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Abstract

Protein function can be impacted by changes
in protein structure stability, but determining
which change has impact is complex. Stability
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can be affected by a large change in the ter-
tiary (3D) structure of the protein or due to
free-energy changes caused by single amino
acid substitutions. Changes in the DNA
sequence can have minor or major impact on
protein stability, which can lead to disease.
Inherited retinal degenerations are generally
caused by single mutations which are mostly
located in protein-coding regions, while age-
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related macular degeneration (AMD) is a
complex disorder that can be influenced by
some genetic variants impacting proteins
involved in the disease, although not all AMD
risk variants lead to amino acid changes. Here,
we review ways that proteins may be affected,
the identification and understanding of these
changes, and how to identify causal changes
that can be targeted to develop treatments to
alleviate retinal degenerative disease.
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1 Part I. Protein Stability: Role
and Importance

Multiple efforts are underway to gather informa-
tion on clinically meaningful mutations in pro-
tein coding genes in databases such as the Human
Gene Mutation Database (HGMD) [1, 2] or
ClinVar (https://www.ncbi.nlm.nih.gov/clinvar/)
[3]. In 2003, HGMD contained more than 1000
mutations that were directly causative of disease;
the number of reported mutations currently in
HGMD has grown to 323,661 as of Oct. 2021.
ClinVar currently contains 1,159,307 unique
disease-contributing variations (Oct. 16, 2021).
Many of the mutations found in these databases,
but not all, can affect protein stability [4—6]. The
deleterious impact of mutations that clearly affect
a protein’s sequence, fold, and function is some-
times obvious, such as frameshift mutations that
alter much of the protein sequence. More often,
missense mutations are identified, such as single-
point mutations that cause some familial forms of
Alzheimer’s or Parkinson’s disease. Missense
mutations are generally more difficult to classify
and understand, and newly discovered variants
may be given an ambiguous classification
(referred to as “variants of unknown signifi-
cance”; VUS), as these changes may alter protein
structure at different, hard to measure levels (e.g.,
tertiary structure). An excellent example is retini-
tis pigmentosa, as 60% of disease-causing muta-

tions are still unknown, while this may in part be
due to the ambiguous classification of genetic
variants [7]. As sequencing-based genetic studies
increase the number of identified protein-altering
mutations, more work in this area will be critical
to understand their role in complex diseases[8§]
and to discriminate between harmless and more
damaging VUS.

Missense variants comprise over 60% of all
known monogenic disease mutations [9], but they
disrupt protein structure and function in various,
sometimes unclear, ways [10]. Changes to alpha
helices or beta sheets are the most clearly under-
stood, as they generally impact protein stability
by changing hydrophobicity that affects protein
folding, like mutations in TGFb or Pim1 in can-
cer [9, 11, 12]. Amino acid changes in other loca-
tions may affect the stability of a protein or
protein complex [6] through changing the tertiary
structure of the protein or through changing the
free energy needed to fold into a functional form.
Depending on the context of the single amino
acid change, protein folding (i.e., free-energy
change) can be impacted enough to prevent the
formation of structural motifs needed for critical
function [6]. However, directly measuring free-
energy changes resulting from an amino acid
substitution is a difficult experimental task
because current approaches typically are expen-
sive, are time consuming, are performed on a
single mutation at a time, and are hard to scale. In
lieu of directly measuring experimental changes
in free-energy, computational methods are often
employed [13]. These methods typically compare
wild-type and mutant protein folding using a
solved template protein structure from the pro-
tein data bank (PDB, https://www.rcsb.org/) and
then changing those structures to model the
mutant protein using programs like PoPMusic
[14] or Phyre [15]. The free energy before and
after folding is calculated for both the wild-type
and mutant proteins to produce two respective
free-energy change measures (AG). These mea-
sures are then compared to estimate a change in
AG due to the amino acid substitution (AAG).
Both experimentally solved and high-resolution
computational models of protein structures like
those found in the PDB can be used for accurate
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folding estimates [16, 17]. PDB contains 183,386
structures in 2021, which were either determined
experimentally or by homology modeling based
on similar protein structures [18]. As of 2020,
14,028 solved and proven experimentally struc-
tures from the 183,386 were included in the
PDB. The sequence based or ab initio approaches
for identifying impactful variants are faster but
depend on machine learning training sets and do
not focus on the ultimate impact on the full post-
secondary protein structure, utilizing protein
modeling, while the structure-based approaches
use multiple scoring methods as well as intensive
calculations, like the free-energy perturbation
(FEP) and thermodynamic integration (TI) meth-
ods [19, 20].

Computationally, protein homology models
can be constructed using methods like the Swiss-
Model in the ExPASy webserver [21]. Proteins
can be graphed using Mol [22]or other programs
to visualize exactly where the structure changes
and where the variant impacts the protein struc-
ture. Variants that impact the free-energy change
in binding sites or core regions may be the most
damaging, even if the change is not obviously
damaging to the tertiary structure of the protein.
Mutations that destabilize proteins are described
for von Willebrand diseases [23], prion [24], and
retinal degenerative diseases that impact rhodop-
sin [25]. Depending on protein function, some
residue substitutions cause disease by increasing
protein stability, such as the CLIC2 protein in
some mental disorders [26].

2 Partll. Common
Computational Methods
for Determining Variant
Impact

Machine learning algorithms can assess the
impact of missense variants using a variety of
information including protein sequence and in
some cases, structure and folding. Programs like
SIFT (http://sift-dna.org) [27], MutPred (http://
mutpred.putdb.org) [28], or Polyphen2 (http://
genetics.bwh.harvard.ed/pphw) [29] are trained
using a set of known deleterious mutations for

often severe Mendelian diseases. Some
approaches and programs either calculate free-
energy changes and take the free-energy changes
into account when evaluating protein stability,
like I-Mutant2.0 (http://gpcr2.biocomp.unibo.
it/%7Eemidio/I-Mutatnt/I-Mutant.htm) [30],
SDM  (http://www-cryst.bioc.cam.ac.uk/~sdm/
sdm.php) [31], CUPSAT (http://cupsat.tu-bs.de/)
[32], FoldX (http://fold-x.embl-heidelberg.de)
[33], ROSETTA (https://www.rosettacommons.
org/) [34], or AUTO-MUTE (http://proteins.gmu.
edu/automute) [35]. However, only few programs
take into account both information from tertiary
structures and the impact of free-energy change
on the protein structure. Only PolyPhen,
[-Mutant2.0, and HOPE (https://www3.cmbi.
umcn.nl/hope/about/)  [36] consider  both
sequence and protein structure changes but
include these among many other features in a
machine learning prediction based on highly pen-
etrant missense variants[6]. A comparison
between the different methods used to estimate
the effect of different mutations on protein stabil-
ity has been described in work of de Groot [37],
Thiltgen and Goldstein [38], and Kroncke [39].

3 Part lll. New Methodologies:
PathProx and POKEMON

PathProx [16, 17] employs an alternative
approach: it specifically focuses on the spatial
context and stability of the full three-dimensional
protein. PathProx performs two types of analy-
ses: (1) PathProx evaluates the spatial proximity
of input variants to known pathogenic variants
(from resources like ClinVar) and to presumed
neutral variants within the protein; (2) PathProx
calculates differences in the free-energy and sta-
bility of the protein utilizing ROSETTA and
examines those variants in relationship to other
known pathogenic and presumably neutral vari-
ants that may be present in the protein structure.
The spatial proximity portion of the algorithm
uses Euclidean distance to determine if the input
variants are nearer to pathogenic risk variants (or
any variant of interest), as compared to “normal”
or neutral variants, such as those found in data-
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bases like GnomAD, which draws on over
141,456 samples from the controls of dozens of
disease studies (https://gnomad.broadinstitute.
org/) [40]. Variants that are found closer to known
pathogenic variants and that are enriched in cases
(when case-control data is used) could indicate
that a particular protein region plays a significant
role in disease pathogenesis, whereas variants
that are found near neutral variants and are more
often found in controls or are evenly distributed
between cases and controls are likely neutral or
perhaps “protective” variants. The ROSETTA-
based portion of the method uses free-energy cal-
culations to identify variants that are predicted to
impact the structure of a protein associated with a
given disease. Together, these two approaches
within PathProx create a candidate variant list for
further case enrichment, gene-based testing, and
functional testing at the bench. Paired together,
these approaches allow for the identification of
two different patterns of protein-altering
relationships.

POKEMON [41] adapts gene-based testing
methods employing kernel functions (such as
SKAT) to include information about missense
variant proximity within the 3D structure of a
protein. Using this kernel, a statistical test can be
conducted to determine if the spatial proximity of
variants within the protein is related to case sta-
tus. For example, a pocket of missense variants
found more frequently in cases within one par-
ticular area of a protein may point to a segment of
the protein that plays a role in disease. That area
may be important as a binding site, or impact pro-
tein stability at the weakest point, contributing to
disease pathogenesis. Results from POKEMON
and the spatial-clustering analyses of PathProx
have been found to be concordant in a study of
Alzheimer’s disease and provide orthogonal
methods of identifying disease-associated pro-
tein regions (unpublished data, 2021). We
recently utilized these two methods to identify
variants that can have a functional impact on pro-
tein stability and expression of complement fac-
tors in AMD (Grunin, Palmer, de Jong et al.,
unpublished).

4 Part IV. Retinal Diseases,
AMD, and Protein Stability

Multiple retinal degenerative diseases are caused
by mutations that affect protein stability [42].
One of the best known are rhodopsin mutations,
the most common cause of autosomal dominant
retinitis pigmentosa [43].The first identified
mutations inhibit protein stability that either
reduces its export out of the endoplasmic reticu-
lum (ER) (Class II mutations) [44] or increases
accumulation inside the cell (Class III mutations)
[45]. The majority of these mutations lead to
folding defects of the protein [45]. Class II muta-
tions also impact tertiary folding stability [46].
These mutations are common among the G
protein-coupled receptors (GPCRs), but how
their thermodynamics are impacted by folding
stability is still not fully understood. Therefore,
computational methods to understand the effect
of these mutations is the avenue that has been
most explored [43].

Investigation of VUS has been a major focus
in genetic research, and the combination of both
computational and functional biology approaches
has been useful in identifying the impact of
VUSs. If computational approaches can differen-
tiate variants of significance from among the
VUSs, specifically those that have functional
effect, this would significantly improve variant
interpretation in diagnostic testing. For rhodop-
sin, variant interpretation has been performed
using a combination of computational and exper-
imental approaches: gain of function mutations
have systemically been analyzed using a compu-
tational approach, in addition to a full-scale
experimental screen to evaluate rhodopsin
expression in cells [47]. Two-stage approaches
using computational methods before moving to
functional testing have been applied, for exam-
ple, in Best disease, to determine destabilizing
mutations using I-mutant and then performing
functional testing on all variants [48]. Many tests
have shown that reliable first-stage computa-
tional testing of missense mutations can be done
through [-Mutant, Dmutant, and FoldX [49].
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However, a two-stage approach can be used to
first predict the effect of a variant computation-
ally and then focus experimental work on vari-
ants that are predicted to affect protein stability
or function, which would narrow the testing pool,
time, and costs [50]. In AMD, one of the most
studied proteins is complement factor H (CFH).
Rare protein-coding AMD risk variants have
been mapped on the protein with corresponding
issues of protein unfolding or incorrect folding,
with 70% of mutations showing a destabilizing
effect. Recently, 105 variants in CFH were classi-
fied according to their pathogenicity and effect
on function utilizing functional assays [51].

Several other proteins of the complement
pathway are associated with AMD including C3,
C9, CFB, and CFI [52]. Rare protein-coding vari-
ants in these complement genes have been asso-
ciated with differences in protein concentration
in patients and controls [53-57]. However, in
AMD, a combination of common variants with
modest effect and rare variants with large effect
collectively contribute to the disease, and how
these variants contribute to AMD and whether
they have synergistic effects are currently
unknown. Analysis of variants in RPE65 and rho-
dopsin have shown similar results in destabiliza-
tion of the protein, utilizing an unfolding mutation
screen (UMS) [50]. However, these results were
not followed up by actual functional testing on
those mutations, because the mutations were
already known, and thus the method did not show
predictive power. We recently applied computa-
tional methodology utilizing PathProx and
POKEMON to patients with AMD and identified
variants that impact proteins in the complement
system. These variants were located in unique
spatial locations in the protein and lead to distinct
free-energy changes. We determined through
computational mining which variants cause an
in vitro change in complement protein expres-
sion. Therefore, the application of computational
filtering allows us to identify variants that have a
foreseeable functional impact (Grunin, Palmer,
deJong, unpublished data, 2021)

In conclusion, utilizing novel methods like
PathProx and POKEMON will enable under-
standing of which variants are likely to affect

protein stability and may provide new avenues
for identifying treatment-amenable variants with-
out the need to bench test every single mutation.
In addition, free-energy changes can be utilized
to predict the consequences that these variants
might have on the protein of interest. Reliable
predictive testing allows the identification of
variants of interest in disease more rapidly and
allows for targeted functional testing.
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