
Network-based auto-probit modeling for protein
function prediction

Xiaoyu Jiang1, David Gold2, Eric D. Kolaczyk1∗

1Department of Mathematics and Statistics
Boston University

Boston MA 02215, USA
2Department of Biostatistics

School of Public Health and Health Professions
University at Buffalo, the State University of New York

Buffalo, NY 14214, USA
∗email: kolaczyk@math.bu.edu

Abstract

Predicting the functional roles of proteins based on various genome-
wide data, such as protein-protein association networks, has become
a canonical problem in computational biology. Approaching this task
as a binary classification problem, we develop a network-based ex-
tension of the spatial auto-probit model. In particular, we develop
a hierarchical Bayesian probit-based framework for modeling binary
network-indexed processes, with a latent multivariate conditional au-
toregressive (CAR) Gaussian process. The latter allows for the easy
incorporation of protein-protein association network topologies – ei-
ther binary or weighted – in modeling protein functional similarity.
We use this framework to predict protein functions, for functions de-
fined as terms in the Gene Ontology (GO) database, a popular rigorous
vocabulary for biological functionality. Furthermore, we show how a
natural extension of this framework can be used to model and correct
for the high percentage of false negative labels in training data derived
from GO, a serious short-coming endemic to biological databases of
this type. Our method performance is evaluated and compared with
standard algorithms on weighted yeast protein-protein association net-
works, extracted from a recently developed integrative database called
STRING. Results show that our basic method is competitive with or
better than these other methods, and that the extended method – in-
corporating the uncertainty in negative labels among the training data
– can yield nontrivial improvements in predictive accuracy.

Keywords: Auto-probit; Bayesian hierarchical model; Gene Ontol-
ogy annotation uncertainty; MCMC algorithm; Protein function prediction;
STRING
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1 Introduction

Inferring the functional role of proteins is a primary task in biology, for
purposes ranging from general knowledge to drug discovery and diagnostic
development. Protein functions are commonly taken as terms from the Gene
Ontology (GO) database, a controlled vocabulary which describes gene and
gene product attributes in organisms (www.geneontology.org). Whether or
not a given protein has a certain GO function can be encoded using a binary
variable, with 1 indicating that the protein has the function and 0 indicating
that it does not. Proteins can have multiple functional annotations in GO,
in part because of their ability to perform multiple biological roles and in
part because GO terms are structured as hierarchies, ranging from general
to more specific. However, protein-term annotations in GO must follow
a true-path rule, which states that if a protein is categorized into a more
specific functional class, it must also be categorized into all the less specific
ancestor functional classes.

Protein-protein interaction (PPI) networks are one of the most com-
monly used sources of information for predicting protein functions. PPI
networks are routinely described by graphs, with vertices corresponding to
proteins and edges indicating interactions between a pair of proteins. For
a given protein function, the corresponding binary variables describing pro-
tein annotation status can be thought of as constituting a binary stochastic
process indexed on the PPI network. Protein function prediction is then
viewed as a task of predicting binary labels at locations in the network
where they are unknown, given the labels observed at other nearby locations.
Classifiers are usually built for this purpose and various methodologies of
this sort have been proposed, frequently based on the principle of “guilt-
by-association”. These include nearest-neighbor algorithms, the methods
introduced in [2, 8, 20], and probabilistic approaches such as [4, 11, 14, 15].
For a summary of various methods for protein function prediction, please
refer to [21].

Broadly speaking, results in the literature seem to suggest that – using
PPI interactions alone – most methods perform similar to nearest-neighbor
methods. This phenomenon is presumably a manifestation of the fact that
even relatively simple classifiers often can perform reasonably well on hard
problems (see [5]). To improve performance in this area, most recent work
has therefore concentrated on the problem of “data integration” i.e., combin-
ing PPI data with other data sources, such as DNA binding motifs, protein
localization, and gene expression data. See, for example, [4, 10, 13], and
other references cited therein.

2



In this paper, the framework we propose is motivated by the desire to
pursue two rather different avenues towards improvement in protein func-
tion prediction. First, we wish to incorporate weighted –rather than binary
– protein-protein association networks in a seamless fashion into a proba-
bilistic framework. An example of a weighted PPI network, and one which
we shall use later in the data analyses described in this paper, is that de-
rived from the STRING database in [16], which contains a combination of
known and predicted protein-protein associations and corresponding scores.
The scores express increased confidence when an association is supported by
several types of evidence, which can be highly informative in inferring pro-
teins’ functional characteristics. Taking advantage of the scores in databases
such as STRING has become a new challenge as well as an opportunity to
improve function prediction accuracy. However, it is not obvious how this
challenge can be met by simple adaptations of the “guilt-by-association”
principle governing methods like those mentioned earlier.

Second, we wish to model and account for uncertainty in annotations in
the Gene Ontology database. Most methods using annotations in the GO
database for training classifiers assume that a protein being annotated or
not annotated with a function accurately reflects whether or not that protein
truly has that function or not. However, while positive annotations – which
traditionally have reflected experimentally confirmed protein functions – are
generally reliable, negative annotations can be much less so. The reason for
this disparity in reliability comes from the fact that negative annotation for
a given GO term can reflect either a known lack of positive annotation (per-
haps logically implied by certain positive annotations on other GO terms) or
simply an absence of knowledge as to the protein status with respect to this
term. This observation suggests that, instead of treating the task of pro-
tein function prediction as a binary classification problem, we actually have
three classes - “having the function”, “not having the function” and “status
unknown”. This observation has been made by [15], but otherwise does not
appear to have been widely acknowledged in the literature. However, re-
sults in this paper show that acknowledging and, moreover, accounting for
it appropriately can yield nontrivial improvements in predictive accuracy.

In this paper we develop a network-based hierarchical Bayesian auto-
probit model that allows for us to address both of the issues described above
i.e., seamless incorporation of weighted networks and accounting for uncer-
tainty in negative associations. The incorporation of weighted networks is
facilitated by our use of a latent Gaussian process to encode functional sim-
ilarity, and the accounting for annotation uncertainty is accomplished by
including an additional layer of probabilistic error. The paper is organized
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as follows. In Section 2 we develop our model under the assumption that
there is no annotation uncertainty in GO. We then generalize this model to
tackle the annotation uncertainty problem in Section 3. Results for model
fitting, prediction and model comparison on two yeast networks are pre-
sented in Section 4. Some discussion follows in Section 5.

2 Bayesian hierarchical model for protein function
prediction

2.1 Network-based auto-probit model

Suppose we have a collection of N proteins, n ≤ N of which have functional
annotations in the Gene Ontology database, and N − n ≥ 0 for which we
wish to predict functionality. For a given GO term of interest, let the binary
variable yi denote the functional annotation of protein i. That is, yi = 1 if
protein i is annotated with the term in the database, and yi = 0 otherwise,
for i = 1, . . . , n. In this section, we will assume the annotations in the
database to be without error.

Motivated by [22], who develop a spatial auto-probit model for lattice
data, we employ a latent Gaussian process z to represent the true functional
status of proteins for the term of interest. That is, zi ≥ 0 if protein i actually
has the function, and zi < 0, otherwise, for i = 1, . . . , N . Since we assume
here that there is no annotation error in the GO database, the sign of zi

fully determines yi, i.e.,

yi =
{

+1, if zi ≥ 0;
0, if zi < 0.

It is commonly assumed that proteins with the same or similar functions
tend to interact more frequently than others. This assumption underlies,
for example, the local density enrichment assumption in [15]. Therefore, we
want to encode protein-protein association network structure into the model
to aid in inferring the functional labels. Let A be the N×N adjacency matrix
for a protein network. For a binary (i.e., unweighted) network, aij = 1 for
interacting neighbors i and j, and 0 otherwise. For a weighted network, aij

takes on the value of the weight for the edge {i, j}, with a weight of aij = 0
indicating no edge. For each i, let di =

∑
j 6=i aij be the degree of protein i.

If the network is binary, di simply counts the number of neighbors of protein
i. Denote by D = diag{di} the diagonal degree matrix.
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The N × 1 latent Gaussian process vector z is assumed to follow a mul-
tivariate normal distribution

z|µ, β ∼ MV N(µ, (I − βD
1
2 AD

1
2 )−1),

where µi is the location parameter for protein i and β measures the spatial
dependence from the network. We constrain the value of β to ensure that
the precision matrix I − βD

1
2 AD

1
2 is positive definite. First, we assume

that neighbor proteins tend more often than not to agree with each other,
according to the local density enrichment assumption, and thus restrict β to
be nonnegative. Second, writing the determinant of the precision matrix as

|I − βD
1
2 AD

1
2 | = ΠN

i=1(1− βλi),

where λi is the i-th eigenvalue of matrix D
1
2 AD

1
2 , we note that a sufficient

condition for this determinant to be positive is that β < λ−1
max, where λmax =

maxi λi. Hence, we constrain β such that 0 < β < λ−1
max, which is similar to

[22] in the context of spatial auto-probit modeling.
To understand the manner in which this model incorporates the network

topology, we note that the partial correlation coefficient ρij for zi and zj on
two neighbor proteins takes the form

ρij =





β
√

didjaij , if i ∼ j,
1, if i = j,
0, otherwise .

(1)

This expression indicates that proteins with more neighbors should be more
likely to be consistent with the majority of the neighbors; in other words,
a protein with a larger neighborhood and hence a bigger di would be more
closely correlated with its neighbors controlling other proteins outside the
neighborhood. We call this the “one-hop neighborhood effect.” On the other
hand, a neighbor of protein i that itself has more neighbors will likely have
greater influence on protein i than other of i’s neighbors, which we refer to
as the “two-hop neighborhood effect.”

2.2 Prior and posterior distributions for the network auto-
probit model

In conducting inferences with our network auto-probit model, we will uti-
lize the joint posterior probability distribution, conditional on the observed
annotations y, i.e.,

P (z,µ, β|y) ∝ P (y|z) · P (z|µ, β) · P (µ) · P (β),
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where P (y|z) = Πn
i=1P (yi|zi) = 1, since we assume for now that the GO

annotation is correct and the sign of zi fully determines the value of yi. To
fully specify this posterior, we need to equip the parameters µ and β with
appropriate prior distributions.

We assign a conditional autoregressive (CAR) prior distribution with a
hyperparameter τ2 to µ which models the spatial dependence on the network
and smooths individual µi locally. More specifically, we define a (singular)
joint prior distribution on µ of the form

P (µ|τ2) ∝ exp {− 1
2τ2

µT Lµ} ∝ exp {−1
2

∑

i∼j

(µi − µj)2

τ2
}.

The conditional distribution for individual µi is therefore

µi|µ[−i], τ
2 ∼ N(

∑
j∼i aijµj

di
,
τ2

di
),

where L = D−A is the so-called graph Laplacian matrix and µ[−i] is all of
µ except the ith element µi.

The hyperparameter τ2 can be interpreted as the variance of the differ-
ence in expected latent characteristics for two neighbor proteins. To better
understand the effect of the τ2, we derive the posterior distribution of µ,
given the Gaussian process z and β

P (µ|z, β)
∝ P (z|µ, β) · P (µ)

∝ exp {−1
2
(z − µ)T (I − βB)(z − µ)} · exp {−1

2
µT L

τ2
µ}

∝ exp {−1
2
[µ− zT (I − βB)]T (I − βB +

L

τ2
)[µ− zT (I − βB)]}

∼ MV N(zT (I − βB)(I − βB +
L

τ2
)−1, (I − βB +

L

τ2
)−1).

The parameter τ2 controls the extent to which the prior influences the pos-
terior distribution. Therefore, the choice of τ2 is important in identifying
the location vector µ. We discuss this issue further below.

Due to the constraint on β for obtaining a valid precision matrix, we
apply a truncated normal prior to β,

β ∼ TN(β0, σβ; 0, βmax),

where β0 and σβ are the prior mean and standard deviation, respectively;
βmax is the maximal possible value for β, as dictated by the largest eigenvalue
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of D1/2AD1/2 in our implementation. We simply set β0 as the midpoint of
0 and βmax; σβ is chosen to be small so that the truncated normal posterior
distribution for β could be comfortably fit on the tight constraint.

2.3 Complexity of Smoothing Variances

Proper tuning of the prior distributions in this Bayesian auto-probit model is
critical to obtaining useful posterior distributions of the location parameter
µ and the neighborhood effect parameter β, as discussed earlier. Identifi-
cation of the location vector µ in this over-parameterized model be would
difficult without strong spatial smoothing. We develop a degree of freedom
for µ as a function of τ2 to have a better idea of balancing model fitting and
smoothing to this end.

For the Gaussian process z, we have

z ∼ MV N(µ, (I − βB)−1),

where B = D
1
2 AD

1
2 . Since the parameter β is chosen to guarantee the

positive definiteness of the matrix (I − βB), there exists a full-rank matrix
V such that (I − βB) = V V T , or V (I − βB)V T = I. Thus,

V z ∼ MV N(V µ, V (I − βB)V T ),
V z ∼ MV N(V µ, I).

Recalling that the CAR prior distribution for µ has the form

µ|τ2 ∼ exp {− 1
2τ2

µT Lµ}, or

µ ∼ MV N(0, (
L

τ2
)−1),

we propose an effective degrees of freedom, in analogy to the degrees of
freedom for the smoother matrix in the smoothing splines (e.g.,[7]),

ρ(τ2) = trace[(V T V +
L

τ2
)−1V T V ]

= trace[(I − βB +
L

τ2
)−1(I − βB)],

where L = D −A, as defined earlier. The degree of freedom for µ is mono-
tonely increasing and is confined between 0 and N . In applications, such as
those shown later in this paper, we have found it useful to specify τ2 so as
to impose a fairly low number of degrees of freedom, forcing µ to be fairly
smooth.
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2.4 Markov chain Monte Carlo algorithm

In the applications to follow, we use Markov chain Monte Carlo algorithms to
draw samples from the joint posterior distribution. We update the individual
zi, µi, and the parameter β one at a time, which requires access to the fully
conditional distributions.

The Gibbs sampler is used to update the zi’s, based on the conditional
probability

P (zi|z[−i],µ, β,y) =





1√
2πΦ(z̄i)

exp {−1
2(zi − z̄i)2}, zi ≥ 0, yi = 1,

0, zi < 0, yi = 1,
1√

2π(1−Φ(z̄i))
exp {−1

2(zi − z̄i)2}, zi < 0, yi = 0,

0, zi ≥ 0 yi = 0,

(2)

where z̄i = µi + β
∑

j∼i

√
didjaij(zj − µj), z[−i] is all of z except the ith

element zi, and Φ is the standard normal cumulative density function.
The Metropolis-Hasting algorithm is used to update the µi’s and β. The

proposal change from µi to a new µ
′
i (or from β to a new β

′
) is drawn

from a normal distribution centered at the current value with a pre-defined
standard deviation.

3 Incorporating uncertainty of functional annota-
tion in Gene Ontology

Our model thus far assumes that the annotations from the Gene Ontology
database reflect the actual protein functional status. That is, we have as-
sumed that yi, the observed annotation for protein i, is consistent with its
true functional label, as captured by the sign of zi. However, it has been
pointed out that a protein currently not having a functional annotation of
interest does not necessarily mean that it does not have the function, but
rather that its functional status is simply unknown to the best of our knowl-
edge ([15]). In other words, with respect to the notation established above,
the probability that yi = 0, given zi ≥ 0, can be nontrivial.

Therefore, we modify our model, writing

P (y|z, g) = Πn
i=1P (yi|zi, g),

where

P (yi = 0|zi, g) =
{

1, zi < 0,
g, zi ≥ 0.
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This extended version of our network auto-probit model thus incorporates
the probability of being “incorrectly un-annotated”. The device employed
here is analogous to that used in [22], in modeling the spatial distribution
of toads, to account for the fact that spatial regions for which no toads were
observed are not necessarily devoid of toads.

The joint posterior distribution including g is given by

P (z,µ, β, g|y) ∝ P (y|z, g) · P (z|µ, β) · P (µ) · P (β) · P (g),

where we let P (g) be the uniform prior distribution for g, P (g) ∼ U(0, 1),
P (y|z, g) is as described above, and all other terms are the same as men-
tioned earlier.

3.1 Markov Chain Monte Carlo algorithm with the GO an-
notation uncertainty

When we consider the Gene Ontology annotation uncertainty and include
the probability of being “incorrectly un-annotated”, g, the fully conditional
distribution for updating individual zi’s is different from before, being ex-
pressed as

P (zi|z[−i],µ, β, g, y) =





1√
2πΦ(z̄i)

exp {−1
2(zi − z̄i)2}, zi ≥ 0, yi = 1,

0, zi < 0, yi = 1,
g√

2π[1−Φ(z̄i)+gΦ(z̄i)]
exp {−1

2(zi − z̄i)2}, zi ≥ 0, yi = 0,
1√

2π[1−Φ(z̄i)+gΦ(z̄i)]
exp {−1

2(zi − z̄i)2}, zi < 0, yi = 0,

where z̄i = µi + β
∑

j∼i

√
didjaij(zj − µj), and Φ is the standard normal

cumulative density function. The derivation of the conditional probability
is as follows.

P (zi|z[−i],µ, β, g, y)

=
P (y|z, g) · P (zi|z[−i],µ, β)∫

zi
P (y, zi|z[−i],µ, β, g)dzi

=
P (yi|zi, g)∫

zi
P (yi|zi, g) · P (zi|z[−i],µ, β)dzi

P (zi|z[−i],µ, β)

= C · P (zi|z[−i],µ, β),
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where

C =
P (yi|zi, g)∫

zi
P (yi|zi, g) · P (zi|z[−i],µ, β)dzi

=
P (yi|zi, g)∫

zi≥0 P (yi|zi, g) · P (zi|z[−i],µ, β)dzi +
∫
zi<0 P (yi|zi, g) · P (zi|z[−i],µ, β)dzi

=





P (yi|zi,g)∫
zi≥0 1·P (zi|z[−i],µ,β)dzi+

∫
zi<0 0·P (zi|z[−i],µ,β)dzi

, when yi = 1,

P (yi|zi,g)∫
zi≥0 g·P (zi|z[−i],µ,β)dzi+

∫
zi<0 1·P (zi|z[−i],µ,β)dzi

, when yi = 0,

=





1
Φ(z̄i)

, when yi = 1, zi ≥ 0,

0, when yi = 1, zi < 0,
g

gΦ(z̄i)+1−Φ(z̄i)
, when yi = 0, zi ≥ 0,

1
gΦ(z̄i)+1−Φ(z̄i)

, when yi = 0, zi < 0.

The Gibbs sampler can be used to update g, the fully conditional distri-
bution of which is a beta distribution,

P (g|z,µ, β,y) ∝ P (y|z, g) · P (g) ∝ gN−+(1− g)N++ ,

where N−+ = #{i : yi = 0, zi ≥ 0}, N++ = #{i : yi = +1, zi ≥ 0}.

4 Results

4.1 Data

We have implemented our network auto-probit models on two yeast protein-
protein association (sub)networks extracted from the STRING database,
introduced in [16]. STRING contains known and predicted protein-protein
associations, where “association” refers to both direct physical binding and
indirect interaction such as participation in the same metabolic pathway or
cellular process. Information for associations is obtained from 7 evidence
sources: database imports1, high-throughput experiments, co-expression, ho-
mology based on phylogenetic co-occurrence, homology based on gene fusion
events, homology based on conserved genomic neighborhood, and text mining.

STRING simplifies the access to protein-protein associations by provid-
ing a comprehensive collection of protein-protein associations for a large
number of organisms. A score S is assigned to each interacting pair of pro-
teins by bench-marking against the KEGG pathway from [12]. The score is

1PPI and pathway databases
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calculated by 1− S = Πi(1− Si), where i indicates the individual evidence
type described above, and Si is the score from the i-th source. As a result,
STRING database provides users with weighted undirected protein-protein
association networks.

For purposes of illustration, we extract two such networks of different
sizes from the yeast genome and study different functions for them. The
smaller one contains N = 211 genes, all of which are annotated with the
term GO:0007154, cell communication from the Gene Ontology database,
updated as of November 2007. To ease exposition we name this the “CC
network”. The term we wish to predict for this network is GO:0007242, in-
tracellular signaling cascade, a grandchild term of cell communication. The
larger network, named the “OOB network”, consists of N = 975 genes,
all annotated with GO:0006996, organelle organization and biogenesis. We
study one of its child terms, GO:0051276, chromosome organization and
biogenesis. Note that according to the GO annotation in November 2007,
there are 226 and 1290 proteins annotated with cell communication and or-
ganelle organization and biogenesis, respectively. We only use the largest
connected components, neglecting small connected neighborhoods and iso-
lated proteins, therefore, the network sizes in this paper are smaller than
the actual numbers of proteins.

4.2 Parameter estimation and prediction by the auto-probit
model

Using the model in Section 2.2 and 2.3, we first take the observed annotation
y to be known for all N proteins, and examine the issue of fitting the model.
The hyperparameters for the two networks are listed in Table 1. We discard
the first 1000 iterations as burn-in and run 9000 iterations to get posterior
samples. Convergence diagnostics by standard approaches indicate that all
chains reach equilibrium.

Estimates of the posterior means of some parameters are given in Table
2 and 3, together with 95% credibility intervals. It can be seen that there is
statistically significant positive spatial dependence on both networks. The
small estimates for β are a result of the large eigenvalues λmax (312.9047
and 4297.8 for CC and OOB networks, respectively), and hence a small
βmax (0.0032 and 0.0002 for CC and OOB networks, respectively).

Figure 1 contains the histograms of the posterior estimates of proba-
bilities of having the target function, given the observed GO annotations,
for the two networks. Blue histograms are based on proteins which are not
annotated with the term in question while purple ones are for annotated
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Figure 1: Histogram of the posterior estimates of the probability of having
the target function. [Top]: intracellular signaling cascade in the CC network;
[Bottom]: chromosome organization and biogenesis in the OOB network.
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Table 1: Hyperparameter setup

CC network OOB network
τ2 0.30 1.00

σµ in proposal 0.4 0.4
βmin 0 0
βmax 0.0032 0.0002

σβ in proposal 0.0001 0.0001

Table 2: Estimated posterior means, Monte Carlo standard errors and 95%
credibility intervals for the CC network with the model in Section 2

CC network
Parameter Degree Estimate 95% credibility interval

β − 0.0017 (0.0015, 0.0019)
µY CR026C 1 −0.212 (−0.227,−0.197)
µY CR038C 15 0.158 (0.153, 0.162)
µY GL035C 25 0.082 (0.078, 0.086)
µY MR037C 40 0.136 (0.132, 0.139)
µY LR229C 58 0.157 (0.154, 0.160)

proteins. The histograms of the posterior estimates of µ are shown in the
supplementary material, which can be found at math.bu.edu/people/xiaoyu.

Interestingly, in those plots, the histograms for the two classes of pro-
teins are well separated, with the posterior mean of the un-annotated pro-
teins lower than that of the annotated proteins in both cases, and little
overlapping areas between the two classes. This indicates that the auto-
probit model is capable of distinguishing proteins with different functional
status, “annotated” and “un-annotated”, by utilizing the network topology
and estimating the parameters in a globally coherent fashion.

We perform a sanity check to study the predictive performance of the
auto-probit model. We compare the network-based auto-probit model with
the nearest-neighbor (NN) algorithm, a standard algorithm representing typ-
ical methods using local neighborhood information based on the guilt-by-
association principal, and the kernel logistic method in [23], which builds
a Laplacian kernel matrix with the weighted network by L = D − A and
produces predictive probabilities. Since NN does not use the weights on the
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Table 3: Estimated posterior means, Monte Carlo standard errors and 95%
credibility intervals for the OOB network with the model in Section 2

OOB network
Parameter Degree Estimate 95% credibility interval

β − 1.4764× 10−4 (1.2608× 10−4, 1.6921× 10−4)
µY BR172C 1 0.434 (0.374, 0.495)
µY AL010C 15 −0.062 (−0.125, 0.000)
µY LR068W 50 0.129 (0.072, 0.186)
µY BL002W 100 −0.351 (−0.411,−0.292)
µY LR175W 202 0.221 (0.161, 0.282)

edges, we use the induced binary networks. It produces a number between
0 and 1 (i.e., the fraction of a protein’s neighbors in the binary network
possessing the term in question). To evaluate and compare method per-
formances, we plot the standard Receiver Operating Characteristic (ROC)
curves based on a 10-fold cross validation on both networks. More specifi-
cally, we calculate true positives (TP), false positives (FP), true negatives
(TN) and false negatives (FN) for varying predictive thresholds based on
the proteins in each fold, and then average across folds. The comparisons
are presented in Figure 2. The ROC curves show that the auto-probit model
works at least equally well for both networks as the simple nearest-neighbor
algorithm, and the more sophisticated logistic kernel method. The simi-
larity in performance of these three rather different methods is most likely
due, at least in part, to the fact that sequence similarity is the dominating
information source for the protein-protein association. As pointed out in
[17], it is hard to distinguish methods relying on protein-protein association
data when this is the case.

One of the advantages of the auto-probit model is that it provides a
natural platform of incorporating the weights on the edges in the networks.
Conversely, it is not straightforward for methods based on the neighborhood
counting principle. To show such an advantage, we apply the auto-probit
model on both the weighted and binary versions of the two networks, and
compare the performances by ROC curves, as in Figure 2. In both cases,
there is a clear jump from using only the embedded binary networks (the
purple curves in Figure 2) to the weighted networks (the red curves in Figure
2).
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Figure 2: Comparing the auto-probit model and the Nearest-Neighbor algo-
rithm by ROC curves based on a 10-fold cross-validation. [Top]: intracellular
signaling cascade in the CC network; [Bottom]: chromosome organization
and biogenesis in the OOB network.
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4.3 Analysis of the Gene Ontology annotation uncertainty

What significantly distinguishes our network-based auto-probit model for
gene function prediction from most other methods is the ease with which
uncertainty information can be incorporated, which allows us, in particular,
to explore the problem of GO annotation uncertainty.

We first fit the model introduced in Section 3 to the two networks CC
and OOB, and conduct posterior inference on g, i.e., the probability that a
protein is currently not annotated with the function of study but actually
has the function. The hyperparameter setup here is the same as before. We
run 9000 iterations after 1000 burn-in. Results from diagnostic methods in-
dicate that both chains are converged. The trace plots and the histograms of
the posterior estimates are shown in Figure 3. The posterior means of g are
0.1142 and 0.4186 for the CC network and the OOB network, respectively.
Hence, we see that while in the CC network the rate of false negative anno-
tations is estimated to be fairly small, that in the OOB network is estimated
to be quite substantial – more than two out of every five.

Knowledge of these false negative rates may be in turn propagated
through the process of posterior-based prediction to produce more accurate
predictions based on currently “flawed” annotations. In order to illustrated,
we use a set of annotations from the Gene Ontology database updated in
June 2006 to estimate the parameters and to predict the target functions.
Then we evaluate the predictions according to the more recently updated
annotations used in the analysis of the previous section (i.e., updated in
November 2007). There are 16 proteins in the CC network updated with
new annotations to intracellular signaling cascade in November 2007; 38 pro-
teins for the OOB network. Predictions were made for these new annotations
using our network auto-probit model with and without incorporating GO
annotation uncertainty. Method performance is evaluated by recall (or sen-
sitivity), defined as the ratio of the true positive and the predicted positive,
or,

recall =
TP

TP + FN
= sensitivity.

Our decision to use recall is due to an arguably greater interest among
scientists in discovering previously unknown functions of proteins, rather
than confirming known functions. A method which correctly detects more
proteins annotated with the target function is preferred. Recall from both
methods are calculated and plotted versus the different predictive thresholds.

Figure 4 contains the plots of recall versus the predictive thresholds for
the two networks. The network auto-probit model with g (i.e., incorporat-
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Figure 3: Histograms of the posterior estimates of g, the probability of being
incorrectly un-annotated. [Top]: intracellular signaling cascade in the CC
network; [Bottom]: chromosome organization and biogenesis in the OOB
network.
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ing annotation uncertainty) provides improvements in both cases. For the
CC network, the improvement is mostly for small predictive thresholds (less
than 0.5). The improvement for the OOB network is decidedly more sub-
stantial. If we use a predictive threshold of 0.5, a common choice, the recall
from the auto-probit model with g is 0.6794, which leads to nearly 200% im-
provement from the model without g with recall being 0.2265. These results
demonstrate that the auto-probit framework not only provides a solution
to the problem of GO annotation uncertainty by modeling the probability
of being “incorrectly un-annotated”, but also produces high quality predic-
tions based on low quality annotations. Essentially, incorporation of the
additional parameter g allows the methodology the possibility of rectify-
ing apparent inconsistencies in vertex labeling, as suggested by the graph
topology.

5 Discussion

This paper introduces a network-based fully Bayesian auto-probit model for
protein function prediction. It takes protein-protein association networks as
input and employs a latent Gaussian process z to encode proteins functional
similarity. Using a hierarchical Bayesian model, we assign a conditional
autoregressive (CAR) prior distribution with a single hyperparameter τ2 to
the location vector µ of the Gaussian process. There are various extensions
that may be of interest.

For example, the use of a single τ2 may not be flexible enough for the
nodes in the network with greater neighborhood sizes. To allow spatial
smoothing to vary more freely, we could extend the prior distribution on µ
to have a different variance for each neighbor pair, in analogy to [19]. In
addition, here we predict protein function only term-by-term, but GO terms
are organized according to a directed acyclic graph (DAG), reflecting their
ontological relationships with each other. Recent work has shown that some
improvement in protein function prediction can be obtained by exploiting
the structure among GO terms. See [11], for example, and references therein.
In principle, the network auto-probit model proposed here can be extended
in an analogous manner.

The incorporation of uncertainty in negative GO term annotations was
shown here to yield substantial improvements in predictive accuracy. This
observation has powerful implications, since the tendency toward emphasis
on “positive results” in science, and the manner in which modern biological
databases encode those results, means that this issue is not restricted to the
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Figure 4: Plots of recall versus thresholds considering the probability of
being incorrectly un-annotated g. [Top]: intracellular signaling cascade in
the CC network; [Bottom]: chromosome organization and biogenesis in the
OOB network.
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Gene Ontology database alone, but rather is likely endemic to the area as a
whole. Other important forms of uncertainty include, for example, inaccu-
racies in protein interaction networks. The STRING database is an example
of work in this area that seeks to use other evidence in addition to interac-
tion experiments to determine protein-protein interactions. Although here
we have incorporated this information in the form of a weighted network,
our network auto-probit model is structured in such a way that it should
facilitate the incorporation of such information in a more nuanced fashion
through an additional layer of probability modeling, if desired.
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