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Supporting Texts

Text S1. The normalized number of effective sequences (Neff) in an MSA
The depth of a multiple sequence alignment (MSA) can be measured by the
normalized number of effective sequences (Neff):
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I[Smn = 0.8] (S1)
where L is the length of a query protein, N is the number of sequences in the MSA, and
Smn 1s the sequence identity between the m-th and n-th sequences. I [Sm,n > 0.8] is
equal to 1 if S;,, , = 0.8, or zero otherwise. Therefore, Neff is essentially equal to the
number of non-redundant sequences (sequence identity<0.8) in the MSA normalized
by the query length.

Text S2. Eigen-decomposition of a contact-map

For a given protein P with length L, its contact map M can be represented by an LxL
binary and symmetric matrix, where residues that are in contacts (Cp-Cp distance < 8
A) are designated as 1 and non-contacting residues are set to 0. As the contact map M
is a real-valued LxL symmetric matrix, it can be decomposed into L eigenvectors and
their associated eigenvalues. Assuming that 4; represents the i-th eigenvalue of M and
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Again, since M is a real-valued symmetric matrix, V! = V7, Therefore, we can infer that
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Based on the above inference, the initial contact map M can be reconstructed by L
eigenvalues and their associated eigenvectors, where eigenvalues are sorted in



descending order. Typically, eigenvalues with greater absolute values are more
important for reconstructing a contact map that is identical to the initial one. Thus, an
approximate contact map can be constructed by considering only a few of its
eigenvectors with large eigenvalues. Also, we do not consider the eigenvectors with
negative eigenvalues because it requires introducing complex values into the following
computation, which increases computational complexity significantly. In this way, the
contact map M can be approximated by
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: |, we can rewrite M =~ C * C”, and thus

the initial contact between residue i and j can be approximated by

M;; = (\//1_1171',1,\//1_2171-,2, ---,\/l_kvi,k, 0, 0)
T
* (\//1_117]',1'\//1_217]',2; ---,\/A_kvj,k, 0, ...,O) (S6)

Which means that we can describe the i-th and j-th residues of a protein by the contact
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(\//1_117]-,1, \//1_217]-’2, ) \/A_kvj_k, 0,.. ,0), respectively. A protein can be represented by a
k-dimensional contact eigenvector sequence.

The highest 7 eigenvalues and their corresponding eigenvectors can reconstruct a
contact map that is comparable to the native contact map, as shown in Fig. S5.
Additionally, the selection of 7 eigenvalues/eigenvectors is computationally efficient,
as discussed later, and hence we consider the largest 7 eigenvalues and their
corresponding eigenvectors to reconstruct the contact maps.

Two proteins with similar structures have similar contact maps, and thus have similar
contact eigenvector sequences. Therefore, we perform the reverse process, where we
first compare two contact eigenvector sequences in order to compare their
corresponding structures. Using this technique, we decompose the native contact maps
for the templates in our Benchmark Set-I and II, and obtain contact eigenvectors for
each template. Since the goal of threading is to identify templates for query proteins
that do not have experimentally solved structures, there is no native contact map
information for the query proteins. Therefore, we use ResPRE [1] to predict each query
protein’s contact map starting from its sequence. The predicted contact maps are then
decomposed to obtain the corresponding contact eigenvector sequences.

Using a semi-global dynamic programming algorithm, which does not penalize gaps
in the terminal regions, we align the contact eigenvector sequences for the query and
each template (Fig. SSE). It is noted that the sign of the eigenvectors has no influence

on Eq. (S4), i.c. T/: * V:T = (—T/':) * (—T/;T). Therefore, in order to consider all possible
combinations, 2K alignments are required, where K is the maximum number of
eigenvectors used to reconstruct the contact maps. Moreover, when aligning K
eigenvectors, we compute all alignments with 1 to K eigenvectors. As a result, the
procedure must perform a total of Y X_, 2% = 2K+1 — 2 alignments. For example, if we
select K=7, we will evaluate (21 + 22 + 23 + 2% + 25 + 26 + 27)=254 alignments. In
order to choose the best alignment, we utilize the CMOgq index, which is defined as:
CMO 0(CM?,cM™) <7

where N(CM?) is the number of contacts in the contact map for a query, and
0(CM®?,CMT) is the number of overlapped contacts between the aligned query and
template. Note that the range of the CMOgq is [0,1]. We observed a strong correlation
(mean Pearson correlation coefficient = 0.945) between CMOg and TM-score, which
is a widely used measurement to estimate the quality of the alignment between the
query and template. Such a strong correlation indicates that the use of CMOgq is a good
index to choose the best alignment and template.

In order to evaluate the precision of predicted contact maps by different methods for
all ranges, we calculate the CMOacc index using the following equation:

O(CMpTed, CMnative)

CMOacc = N (ChMratve (58)

where N (C M ”a“”e) is the number of native contacts for the query, and
0(CMPTed, CMnative) ig the number of overlapped contacts between the native contact
map and predicted contact map. Here, we first sort predicted contacts in descending
order of the confidence scores, and then select the top N (C M ”“””“’) predicted contacts.
Note that the definition of CMOacc is similar to top L precision, except we replace L
with the number of native contacts, and the value of CMOacc is close to 1 when the



precision of the predicted contacts is 100%, while it is zero when the prediction
precision is zero percent.

Text S3. Optimization of the number of eigenvectors used by CEthreader

Here, we justify the number of eigenvectors that we select in this study by analyzing
the effect of the number of selected eigenvectors on the alignment accuracy and the
time required for an alignment.

We tested two strategies: a fixed length model and a cumulative length model on the
query-template pair dataset, where 335 query sequences were aligned to 905 templates,
in order to determine the optimum number of eigenvectors. The fixed length model
considered only K eigenvectors, while the cumulative length model considered 1 to K
eigenvectors, where K ranged from 1 to 18. The TM-score based on the cumulative
length model was always greater than that by the fixed length model, as shown in Fig.
S6A. This is understandable because the search space for picking up the best alignment
is relatively larger in the former model. Regardless of which model was being
considered, the average TM-score increased as the number of selected eigenvectors
increased. In particular, the average TM-score between the query and template
increased rapidly from 0.533 to 0.633 when the selected number of eigenvectors
increased from 1 to 7 when considering the cumulative length model. However, the
improvement in the alignment quality was not very significant when more than 7
eigenvectors were used, since the average TM-score increased only an additional 2%
when 8 to 18 eigenvectors were chosen. We note that, here, only contact information
(Scm) was used in the scoring function of the dynamic programming algorithm.

Although the alignment quality improved as the number of selected eigenvectors, K,
was increased, the time complexity likewise increased logarithmically as the number of
selected eigenvectors increased (Fig. S6B). For example, when we set K=7 in the
cumulative model, the average time required to align a query sequence to the 905
templates was 1.55 hours (e83 seconds). On the other hand, 6,710 hours (e” seconds)
were required when K was set to 18. While searching a query composed of 200 amino
acids through the whole SCOPe database comprising 23,000 templates takes ~10 hours
using K=7, it would require an enormous amount of time to perform threading with a
higher value of K. Therefore, achieving the highest alignment quality level by
increasing the number of eigenvectors is not feasible when only contact information is
used in the scoring function.

When contact information was combined with the profile and secondary structure
information (see Text S5), the average TM-score of the templates from a similar query-
template pool was 0.66 based on K=7 using the cumulative model, as shown by the red
circle in Fig. S6A. Additionally, the average TM-scores reached a plateau beyond 7
eigenvectors. Therefore, combining contact information with profile and secondary
structure is more reasonable than increasing the number of eigenvectors. In order to
further illustrate this point, we highlight an example from the alignment between the
query Human ENPP4 with a Cleavable ATP-Analogue (SCOPe ID: d4le5a3) and the
template S-adenosylmethionine synthetase (SCOPe ID: dlmxaa3) using different
numbers of eigenvectors, where the results are presented in Fig. S6C. Here, the
selection of 7 or 18 eigenvectors resulted in TM-scores of 0.81 or 0.90, respectively,
when only contact information was used. On the other hand, with the combination of
contacts, profile and secondary structure information, using K=7 eigenvectors resulted
in a TM-score of 0.904. The inset in Fig. S6C shows that the overlap between the query
and template, defined by CMOq (Eq. S7), became flat when more than 7 eigenvectors
were used, indicating optimum alignment between the query and template was achieved
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at K=7. Additionally, the eigenvalues did not decrease significantly when more than 7
eigenvectors were considered. Overall, the benchmark results indicate that the selection
of 7 eigenvectors is sufficient and time efficient for reconstructing the query and
template contact maps and for generating a high-quality alignment between the two.
Therefore, we select 7 eigenvectors to convert the two-body contact map information
into a single-body potential, which is combined with the profile and secondary structure
information for alignment and threading.

Text S4. Optimization of the scoring function used for aligning contact maps

As mentioned before, we use a semi-global dynamic programming algorithm to
align the contact eigenvectors for contact-map matching. The semi-global algorithm
does not penalize gaps at the termini of the sequences, as gaps only incur penalties in
the middle of the sequences. Here, we utilize an affine penalty schemes, G.,, =
go(cm) + g.(cm) * I, with gap opening penalty g,(cm) = —1.0 and gap extension
penalty g,(cm) = —0.1, where [ is the length of the gap in the contact-map (cm)
alignment.

To align two contact-maps, Di Lena et al. [2] used the following dot product (dp)
scheme:

K
Sap(i,j) = U, - E’; = Z N BTN (59)
=1

where f]—;= («//11ui,1n//12ui,z,---,«/Akui,k) is the contact eigenvector of the i-th

residue of a query and ﬁ; = (\/A_lpjrl,\/l_zpj_z, s \/A_kpj,k) is the contact eigenvector
of the j-th residue of the template.

In our study, we propose a revised version of the dot product scoring function, which
shows an improved alignment performance, as discussed later. The modified dot
product scoring function is written as:

— 5 ifU,#0and B # 0
Sem (i, ) = 4 max (TL1P;]) B (510)
0 ifU,=P =0

Here, we use the max (Il_ljl, |ﬁ;|)“ to nomalize the dot product scoring function. In order
to optimize the parameter a in the scoring function, we set it to a value ranging from
[0.5,4.0] at an interval of 0.1, and calculated the mean TM-score and mean CMOgq from
the alignment results based on different a values. As shown in Fig. S7, a~2.0 results
in the largest CMOg and TM-score based on the gap penalty. Therefore, we selected
0=2.0 in our final scoring function:

U,-P L
. —— 1fUl¢0andF;¢O
Sem(1,7) = {max (|U,|, |P])? (§11)
0 ifU,=F =0

The selection of =2 has further mathematical significance, which is illustrated by
the examples in Fig. S7TC. As shown in the top left portion of Fig. S7C, two contact
eigenvectors with lengths 2 and 10 are at an angle of 30°. However, on the top right
side of the figure, there are two contact eigenvectors with lengths 2 and 1.8, which are
at a similar included angle. Based on the definition of the dot product (S4;) scoring

function by Di Lena et al., the former group of vectors has a score of 17.3, while the
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latter group has a score of 3.06, indicating the contact eigenvector of length 2 tends to
match with the contact eigenvector of length 10 during dynamic programming
alignment. However, since the aim of our method is to align two similar contact
eigenvectors, we should design a scoring function in a way that it gives a higher score
to the second group of vectors than the first group in the example, since the second
group of vectors are more similar. To this end, we designed an extended dot product
(S.m) scoring function, which has the ability to scale different contact eigenvectors into
a unit circle with a radius of 1 according to the larger contact eigenvector. Based on our
scoring function, the first and second groups have a score of 0.173 and 0.765,
respectively, illustrating the scoring function has a better mathematical significance.
To further examine the performance of the normalized scoring function, we calculate
the average CMOq values and average TM-scores for 905 query-template pairs based
on our scoring function and the one used by Di Lena et al. and present the findings in
Table S8. Since the dataset is selected uniformly, we perform paired one-sided
Wilcoxon single-ranked tests instead of Student t-tests to evaluate the significance of
the difference between the dot product scoring function, S4;,, and our improved dot

product scoring function, S,,,. Based on the same sets of contact map predictions, the
average CMOq values (TM-scores) using Sy, and S, were 0.4165 (0.5853) and
0.4802 (0.6334), respectively, with a p-value of 1.54E-115 (2.48E-82). This indicates
that the normalized dot product scoring function is more efficient than the simple dot
product scoring function for detecting templates of similar folds as the query.

Text S5. Optimization of the component scores used to match the secondary
structure and sequence profiles of two proteins

In addition to the contact-map alignment guided by Eq. (S11), CEthreader includes
two other energy terms that depend on sequence profile and secondary structure
matching, which have been shown to be essential for improving alignment accuracy for
both close- and distant-homology proteins [3]. Inspired by MUSTER, the normalized
profile term is defined by [4]:

20 20
Sorop (i) = ) PG K) * L(Kk,))/mama(l ) PO0K) < LMD, (512)
k=1 k=1

where P (i, k) is the frequency of the k-th amino acid at the i-th position in a multiple
sequence alignment (MSA) obtained by PSI-BLAST search [5] of the query sequence
through the NR database (ftp:/ftp.ncbi.nlm.nih.gov/blast/db), where Henikoff [6]
weighting is used to reduce the redundancy in the MSA. L(k, j) is the log-odds profile
(Position-Specific Substitution Matrix in PSI-BLAST with an E-value of 0.001) of the
template sequence for the k-th amino acid at the j-th position. Here, we use a similar
affine penalty scheme as used by the contact-based term, where the gap penalty
Gpror = go(prof) + g.(prof) = I, with gap opening penalty g,(prof) = —1.0 and
gap extension penalty g,(prof) = —0.1, where / is the length of the gap in the profile
(prof) guided alignments.
The secondary structure (SS) alignment term in CEthreader is defined by

Sss (i, ) = 6(su,5;) (513)

where s; is the secondary structure of the i-th residue of the query as predicted by
PSSpred [7] and s; is the secondary structure of the j-th residue of the template as
assigned by the DSSP program [8]. To align the query and template secondary
structures, we follow a very similar protocol as MUSTER [4], where S (i, ) is equal
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to 0.093 if's; = s;, and -0.093 otherwise. Again we employ an affine penalty scheme,
where the gap penalty Gy, = g,(ss) + g.(ss) * [, with gap opening penalty g,(ss) =
—1.0 and gap extension penalty g.(ss) = —0.077, where [ is the gap length.
Moreover, no gaps are allowed inside the continuous secondary structure regions
(helices and strands), i.e., with gap open and gap extension penalties of -100 in these
regions.

In summary, the final multi-feature scoring function and gap penalties used in
CEthreader can be written as:

Scm+ss+prof (i'j) = wlscm (i'j) + wzsprof(i'j) + w3Sss(irj) + wy
Go = W19o(cm) + w9, (prof) + w3g,(ss)

ge = w1g.(cm) + w, g, (prof) + w3 g.(ss) (S14)
w1 + () + w3 = 1
wy >0

Here, we utilize a weighting strategy for the three scoring function terms and gap
penalties. Also, we set a bonus term for matching identical residues to each other. The
optimized values of the four parameters are w; = 0.5, w, = 0.4, w3 = 0.1 and w, =
0.1, based on the 905 query-template pairs dataset.



Supporting Tables

Table S1. Summary of the threading alignments produced by CEthreader for the 614
test proteins in Benchmark Set-1, where different component scores were used. P-values
were calculated between S¢p 1 ss4+prof and the other score functions based on Wilcoxon
signed-rank tests. Ng; is the number of cases with a TM-score >0.5 in each category.

éa;iﬁ::gl I;; SCC(():;lzonent ;1;1:)/[1'e p-value RMSD  Coverage N,
Hard Semtsstprof 0453 - 9.531  0.875 80
211 Sem 0.439 231E-03 9.815  0.873 71
Sestprof 0284 7.75E-30 14.781  0.832 19
Easy Semtssiprof  0-687 - 4795 0.909 365
(403) Sem 0.658 4.02E-22 5270  0.907 339
Ssstprof 0656 1.14E-15 5286  0.883 347
All Semtsstprof  0-607 - 6423 0.898 445
(614) Sem 0.583 1.64E-19  6.832  0.895 410
Sestprof 0528 2.14E-45 8.549  0.866 366




Table S2. Threading results by different methods on the 403 Easy targets from
Benchmark Set-I1. P-values were calculated between the CEthreader alignment TM-
scores and the other methods’ TM-scores using pairwise one-sided Wilcoxon signed-
rank tests; coverage is the number of aligned residues divided by length of the query;
N,; denotes the number of targets whose templates were correctly identified with a TM-
score >0.5.

Methods TM-score p-value RMSD Coverage N,
CEthreader 0.687 - 4.795 0.909 365
HHsearch 0.682 2.24E-03 4.783 0.893 363
MUSTER 0.667 2.67E-11 5.171 0.895 348
PPA 0.656 1.14E-15 5.286 0.883 347
map_align 0.641 3.23E-23 5.724 0.902 328
EigenThreader 0.634 5.10E-39 5.670 0.904 324
SAM-T99 0.631 6.14E-29 5.020 0.839 330
PROSPECT?2 0.618 1.46E-27 6.898 0.907 306
FFAS03 0.524 9.59E-49 7.350 0.810 258
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Table S3. Threading results for different methods using Benchmark Set-I separated
based on sequence identity to the ResPRE training set. “<30%” corresponds to the
subset of 149 Easy targets and 90 Hard targets which have sequence identities <30% to
the ResPRE training set. “>30%" represents the subset of 254 Easy targets and 121
Hard targets that have sequence identities >30% (and <40%) to the ResPRE training
set. P-values were calculated between CEthreader alignment TM-scores and other
methods’ TM-scores using pairwise one-sided Wilcoxon signed-rank tests.

<30% >30%
Target Methods TM-score p-value  TM-score p-value
CEthreader 0.6729 - 0.6957 -
HHsearch 0.6711 3.51E-02 0.6878 2.48E-03
MUSTER 0.6548 7.49E-04 0.6738 2.59E-09
Easy PPA 0.6410 1.00E-05 0.6655 7.44E-12
targets S{&M-T99 0.6278 5.02E-10 0.6327 9.14E-21
EigenThreader 0.6175 1.17E-15 0.6440 2.74E-25
map_align 0.6073 8.43E-13 0.6610 1.93E-12
PROSPECT2 0.6036 3.60E-12 0.6256 2.55E-17
FFAS03 0.4838 3.75E-20 0.5478 2.04E-30
CEthreader 0.4372 - 0.4649 -
EigenThreader 0.4031 1.86E-04 0.4208 1.00E-06
map_align 0.4008 1.62E-03 0.4241 2.18E-04
Hard HHsearch 0.3115 1.70E-10 0.3137 7.98E-16
targets MUSTER 0.2929 2.98E-12 0.3124 1.22E-17
PPA 0.2618 2.53E-14 0.2999 1.59E-17
PROSPECT2 0.2606 9.26E-16 0.2611 1.71E-21
SAM-T99 0.2077 1.24E-15 0.2086 5.30E-21
FFASO03 0.1833 3.83E-16 0.1936 1.99E-21
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Table S4. Fold-recognition performance of CEthreader, HHsearch and MUSTER on
116 Fold families in Benchmark Set-II. Ng: numbers of members in the SCOPe Fold
families. Nce, Nhh, and Nmu: number of cases with a correct Fold template detected by
CEthreader, HHsearch, and MUSTER, respectively, after filtering out all templates in
the same Superfamily.

Fold Ng Nce Nhh Nmu Fold Ng Nce Nhh Nmu
a.l 2 0 0 0 b.159 2 1 2 1
a.2 6 0 0 0 c.l 29 29 23 22
a.4 7 4 3 1 c.6 3 0 0 0
a.5 2 0 0 0 c.8 10 9 3 1
a.7 9 6 2 0 c.9 1 0 0 0
a.8 5 0 0 0 c.10 2 2 2 2

a.ll 2 2 2 1 c.13 2 1 1 0

a.23 2 0 0 0 c.23 14 9 4 2

a.24 21 14 2 1 c.26 3 0 0 0

a.25 3 2 1 0 c.44 2 0 0 0

a.28 1 1 0 0 c.47 1 0 0 0

a.29 11 8 0 0 c.49 2 0 0 0

a.39 3 1 1 1 c.51 6 3 2 1

a.40 2 0 0 0 c.52 3 1 0 0

a.47 6 1 0 1 c.53 2 0 0 0

a.48 3 0 0 0 c.55 6 6 1 0

a.60 7 1 3 1 c.56 8 7 3 4

a.69 3 0 0 0 c.67 3 2 0 0

a.70 2 0 0 0 c.72 3 1 0 0

a.71 2 1 0 0 c.78 2 0 0 0

a.102 4 3 3 2 c.92 3 0 2 0

a.118 20 17 11 14 c.97 2 1 0 0

a.137 3 0 0 0 c.98 1 1 1 0

a.144 1 0 0 0 d.13 2 0 0 0

a.159 2 0 0 0 d.15 8 8 3 1

a.246 3 1 0 0 d.17 4 3 0 0
b.1 27 24 14 8 d.26 2 1 0 0
b.2 8 2 0 0 d.41 5 2 2 0
b.3 4 3 2 1 d.43 1 0 0 0
b.6 2 0 0 0 d.50 1 0 0 0
b.7 2 1 0 0 d.s2 4 3 1 0

b.23 3 0 0 0 d.s8 41 32 12 5

b.30 2 1 0 0 d.64 1 0 0 0

b.34 13 8 4 0 d.67 3 0 0 0

b.35 1 0 0 0 d.68 2 1 0 0

b.38 2 1 0 0 d.74 2 2 0 0

b.40 10 9 3 1 d.75 1 0 0 0

b.42 6 5 5 5 d.79 9 8 1 0

b.43 4 1 0 0 d.81 4 3 0 0

b.44 1 1 0 0 d.82 2 0 0 1

b.45 2 2 0 0 d.83 2 1 0 1

b.49 2 0 1 0 d.87 2 0 0 0

b.52 2 1 0 0 d.92 2 0 0 0

b.55 1 0 0 0 d.94 1 0 0 0

b.61 6 4 1 0 d.9s 1 0 0 0

b.67 3 1 0 0 d.96 2 0 0 0

b.68 10 3 5 4 d.o8 2 0 0 0
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Table S5. List of Fold pairs in Benchmark Set-II with an average TM-score >0.4.

Fold Fold TM-score | Fold Fold TM-score
a.2 a.7 0.578 a.7 a.24 0.474
a.2 a.8 0.506 a7 a.29 0.481
a2 a.24 0.535 a.7 a.47 0.583
a2 a.29 0.550 a7 a.102 0.456
a.2 a.47 0.597 a7 a.l118 0.423
a.2 a.102 0.485 a.8 a.24 0.492
a2 a.l118 0.449 a.8 a.29 0.512
a2 c.1 0.408 a.8 a.47 0.455
a.2 c.56 0.411 a.8 a.102 0.400
a.2 d.129 0.405 a.24 a.29 0.452
a7 a.8 0.459 a.24 a.47 0.446

a.29 a.47 0.443 c.1 c.8 0.401

a.29 a.60 0.405 c.1 c.23 0.427

a.102 a.l118 0.427 c.1 d.79 0.402
b.1 b.2 0.518 c.23 c.51 0.421
b.1 b.3 0.464 c.23 c.56 0.444
b.1 b.121 0.428 c.51 c.56 0.425
b.2 b.3 0.419 c.56 d.198 0.405
b.2  b.121 0.412 d.41 d.58 0.439

b.61 d.17 0.419 d41 d.129 0.416

b.61 d.129 0.404 d.52 d.s8 0.417

b.68  b.69 0.600 d.58 d.129 0.418
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Table S6. Summary of models built by MODELLER based on different threading
methods for all 614 proteins in Benchmark Set-1. P-values were calculated between the
TM-scores of the models built using CEthreader alignments and other threading
programs using pairwise one-sided Wilcoxon signed-rank tests. Ny, represents the
number of targets whose templates had a TM-score >0.5.

a“;%gisiyn 1:‘)’ Methods TM-score p-value  RMSD (&) N,
CEthreader 0.628 - 4.999 476
EigenThreader 0.585 3.05E-40  4.952 418
map_align 0.584 7.26E-16  5.163 412

All HHsearch 0.571 1.77E-24 4934 403
(614) MUSTER 0.564 1.08E-32  4.860 394
PPA 0.548 2.43E-42  5.043 381
PROSPECT 0.533 531E-49  5.018 352

SAM-T99 0.510 1.64E-57  4.827 351

FFASO3 0.425 1.25E-85  5.281 270
CEthreader 0.708 - 4.749 372
EigenThreader 0.656 1.62E-37  4.932 343

map_align 0.663 2.03E-14  5.016 337

Easy HHsearch 0.698 442E-05  4.830 366
(403) MUSTER 0.694 6.61E-08  4.779 363
PPA 0.677 2.58E-14 4913 358
PROSPECT 0.666 8.86E-15  5.024 339

SAM-T99 0.658 7.63E-22  4.837 340

FFASO03 0.541 7.39E-49  5.150 262
CEthreader 0.476 - 5.475 104
EigenThreader 0.449 4.21E-07 4.992 75

map_align 0.432 6.04E-05  5.444 75

Hard HHsearch 0.330 3.72E-24  5.133 37
211 MUSTER 0.316 4.68E-28  5.014 31
PPA 0.301 2.01E-29  5.289 23
PROSPECT 0.278 1.85E-34  5.006 13

SAM-T99 0.228 3.32E-34  4.807 11

FFASO3 0.205 9.68E-36  5.532 8
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Table S7. Summary of model quality for models built by CEthreader/C-I-TASSER,
CEthreader/I-TASSER and ResPRE/CNS for all 614 proteins in Benchmark Set-1. P-
values were calculated between the model TM-scores for CEthreader/C-I-TASSER and
the other modeling approaches using pairwise one-sided Wilcoxon signed-rank tests.
N represents the number of targets whose templates had a TM-score >0.5.

a“;%gi;yn 1:‘)’ Methods TM-score  p-value RMSD (&) N,
All CEthreader/C-I-TASSER 0.686 - 4.575 547
(614)  CEthreader/-TASSER 0.653  229E-21 4769 502
ResPRE/CNS 0490  2.14E-91 4707 312

Fasy  CEthreaderC-LTASSER 0.734 i 4319 384
o3  CEthreader/l-TASSER 0.721  636E-05 4481 370
ResPRE/CNS 0518  LI9E-65 4804 230

g CEthreader/C-I-TASSER 0.595 i 5.063 163
olly  CEthreader/l-TASSER 0.524  101E-21 5319 132
ResPRE/CNS 0436 265E-26  4.523 82
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Table S8. CEthreader threading alignment results for the 905 query-template pairs
using native contact maps or contact maps predicted using 18 different contact
predictors [1,9-23]. Different contact predictors are sorted in descending order of
contact accuracy, CMQacc. ‘cm’ and ‘dp’ correspond to alignments generated using
the contact map score from Eq. (6) and the dot-product score from Eq. (S9) as proposed
by Di Lena et al. [2], respectively.

Methods CMOacc TM-score CMOq
cm dp cm dp

native 1 0.6492 0.5975 0.5814 0.5021
ResPRE 0.8462 0.6334 0.5853 0.4802 0.4165
DeepContact 0.7634 0.6114 0.5724 0.4269 0.3775
DeepCov 0.6561 0.5830 0.5473 0.3726 0.3349
NeBcon 0.6244 0.5738 0.5412 0.3489 0.3140
PconsC2 0.5796 0.5632 0.5287 0.3276 0.2908

MetaPSICOV  0.5731 0.5700 0.5406 0.3350 0.3011
GREMLIN 0.3586 0.4931 0.4714 0.1956 0.1767

CCMpred 0.3579 0.4910 0.4676 0.1940 0.1752
SVMcon 0.3573 0.4684 04713 0.2242 0.2127
BETAcon 0.3319 0.4658 0.4712 0.2173 0.2074
SVMSEQ 0.3316 0.4606 0.4664 0.2234 0.2122
plmDCA 0.3160 0.4699 0.4567 0.1691 0.1550
PSICOV 0.3033 0.4750 0.4615 0.1738 0.1598
NNcon 0.2897 0.4342 0.4435 0.2002 0.1889
PSpro.beta 0.2633 0.4215 0.4374 0.1847 0.1754
DNcon 0.1986 0.4590 0.4599 0.2134 0.1987
FreeContact 0.1497 0.3127 0.3053 0.1287 0.1208
PSpro 0.1314 0.4277 0.4317 0.3266 0.3053
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Figure S1. CEthreader template information for the 211 Hard targets from Benchmark
Set-1. The blue cross points are the TM-scores of the best possible templates aligned to
the corresponding target by the structure-based alignment method, TM-align; the gray
bars mean the TM-scores of the first template detected by CEthreader but aligned by
TM-align; the black triangles represents the TM-scores of the first templates detected
and aligned by CEthreader. The linear regression is used to fit each corresponding set
of TM-scores, where the fitted relationships for the cyan line, gray line and black line
are y=0.501+ 0.001x, y=0.421+0.0008x, and y=0.356+0.0008x, respectively. Here we
varied x from 1 to 211, which corresponds to the order of each target ranked by the TM-
score of the best possible template.
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Figure S2. The performance and time-cost by CEthreader using different numbers of
eigenvectors in the greedy search step. The height of the grey bar represents the average
TM-score of the first template in (A) and the number of targets with identified templates
that had a TM-score >0.5 in (B) based on the greedy searching strategy. The grey bar
plus the black bar represents the results based on the hybrid searching strategy. The
solid lines are the results based on enumerative searching with 7-dimensional
eigenvectors using the scoring function S;,4s54prof, Where the dotted line represents

the results based only on profile and secondary structure information (Sssprof)-
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Figure S3. Comparison of CEthreader’s performance to map_align and EigenThreader
on Benchmark Set-I. (A) TM-score of the first template identified by CEthreader versus
that by map_align. (B) TM-score of the first template identified by CEthreader versus
that by EigenThreader.
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Figure S4. Optimization of the number of predicted contacts to be used by CEthreader.
(A, B) TM-score and CMOq as a function of gy, by CEthreader on 905 training
protein pairs. (C) Correlation between the number of contacts and the sequence length
for 9,896 non-redundant domains from the SCOPe database with a pair-wise sequence
identity cutoff of <30%. The linear regression with fitted g,,- parameters coincides well
with the experimental structure data.
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Figure S5. The diagrammatic illustration of eigen-decomposition of a contact-map. (A)
3D structure of the example from the trimethylamine dehydrogenase (SCOPe ID:
dlo94a2). (B) the largest 7 eigenvalues and the corresponding eigenvectors
decomposed from the native contact map; the green frame represents the i-th
eigenvector, V;, weighted by the square root of the corresponding eigenvalue, 4;, and
the blue frame describes the third contact eigenvector. (C) Native contact map for
d1094a2. (D) The contact map reconstructed using the largest 7 eigenvalues and their
corresponding eigenvectors. The critical contacting residues in the red frames of (C)
and (D) are very similar, indicating that the largest 7 eigenvalues and associated
eigenvectors are sufficient for reconstructing the contact map. (E) Diagram of the
query-template alignment. The upper left portion of the picture shows the predicted
contact map for the query. The predicted contact map is then decomposed, resulting in
the contact eigenvector sequence of the query. Similarly, we get the contact eigenvector
sequence of the template from its native contact map, as shown in the lower left portion
of the figure. Using a semi-global dynamic programming algorithm, we align the two
contact eigenvector sequences that represent the query and template sequences. The
picture on the right shows the overlapped contact maps for the query (red) and template
(black).
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Figure S6. Optimization of the number of eigenvectors used by CEthreader. (A) The
average alignment TM-score versus the number of eigenvectors used by CEthreader.
Results based on contact information (S,,,) are shown using black circles (cumulative
length model) and squares (fixed length model), while those based on the combination
of contact, secondary structure, and profile information (S¢m+4ss+prof) are highlighted
using red circles (cumulative length model) and squares (fixed length model). (B) The
logarithmic time required by CEthreader as a function of the number of eigenvectors.
(C) TM-score as a function of the number of eigenvectors for the example protein pairs.
The Inset shows CMOgq (black points) and the eigenvalues (red bars) using various
numbers of eigenvectors for the example. The superimposed structures of the template
from S-adenosylmethionine synthetase (SCOPe ID: dImxaa3) obtained using different
numbers of eigenvectors onto the query Human ENPP4 with a Cleavable ATP-
Analogue (SCOPe ID: d41r5a3) are shown, where badly aligned regions are highlighted
with red circles.
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Figure S7. Optimization of the contact map matching score S,,,,. Based on 905 training
query-template pairs, we calculated the average TM-score and average CMOq from the
alignment results using different a values in Eq. (S10). (A, B) Average CMOg and TM-
score as a function of a. (C) The comparison of dot product scoring function Sy, (top
panel) from Eq. (S9) and the improved dot product scoring function S, (bottom panel)
from Eq. (S10).
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----------------------- residues in contact in the same sequence
——————————————— residues aligned from different sequences

query

template

Figure S8. Illustration that alignment of contact eigenvectors between query and
template sequences results in the match of global contact maps for the two sequences.
Contact eigenvectors of individual residues are represented by the vectors along the
sequences. Dotted lines connect the residues that are in contact in the same sequence,
while dotted-dashed lines connect those residue pairs across the query and template
chains that have high S.,,, (i, j) scores calculated using Eq. (6). Although the contact
vectors are defined by the contact matrix for the same sequence by Eqs. (3) and (4), the
picture shows that the alignment of (fl_;, i’;) across query and template sequences can
enhance the match of the global contact maps between them. In the illustrative example,
when the three residue pairs between the query and template are well-aligned, i.e., Fl’ .
ﬁ;~f]—£ . ﬁ;~f]_g . ?’;~1, the relationship between ﬁ;, U; and _U; no matter if they are in
contact (Z]_l) . _ﬁ; = 1) or not (ZI—{ . ng’ « 1), will be similar to the relationship between
ﬁ; 73; and _PZ, i.e., the contact maps of the query and template will be similar.
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