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Abstract

The Statistical Inference of Function Through Evolutionary RelationstspsrER) framework uses a
statistical graphical model that applies phylogenetic principles to automate precise protein function pre-
diction (Engelhardt et al., 2005, 2006). Here we present a significant revision of the appsoa@R(
version2.0) that allows annotations to be made on a genomic scale. We confirsit#iaR 2.0 pro-

duces equivalently precise predictions to the earlier versiagrafERon a carefully studied family and

on a collection of one hundred protein families with limited functional diversity. We have added an ap-
proximation method tsIFTER 2.0, and show &00-fold improvement in speed with minimal impact on
prediction results in the functionally diverse sulfotransferase protein family. On the Nudix protein family,
which was previously inaccessible to taeTERframework because of th# possible molecular func-

tions, SIFTER achievedi7.4% accuracy on experimental data (whemeasT achieved34.0%). Finally,

we usedSIFTERto annotate all of th&chizosaccharomyces pombe proteins with experimental functional
characterizations, based on annotations from proteiné aomplete fungal genomesiFSER precisely
predicted molecular function far5.5% of the characterized proteins in this genome, as compared with
four current function prediction methods that precisely predicted functio626f%, 30.6%, 6.0% and

5.7% of these same proteins. We use both precision-recall curves and ROC analyses to compare these
genome-scale predictions across the different methods and to assess performance on different types of
applications. 8TER 2.0 is now capable of predicting protein molecular function for large and func-
tionally diverse protein families using an approximate statistical model, enabling phylogenetics-based
protein function prediction for genome-wide analyses. The codsiforer and protein family data are

available for download aitt p: / / si ft er. ber kel ey. edu.
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| ntroduction

Automated protein function prediction is an important challenge for computational biology because
protein function is difficult to describe and represent, protein databases are littered with annotation
errors, and our understanding of how molecular functions arise and mutate over evolutionary time is
far from complete. Because biologists depend upon protein function annotations for insight and anal-
ysis, automated methods have been used extensively to compensate for the relative dearth of exper-
imental characterizations. Although there af protein sequences in the comprehensive Uniprot
database (UniProt Consortium, 2010b), less th&nhave annotations from the Gene Ontology An-
notation GOA) database (Barrell et al., 2009). Far fewer2fd) have been manually annotated, and

only 0.25% of those manual annotations are from the molecular function ontology in Gene Ontology
(Go) (co Consortium, 2010a) and are based on experimental evidence. Because of the need for so many
annotations, function prediction methods are often assessed based on annotation quantity rather than
quality, increasing the number of false positive function annotations and polluting databases (Galperin
and Koonin, 1998; Brenner, 1999; Schnoes et al., 2009). These errors propagate in databases: a query
protein may have the same function as that of the matched database pmotieiny but the protein in

the database is incorrectly described. This problem could be managed in part by having every protein
annotation supported by traceable evidence, such as indhalatabase. Moreover, function prediction
methods that incorporate evidence codes and provide reliability measures would seem less prone to error
propagation.

Phylogenetics has been proposed as a powerful approach to meet the challenges of protein function
prediction, in an approach sometimes termby ogenomics (Eisen, 1998). Phylogenetics-based protein
function prediction uses a reconciled phylogeny for a protein family to make predictions, rather than
transferring annotations based on pairwise sequence comparisons. Phylogeny-based methods rely on
two assumptions: that function evolves parsimoniously within a phylogeny, so the branching structure of
a phylogeny is more indicative of functional similarity than path length within the phylogeny; and that
functional divergence tends to follow a gene duplication event, because protein redundancy may allow

mutation events that otherwise would be selected against. We have found that the former assumption
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improves functional prediction by enabling a systematic methodology by which different annotations for
proteins in a tree can be integrated to make predictions. However, the assumption that gene duplication
events promote functional mutations is less helpful for prediction, in particular because the process of
reconciling gene and species trees produces many spurious duplication events, often obscuring the signal.
The role of gene duplication in phylogeny-based function prediction may be overemphasized relative to
the evolutionary history of actual function mutations, particularly as early studies focused on families
with an atypically low degree of gene duplication (Eisen and Hanawalt, 1999).

The phylogenetics-based approach to protein function prediction has many advantages. Lineage-
specific rate variation is a complex phenomenon prevalent across a wide range of families (e.g., (Thomas
et al., 2006)) that can create a situation where the most similar sequences accoedingttdi.e., those
with the shortest path length in the tree) may not be the sequences most recently diverged from the query
sequence. In one example of lineage-specific rate variation (Figuttee path length between the query
protein (labeled “?") ranks the remaining proteins differently than the branching order would rank the
proteins in terms of assumed functional similarity. Additional proteins that are siblings of the (func-
tionally different) protein with the shortest branch lengiil(in the figure) with similarly short branch
lengths will provide increasingly strong support for the incorrect function. Thus, the approach of using
the most significant hits according B0LAST is systematically flawed and may vyield erroneous results
even as the number of known protein sequences increases. Use of a phylogeny specifically incorporates
the evolutionary history, minimizing problems due to rate variation, and suggests an evolutionarily-
principled means of merging functional evidence from homologous proteins. In particular, phylogenetic
distance can be thought of as a measure of the accuracy of annotating a query protein with a neighboring
protein’s known function. Instead of pairwise comparisons, a tree is the natural structure to specify and
explore how molecular function evolved within protein families.

While originally applied manually, phylogenetics-based protein function prediction has been de-
ployed in automated methods. One such method, Orthostrapper (Storm and Sonnhammer, 2002), uses
bootstrapping to identify orthologous clusters of proteins and transfers function annotations within each

of these clusters. Because these clusters have variable sizes, Orthostrapper tends to transfer either multi-
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ple or zero annotations to unannotated proteins. Our framewgorkER (Statistical Inference of Func-
tion Through Evolutionary Relationships) (Engelhardt et al., 2005, 2006), uses a statistical model of
function evolution to incorporate annotations throughout an evolutionary tree, making predictions sup-
ported by posterior probabilities for every protein. We fix the tree structure to the phylogeny recon-
structed from sequence data and employ a conditional probability model that describes how molecular
function evolves within the tree. This statistical model enables access to a broad set of statistical tools for
parameter estimation and computation of posterior probabilities of the molecular functions. We chose
this statistical approach because it yields predictions that are relatively robust to noise by merging evi-
dence across a tree. Robustness is essential in this problem, given that each protein family contains few
functional annotations, and there is noise in both the annotations and the reconstructed phylogeny.

The major drawback to phylogenetics-based methods is speedsiFher model nominally has
exponential computational complexity in the numbecarididate functions within a protein family. In
Pfam release4.0, there werer53 families with nine or more molecular functions with experimental
evidence from thesoA database within the family’s proteins, and these families Werdimes larger
on average than families with fewer than six candidate functions. Based on Pfam-A, it is possible that
more tharB3.5% of proteins from a single species could be contained within these large families, which
are currently inaccessible ®IFTER and related methods. Motivated by these families, in this new
version of SIFTER we have implemented a straightforward and effective approximation that enables
tractable computation of function predictions in large, functionally diverse families, and opens the door
to whole-genome annotation. Exact computation of posterior probabilities is exponential in the number
of candidate functions to account for the possibility, however small, that a protein has the ability to
perform any combination of thé/ candidate functions for that family, where there afé possible
combinations. Our approximation truncates the number of molecular function combinations that are
considered; for example, when we truncate at |I@y&le only allow for the possibility that each protein
has0, 1 or 2 of the M candidate functions, but no more. This approach is effective because the probability
of a protein having more than a few functions is small, both in our modeiravido.

In this new version oSIFTER we also wanted the model of molecular function evolution to be
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flexible enough to enable the encoding of prior biological knowledge and to allow us to construct the
transition rate matrix in a semantically meaningful way from a smaller set of parameters that in principle
can be estimated from the data. The fundamental changet&R that meets these requirements is a
general model of evolution based on a continuous-time Markov chain. This also simplifies the machinery
required to compute posterior probabilities and to estimate the model parameters.

When exact computation is feasible, we show thigreR 2.0 produces almost identical results to
SIFTER1.1. We demonstrate that the posteriors computed using truncation provide a good approximation
to the exact posteriors at all levels of truncation. We amlyTER with approximate computation to
the Nudix family, which is computationally infeasible ferFTER 1.1 due to the number of candidate
functions. We illustrate tha&iIFTERIS now suitable for genome-wide analysis by applying it to a genome-

scale prediction task fd8. pombe proteins, and compare its performance with four other methods.

Results

Throughout this section, we ra1LAsT, PFP (Hawkins et al., 2006), conFunc (Wass et al., 2008), and
FFPred (Lobley et al., 2008) for function prediction to compare agairsteRresults, whenever it was
viable to run those methods. We rapasT in two different ways (see Methods) in order to include both
a method that uses textual annotatioBsAST) and GOA database annotationsL(AST-GO). We define
accuracy as the percentage of proteins for which the functional term with the highest rank is an exact
match to one of the experimental annotations for that protein, with rank ties broken in favor of the correct
prediction. Our ROC-like analysis shows the relative increase of the true positive rate (exact matches of
predicted to characterized functions) versus the false positive rate as the cutoff threshold is made more
permissive (see Methods). For the sulfotransferase protein family assessment, we filtes tetabase
annotations and predicted terms to include only tern&aRTERS set of candidate functions; we do not
filter the GOA database annotations or predictions for $hpombe assessment.

The accuracy measure provides a single overall assessment, but the accuracy measure and our ROC-
like analysis ignore theo hierarchy, so predictions that are less precise than (but consistent with) the

true term are considered incorrect. Therefore, we also computde-sbare and anextended F-score
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(FX-score) of the prediction results. These scores compare the sets of annotated and predicted terms by
including in each set all terms that are ancestral to each specific terma@othierarchy (see Methods).

The FX-score assumes that predictions that are more specific than the annotated terms are correct so
that methods are not penalized because of overly general annotations fremaldatabase. Prediction

results are summarized in Table Our precision-recall curves show the relative precision and recall
when ancestral terms are included in the set of predictions and in the annotations, as for the F-scores (see

Methods). All methods were run, and their predictions extracted, as described in Methods.

SIFTER 2.0 produces equivalent results tesIFTER 1.1

SIFTER2.0 is based on approximate posterior probabilities obtained from a truncation as well as a new
evolutionary model based on a continuous Markov chain model of functional evolution. We first assess
the impact of these changes on prediction in the small families previously used to benchrtak
1.1. We compare the results frosIFTER 2.0 to those fromsIFTER 1.1 on a gold-standard protein
family considered in previous work (Engelhardt et al., 2006). On the AMP/adenosine deaminase Pfam
family, we found thatsIFTER 1.1 produced identical predictions and near-identical ROC-like curves to
the results using exact computation framwTER 2.0. SIFTER (both 1.1 and2.0) andBLAST-GO both
achieved3.9% accuracy, missing predictions for two of tB&characterized proteins, whereas conFunc
achieved®1.8% accuracy, PFP achievé®.8% accuracyBLAST achievedi6.7% accuracy, and FFPred
achieved3% accuracy. (Complete results are in Supplemental material.)

In order to comparsIFTER 2.0 with SIFTER 1.1 more thoroughly, we selectdd0 protein families
from Pfam withGoA database annotations and ran leave-one-out cross-validation for both versions of
SIFTERON these families. Both versions made predictions forl #82 proteins with experimental anno-
tations across th&00 families, andsiFTER 2.0 achievedr2.5% accuracy, whereasiFTER 1.1 achieved
70.0% accuracy. The two versions agreed33% of the predictions. We found thatFTER 2.0 using
exact computation took approximately twice as long@®SER 1.1, where the bulk of the difference was
spent on the most functionally diverse families; if we limit the families to héae fewer candidate

functions rather tham1, SIFTER2.0 takes only2% longer thansiFTER 1.1. (Complete experiment de-
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tails are in the Supplemental material.) These results illustrate that the new modetfa@r produces
equivalent predictions based on exact computation as compared to the specialized o il . 1.
However, these analyses ignore a large percentage of proteins, as large and functionally-diverse families

were excluded from thes#0 families becauseIFTER 1.1 could not be applied to them.

Sulfotransferase Family

We appliedsIFTER 2.0 to the sulfotransferase family (PFO0685) from Pfag0. We reconstructed a
phylogeny with539 proteins 48 of which have experimental annotations in theA database. There are
ninesiFTERcandidate functions, eight of which are sulfotransferases acting on a specific compound, and
one of which isnuclectide binding. These enzymes are responsible for the transfer of sulfate groups to
specific compounds. Researchers have shown their critical role in mediation of intercellular communica-
tion (Bowman and Bertozzi, 1999). Human sulfotransferases are extensively studied because of their role
in metabolizing steroids, hormones, and environmental toxins (Allai-Hassani et al., 2007), and because
they are biologically linked to neuronal development and maintenance (Gibbs et al., P36)odium
falciparum, the causative agent of malaria, makes use of its own sulfotransferase proteins as cell-surface
receptors to enter into the host, and thus are a target for malaria prevention drugs (Chai et al., 2002).
The phylogeny for this family including8 proteins with experimental functional annotations from
the Goa database (Figur2) shows thatl8 of these48 proteins have onlgulfotransferase annotations.
We excluded these from the accuracy measures and ROC-like analyses because they are not sufficiently
precise descriptions of molecular function; we left them in to compute the precision-recall curves and
F-scores because they are consistent with the true funclibproteins remained in the experimentally
annotated data se28 of which have one of eight specific sulfotransferase annotations. Five of these
sulfotransferase functions appear only once in the tree. The five proteins with singleton annotations will
necessarily have incorrect predictiorsirFTERS leave-one-out cross-validation, as no correct annotation
is available within the tree and the model parameters do not facilitate mutations to unobserved molecular
functions. We used a more recent version of d®A database foBLAST-GO than for SIFTER and

other methods, which positively impacts its performance (esrpne sulfotransferase activity is an
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experimental annotation for one protein ferFTER, thus impossible to predict, but is an experimental
annotation for six proteins foBLAST-GO). The PFP database contain2d of the 30 experimental
annotations (all but the annotations for rat sequences), and we could not exclude self-annotations.

EvaluatingsIFTERUSINng leave-one-out cross-validation with exact computation yigd¥s% accu-
racy. For comparisorgLAST-GO achieves33.3% accuracy, PFP achiev&s.7%, FFPred achieve&’
accuracy, conFunc achievé3.3% accuracy, an8LAST achieve$0% accuracy. The ROC-like analysis
(Figure3A) shows thassiIFTERperforms better than all methods across all false positive rates, except for
a small region where PFP performs slightly bet®®rTERhas187 false positive annotations at the most
permissive cutoff, whereas PFP Ha®9.

The precision-recall analysis (Figus®) showssIFTER performing better than the other methods
at high levels of recall, offering the option of particularly high precision, with conFunc performing
almost as well. PFP performs well at the lowest and highest levels of recall, but we cannot assume this
performance generalizes to unannotated proteins (we did not remove self-annotations inlREP). B
GO shows good performance beldw6 recall, where precision goes down fairly dramatically. The
precision-recall curve for FFPred takes on a different shape than for the others because of the very small
number of predicted functions at all cutoffs. Although PFP has more accurate predictiorsrhan,
the F-score is lower, indicating that there were more false positive predictions with PFP. ConFunc used
both experimental and non-experimentaA annotations, and does well at high levels of recall. The
difference between the F-score and the FX-score for conFunc was relatively large, indicating that the
predictions for some of the proteins with a general sulfotransferase annotation were more specific (as with
SIFTER). FFPred did poorly because it had trained parameters for only one of the candidate functions
for this family; this is also reflected in its low F-scoreL&BsT made correct predictions for six proteins
that were missed bgIFTER, including four with unique function annotations. This illustrates a possible
benefit of using multiple sources of protein annotations withiFTER rather than relying strictly on
annotations from theoa database.

Results from each of the methods discussed here, incl&lFfigER, necessarily depend on which

version of each database was used (e.g., UniProt, Pfarsanld PFP, FFPred, and conFunc all use as
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input manually-built databases that are drawn from various versions of publicly available databases, and

so the input data are effectively untouchable. $iGITER we can compare different versions of databases

for the same family, but it is difficult to generalize conclusions because the changes appear to be version-

and family-specific (see Supplemental material for further discussion). Our results here reflect practical

application of these methods but yield only limited insight into the impact of database version on results.
To assess the accuracy of the truncation approximation, we compared the performance of exact leave-

one-out cross-validation with each of the eight possible truncations in the sulfotransferases. The ROC-

like analysis (Supplemental Figué¢ shows that the impact of the truncation is small at all levels. Trun-

cation levelst through3 achieved the same level of accuracy as the exact algorith%Jpmissing the

same proteins, and levedsand1 achievedi6.7% accuracy. At level, siIFTERmade an incorrect predic-

tion for the protein OSTHHUMAN; at level 2, SIFTER made incorrect predictions for STIBAOUSE

and STIC1IMOUSE. The approximation improved the run time by a significant margiog-$old in

the case of of" = 2—with minimal reduction in the quality of the results (Supplemental Figiire

Nudix Family

The Nudix hydrolase family (PF00293) includ&g03 proteins in Pfam releas#).0. Nudix proteins
are characterized by the highly consen@3damino acid motifGX5 EX;REU X EEGU (whereU is
a hydrophobic residue andl is any amino acid). Initially they were discovered to have activity on
nucleoside diphosphates, but number of non-nucleoside substrates have since been identified (Koonin,
1993; Bessman et al., 1996). The functions suggest roles in nucleotide pool sanitation, the removal of
toxic metabolic intermediates, mMRNA stability, and signaling (McLennan, 2006). While the Nudix motif
forms a loop-ahelix-loop structure, providing a scaffold for coordinating cation binding and catalysis,
residues that govern substrate specificity lie outside of the motif (Koonin, 1993; Mildvan et al., 2005).
Function prediction in the Nudix family is difficult because sequence diversity reduces the alignment
quality of these proteins, which in turn reduces the quality of the phylogeny. A bootstrap analysis of
the alignment for the experimentally characterized proteins had an average node bootstrap support of

38%, and there are only five small clades with more th&af bootstrap support (Figurd). Attempts
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have been made to use structural alignments as a scaffold, but these too suffer from the family’s diver-
sity (Ranatunga et al., 2004). The impact ®IFTER is noise in the tree reconstruction, BIFTERS
statistical model was chosen for robustness to this noise. Further, the tree shows numerous examples of
possible parallel functional evolution, and many of these proteins have multiple functions.

Our own manual literature search reveal&doroteins with experimentally characterized functions.
Comparing the37 Nudix proteins with experimental annotation in theA database against our litera-
ture search identified mistakes in theA database, so we used only the annotations from our literature
search. We also found the set@b terms for this family incomplete and inconsistent, so we augmented
the ontology with98 additional molecular function terms and rearranged the hierarchy for biochemical
accuracy. (See Supplemental material; complete details will be published elsewhere.) The Nudix fam-
ily then had66 candidate functions, which is a prohibitively large number of candidate functions for
SIFTERWith no truncation. Even truncating at two, th&h6 x 4356 parameter matrix made computation
intractable. Thus, we computed posterior probabilities at truncation level one.

On the Nudix familysiFTERachievedi7.4% accuracy, whereas AST achieved4.0% accuracy. In
the ROC-like analysis (Figurg), we see thasIFTERoutperformsBLAST at all levels of false positives.
Approximately2.4% of annotations are correct BLAST at99% specificity, whereas fosIFTER 24.4%
of the annotations are correct 8% specificity. ThesSIFTER curve shows that, although functional
diversity limits prediction quality within this familysIFTERStill performs comparatively well, especially
at low levels of false positives. While overall accuracy is relatively higsfoxsT, the ROC-like analysis
shows a general weakness of 1\ST results. Including all predicted terms at alyvalue less than or
equal to0.01, only 23.3% of the correct Nudix annotations show up at all. This percentage is lower than
the total number of correctly annotated proteins becdfs the proteins have multiple functions. This
study focuses osIFTERS ability to handle extremely large numbers of candidate functions and on the
limitations of the Gene Ontology. As such we do not have a precision-recall analysis because we rebuilt
the Gene Ontology for this family and because shasT keyword script did not include all ancestral
terms of the candidate functions, which is prohibitively time consuming to build.

We used this family’s functional diversity to examine the tradeoff between sensitivity and functional
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term precision. We manually substituted general ancestral terms for candidate functions and saw the
accuracy of both methods improve consideraBifTERachievedr8.4% accuracy an®@LAST achieved

42.0% accuracy. The ROC-like analysis also shows improvements (FiguserFTERpredicts43.6% of

the annotations correctly 89% specificity, and3LAST predictsl.7% of the annotations correctly 89%
specificity. The reason that generalizadhsT performs poorly relative to the non-generalizzdhsT at

high specificity is that a large number of general but incorrect hydrolase predictions are made with low
correspondingZ-values; although these terms were ignored when the candidate functions were specific,
they were considered incorrect when the candidate functions were generalized. These experiments (see
Supplemental material) tell us that biologists needing general function predictions for a set of proteins
may sacrifice term precision in return for more accurate predictions. However, basedananalysis,

it remains to be seen whether the hierarchy can be reliably used to generalize protein function.

Proteins from S. pombe

We tested whethesIFTER 2.0 could be applied to whole-genome functional annotation. Using the
complete genome sequencestéffungal species (Supplemental Figu®, we built241 Pfam protein
families that contained experimental annotations fi®@mpombe and at least one other fungal organism,
with a total 0f398 S pombe proteins (see Methods). There dfefamilies with nine or more candidate
functions; analysis witlsIFTER 1.1 is not possible on these families. Results are summarized in Table
SIFTER achievedi5.5% accuracy (181of the 398 S pombe proteins). We define a prediction ean-
sistent when the predicted term is a descendant of the protein’s functional annotatiordo thierarchy.
Consistent predictions are not necessarily incorrect, but simply more specific @otheerarchy than
the annotated term. IBTER achieveds4.1% consistency (25&onsistent predictions fd98 proteins).
For comparisonBLAST-GO achieveds2.6% accuracy and0.1% consistency. PFP achievéd’% ac-
curacy ands.7% consistency. FFPred achievéd % accuracy (24of 393 proteins for which it made
predictions) and.1% consistency. ConFunc achieva@ 6% accuracy (119f 389 proteins for which it
made predictions) angll.9% consistency. The PFP database did not contain annotationsSfigombe,

so the results do not include self-annotations. BHoxST-GO, 93 of the 249 correct predictions required
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breaking ties in favor of the correct annotation. For conF@aa;orrect predictions antll0 consistent
predictions required breaking ties in favor of the correct or consistent annotation. The FX-score consid-
ers a predicted term that is more specific than the annotation term to be correct, so we seerHrat
has a large improvement between F-score and FX-score based on this characteristic. For these metrics,
BLAST-GO performs better thasIFTERON these data, and both perform better than the other methods.
As with the sulfotransferase family, one reagamsT-GoO may be performing better with these metrics
is because a different version of tb@A database is used.
A ROC-like analysis (Figur&A) illustrates the benefit o§IFTER at low levels of false positives.
There were27867 false positives in the PFP predictions (TaBle as compared witlsIFTERS 2233
false positives. The ROC-like analysis shows that, across low levels of false positivesg provides
a large number of precise and correct predictions forS8hgombe proteins relative to the other four
methods. BAST-GO, PFP, and conFunc value quantity of annotations over quality: Milltrue positive
predictions, PFP returnsl65 false positive predictions, whereasFTER returns2233 false positive
predictions with the same number of true positive predictions. The true positive ragerfir does
not reach100% for two reasons. FirstSIFTER only makes predictions at the most specific level of
annotation, so more general experimental annotations for a protein, which make up approximately half of
all annotations, are counted as a false negative regardless of whether the annotation is consistent with the
prediction. Second, the held-o8t pombe experimental annotations were not always contained within
the candidate functions. The average numbesieffER candidate functions including th& pombe
protein annotations ig.2; holding out theS pombe annotations there are an average3®f candidate
functions. Thus, the experimental annotations for $hpombe proteins account for about% of the
functional diversity in these families, and the absences of these predictions are counted as false negatives.
In the precision-recall curve (FiguB), FFPred shows high precision at low levels of recall relative
to the other methods; this is because the support vector machine used in FFPred was only trained on a
few general molecular function terms, and those terms are often correctly predicted. However, the set of
predicted terms and their ancestors only includes ar60fidof the set of true terms, so recall suffers.

Between0.5 and0.9 recall, SIFTER precision dominates the other methods for most of the plot, with
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PFP performing better abow&9 recall. This illustrates that PFP predicts almost the complete set of
annotations; however the correct predictions are only a small proportion of the total predictions.

The performance of these methods can be understood by examining their predictions. PFP tends
to annotate proteins with general predictions, so many predictions are consistent with the experimental
annotations, but few are as precise. For example, protein HEICBPO, annotated in tleoA database
with hydroxymethylglutaryl-CoA synthase activity, was predicted to have the gendraisferase activity
by PFP. The precise terhydroxymethylglutaryl-CoA synthase activity appeared in the list of predictions
with a much lower scoreBLAST-GO annotates HMCSSCHPO with the precise term by transferring
this experimental annotation from the very similar HMG@E&AST sequence. FFPred uses a support
vector machine that is built to make predictions for only a subset ofcthdunction terms. Thus,
FFPred predictions tend to be more general than the experimental annotation. For example, the same
HMCS_SCHPO protein had a single prediction for the general teamsferase activity. ConFunc tends
to predict more general terms, but it had better accuracy because often both general and specific terms
had the same maximal score. For example, the same HBICIIPO protein had two annotations with
the same high score: the precise term and a more general term. This explains why over half of the precise
predictions were tie-breakers with an average of ten highest-scoring terms.

Despite the harsh restriction of experimental evidence that we required f& puenbe proteins
included in this experiment, which limited the number of proteins, we are optimistic regargingrs
potential for whole-genome annotation. In our fungal dataSgipombe had5004 proteins, so we pro-
duce predictions for approximateys of the proteins in the genome. SeedsigTERwith proteins from
species outside of fungi may improve accuracy by increasing the number of available experimental anno-
tations. As of Pfan24.0, 88.5% of S. pombe proteins have at least one Pfam domain assignment, which
comes with a precomputed phylogeny, eliminating the bulk of the computational effort of phylogeny-
based function prediction. Extrapolating from our experiments, we eXeTER 2.0 runs to take on
the order ofl2 hours for the full set of families witls. pombe proteins. In summarnsIFTER performs
45% better than the next best method on the task of precise prediction of molecular function on this

functionally-diverse gold standa& pombe data set.


http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

15

Discussion

This paper addressed molecular function prediction in large and functionally diverse protein families.
Taking as our point of departure the statistical approach to phylogenetics-based functional prediction
embodied insIFTER we developed a novel transition model based on a continuous-time Markov chain
to improve the extensibility of the method, making the evolutionary model completely general and en-
abling straightforward extensions $oFTERt0 include additional types of biological data. Furthermore,
we reduced the exponential time complexity0FTER via a simple but effective approximation that
truncates possible function combinations within each protein. We found that the accuraeyrer

2.0 is comparable t®IFTER1.1. We showed in the sulfotransferases that the truncation approximation
has excellent performance at all levels of truncation. We sawdirteRr with approximate compu-
tation performed far better thasLAST on the Nudix family, which was beyond the scopesofTER

1.1. We showed thasIFTER can be applied in an automated way to annotate whole genomes using a
gold-standards. pombe data set containing proteins from fungal genomasTER excels in producing
precise predictions in this domain relative to other popular methods for full-genome annotation.

There are several directions to pursue in envisaging further improvemesitstier and to protein
function prediction generally. Many of these directions exploit the flexibilitgefTER and are readily
accessible in its current version; in particusiF TERdoes not use any precompiled databases or parame-
ters estimated from training data, but takes as input a phylogeny of protein sequences and annotations for
those protein sequences (and how those annotations are related to each other). As such, one can imagine
using many different resources for the annotations (e.g., EC nun@efsplogical process and cellular
component ontologies, or text annotations from the nr database), or protein families (e.g., significant hits
in BLAST for seed proteins, phylogenies from the PANDIT database (Whelan et al., 2006)). While some
of these alternative data types require further research, such as whether cellular components conform to
the assumptions of a phylogenetic analysis, most are immediately implementable.

Another extension tsIFTERwould be to use theo hierarchy to produce more general predictions
with higher confidence. In particular, one may propagate the posterior probabilities of the candidate

terms to the root of th&o hierarchy to find posterior probabilities for the more general terms in the
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GO DAG. This process would use the same model ofd¢keeDAG for incorporating evidence from the

GOA database to the set of candidate terms. This would improve coverage but reduce precision of the

predictions, particularly in th& pombe data set. This extension would all&FTERto produce general

functional terms as the highest-ranked predictions, analogous to some of the methods compared here.
SIFTER currently does not make use of additional information to help with prediction, such as se-

guence motifs, binding sites, expression data, or protein structure. One benefit of phylogenetic trees and

graphical models generally is that they combine different sources of information in an evolutionarily-

principled way, sasIFTERmMay be extended to act as a meta-predictor that integrates other protein data.

This could be implemented by augmenting the probabilistic model undedy#ER, letting the param-

eters depend on auxiliary information such as motifs or structure. ThesrmemvR model was designed

to enable extensions to different data types for application to many problems in protein science. While

we have shown thatiFTER makes high-quality functional predictions and addresses some open issues

in the field of protein function prediction, it also serves as a general platform for future enhancements.

Methods

SIFTER 2.0

We briefly describesIFTERS data integration, then focus on the Markov chain model and the approximate

computation of posterior probabilities (Figurg see Supplemental material for further details.

From database data to a model

We extracted the protein families studied here from the Pfam database (Finn et al., 2010), and we used
the manually curated alignments found in Pfam for phylogeny reconstruction. All trees were reconciled
using the Forester v.1.92 program (Zmasek and Eddy, 2001); the reference species tree is from the Pfam
database. When we usedA annotations (Barrell et al., 2009), we used the annotations with experimen-

tal evidence codedPA, IMP, andTAS. Where we independently found experimental characterizations in

the literature, we labeled that annotationfas.
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In the sSIFTER model, each protein is associated with a random vect&r;, where each Boolean
component represents one candidate function that takes valben proteiry has that function and if
the function is not associated with protéine choose theandidate functions for a particular family by
using theco directed acyclic graph (DAG) structure to find the most specific annotation terms associated
with member proteins that are neither ancestors nor descendants of each other. For any protein, we can
compute the probability of all of the candidate terms by putting a generic probabilistic model o the
DAG (see Supplemental material). After selecting the set of candidate terms, we compute the probability

of the candidate terms for each protein (whether or not it has experimental evidence).

Markov Chain Model

The structure of the evolutionary model underly®ig TER IS given by the phylogeny; we must specify
the conditional probabilities at each node in the tree=TBR 2.0 employs a first-order Markov chain,
which makes the Markovian assumption that future states are independent of past states given complete
information about the present state. Similar assumptions have long been used to model the evolution of
molecular sequences (Dayhoff et al., 1978; Henikoff and Henikoff, 1992).

Let M be the number of candidate functions in the model, and/lee the number of leaf proteins.
Our Markov chain has three sets of parameters. The paramejgrandog,, describe the scaling of
time after speciation and duplication events. The vector parametef a4, ..., ays } describes the rate
of function: spontaneously arising when none of the candidate functions are observed in the ancestor
protein. The matrix paramet@r = {¢11, ¢12, ..., oarar } represents rates of mutation and loss: the off-
diagonal elements;;, ¢ # j, describe the rate for a protein with functiomutating to perform function
J (while retaining functiort), and the diagonal elements; describe the rate at which functieris lost.

Using parameter$ andc, we can build the transition rate matdxfor a Markov chain that describes
the instantaneous rate of change in functional activity from an ancestor to its descendant. For example,
the matrix@ for two candidate functions has on its rows (parent states) and columns (child states) all
possible combinations of two functions for the parent and child proteins, ngid@l91, 10, 11}. In this

terminology, “01” (for example) means that the first candidate function is not present (0) and the second
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candidate function is present (1) in a protein’s state. A transition rate mgtrdefined by variable$
andc, is shown in Tabl& for M = 2, and is constructed analogously fof > 2 candidate functions.
We constrain the rows of the matrix to positive values that sum to at magt. Similarly, we con-
strain thea parameters to th&/ simplex. Furthermore, we constrain these parameters away from zero
S0 as to avoid creating sink states or unreachable states in the Markov chain when estimating parameters
(specifically, all parameters are constrained to be greaterOtibdah Becauseb and« are used to con-
struct the transition rate matri, each non-zero, off-diagonal entry in mattiximplicitly has a finite
upper bound and positive lower bound. See Supplemental material for additional intuition.
The conditional probability of a child configuration given a parent configuration is as follows, from

the definition of a continuous-time Markov chain:
P(Xi = 54| X, = 51,10, @, 0, 0) = {exp(tioQ) } -
In this equation,X; is the random vector associated with protéjinX,, is the random vector as-

sociated with protein’s immediate ancestot, is the length of the branch betweefy and X, j

and k index the power se$, s; ands; € S, andexp is the matrix exponential function, such that

exp(toQ) = > 1o (t",ff)k. Element(k, 7) of the transition probability matrixxp(¢;0Q) is the proba-
bility that an ancestor protein in statemutates to statg in the descendant protein during tirtyghere,

the phylogenetic branch length, which must be non-negative). The joint probability of the tree is:

p(X](I),a,U) :p(XTOOt) H p(Xi’Xﬂ-i,ti,(D,O[,O').

i€tree

The parameters of this model can be estimated using generalized expectation maximization (GEM) (Gel-
man et al., 2003), which is not currently applied to any data set other than the AMP/adenosine deaminase
family because of the large number of parameters relative to the number of available annotations. See

Supplemental material for a complete description.

SIFTER’s Approximate Computation

The time complexity to compute posterior probabilities for heTER model is linear in the number

of proteins, but exponential in the number of candidate functions due @'theossible combinations
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of candidate functions for each protein in the transition rate matrix, which(24s? entries. Com-
puting matrix exponentials explicitly for each branch in the tree has a computational complexity of
O(N((2M)23), WhenM is large, the time to compute posterior probabilities is dominated by the expo-
nential complexity in the number of candidate functions. Our approximation allows atinuastdidate
functions with valuel in the transition rate matrix power set. This shrinks the number of elements under
consideration t&",_; (*). In the Nudix family, settingl” = 1, the set of candidates hés elements
(each candidate term and the empty set), which means theté&relements in the transition rate ma-

trix (). Without truncation, the power set has approximateg x 10'? elements, and th@ matrix has

approximatelys.44 x 10%° elements. Computation time is reduced from infeasibly long to seconds.

Application of SIFTER

We ransIFTER 2.0 as follows. We set default parameter valuesptp = 0.5, ¢;; = 1.0 for ¢ # 7,

Ospe = 0.03, 04yp = 0.05, anda; = 1.0. We estimated parameters only for the AMP/adenosine
deaminase family (see Supplemental material); for the remaining families, the number of parameters is
larger than the number of available observations, making estimation unproductive. We ran leave-one-
out cross-validation on the protein families by removing evidence associated with a single protein and
computing the posterior probabilities. All experiments where timing results were reported were run on

Dell Precision390 Workstation computers with Intel Core2D@® GHz processors artiGb RAM.

Methods for comparison

The BLAST assessment was performed on the non-redundant (nr) set of proteins downloaded from the
NCBI website on Decembdrl, 2006. We ranBLASTP (version2.2.4 (Altschul et al., 1990)) with an
E-value cutoff of0.01. For each query protein we removed any exact matches from the same species
to ensure that the query protein did not receive its own database annotation (emulating a leave-one-out
experiment). We transferred the functional term(s) associated with the most sigréfigestt hit that

had an annotation with keywords within the candidate functions for that protein family; see Supplemental

material for more details. If multiple proteins sharedivalue, we transfered all of the annotations and
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broke ties in favor of the correct prediction. Historically, when researchergussT for large-scale
molecular function annotation, the function of either the most significant non-identity hit or the most
significant non-identity annotated hit is transferred to the query protein, often leading to no prediction or
an incorrect (or overly general) prediction. We found that restrigingsT annotations to the candidate
functions increases the overall accuracy of shasT predictions. We did not compute F-scores, FX-
scores, or precision-recall curves for this comparison method because the keyword script did not include
all ancestral nodes in theo hierarchy. The metrics for the results were computed by determining true
positive and false positive annotations fé+value cutoffs betweef and0.01.

TheBLAST-GO assessment was performed on the Swiss-Prot/TrEMBL proteins downloaded from the
UniProt website on Junl, 2010, so its annotations were more recent than those used by other methods.
We ranBLASTP (version2.2.23 (Altschul et al., 1990)) with ar’-value cutoff of0.01. For each query
protein we first removed any exact matches (by name) to ensure that the query protein did not receive
its own annotation. Given a ranked list of proteins Byvalue, we found the highest ranking protein
with at least one experimentally-validated molecular function term fronathe UniProt80.0 database
that was also in the set of candidate functions for that protein family and transferred those functional
terms. (For the&S pombe experiment we did not limit the transferred terms to candidate functional terms
because the correct term was not necessarily in the set of candidate functions for the protein family.) If
multiple proteins shared ah-value, we transfered all available annotations and broke ties in favor of
the correct prediction. The metrics for the results were computed by determining true positive and false
positive annotations foE-value cutoffs betweet and0.01.

We ran Protein Function Prediction (PFP) downloaded in August, 2009 (Hawkins et al., 2006) from
the executable provided by the authors, with the default settings. We computed the metrics for the results
based on the PFP scores. We could not remove annotations from the PFP database that were for the
proteins that we were querying, so cross-validation was not possible.

We ran FFPred (Lobley et al., 2008) from the executable provided by the authors, with the default
settings. FFPred uses a large amount of third-party software, all of which was downloaded in August,

2009. We computed all of the metrics for the results using the scores. We did not find any of the
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annotations in our test sets also present in the FFPred training data.

The authors of conFunc (Wass et al., 2008) applied their method (ARG to our sequence data
in the cross-validation setting, guaranteeing that none of the sequences were self-annotated from their
database. The UniProt and associatexh database were both downloaded in Janu2099. Per the
author’s suggestions, we used the ratio of dweterm’s associated proteinssi-BLAST E-value, orC-
value, compared to the lowesto term C-value for that sequence to compute metrics for the results. We

empirically confirmed this to be the most accurate scoring mechanism.

Metrics for evaluation

To compute accuracy for a given data set, we counted the number of proteins for which the top ranked
prediction exactly matched the experimental annotation, and divided by the total number of proteins.
In the case of multiple experimental annotations or top ranked predictions, we counted the protein as
having an accurate prediction when the intersection of the two sets was not empty. For the deaminase,
sulfotransferase, and Nudix families, we filtered the experimental annotations and the prediction terms
to include onlysIFTERs candidate functions for the family.

To compute the F-score and extended F-scores, we included each annotation and predicted term (i.e.,
the terms with the maximum score ferFTER PFP, and FFPred, or minimum score BuAST-GO and
conFunc), and all ancestral terms of these terms including the root afdhaerarchy in the set of
predicted termg” and the set of experimental annotatidfigeach term in each set was present only
once). The intersection of these two sets is the number of correct predi€tidssing | - | for cardinality
of a set, we can define precision|a8/|P| and recall a$C'|/|T"|. Then the F-score is the harmonic mean
of precision and recall, of = 2|C|/(|P| + |T'|). The FX-score considers predicted terms that are more
specific than the most specific annotation to be correct (i.e., in th&)sefo compute the FX-score,
when the predicted term was more specific than the most specific annotation (and this annotation was
ancestral to the predicted term), we added the count of more specific predicted terms to both the set of
correct termg&” and the set of true ternig, and then we computed the F-score of these modified sets.

Our ROC-like analysis evaluates the fraction of true positives as compared with the fraction of false
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positives across all cutoff values, where a positive prediction is one that has a posterior probability above
the cutoff. This is not a standard ROC analysis: instead of one correct and one incorrect classification,
there is (e.g., in the case of the sulfotransferase family) one correct and eight incorrect classifications
for every protein. We only consider exact term matches, so predictions that are consistent with, but
not equal to, the correct annotation are treated as false positives. Some of the methods will not have
ROC-like curves that start or end at the standard position; at the left end gfdRis this is because
identical scores on both false positive and true positive annotations force the curves to start higher on
the z- andy-axes than the other curves, and near the right end agf-tieds this is because there are not
always scores for the total number of incorrect annotations for each protein. In the caseeH, we

built the ROC-like curve based on the leave-one-out runs, where, for each protein, using a cutoff from
1.0 to 0.0, we compute the number of false positives (FP) divided by the total number of FPs plus true
negatives (TNs), and plot this against the number of true positives (TP) divided by the total number of
TPs plus false negatives (FN). Because the number of false positives varied so widely between methods,
we divided the x-axis fraction by the maximum of FP+TN over all of the methods (and we include the
number of false positives for each method in Talllesd2).

We also present precision-recall curves for results from the different methods as a metric that does
not penalize predictions that are consistent with, but more general than, the annotation. In particular, we
compute the set of true function terriisas for theF'-scores, and compute the set of predicted tefims
including only the predicted terms (and their ancestral terms) with a score above a cutoff (or below for
BLAST-GO and conFunc); the set of correct tergiss then the intersection of these two sets. Then, as
for the ROC-like analysis, we compulg P andC for all possible values of the cutoff (although the set

T does not vary across cutoffs). We can plot redal|/|T’ , across all values

, versus precisior|S|/| P

of the cutoff. These curves are not monotone because the precision may not increase in a monotone way
as the set§’ and P increase in size at different relative rates, so their ratio does not always increase.

Here we have adapted two standard evaluation metrics (ROC-like and precision-recall) to compare
Go functional predictions, each with different measures of correctness. The ROC-like metric applied

here highlights the quality of the precise predictions from each method, whereas the precision-recall
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metric applied here highlights prediction consistency and completeness. Both metrics have shortcom-
ings: ROC-like analysis considers predictions that are more general than the true, precise molecular
function to be incorrect, whereas the precision-recall metric assumes that the structaréesaforrect

and rewards imprecise predictionslF8ER was designed to make accurate and precise functional pre-
dictions, which are critical for important biological applications including experimental characterization
of protein activity. The ROC-like analysis and associated accuracy measure used here are helpful to
evaluate predictions based on these design criteria. Other applications, including some types of whole-
genome annotation, may benefit from more general function annotations while minimizing the number
of predictions inconsistent with the true molecular function; the F-scores and the precision-recall metric

may be more appropriate to assess the different methods in this regime.

Data set preparation
Sulfotransferase family

The Goa Uniprot 37.0 contained experimentao molecular function annotations fa8 proteins, of
which we did not usd8 of them because they were too general, leadibigroteins with experimental
annotations. ThesEs proteins were included to compute the F-scores and FX-scores for every method.
The alignment for the full phylogeny was from Pfa.0. The subset of sequences with experimental
annotations were aligned usitgmal i gn (Eddy, 1998) with the sulfotransferase HMM profile from
Pfam releas0.0. The phylogenies were reconstructed using PAUP* vergiohl0 maximum parsi-

mony with the BLOSUM50 matrix.

Nudix family

The Nudix family alignment was taken from Pfa2fi.0 and we reconstructed the phylogeny from the
neighbor joining algorithm in PAUP* versioh 0610 (Swofford, 2001) because of the large size of the
family. The subset of sequences with experimental annotations were alignechusimgi gn (Eddy,
1998) with the Nudix HMM profile from Pfam releag8.0. This smaller phylogeny was built using

PAUP* version4.0610 maximum parsimony with the BLOSUMS50 matrix. The bootstrap analysis of
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the smaller tree using neighbor joining was performed using Phylip (Felsenstein, 1989) downloaded
October,2006 with 100 replicates. Function annotations were assigned to proteins from the literature
by contrasting different levels of experimental evidence for a given hydrolase to prune the less specific
substrates from a larger list of assayed compounds. We set the truncation |&vet tofor all of the

SIFTER Nudix experiments. We raBLAST on this family because we could manually build the text
parser to include all of the candidate functions from our modified ontology. We did n@&LAsIT-GO,

PFP, FFPred, or conFunc here because the reorgagiadderarchy would not enable a comparison

between betweesIFTEROr BLAST results and results from thes®-based methods.

Fungal genomes data

The genomes from6 different fungal species had been sequenced as of 206, Gene finding
was performed in each genome using a number of different methods; see (Stajich, 2006) for details.
We searched each resulting protein for Pfam domains usimgear ch (Eddy, 1998) for the Pfam-A
domains available in Pfam versi@0.0. We aligned each set of homologous fungal proteins to each
other usinghnmal i gn based on the Pfam-A HMM profile for that family domain (Eddy, 1998). We
reconstructed phylogenies for each domain with PAUEsion4.0510, using maximum parsimony with
a BLOSUMS50 matrix when the size of the alignment file was less th#®0 Kbyte, and neighbor
joining with default parameters when the size of the file exceeded that. We reconciled the trees against
a species tree (Supplemental Figufy using Forester version.92 (Zmasek and Eddy, 2001). Pfam
domains with fewer than four protein sequences fromithkingal genomes were eliminated.

We gathered molecular function annotations for each fungal protein in a Pfam-A domain from the
GOA database by runningLAST version2.2.4 (Altschul et al., 1990) for each proteins agaiasti-PROT
fasta database, downloaded September 23, 2006 (UniProt Consortium, 2010b), E+talae cutoff of
1 x 107190, We found exact hits with identical species to mapuine-PRoTidentifiers to the proteins in
the fungal genomes. We extracted molecular function annotations froexth&niprot databasé2.0.

For each family with experimental annotations from multiple species incluslipmpmbe, we re-

moved the experimental annotations ®rmpombe proteins in order to predict those annotations using
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the available experimental annotations. We computed posterior probabilities once for each family, us-
ing SIFTER default parameters. ISTER runs were performed exactly for families with fewer than nine
candidate functions; otherwise we truncated at twadftw 19 candidate functions and at one i or

more candidate functions. As elsewhere, if there were multiple predictions for a single protein (because
it was in multiple Pfam-A families), we used the correct one to compute accuracy. We did reatasn

because it is prohibitively time-consuming to build a keyword parser for all of these molecular functions.
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Figure Legends

Figure 1 - Sequence similarity does not directly reflect phylogeny

The proteins in this tree have either molecular functioor B. There is a duplication event indicated by
a red square and the query protein denoted by “?”. The most signiicastr hit for the query protein
will be By, because the path length in the phylogeny from the query proteis is the shortest, Thus
BLAST-based prediction methods will transfBrto the query protein. However, it is more likely that
the tree has only one functional mutation, in which ancestral fundianutated to functiom on the
left-hand side of the bifurcation after the duplication event. /S a better annotation for the query

protein. A phylogenetics-based approach reaches this conclusion naturally. Adapted from (Eisen, 1998).

Figure 2 - Phylogeny of experimentally characterized sulfotransferase proteins

The phylogeny of the experimentally characterized proteins found in the sulfotransferase family (PF00685).

The colors indicate the experimentally characterized protein functions, as specified in the key.
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Figure 3 - Sulfotransferase family prediction comparison

Panel (A) shows the ROC-like analysis ®fFTER with BLAST, BLAST-GO, PFP, and conFunc for the
sulfotransferase family of proteins. We did not include FFPred because there were not sufficient numbers
of true positive predictions to show up on this plot. Note thattfais is on a log scale. Panel (B) shows

the precision-recall analysis sfFTERwith BLAST, BLAST-GO, PFP, conFunc, and FFPred.

Figure 4 - Phylogeny of experimentally characterized Nudix proteins

A reconciled phylogeny of the experimentally characterized hydrolase proteins found in the Nudix fam-
ily. The colored numbers in brackets after the protein name represent a clustering of the proteins into
their biological functions, determined from our own literature search and described in more detail in

future work. The purple dots represent clades that have greatedifi@abootstrap support.

Figure 5 - SIFTER-BLAST Nudix comparison

A comparison oBLAST andsIFTER for the Nudix family of proteins. &TER consistently dominates
BLAST annotations under this criterion. TleFTERC and theBLAST-C lines are the evaluation of
SIFTERaNdBLAST using the generalized Nudix hydrolase terms as experimental annotations. It is in-
teresting that, at more th&9% specificity, bothBLAST andsIFTER performed as well or better on the

original data sets than the generalized data sets. Note thatdkis is on a log scale.

Figure 6 - S. pombe function prediction comparison

Panel (A) shows the ROC-like analysissaF TERwith BLAST-GO, PFP, conFunc, and FFPred. Note that
thez-axis is on log scale. Panel (B) shows the precision-recall analysissoErRwith BLAST-GO, PFP,

conFunc, and FFPred.

Figure 7 - Overview of SIFTER method

This diagram illustrates the general work flow ©FTER (1) A reconciled protein phylogeny and a

file containing some of the family’s proteins with annotations (blue and red functions) are input into
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SIFTER. SIFTER incorporates the observations from the annotation file into the phylogeny. (2) Message
passing propagates the observations from the leaf nodes to the root of the tree. (3) Message passing
then propagates information from the complete set of observations back down to the leaves of the tree,
enabling extraction of posterior probabilities at every node in the tree. Intuitively, posterior probabilities

at a node take into account every observation scaled by the tree-distance. (4) Predictions can be extracted

from the tree using, in our case, the function with the maximum posterior probability for each protein.

Table Legends

Table 1 — Summary of Results

Summary table for the results on protein families across the methods. Proteins is the total number of
proteins with at least one experimental annotation in the family. AN is the number of proteins with an
experimental annotation in the family for which the method predicted a molecular function. TP is the
number of correct predictions made by the method. F-scores and FX-scores are described in Methods.
Predictions for multifunction proteins are considered correct if at least one of the functions is correctly

predicted.

Table 2 — Summary ofS. pombe Results

Summary of results for characterized proteins in $hpombe genome across all methods. Methods is

the name of the method usdefedicted is the number of proteins for which the method made at least one
prediction;Precise count is the number of proteins for which a top-scoring prediction exactly matched
the characterized functioRrecise percent is the precision percentagépnsistent count is the number of
proteins for which a top-scoring predictions was either ancestral to or descendent from one of the actual
predictions;Consistent percent is the percentage of consistent predictioR$ is the number of false

positives when the cutoff is permissive enough to accept all of the TP annotations.
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Table 3 — Rate Transition Matrix

The instantaneous transition rate matrix usedifFTERfor M = 2. The rows represent different sets of
functions for the parent protein; the columns are child functions. Recalhthatthe rate of a function
arising,¢;; is the rate of a protein with functionmutating to also have functiofy and¢;; is the rate of

functioni disappearing. The diagonal elements in this table are set such that the rows sum to zero.
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Figure 1. Sequence similarity does not directly reflect phylogeny.
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Figure 2. Phylogeny of experimentally characterized sulfotransfease proteins.
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Figure 3. Sulfotransferase family prediction comparison.
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Figure 4. Phylogeny of experimentally characterized Nudix proteins.
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Tables

Table 1. Summary of Results

Deaminase Sulfotransferase Nudi& pombe

Method Proteins 33 30 97 398
AN 33 30 97 398
SIETER TP 31 21 46 181
FP 48 187 - 2233
F-score 0.93 0.91 - 0.74
FX-score 0.93 0.94 — 0.77
BLAST AN 33 30 97 —
TP 22 15 33 -
AN 33 30 - 391
BLAST-GO TP 31 25 - 117
FP 49 157 - 7405
F-score 0.91 0.95 — 0.82
FX-score 0.91 0.96 - 0.83
AN 33 30 - 398
TP 26 23 - 22
PFP FP 2404 1569 - 27867
F-score 0.65 0.89 - 0.50
FX-score 0.65 0.89 - 0.50
AN 33 29 - 389
conFunc TP 27 19 - 119
FP 187 151 - 15568
F-score 0.79 0.90 — 0.67
FX-score 0.79 0.93 - 0.68
AN 33 30 - 397
TP 1 0 - 24
FrPred FP 121 0 - 9200
F-score 0.52 0.66 — 0.55
FX-score 0.52 0.66 — 0.55
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Table 2. Summary ofS. pombe Results

Method | Predicted Precise Consistent FP
Count | Percent| Count| Percent
SIFTER 398 181 45.5% 255 | 64.1% | 2233
BLAST-GO 398 249 | 62.6% 279 70.1% | 7405
PFP 398 22 5.5% 220 55.3% | 27867
conFunc 389 129 32.4% 203 51.9% | 15568
FFPred 397 24 6.1% 203 51.6% | 2200

Table 3. Rate Transition Matrix
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