM DENSITY MAPS
Model-building is a process in structure determination, in which coordinates of each atom

are obtained by interpreting electron density maps. It is a key process, and yet a time-consuming
and tedious task even for the experts. For systems where there are structural homologues
available, structure determination from cryo-EM maps typically starts with docking of the
detectable atomic models from either X-ray crystallography or NMR to build a pseudo-atomic
model. Building a pseudo-atomic model is especially informative when the resolution given by a
density map can only allow the molecular envelope to be resolved. Despite lack of all
interactions at an atomic level, a pseudo-atomic model can provide detailed understand of the
arrangement of the constituting component protein. However, docking of multi-component
protein complexes can be a formidable challenge as determination of the positions and
orientations for all components can be difficult, especially when the system gets larger. Current
structure determination tools have shown to be effective for systems containing no greater than 7
components proteins. With the abundance of cryo-EM maps for large macromolecular
assemblies, which sometimes can be composed of 50 chains, these tools apparently to be
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insufficient. A new tool is needed to facilitate structure determination of multi-component
protein complexes from medium- to low- resolution cryo-EM maps.
When there are no structural homologues detectable, de novo model-building must be
carried out. A typically approach for both manual and computational model-building is to build
backbone trace first, and then assign sequence based on side-chain density. For near-atomic
resolution (3–5 Å) electron density maps, although tracing backbone is rather straightforward,
assigning sequence relying on side-chain density alone has shown to be difficult and timeconsuming. A 300-residue protein would take an expert a month to build the model from 3–4 Å
resolution. For resolution at around 4–5 Å, where one can barely see strand separation in the
density maps, sometimes it is not even feasible to confidently build a model. Current structure
determination tools adapted from X-ray crystallography general fail to build models accurately
from cryo-EM maps at this range of resolution. A new tool is needed for de novo model-building
from near-atomic resolution cryo-EM maps.
Here, we propose to approach these two problems through incorporating Rosetta highaccuracy structure prediction tools, which employ knowledge-based information derived from
proteins of known atomic structure, with cryo-EM maps.

1.3

ATOMIC-ACCURACY STRUCTURAL MODELING USING ROSETTA
Atomic-accuracy protein structure prediction is now achievable using Rosetta. Rosetta

predicts protein structures by using a library of per-residue specific backbone conformations
(fragments) to explore the structure space given a protein sequence, and applying a physical
realistic energy function to evaluate and guide the conformational search. The principal idea
underlying the fragment approach is based on experimental observations showing that segments
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of consecutive residues have preferences for certain backbone conformations. The
conformational space of a protein is thus could be largely covered by having representative
conformations of each local sequence segment. Rosetta was the first computational approach to
successfully obtain atomic models of small proteins (< 100 residues) from sequence information
alone [5]. However, for larger proteins it becomes very difficult to achieve the same success
because the conformational space to search increases exponentially by protein length. More
information is required to efficiently guide conformation sampling. For this respect, Rosetta
starts to incorporate experimental data, for example, NMR data and density data from X-ray and
cryo-EM. Using backbone-only NMR data to reduce the conformational space to search, Rosetta
has shown capability to determine proteins up to 200 residues, often with an RMSD of 2–3 Å
over the entire protein [6]. What is more remarkable is that Rosetta is able to get the side-chain
packing correct (within 2 Å all-atom RMSD) in the core region of a protein. With this predicting
power the Baker lab started to use Rosetta to design proteins, which requires atomic-accuracy
structural modeling. Thus far, the Baker lab has shown several successes on designing protein
structures with atomic-level accuracy, illuminating the path of using Rosetta high-accuracy
structural modeling to derive atomic information from low-resolution data. That is, in the respect
of high-resolution cryo-EM where 3–5 Å resolution data are mostly reachable, Rosetta modeling
can serve as a bridge to bring out the high-resolution information from near-atomic resolution
data.

1.4

BRIDGE THE RESOLUTION GAP USING ROSETTA
With the advance of new detectors, single-particle cryo-EM now is able to achieve near-

atomic resolution, determining several structures of macromolecules that would otherwise
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impossible to be studied by other methods. However, structure determination tools have been
lagged behind. Specifically, de novo model-building tools aiming for near-atomic resolution
density data are not available. Here, I would like to incorporate Rosetta structure prediction tools
with cryo-EM data, developing a Rosetta-based de novo model-building tool. Moreover, with
Rosetta we can bridge the resolution gap, that is, using knowledge we have learned from proteins
of known structure to infer high-resolution information from cryo-EM data. However, unlike
NMR data, which provide residue-residue contact information, incorporating density data with
Rosetta model tools is not that straight forward. Currently, Rosetta utilizes density data to model
a protein it in two ways: (1) using the density map to filter Rosetta de novo models after optimal
rotation/translation search [7], and (2) using density-guided sampling to refine homology models
[8]. However, the first approach only used density information for scoring but not used density to
guide conformation sampling, which obviously is the primarily bottleneck of Rosetta method.
The second approach requires a starting model. Unlike NMR data type, which gives distance
restraints for residue-residue pairs, the density map serves as one Cartesian space restraint for a
protein. In order to get properly sampling guidance, the standard Rosetta fold-from-extendedchain protocol hence has to constantly align the model back to the density map while doing
folding simulation. This is computationally intractable. To be more effectively using Rosetta or
concepts from structure prediction for de novo model-building require a new computational
scheme. To develop such computational framework to use density data is the major aim of this
dissertation.
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1.5

DISSERTATION OUTLINE
In this dissertation we describe two novel model-building approaches aiming for

determining structures from cryo-EM maps with near-atomic resolution and medium-to-low
resolution, respectively. In Chapter 2, we describe a new de novo model-building approach
aiming to determine atomic structures from near-atomic resolution cryo-EM maps. We then
applied the method to a previously unsolved cryo-EM map containing the 660-residue contractile
sheath protein complex of type VI secretion system from Vibrio cholera. In Chapter 3, we
describe a novel approach adapted from the de novo model-building algorithm in the previous
chapter to determine structures for multi-component macromolecular assemblies from 5–15 Å
cryo-EM maps. We show an application of the method on determining the structure of the
peroxisomal Pex1/Pex6 ATPase complex from the 6.5 Å cryo-EM map.

8

Chapter 2. DE NOVO PROTEIN STRUCTURE DETERMINATION
2.1

INTRODUCTION
Model-building is a key step in macromolecular structure determination. While most

atomic-resolution structures are solved using X-ray crystallography, single-particle electron
cryo-electron microscopy (cryo-EM) has emerged as a powerful tool in determining electron
density maps of large and high-symmetry particles to near-atomic resolution (~3–5 Å) [9-13].
Recent advances in electron detector and image-processing techniques even allow it to reach
these resolutions from smaller particles with low or even no symmetry [14-20]. Despite these
developments in improving image quality and image reconstruction algorithms, little progress
has been made in de novo model-building into near-atomic resolution cryo-EM density maps.
Structural interpretation of cryo-EM maps typically starts with fitting an atomic X-ray or
NMR structure – or a homology model derived from one – into the map [21-23]. Previous work
has shown that atomic resolution models are achievable from near-atomic-resolution cryo-EM
density, starting from a homologous structure of the correct topology [24]. However, when there
are no previously solved structures of homologous proteins, de novo model-building must be
carried out. Currently, such structure determination requires manually building a backbone
model (or tracing the backbone) into density and assigning sequence [14-17]. At near-atomic
resolution, many detailed structural features are distinguishable in a density map: the pitch of
helices, separation of individual β-strands in sheets, and even some bulky side-chains [25]. While
tracing the backbone into density at this resolution is often straightforward, manually assigning
sequence remains time consuming and error-prone.
Automated protein model-building tools developed for X-ray crystallography [26-28] are
widely used in structure determination from maps with resolution better than 3 Å. These methods
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generally separate backbone tracing and side-chain assignment, with density features largely
guiding side-chain identification. Consequently, at resolutions worse than 3 Å, where much of
the side-chain density is indiscernible, these approaches generally fail. Several de novo modelbuilding methods targeted to cryo-EM have been developed for maps with resolution ranging
from near-atomic (3-5 Å) to medium resolution (5-10 Å) [29-31]. These methods primarily focus
on topology determination through estimating optimal connections of either secondary structure
elements or Cα atoms assigned in the density map. Although these methods are quite powerful in
identifying topology given a map, they have poor recovery, often <50%, of correct sequence
registration [29,30].
In this chapter, we describe a novel de novo model-building approach for cryo-EM maps
at 3–5 Å resolution. Our approach combines sequence-derived backbone conformations with
side-chain fit-to-density in order to correctly assign sequence into the maps. On a benchmark set
of nine experimental cryo-EM maps at near-atomic resolution with previously determined
structure and a previously unsolved map for the 660-residue hetero-dimeric sheath of the type VI
secretion system from Vibrio cholera, we show that high-accuracy models can be obtained
without prior knowledge of detectable structural homologues. Our method should streamline the
protein structure determination process from cryo-EM maps at near-atomic resolution.
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2.2

METHODS

2.2.1

Map preparation
For all benchmark targets, the cryo-EM maps were segmented into single-subunit guided

by native structures using UCSF Chimera’s “zone” tool at a distance of 4 Å. The cryo-EM maps
and the corresponding deposited native structures used are listed in Table 1.

2.2.2

Matching fragments into density
For each 9-residue window of amino-acid sequence, we used standard Rosetta fragment

picker[32] to collect libraries of representative backbone conformations from proteins of known
structure based on similar sequence and predicted secondary structure. Fragments from proteins
of known structure homology (PSI- BLAST e-value < 0.05) to the benchmark proteins were
excluded while constructing the fragment libraries. A sequence-derived fragment library given a
protein sequence was curated with 25 backbone conformations per sequence position.
We used backbone information given a fragment to first identify the likely locations and
orientations in the density map using 6-D translation/rotation search. The density map was
subdivided into a regular three-dimensional grid and the search fragment was translated to each
grid point in turn. At each grid point, the spherical harmonic decomposition of model and map
density was used to rapidly search all rotations of a backbone fragment against regions of
experimental density [33]. To further speed up matching, this rotation search was only carried
out at regions of high density (mean density Z score > 1 in a sphere around each grid point). For
each fragment, the top 2000 placements were collected using the approximated correlation score
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between backbone configurations and density [8], giving 50000 candidate placements per
sequence position.
Side-chain information was then used to further refine the placements and identify the
most likely placements where both backbone and physically realistic side-chain conformations
have good agreement to the local density. At each sequence position, the 50000 backbone
placements were then further refined with rotamer optimization and rigid-body minimization
using Rosetta. After this optimization, 2500 placements for each sequence position are selected
for each sequence position using the Rosetta full-atom density correlation score [8]. These
fragments were clustered (with 2 Å RMSd cluster radius), and the lowest density score member
was taken from each cluster. Finally, if there were more than 50 clusters, only 50 models were
carried over to model assembly.

2.2.3

Evaluating compatible set of fragments
From these fragment placements, we next want to select a mutually compatible set. We

assessed this compatibility using a scoring function with four terms:

𝑠𝑐𝑜𝑟𝑒!"!#$ 𝑭 = 𝑤!"#$

𝑠𝑐𝑜𝑟𝑒!"#$ 𝑓! +    𝑤!"#$%&'
!! ∈𝑭

+    𝑤!"#$%

𝑠𝑐𝑜𝑟𝑒!"#$%&' 𝑓! , 𝑓!
!! ,!! ∈𝑭

𝑠𝑐𝑜𝑟𝑒!"#$% 𝑓! , 𝑓! + 𝑤!"#$!
!! ,!! ∈𝑭

𝑠𝑐!"#$! 𝑓! , 𝑓!
!! ,!! ∈𝑭

The term scoredens measures the fit of a fragment to density, and is based on the density
correlation between the fragment after side-chain rotamer optimization and the experimental map
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[8]. The other three terms, scoreoverlap, scoreclose, and scoreclash, assess the compatibility of a pair
of fragments:
2

𝑠𝑐𝑜𝑟𝑒!"#$%&' 𝑓! , 𝑓! =   
!"! ,!"!   ∈  !! ,!!
!"# !"! !!"#(!"! )

𝑠𝑐𝑜𝑟𝑒!"#$% 𝑓! , 𝑓! =   

1 + exp   −8 ⋅

𝐶𝛼! − 𝐶𝛼! − 3

−1,

𝑓! − 𝑓! < 𝑚𝑎𝑥𝑑𝑖𝑠𝑡 𝑖 − 𝑗

  1,

𝑓! − 𝑓! ≥ 𝑚𝑎𝑥𝑑𝑖𝑠𝑡 𝑖 − 𝑗

𝑠𝑐𝑜𝑟𝑒!"#$! 𝑓! , 𝑓! =     
!"! ,!"!   ∈  !! !!

1,

𝐶𝛼! − 𝐶𝛼! ≤ 2.0

0,

𝐶𝛼! − 𝐶𝛼! > 2.0

−1

!"# !"! !!"# !"!   !  !

The term scoreoverlap gives a bonus to pairs of fragments that place the same residue nearby, with
a larger bonus for more overlapping residues; scoreclose penalizes pairs of fragments that put
residues close in the sequence further apart than maxdist, the maximum observed distance of
residues at a particular sequence separation; finally, scoreclash penalizes fragment pairs with two
residues occupying the same place.

2.2.4

Simulated annealing Monte Carlo sampling
Simulated annealing Monte Carlo sampling (SA-MC) was used to search for a set of

fragments that are mutually compatible. Each sequence position is initially assigned one random
(out of 50 possible) fragment placements or a “null placement” which handles the possibility that
there may be no good fragment placements at a particular sequence position. Each step in the
trajectory replaces the fragment at a particular position subject to the Metropolis criterion using
the scoretotal. For pairwise score terms, precomputing all pairwise scores allows for fast score
evaluation of a fragment assignment. To control precision versus coverage, we assign a density
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score, densnull, to the null placement; lower values lead to reduced coverage but more precision in
fragment placement. All experiments in the paper used densnull = -150. Finally, simulated
annealing was carried out by slowly reducing the temperature from 500 to 1 in 200 increments
with 5000 moves each. Total runtime was approximately 10 minutes per trajectory.

2.2.5

Iterative assembly of models
In many cases, there are a few similar fragment assignments with roughly equivalent

scores. To identify all of these alternate models, we run 2000 SA-MC trajectories. We use this
ensemble to find a high-confidence partial model to carry into the next round. From the lowest
scoring 5% of trajectories, we assemble a backbone model by identifying all residues that are
placed in the same position (with 3 Å tolerance) and taking the average backbone coordinate at
each residue position. If fewer than 70% of backbone residues have been assigned, we iterate
fragment matching and SA-MC assembly. The subsequent iteration of fragment matching was
carried out by first masking out density which has been assigned in the backbone model from the
previous iteration, then placing fragments only from sequence not yet assigned into density.

2.2.6

Completing models with RosettaCM
The final step in our approach is to rebuild the final set of unassigned residue positions in

the partial models using RosettaCM[34], a comparative modeling method. Unassigned sequence
positions in each partial model are rebuilt in the same manner as unaligned regions in
comparative modeling. RosettaCM is guided by the cryo-EM density maps in completing partial
models, by adding a score term assessing agreement of a model to experimental density during
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model-building and refinement with Rosetta’s physically realistic all-atom energy function[35].
With 20 percent score cut using Rosetta Score12, 10 lowest density score models were selected
from ~1000 models generated by RosettaCM.

2.2.7

Model-building with Buccaneer
Model-building with Buccaneer[26] used the same segmented maps and was provided

the same sequences as was our approach. Reflection data was computed from the cryo-EM maps
using phenix.map_to_structure_factors [36]. SIGF was set to F/10 for all reflections using
SFTOOLS from the CCP4 Program Suite v6.4.0 [37]. A map padding of 5 Å was added to the
border to ensure no effects from periodicity on model-building. We ran Buccaneer from the
CCP4 Program Suite v6.4.0 with mostly default setting: five cycles of building/refinement were
carried out using the correlation target function during model-building, with “use R-free”
disabled.

2.3

RESULTS

2.3.1

Overview of the protocol
Our approach for de novo interpretation of near-atomic-resolution density maps, outlined

in Figure 2.1, consists of three steps: (1) matching sequence-based local backbone conformations
into the density map; (2) identification of a maximally consistent subset of these fragment
matches and assembly into a partial model, and (3) completion of the partial model using
density-guided sampling and all-atom refinement.
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In the first step, for overlapping 9-residue windows of amino-acid sequence, we identify
segments (or fragments) of solved protein structures with similar local sequences and predicted
secondary structures [32]; this is analogous to the fragments used in Rosetta de novo structure
prediction [38]. For each fragment, a translation/rotation search identifies placements with good
map agreement (after optimizing side-chain conformations). After this first step, only small
subsets of these placements are located near the native position (Cα RMSd < 2.5 Å). To identify
these correct placements, we look for a mutually compatible subset of fragment placements.
Compatibility is assessed with a score function that favors fragment pairs with: (a) the same
residue in the same place, (b) residues nearby in sequence nearby in space, and (c) no two
residues occupying the same space. Simulated annealing Monte Carlo (SA-MC) guided by this
score function finds the maximally consistent subset of fragment placements from this larger set.
Fragment matching and SA-MC assembly are applied iteratively until >70% of the
sequence has been assigned into density. Each iteration places fragments from unassigned
sequence positions of the sequence into unoccupied regions in density (Figure 2.1 and Figure
2.2). Finally, the partial model from the final iteration is completed through rebuilding and allatom refinement using RosettaCM [34] guided by the experimental density data.

2.3.2

Evaluation on 9 cryo-EM maps with known structure.
We tested our method on a benchmark set of 9 proteins. These proteins range in size from

155 to 397 residues, include different fold types, and have experimental cryo-EM maps varying
in resolution range from 3.3 to 4.8 Å (Table 2.1). For each map, a single subunit was first
segmented from the entire density map. To simulate true de novo modeling, fragments from
proteins with similar structures and sequences were excluded while constructing the fragment
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libraries. In 7 out of the 9 cases, partial models from the final iteration of the de novo building
step are within 1.1-2.3 Å Cα RMSD from the experimental structures (Table 2.1 and Figure 2.2),
6 of which are more than 70% complete. These partial models were then completed and refined
using RosettaCM, yielding models with 1.3-2.2 Å Cα RMSd (2.0-3.1 Å all-atom RMSd) from
the experimentally determined structures. In contrast, Buccaneer [26], a widely used modelbuilding method from X-ray crystallography – while able to trace portions of the backbone for
all targets – only correctly identifies more than 5% of the sequence in 3 cases, and never
identifies more than 50% (Table 2.2).
Among the proteins in the benchmark set, TRPV1 [16] and FrhB [15,39] were proteins
with new folds solved recently by manually building models into cryo-EM density. Our method
automatically obtained completed models with 1.4 Å Cα RMSd model for TRPV1 and 1.7 Å Cα
RMSd for FrhB. To test the resolution limit at which de novo structure determination is possible,
a previously unpublished 4.8 Å resolution map from the 20S proteasome α-subunit (20S-α) was
used. At this resolution, the α-helix pitch is somewhat visible (Figure 2.2 and 2.3, leftmost
columns), however, β-strand separation is only barely resolved (Figure 2.3, leftmost column).
Using our approach, the final partial model – after 3 iterations– had 196 out of 221 residues
placed, with just 1.3 Å RMSd to the crystal structure (Figure 2.2). Using RosettaCM to build a
completed model, we obtained a 1.2 Å Cα RMSd model (2.0 Å all-atom RMSd). Despite the
lack of side-chain density details, side-chains in the core of the protein show very good
agreement to the deposited crystal structure (Figure 2.3, rightmost column).
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2.3.3

Iterative refinement increases model coverage
In all cases except one (TMV), more than one iteration was required to obtain a partial

model with at least 70% of the sequence placed (Table 2.1). For example, 20S-α took three
rounds to reach this level of coverage; the partial model after one round only had 34% of the
sequence placed (Table 2.1). The reason for this is that, even though in our fragment libraries
there are fragments that adopt near-native conformations for 78% of the sequence (Table 2.3),
near-native placements of some fragments do not score well enough initially to be carried over to
SA-MC assembly. To address this problem, we iterate fragment matching and assembly. After
each round, we assemble a consensus assignment, only containing fragments placed in similar
locations in all low-scoring SA-MC trajectories. These regions are locked, the corresponding
density is masked out, and another round of fragment search and SA-MC is carried out. This is
particularly valuable for accurately placing β-sheets, where density tends to have lower local
resolution. For example (Figure 2.3), in 20S-α, sequence positions at S3, S6 and S7 were
correctly traced only in the second round, and S1, S2, S5, S9 and S10 only in the third.
Moreover, as more fragments are placed accurately, SA-MC shows better convergence (Figure
2.3, rows 2 and 3).

2.3.4

RosettaCM shows robustness in building full-length models
The final step in our protocol is completing the partial models using RosettaCM guided

by experimental density data [34]. Here, unassigned sequence from the final partial model is
sampled through a combination of fragment insertion and minimization (see Methods). In four
of the cases from our testset, this leads to models that have similar or slightly higher RMSds than
the partial model from the final iteration, which is expected since the unbuilt parts are mostly
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loops or regions with less resolved density. However, in two cases – FrhA and 20S-α – we see an
improvement in overall RMS (Table 2.1). For FrhA, this improvement is particularly striking:
the Cα RMSd decreases from 2.3 Å to 1.3 Å. Figure 2.4 illustrates some improvements in the
structure: RosettaCM corrected several loop residues incorrectly placed into density from the
previous SA-MC assembly step. As indicated in Table 2.1, this rebuilding is consistent and
robust, with minimal structural deviation over the 10 lowest scoring models.

2.3.5

Causes for failure
In three of the cases in Table 2.1, our approach was unable to automatically determine

accurate models to more than 50% sequence coverage. This is clearly identifiable by the poor
sequence coverage of the models after a single round of modeling. There are two main reasons
why our approach may fail to recover accurate models. First, fragment quality is an intrinsic
limiting factor for our method. If a large portion of the protein does not have sufficiently
accurate fragment quality, it is not possible to accurately assign positions for these residues into
the map. BPP1 is one such case: almost half of the sequence positions have no fragments that
adopt native-like conformations (see Table 2.3, Cα RMSd < 1.5 Å). Second, building β-sheets
from fragments is difficult due to the conformational variability of sheets compared to helices.
STIV and VP6 are mostly β-sheet containing proteins, and our method was only able to build
models for the helical regions accurately (Table 2.1 and Figure 2.5). These failures suggest
possibilities for future method improvements.
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2.4

DE NOVO STRUCTURE DETERMINATION OF THE TYPE VI SECRETION SYSTEM
CONTRACTILE SHEATH

2.4.1

Results
Type VI secretion systems are bacterial virulence-associated nanomachines consisting of

proteins that are structurally and functionally related to the components of bacteriophage tails
despite shared with very low-sequence identity. With the collaboration with the lab of Basler at
the University of Basel, we applied our method on a reconstructed cryo-EM map of the
contractile sheath proteins of type VI secretion system (EMD-2699) at a resolution of ~3.5 Å,
with no detectable homologues of known structure. The asymmetric unit contained a heterodimer with 660 residues total. The helical reconstruction density map was firstly segmented
manually to be monomer by naïve guessing using the “Volume Cleaner” tool from UCSF
Chimera (Figure 2.6). Using the monomer map, eight iterations of our protocol generated a
partial model with 466 residues placed. In parallel, the map was manually traced with the aid of
Buccaneer in the lab of Basler. There is good overall agreement between two models: over 394
residues, the Cα RMSd is 1.1 Å (Figure 2.7). However, there are 35 residues where sequence
registration is shifted by six positions between the two models (Figure 2.8a and b, residues in
between orange and blue arrows). This segment is flanked by disordered residues; this combined
with the poor local resolution makes sequence assignment particularly difficult. The sequence
assignment made by our method shows better agreement with the density map than the handtraced model in this region (Figure 2.9). Additionally, our approach was able to assign sequence
in regions where the manual model did not (Figure 2.7 and Figure 2.9 c and d). The blind case
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shows that our approach is tolerant to errors in segmentation; although our manual segmentation
was imperfect, structure determination was still successful.

2.4.2

Combine the automated and manual models using RosettaCM
The two independently derived models showed reasonably good agreement: 394 residues

were assigned in both models with a Cα RMSD of 1.1 Å. However, there were parts of the
protein assigned in each model that were unassigned in the other. Thus, to build and refine the
final model, we used RosettaCM, a comparative modeling protocol that assembles protein
structures by recombining portions of several models (Figure 2.10); in this case, the inputs were
the two independently traced models. RosettaCM was guided by experimental density data, with
agreement to the density map as an additional score term while building and refining models. A
total of 1,000 models were generated, and a best model was selected based on the all-atom
energy plus the ‘‘fit to density’’ energy. Among the low-energy models RosettaCM generated,
the segment assigned by the automated method was exclusively chosen, again, suggesting our
assignment is more energetically favorable and hence correct. Combining our model with the
manual model in RosettaCM, we were able to build a full-length model for the hetero-dimer
VipA/VipB complex (Figure 2.11 and Kudryashev et al., 2015 [40]).

2.4.3

Structure refinement
Using this model, a final refinement step was carried out in the context of the

symmetrical assembly (Figure 2.13 and Figure 2.14), improving model geometry and relieving
clashes at the symmetric interfaces [41]. Residues shown as Ramachandran outliers were
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specified to refine in the Rosetta iterative backbone rebuilding and refinement protocol (Figure
2.10). The final model shows very good agreement to the density, with 504 of 558 traced
residues matching the map with real-space correlations of 0.60 or greater (using density_tools in
Rosetta), and very good model geometry, with 0.36% Ramachandran outliers, 0% rotamer
outliers, a Molprobity clash score of 2.15, and an overall Molprobity score of 1.38 [42]. To test
for overfitting during model-building, we uniformly perturbed the final model and refined it
against the independently generated EM map. A long refinement cycle (1,000 cycles of
backbone rebuilding) was used to ensure the refined model is unbiased from the model fit to the
original reconstruction. The resulting model had 0.34 Å Ca RMSd to the original model. Atomic
B factors were capped to 600 for heavy atoms and to 720 for H atoms.

2.4.4

Cross-validation of the model from a homologues protein determined recently
Along with our publication [40], the Zhou’s group from UCLA [43] also reported a

structure of the type VI secretion system contractile sheath from Francisella tularensis, which
shared ~40% sequence identity with the structure we reported. This serves a great opportunity to
validate the model determined by the newly developed de novo model-building method. We
compare our model and the model determined by the Zhou group, focusing the two regions
(Figures 2.8A and 2.8C) we had reported that the automated method has advantages over the
manual model tracing from the lab of Basler. Although the two sequences are not identical in the
structures, the sequence features, for example prolines and aromatic residues (Figure 2.15 and
2.16), assigned in both models suggest the model determined by the automated method is
accurate.
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2.5

DISCUSSION
We have developed a method for automatic de novo protein structure determination from

near-atomic-resolution cryo-EM data, and demonstrated its applicability to a wide range of
datasets. Our method uses predicted backbone conformation to aid in sequence assignment,
allowing determination of structure to atomic-level accuracy without requiring prior knowledge
of protein topology from homologous structures or manually traced models [23,24]. It is our
hope that this becomes a routine method for determining structures from cryo-EM maps with
near-atomic resolution.
The key concept introduced in this chapter -- that local sequences have preferences for
certain backbone conformations -- has previously been used to predict structures of small
proteins (< 100 residues) [5] de novo, and larger proteins through incorporating sparse backboneonly NMR data [6,44,45]. However, no previous approach in protein structure prediction has
used this concept in conjunction with experimentally determined local Cartesian-space restraints
to restrict conformational space. The method described here should provide a general framework
for the use of these types of sparse experimental constraints in protein structure determination.
Several improvements will increase both the applicability and accuracy of our approach.
Our tests assumed a map where the asymmetric unit was segmented. While manual segmentation
is often straightforward (as in the blind case), it may prove difficult in highly intertwined
structures. An obvious future research direction is incorporation of symmetry information in the
modeling procedure. Additionally, further improvements of the method on all-β proteins are
necessary. Incorporating strand-pairing bonuses in the scoring function combined with more
aggressive fragment optimization into density should improve accuracy with all-β proteins. Our
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approach is amenable to incorporation of additional structural information: known structures of
components are easily incorporated, experimentally derived pairwise distance restraints may
guide conformational sampling, and Cα traces provided by users. As techniques in cryo-EM
continue to improve, more maps will be available at near-atomic resolution. Our method should
contribute to the determination of high accuracy models from such maps, reducing human effort
and errors due to human biases.
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Partial model!
1. Place fragments into density!

MYPRQTIENSEQVENCE…

2. Compatibility score function!

Density correlation
score

Closability score

Overlap score
1

45

2

3

2

3

4

Clash score
3

37

6-dimensional
search

3. Monte Carlo sampling!

4. Consensus assignment!

Complete model!

1

2

3

168

4
Iterate until ~70% of sequence is covered

Figure 2.1. Protocol Overview.
First, for a 9-residue window centered on each position in the sequence, representative backbone
conformations (fragments) are collected and docked into the density map. Second, the resulting
fragment placements are then evaluated using a score function consisting of four terms: a density
correlation term assessing the agreement of fragment and map; an overlap term favoring
fragment pairs assigning the same residue to the same location; a closability term favoring
fragment pairs close in sequence that are close in space; and a clash term preventing two residues
from occupying the same place. Third, from the candidate placements (square green blocks),
simulated annealing Monte Carlo finds a set of fragments (square orange blocks) optimizing the
score function; a null placement (empty blocks) may be assigned in positions where no good
placements have been identified. Fourth, a partial model is assembled by combining fragment
placements from multiple Monte Carlo trajectories. Steps 1–4 are carried out iteratively until
~70% of sequence is covered. Finally, unassigned regions in the final partial model are
completed using density-guided loop sampling followed by all-atom refinement.
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Final Partial Model!

Comparison to Native!

FrhA!
3.4 Å !

FrhB!
3.4 Å !

TRPV1!
3.4 Å !

20S-α!
4.8 Å !

Density!

Figure 2.2. High-accuracy model-building in near-atomic resolution cryo-EM maps.
(Leftmost column) The density maps used for de novo model-building on 20S-α at 4.8 Å,
TRPV1-TM at 3.4 Å, FrhB at 3.4 Å, and FrhA at 3.4 Å (Row 1 to 4, respectively). (Column2)
The partial model at the final iteration. (Column 3 and 4) Full-length RosettaCM models (red)
are superimposed with the native structure (blue). Each sub-figure shows the lowest-RMSd
structure from 10 lowest-electron-density-score models (left) with a close-up of the core showing
that native core packing is recovered (right).
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Partial model
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Figure 2.3. Iterative approach.
Model-building for the 20S α-subunti in a 4.8 Å resolution cryo-EM map required three
iterations, illustrated in the three rows in the figure. In leftmost column, the density map used for
the corresponding iteration, after masking out density from the previous round’s partial model. In
column 2, the assembled partial models after Monte Carlo sampling (colored blue at the Nterminus to red at the C-terminus). In column 3, fragment placement results after translation and
rotation search. The x-axis covers the sequence of the protein, and each black point represents a
single fragment placement; the y-axis indicates the distance of the fragment placement to the
native conformation. Pink points indicate fragments chosen to assemble the partial model, and
the grey shading shows residues covered in the partial model. Secondary structural elements in
the native are indicated above the plot, where H indicates helix and S indicates strand. In
rightmost column, convergence of Monte Carlo trajectories. Each point represents the fragment
assignment of an independent search trajectory, colored by number of total fragments placed.
The X-axis indicates the percentage of fragments placed within 2.5 Å RMSd to the native
configuration, while the Y-axis shows the score with the fragment compatibility function. The
horizontal dashed line shows the score cut used for partial model generation.
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a

b

Final Partial Model!

Full-length !
RosettaCM Model!

Figure 2.4. RosettaCM fixes placement errors in the final partial model of FrhA.
(a) One case where there is an error in fragment placement. (b) Density-guided rebuilding in
RosettaCM is able to correct this error as the missing residues are rebuilt. The backbone trace in
grey indicates the native structure (4ci0).
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Partial Model

Native

Rotavirus-vp6
3.8 Å

Density

STIV
3.9 Å

1.62 Å
52.1% (207/397 rsds)

2.46 Å
20.0% (69/345 rsds)

Figure 2.5. Problems in building β-sheets.
Each row indicates a case where our automatic approach failed to determine the structure: VP6 at
3.8 Å (top) and STIV at 3.9 Å (bottom). Illustrated are the density map (left), the partial model
at the iteration with highest accuracy (middle), and the native structure (right).
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Figure 2.6. Manually truncation of the asymmetric unit of the VipA/VipB complex
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Manual model!
513 residues !

Automated model!
446 residues!

Figure 2.7. Comparison of automated model-building (right) and manual model-building (left).
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Figure 2.8. Blind structure determination.
An error in the manually traced model (pink, A) is corrected by our method (green, B). The
arrows in black show the positions of two residues in both models (F95 and F101), highlighting
the six-residue registration shift between the models. Orange and blue arrows in A and B indicate
the beginning and end of the region with the sequence registration discrepancy. (C) A partial
trace generated by our method in a region where manual tracing was impossible. (D) The fulllength RosettaCM model at the same region shows good agreement with the map.
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Figure 2.9. Real-space density correlation over ambiguous region in the map.
A structural alignment of the residues with a discrepancy in sequence registration is indicated on
the x-axis (the residues in between the orange and blue arrows in Figure 3a and 3b). The
sequence assignment of the automated and manual models is labeled on the upper and lower
axes, respectively. The blue line (automated model) and the red line (manual model) show the
real-space density correlation for each assignment (y-axis). Real-space density correlation was
calculated using density_tools in Rosetta with a 2.5Å mask.
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template 1

template 2

black: native

RosettaCM model
Figure 2.10. The concept of RosettaCM – combining conformation information from multiple
templates.
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VipB!

VipA!
Figure 2.11. The complete model was determined using information from both automated and
manual models using RosettaCM.
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Figure 2.12. Ramachandran plots to show the improvement of backbone geometry before (left)
and after (right) structure refinement using Rosetta iterative backbone rebuilt and all atom
refinement.
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Figure 2.13. The overview of the assembly of VipA/VipB complex revealed by cryo-EM
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Figure 2.14. The “handshake” domain of the VipA/VipB assembly.
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Automated model

UCLA model

Figure 2.15. Comparison of the structure determined by the automated method and by the
homologous structure determined by a UCLA group.
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Automated model

UCLA model

Figure 2.16. Comparison of the structure determined by the automated method and by the
homologous structure determined by a UCLA group.
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Table 2.1. Model-building in near-atomic-resolution cryo-EM maps
Partial model
Target

PDB ID
(chain)

EMDB
ID

Fold

Reported
resolution
(Å)

Length
(aa)

Round1
Cα RMSd
[Å] (%)

Final
Cα RMSd
[Å] (%)

Completed model
Lowest
Cα RMSd a
[Å]

TMV
3j06 (A)
5185
α
3.3
155
1.3 (81)
1.3 (81) e
f
TRPV1
3j5q (A)
5778
α
3.4
310
1.1 (46)
1.1 (76)
FrhA
4ci0 (A)
2513
α/β
3.4
385
1.0 (74)
2.3 (91)
FrhB
4ci0 (C)
2513
α/β
3.4
280
1.2 (74)
1.4 (85)
FrhG
4ci0 (B)
2513
α/β
3.4
228
1.4 (46)
1.6 (73)
BPP1
3j4u (A)
5764
α/β
3.5
327
17.2 (42)
17.2 (42)
VP6
1qhd (A)
1461
α/β
3.8
397
1.2 (37)
1.6 (52)
20S-α
1pma (A)
TBD
α/β
4.8
221
1.3 (34)
1.3 (88)
STIV
3j31 (A)
5584
β
3.9
344
2.5 (20)
21.9 (26)
Numbers in parentheses from all RMSD columns represent the percentage of sequence covered in the partial model.
a
The model is selected among 10 lowest density score models.
b
All-atom RMSD is calculated from the model reported for lowest Cα RMSD using all non-hydrogen atoms.
c
Mean values of Cα RMSD from the 10 lowest density score models.
d
Standard deviation.
c
Only one iteration of model-building was run.
f
Only the transmembrane domain (residue 381-719) was used here.
g
Full-length modeling is not carried out.

1.7
1.4
1.3
1.7
2.2
-g
1.2
-

All-atom
RMSd b
[Å]

Mean
Cα RMSd c
[Å] (σ d)

2.6
2.2
2.1
2.5
3.1
2.0
-

2.1 (0.2)
1.8 (0.3)
1.7 (0.2)
2.0 (0.2)
2.6 (0.3)
1.2 (0.0)
-
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Table 2.2. Model-building results using Buccaneer

a

Target

Length (aa)

Cα-atom
placed

Sequence
registered

Correctly
registered a

TMV

155

145

56

0

TRPV1

315

257

190

0

FrhA

386

382

367

185

FrhB

281

192

186

126

FrhG

228

242

190

63

BPP1

327

339

162

0

VP6

397

405

155

0

20S-α

221

224

135

7

STIV

345

553

259

0

Residues within 2.5 Å to the deposited structures are considered correctly
registered.
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Table 2.3. Fragment quality for the benchmark proteins
Number of positions with a fragment adopting a native-like
conformation

Target

Total
fragment
positions
[count]

0.5 Å
Cα RMSd
[count](%)

1.0 Å
Cα RMSd
[count] (%)

1.5 Å
Cα RMSd
[count] (%)

2.0 Å
Cα RMSd
[count](%)

TMV

147

50 (34.0)

76 (51.7)

95 (64.6)

111 (75.5)

TRPV1

307

145 (47.2)

204 (66.4)

243 (79.2)

269 (87.6)

FrhA

378

154 (40.7)

245 (64.8)

293 (77.5)

329 (87.0)

FrhB

273

83 (30.4)

163 (59.7)

198 (72.5)

237 (86.8)

FrhG

220

62 (28.2)

114 (51.8)

148 (67.3)

182 (82.7)

BPP1

319

49 (15.4)

117 (36.7)

170 (53.3)

219 (68.7)

VP6

389

107 (27.5)

183 (47.0)

237 (60.9)

298 (76.6)

20S-α

213

73 (34.3)

132 (62.0)

165 (77.5)

194 (91.1)

STIV

337

45 (13.4)

128 (38.0)

210 (62.3)

270 (80.1)
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Chapter 3. STRUCTURE DETERMINATION OF MULTICOMPONENT PROTEIN COMPLEXES
3.1

INTRODUCTION
Molecular assemblies and machines play crucial roles in a wide variety of biological

structure and function. Structures of such assemblies solved by X-ray crystallography have
increased our understanding of how biological systems work. However, due to their complexity
and large size, many protein complexes cannot be crystallized. Cryo-EM and improved image
processing techniques have made it possible to carry out structural studies of such
macromolecular complexes. Three-dimensional single particle reconstructions typically produce
electron density maps with low resolution, where the molecular envelope of the complex is
visible. By fitting atomic-level structures of components accurately into these maps, pseudoatomic models of the assembly can be obtained. The components of assemblies may be placed
accurately with the aid of rapidly growing and mature experimental methods such as NMR and
cross-linking data [46], as well as evolutionary information such as predicted residue-residue
contacts from protein sequence co-evolution [47,48]. By using computational modeling methods
that use this data together with low-resolution cryo-EM maps, modeling the structure of
molecular machines with atomic level accuracy may be possible.
Fitting multiple components into a density map is a considerable challenge, especially
when symmetry operations cannot be applied to reduce the number of degrees of freedom.
Several studies have approached this problem [49,50], however, none were able to handle more
than seven components, and none were able to produce high-resolution models of assemblies.
Many molecular assemblies and machines are composed of more than 20 subunits. Rosetta is
capable of producing atomic-level models of symmetrical molecular machines with and without
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using sparse experimental data [51,52]. Our goal is to develop a generalized protocol to
determine the structures for multi-component complexes using medium- to low-resolution cryoEM maps with atomic accuracy.
In this chapter we describe a new approach to assemble complexes from component
structures in medium-resolution (5–15 Å) cryo-EM maps. The approach starts by docking likely
configurations of each component structure in the density map through a six-dimensional search.
Monte Carlo sampling guided by a score function finds solutions of component placements that
are mutually compatible. The protocol is similar to the place-and-assemble scheme from Chapter
2, and involves two steps (Figure 3.1): first, subunits are placed into density, and second,
subunits that are compatible with each other are identified. For each subunit, many alternative
placements are saved into a list of possible placements for each subunit, and then configurations
with multiple subunits will be searched using Monte Carlo sampling to optimize a score function
that considers the following: (1) the fit of each subunit to the density map, (2) loop closability of
termini between subunits (if applicable), and (3) clashes between subunits. We applied the
method to a 6.5 Å resolution cryo-EM map of the peroxisomal Pex1/Pex6 ATPase complex, a
trimeric double-ring AAA+ molecular machine comprised of eight domains with only two
unique topologies.
Pex1 and Pex6 are members of the AAA family of ATPase, which contain two ATPase
domains in a single polypeptide chain and form hexameric double rings. These two Pex proteins
are involved in biogenesis of peroxisomes, and mutations in them frequently cause diseases. To
determine the structure for Pex1/Pex6 complex, the labs of Rapoport and Walz used singleparticle cryo-EM to get a ~7 Å resolution density map (Figure 3.2A). However, structure
determination of Pex1/Pex6 complex served a certain extent of challenge although sharing
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similar double-ring architecture with p97. First, there are only two distinct topologies shared by
eight domains in the asymmetric unit of the Pex1/Pex6 complex (Figure 3.2 B). Homology
detection using HHsearch [53] suggests that both Pex1 and Pex6 proteins contain two N-terminal
domains (designated N1 and N2 sequentially) that share the double Ψ-β barrel fold to the single
N-terminal domain of p97 and NSF, and two C-terminal domains (designated D1 and D2
sequentially) that share the AAA-ATPase fold to the two C-terminal domains of p97 and NSF
(Figure 3.4 B) This poses challenging problem of determining positions and orientations of 8
domains of two protein folds for the Pex1/Pex6 complex. Second, the low-sequence identity
alignments of two N domains of Pex1/Pex6 proteins pose a challenge of modeling the proteins
accurately using detected templates. The sequence alignments with homologues of known
structure indicate the N2 domain of Pex1 and the N1 domain of Pex6 have only templates with
low-sequence (<10%) identified. Third, in the asymmetric unit of the complex only 7 out of 8
domains are present in the density map, where one double Ψ-β barrel domain is missing. From
the 2D class averages of negative-stain images (Figure 3.2 C), it appears that there is one domain
showing flexible. Sharing with the same protein fold, the missing domain could be any of the
four N domains from Pex1/Pex6 proteins. Together, to build a high-resolution model for the
Pex1/Pex6 complex, we need to build individual models from low-sequence identity templates
using comparative modeling, as well as assemble the constituting models. To overcome these
challenges, we applied a hybrid approach that employed a newly developed complex assembly
algorithm with the component models built from a density-guided comparative modeling method
(outlined in Figure 3.3). We uniquely identified the placement of domains, unambiguously
determining the structure of the complex. Further experiments carried out by our collaborators
validated that my domain placement was correct.
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3.2

METHODS

3.2.1

Template identification and domain placement
We first used three different sequence-alignment packages (HHsearch [53], RaptorX

[54], and SPARKS-X [55]) to find structural templates for each domain of Pex1 and Pex6. This
procedure identified the domain organization of each protein, with the D1 and D2 domains
having AAA ATPase folds and the N1 and N2 domains having Ψ-β barrel folds. We initially
used two model template structures, 1iy2A for the AAA domain and 1wlfA for the Ψ-β barrel
fold, to identify the likely placements of each domain in the density map. The search used the
spherical harmonic decomposition [33] of both model and experimental density maps to search
over rotational space; the rotational matching was carried out over all possible translations. After
the search, the 10,000 top-scoring placements for each template were selected. In a second step,
the placements were clustered and ranked by using a more precise masked density correlation to
replace the spherical harmonic decomposition. This protocol resulted in five high-confidence
placements for the Ψ-β barrel fold and four high-confidence placements for the AAA domain.
Next, we attempted to place individual homology models for the domains of Pex1 and Pex6 into
the preliminary positions of the Ψ-β barrel or AAA-ATPase folds. The RosettaCM comparative
modeling pipeline [34] was employed to generate threaded templates (partial threads that include
only the aligned residues for each template) for each of the domains of Pex1 and Pex6. Each of
the partial threads was superimposed on the corresponding topology placements from the
previous step, and was further refined using rigid-body minimization into the local density. For
each domain of the Pex1/Pex6 complex, the ~100 best positions for the partial threads were
retained for assembly of the full complex.
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3.2.2

Assemble placements of partial threads using Monte Carlo sampling
In the next step, all eight domains of Pex1 and Pex6 were placed into the density map

simultaneously. The placement was done with a simulated annealing Monte Carlo (MC)
sampling procedure, in which each combination of domain placement is assigned a score. The
scoring function assesses the agreement of an assignment to the density data (scoredensity), as well
as the consistency of a domain assignment. Consistency assesses whether neighboring domains
clash with one another (scoreclash) and whether they can be connected with the known linker
lengths (scoreclosability). The scoring function thus has three terms:

𝑠𝑐𝑜𝑟𝑒!"!#$ 𝑫 = 𝑤!"#$%&'

𝑠𝑐𝑜𝑟𝑒!"#$%&' 𝑑! +    𝑤!"#$%&'"'()
!! ∈𝑫

+ 𝑤!"#$!

𝑠𝑐𝑜𝑟𝑒!"#$%&'"'() 𝑑! , 𝑑!
!! ,!! ∈𝑫

𝑠𝑐𝑜𝑟𝑒!"#$! 𝑑! , 𝑑!
!! ,!! ∈𝑫

Here, D=[ d1,…,d8 ] is a combination of placements of the eight domains into the density. We
included the possibility that a domain might not be represented in the density map.

The term scoredensity assesses the agreement of a domain placement to the experimental map, and
is a function of the real-space correlation between the density expected from the model and the
observed density [8].
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The term scoreclosability gives a bonus when sequence-adjacent domains are placed close to each
other. It is only nonzero for pairs of domains adjacent in sequence, and is dependent on the linker
length connecting the two domains as well as the distance that a linker must cover in a particular
model:

𝑠𝑐𝑜𝑟𝑒!"#$%&'"'() 𝑑! , 𝑑! =   

𝑆( 𝑖 − 𝑗 ) ∙ (𝑑! − 𝑑! ),

𝑑! − 𝑑! < 𝑚𝑎𝑥𝑑𝑖𝑠𝑡 𝑖 − 𝑗

  100,

𝑑! − 𝑑! ≥ 𝑚𝑎𝑥𝑑𝑖𝑠𝑡 𝑖 − 𝑗

Here, maxdist is the maximum distance that a linker of known length can cover, based on
distances observed in known structures. Placing domain pairs such that their termini are farther
apart than this distance incurs a large penalty (100). For gap distances less than maxdist, there is
a weaker penalty that favors domain termini placed closer together. The penalty takes the form
S·dist, where the coefficient S depends on the number of residues in the linker. Its value is
generally near 1 and somewhat larger for linkers with fewer residues.

The term scoreclash penalizes clashes between domain pairs. The clash penalty is relatively small
since some overlap is possible because we are starting with partial threads rather than actual
structures.
  
𝑠𝑐𝑜𝑟𝑒!"#$! 𝑑! , 𝑑! =     
!"! ,!"!   ∈  !! !!

1,

𝐶𝛼! − 𝐶𝛼! ≤ 2.0

0,

𝐶𝛼! − 𝐶𝛼! > 2.0
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Simulated annealing Monte Carlo (MC) optimization [56] was then used to find the best domain
assignment. The MC trajectory samples domain assignments, uses scoretotal to evaluate each,
and accepts or rejects each assignment using the Metropolis criterion . The temperature of the
trajectory was reduced from 500 to 1 in 100 increments of 1000 steps each; the runtime for each
trajectory was approximately 30 sec.
Weights were initially tuned using synthetic density data derived from multiple protein
complexes that have known crystal structures. This analysis showed that wdensity=1, wclosability=10,
and wclash=10 yielded a large score gap between the correct solution and highest-scoring incorrect
solution (unpublished data). As each term basically behaves as a soft step function, we expect
that the results of the method are largely insensitive to the exact values on the individual weight
terms; a wide variety of weights will give the same results below and above the step.
To better illustrate the contribution of the experimental data term (scoredensity) and the
modeling gemoetry terms (scoreclash and scoreclosability), we plot the scores for all the visited MC
trajectories, as opposed to the final converged trajectories shown in Table 3.1). Shown in Figure
3.7, the dynamic range from scoredensity is small (~100 unit). As the result of that, the
discrimination power with this term alone is weaker given that there are only two topologies
shared by eight domains. Indeed, as shown in Figure 3.8, when we take the second and third
solutions, ranked using scoredensity alone, the solutions have linkers that are physically almost not
closable. The problem inherited from the difficulty of determining structure for the Pex1/Pex6
system could therefore be alleviated by using the scoreclosability to reward placement solutions with
linkers having shorter distances to close.
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3.2.3

Second iteration of Monte Carlo sampling using refined models
The first application of MC optimization was carried out using partial threads of

individual domains as input. This initial assembly converged upon four possible domain
assignments. Next, we used the full sequences of the individual domains (not just the partial
threads). For each of the four possible domain assignments, we used RosettaCM to rebuild
unaligned residues and refine each domain into the density map (modeling was done per domain
for tractability). RosettaCM builds protein structures by combining segments from multiple
homologs, with an additional term assessing agreement of a model to density [8,34]. The
resulting models were used as input for a second iteration of MC optimization. This second
iteration gave a much better separation between the best and next best domain placements
(Tables 3.1 and 3.2). In the best domain placement, the N1 domain of Pex1 is omitted.
Finally, full-length models were constructed in RosettaCM by rebuilding the linkers
connecting individual domains, and refining the symmetrical assembly into the symmetrized
density map. While this gave good agreement over most of the structure, the D2 domains poorly
fit the symmetrized map. We then further refined the D2 domains into the unsymmetrized map
of the Pex1/Pex6 complex in ATPγS. Initially this refinement was carried out using a model of
only the six D2 domains from the symmetric model. Next, the loops connecting D1 and D2 were
rebuilt (using RosettaCM) and the complete complex was refined using both RosettaCM and a
Rosetta iterative local rebuilding protocol [57]. This model was used as a starting point for
allatom refinement of the Pex1/Pex6 structure in ADP using the Rosetta relax protocol.
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3.3

RESULTS
The HHsearch algorithm [53] predicted that both Pex1 and Pex6 have two N-terminal

domains, designated N1 and N2, which have a double Ψ-β barrel fold, followed by tandem AAA
ATPase domains, D1 and D2. The D2 domains of Pex1 and Pex6 have structural homologs of
high sequence identity (∼40%), whereas the N and D1 domains have only low sequence identity
templates (<20%). However, even for the least conserved domain by sequence identity, the N2 of
Pex1, the identified structural homologs all share the same overall fold (Figure 3.2B), although
these templates are as different from one another by sequence identity as they are from the Pex1
domain.
To place the domains of Pex1 and Pex6 into the density map, we developed a method for
the assembly of protein complex models. We first used a known representative Ψ-β barrel and a
known AAA-ATPase domain structure from the Protein Data Bank (PDB) to identify the
location of these domains in the density map. To this end, a full rotation and translation search
was performed in the asymmetric unit of the symmetrized cryo-EM map, identifying candidate
placements for each fold (Figure 3.2B). This preliminary positioning into the cryo-EM density
map resulted in an average real-space correlation of 0.7, calculated per domain with the “fit to
density” tool in UCSF Chimera. The agreement to the density map suggests that the domain fold
identification results from HHsearch are reliable.
Next, we replaced these representative placements with the actual, unique domains of
Pex1 and Pex6 from homology search. We used the RosettaCM pipeline [34] to generate ∼25
structural homology models for each domain. In each case, nonaligned residues were excluded,
resulting in partial models. Positioning each partial model in the identified candidate placements
from the previous step resulted in ~100 placements of partial model for each domain. We then
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sought to identify mutually compatible domain placements from the combinations of these
placed partial models for all domains. Compatibility was assessed with a scoring function that
evaluates the quality of the fit into the density map, the degree of clashes between domains, and
consistency with known linker lengths between adjacent domains in a polypeptide chain. Four
possible domain assignments emerged. To distinguish among these, for each domain assignment
we added the unaligned residues originally omitted in the partial models and used RosettaCM to
rebuild and refine each domain to better fit the EM density map. Using these refined homology
models, we again looked for mutually compatible domain placements through optimizing the
compatibility scoring function. A single solution stood out, from which the N1 domain of Pex1
was excluded from the domain assignment. Although the same domain placement emerged as the
best solution using partial and complete amino acid sequences, the score difference from
alternative solutions was significantly increased (Table 3.2). This domain placement is
distinguished from the next best solutions by a large score gap (Figure 3.7 and Table 3.1).
Furthermore, the top solution fits the density map better than the next best (Figure 3.6). Even if
we consider fit-to-density or geometry criteria individually, the identified model has the best
score (Figure 3.7). When the fit to the experimental density map was used as the sole criterion,
the two best alternative solutions have the polypeptide chain termini in consecutive domains so
far apart that they are very difficult to be connected by the corresponding linker; they are
therefore highly disfavored by the geometry terms (Figure 3.8). Taken together, these results
show that the domains can be unambiguously placed into the density map.
We completed the structure by building the linkers between domains using RosettaCM,
and performed density-guided all-atom refinement in the context of the full assembly [34]. The
resulting symmetric model of the Pex1/Pex6 complex showed good agreement with the density
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map, particularly in the N and the D1 domains. To improve the model for the D2 ring, we used
the unsymmetrized density map, which contains better resolved density in the D2 ring than the
symmetrized map. Further refinement of individual D2 domains, followed by reassembly into the
full-length proteins and refinement of the full-length proteins, resulted in a model for the entire
complex. This final model fits well into the entire unsymmetrized EM density map (Figure 3.10).
Using the novel multi-component complex assembly method, our models determine the
alternative assignment of Pex1 and Pex6, and predict that the N1 domain of Pex1 is missing.

3.3.1

Confirmation of the structures determined by the novel method
With the models of the Pex1/Pex6 in hands, our collaborators, the labs of Walz and

Rapoport, carried out a series of experiments to validate the models. They noticed that treatment
of the Pex1/Pex6 complex with elastase or trypsin truncated Pex1, but left Pex6 intact (Figure
3.9A). They carried out mass spectrometry on fragments generated with these proteases, and
found that Pex1 was truncated at the N terminus, resulting in a fragment that lacks only the N1
domain. They therefore purified the elastase-treated Pex1/Pex6 complex by gel filtration (Figure.
3.9A, the green arrow) and used it for cryo-EM analysis. A low-resolution map, generated from
5,000 particles, was completely superimposable onto a map of the full-length complex low-pass
filtered to the same resolution (Figure 3.9). The similarity of the structures of the proteolyzed
and nonproteolyzed samples provides strong evidence that our model correctly assigned the
domains of Pex1 and Pex6. Through analyzing negative-stain EM images using 2D clustering
with the iterative stable alignment and clustering procedure, they discovered that, in many of the
classified images displayed additional density at varying locations on the side of the triangular
complex (Figure 3.2C). The position of the domain is consistent with the expected location of the
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linker to the N2 domain of Pex1. Altogether, the cryo-EM structures of the nonproteolyzed and
proteolyzed Pex1/Pex6 complex, the 2D class averages of negative-stain images, and the
modeling all support the conclusion that the N1 domain of Pex1 is attached through a flexible
linker to the rest of the complex. In addition to it, our assignment of Pex1 and Pex6 is also in
agreement with a recent low-resolution structure determined by negative-stain EM, in which the
position of Pex6 was determined by fusion to the maltose-binding protein [58]. Finally, all the
experimental data provide strong validation for the computational domain placement procedure.

3.4

CONCLUSION
We have developed a novel method for structure determination of multi-component

macromolecular complexes from medium- to low- resolution cryo-EM maps. Using Pex1/Pex6
as an example, where experts had problems to determine the structure unambiguously, we
establishes a precedent for generating a molecular model of a protein complex from a
intermediate-resolution EM map. Whereas previous modeling approaches placed known crystal
structures into the density map and used flexible fitting to improve the fit, our methodology uses
density-guided comparative modeling of putative domain placements, followed by Monte Carlo
sampling to identify the correct configuration of domains. This novel method allows modeling in
cases where only structures of distantly related proteins are known or where domains of similar,
but nonidentical, structure need to be placed into the density map. We anticipate that this
approach will also be applicable to many other cases in which atomic resolution has been
impossible to achieve.
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Assembly of multi-component complexes

6D search

1.3 Å

Place component
structures into the map!

Assemble the complex by
finding component placements
that are compatible!

Figure 3.1. Concept of the algorithm used in the assembly of multi-component complexes.
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Figure 3.2. Challenges of structure determination for the Pex1/Pex6 protein complex.
(A) Overview of the architecture of the Pex1/Pex6 complex. (B) Domain arrange of the
Pex1/Pex6 complex with a cartoon representation of the trimer of heterodimeric Pex1/Pex6
complex. Pex1 and Pex6 proteins share a similar domain arrangement with two N domain at Ntermius predicted to be a psi-beta barrel scaffold, and D domains at C-terminus predicted to be a
AAA-ATPase fold. In the asymmetric unit, although predicted to contain 8 domains, there are
only 7 domains present in the 3D cryo-EM reconstruction, containing three N-domains and four
D-domains. One of the N domains from either Pex1 or Pex6 protein is missing. (C) 2D cluster
images indicate that there is a flexible domain at the apex of the triangle-like Pex1/Pex6
complex.
*(A) and (C) are figures reproduced from Blok et al. PNAS (2015)[59]
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Place partial threads of each domain
into the density map!

1st iteration of Monte Carlo sampling to
filter out impossible domain placements!

Density-guided comparative modeling
based on the MC solutions!

2nd iteration of Monte Carlo sampling
using the homology models as input!
Figure 3.3. Protocol used in determining the structure for the Pex1/Pex6 complex.
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Pex1
Figure 3.4. Monte Carlo sampling of structure placements.
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Figure 3.6.. Fit to the density map of the best domain placement and the top scoring incorrect
placement.
(A) Fit of the best solution of domain placement into the overall density map of the Pex1/Pex6
complex. The domains are colored from blue to red as indicated in the scale. (B) As in A, but for
the top incorrect solution. (C) A close-up view of two regions of the density map, demonstrating
that the best solution fits the density map. (D) As in (C), but for the top incorrect solution. Note
that in this case, the model is outside of density in one region (top) and does not fully account for
all the observed density in the other (bottom).
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Figure 3.7. Score contribution of density and geometry terms in domain assembly.
The left panel shows the score difference between the best solution (highlighted with a red
arrow) and all other solutions visited by Monte Carlo trajectories before convergence (converged
states shown in Table 3.2). The middle and right panels shows for the same set of models plots of
the score contribution of the density and geometry terms alone (scoredensity and scoreclosability plus
scoreclash, respectively).
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Figure 3.8. Comparison of the top three sampled domain placements using only fit-to-density as
criterion.
The top three sampled solutions are shown using the density score term alone (scoredensity),
without geometry terms. The domain placements in the asymmetric unit of the Pex1/Pex6
complex are shown with a rainbow color scheme indicated on the far right. The left panel shows
the determined solution. The right two panels show the top two incorrect solutions by density-fit
alone. Both of these solutions feature termini placements that are impossible to close with
linkers of the given length. In the structure shown in the middle, the distance from the Cterminus of the Pex6 N2 domain (P426) to the N-terminus of the D1 domain (Y446) is ~73 Å. In
the right structure, the distance from the C-terminus of the Pex1 N2 domain (H414) to the Nterminus of the D1 domain (E430) is ~62 Å.

B
A

10

7 .1 .3
3. 11 33

0

ypsin

170 kDa
130 kDa
100 kDa

63
se e d io
ta lyz trat
s
o il
a
el ote l F
W o r e
M N P G

n

BC

Wild Type

Proteolyzed

Top

55 kDa
35 kDa

Side

90°

15 kDa

Proteolyzed

Figure 3.9. Experimental verification of the model for the Pex1/Pex6 complex.
(A) SDS-PAGE of the sample of the Pex1/Pex6 complex under treatments of proteases. After
proteolysis experiment, fragments are shown on the lane labeled as “Proteolyzed”. Mass
spectroscopy analysis indicated that the fragments belong to the N1 domain of Pex1 (red
arrows), which is consistent with the model determined by the novel computational method. The
sample with N1 domain of Pex1 cleaved was subjected to gel-filtration (green arrow), and was
examined using single-particle reconstruction. (B) Comparison of the cryo-EM reconstructions
of the wild-type (blue) and proteolyzed (purple) Pex1/Pex6 complex.
* The entire figures were reproduced from Blok et al. PNAS (2015) [59]
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Figure 3.10. The asymmetric structure of the Pex1/Pex6 complex.
(A) The overall structure of the Pex1/Pex6 determined at the asymmetric state. (B) The quality of
the structure determined using Rosetta. As shown in the figure, almost all the density can be
explained using Rosetta structural modeling techniques.
* The entire figure is adopted from Blok et al. PNAS (2015) [59]
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Table 3.1. Comparison of scores of different domain placements after the second round of
Monte Carlo assembly.
Placement

Score

Number of
decoys

Score – Score (best)

A:0 B:5 C:6 D:7 E:1 F:3 G:8 H:9

-912

3489

0

A:0 B:3 C:8 D:9 E:1 F:5 G:6 H:7

-806

3214

106

A:0 B:3 C:8 D:7 E:1 F:5 G:6 H:9

-769

3180

143

A:0 B:5 C:8 D:9 E:1 F:3 G:6 H:7

-752

1980

160

A:0 B:5 C:8 D:7 E:1 F:3 G:6 H:9

-715

1991

197

A:0 B:5 C:6 D:9 E:1 F:3 G:8 H:7

-709

2028

203

The letters A-D refer to the N1, N2, D1, and D2 domains of Pex1, and the letters E-H to the
corresponding domains of Pex6. The numbers refer to locations in the density map, with 0
indicating that the domain remained unplaced. All sampled domain placements are listed. The
top solution is shown in bold. The score gap between a given domain placement and the best
solution is also shown. The last column gives the number of trajectories sampling a given
domain placement in the MC procedure.
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Table 3.2. Total scores of the best and next best domain placements after the first and
second rounds of Monte Carlo assembly.
Placement

Stage 1
Partial model assembly

Stage 2
Full-length model assembly

Correct solution

-1162

-912

Top incorrect solution

-1121

-806

The total scores for the best solution and the top incorrect solution were calculated after the first
round of MC assembly using partial models for each domain and after the second round of
assembly using full-length, refined homology models for these domains. Note that the score gap
between the two solutions is significantly larger after the second round of assembly, although the
same solution emerges as the best.
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