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Abstract

The modularity that nuclear organization brings has the potential to explain the function

of aggregates of proteins and RNA. Promyelocytic leukemia nuclear bodies are implicated in

important regulatory processes. To understand the complement of proteins associated with

these intra-nuclear bodies, we construct a Bayesian network model that integrates sequence

and protein-protein interaction data. The model predicts association with promyelocytic

∗To whom correspondence should be addressed
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leukemia nuclear bodies accurately when interaction data is available. At a false positive

rate of 10%, the true positive rate is almost 50%, indicated by an independent nuclear pro-

teome reference set. The model provides strong support for further expanding the protein

complement with several important regulators and a richer functional repertoire. Using spe-

cial SVM-nodes (equipped with string kernels), the Bayesian network is also able to produce

predictions on the basis of sequence only, with an accuracy superior to that of baseline mod-

els.

1 Introduction

The structurally and functionally heterogeneous promyelocytic leukemia nuclear bodies (PML-

NBs) sequester numerous important regulatory proteins (Bernardi and Pandolfi, 2007), and

are critical to stress response and tumour suppression (Krieghoff-Henning and Hofmann,

2008). PML-NBs are intra-nuclear structures and in contrast to cytoplasmic organelles they

are not membrane-bound. Instead association with PML-NBs is based on molecular interac-

tion (Shen et al., 2006). Once imported into the nucleus, proteins are transported by diffusion

and many proteins only associate transiently, and frequently with several other compartments

(Gorski and Misteli, 2005). The list of proteins known to be co-localized with promyelocytic

leukemia protein (Pml)—the signature protein of these structures—is growing. Although the

PML-NB makes extensive contacts with surrounding chromatin—suggesting a possible role

in DNA transactions such as transcription, replication or repair of DNA—the structure is

largely devoid of RNA and DNA (Boisvert et al., 2000).

Sumoylation is a post-translational modification believedto be essential to many intra-

nuclear processes. For instance, sumoylation is a key regulator in the assembly and disas-

sembly of PML-NBs (Shen et al., 2006; Heun, 2007). The sumoylation process involves

modifying a lysine by conjugating small ubiquitin-relatedmodifier (Sumo) on the substrate.

Many modified sites conform to the[LVI]KXE consensus pattern, and sumoylation may

modulate the substrates’ ability to interact with other proteins (Heun, 2007). Sumo can also
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bind covalently to binding sites conforming to a[VI]X[VI][VI] consensus sequence.

The Pml protein has several sumoylation sites and a binding site for covalent interactions

with Sumo. When one or the other is inhibited, nuclear bodiesare not formed (Shen et al.,

2006).

Generally speaking, to predict system behaviour, diverse data sets are usefully combined

with several other sources of knowledge and constraints. Toshed light on the mechanisms

used by non-membrane based microenvironments and to explore the implications for intra-

nuclear protein organization, this paper aims to model the association of proteins with PML-

NBs. Since association with such structures appears to largely be based on a multitude of

molecular interactions, we propose a model that integratessequence data and interaction

networks. We develop powerful mechanisms for incorporating sequence prediction modules

based on string kernels and support-vector machines into a probabilistic Bayesian network.

These mechanisms enable the model to process entirely novelproteins for which interactions

are not known. The model makes experimentally testable and quantitative predictions for the

M. musculusnuclear proteome.

To model protein association with PML-NBs, it is natural to turn to interactions that

involve known PML-NB members. Many functionally importantgene products including

Pml, Daxx, Blm, Hipk, Rad51, Tp53 and Crebbp localize to PML-NBs (Hofmann and Will,

2003). Table 1 provides a summary of interactions relevant to PML-NBs. A predominant

view is that Pml may not bind directly to all PML-NB members, but instead establishes a

supra-molecular scaffold necessary for their recruitment(Hofmann and Will, 2003). Table

1 about

here.

There are at least seven known isoforms of Pml. Each isoform may have specific inter-

actions that will affect PML-NB recruitment. Since interaction data seldom distinguishes

between isoforms explicitly, we use isoform I of Pml as a canonical representative. The

model presented herein thus cannot recognize that some PML-NB proteins are only known

to co-localize with a specific Pml isoform.

Members of the nuclear body may share specific sequence features and domains (Bick-

more and Sutherland, 2002), motivating the incorporation of such properties in a model’s
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decision. Two main prediction scenarios are evaluated in this paper. In the first, we assume

that apart from its sequence, interactions of a query protein are known. In the second, the

query protein is presented only by its sequence. We evaluatethe expected accuracy of cor-

rect classification in both scenarios using the PML-NB association probability inferred by

the model. The two scenarios differ only by having differentinputs instantiated as described

in the next section.

2 Methods and materials

Before describing the model that is used in this study, it is useful to consider the most basic

approaches. Table 1 lists several candidates that a proteinmay use to associate with the

nuclear body. However, in most cases only a fraction of theirinteractions involve another

PML-NB protein. According to the data in Table 1, if a novel protein interacts with Pml,

for example, the conditional probability of the novel protein associating with PML-NB is

0.32 (17/52). Additional interactions may be combined (probabilistically) to establish the

association status with possibly greater accuracy. In suchcases, we should also consider the

prior probability of interactions (e.g. how often does a protein interact with Pml).

An alternative information source to interactions is the amino acid sequence of a protein.

Support vector machines (SVMs) naturally assign class labels to amino acid sequences by

usingstring kernels, chosen to compare sequences on basis of (for instance) sharedk-mers

(Spectrum kernel) or alignment (Local Alignment kernel). Hence, after training, a SVM can

produce a score, for any novel sequence, that indicates its class. In the following we will

present a method that combines the best of these two methods into a probabilistic modelling

framework.
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A model of PML-NB association

The model of PML-NB is based on a Bayesian network, in which nodes are stochastic (ran-

dom) variables and directed edges (parent to child) represent causal relationships between

such variables. A child node thus represents a conditional probability where the parents are

the variables conditioned upon.

Our Bayesian network (see Figure 1) integrates features derived from two sources: amino

acid sequences and protein interactions. The main classification variable, “AssocWithPmlNb”,

is a Boolean variable that indicates whether a query proteinis associated with PML-NBs or

not. The network includes Boolean variables for protein interactions (set according to the

query protein’s known interactions with key PML-NB members, here called “hubs”), and for

associations with proteins in the sumoylation pathway (setaccording to the matching of two

known consensus motifs).

To capture additional sequence features that help in assigning a class to a query protein, a

support-vector machine (SVM) predicts their PML-NB membership (shown as “PredictAs-

socPmlNb” in Figure 1). The SVM uses a string kernel functionthat enables it to process

amino acid sequence input. To accommodate the absence of protein interaction data, addi-

tional SVMs similarly predict for each hub and for each protein in our data set, whether they

interact or not (the remaining leaf nodes in Figure 1). The output of each of these SVMs

gives the (predicted) likelihood of the query protein interacting with the named hub. Figure

1 about

here.

From the model we can determine the probability of the classification variable (“As-

socWithPmlNb”) given the interaction status for each of thehubs and the presence of possi-

ble sumoylation sites. Similarly, we can query the support for the same variable when only

predictions from sequence are available, leaving the interaction parent nodes unspecified.

Bayesian network

A Bayesian network offers a theoretical framework in which probabilistic inference is made

practical via the specification of dependencies between variables. In fact, the full joint prob-
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ability of all (instantiated) variables,x1, x2, ..., xN , can be computed from a simple product

of the conditional probabilities made explicit in the network structure.

P (x1, x2, ..., xN ) =
N∏

i=1

P (xi|pa(Xi)) (1)

wherepa(Xi) is the set of parent(s) of theith variable. The meaning of an edge is thus

that the child node’s distribution is conditionally independent of all other variables given the

values of its parents.

Inference ofP (X|e) whereX is the (uninstantiated) query variable, ande is the avail-

able evidence, is based on the full joint probability. The procedure involves “summing out”

the set of unobserved variablesy ∈ Y,

P (X|e) = η
∑

y

P (X, e,y) (2)

whereη is a normalizing constant (ensuring that probabilities ofX ’s possible values add to

1).

Prior probabilities (represented by nodes without parents) are easily obtained fromtrain-

ing data by relative counts of outcomes. Conditional probabilities(represented by nodes

with parents) are similarly estimated from relative countsof outcomes but only from entries

that fulfil the conditioning case of the parent nodes (in the discrete case forming a conditional

probability table).

The example based on Table 1, where we noted that Pml interacts with 52 proteins of

which 17 are PML-NB members, illustrates (in Bayesian network jargon) a child variable

(“AssociatesWithPmlNb”) that has one parent (“InteractWithPml”). It has two entries, one

for when interaction with Pml is true, one for when it is false. The former will be assigned

the probability 0.32, the latter is not disclosed in the table but can be similarly established (by

counting the total number of samples that has Pml-interaction set to false, and the number

of samples when it is set to false and the association with PML-NB is set to true). The prior
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for the parent is simply the ratio of proteins that interact with Pml over the total number of

proteins.

When the number of parent variables is large, the combinatorial number of possible

conditioning cases make learning conditional probabilities problematic. WithN Boolean

parents, there are2N entries in the conditional probability table, each of whichhas a prob-

ability that is based on only those samples that exactly match the condition. This can be

overcome at the cost of limiting the types of distributions we can model. Specifically, we

restrict a child variable to be determined by theBoolean Noisy-OR function.

In contrast to a deterministic OR-gate, a Boolean Noisy-OR table allows for uncertainty

of each parent variable to cause the child to be true (Diez, 1993). It makes the simplifying

assumption that the inhibition of each parent variable (theextent by which the child is not

made true) is independent of any other parents. Thus, the whole table of an instantiated

variablexi can be specified with as many probabilities as there are parent nodes, and the

entire table can be filled in using the equation

P (xi|pa(Xi)) = 1 −
∏

Xj∈pa(Xi)

(1 − P (xi|Xj)). (3)

When no parents are true (T), the Noisy-OR conditional probability is 0.

We use a standard Noisy-OR table to alleviate issues of populating the seven-parent table

for “AssocWithPmlNb”, reducing the number of probabilities to be estimated from the data

sets from27 = 128 to 7.

Kernels and probabilistic SVMs

Through the use of kernels, an SVM can be trained to classify many kinds of data, including

amino acid sequences. Not only do we wish to include predictions, but the ability of kernels

to process data that is not naturally perceived as random variables motivates the incorporation

of SVMs into the Bayesian framework. However, the SVM produces a prediction that is not

a probability but a score (typically thresholded at 0 to discriminate between a positive and a
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negative class),

f(x) =
M∑

i=1

yiαik(xi,x) + b, (4)

wherex is the query input,xi is theith training sample,yi ∈ {+1,−1} is the target class

of samplei, αi is theith Lagrange multiplier andb is a bias, each of which is tuned during

training (Schölkopf and Smola, 2002). Ifαi is non-zero, thenxi is called a support vector.k

is the kernel function that encapsulates an inner product between the two data points. String

kernels assume that inputs are on the form of sequences of arbitrary length with symbols

drawn from a finite set. They have been used extensively with SVMs to predict biologically

meaningful features from both DNA and amino acid sequences.We test a number of different

string kernels, including the spectrum kernel (l ∈ {1, 2, 3}), the mismatch and wildcard

kernels (l = 3 andm = 1) (Leslie and Kuang, 2004), and the local alignment kernel (β =

0.01) (Saigo et al., 2004).

Similar to Hastie and Tibshirani (1996), we introduce the SVM as a continuous random

variablef conditioned on a class variable,p(f |y = +1) andp(f |y = −1). Specifically,

we fit two Gaussian densities on scores produced by samples from the positive (y = +1)

and the negative class (y = −1), respectively. Unlike Hastie and Tibshirani (who go on to

define a posterior class probability by constraining the densities) we estimate both classes’

means and variances. The training data is divided into 3/4 ofthe set for trainingf and 1/4

for trainingp. In our Bayesian network, the class is the parent node, and the posterior class

probability is thus given by Bayes’ rule (an example is provided in Figure 2). It is also

possible to incorporate SVMs into a probabilistic framework by using a parametric model,

say a sigmoid function, to fit the class posterior directly (Platt, 2000). Barutcuoglu et al.

(2006) use similar SVM-based nodes to predict individual functional features of genomic

data and then use a Bayesian network to constrain the predictions to agree with a taxonomy

such as the Gene Ontology.

SVMs use regularization parameters (the so-calledC-values that constrain theαs in
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Equation 4). Since the data is highly unbalanced (many more negatives than positives), we

performed preliminary trials to determine settings used inall simulations.C is 10000 and 0.1

for the positive and negative class, respectively. Since the proportion of positives is similar

in each classification problem, these values are used for both predicting the main association

class and all interaction classes.

Simulation methodology

We only report on results using data not seen during training. All results are generated

by 10-fold cross-validation. That is, we divide the data into ten subsets, and use nine for

training and one for testing. The training and testing procedure is repeated, trying all ten

combinations of the subsets. Consequently, each protein will be a test case in exactly one

model.

To evaluate our models we first note that, due to the high number of negatives in the

data sets, a percentage accuracy is not adequate. Instead werely on the area under the ROC

curve (AUC), which looks at the accuracy for all possible settings of sensitivity/specificity

trade-offs. An AUC of 1.0 corresponds perfect classification accuracy and 0.5 indicates an

accuracy that is no better than chance. The true positive rate (they-axis in the ROC curve) is

standardly defined as the ratio between the number of correctly predicted positives and the

total number of positives. Conversely, the false positive rate (thex-axis in the ROC curve)

is the ratio between the number of incorrectly predicted negatives and the total number of

negatives.

Data sets

Recently the mouse nuclear proteome was defined to contain 2568 proteins with direct evi-

dence of localization (Nucprot; Fink et al., 2008). This number almost doubles when includ-

ing confidently predicted proteins. We identified a set of mouse PML-NB proteins by select-

ing the mouse orthologs in Nucprot of proteins annotated in the Nuclear Protein Database
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(NPD; Dellaire et al., 2003) with the term “PML bodies”. We call this positive set of 76

proteins “Pos-all”.

It needs to be emphasized that association with intra-nuclear compartments in the NPD is

established via a plethora of different experimental techniques, including gene-trap screens,

mass spectrometry, and fluorescence tagging. Proteins thatare not flagged as PML-NB pro-

teins in NPD, are here, in the absence of evidence to the contrary, considered negatives. To

increase the quality of the set, we first exclude all negatives that do not have experimental

evidence of nuclear localization (i.e. not part of the 2568-set) and all proteins that are “un-

reviewed” in Uniprot. We identified all negatives that interact with at least one PML-NB

protein (we call this set “Neg-interact”). All negatives without any interactions with PML-

NB proteins were subject to a filtering step requiring them toexhibit less than 10% sequence

similarity to remove redundant entries (103 entries).

Some kernel functions are computationally expensive, making the large number of neg-

atives difficult to deal with. As a practical compromise, the1431 remaining non-interacting

proteins were put into two groups “Neg-1” and “Neg-2”. Two sets are used in the simu-

lations below: “All-1” (the union of “Pos-all”, “Neg-interact” and “Neg-1”; 1312 proteins)

and “All-2” (the union of “Pos-all”, “Neg-interact” and “Neg-2”; 1313 proteins). The data

sets are summarized in Table 2. Table

2 about

here.

Due to the sparsity of localization data available it is verylikely that many proteins

designated as negatives are in fact associated with PML-NBs. (Indeed, as discussed later,

several discoveries reported in the recent literature are not annotated in the NPD with “PML

bodies” and are thus not included in our positive set.)

Several high-throughput experimental technologies have contributed to the construction

of large-scale protein-protein interaction networks. To increase coverage we use (the union

of) both the Molecular Interaction database (Chatr-aryamontri et al., 2007) and the Human

Protein Reference Database (Mishra et al., 2006) interaction networks. By first finding

mouse orthologs, any pair of proteins in our data sets can be queried for its interaction status

(i.e. true or false). It is noted that such data is unreliablebut that broad support for inferring
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intra-nuclear association can be sought from it. Furthermore, it is desirable for a model not

to rely on such data but be able to utilize it when available. There are several examples in

the literature (Ben-Hur and Noble, 2005; Qiu and Noble, 2008) where sequence data is used

(in full or complemented by other data) to predict whether a pair of proteins interacts or not,

justifying our attempt to use this information to influence the model’s decision.

3 Results

Intuitively, the protein interaction data should provide good indication of compartment as-

sociation. From estimating the probability of PML-NB association given whether a novel

protein interacts with Pml (as suggested earlier), the resulting AUC on “All-1” is a modest

0.60. Using Pml this way renders the best AUC of all the proteins in Table 1. If we group

five proteins, and assume that the interaction a protein has with them is independent, the

highest AUC we see is 0.67. Due to lack of data, a standard conditional probability table

does not work. However, if we instead use a Noisy-OR conditional probability table (the

Bayesian network in Figure 1without the sumoylation-related and the prediction nodes) the

AUC increases to 0.70. By exploring each protein’s interaction with different proteins in

Table 1 this way, we found that the 5-hub combination Pml, Sumo1, Blm, Rad51 and Mdm2

generally produces robust and accurate predictions of PML-NB association. In the following

tests, these five hubs are used.

In the Bayesian network (see Figure 1), we set the conditional probabilities needed for

inference by inspecting lists of PML-NB members, and lists of pairwise protein interactions

as follows. For each protein in these sets, PML-NB association status, amino acid sequence

and interaction status with all other proteins are known andare used for training and testing

the model.

To present a protein to the Bayesian network, we first check whether it interacts with

any of the hubs. The corresponding hub node is thus set to trueor false, assuming that

all interactions are available during training. (During testing a hub node can also be left
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unspecified as described later.) Table 3 gives a typical Noisy-OR conditional probability

table for “AssocWithPmlNb”. Table

3 about

here.

Nodes fitted with an SVM (bottom row in Figure 1) are trained onthe appropriate se-

quence data. “PredictAssocPmlNb” scores PML-NB association status. “PredictIntact-”

nodes are trained on the same sequences, but with a differenttarget: to predict interaction

with the designated hub.

In more detail, the node “PredictAssocPmlNb” uses an SVM that takes the sequence as

input and produces a score that influences—using standard Bayesian inference via two class

likelihoods—the posterior belief in “AssocWithPmlNb”. Inpreliminary tests we observed

that the so-called local alignment kernel (Saigo et al., 2004) provides consistently high clas-

sification accuracy when used inside standalone SVMs. Hence, the “PredictAssocPmlNb” is

fitted with this kernel.

We use only about 3/4 of the sequence training data to train the SVM parameters. The

densities, representing the probability of an SVM score given the class of sequence, are es-

timated from the scores for the remaining 1/4 of the trainingdata. A typical pair of densities

is shown in Figure 2. There is a substantial overlap between the score of the positives and

the negatives but it is clear that this sequence scoring variable carries information that can

be used by the parent node. Figure

2 about

here.

Due to the semantics of Bayesian networks, the “PredictIntact-” nodes only influence

inference when their parent is unspecified (i.e. with the “IntactWith-” variable is uninstan-

tiated). Several test scenarios (described later) explorethe impact of leaving some variables

unspecified.

Tests using interactions

We perform standard exact inference to perform predictionsof the “AssocWithPmlNb” vari-

able using the test set as evidence (see Equation 2). In all tests, this probability is used

directly as the model’s prediction of the query associatingwith PML-NBs.
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Using the same five interaction hubs as above, the average AUCis 0.74 (on “All-1”). The

test was repeated 10 times with different data set splits andthe standard deviation was less

than 0.01 (0.006). We also repeated the simulation with different combinations of interaction

hubs. In some cases we noted even higher accuracies (0.76) but treat such conservatively,

mindful of selection biases.

The predictions with high probability are usually quite reliable. In real terms, if we

accept a false positive rate of 10%, the true positive rate isalmost 50% (this corresponds to a

probability threshold of 0.25). The specificity of the predictions drops at lower probabilities.

If we want a true positive rate of 80% we need to accept a false positive rate of nearly 50%.

(When interpreting these numbers one needs to consider thatthe negative set is much larger

than the positive set. A large negative set automatically implies a low false positive rate

since this is the ratio between incorrect positive predictions and the greater total of negative

samples.) On “All-2” the average AUC is also 0.74. The fact that the accuracy is essentially

unchanged between the two scenarios (trained and tested with different data sets) illustrates

that the model’s performance is robust.

Novel predictions

The preceding tests show that PML-NB association can be predicted with good accuracy

at least when protein interaction data is available for the query protein. We collected all

predictions for proteins in “All-1” and “All-2”, when withheld from training.

Among the 20 predictions with a probability exceeding 0.65,10 are annotated as PML-

NB proteins in our reference set. The other half of the top-scoring predictions are proteins

that are not currently annotated in the NPD to localize with PML-NBs (shown in Table 4).

However, since the proteome is only sparsely annotated withintra-nuclear localization in

general, and that the the reference set uses negatives assumed from absence of annotation

to the contrary, we searched the literature to explore the possibility that the assumed nega-

tives assigned high probabilities indeed associate with PML-NBs. Re-assuringly, we found
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evidence of PML-NB localization for several proteins clearly mis-annotated as “negatives”. Table

4 about

here.

The top prediction Wrn is known to cause Werner syndrome and is involved in DNA

damage repair—a core PML-NB activity. Indeed, Wrn has been reported to be a body

component under DNA damage stress (Blander et al., 2002). Rb1 (at probability 0.70) co-

localizes with Pml within nuclear bodies (Alcalay et al., 1998). Sumo2 (0.70) localizes

to PML-NBs (but also to nucleoli) (Fu et al., 2005). Further down the list of predictions,

there is evidence that Pias2 (at probability 0.54) is partially localized to PML nuclear bodies

(Tussie-Luna et al., 2002). Finally, after heatshock, a subset of PML-NBs co-localize with

Hsf1 (0.50) (Hong et al., 2001). In total, 53 predictions have probabilities exceeding 0.5. We

remove known positives (including the aforementioned examples of mis-annotations) and

list the 27 remaining proteins in the Supplementary Material.

Predicting the role of PML-NBs

This section draws on the model to investigate the biological functions in which PML-NBs

may be involved. Specifically, we check the statistical enrichment of Gene Ontology (GO)

terms in thepredictedset. Our null hypothesis is that, if proteins are sorted according to

their PML-NB association probability, proteins with a specific term T appear in random

order. The one-tailed Wilcoxon Ranksum test determines whether we can reject the null

hypothesis and state thatT is significantly associated with high-scoring proteins.

As a baseline, we use the Fisher Exact test to establish enrichment of specific terms in

the reference data set (with 76 definitive PML-NB members). Here there are, for each term

(T ), and each protein, four possibilities: a protein is a PML-NB member or not, a protein

is assigned a termT or not. The one-tailed test can reject a null hypothesis thatstates that

the assignment of a termT is not biased by our knowledge of the PML-NB membership. In

both statistical tests, we need to correct for multiple tests (all terms assigned toanyprotein

in the nuclear proteome are looked at).

As before, we repeat simulations, training on both “All-1” and “All-2”. In each case
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we identified over-represented terms, noting that almost always the same GO terms showed

up. Using a model based on “All-1” (for training) as a representative, we retrieved 49 over-

represented GO terms with anE-value less than 1. That is, using thep-value provided by

the test, and the number of tests, we would expect less than 1 predicted positive by chance (a

“Bonferroni correction”). With the exception of one GO term(GO:0044427 “Chromosomal

part”), this list is a super-set of the list we get by using thePML-NB protein vs. non-PML-NB

protein training data (E < 0.05). The list is provided in Table 5, where we also note those

GO terms that are significantly associated with the set of known PML-NB members (E < 1).

Notable additions only available from the model’s predictions (and not from the two-class

training data) include the GO terms “SUMO ligase activity”,“protein sumoylation”, “kinase

activity”, “phosphorylation” and “nucleotide binding”. The list also supports the belief that

PML-NB plays important regulatory roles in, for instance, “induction of apoptosis (from

intracellular signals)” (Hofmann and Will, 2003). Table

5 about

here.Predicting from sequence

The usefulness of prediction increases if we can operate solely on sequence. For example,

the model can then map complete genomes. What can we say aboutPML-NB association of

a protein from its sequence alone? In other words, what accuracy can we expect when the

model is using onlypredictedprotein-protein interactions?

The probability of interaction with hubs on basis of sequence is encoded into the Bayesian

network by the child nodes of each hub. More specifically, thechild node of a hub is fitted

with an SVM that produces a score for the sequence indicatingthe SVM’s belief of it in-

teracting with the hub. Predicting interaction from sequence is inherently difficult and we

have limited numbers of positives for the hub proteins. To find suitable kernel functions for

the child nodes, we first surveyed the accuracy of SVMs predicting the interaction status for

each hub separately. The best kernel functions were then used in each prediction node of

the Bayesian network. We list the kernel function that renders the best interaction prediction
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AUC values for each of the five hubs in Table 6. Table

6 about

here.

Sequence-only prediction of PML-NB association is done by setting the child nodes in

accordance with the query protein. The two parent nodes “HasSumoylSite” and “HasSIM”

are always set by using sequence data (by matching of motifs). The interaction parent nodes

are left unspecified and are only inferred from the respective child nodes. Again we deter-

mine the model’s ability to predict “AssocWithPmlNb” in accordance with our data sets.

Using the same five hubs as evaluated above, both “All-1” and “All-2” render the same

cross-validated average AUC of 0.64±0.01. However, there were many other combinations

that gave better accuracy. For example, using the proteins Pml, Sumo1, Pias4, Tp53 and

Crebbp as hubs, the AUC is 0.67. Interactions with these proteins are easier to predict from

sequence than some of the others. We conservatively stay with the original five hubs, as this

model is not chosen on basis of its separate ability to predict pairwise interaction features.

For comparison, simpler “baseline” models—for example, anSVM trained to classify

each protein from the sequence—can be envisaged. This is exactly what the node “Predic-

tAssocPmlNb” does. We note that by exploring the same set of kernel functions and the same

density estimation procedure, this node alone can be used topredict PML-NB association

(the class posterior probability) with an AUC of 0.62±0.03. As noted previously, the best

kernel for this node is the local alignment kernel. This SVM can thus be seen as providing a

baseline for predicting association with PML-NBs, inferior to the Bayesian network model.

We also tried a standard SVM fitted with a logistic function asprescribed by (Platt, 2000),

again with AUC 0.62±0.03. The variance in accuracy when relying only on sequence data,

is thus consistently higher than the model that incorporates interaction data. Anecdotally, we

notice that even when interaction data is included, candidates with strong homology to other

proteins in the data set, e.g. Sumo2 and Prmt8 in Table 4, receive widely changing support

by models between cross-validation runs.

We summarize the accuracy of the Bayesian network-based model and the baseline mod-

els in Table 7. An advantage of our Bayesian network model is that it can benefit from in-

complete protein interaction data. In Table 7 we also provide the AUC rendered by the model
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when protein interactions with asinglehub are assigned for each query. The remaining in-

teractions are predicted as in the tests that have access to sequence only. In most cases, the

accuracy goes up slightly with the addition of known interaction data. Surprisingly, we note

that by supplying only interactions with Rad51 and with all other interactions predicted, the

overall accuracy drops compared to when the model only uses predicted interactions. Table

7 about

here.

In summary, the model herein provides a small improvement when only sequence is

considered (ten different data set splits for cross-validation renderp < 0.05 using a paired

t-test on the AUC for the Bayesian network being equal to that of the standard SVM). The

model provides a substantial boost in accuracy when knowledge of protein interaction is

considered, but most importantly it allows further inspection and validation of the model.

4 Discussion

The current model does not represent co-expression of interacting components.Proteins

such as Blm and Wrn are associated with PML-NBs under certainphases of the cell cycle.

Moreover, some proteins are only localized with PML-NBs under cell stress (e.g. DNA

damage), in specific cell types, or when post-translationally modified. Predictions should

thus be interpreted with this important caveat in mind. We expect that co-expression can be

incorporated in a fashion analogous to the paired interactions. That is, via nodes that are set

true for a query protein when it is co-expressed with specified key PML-NB member.

The gene ontology analysis highlighted the prevalence of sumoylation and phosphory-

lation amongst predicted members.Sumoylation is mechanistically linked to PML-NB lo-

calization (Shen et al., 2006), and Rb1 is one example that associates with PML-NBs in a

phosphorylated state. We thus expect that extending the model to encompass modifications

beyond sumoylation will increase its accuracy.

Bayesian networks have several advantages over other prediction methods. In stark

contrast to a conventional “black-box” predictive model, aBayesian network provides us

with explanations about the domain and identifies importantfactors for specific predictions.
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The natural integration of knowledge of PML-NB formation (based on protein interaction

and sumoylation) into the Bayesian network plays an important role in improving the pre-

diction accuracy. The Bayesian network requires only access to the sequence of a protein

and then provides a minor but statistically significant improvement compared to our best

support-vector machine. The novel incorporation of nodes that take sequence data as input

dramatically increases the versatility of Bayesian networks.

When queried using complete or partial interaction data, the Bayesian network achieves

an accuracy far exceeding that of our baseline SVM. More importantly, the model provides

real biological insights. Our Bayesian network shows that Pml, Sumo1, Blm, Rad51 and

Mdm2 form an effective group of key interaction hubs, assisting the accurate prediction of

PML-NB membership.

Using our best model we predict several novel PML-NB members. Our top-predictions

even re-discover several members known in the literature that were mistakenly labelled as

negatives in our data set. (Incorrectly labelled proteins also impact negatively on our esti-

mated accuracies, to err on the conservative side.) The model can assist in identifying the

full PML-NB proteome experimentally. We use the model to identify a range of gene on-

tology terms that characterize the functions carried out byproteins linked to PML-NBs. We

note important regulatory roles not discovered using statistical analysis from our “gold stan-

dard” positive set, including apoptosis and programmed cell death, phosphorylation, protein

sumoylation, and SUMO ligase activity.

The flexible framework allows the current model to be incorporated into a larger model,

representing both other intra-nuclear compartments and additional factors (like protein turnover

rates, post-translational modifications and expression levels) to allow the fluid exchange to

be recognized.
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AssocWithPmlNb

Noisy-OR

CPT

IntactWithBlm IntactWithSumo1 HasSumoylSite HasSIM IntactWithPml IntactWithMdm2 IntactWithRad51

PredictIntactBlm PredictIntactSumo1 PredictAssocPmlNb PredictIntactPml PredictIntactMdm2 PredictIntactRad51

Figure 1:The Bayesian network. The main random (Boolean) variable of interest for predic-
tion is “AssocWithPmlNb”. It represents the probability ofa query protein being associated with
PML-NBs. A range of variables modulate the belief, including protein interactions and the pres-
ence of possible sumoylation sites (top nodes; all Boolean). These variables are instantiated when
such data is available. “IntactWithBlm” is true when the query protein interacts with Blm, false
if it does not. All the other “IntactWith”-variables are setanalogously. “HasSumoylSite” is true
when the protein has a match to the sumoylation consensus motif anywhere along its sequence,
and false otherwise. “HasSIM” is set analogously but uses the Sumo interaction consensus motif
(SIM). PML-NB association and protein interactions can be predicted using nodes fitted with
SVMs (bottom nodes; all Boolean). From the continuous SVM score, two class likelihood den-
sities are estimated (one for samples that are “positives”,one for samples that are “negatives”).
“PredictAssocPmlNb” is the score produced by the SVM that istrained to discriminate between
PML-NB members and non-members. The “PredictIntact”-variables represent the scores for the
SVMs that discriminate between hub binders and non-binders(where the hub is identified by the
variable name).
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Figure 2:Gaussian densities estimated from an example SVM trained to predict PML-NB
association from sequence. These class likelihoods can be converted to class posteriors using
Bayes’ rule, e.g. for the “positive” class (y = +1): p(y = +1|f) = ηp(f |y = +1)p(y = +1),
wheref is the SVM score (a continuous random variable), andη is a normalization constant.
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Table 1:PML-NB associated proteins with extensive protein-protein interactions.
Uniprot Name Total PML-NB Uniprot Name Total PML-NB
P02340 Tp53 246 18 P26350 Ptma 32 1
P45481 Crebbp 208 13B1AX90 Tp73 31 7
P48754 Brca1 103 10Q9QZR5 Hipk2 30 9
P63166 Sumo1 63 13Q08297 Rad51 30 8
Q60953 Pml 52 17 Q8VEE4 Rpa1 30 6
P23804 Mdm2 50 5 O70133 Dhx9 28 3
Q61026 Ncoa2 46 6 Q9Z265 Chek2 26 6
O35613 Daxx 44 9 Q03347 Runx1 25 1
Q9JIF0 Prmt1 44 5 Q9Z172 Sumo3 19 5
Q9JM05 Pias4 41 2 O88700 Blm 13 6

All proteins with at least 25 interactions. Additionally, Sumo3 and Blm are included (Sumo3
and Blm are hypothesized to be important to the formation of PML-NBs). Uniprot and gene
identifiers are specified with number of interactions with the full nuclear proteome (’Total’) and
number of interactions within the nuclear body (’PML-NB’).
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Table 2:Mouse protein data sets.
Data set name Size Definition
Pos-all 76 Mouse nuclear proteins that are orthologs of proteins

annotated with the term “PML bodies” in the NPD
Neg-interact 521 Mouse nuclear proteins that arenot in Pos-all but that

interact with a protein in Pos-all
Neg-1 715 Mouse non-interacting nuclear proteins (1/2)
Neg-2 716 Mouse non-interacting nuclear proteins (1/2)
All-1 1312 Pos-all + Neg-interact + Neg-1
All-2 1313 Pos-all + Neg-interact + Neg-2
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Table 3:The Noisy-OR conditional probability table for the main prediction variable.
Query protein interacts with Matches motif AssocWithPmlNb
Pml Sumo1 Blm Rad51 Mdm2 SumoSiteSIM =T
T F F F F F F 0.38
F T F F F F F 0.25
F F T F F F F 0.67
F F F T F F F 0.47
F F F F T F F 0.20
F F F F F T F 0.09
F F F F F F T 0.07
F F F F F F F 0.00

Parent variables (hubs and sumoylation-related motifs) can be true (’T’) or false (’F’).
Conditional probabilities are inferred from training datafor the combinations shown (excluding
the last). The remaining probabilities can be calculated asdetailed in Eq. 3. For example, the
entry for Pml=T, Sumo=T and the others F, is determined by1 − (1 − 0.38)(1 − 0.25) = 0.54.
Note that we have left outP (AssocWithPmlNb = F |pa(AssocWithPmlNb)) since it is
simply1 − P . The table shown is a representative only and individual models (trained on
different data sets) may employ slightly different probabilities.
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Table 4:Model and literature evidence for PML-NB predicted proteins.
Prob Gene Description and evidence
0.87 Wrn Werner syndrome ATP-dependent helicase homolog.

Model: Interactions with Blm. Has sumoylation site and SIM.Probability of AssocWith-
PmlNb=true, given only sequence, is 0.34 (this is solely based on the SVM score; see Figure 2
for an illustration).
Literature: Endogenous Wrn proteins localize in nucleoli and in PML-NBs (Blander et al., 2002)
but the Nuclear Protein Database does not list Wrn as a PML-NBmember.

0.83 Mlh1 DNA mismatch repair protein.
Model: Interactions with Blm. Has SIM. Probability given sequence is 0.08.
Literature: Several DNA damage response proteins reside inPML-NBs (Conlan et al., 2004).
Dynamic changes of PML-NBs strongly imply their involvement in DNA repair.

0.79 Smc1 Structural maintenance of chromosomes protein 1A.
Model: Interactions with Blm. Has sumoylation site and SIM.Probability given sequence is 0.07.

0.78 Brca2 Breast cancer type 2 susceptibility protein homolog.
Model: Interactions with Rad51. Has sumoylation site and SIM. Probability given sequence is
0.70.
Literature: Brca2 co-localizes with known PML-NB members Brca1 and Rad51 (Mladenov et al.,
2006).

0.78 Prmt8 Protein arginine N-methyltransferase 8.
Model: Interactions with none. Has sumoylation site and SIM. Probability given sequence is 1.00.
Literature: Its homolog Prmt1 is known to co-localize with PML-NB and regulates DNA repair
(Pal and Sif, 2007). Prmt8 is believed to localize to the plasma membrane (Nucprot includes it as
nuclear-localized on basis of computational predictions,not experimental evidence).

0.76 Abl1 Proto-oncogene tyrosine-protein kinase.
Model: Interactions with Rad51 and Mdm2. Has neither sumoylation site nor SIM. Probability
given sequence is 0.06.

0.70 Rb1 Retinoblastoma-associated protein.
Model: Interactions with Pml and Mdm2. Has sumoylation site. Probability given sequence is
0.06.
Literature: Pml acts with Rb1 and p53 to promote premature senescence. It colocalizes with
Pml within nuclear bodies and delocalizes with Pml-Rar-alpha (Alcalay et al., 1998) but is not
annotated as a PML-NB protein in the Nuclear Protein Database.

0.70 Sumo2 Small ubiquitin-related modifier 2.
Model: Interactions with Pml and Blm. Has sumoylation site.Probability given sequence is 0.52.
Literature: Sumo2 is a Sumo isoform and has been shown to co-localize with interphase PML-NBs
(Fu et al., 2005).

0.66 Ncor2 Nuclear receptor corepressor 2. Also known as Smrt (silencing mediator for retinoic acid and
thyroid hormone receptors).
Model: Interactions with Pml. Has sumoylation site and SIM.Probability given sequence is 0.14.
Literature: The protein is a matrix-associated deacetylase nuclear body component (Ariumi et al.,
2003).

0.65 Tgfbr2 TGF-beta receptor type-2.
Model: Interactions with Pml. Has sumoylation site and SIM.Probability given sequence is 0.10.
Literature: Cytoplasmic Pml and Daxx have been implicated Tgf-beta signaling (Krieghoff-
Henning and Hofmann, 2008).

The table shows all proteins predicted with probability greater than 0.65 to be associated with PML-NBs that arenot in our positive set. We
provide evidence used by the model and independent statements in the literature that are relevant to further corroborate their true localization.
Note that several proteins are confirmed to be positives fromthe literature. Also note that multiple models are collectively queried, leading to
slight differences in weighting of features. In particular, the impact of sequence similarites varied between different cross-validation runs.
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Table 5:GO terms that are assigned to high-scoring proteins predicted to be associated with
PML-NBs.

p-value Term Proteins Description
Cellular component
1.36E-04 GO:0005694* 94 Chromosome
2.26E-05 GO:0016605* 11 PML body
Biological process
4.62E-06 GO:0044260 281 Cellular macromolecule metabolicprocess
1.28E-04 GO:0031570* 14 DNA integrity checkpoint
2.77E-04 GO:0006917 34 Induction of apoptosis
1.10E-06 GO:0006464 182 Protein modification process
1.26E-06 GO:0043412 188 Biopolymer modification
2.87E-04 GO:0022402* 123 Cell cycle process
7.02E-05 GO:0006793 122 Phosphorus metabolic process
3.54E-06 GO:0019538 286 Protein metabolic process
1.09E-04 GO:0006281* 73 DNA repair
2.68E-06 GO:0006950* 141 Response to stress
5.23E-06 GO:0006974* 92 Response to DNA damage stimulus
4.62E-06 GO:0044267 281 Cellular protein metabolic process
2.86E-04 GO:0043068 40 Positive regulation of programmed cell death
7.02E-05 GO:0006796 122 Phosphate metabolic process
8.56E-07 GO:0043687 170 Post-translational protein modification
2.78E-04 GO:0008630 14 DNA damage response, signal transduction resulting in induction of apoptosis
1.24E-04 GO:0043065 39 Positive regulation of apoptosis
5.27E-06 GO:0006259* 177 DNA metabolic process
5.97E-06 GO:0009719* 96 Response to endogenous stimulus
2.89E-04 GO:0008629 17 Induction of apoptosis by intracellular signals
9.75E-05 GO:0050896* 210 Response to stimulus
1.08E-05 GO:0006468 99 Protein amino acid phosphorylation
2.21E-04 GO:0016925 6 Protein sumoylation
2.11E-04 GO:0006260* 43 DNA replication
1.26E-05 GO:0016310 101 Phosphorylation
2.77E-04 GO:0012502 34 Induction of programmed cell death
4.30E-05 GO:0042770* 24 DNA damage response, signal transduction
Molecular function
3.40E-06 GO:0000166 218 Nucleotide binding
1.11E-07 GO:0003824 358 Catalytic activity
9.09E-10 GO:0017076 175 Purine nucleotide binding
2.21E-04 GO:0019789 6 SUMO ligase activity
2.06E-09 GO:0030554 160 Adenyl nucleotide binding
7.59E-06 GO:0043169 318 Cation binding
2.40E-06 GO:0043167 338 Ion binding
2.40E-06 GO:0046872 338 Metal ion binding
2.37E-04 GO:0004871 99 Signal transducer activity
1.80E-05 GO:0046914 293 Transition metal ion binding
2.15E-05 GO:0008270 261 Zinc ion binding
1.63E-05 GO:0016740 154 Transferase activity
1.07E-09 GO:0005524 159 ATP binding
7.96E-05 GO:0016772 120 Transferase activity, transferring phosphorus-containing groups
2.37E-04 GO:0060089 99 Molecular transducer activity
1.08E-04 GO:0016301 107 Kinase activity
3.13E-06 GO:0004672 95 Protein kinase activity
4.74E-06 GO:0005515 629 Protein binding
3.52E-05 GO:0004674 82 Protein serine/threonine kinase activity
5.93E-06 GO:0016773 96 Phosphotransferase activity, alcohol group as acceptor

p-values are uncorrected (after correctionE < 1). Terms that are over-represented in the set of known PML-NBassociated proteins in “All-1”
(alsoE < 1) are marked with an asterisk. The third column contains the total number of proteins in “All-1” with that GO term.
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Table 6: The kernel functions with best accuracy for predicting interaction with named
hub.

Hub Kernel function AUC
Pml Local alignment 0.61
Sumo1 Local alignment 0.66
Blm Mismatch (k = 3, m = 1) 0.68
Rad51 Spectrum (k = 2) 0.66
Mdm2 Local alignment 0.58
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Table 7:Prediction accuracies for representative test scenarios.
Test scenario AUC
BN has access to interaction and sequence data 0.74
BN has access to interaction data only 0.70
BN has access to sequence data only 0.64
BN has access to sumoylation motif matches only 0.60
BN has access to sequence data and Pml-interactions 0.68
BN has access to sequence data and Sumo1-interactions 0.65
BN has access to sequence data and Blm-interactions 0.64
BN has access to sequence data and Mdm2-interactions 0.64
BN has access to sequence data and Rad51-interactions 0.62
Posterior class probabilities determined from SVM score 0.62
Class probabilities from SVM with logistic function 0.62

All scenarios above the dividing line are generated by the Bayesian network model with
different variables instantiated (as indicated). Models below the dividing line represent baseline
approaches which rely on the best SVM presented with sequence data only.
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Table S1: Strongly predicted nuclear proteins not known to be PML-NB members.
Prob Uniprot Name Description

0.8323 Q9JK91 Mlh1 DNA mismatch repair protein Mlh1
0.7851 Q9CU62 Smc1 Structural maintenance of chromosomes protein 1A
0.7819 P97929 Brca2 Breast cancer type 2 susceptibility protein homolog
0.7756 Q6PAK3 Prmt8 Protein arginine N-methyltransferase8
0.7629 P00520 Abl1 Proto-oncogene tyrosine-protein kinase ABL1
0.6576 Q9WU42 Ncor2 Nuclear receptor corepressor 2
0.6509 Q62312 Tgfbr2 TGF-beta receptor type-2
0.6466 O08811 Ercc2 TFIIH basal transcription factor complex helicase subunit (DNA repair protein comple-

menting XP-D cells) (DNA excision repair protein ERCC-2)
0.6424 P70270 Rad54l DNA repair and recombination protein RAD54-like
0.6392 Q61221 Hif1a Hypoxia-inducible factor 1 alpha
0.6226 P25322 Ccnd1 G1/S-specific cyclin-D1
0.6068 P53762 Arnt Aryl hydrocarbon receptor nuclear translocator (Dioxin receptor, nuclear translocator)

(Hypoxia-inducible factor 1 beta)
0.5888 P42227 Stat3 Signal transducer and activator of transcription 3 (Acute-phase response factor)
0.5853 Q5SXJ3 Brip1 Fanconi anemia group J protein homolog (ATP-dependent RNA helicase BRIP1)

(BRCA1-interacting protein C-terminal helicase 1) (BRCA1-interacting protein 1)
(BRCA1-associated C-terminal helicase 1)

0.5806 Q80X56 Trim69 Tripartite motif-containing protein69 (RING finger protein 36) (RING finger B-box
coiled-coil transcription factor) (Testis-specific RING finger protein)

0.5784 O88907 Pias1 E3 SUMO-protein ligase PIAS1 (Protein inhibitor of activated STAT protein 1) (DEAD/H
box-binding protein 1)

0.5753 Q6NZQ4 Paxip1 PAX-interacting protein 1 (PAX transactivation activation domain-interacting protein)
0.5532 O09000 Ncoa3 Nuclear receptor coactivator 3 (Thyroid hormone receptor activator molecule 1)

(Receptor-associated coactivator 3) (Amplified in breast cancer-1 protein homolog)
(Steroid receptor coactivator protein 3) (CBP-interacting protein)

0.5447 Q64511 Top2b DNA topoisomerase 2-beta (DNA topoisomerase II, beta isozyme)
0.5424 Q9ERU9 Ranbp2 E3 SUMO-protein ligase (Ran-binding protein 2)
0.5420 P35569 Irs1 Insulin receptor substrate 1
0.5375 Q13547 HDAC1 Histone deacetylase 1
0.5277 Q60698 Ski Ski oncogene
0.5237 O89090 Sp1 Transcription factor
0.5133 P70365 Ncoa1 Nuclear receptor coactivator 1 (Steroid receptor coactivator 1) (Nuclear receptor coacti-

vator protein 1)
0.5062 Q8CI11 Gnl3 Guanine nucleotide-binding protein-like 3 (Nucleolar GTP-binding protein 3) (Nucle-

ostemin)
0.5007 P11416 Rara Retinoic acid receptor alpha (Nuclear receptor subfamily 1 group B member 1)

Of a total 53 predictions exceeding a probability of 0.5, 27 are listed. All positives known from the data set (21) and froman
intial literature search (5) were removed.
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