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Abstract

Modern proteins did not arise abruptly, as singular events, but rather over the
course of at least 3.5 billion years of evolution. Can machine learning teach us
how this occurred? The molecular evolutionary processes that yielded the intri-
cate three-dimensional (3D) structures of proteins involve duplication, recombina-
tion and mutation of genetic elements, corresponding to short peptide fragments.
Identifying and elucidating these ancestral fragments is crucial to deciphering
the interrelationships amongst proteins, as well as how evolution acts upon pro-
tein sequences, structures & functions. Traditionally, structural fragments have
been found using sequence-based and 3D structural alignment approaches, but
that becomes challenging when proteins have undergone extensive permutations—
allowing two proteins to share a common architecture, though their topologies
may drastically differ (a phenomenon termed the Urfold). We have designed a
new framework to identify compact, potentially-discontinuous peptide fragments
by combining (i) deep generative models of protein superfamilies with (ii) layer-
wise relevance propagation (LRP) to identify atoms of great relevance in creating
an embedding during an allsyper famities X allgomains analysis. Our approach reca-
pitulates known relationships amongst the evolutionarily ancient small S-barrels
(e.g. SH3 and OB folds) and amongst P-loop—containing proteins (e.g. Ross-
mann and P-loop NTPases), previously established via manual analysis. Because
of the generality of our deep model’s approach, we anticipate that it can enable
the discovery of new ancestral peptides. In a sense, our framework uses LRP as
an ‘explainable AI’ approach, in conjunction with a recent deep generative model
of protein structure (termed DeepUrfold), in order to leverage decades worth of
structural biology knowledge to decipher the underlying molecular bases for pro-
tein structural relationships—including those which are exceedingly remote, yet
discoverable via deep learning.
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1 Introduction

Historically, protein structural evolution has been studied via painstaking visual inspection and
manual analyses of structures, including a heavy reliance on comparisons built upon 3D superposi-
tion/alignment of atomic coordinates. Indeed, visualizing protein structures and their 3D alignments
using graphical tools such as ‘ribbon diagrams’ enabled many landmark discoveries in biology and
medicine, largely because these diagrams simplify the inordinately complicated geometric struc-
tures of proteins into something that is comprehensible by the human brain [I]. However, simplified
cartoon representations ignore the high-dimensional, largely biophysical/physicochemical feature
space of all the atoms defining a protein, and an over-reliance on simplified, static representations
can limit us to seeing a structure of a particular protein as being the structure—i.e., we fall prey to
viewing as important only one particular geometric representation or structural conformation, ver-
sus the true statistical ensemble of thermally-accesible states that an actual protein structure samples
in reality. In short, conventional schemes for conceptualizing and analyzing protein structure re-
lationships are not without limitations, and can cause us to miss phylogenetically remote (deeply
ancestral) relationships. Some have referred to this pitfall as the ‘curse of the ribbon’ [0]. Mod-
ern deep learning—based methods enable fundamentally new representations of proteins and their
sequence/structure/function relationships—for example, as lower-dimensional embeddings that in-
corporate biophysical properties (e.g., electrostatics) alongside 3D-coordinate data (i.e., geometry),
sequence information and residue profiles, and so on. All of this, in turn, might finally lift the curse.

While many new sequence-based deep learning methods, based on large language models [2, B, 4, 8],
can identify more remote similarities than can hidden Markov models (HMMs) or classic sequence-
comparison algorithms (e.g., BLAST), larger structural rearrangements and permutations, such as
occur on evolutionary timescales, are still difficult to detect. If one views the protein universe
through the lens of a hierarchical classification scheme such as CATH [6], most new homologous
sequences identified by these methods would be located within the same homologous superfamily
or topology strata—i.e., there are bounds on how remote a homology can be detected by existing
methods. Thus, sets of potentially distantly-related proteins, with similar architectures yet different
topologies, are generally missed [7]. Indeed, it was recently proposed that there might exist a new,
bona fide level of structural granularity, lying between the architecture and topology levels (the latter
of which is synonymous with a given protein’s fold); termed the ‘Urfold’, this provisional new level
would naturally allow for 3D fragments that are spatially compact yet potentially discontinuous in
sequence [[Z], such as may be the case with ancient, deeply ancestral fragments. An example of an
urfold can be seen in Fig [, highlighting two widespread classes of phosphate-binding loop (PBL)—
containing proteins, namely the Rossmann fold-containing proteins and P-loop NTPases.

The Urfold model of protein structure—and, thus, protein structural interrelationships—arose by
noticing the striking structural and functional similarities among deeply-divergent collections of do-
mains from the SH3 and OB superfamilies [8]. Those superfamilies all contain a small 3-barrel
(SBB) domain, composed of five 3-strands, but the topologies/connections between the strands have
been permuted such that these proteins often share less than 20% sequence identity between one
another (i.e., below the classic ‘twilight zone’ of inferring homology as above-random similarity
between two sequences). Despite having permuted strands, the architecturally-identical SBBs are
often involved in nucleic acid metabolic pathways, and many of them oligomerize via residue in-
teractions amongst similar edge-strands [B]. Recently, others have proposed that the SH3 and OB
share a common ancestor that diverged via a process called ‘Creative Destruction’ [9, [[(]. Notably,
the SH3 and OB are two of the most ancient and widespread protein folds, and they permeate most
information-storage and information-processing pathways in cellular life, from DNA replication to
transcription of DNA—RNA and translation of RNA—protein [, IT].

Another prominent example of an urfold can be seen in the phosphate-binding loop (PBL) contain-
ing proteins, which include the Rossmann and P-loop NTPases superfamilies [[Z]. Both of these
superfamilies contain a small protein fragment of three 3-strands that contact a single a-helix, with
these structural elements linked by a phosphate-binding glycine-rich loop (Fig. M). Most domains
from the PBL urfold are quite large, i.e. they feature many additional secondary structural elements
(SSEs) beyond the core, and they do not oligomerize; rather, they have a large central cavity for
ligand-binding. While Rossmann and PBL proteins are known to bind a diverse repertoire of ligands
and catalyze many different types of reactions, they predominately bind phosphorylated nucleotides
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Figure 1: Urfolds Represent Architectural Similarity Despite Topological Variability. A) CATH
hierarchically organizes the protein universe into strata including Class, Architecture, Topology,
and Homologous Superfamily. We hypothesize that an ‘Urfold’ strata between Architecture and
Topology. B) SH3 and OB share a small g-barrel urfold. C) The Rossmann and P-loop NTPases
both contain a common core theme of three 3-strands connected to an a-helix by a glycine-rich loop;
the loop is of functional importance by virtue of binding phosphorylated ribonucleoside ligands, be
they substrates, cofactors, or otherwise. However, the Rossmann fold is permuted such that one
(-strand is no longer nearby in sequence and another [3-strand has reversed direction. These gross
structural differences have led biologists to incorrectly classify these ancient folds as being unrelated.
We propose bridging these two folds via a new ‘PBL’ urfold [I2, [7].

and similar compounds, with the ligand’s phosphate groups primarily interacting with the protein’s
phosphate-binding loop [T3].

In addition to similarity at the full-domain level, the Urfold model allows for sub-domain—level
structural fragments that may be discontinuous in sequence. That is, the Urfold extends a CATH-
like hierarchical representational scheme of the protein universe by allowing for (conserved) spatial
constellations of short peptides, perhaps like the Ancestral Peptides [14] or Themes [I3] that have
been thought to underlie the structural evolution into larger domains. Note that algorithms which
flexibly allow for discontinuous fragments are making a resurgence, e.g. as in the Geometricus
approach [[[f]] for constructing and analyzing structural embeddings.

In a recent study that developed a deep generative approach to protein structural relationships,
using the Urfold model of protein structure in a framework called DeepUrfold, 20 superfamily-
specific, sparse 3D-CNN variational autoencoders (VAEs) were trained for 20 different, highly-
populated CATH superfamilies [I'Z]. These DeepUrfold-trained models were shown to be agnostic
to topology, as architecturally-similar SH3/OB proteins with artificially-constructed loop permu-
tations yielded similar evidence lower bound—based (ELBO) scores; most significantly, applying
community-detection methods (as stochastic block models) to the patterns of ELBO similarities led
to the SH3 and OB domains clustering into similar groupings (with some intermixing). All of those
findings were consistent with the prediction that the SH3 and OB comprise a distinct urfold (in this
case, the SBB).

This paper explores—and seeks to begin explaining—the models from [['Z] in more depth, by ap-
plying an approach known as layer-wise relevance propagation (LRP). In principle, explainable Al
techniques such as LRP can be used to understand which atoms in the input structure are ‘important’,
based on their spatial locations and biophysical properties (and, really, any other sorts of features
that one encodes in the model). In our allgyper famities X allgomains analysis, we consider the ELBO
likelihood of a domain x under under DeepUrfold VAE models M; and M, for superfamilies ¢ and j
respectively. Functionally conserved regions shared between M; and M; would be expected to posi-
tively affect the likelihood under both models and therefore should have relatively high LRP scores.
Focusing on the two specific urfolds described above—i.e., the SBB domain and the PBL-containing
proteins—here we show how LRP can be used to identify cross-model functionally important atoms;
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