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Abstract

Cryo-electron microscopy is a fast emerging biophysical technique for structural determination of
large protein complexes. While more atomic structures are being determined using this technique,
it is still challenging to derive atomic structures from density maps produced at medium resolution
when no suitable templates are available. A critical step in structure determination is how a protein
chain threads through the 3-dimensional density map. A dynamic programming method was
previously developed to generate K best matches of secondary structures between the density map
and its protein sequence using shortest paths in a related weighted graph. We discuss challenges
associated with the creation of the weighted graph and explore heuristic methods to solve the
problem of matching secondary structures.
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l. INTRODUCTION

A biophysical technique with great potential to derive the three-dimensional structure of
large protein complexes is known as cryo-electron microscopy (cryo-EM) [1]. Although
many atomic structures have been determined from cryo-EM density maps (also referred as
3D images), it is still challenging to obtain atomic structure for those density maps with
medium resolutions. At medium resolutions such as 5-10 A range, the backbone of the
protein is not resolved, it is difficult to determine the atomic structure directly from such
cryo-EM density maps. At medium resolutions, the most visible characteristic features are
secondary structures such as a-helices and B-sheets. Various computational methods have
been developed to detect secondary structures [2-9]. We recently showed that it is possible
to predict the orientation of B-strands once a p-sheet is identified [10]. In addition to
secondary structures, possible connections among secondary structures can be predicted
from skeleton of the 3D image [11, 12]. On the other hand, various methods and online
servers exist to predict secondary structure segments from a protein sequence [13, 14].
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Unlike a high-resolution cryo-EM density map, a density map at a medium resolution
contain many errors in the density and ambiguous spots. A detected a-helix or a p-sheet
may be shifted and/or could be smaller/larger than expected. Some spots in a 3D image are
not resolved at medium resolutions, and it is expected that the skeleton will contain wrong
connections. The accuracy of secondary structure prediction from a protein sequence is
about 80% [15]. In order to derive the structure from such data, potential errors need to be
modeled in the computational methods. However this means significant increase in
computational time.

Since secondary structures are major components of a protein, a natural way to trace a
protein chain through 3D cryo-EM image is to utilize secondary structures. By matching the
secondary structures that are detected in the 3D image with those predicted from the amino
acid sequence, one may follow the backbone trace in the image. Two computational methods
have been previously developed using the concept of graph. One method, implemented in
Gorgon, uses graph matching and A* search to find the optimal matches [16]. Another
method, implemented in DP-TOSS, find constrained shortest paths from a topology graph.
DP-TOSS uses a dynamic programming algorithm and K-shortest path algorithm to find K
best matches [17, 18]. We recently developed Multi-DP-TOSS to take consideration of
potential error from the secondary structure detections [19, 20].

Deterministic approaches such as those using dynamic programming guarantee finding
optimal solutions but may not be effective enough in a large system. We explore some

heuristic approaches in this paper and discuss the challenges in the secondary structure
matching problem. We hope our analysis will benefit future design of a more effective

approach.

2. METHODOLOGY

A. The topology graph for matching secondary structures

The secondary structure matching problem can be formulated using a topology graph [17,
18]. Although the graph applies to both helices and B-strands, we focus on helices in this
paper for simplicity of discussion. Let S=(5;, S, ..., Spy) be a tuple of secondary structure
segments on the protein sequence. Let D= {Dy, D5, ..., Da} be a set of the secondary
structure traces detected from the 3D image. The matching between the protein sequence
and the 3D image at the secondary structural level can be formulated into a graph problem.
Let G= (V, E, w) be a weighted directed graph. A regular node in the graph (7, /, 9
represents an assignment of sequence segment S;to stick Dj;in ¢direction. As an example,
node (5, 5, 1) represents the situation when helix Ss on the protein sequence is assigned to
helix stick Ds in direction 1. Note there are only two directions to thread a protein sequence
through a helix stick. An edge from node (, j,  to (7, j', ) represents the assignment of S,
to D, in direction { right after the assignment of S;to Djin direction £[18]. There are two
special nodes START and END. The problem of finding the best match is to find a shortest
path that satisfies constraints and has the minimum score. The major constraint is that each
column can be visited at most once, and each row can be visited at most once (Figure 1).
The edge weight represents the difference between two geometric distances, one calculated
from two consecutive helices in the 3D image using skeleton, one estimated from the protein
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sequence (see Section C in Results and Discussions). A low weight represents that an edge is
likely a correct mapping between two helix sticks in the image and two consecutive helices
on the sequence.

B. Low-weight set heuristic method

To analyze the nature of the space of all potential matches which are Hamiltonian paths in
the topology graph, one can generate random paths in the topology graph. A simple way to
do that is to repeatedly pick edges randomly from row 7to row /° to maintain a valid partial
path. Naturally the method will not successfully produce Hamiltonian path always, but if the
graph has sufficient Hamiltonian paths it would likely find some.

Low-weight edges are important in the graph, since a low-weight edge suggests a locally
good match between the geometry in the 3D image and that in the protein sequence. The
intuition is that an optimal path is consist of multiple locally good matches. A set of edges
with weights lower than a threshold was constructed. Paths are randomly constructed from
the top to bottom of the graph using edges from the set. After creating a number of low-
weight paths, we can compare the weight of each path to rank the best match of the image
and sequence.

Although the idea is simple, the size of the set is an important parameter. Ideally enough
low-weight edges need to be included in the set so that many paths can be completed from
the top to the bottom of the graph. However, having too many edges will increase the
overhead of computing. We implemented a heuristic way to generate a small number of
paths randomly and evaluate the usage of edges. Having the same path generated multiple
times is an indication that the size of the set is too small. On the other hand, in order to
prevent the set from growing too large, we check the weights of the paths being generated. If
high-weight paths are being generated, this is a sign that the set is too large. Using this
information, a relatively good size for the low weight set can be estimated.

3. RESULTS AND DISCUSSIONS

The heuristic approach using low-weight set was tested on seven cases. Each test case has an
atomic structure downloaded from the Protein Data bank (PDB) and its corresponding 3D
image. The 3D image was simulated to 8A in Chimera [21] using the PDB structure for six
cases (PDB ID: 3LTJ, 1BJ7, 1FLP, 1ICX, 1HZ4, and 30DS). A 3D image was downloaded
from Electron Microscopy Data Bank (EMDB) [22] and extracted for a single chain in one
case (EMDB ID: 5030). SSETracerwas applied to detect the secondary structures in the 3D
image [7]. Since this paper focuses on computational aspects of the approaches, only chains
or a segment of a chain that has only helices (no beta-strands) were used in the dataset. The
number of helices in the dataset range from seven to 21. Gorgonwas used to derive the
skeleton from the 3D image [23]. Multi-DP-TOSS was used as the deterministic method to
derive K best matches of secondary structures between the 3D image and the protein
sequence [19, 20]. Although Multi-DP-TOSS is capable to take sequence-based secondary
structure predictions from multiple prediction servers, only the sequence segments based on
the PDB structure was used in the work of this paper.
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A. Low-weight edges along an optimal path

We explored the performance of a heuristic method using a set of low-weight edges. We
noticed that a simple heuristic method can perform well for some proteins. As an example
for 1FLP (Table 1), both Multi-DP-TOSS and the low-weight set methods rank the correct
match of the secondary structures at the 2" on their own list. Multi-DP-TOSS is a dynamic
programming method to find the K best matches. Note that both Multi-DP-TOSS and Low-
weight Set use the same scoring method in evaluating a match. In this test, Kis100. Similar
results are obtained for the four other proteins. It is possible that these proteins have clear
connectivity between secondary structures, and the correct match can be distinguished either
from a heuristic method or a dynamic programming method. Since the heuristic method uses
a simple idea to utilize those edges with low edge weights, the success in these cases
indicates that the low-weight edges often represent the correct relationship among secondary
structures. In these five cases, all the edges in the correct path are low-weight edges and are
included in the low-weight set. Our test suggests that if the low-weight edges have good
accuracy, a simple heuristic method can achieve the task as a dynamic programming method,
but possibly in less time (Table 1).

B. Challenges with high-weight edges

In principle, an optimal path should have all low-weight edges. However, when the 3D
image has ambiguity in inter-connection between secondary structures, it is possible that the
correct connection does not have low-edge weight. If a critical high weight edge is not
among the set of low edges, the correct path will never be found using the low-edge set
method. We observed that this is the main reason for the low-weight set method to fail on the
two cases. (Table 1). Note that the mistake in edge weight assignment is a challenge for both
the heuristic method and deterministic method. In the case of 1HZ4 and 30DS for which the
low-weight set did not rank the correct path among top 100, the correct path is ranked the
15™ and beyond 100 when the deterministic method Multi-DP-TOSS was used. Enhanced
edge weight assignment is needed for a faster and more accurate method in secondary
structure matching problem.

C. Gap penalty, skeleton image, and missed helices

The main idea in weight assignment of the graph is to use the skeleton derived from the 3D
image as an estimation of the distance between two secondary structures. It also uses the
loop-length, in terms of the number of amino acids, as an estimation of the distance between
two secondary structures on the protein sequence. The edge weight is primarily based on the
difference between such two distances estimated. In cases where the skeleton image does not
connect two sticks within a threshold distance, a “gap penalty” is assigned to the edge
weight to indicate that the edge is not an ideal candidate. Unfortunately, due to the poor
resolution of the density image, sometimes an edge in the correct path will not be
represented by the skeleton. In Figure 2, a problem with the gap penalty assignment can be
observed. In this case, the correct path is given a weight of 66.1 while an incorrect edge is
weighted 6.0, since there is a gap in skeleton for the correct connection and there is no gap
in the wrong connection. This vast difference in weight makes the true path very difficult to
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find. Although the gap penalty logic works in many cases, the weighting system needs to be
more robust to account for various situations.

Another problem we observed is that skeleton does not always span the entire length of a
helix. One can observe that the helix highlighted in green extends much higher than the
skeleton image in yellow (Figure 2 bottom panel). This “shorter skeleton” problem tends to
happen at the turn of a chain where high-density voxels exist in an extended region near the
turn. Due to the fact that the skeleton image is not as long as the detected helix stick (purple
in Figure 2 bottom panel), a gap penalty is assigned to the edge of correct connection.

An incorrect gap penalty can be assigned for multiple reasons. In Figure 2, the gap penalty
can be attributed to the incorrect skeleton. In Figure 3 however, an incorrect gap penalty was
assigned due to a miss-detected short helix. The helix of length 3 (247-249) in 1HZ4 was
not detected from the 3D image.

D. Alternative heuristic methods

Although the low-weight set is the best performing heuristic methods among the three we
have tried, we would like to discuss two other alternatives by associating a probability for
each edge. In these methods, edges with low weights were given a higher probability to be
used when creating paths. Creating a path one edge at a time from beginning to end. Each
next valid edge is first placed in a set, and an edge is selected based on the probability in (1).

In (1), w;is the weight of the /th valid edge, NVis the number of valid edges, and xis a
parameter decided by the user. When x is a large number, low edges are very likely to be
chosen. The pseudo code found in Figure 4 describes the logic when assigning probability to
edges. If the chosen edge results in no next edges being valid, then the path generation will
restart from the beginning. Alternatively, the probability of an edge can be assigned using

).

W — Wil + A

max

N
Zj:()'wmax - Wi| +A

@)

In this case, W4 is equal to the highest next valid weight, W/;is the current weight, A is a
very small constant, and AV is the number of valid edges.

4. CONCLUSION

Matching secondary structures between a 3D cryo-EM image and its protein sequence is an
important step in de novo modeling in which no suitable template structure is available. The
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matching problem can be formulated as a constraint shortest path problem in a topology
graph. One purpose of this paper is to illustrate challenges in accurate representation of the
matching problem. Although the correct matching was ranked high on the list for five of the
seven cases tested in this paper, certain edge weights were not correctly assigned in two
cases due to the quality of the 3D image. Current computation methods in detecting skeleton
and secondary structures are not robust enough for the ambiguous regions in the 3D image.
More robust methods are needed in edge weight assignment. Finding best matches in
realistic situations involves modeling potential inaccuracy in the secondary structures either
detected from the 3D image or from the protein sequence. However, this brings significant
computational overhead. We have explored three heuristic approaches. We show that a
simple idea using low-weight set is capable of finding best matches for those proteins that
do not have significant problems in edge weight assignment. Our exploration in heuristic
methods and the investigation of the edge weight assignment will benefit future design of
more accurate methods in secondary structure matching.
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An illustration of the weighted graph of protein 1BJ7 (PDB ID). Selected rows and columns
of the graph are shown. Although each node often has multiple outgoing edges, only a few
are shown for clarity of viewing. Edges on the optimal path are shown in green. Edges in an

invalid path is shown in

red dashed line.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

HASLAM et al. Page 9

Fig. 2.
An example of high-weight edge, wrong connection in the 3D image, and short skeleton in

protein 30DS (PDB ID). Top: Superposition of the 3D image (gray), the atomic structure
(ribbon), the helices detected using SSE Tracer (lines of different colors), and the connection
trace points (red points). Edge weights are labeled for three possible connections out of the
selected helix (highlighted in green). Bottom: A zoom-in view from a different perspective
for the same region showing the skeleton (yellow) has a wrong connection and a gap in the
true connection. The skeleton is shorter than the chain path at a turn.

Proceedings (IEEE Int Conf Bioinformatics Biomed). Author manuscript; available in PMC 2018 May 15.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

HASLAM et al. Page 10

Fig. 3.
An example of an undetected short helix and the assignment of gap penalty for protein

1HZ4. The detected helix (middle red line in top panel) is shorter than the helix ribbon
because a length 3 helix (amino acid 247 to 249) is missed. A gap penalty is assigned to the
true edge because the skeleton image (yellow in bottom panel) does not connect the two
helix sticks. Figure 3 uses same color scheme as Figure 2.
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Algorithm 1:
Input: A set of positive edge weights U = {po, P1, ... Pn}
A random number r € [0,1]
Output: the next edge in the path
forj<—0toNdo
<5
runningSum + UE
endfor

forj < 0toNdo

1 1
Up= (U_x/ ) runningSum’
J

endfor

addCount«0;
forj— 0toNdo
addCount += Uj;
if addCount > r do
return j;
endif
endfor

Fig. 4.
Pseudo code for selecting an edge based on associated probability in (1).
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