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Abstract

CAGI (Critical Assessment of Genome Interpretation) conducts community experiments to
determine the state of the art in relating genotype to phenotype. Here we report results obtained
using newly-developed ensemble methods to address two CAGI4 challenges: enzyme activity for
population missense variants found in MAGLU (Human N-acetyl-glucosaminidase) and random
missense mutations in Human UBE2/ (Human SUMO E2 ligase), assayed in a high throughput
competitive yeast complementation procedure. The ensemble methods are effective, ranked 2" for
SUMO-ligase and 3 for NAGLU, according to the CAGI independent assessors. However, in
common with other methods used in CAGI, there are large discrepancies between predicted and
experimental activities for a subset of variants. Analysis of the structural context provides some
insight into these. Post-challenge analysis shows the ensemble methods are also effective at
assigning pathogenicity for the NAGL U variants. In the clinic, providing an estimate of the
reliability of pathogenic assignments is key. We have also used the NAGLU dataset to show that
ensemble methods have considerable potential for this task, and are already reliable enough for use
with a subset of mutations.
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INTRODUCTION

The vast quantities of data generated by the high-throughput genotyping and next generation
sequencing technologies (Soon et al. 2013; Reuter et al. 2015) have created a major demand
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for reliable methods of interpreting the phenotypic significance of genetic variation,
particularly as it relates to human disease. Among various types of genetic variation,
missense single nucleotide polymorphism (SNPs) and missense rare mutations in coding
regions are of particular interest because of the major role these play in monogenic disease
(Stenson et al. 2014), complex trait disease (Kryukov et al. 2007; Pal and Moult 2015), and
cancer (Wood et al. 2007; Shi and Moult 2011).

Many computational methods have been developed to identify the relevance of missense
variants to disease (Peterson et al. 2013). Most of these methods make use of sequence
variation across species and within the human population to infer the likely fitness impact of
an amino acid substitution, assumed to be related to disease relevance (Lichtarge et al. 1996;
Ng and Henikoff 2003; Yue and Moult 2006; Thomas et al. 2006; Calabrese et al. 2009;
Chun and Fay 2009; Schwarz et al. 2010; Choi et al. 2012; Katsonis and Lichtarge 2014;
Kircher et al. 2014; Niroula et al. 2015). A few make use of three dimensional structure
information, particularly to infer any thermodynamic destabilization of the structure (Yue et
al. 2005; Redler et al. 2015), assuming that decreased protein activity implies a relationship
to disease. Some methods combine both sequence and structure information (Li et al. 2009;
Adzhubei et al. 2010; Carter et al. 2013; Hecht et al. 2015; Baugh et al. 2016; Folkman et al.
2016). Methods usually use supervised machine learning such as random forest (L.i et al.
2009; Carter et al. 2013; Niroula et al. 2015), neural network (Hecht et al. 2015) and support
vector machines (Yue and Moult 2006; Calabrese et al. 2009; Kircher et al. 2014), or models
that do not need training (Lichtarge et al. 1996; Ng and Henikoff 2003; Thomas et al. 2006;
Chun and Fay 2009; Choi et al. 2012).

Missense analysis methods have usually been evaluated by benchmarking against databases
of known monogenic disease mutations and presumed benign species or population variants,
and there have been very few independent tests. Critical Assessment of Genome
Interpretation (CAGI), conducts community wide experiments to test these and other
genome interpretation methods. CAGI participants are provided genetic variant information
and asked to predict phenotypic consequences. Independent assessors then evaluate the
results. The experiments are double blind in that participants do not know the phenotypes
and the assessors do not know the identity of the participants. In the most recent CAGI
round, CAGI4 (http://genomeinterpretation.org), there were two missense variant
interpretation challenges: the NAGLU challenge (https://genomeinterpretation.org/content/4-
NAGLU) and the SUMO-ligase challenge (https://genomeinterpretation.org/content/4-
SUMO _ligase). Here we report our results for these.

NAGLU (MIM# 609701) encodes Human N-acetyl-glucosaminidase, an enzyme involved in
the heparan sulfate degradation process, and is one of four (Valstar et al. 2008) lysosomal
enzymes in which mutations may result in one of four corresponding types of Sanfilippo
Syndrome (Sanfilippo et al. 1963). Mutations in NAGLU protein cause a rare neurological
disease, Mucopolysaccharidosis I11B or Sanfilippo B disease (O’Brien 1972; von Figura and
Kresse 1972; Valstar et al. 2008). The NAGLU challenge utilized in vitro enzyme activity
data for a set of 165 rare population missense mutations extracted from the EXAC exome
database (60,706 individual genomes) (Lek et al. 2016), omitting 24 known disease
mutations. CAGI challenge participants were asked to quantitatively predict the enzymatic
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activity of each mutant relative to that of the wild type enzyme. A unique feature of the
NAGLU dataset is that it represents the distribution of protein function of rare variants
present in a population. To our knowledge, this is the first test of this type for current
missense analysis methods, and more relevant to variants encountered in the clinic than
usual database benchmarking.

UBEZ2I (MIM# 601661) encodes the human small ubiquitin-like modifier proteins
conjugating protein (SUMO E2 ligase) that catalyzes the covalent attachment of SUMO to a
range of target proteins. The CAGI challenge data provider had generated a library of over
6,000 human SUMO-ligase UBEZ2/ clones expressing nearly 2,000 unique missense
mutations in various combinations. The competitive growth rate of each clone was deduced
from deep sequencing of a yeast-based complementation system. CAGI participants were
asked to predict the relative competitive growth rates of yeast cells carrying three different
sets of random mutations. Unlike the NAGLU challenge, where enzyme activity is known to
be directly related to pathogenicity (von Figura and Kresse 1972), the relationship between
SUMO-ligase function and fitness is complicated by two factors — the multiple regulator and
target proteins that interact with SUMO-ligase (Geiss-Friedlander and Melchior 2007), and
the fact that the human SUMO-ligase was substituted for the native enzyme in yeast cells.
These factors make this a complex system from the point of view of interpreting the CAGI
results. Many similar high throughput mutational scans are now being undertaken, so it is of
interest to use the CAGI experiment to begin to probe the strengths and limitations of this
approach, both generally, and as a basis for CAGI challenges.

All submitted predictions in each challenge were evaluated by independent assessors, one
for each challenge. Results reported here were ranked 2" for the SUMO-ligase challenge
and 379 for NAGLU.

Most missense analysis methods assign each variant as either deleterious or benign. An
unusual feature of both the NAGLU and SUMO-ligase challenges is that they require
prediction of a continuous variable, in one case relative enzyme activity, and in the other,
relative yeast growth rate. In other words, the challenges require a regression predictor rather
than a classification predictor. To address this requirement, we made use of an ensemble
approach, combining binary predictions or associated confidence scores from up to eleven
different methods. In a number of fields, ensemble methods that combine results from
multiple individual methods have proven effective (Dietterich 2000; Moult 2005; Abeel et
al. 2010). A number of missense ensemble predictors, for example CONDEL (Gonzalez-
Pérez and Ldpez-Bigas 2011), PONP (Olatubosun et al. 2012), Meta-SNP (Capriotti et al.
2013) and most recently REVEL (loannidis et al. 2016) have also been developed for the
more usual task of binary classification, but as far as we are aware, this is the first use for
quantitative prediction of missense impact.

We also performed several post-challenge analyses on the NAGLU dataset, examining the
usefulness of structure information for identification of deleterious mutations and comparing
the performance of the new ensemble method with other missense methods for binary
classification. In the clinic, a major concern is not just to have an accurate predictor of
pathogenicity, but also to assign a reliable probability that an assignment of pathogenic or
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benign is correct. The NAGLU challenge data set provided an opportunity for testing
methods of assigning such probabilities on a clinically relevant dataset.

METHODS

Challenge data and benchmark data

The challenge set of 165 MAGL U'rare population missense mutations was provided by
Jonathan H. LeBowitz (BioMarin). The SUMO-ligase CAGI challenge set was generated by
the Fritz Roth lab using a competitive yeast complementation growth assay. Three sets of
UBEZI (SUMO-ligase) mutations were provided — 1) a reliable (multiple measurements) set
of 219 single missense mutations, 2) a less reliable set of 463 single missense mutations and
3) a set of 4427 double or more mutations per clone. The experimental NAGLU enzyme
activity data and the SUMO-ligase yeast growth data were not released to CAGI participants
until all predictions had been submitted. In addition, we also collected 90 NAGL U known
disease-related variants from HGMD (Stenson et al. 2014), together with the 278
interspecies variants, as a benchmark set.

Data for training predictors of continuous activity

Methods training for both NAGLU enzyme activity and SUMO-ligase growth rates required
data that are also on an appropriate continuous scale of biological activity (as opposed to the
more usual pathogenic/benign classification). For this purpose, a set of enzyme activity data
for 92 human Phenylalanine hydroxylase (PAH) variants from (http://www.biopku.org/pah/)
was used, supplemented by a set of 139 PAH interspecies variants (identified by comparing
the human sequence with those of seven PAH orthologs (HomoloGene, (NCBI Resource
Coordinators 2015)) with sequence identities higher than 80%), assumed to have full
activity. We also searched the literature for high throughput mutation datasets that might be
appropriate for use as training data. Only one of these appeared suitable, a set of cell growth
rate data for yeast ubiquitin (UBI4) mutations (Roscoe et al. 2013). In practice, methods
trained on these data performed poorly, and so its use was discontinued.

Combining multiple missense analysis methods to predict relative protein activity

For the ensemble methods, up to eleven missense analysis methods were used: Polyphen-2
(Adzhubei et al. 2010), SIFT (Ng and Henikoff 2003), SNPs3D Profile (Yue and Moult
2006), CADD (Kircher et al. 2014), Panther (Thomas et al. 2006), PON-P2 (Niroula et al.
2015), SNAP2 (Hecht et al. 2015), PROVEAN (Choi et al. 2012), VEST3 (Carter et al.
2013), LRT (Chun and Fay 2009) and MutationTaster (Schwarz et al. 2010). The dbNSFP2.9
database (Liu et al. 2013) was used to obtain CADD, PROVEAN, LRT, VEST3 and
MutationTaster results. SNPs3D Profile results were obtained using the standalone in-house
software. Results of other methods were obtained from the corresponding web-servers.

Binary predictions and associated scores were collected when both were available.
Polyphen-2 ‘Probably damaging’ and ‘Possibly damaging’ were merged as a deleterious
assignment. The MutationTaster deleterious set was compiled by combining the ‘A’ and ‘D’
categories, and the benign set consisted of the ‘P* and ‘N’ categories. Four methods (CADD,
SNPs3D profile, Panther and VEST3) didn’t directly report binary assignments. The
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recommended threshold score of 15 was used for CADD and the standard score threshold of
zero was used for SNPs3D profile. A ‘deleterious’ score of 0.5 and a score of 0.77 were
chosen as the cutoffs for Panther and VEST3 respectively, the values at which the
distribution curves of deleterious and benign training sets crossed each other.

For machine learning based prediction of protein activity, two sets of input features were
tested: One set consists of the score values returned by each of the 11 missense methods
listed above. The other set consists of the binary assignments of benign or deleterious,
represented as 0 or 1. Both feature sets also included the fraction of agreement (FOA) for a
deleterious assignment across predictors, calculated as following:

FOA=Y Ci/> N;

where the sum is over the number of missense methods included, and Ajis 1 if a binary
assignment is available for the i-th method, and is 0 otherwise, C;is 1 if the i-th method
predicted deleterious and is 0 if the i-th method predicted benign or was not available.

Weka (Frank et al. 2016) with standard settings was used to test a number of machine
learning models: logistic regression, linear regression, support vector machine (SVM)
regression, multi-layer perceptron, M5 Rule, random tree and random forest. The overall
best performance (as judged from Root mean square deviations (RMSD, see supplementary
methods), Pearson, and Spearman) on the PAH training set with 10-fold cross validation was
returned for an SVM regression with a RBF kernel with the default settings and using the 11
method scores and FOA as features. However, the spread of performance across the best
combinations of the feature sets and the ML methods was small (Pearson’s r 0.84-0.87,
RMSD 0.18-0.20, 10-fold cross validation) and so more extensive parameter optimization
might have produced a different choice. In addition to the prediction of activity, CAGI4 rules
also required estimated standard deviations for each activity value. We provided the RMSD
on the PAH training set as the standard deviation for all predicted activities.

Scale calibration and manual adjustment for each challenge

The SVM regression model was used to predict the relative enzyme activity of each NAGLU
mutation and the cell growth rate of each UBE2/ (SUMO-ligase) mutation. Because the
model was trained on a different gene (PAH) with enzyme activity measured using a
different experimental assay, we expected some systematic bias in the predictions and
assumed that results would require scaling for each challenge system. For NAGLU, a zero
activity reference point was defined using 15 known disease mutations with reported zero
enzyme activity (Weber et al. 1999; Tessitore et al. 2000; Lee-Chen et al. 2002; Beesley et
al. 2004). A full activity reference point was defined by the 278 NAGL U interspecies
variants compiled in the same way as the PAH interspecies variants described above. These
reference points were used to linearly scale the NAGLU activity predictions. We also
collected structural information on the NAGLU protein from SNPs3D stability (Yue et al.
2005) and FOLDX (Guerois et al. 2002) predictions, as well as information on the
functional role of individual residues from UniProt (UniProt Consortium 2015). Two
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predictions affecting disulfide bonds were manually adjusted to 0.1 activity. Predictions for
six residues were adjusted to lower predicted activity in an ad #oc manner, on the basis of
predicted structure destabilization. The experimental data later showed that these manual
adjustments did not improve overall prediction accuracy, and increased prediction error for
three of the six residues. For SUMO-ligase, the distribution of experimental measurements
was provided as part of the challenge. Two submissions were made using different
calibration procedures. For the first, we used the closest experimental values to 0 and 1 as
the zero and full growth rate reference points and applied a linear scaling procedure like that
used for NAGLU. In the second submission, each predicted growth rate was uniquely
matched to the corresponding ranked experimental value. We noted that the experimental
distributions have a number of mutations with growth rates significantly higher than wild
type. For each challenge set, for the submission not mapped to the distribution of
experimental data, it was necessary to reassign some growth rates to values greater than wild
type to match experiment. We increased the values for the top predicted growth rate subset,
except for those that predicted destabilizing by SNPs3D Stability (Yue et al. 2005) and
FOLDX (Guerois et al. 2002). We also took into account (Bernier-Villamor et al. 2002;
UniProt Consortium 2015) several reports of mutations with enhanced growth rate. The
experimental data showed that this procedure is less accurate than that without manual
adjustments on most gain-of-function mutations (22 of 27 in set 1 and 47 of 52 in set 2). For
Challenge set 3, where multiple mutations were present in each sample, we assumed that the
highest impact prediction dominated, and assigned that predicted value. The results of each
challenge presented throughout the rest of the manuscript are based on a final set of
predictions that include the manual adjustments.

All final predictions were adjusted to be 0 if below 0, as required by the CAGI4 submission
instructions.

Positive and negative controls

Positive and negative control models were used to further evaluate the continuous
predictions of relative protein activity. The positive control model estimated the performance
expected if the computational method were perfect so that the only discrepancies arose from
experimental error. For this purpose, simulated experimental errors were randomly drawn
from a Gaussian distribution using the reported experimental mean and standard deviation
based on the experimental error for each mutation. The performance was averaged from
1000 repeats of this process. The negative control adopted the algorithm proposed by the
CAGI SUMO-ligase assessor as follows:

Py
Q w

P
Prediction Score=In(——) — In(

Qm

)

Where P, and P, are the probability of the wild type and mutated residue type occurring at
the mutated position in a multiple sequence alignment and Q,, and @, are the background
frequencies of the wild type and mutated residue respectively in the entire sequence profile.
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Analysis of the influence of training set type and size on performance

The continuous value prediction models used a small training set of mutations and that set
was from an unrelated protein. Once the submissions were made and the experimental data
were available, for each of the challenges, we tested the influence of these factors as follows.
15% of the data was set aside for testing and a series of subsets of different sizes were
randomly selected from the remainder. The machine learning model was retrained on each
of these subsets. The procedure was repeated 10 times, omitting a different 15% data each
time. Performance was then evaluated as a function of training set size.

Training and testing data for the binary predictor

For training ensemble binary predictors of pathogenicity, all mutations in an earlier version
of HGMD (Stenson et al. 2003) were used as true positives and a set of interspecies variants
were used as true negatives (‘benign’ mutations), compiled by comparing homolog protein
sequences across species with at least 90% sequence identity over at least 80% of the full
length (Yue and Moult 2006). For testing pathogenicity models and assessing prediction
reliability, we compiled two independent test data sets. The first set is composed of ClinVar
(Landrum et al. 2016) variants with pathogenic or benign assignments, excluding all that are
in HGMD (2014 version) (Stenson et al. 2014) and OMIM (http://omim.org/) in order to
ensure independence from the commonly used training data. ClinVar ‘likely pathogenic’,
‘likely benign’ entries, and entries with conflicting ClinVar assignments were not included.
The second is the challenge set of 165 MAGL U'rare population missense mutations. A
complication in this analysis is choosing an activity level below which all mutations are
pathogenic (that is, penetrance is 100%). In other data referenced by the data provider,
pathogenic mutations are found at activities up to 45% but most are below 15%. Because of
this uncertainty, we evaluated methods performance using both 10% and 30% relative
enzyme activity cutoffs for pathogenicity.

Pathogenicity prediction models

Three machine learning methods were tested for binary state (pathogenic/benign) prediction
models: Logistic Regression (Weka), Random Forest (Weka) and SVM (RBF kernel,
SVMlight (Joachims 1999)). Features sets were the same as those used for continuous value
prediction except that Panther and SNAP2 predictions were removed due to the difficulty of
collecting the large number of predictions required from the corresponding web-servers.
Models were trained using the HGMD dataset with default parameters. REVEL (loannidis et
al. 2016) predictions were downloaded from (https://sites.google.com/site/revelgenomics/).
The dbNSFP2.9 database (Liu et al. 2013) was used to map REVEL results to individual
protein mutations.

Measuring prediction reliability

In the clinic, variants are often accepted as pathogenic or benign if the confidence in that
assignment is estimated as greater than some threshold, typically 90%. For each binary
prediction method, we therefore evaluated the fraction of variants that were predicted with
reliability (PPV, positive predictive value, see supplementary methods) at 95%, 90%, 85%
and so on. To this end, for each method, the data were sorted by the associated prediction
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score, from highest confidence score to lowest. For prediction of pathogenicity, the fraction
of highest confidence variants with a given PPV was then determined. The resulting fraction
versus PPV curves were plotted using R ggplot2 (Wickham H 2009)(Wickham 2009). To
reduce noise, the NAGLU dataset was expanded to 1000 variants by bootstrapping, and
assessed by averaging over 1000 bootstrappings.

Comparison of predicted and experimental enzyme activities

Figure 1A shows a scatter-plot for the NAGLU challenge mutations showing the relationship
between all predicted and experimental enzyme activities. The overall RMSD between
predicted and experimental values is 0.31, Pearson’s r is 0.55, and Spearman’s rho is 0.57.
These values are worse than the cross validation results on the PAH training data, which are
RMSD of 0.20, Pearson’s r of 0.82 and Spearman’s rho of 0.78. The NAGLU predicted
values are also substantially worse than the positive control ‘perfect prediction’ RMSD of
0.12, 0.95 Pearson’s r and 0.94 Spearman’s rho (based on the reported experimental
standard errors). There are a small number of serious outliers, and as the plot shows, most of
these correspond to mutations identified by the assessor as ‘hard to predict’ on the basis of
poor performance by all the top methods. A breakdown of performance by location in the
structure (Supp. Figure S1) shows striking variations for the Pearson’s correlation coefficient
of 0.83, 0.50 and 0.39 for buried, partially exposed and surface mutations respectively.
(\Variant location based on the STRIDE (Eisenhaber and Argos 1993; Eisenhaber et al. 1995;
Frishman and Argos 1995) relative surface accessibility: buried core (< 0.05), partially
exposed (> 0.05, < 0.25) and surface (> 0.25)). The most serious outliers for both under and
over-prediction of activity are in the partially or completely exposed subsets. Performance
metrics are substantially improved omitting these ten, with RMSD of 0.24, Pearson’s r of
0.71 and Spearman’s rho of 0.71 (Table 1).

Avre the ten outlier mutations cases where all the prediction methods systematically fail, or
are these experimental artifacts of some sort? A definitive answer to this question is not
possible without further experiments, but in some cases, likely explanations present
themselves. For example, 10 out of 11 individual methods in the ensemble model and a
structural method, SNPs3D Stability, predict mutation (MAGLU NP_000254.2:p.A627V) to
be benign, but the reported experimental activity value is close to 0. Consistent with the
prediction results, examination of a multiple sequence alignment shows A627 is at a variable
position across species, where 15 different amino acid types are found. A627 is on the
protein surface (Supp. Figure S2A) and the variant introduces a hydrophobic side chain
(crystal structure from USPTO US08775146B2 (Meiyappan et al. 2014)). Under /n vivo
conditions, that may indeed have little impact, but in overexpression conditions of the
experimental /n vitro assay, aggregation may result. On the other hand, it is difficult to find
any plausible explanation for some of the outliers. For example, one outlier (NAGLU
NP_000254.2:p.P283L) is a partially exposed proline at an extremely conserved position
(Supp. Figure S2B). All 11 individual prediction methods as well two structure based
methods, FOLDX (Guerois et al. 2002; Schymkowitz et al. 2005) and SNPs3D Stability
(Yue et al. 2005), predict this mutation deleterious. Inspection of the structure suggests no
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way in which the leucine side chain could be accommodated. The reported experimental
activity is the highest of any of the variants, at 1.19.

Figure 1B is a scatter plot of the relationship between Submission 2 predicted and
experimental growth rates for Set 1 UBE2I (SUMO-ligase) mutations. The performance is
weaker (RMSD 0.55, Pearson’s r 0.39, Spearman’s rho 0.46) than the results for NAGLU,
likely because of the complex relationship between aspects of SUMO-ligase function, its
many substrates, and cell growth as well as effects from use of human protein in a yeast
system. In contrast to NAGLU, the best performance is for surface residues (Pearson’s r
0.59), and it is less good for mutations of buried (Pearson’s r 0.35) and partially buried
(0.29) residues. The results are worst for mutations in the substrate, SUMO, and SUMO-E3
ligase protein-protein interfaces ((Pearson’s r 0.24, Supp. Figure S3). For example, in the
experimental structure with a human SUMOylation substrate, RANGAP1 (PDB code 3UIP),
the wild type K74 forms a salt bridge with E526 of the substrate (Supp. Figure S4).
Mutations (UBE2I NP_003336.1:p.K74S and UBE2/ NP_003336.1:p.K74E) disrupt that
interaction and in the case of K74E electrostatic repulsion is introduced. Both positions are
conserved, and the mutations are overwhelmingly predicted deleterious, yet the experimental
growth rates are higher than wild type. On the other hand, mutation (UBEZ2/
NP_003336.1:p.K74R) appears to enhance the salt bridge with E526, and four out of ten
sequence methods and the two structure methods predict it as benign. Yet the experimental
value shows complete loss of growth. At the CAGI meeting the data provider, Fritz Roth,
agreed that a possible complication here is that interfaces between human SUMO-ligase and
its human partners may have significantly different properties from the equivalent yeast
interfaces, and that in general the substantial number of gain of function mutations may be
due to this cause. Some other SUMO-ligase substrates do not have exactly the same
interface (Bernier-Villamor et al. 2002). Thus, in general, it is not clear how altering the
interface with one substrate may affect interactions with other substrates, and therefore what
the overall effect on growth may be.

Table 1 summarizes all the agreement statistics between prediction and experiment for the
NAGL U mutations and the UBE2I (SUMO-ligase) set 1, set 2 and set 3 mutations, together
with the values for the positive and negative controls. (Data are for the SVM regression
models described in Materials and Methods). Supp. Table S1 shows the number of missense
analysis methods reporting for each data set. The results show our models outperformed the
(quite sophisticated) negative control in the NAGLU challenge (RMSD 0.31 versus 0.42,
Pearson’s r 0.55 versus 0.45, and Spearman’s rho 0.57 versus 0.48). The model is also
effective on the SUMO-ligase set 1 (the most reliable single mutations) when compared to
the negative control (RMSD 0.55 versus 0.59, Pearson’s r 0.39 versus 0.30, and Spearman’s
rho 0.46 versus 0.38). The large gap between the method’s performance and the positive
control suggests that experimental error was likely not the limiting factor in the level of
agreement with experiment.

SUMO-ligase challenge variant properties

The NAGLU challenge data are extracted from the EXAC database of population variants
(Lek et al. 2016). In this respect it is a unique dataset — a set of variants found in a largely
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healthy population as opposed to the collections of known disease related mutations in
databases such as HGMD (Stenson et al. 2003, 2014) and Clinvar (Landrum et al. 2016) and
control sets of variants such as interspecies differences that are typically used for training
and benchmarking methods. It is therefore of interest to ask how different the overall
properties of these population variants are from the variants in the standard databases. Figure
2A shows that the predicted relative enzyme activity for the 90 NAGL U disease variants in
HGMD and for 278 NAGLU interspecies variants have distinct distributions centered on 0
and 0.9~1 respectively, as expected. In contrast to this, the predictions for NAGLU CAGI
challenge variants are approximately evenly distributed across the whole 0 to 1 range, in a
manner similar to that of the experimental data.

Figure 2B shows a comparison of the distribution of predicted yeast growth rates for
SUMO-ligase challenge Set 1 mutations compared to the experimental distribution. An
unusual feature of the experimental distribution is a substantial number (19%) of gain of
function mutations, and this resulted in a poor overall fit from our prediction model. For
submission 1, the distribution at low growth rates (below 0.2) is close to experiment, but
between 0.2 and 1.0 there are too few predicted values and there are too many moderate gain
of function values (in the 1.0 to 1.4 range). The second submission, which mapped each
predicted value to the closest experimental value, corrects these distribution errors and
produced a better overall distribution but doesn’t improve the prediction accuracy (Table 1).
Set 2 showed similar results, whereas Set 3 shows many fewer gain-of-function mutations,
presumably because of the presence of multiple mutations in each sample (Supp. Figure S5).

Role of structure destabilization

Thermodynamic destabilization of three-dimensional structure is established as playing a
large role for monogenic disease causing mutations (Yue et al. 2005), so it was of interest to
examine what part this factor plays for the challenge variants. (This analysis was undertaken
after the results were known, and did not form part of our CAGI submissions). Figure 3A
shows the distribution of destabilization scores from SNPs3D (Yue et al. 2005) for the
NAGLU homo-trimer complex. At a NAGLU pathogenicity activity threshold of 0.3, a high
fraction (68%) of the low activity variants are destabilizing, so, as in other monogenic
disease, this factor plays a major role.

The structure analysis is independent of the sequence methods and so provides some
evidence for whether or not the 10 ‘hard’ predictions are experimental artifacts or systematic
failures of the sequence methods. Two of the ‘hard’ variants with high experimental activity
(MAGLUNP_000254.2:p.P283L and NAGLU NP_000254.2:p.G596C) are predicted
destabilizing, consistent with the sequence analysis results and inconsistent with experiment.
One of the *hard’ very low activity (0.06) variants ((MAGLU NP_000254.2:p.R377H),
Figure 3B) is found to be destabilizing though, consistent with experiment and in
disagreement with some sequence methods (5 out of 11). Wild type R377 makes charge-
dipole interactions with two main chain carbonyl groups (T343, A345) and a side chain
hydroxyl group (Y335) so stabilizing a turn, and these interactions are absent for the variant
(Figure 3B). The other seven ‘hard’ variants are all low activity and predicted to be not-
destabilizing (lower right quadrant in Figure 3A). This could be because some other
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mechanism (for example involvement in catalysis) causes the low activity or because of
experimental artifacts. Inspection of the structural environment does not reveal any such
mechanisms, reinforcing the impression that these are experimental artifacts.

17% of the stability predictions disagree with the experimental data — predicted destabilizing
but with higher than pathogenic activity. These partly reflect the shortcomings of present
stability analysis methods as illustrated by the example of mutation (MAGLU
NP_000254.2:p.D306G) (Figure 3C). Wild type D306 forms electrostatic interactions with
R234 that is absent for the variant. In reality, loss of this interaction is likely largely
compensated for by increased solvation energy, a factor poorly represented in the SNPs3D
model. There is scope for improvement of these methods in this and a number of other ways.

Effect of training set size and choice of training data

One obvious drawback to our approach is the limited number (activities for 231
phenylalanine hydroxylase mutations) of training data. Further, training on that single
system may introduce systematic bias. In order to evaluate whether the performance of the
model is restricted by these two factors, we retrained using the NAGLU enzyme activity
data, after these were released to the CAGI community (see Materials and Methods). A
range of training set sizes was used to determine the contribution of that factor to accuracy.
For each size, we retrained and measured performance, and averaged over 10 repeats. For
each training, 15% of the data were randomly chosen for evaluation, and omitted from
training. Figure 4 shows that performance converged rapidly as the size of the training set
increased beyond 100 mutations, showing that training set used in the CAGI challenges was
large enough and not a factor limiting accuracy. Comparison between the converged
performance and the performance in the blind CAGI challenges showed only a slight
improvement of 0.05 RMSD and 0.07 Spearman’s rho for NAGLU and 0.08 RMSD for
SUMO-ligase, so that the loss of performance from training on the phenylalanine
hydroxylase system is small. Similar results were obtained for the SUMO-ligase challenge.
Together, this analysis shows that the results were not substantially limited by either the
training set size or training on a different system, and other factors must account for the
worse than positive control performance.

Predicting pathogenicity using ensemble methods

Post-challenge, we also investigated how well ensemble methods perform on assigning
pathogenicity in the clinically relevant NAGLU data, compared with performance on
standard benchmarking datasets. For these binary predictions (pathogenic/not pathogenic),
we trained ensemble methods based on nine individual predictors (CADD (Kircher et al.
2014), LRT (Chun and Fay 2009), MutationTaster (Schwarz et al. 2010), PON-P2 (Niroula
et al. 2015), PPH2 (Adzhubei et al. 2010), PROVEAN (Choi et al. 2012), SIFT (Ng and
Henikoff 2003), SNPs3D Profile (Yue and Moult 2006) and VEST3 (Carter et al. 2013))
with three machine learning models (Logistic Regression, Random Forest, and SVM).
Training was performed on a version of HGMD (Stenson et al. 2003) and a set of
interspecies variants (see Materials and Methods). Results were evaluated using 10-fold
cross-validation. When tested on HGMD, the ROC curves and AUCs of the ensemble
machine learning predictors show better performance than any of the individual methods,
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with a highest AUC of 0.98 (Figure 5A and Table 2), although most perform extremely well.
A number of individual predictors are partially or completely trained on HGMD, so to
control for this factor, we also tested on a subset of ClinVar variants not in HGMD or OMIM
(another common source of training data). (Figure 5B and Table 2). Though still better than
most individual predictors, our ensemble predictors (best AUC 0.95) were slightly but
significantly outperformed by VEST3 (Carter et al. 2013) (AUC 0.96) and the new ensemble
method REVEL (loannidis et al. 2016) (AUC 0.97). As Figures 5C and Table 2 show, when
the same methods were tested on the more relevant challenge NAGL U variant set, all
showed substantially deteriorated performance (AUC up to 0.84 for the ensemble methods,
slightly better than any other tested methods). Relative performance is insensitive to the
exact activity threshold for pathogenic loss of activity (Table 2). We also converted the
continuous NAGLU activity predictions to binary assignments and generated a ROC curve.
That results in an AUC of 0.82, with both 0.1 and 0.3 activity cutoffs. Evidently, the
distribution of activities found in the general population (all activities approximately equally
likely to be encountered) are much more challenging for all methods than distinguishing
between only pathogenic and interspecies variants.

Reliability of pathogenic assignments

We investigated the effectiveness of ensemble methods for estimating the reliability of
pathogenic assignments using the results from the binary pathogenicity analysis described
above. To examine whether there is a useful ensemble signal to be exploited, we first
examined the PPV as a function of the fraction of methods agreeing on a deleterious
assignment (FOA) for the HGMD and interspecies dataset. Supp. Table S1 shows the
number of methods included. There is strong dependence of PPV on FOA with the HGMD
set (Figure 6A): For the set of variants where all nine methods predict deleterious, the PPV
is 0.97 and the PPV is above 0.9 even when only 7 out of 9 methods predict deleterious. At
the other end of the scale, the PPV is 0.04 when no method predicts deleterious and still
below 0.1 even where two methods predict deleterious, so that in all 78% of mutations have
better than 90% confidence assignments of either pathogenic or benign (Figure 6B). Thus
even a very simple ensemble method shows promise for this purpose.

A fuller analysis is shown in Figure 7. Here the fraction of variants meeting a given
reliability threshold is plotted as a function of the threshold, for both confidence in
pathogenicity (left panels) and non-pathogenicity (right panels). As with the pathogenicity
assignment results above, our ensemble methods and REVEL perform best on the HGMD
and ClinVar sets respectively. Also as with the pathogenicity assignment, performance is
substantially better on the HGMD and ClinVar test sets than on the NAGLU data. For
HGMD, the best methods assign pathogenicity with 90% or greater confidence for 90% of
the data, and benign assignments with equal confidence are made for about 75% of data.
Pathogenicity confidence on the ClinVar set is similar, with a higher fraction meeting 90%
confidence criterion (96%) for benign assignments. For the more realistic NAGLU dataset
using an activity of 0.3 as the pathogenicity threshold, 43% of the pathogenic variants are
predicted with 90% or better accuracy, and 56% benign assignments are 90% or better
correct. However, the dependence of accuracy on threshold is steep for both these numbers,
and precise values are likely to be dataset specific. Overall, the results do show that
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ensemble methods are advantageous for assigning reliability to pathogenicity assignments,
and that the fraction of variants for which 90% confidence can be reached in the clinic is
likely quite high. More realistic datasets such as the NAGLU one are needed to further
investigate these properties.

DISCUSSION

Ensemble methods for the NAGLU and SUMO-ligase challenges

Accuracy

The NAGLU and SUMO-ligase challenges are unusual in that CAGI participants were asked
to predict a continuous variable — in the case of NAGLU, relative enzyme activity, and in the
case of SUMO-ligase, relative growth rate in a yeast complementation assay. Most missense
analysis methods are designed to make a binary assignment of pathogenic or non-
pathogenic, and so are not immediately applicable to the challenges. To address this, we
explored the use of an ensemble strategy, incorporating up to 11 of the binary assignment
methods. Ensemble methods have already been shown to be effective for the binary
pathogenicity assignment task (Gonzalez-Pérez and Lopez-Bigas 2011; Olatubosun et al.
2012; Capriotti et al. 2013; loannidis et al. 2016). Here we assume that the more single
methods make a pathogenic assignment for a given variant, the lower the corresponding
protein activity will be. As the simple FOA (fraction of agreement between methods)
approach demonstrates, this is the case. Use of confidence scores for each contributing
method rather than binary values makes the procedure more nuanced, and machine learning
provides a means of combining the methods in a balanced way. A potential limitation was
the lack of suitable enzyme activity training data, but post-challenge analysis showed that as
few as 100 phenylalanine hydroxylase variant activities were sufficient, and also that there
was no significant bias from training on that system. The ensemble approach was successful
in that it performed well, although it was slightly behind the best performers. In the NAGLU
challenge, the ensemble approach was marginally outperformed by MutPred2 (unpublished,
-0.005 in RMSD, +0.05 in Pearson’s r, +0.04 in Spearman’s rho and +0.00 in AUC) and by
Evolution Action (Katsonis and Lichtarge 2014, —0.028 in RMSD, +0.001 in Pearson’s r,
-0.019 in Spearman’s rho and +0.03 in AUC). In the SUMO ligase challenge, our two
submissions of the ensemble approach performed best on set 1 and set 2 respectively, but
were outperformed by most other methods on set 3 (multiple mutation set), probably due to
our assumption that growth would be determined by the most deleterious mutation for each
sample, rather than affected additively. However, neither our ensemble approach nor other
best performers provided revolutionary accuracy. As discussed below, limitations in all
contemporary approaches probably ensure that is not possible.

Although the methods used here and others in CAGI produce very strong statistical
significance in terms of the relationship between predicted and experimental activity values,
the agreement appears substantially less than expected, given the reported experimental
accuracy. What limits the accuracy? — Some part of the disagreement may be due to
experimental artifacts. For example as noted earlier, for one of the 10 MAGLU ‘hard’
variants the conditions of expression in the cell line may contribute to aggregation not
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encountered /in vivo. For SUMO-ligase, as discussed in Results, differences between yeast
and human proteins contribute to discrepancies.

Overall though, most of the discrepancy likely comes from the inherent deficiencies of the
methods. Nearly all primarily attempt to relate sequence conservation patterns to
pathogenicity (some also incorporate partial structure information (Adzhubei et al. 2010;
Carter et al. 2013; Hecht et al. 2015)). Although there clearly is a qualitative relationship of
this type, there is no theoretical framework providing a quantitative relationship. Such a
framework would need to relate phylogenic profiles to fitness, something which the
molecular evolution community has not succeeded in doing after many years of effort (Orr
2009). Further, the relationship between fitness and disease relevance is also not
straightforward. As a consequence, all current pathogenicity prediction methods are ad foc,
using calibration or machine learning to achieve some level of quantitation. Given that, they
are surprisingly effective. There are number of ways in which accuracy may improve in the
future. In our results there is markedly different accuracy for surface and interior residues, so
that treating these classes of residues differently may be useful. Other structural and
functional information may also help. Specific training only on variants where individual
methods do not correlate well might be helpful, if there are sufficient data and an appropriate
algorithm for training. More generally, at present, most methods are completely non-
specific, and are applied to different proteins without incorporating information pertinent to
each case. In future, we envision that protein specific models will be built. There is also
major requirement for more realistic training and testing datasets, such as NAGLU.

Assigning pathogenicity

As noted earlier, the NAGLU challenge data set is so far unique in that it consists of protein
activity data drawn from a background population representative of that expected in the
clinic. The commonly used HGMD and ClinVar databases, although useful compilations of
clinically relevant data, are usually paired with highly benign controls for training and
testing purposes, and so not very representative of clinical encounters. Therefore, we also
tested an ensemble approach for assigning pathogenicity in the NAGLU dataset, compared
to standard benchmarks. The new ensemble method and many others tested here perform
extremely well on two standard benchmark sets, HGMD (Stenson et al. 2014) and a unique
subset of ClinVar (Landrum et al. 2016), many with AUCs of over 95%. Both our ensemble
method and another recent ensemble approach, REVEL (loannidis et al. 2016) have
relatively good performance on the NAGLU data, but overall, all methods are strikingly less
effective (best AUCs up to 0.84). The results suggest that we need many more clinically
relevant datasets like NAGLU in order to realistically evaluate the pathogenicity assignment
methods.

Utilization of protein structure information

As demonstrated here and in other work (Yue et al. 2005; Adzhubei et al. 2010; Carter et al.
2013; Hecht et al. 2015; Baugh et al. 2016; Folkman et al. 2016; Redler et al. 2016), analysis
based on protein structure provides an orthogonal approach that, in spite of its own accuracy
limitations, can sometimes provide valuable insight into the atomic level mechanisms in
play. In particular, as with other monogenic disease related mutations (Yue et al. 2005), for
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NAGLU, structure analysis shows a large fraction operate by destabilizing protein three-
dimensional structure. There is considerable scope for further improvement of these
approaches, using more biophysical approaches (Seeliger and de Groot 2010).

Reliability for pathogenicity assignments

In the clinic a major concern is not just to have an accurate predictor of pathogenicity, but
also to be able to have a reliable probability that an assignment of pathogenic or benign is
correct: a method may be highly accurate some of the time and fail on a subset of variants,
and it is important to know when the prediction can be trusted and with what confidence.
Because of a lack of well tested reliability estimates, present clinical guidelines allow
computational methods of predicting pathogenicity only secondary status as evidence for
establishing a genetic cause for disease symptoms (Richards et al. 2015). The challenge
NAGLU data set provided an opportunity for testing methods of assigning such probabilities
on a clinically relevant dataset. The ensemble methods reported here, as well as other
ensemble approaches such as REVEL (loannidis et al. 2016), are among the best for this
purpose. Encouragingly, even on the realistic MAGL U population variants, a substantial
fraction (up to 40%) of pathogenicity assignments can be made with greater than 90%
confidence. More testing on diverse mutation sets is needed to establish clinical
applicability.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1. Prediction results for NAGLU and UBE2| (SUMO-ligase) mutations
A. Scatter-plot comparing experimental NAGLU relative enzyme activities (Y axis) with the

predicted values (X axis) for the CAGI challenge variant set. Dashed lines delineate the
expected prediction RMSD from based on training results. 61% of the predicted values are
within the range of the estimated RMSD, but a few mutations have very large deviations
from the experimental measurements. The over-estimates shown in orange and the under-
estimates shown in green are the ten mutations selected by the assessor as ‘hardest’ to
predict. See text and Supp. Figure S1 and S2 for a discussion of these.

B. Scatter-plot comparing experimental relative yeast growth rates with the mapped
predicted values for the SUMO-ligase CAGI challenge UBE2/ mutation Set 1. Dashed lines
delineate the expected prediction RMSD from the training on phenylalanine hydroxylase
mutations. The correlation with experiment is substantially weaker than for the NAGLU
challenge (Figure 1A). 39% of the predicted values are within the range of the estimated
RMSD.
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SUMO ligase Set 1

—Experiment
—Submission 1
—Submission 2

A. Distribution of NAGLU relative enzyme activities 1) predicted for disease mutations in
HGMD (HGMD, red); 2) predicted for inter-species variants (Interspecies, green); 3)
predicted for mutations provided for the CAGI challenge (Prediction, blue), and 4)
experimental activities for the challenge mutations (Experiment, purple). As expected,
known disease mutations are predicted to have low activities and interspecies variant to have
high activity. In contrast to these, the population variants have activities approximately
equally distributed across the full range, for both prediction and experiment.

B. Relative yeast growth rate distributions for UBEZ2/ (SUMO-ligase) mutation Set 1. The
distribution of the unmapped predicted values (Submission 1, red) only approximately
matches the experimental distribution (Experiment, black), available during the challenge.
We submitted a second set of predictions in which each predicted value was mapped to the
experimental value of closest rank (Submission 2, blue). This improves the overall match of

the distributions (red and black) but not the prediction accuracy.
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Figure 3. The role of thermodynamic destabilization in loss of function mutations
A) Scatter plot comparing SNPs3D stability scores with experimental relative enzyme

activity of NAGLU. Blue point variants in the lower left quadrant (68% of all those with low
(> 0.3) activity) are predicted to destabilize the structure. Those at the upper right are
predicted not destabilizing, consistent with their high activity. Those at the lower right (gray)
are predicted to have low activity for reasons other than destabilization. The upper left
quadrant variants (orange) are predicted destabilizing even though the experimental activity
is high. Triangles show the location of the ten ‘hard to predict’ variants.
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B) Structural context of NAGLU “hard’ outlier R377H (red). Predicted destabilization is
consistent with the low experimental activity. A substantial fraction (5 out of 11) of
sequence methods predict this variant to be benign.

C) Structural view of variant D306G (red), predicted to be destabilizing, inconsistent with
the experimental activity. Although the variant disrupts some electrostatic interactions, these
are likely compensated by greater solvation.

(Green: wild-type residues and interaction partners, orange: variants).
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Figure 4.
Blue: average training set performance, green: average test set performance (15% of data

omitted from training). Averages over 10 runs. Purple rectangles show performance in the
CAGI challenge with the model trained on PAH

4A) RMSD, 4B) Spearman rank correlation coefficient. Prediction performance converges
rapidly as the training set size increases beyond 100 mutations. Training on the target protein
rather than Phenylalanine hydroxylase (PAH) only slightly improves performance (0.05
RMSD and 0.07 Spearman’s rho). Thus, training set size and training on PAH are not
limiting factors in performance.
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Figure 5.
ROC (receiver operating characteristic) curves for predictions of pathogenicity by the new

ensemble methods and other methods on HGMD, ClinVar unique and NAGLU challenge
sets. For NAGLU, the pathogenicity threshold is an activity of 0.3 of wild type. The AUC
(area under curve) of these ROC curves are listed in Table 2

A) For HGMD test data, the new ensemble models (Logistic Regression 0.98, Random
Forest 0.98 and SVM 0.97) outperformed all constituent individual predictors on the HGMD
test dataset. PPH2 and VEST3, which were also trained partially or completely on HGMD,
have slight but significantly (P-value < 2.2e-6) worse AUCs.
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B) For the unique ClinVar dataset (no overlap with HGMD or OMIM), another ensemble
method, REVEL, outperformed all other methods. The next highest AUCs, for VEST3 and
our ensemble models, are slightly but significantly (P-value < 0.05) smaller.

C) For the NAGL U'rare population variants, all methods perform substantially worse than
on HGMD and ClinVar. Our ensemble FOA (fraction of agreement) method has the best
AUC of 0.84, followed by our Logistic Regression and Random Forest models, and VEST3.
All four are not significantly different from each other (P-values > 0.05).
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Figure 6.
A. Relationship between the fraction of methods that agree on a deleterious assignment

(FOA) and the positive predictive value, PPV (fraction of predicted pathogenic variants that
are pathogenic), for HGMD and interspecies variants. 6B, fraction of variants in each bin.
Approximately 39% of variants can be predicted pathogenic with 90% or greater confidence
(PPV) and 39% can be predicted benign with 90% or greater confidence (NPV). This simple
analysis demonstrated a potential usefulness of ensemble methods in assigning prediction
reliability.
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Fraction of data for which pathogenicity or benign status is predicted at a specified level of
confidence, as a function of the confidence level, for HGMD (7A, 7B), ClinVar (7C, 7D) and
the NAGLU challenge dataset (pathogenicity cutoff of 0.3, 7E, 7F). Vertical dashed lines

show the 0.9 reliability threshold. For each dataset, the left panel shows the fraction of

pathogenic variants meeting a reliability (PPV) threshold as a function of threshold and the

right panel shows the equivalent data for reliability of benign assignment (NPV). Our

ensemble methods and REVEL perform best on the HGMD and ClinVar sets respectively.
Overall, even in the demanding NAGLU dataset, a substantial fractions of variants can be
assigned as pathogenic or benign with high confidence.
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