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Abstract

At present, about half of the protein domain families lack a structural representative. However, in the last
decade, predicting contact maps and using these to model the tertiary structure for these protein families have
become an alternative approach to gain structural insight. At present, reliable models for several hundreds of
protein families have been created using this approach. To increase the use of this approach, we present
PconsFam, which is an intuitive and interactive database for predicted contact maps and tertiary structure
models of the entire Pfam database. By modeling all possible families, both with and without a representative
structure, using the PconsFold2 pipeline, and running quality assessment estimator on the models, we predict

an estimation for how confident the contact maps and structures are for each family.

© 2019 Published by Elsevier Ltd.

Introduction

In recent years, it has been shown that with the use
of evolutionary information and direct coupling anal-
ysis [1], it is possible to obtain sufficiently accurate
contact prediction of proteins from their sequence and
multiple-sequence alignment alone to predict accu-
rate structures of many protein families [2]. At first, the
direct coupling analysis methods were limited to very
large protein families, but with the use of deep learning
methodologies to improve the contact predictions, it is
now possible to accurately predict the contacts for
families with only a few hundred members [3-5].

Using these predicted contacts, it is then possible
to model the structure of a protein using a protein
folding program. In PconsFold, both Rosetta [6] and
the CNS suite (Crystallography & NMR System) [7]
have been used, with CNS being faster by an order
of magnitude while only producing models of slightly
less quality than Rosetta [8].

In 2017, we developed the PconsFold2 pipeline
[9], which uses contact predictions from PconsC3
[4], the CNS-based CONFOLD folding algorithm [10]
and most importantly multiple model quality estima-
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tions [11,12] to predict the structure of proteins. Here,
we present the related web resource PconsFam
(http://pconsfam.bioinfo.se), a database with predict-
ed structural information for all Pfam families that
could successfully be modeled using the PconsFold2
pipeline. Some families are excluded due to short
length (<50) or that no contact maps of sufficient
quality could be generated. The dataset is summa-
rized in Table 1.

The PconsFold2 pipeline can predict accurate
models [template modeling score (TM score) >0.5]
for 51% of the large families (>1000 effective
sequences); for smaller families, the fraction of correct
models decreases, but they still exist. Therefore, a
major challenge for large-scale predictions is to
distinguish between correct and incorrect models.
Here, we have applied a set of model quality estimation
methods [15]. These methods will be discussed further
in the Materials and Methods section.

When the PconsFold2 pipeline was applied to
6379 Pfam families of unknown structure, 558
models with a predicted specificity of 90% were
created [9]. Out of these 558, 415 had never been
reported before.
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Table 1. Average and median of different quality metrics
for Pfam families with and without known structure

Data set My PPV TM  FDR Pcons ProQ3
Average values
All 2286 — - 0.37 0.22 0.35
Structure 2232 045 042 029 0.28 0.42
No structure 2331 - - 045 0.17 0.30

Median values

All 200 - - 0.40 0.19 0.35
Structure 486 0.46 041 028 0.25 0.45
No structure 111 - - 048 0.16 0.27

Effective number of sequences (M) defined by Ekeberg et al.
[13]; positive predicted value (PPV) defined over 2.5 times
sequence length (L) best-ranked contacts; TM score as defined
by Zhang et al. [14]; false discovery rate (FDR); Pcons score [12],
which scores by looking at recurring structures when comparing
multiple models; and ProQ3 score as defined by Uziela et al. [11].

For each family in Pfam, multiple contact maps
are generated, and from these, a set of models
are predicted and ranked with quality assessment
estimators. The model quality estimation gives an
indication of the reliability of the model. The top
ranked models for each predicted family can be
visualized and are available for download. The full
set of contact predictions is available for visualiza-
tion together with the predicted model in an intuitive
and powerful user interface that allows for interac-
tion between the contact maps and the predicted
structure.

Materials and Methods

PconsFold2

PconsFold2 works in three separate steps (see
Fig. 1b). First, multiple-sequence alignments are
generated using HHblits and Jackhmmer [16] at
different E-value cutoffs. Second, PconsC3 is used
for contact predictions where each alignment is used
to create a distinct contact map. Third, these contact
maps, together with predicted secondary structure,
are used as input to CONFOLD to generate 50
models for each contact map, resulting in a total of
200 models.

Model quality assessment

Model quality assessment estimators are run on
predicted models to give a value of how reliable
the models are. This can be seen as a measure
of how confident we are that the predicted model
is representative of the real structure. The final step
in PconsFold2, CONFOLD, ranks the predicted
models by its own measure, CNS contact energy
(NOE), which is the sum of all violations of the
contact restraints from the contact maps used as

input. This score is normalized by protein length to
be comparable between proteins. Additional quality
assessment methods that are used are Pcons [12],
which compare recurring structures between multi-
ple models, ProQ3D [11], that uses a deep neural
network, and in the cases where we have a known
structure the PPV. PPV is defined as true positives
divided by the sum of true positives and false posi-
tives (see below) of the top 2.5 times sequence
length contacts in the predicted contact map when
compared to the true contacts as per the known
structure. In this context, it is how many of the
contacts that we predict are real contacts according
to the known structure.

True Positives

PPV = Tiue Positives + False Positives

A linear combination of these three scores, as
defined below, is used to create the fifth model
quality assessment score, PcombC. The coefficients
were selected by a grid search over a subset of the
families with a known structure as defined in Ref. [9].

0.3 0.6 1.0

Spcombc = ﬁ - Spcons + ﬁ - SproqaD + ﬁ - PPV

This was used on all families with a known
structure to rank the best model. For families without
a known structure, the union of FDR, Pcons and
ProQ3 was used. Based on the ROC analysis done
on a test set of families of known structure, see
Ref. [9], a score cutoff of FPR 0.01 and 0.1 was set,
and these cutoffs were then used to estimate how
many unknown structures that could be predicted
accurately (TM score >0.5). It is therefore enough that
one of these methods is above the chosen cutoff to
be considered correct.

Topology

The knotted topology was established using an
implementation of the Alexander polynomial de-
scribed in the KnotProt database [17]. To form a
closed chain we used random closure method: two
random points on a large sphere ae randomly
chosen and connected by line segments to the
endpoints of a chain, and to each other by the an
(auxiliary) arc. The closed backbone (chain) is then
reduced using a KMT algorithm, and the Alexander
polynomial is computed. The structure is called
knotted if the same type of knot appears in more than
40% of cases.

User interface

An overview of the interface can be seen in Fig. 2.
For each family, contacts predicted by the workflow
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Fig. 1. PconsFold2 pipeline. All Pfam families (a) are used as input for the PconsFold2 pipeline (b), this results in
models for both families with known structure (c) and without known structure (d). In addition, knotted topology (e) is also

predicted.

are plotted as a heatmap of values between different
residues. Automatically assigned secondary struc-
ture elements are marked along the axes. Heatmap
values can be either presented as binary, or through
a rainbow color map. Additional plot modes include
a side-by-side comparison with model contact map
(with a user specified C-g distance between amino
acids) and an overlay of predicted and observed
contacts. Predicted contacts can be visualized on
the structure, as colored bonds (with different styles
available). The user can highlight some regions on
the plot by selecting them either on the structure
or on the sequence. When a reference structure
for a given family is available, it is visualized in gray
and superposed on the model structure. RMSD
between matching parts of the structures is calcu-
lated and displayed below. When a reference protein
is present, two additional plot modes are available—
overlay of contact maps of model and native struc-

ture and a side-by-side comparison of their distance
maps. For plot modes that include predicted con-
tacts the PPV is calculated and indicates how well
the currently used predictions are represented by the
structure. Other tabs on the family details page include
“Information” (about the family), and “Downloads.”
More detailed description of the capabilities of the user
interface is available under the “Usage Instructions”
tab.

Results

Overview

PconsFam contains predictions for 13,617 Pfam
families, of which 6492 have a member of known
structure. Using the independent model quality
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Fig. 2. User interface detailing results for the PF0O0001 family. The default Visualization's tab contains structure
visualization of the model(s) (superposed with reference structure if available), Direct Information (DI) plot (which can also
display contact maps), and the sequence and topology of the models. Range and format of displayed contacts can be
changed, and contacts between residues can be visualized as bonds on the structure. RMSD between model and
reference, and a PPV score indicating overlap between residues pairs and structural contacts in the model are also shown.
Other tabs contain additional information about the family and download links for calculated data.

assessment estimators, Pcons and ProQ3D, itisclear  effective sequences a family contains, the better the
that there is a correlation between model quality and predicted model for that family. In Figs. S3, S4, and
effective sequences (see Figs. S1and S2). The more S5, examples of proteins are shown.
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Comparison with other resources

A similar resource is the GREMLIN database
[18], which builds contact prediction based on PFAM
27.0 [19].

In contrast, PconsFam is currently based on Pfam
29.0 and with its modular nature; each of the three
steps (generate alignments, generate contact maps,
and generate models) can be changed indepen-
dently to faster/more accurate tools.

GREMLIN shows predicted contact maps with
an option to overlay with the pdb structure if one
exists. We extend on this by using a tool that can
visualize the predicted contacts on the models. In
our database, both contact maps and predicted
structure can be investigated in detail and down-
loaded. We have also used a deep learning
methodology for contact predictions. In general,
this provides a better coverage of small protein
families.

Over 7% of proteins deposited in Protein Data
Bank (PDB) possess a non-trivial topology [20].
They are knotted [17], slipknotted [21], and linked
[22] or contain lassos [23], although for a long time it
was believed that proteins should not be entangled
[24]. Today, a non-trivial topology such as knotting,
which is hard to detect by visual inspection, is easily
detected using algorithms [25-28]. The complexity
of encountered knots varies from the simplest trefoil
knot (3;) [24] to Stevedore knot (64) [29]. Apart
from the topology, knotted proteins differ also
by the depth of the knot (the lengths of the tails
outside the knotted core) and thus are divided into
shallow (tails possess less than 10 amino acids)
and deeply knotted. However, it is still not clear
how proteins can self-tie and how knotted a protein
backbone can be [30,31]. Thus, the PconsFam
reports also the information about the topology of
modeled structures. This information can be used
as an additional descriptor to validate structures
[32]. Figure 1e shows a correctly predicted structure
from PF09936 family with the so-called trefoil knot
(a three-crossings knot, shown in a simplified form
next to the structure).

Discussion

PconsFam is a novel tool and an informative
interface that enables the examination of multiple
models and contacts maps of Pfam families of both
known and unknown structure. To allow this com-
parison, it uses the same pipeline to predict both
contact maps and models for both groups. ProQ3D
[11] and Pcons [12] are used as quality estimation
methods for all families to evaluate FDR. In addition,
PPV and the linear combination PcombC are used to
rank models for families of known structure. Pcons-
Fam is a complement to existing resources and aims

to provide an easy accessibility to contact maps and
predicted models of the Pfam database.

Modularity of pipeline

As PconsFold2 is highly modular, each of the three
steps in the pipeline can be changed independently.
Any alignment tool can be used to generate the
alignments, and any contact prediction tool can be
used. This opens up the possibility to run different
tools for different data sets where there are known
tools that work better for specific data.

Future Directions

Currently, the input to CONFOLD is both predicted
contact maps from PconsC3 and predicted sec-
ondary structure from PSIPRED. We are currently
developing a new predictor, PconsC4 [33], which
uses a deep learning approach to predict both
contact maps and secondary structure without the
dependencies in PconsC3 and PSIPRED. In addi-
tion to performing better than PconsC3, it is also
faster by orders of magnitudes [33]. This would both
speed up the pipeline and increase the quality of
contact maps.

Conclusions

Here, we present an intuitive and interactive web
interface for contact maps and models for Pfam
families. We have used the modular PconsFold2
pipeline to predict both multiple contact maps and
multiple models for all eligible families. All these are
presented visually and interactively, together with
quality assessment scores to highlight the confi-
dence in both contact maps and models.
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