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Abstract

Background: Proteins are a kind of macromolecules and the main component of a cell, and thus it is the most essential
and versatile material of life. The research of protein functions is of great significance in decoding the secret
of life. In recent years, researchers have introduced multi-label supervised topic model such as Labeled Latent
Dirichlet Allocation (Labeled-LDA) into protein function prediction, which can obtain more accurate and explanatory
prediction. However, the topic-label corresponding way of Labeled-LDA is associating each label (GO term)
with a corresponding topic directly, which makes the latent topics to be completely degenerated, and ignores the
differences between labels and latent topics.

Result: To achieve more accurate probabilistic modeling of function label, we propose a Partially Function-to-Topic
Prediction (PFTP) model for introducing the local topics subset corresponding to each function label. Meanwhile, PFTP
not only supports latent topics subset within a given function label but also a background topic corresponding to a
‘fake’ function label, which represents common semantic of protein function. Related definitions and the topic
modeling process of PFTP are described in this paper. In a 5-fold cross validation experiment on yeast and
human datasets, PFTP significantly outperforms five widely adopted methods for protein function prediction.
Meanwhile, the impact of model parameters on prediction performance and the latent topics discovered by
PFTP are also discussed in this paper.

Conclusion: All of the experimental results provide evidence that PFTP is effective and have potential value
for predicting protein function. Based on its ability of discovering more-refined latent sub-structure of function
label, we can anticipate that PFTP is a potential method to reveal a deeper biological explanation for protein
functions.
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Background

Proteins are the main component of a cell, which explain
the basic activity of cellular life. The research of protein
functions is of great significance in elucidating the phe-
nomena of life [1]. Although there have been amount of
protein sequences in biological database in recent years
[2, 3], a small percentage of these proteins have experi-
mental function annotations because of the high cost of
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biochemical experiment. In comparison with biochem-
ical experiment, computational methods predict the
functional annotations of proteins by using known infor-
mation, such as sequence, structure, and functional be-
havior, which reduce time and effort, and have become
important long-standing research works in post-genomic
era [4].

The earlier computational approach for predicting
protein function is to utilize the protein sequence or
structure similarity to transfer functional information,
such as BLAST. [5]With the rapid development of com-
putational algorithms, an increasing types of algorithms
have been introduced into the studies of predicting
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protein function. At present, computational methods of
protein function prediction can be classified as two
types: classification-based approaches and graph-based
approaches. In classification-based approaches, proteins
are viewed as instances to be classified, and function an-
notations (such as Gene Ontology (GO) [6] terms) are
regarded as labels. Each protein has a feature space com-
posed by classification feature extracted from amino acid
sequence, textual repositories, and so on. Based on these
annotated proteins and their attribute features, we can
train the classifier on training dataset and then predict
function labels for unannotated proteins. For graph-
based approaches, the network structure information of
proteins is used to compute the distance between pro-
teins, and then the closely related proteins are consid-
ered to have similar functional annotations [7, 8].

In classification-based approaches, since each protein
is annotated with several functions, various multi-label
classifiers can be adopted. Yu et.al [9] proposed a mul-
tiple kernels (ProMK) method to process multiple het-
erogeneous protein data sources for predicting protein
functions; Fodeh et.al [10] used the binary-relevance for
different classifiers to automatically assign molecular
functions to genes; a new ant colony optimization algo-
rithm is proposed in reference [11], which has applied to
protein function dataset; Wang et.al [12] applied a new
multi-label linear discriminant analysis approach to ad-
dress protein function prediction problem; Liu et.al [4]
introduced a multi-label supervised topic model called
Labeled-LDA into protein function prediction, whose
experimental results on yeast and human datasets dem-
onstrated the effectiveness of Labeled-LDA on protein
function prediction. This research is the first effort to
apply a multi-label supervised topic model to protein
function prediction. Besides, Pinoli et.al [13—15] applied
two standard topic models, including latent Dirichlet al-
location (LDA) and probabilistic latent semantic analysis
(PLSA) [16, 17], to predict GO terms of proteins on the
basic of available GO annotations.

In the topic modeling process of reference [4], each
protein is viewed as a mixture of ‘topics, where each
‘topic’ is also viewed as the mixture of amino acid
blocks. In comparison with discriminative model, such
as support vector machine (SVM), a multi-label super-
vised topic model can transform the word-level statistics
of each document to its label-level distribution, and
model all labels simultaneously rather than treating each
label independently. Specially, topic model can provide
the function label probability distribution over proteins
as an output, and each function label is explained as a
probability distribution over amino acid blocks. None-
theless, in the study of Liu et.al [4], Labeled-LDA associ-
ates each label (GO term) with a corresponding topic
directly, which makes the latent topics to be completely
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degenerated, and ignores the differences between labels
and latent topics. Therefore, Labeled-LDA isn’t able to
discover the topic that represents common semantic of
protein functions. For interpretable text mining, Ramage
et.al [18] proposed a partially labeled LDA (PLDA),
which associates each label with a topic subset parti-
tioned from global topics set. PLDA overcame the short-
falls of Labeled-LDA, and improved the precision of text
classification in experimental research.

Inspired by the application of multi-label topic model in
protein function prediction and PLDA model, we intro-
duce a Partially Function-to-Topic Prediction model
(called PFTP). Firstly, we describe the related definitions
by contrasting text data and protein function data. Then
the topic modeling process of PFTP is described in detail,
including the generative process and parameter estimation
of PFTP. In a 5-fold cross validation experiment on pre-
dicting protein function, PFTP significantly outperforms
five algorithms compared. All of the experimental results
provide evidence that PFTP is effective and have potential
value for predicting protein function.

Methods

Related definitions and notations

To better understand related objects of topic model, the
corresponding relationship between protein function
prediction and multi-label classification of text is first
depicted in Fig. 1.

Several topic modeling concepts of protein function
data and text data are displayed in Fig. 1, one on the left
and the other on the right. First of all, the text dataset is
composed of several documents numbered D1 to Dn,
and the protein function dataset is composed of several
protein sequences numbered P1 to Pn. Obviously, words
are the main component of document, such as word
‘table’ and ‘database’. But for protein sequence, we con-
sider a protein sequence to be a text string, which is de-
fined on a fixed 20 amino acids alphabet (G,A,V,L,LLEP,
Y,S,C,M,N,Q,T,D,E,K,R,H,W). Then amino acid blocks
are the main component of protein sequence, such as
‘MS’ and ‘TS’. Besides, a protein annotated by GO terms
is equivalent to a document labeled by tags, so each GO
term or tag can be viewed as a label, such as ‘GO0003673’
and ‘language’. According to above statements, there are
three types of equivalence relations between protein func-
tion data and text data: protein sequence and document,
amino acid block and word, GO term and document tag.
In general, the GO term (document tag), protein sequence
(document) and amino acid block (word) are observable
data for dataset.

As the input for topic model, the bag of words (BoW)
is constructed by computing the word-document
matrix, where matrix element is obtained by counting
the times of word in each document. As an instance,
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Fig. 1 The corresponding relationship between protein function prediction and multi-label supervised topic modeling of text. The protein function
data is shown on the left side, and the text data is shown on the right side

the word ‘table’ appears two times in document D1.
Likewise for protein function data, an amino acid block
- protein sequence matrix is computed for the con-
struction of protein BoW. As an example, the amino
acid block ‘MS’ appears one times in protein P1. Be-
sides, the fixed amino acid blocks set or words set is
also called ‘vocabulary’.

For topic model, a ‘topic’ is viewed as a probability
distribution over a fixed vocabulary. Taking the text
data as an example, the probabilities of word ‘table’
over ‘topic 1’ are 0.05. For the protein data, the prob-
abilities of amino acid block ‘MS’ over ‘topics 1’ are
0.21. Obviously, topics are latent and needed to be
inferred by topic modeling. Finally, in order to estab-
lish the connection between labels and topics, the la-
tent topics discovered by our PFTP are divided into
several non-overlapping subsets, each of which associ-
ates a label. As can be seen in Fig. 1, we split whole

topic set into several groups: ‘labell’ connects with
‘topicl’ to ‘topic3’; ‘lable2’ connects with ‘topic 4’ to
‘topic 5, and so on. It is worth noting that our PFTP
define a special type of topics as background topics.
The background topics are divided from whole latent
topics set, and don’t associate any observable label,
which express the common sematic of documents.
For instance, the background topic on text dataset
may be some topics with a high probability on several
universal words, such as ‘text, ‘other’ and so on. To
formalize the above description, the related notations
are given below.

Suppose there are D proteins in the protein set which
compose the protein space D = {1,...,D}, and the vo-
cabulary of amino acid blocks is in a space of W = {1,
..., W}, then W is the size of vocabulary. The topic space
including Ktopics is represented by K= {1,..., K},
which is shared by whole protein set. Therefore, K is



Liu et al. BMC Genomics 2018, 19(Suppl 10):883

also called global topic space. The protein function label
space is expressed as L = {1,...,L}.

In PFTP model, the global topic space K is divided
into L groups without overlap, and each group corre-
sponds to a subspace of topic K;. Besides, there is a
‘background subspace of topics’ Kg.

K = (U, K))UKp, K, KgcK,
Kz@ (leL), Kz=@,

VK, K,cK, i jeL, izj =
KinK; =@, KinKz=0@

Then, each of labels is assigned a subspace of topic K,
the background topic subspace Kp associates a back-
ground label /z.In this case, the label space is expanded
to L + 1 dimensions and expressed as L'. Similar to topic
modeling of text in Labeled-LDA, each of topics can be
represented as a multinomial distribution of parameter
0, = {ka}v‘f: | (the equivalent of the topic-word matrix
in Fig. 1) on the vocabulary W, and 0, obeys a Dirichlet
prior distribution of hyper parameter X = {1, },,. But
what is different about our PFTP is that each of labels /
is represented as a multinomial distribution of parameter
;= {7y fiek, (the equivalent of the label-topics prob-
ability in Fig. 1) on its topic subspace, where 7y is the
probabilities of topic k among topic subspace K; corre-
sponding to label /. Suppose m; obeys a Dirichlet prior
distribution of hyper parameter a.

n~Dir(a), a={ahg |a|=K|=K; (1)

We utilize a binary vector A, to map global label space

L' to Ly

Ly = {IAg} ! = LAy

Ag = {Aa}tier = {Aa1, Aay ooy Aar, 1}, @)
Ay — 1, lely
4=30, I¢L,

Ay +1=1 illustrates that latent background label /3
is assigned to each protein d. Then, the probabilities
of L; = |L,| labels of protein d is represented by a
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weight of protein-label ¢, = {‘/’dl}leLd = {yha}ti
and Y, obeys a Dirichlet prior distribution of hyper par-
ameter B, constrained by f and A

Bs = {Bi}ir, = (Bt} iy = BAs B
= {/))l}leL’ (3)

In this paper, the shared parameters of whole protein
sets is called global parameter in this paper, and the par-
ameter facing one protein is called local parameter.

The topic modeling process of PFTP

Based on above expression, the process of PFTP topic
modeling is divided into three steps: BoW construc-
tion, the description of model (the generative process
or graphic model) and parameter estimation (model
training and predicting).These steps are depicted in
Fig. 2.

As shown in Fig. 2, PFTP model takes BoW as in-
put. As we construct BoW of protein in exactly the
same way as reference [4], this step will not repeat
in this paper. There are two ways to describe our
topic model, including the generative process and
the graphic model. After identifying the model struc-
ture, the joint distribution of whole model is ob-
tained. Based on this joint distribution, we can learn
and infer unknown parameters of our model, which
are also the output of PFTP. In fact, unknown
parameters represent several matrixes. For instance,
0 = {6}, represents the topic-word matrix in
Fig. 2, and m; = {mu };, represents the label-topics
matrix in Fig. 2.

The second and third steps are discussed in next
sections. It is worth noting that the third step includes
two sub-steps for realizing function prediction: model
training and predicting. Both of these two sub-steps
need adopt learning and inference algorithm to esti-
mate parameters of model, and are described with
more detail as follows.

MSTSTSCPIPGG
RDQLPDCYSTTP
GGTLYATTPGGT
RIIYDRKFLLECK [ry

‘ 2.Defining the generative
process and the graphic model

topicl 0.21 0.84
topic2 0.07 0.11

P1 KAL

T output >
7

model and parameter estimation

1.BoW for 3.Learning an inference [ Goterm1 | [ GOterm2 | (GOterm3
S:J::ﬁTes ‘ (Parameters estimation) Topic|0.21| |Topica|0.41) | Topic7 081
Protein sequences . Topic2‘ 0.01| | Topic5 0.12 | Topic8 0.02
Model training Topic3|0.78) Topice| 0.47] | Topico 0.17

Fig. 2 The topic modeling process of PFTP. The process of PFTP topic modeling is divided into three steps: BowW construction, the description of
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The process of model training

PFTP takes a training protein set with known func-
tion as an input of training model. The unknown par-
ameter includesm;, O; and ;. The local hidden
variables include the label number and topic number
of each word sample. The unknown parameter and
local hidden variables can be estimated by inferring
algorithm in model training.

The process of model predicting

For unannotated proteins, based on the estimated pa-
rameters and local hidden variables, unknown local
parameter y, and hidden variables are updating by
constraining the global parameter m; and ;. Then,
the label probabilities over protein are obtained.

The description of PFTP model
According to the above definitions, the whole word sam-
ple x is composed by protein set, where x; = {Xz }2, .
It illustrates that there are N,; word samples in protein
d, x4, represents one word sample. At this point, word
sample x,,, not only associates a word number w,,,(wz,€
W), but also is assigned a label number 1,,(1;,€L) and a
topic numberz,, (z4,€K).

The generative process of word sample can be de-
scribed as follows. The corresponding graphical model is
shown in Fig. 3.

1. For each global label lel’ = {1,...,L,L + 1}

Sample multinomial parameter vector m; from K; di-
mensions Dirichlet distribution:

;= {7y} pec~Dir(a), « = {ax}iex (4)

2. For each global topic keK = {1,...,K}
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Sample multinomial parameter vector 0; from W di-
mensions Dirichlet distribution:

8 = {O}yew~DirA), X = {du},ew (5)

3. For each local protein deD = {1, ..., D}
(a) Sample label weight vector of protein d from
L, dimensions Dirichlet distribution:

Yy, = {Wdl}zeLdNDir(Bd)v B, = {ﬁl}leLd

- {ﬁlAdl}leL’ =BA, (6)
where:
B= {8}, Aa={Aa}icrs Na
{8l b= g

(b) For each word sample x4,
i.  Sample label number 1,, of x,, from L,
dimensions multinomial distribution of
parameter

LW, or Ly = {lgy}y ~Mul(y,, N ) (8)

ii. Sample topic number zg4, of x4, from K dimensions
multinomial distribution of parameterm;,, :

Zgy~T0,, OF Zy = {zd,,}fifMul(nd]dn,Nd) (9)

D

Fig. 3 The graphic model of PTPF. Box indicates repeated contents, and the number in the bottom right corner is the times of repetition
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iii. Sample word number wy, of x;, from W
dimensions multinomial distribution of
parameter 0, :

Win~0,, or W4 = {wg, "4 ~Mul(8z,,Ng,) (10)

Parameter estimation
In PFTP model, the unknown parameters to be esti-
mated are the global label multinomial parameters

= {1} ;e = {7} e gex, » the global topic multinomial
parameters O = {0}, = {Okw ik wew and the local
document label weight y, = {y}, ; the local hidden

variables are document label Ly = {l,}\, and topic
= {24,},; the known information are the ob-

served label vector A, word samples W, = {wd,,}fq\[:"l
and their joint distribution. As shown in Eq. (11):

p(ﬂ, e: q’; L: Za W‘A? “7 AJ B)
= p(mla)p(O\) [ [ £(walAa, B,)
deD
pLalW,)p(ZalLa, W)p(WalZa,0)
=[] peule) [ (0N T p(w,lAa, B)

lel/ keK deD

Ny
[P0l a)pzan m, ) (wasls,)
n=1

(11)

Based on the joint distribution, several parameter esti-
mations can be obtained, including p(i, 0, y, L, Z| W, A,
a, A, B), the posterior distribution of unknown model pa-
rameters and hidden variables. In this paper, we use the
Collapsed Gibbs sampling (CGS) to train a PFTP model.
By marginalizing the model parameters (m,0,y) from
the joint distribution (11), the collapsed joint distribu-
tion of (L, Z, W) is obtained. The collapsed inference is
as follows.

In the joint distribution Eq. (11), function label weight
Y, only appears in p(W,| Ay Ba) and p(Ly| 9.):

p(\l!m?flzl:\d, Bd)A:)p(‘l’d|Ad7 B, )p(Lalw,)
) Hzlféf\dz) [T atay™

mg ¥ ha) NN

% 11;[ () BrNa)1

(12)

=C

Ny is the number of samples assigned to observed
label /€L, of protein d; C; is the constant of multinomial
distribution coefficient:
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(CiewNada)! (i Na)!
Ci = = (13)
HleL’ (NaNar)! HleLdN al!
Suppose/;’ = ANa(B,+ Nai), ¥y = ¢4 Aq. This param-

eter is eliminated by doing the integral of y, in Eq. (11),
the marginal distribution of local hidden variable L, is
shown in below:

p(LalAdB) = / P Ll By,
r B
= /\y C P wBil\a) dl)H (yaha) ™ FNa) gy,

HleL’r(ﬁlAdl ) leL/

1 [ (X euBia) F(Z’EL’B "”)
[T T (/’)IA”” ) [Lew T (/g)dl )

r (Zzeyﬁdz) Bl
/ Ya [ Jjer r(/))dl) g pal b

[(CiewBil\a) T (BAar + Naar)
T(Y i Bihar + Na) 15 T(B,Aar)

-1

(14)

Ny =3 jeuNala =y, Na is the number of ob-
served samples of protein d. The integral of Eq. (14) sat-
isfies probabilistic completeness:

ﬁdl‘l

dy,

/ (Zzeuﬂdz)

Ya T [y r(ﬁd[) leL
B.)d

=/ p(alB, ) di,

Therefore, deducing from Eq. (14), the predictive
probability distribution for the label-assignment 1, = lof
sample X, is:

(15)

( o+ N(\dn )Adl

dn
doevBiha+N 51 )

p(lan = 423 Aa, B) = (16)

N;\ld") is the number of samples that were assigned

to label / and word w in addition to the current
sample x,,.

By the same way, in the joint distribution Eq. (11),
global label parameter only appears in p(m|a) and

p(Zdl Ld) TI)
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p(n,Z|L, &) = p(n|a)p(Z|L, )
= p(nja) [ [ p(ZalLa,70)
deD

= [[rOule) H H P (Zan|lan = 1, 70;)

lel
(Zkel(ak) H T % 1 ZkeKle H T
erKN Ik kek

JeL/ erl( (C(]() keK

_ H ZkEK“k H T N1

lel/ erl( ‘xk) *eK

(17)

Ny represents the number of samples assigned to topic
k of global label /; C, is the constant of multinomial dis-
tribution coefficient:

(ZkeI(N lk) !

C =
? erI(N !

(18)

Suppose d&; = ax + Nj. This parameter is eliminated
by doing the integral of m in Eq. (17), the marginal dis-
tribution of local hidden variable Z is shown in below:

p(ZIL,«

H/ (1] ) H H P (Zanllay = 1, 7)dm,

lel/
Zkel( k H T ap+Ny— ldm

g/n, erl( () koK

Zkek"‘k) F(Zkexdk) B
llg_L[/ © erl{ le) <erl{r(&lk)>

r (Zkel(&k)

1y ] Leen (@) 1

T (k) H T(ax + Ni)
lel/ 1—‘(X:kEKOlk + Nl) keK r(ak)

(19

~—

sy

3

N; =3 N is the number of observed samples
assigned to global [/ in protein set. The integral of Eq.
(19) satisfies probabilistic completeness:

r o N
MH n’lka”‘_ldﬂ] = / 19("1|6‘l)
I

I erl(r(&lk) keK

—1 (20)

Therefore, deducing from Eq. (19), the predictive
probability distribution for the topic-assignment k of
sample x,, in label [ is:
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e+ NG
\dn)

D ke Ok + N;
(21)

p(Zdn = k|ldn = l,L(\d”),Z(\d”)’ o

N E,}d") represents the number of samples that were
assigned to the topic k of global label / in addition to the

current sample %, N =2 ek, \d" .
The integral of 0 is same as LDA in Eq. (11):

p(W|Z,\) = / (8¢ M) HH {wdn|zd,,
keK

deD

:k79k)deko<H/® %_[ WEI—"-(EA )
I3 weW

keK
6/1,4,+Nkw lde WEW
L% H SwamEn
11 T'(Aw + Niw)
weW F(A'W)

Then the predictive probability distribution over the
word-assignment wof topic k for observed sample x,, is:

Ay + NO
dn
Sewhy + Ni\ )
(23)

P<de = W|zg, = k7Z(\d”>7 W(\dn)7}\)'x

is the number of samples that were assigned to
the word w of topic k in addition to the current sample
X N (\dn) __ ZWEWN \dn)'

Given the above, the collapsed joint distribution of (L,
Z, W) is obtained by doing the integral of (i, 0, y) in
Egs. (14), (19) and (22).

N]((}”dn)

p(L,Z, W|A, B, a,\) = p(LIA, B)p(Z|L, a)p(W|Z,\)
r(ZleL' /’)zAdl)

a5 T i Bida + Na)

H T (BAa+ Naha)
leL! r(ﬁlAdl)

) T (X ke )
Jel/ F(ZkeKak + Nl)

<

(24)
F(ack + N[k)
11 T'(ax)

F(ZWEW AW)
JINT S s

keK

keK

F(Aw + Nkw)
1 I'(Aw)

weW
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To simplify computation, the Dirichlet prior distribu-
tions are symmetric Dirichlet distributions:

B= {ﬁl}leL’ = {ﬁa B |L’|:L+1}
a={ax}ex = {a, voey O K=K (25)
A - {AW}WEW - {A, ...,A, \W|:W
Y BN = ZzeL,,ﬁz =pBLi, e =aK and
Y wewAw = AW can be substituted to Eq. (24):
p(L,Z,WIA,B,a,X) = p(LIA, B)p(Z|L,a)p(W|Z,\)
5 T'(BLa) [(B+Na)
dg) T(BLa + Na) lel_L[d )
(XI< a =+ le)
ll_L[, F(a[( +Nj) /1;[( [(a)
r(w) T+ Ni)
kUK raw+nNy) L H )
(26)

Then, the prediction probability distribution of hid-
den variable z;, and l;,can be computed from that
collapsed joint distribution as a transition probability
of state space in the Markov chain. Through Gibbs
Sampling iteration, Markov chain converges to the
target stationary distribution after the burn-in time.
Finally, collecting sufficient statistic samples from the
converged Markov chain state space and averaging
among the samples, we can get a posteriori estimates
of corresponding parameters.

Deducing from Egs. (16), (21) and (23), the predictive
probability distribution for the word-assignment wof
topic k in label [ for sample x, is:

p(ldn = 1,24 = k,Xgy = w|LO) ZOdn) -y Qdn) A, B, tx,}\>
“p (ldn = l|L[(1\dn),Ad7 B) 'p<zdn = k|l = 1, L0 Z(dm) a)

p(wdn = ledn = k7Z(\dn)’ Vy(\dn)7 }\)

( : N(\dn))Adl @ +N(\dn)
ZleL'ﬁlAdl + N Zkel( ar + N, j
Ay + N

ZWGWAW + Nk\ ")

Results

Dataset

To investigate the performance of the proposed
method, we utilize two types of datasets. The first
one is S.cerevisiae dataset (S.C) proposed in [19],
and the second one is human dataset constructed by
ourselves.
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In S.C dataset, there are several sub datasets that
constructed from different characteristics of vyeast
genome. Meanwhile, each sub dataset use two kinds
of function annotation standard, FunCat and GO. We
mainly use the sub dataset that depends on the amino
acid sequence of protein and GO. What’s more, to
compare the performance of PFTP between difference
label numbers, we construct a dataset named S.C-CC
from S.C, which only includes GO terms belonging to
cellular component. Then, there are two datasets con-
structed from S.C.

The human dataset is constructed from the Uni-
versal Protein Resource (UniProt) databank [2] and
constructed by the similar way of reference [4].
Meanwhile, we construct two Human datasets for
different word length, where the max word length of
Humanl dataset is two alphabet, and which of Hu-
man2 dataset is three alphabet.

Due to the large number of GO terms in protein
function dataset, we adopted a label space dimension
reduction (LSDR) method to overcome the classifica-
tion difficulty of classifiers. Boolean Matrix Decom-
position (BMD) has been studied for LSDR recently,
which can recovery the label space after classification
conveniently. Therefore, a BMD method proposed in
reference [20] has conducted in S.C and Human data-
set. The statistics of above two datasets is displayed
in Table 1. ‘L’ represents the number of GO terms
after BMD; ‘D’ denotes the number of proteins in
each dataset; ‘W denotes the size of vocabulary.

Parameter settings

PFTP model involves three parameters: a, A and K. a
and A are the parameters of two Dirichlet distribu-
tion, where the larger the value of A, the more bal-
anced the probabilistic of word in a topic. According
to the experience, we set a =50/K,1 =200/W. The set-
tings and impact of K value are explained later.

In the Gibbs sampling process of model training,
we set the number of Markov chain as 1, the max-
imum number of iterations as 2000 times, where the
number of iteration of burn-in time is set to 1000.
We record the state space at intervals of 50 times on
converged Markov chain, and 20 times of record is
conducted. In the process of model predicting, we set
the number of iterations as 1000 times. After 500

Table 1 The statistic of four datasets

Dataset D w L
Human 1 4962 5297 1477
Human 2 400

SC 1692 400 1538
S.C-CC 319
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times of iterations for burn-in time, we record the
state space at intervals of 50 times.

Evaluation criterias

In all of our experiments, we use three representa-
tive multi-label learning evaluation criteria, including
Hamming loss(HL), Average precision(AP) and One
Error. Besides, we also use three kinds of area under
Precision-Recall curve proposed in reference [19], in-
cluding AUPRC, AU(PRC) and AUPRCw. Meanwhile,
the 5-fold cross validation is adopted to assess the
performance of PFTP and contrast methods. The
average results of 5 independent rounds are reported
in following sections.

The impact of topic number on experimental results

K denotes the number of global topics. The analysis
about impact of K on model performance is dis-
cussed in this section. According to the description
of Section 2, as PFTP allocates one or more latent
topics to each GO term, then the value of K should
range from Lto infinity in theory. Specifically, if we
allocate only one topic to each GO term (K=L),
then the model reduces to Labeled-LDA. Obviously,
setting K < Lmakes our PFTP have no ability to dis-
cover the sub-structure of function. In our experi-
ment, each function is assigned exactly the same
number of topics for the simplicity of computation.
For example, we set K=3L, then each GO term cor-
responds to a topic set with three topics. In view of
above reason, the lower bounded of K value is set to
2L. On the other hand, although theory insists that
the larger K value equals to the more refined
sub-structure of label, incorporating more latent
topics per function will increase the computational
load. In reference [18], the impact of K value on the
effectiveness of PLDA model has been discussed in
several texts collections. Along with the growth of
topic size, the performance of PLDA model ap-
proaches a fixed value which was obtained by a
non-parametric model. In other words, the infinitely
larger size of topics doesn’t equal to an infinitely
greater performance, but an unbearable running
time. Therefore, we set the upper bound of K value
as 5Lbased on our empirical experience and the ac-
ceptable level of time overhead. In sum, the Kvalue
should be set to an integer between 2L and5L. Then,
the performance of PFTP under different Kvalue is
shown in Fig. 4.

As shown in Fig. 4, all of the evaluation criteria
value is relatively stable when Kis set to2L~4L. None-
theless, when Kvalue is greater than 4L, the values of
APAUPRC,AU(PRC) and AUPRCw decrease with the
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increase of K, the value of Hamming loss and One
Error slowly increase with the increase of K. These
results suggest that the optimum value range of K is
2L to4L. This was due to that the lower K value
makes the fewer topics allocated to each label, and
the higher K value makes the small difference of word
distribution between topics. What’s more, the problem
of huge labels is particularly obvious in protein func-
tion dataset, even if a BMD method has applied to
reduce the label dimension. Therefore, we set K as 3L
in our experiment.

Evaluation against widely adopted method

Firstly, we compare PFTP with Labeled-LDA [4] and
multi-label K-nearest neighbor (MLKNN) [21] on four
datasets. MLKNN is a representative multi-label classi-
fier and can be applied by an open source tool called
Mulan [22]. Figure 5 shows the HL, AP, One Error, AU(
PRC), AUPRC and AUPRCw values of these three
models in SC, SC-CC, Humanl and Human2 dataset,
respectively. For AP, AU(PRC), AUPRC and AUPRCw,
the larger the value, the better the performance. Con-
versely, for HL and One-Error, the smaller the value, the
better the performance. The red asterisk of Fig. 4 repre-
sents the best result on each dataset.

As shown in Fig. 5, we can observe that PTPF shown
more advantages in contrast to Labeled-LDA and
MLKNN in four datasets. Concrete analysis is as follows:

For Humanl dataset, PFTP obtain a better perform-
ance in all evaluation criteria. On HL, PTPF achieves 9.7
and 2% improvements over Labeled-LDA and MLKNN.
On One-Error, PTPF achieves 80 and 99% improvements
over Labeled-LDA and MLKNN. On AP, AU(PRC),
AUPRC and AUPRCw, PFTP achieves 2.5, 0.2, 47 and
18% improvements over Labeled-LDA, and achieves 438,
40, 43 and 41% improvements over MLKNN. Obviously,
the improvements on AUPRC and AUPRCw is more sig-
nificant than AU (PRC).

For Human2 dataset, PFTP obtain a better perform-

ance in four evaluation criteria except AU(PRC) and
AUPRC . On HL, PTPF achieves 30 and 7.9% im-
provements over Labeled-LDA and MLKNN. On
One-Error, PTPF achieves 66 and 99% improvements
over Labeled-LDA and MLKNN. On AP and
AUPRCw, PFTP achieves 3.3 and 0.2% improvements
over Labeled-LDA, and achieves 40 and 29% improve-
ments over MLKNN. Nevertheless, on AU(PRC) and
AUPRC, MLKNN and Labeled-LDA get better results
respectively.

For S.C dataset, PFTP obtain a better performance
in four evaluation criteria except HL and One-Error.
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K (L)

On AP, AUPRC and AUPRCw, PTPF achieves 2.8%,
22 and 16% improvements over Labeled-LDA, and
achieves 48, 17 and 32% improvements over MLKNN;
on AU(PRC), the results of Labeled-LDA and PFTP
are almost the same. Nevertheless, on HL, MLKNN
gets better results than PFTP; on One-Error, almost
identical results were obtained by these three
methods.

For S.C-CC dataset, PFTP obtain a better performance
on AP, AUPRC and AUPRCw. On AP, PTPF achieves 2.6
and 27% improvements over Labeled-LDA and MLKNN.
On AUPRC, PTPF achieves 14 and 32% improvements
over Labeled-LDA and MLKNN. On AUPRCw, PTPF

achieves 7.8 and 41% improvements over Labeled-LDA
and MLKNN.

Besides, we compare PFTP with three hierarchal
multi-label classification (HMC) algorithm based on
decision tree, namely HMC/SC (single-label classifica-
tion)/HSC (hierarchical single-label classification) [19].
These three algorithms have been studied on protein
function prediction dataset and proved to be a kind
of multi-label classifiers with great performance. Since
the results of CLUS-HMC/SC/HSC in reference [19]
are only on S.C dataset, the comparison results with
our PFTP are also on S.C dataset, and are plotted in
Fig. 6.
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On AUPRC, our method exhibits dominant advantage
against all of the three comparison methods. The per-
formance improvements are 85, 85 and 84% against
CLUS-SC, CLUS-HSC and CLUS-HMC, respectively.
On AU(PRC), PTPF achieves 65, 51 and 32% improve-
ments over CLUS-SC, CLUS-HSC and CLUS-HMC.
Nonetheless, on AUPRCw, CLUS-HMC gets better re-
sults than PFTP.

The topics discovered by PFTP

The greatest strength of our protein function topic
modeling is that, it can not only provide the function
label probability distribution over proteins as an out-
put, but also each function label can be explained as
a probability distribution over topic subset, where

each topic is represented as the probability distribu-
tion over amino acid blocks. To better understand
this topic modeling process, we take GO term
‘GO0016020" as an example, whose corresponding
topics are shown in Table 2.

As shown in Table 2, the 2-mers BoW is used in
this example. For Labeled-LDA, the one-to-one cor-
respondence between label and word is the key design
consideration. Therefore, ‘GO0016020° only corre-
sponds with a topic numbered 288, and also corre-
sponds with a probability distribution over word. The
top 20 words are listed from large to small order.

For PFTP model, each GO term is a partition of
global topics set. Such as for S.C-CC dataset, the
number of function label is 319, while the number of
global topics is three times that of the labels, that’s a
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total of 958(including a background topic). Therefore,
each GO term corresponds with four topics (includ-
ing three local topics and one background topic). The
topic number 863,864,865 and 1 are the four topics
corresponded by ‘GO0016020;, where the number 1 is
a background topic. Likewise, the top 20 words of
these four topics are listed from large to small order.

Discussions

The results in Figs. 5 and 6 indicate that PFTP has the
significant advantage against several widely adopted
multi-label classifiers.

Compared with traditional multi-label classifiers(non--
topic model), our method can further improve the ac-
curacy of protein function prediction by introducing
topics subset into supervised topic model, which can
discover the topic that represents common semantic of
documents and reflect the differences between labels
and latent topics. Especially for CLUS-HMC/SC/HSC,
our method exhibit the dominant advantage on AUPRC.
We attribute this success of our method to its utilization

Table 2 The topics discovered by two models

of BMD method on dataset. As the computation of
AUPRC doesn’t bias toward the accuracy of function
label annotating more proteins, and focus on the average
of whole accuracy. The GO term annotating fewer pro-
teins will be deleted after BMD processing, and recov-
ered after predicting, but the prediction accuracy don’t
reduce. In other words, the combination of PFTP and
BMD can improve the average accuracy of protein func-
tion prediction.

Compared with Labeled-LDA, PFTP is able to discovery
more-refined latent sub-structure of function label than
Labeled-LDA. By introducing topic subset for each label
in PTPF, the relationship between functions and variety
words, labels and topics were disclosed. Therefore, we can
anticipate that PFTP is a potential method to reveal a dee-
per biological explanation for protein functions.

Meanwhile, the performance comparison of different
dataset is also shown in Fig. 4. For S.C-CC dataset, six
evaluation criteria values vary relatively smoothly. It may
be due to the fewer labels of S.C-CC dataset, then chan-
ging the K value doesn’t lead to great impact on predic-
tion effect. In the comparison of S.C and S.C-CC

Method Topic number words

Labeled-LDA 288 GM IH LH VH LK IG GC IC AK VM FG AM LW IK VG VW FC IG FH GK

PFTP 863 LM SM FG FC VG SG FT VM IT IM AK LG LW LK SC FK ST AG VK GM
864 GKICVH GV SMTH IH VM AW GM AV GE VK AG IK LV GC GL TK LK
865 LT GC AH IK'IH LH SK SW LC YM VH TG IG LG AX FW FK SF YX AM

1

LC AC AM VW VC GM AH AV AW VH GW AK AT GC TC GH LH LW EC TH
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dataset, we find that the value of AP, AU(PRC), AUPRC
and AUPRCw on S.C is lower than S.C-CC, and the
value of One-Error and HL is almost equal between S.C
and S.C-CC. This is due to the same word space and dif-
ferent label number between these two dataset. The
fewer labels of S.C-CC can make a higher classifying
performance. In the comparison of Humanl and Hu-
man2 dataset, we find that the value of AUPRC and
AUPRCw on Humanl is higher than Human2; the value
of AP on Humanl is lower than Human2; the value of
One-Error, HL and AU(PRC) is almost equal on Hu-
manl and Human2. These results show that, the classifi-
cation performance of PFTP on Humanl and Human2
is almost the same, which reveal that the larger word
space might not obtain a better classifying performance.

Conclusions

In this paper, we introduced an improved multi-label su-
pervised topic model for predicting protein function. In
our previous study, a multi-label supervised topic model
Labeled-LDA has been applied to protein function pre-
diction, which associates each label (GO term) with a
corresponding topic directly. This way makes the latent
topics to be completely degenerated, and ignores the dif-
ferences between labels and latent topics. To address the
faultiness, we proposed a Partially Function-to-Topic
Prediction model for introducing the local topic subset
corresponding to each function label. PFTP not only
supports latent topics subsets within given function la-
bels but also a background topic corresponding to a
‘fake’ function label. In a 5-fold cross validation experi-
ment on predicting protein function, PFTP significantly
outperforms compared methods. Due to the more-re-
fined way of function label modeling, PFTP shows the
effectiveness and potential value in predicting protein
function through experimental studies. Meanwhile, there
are several problems in topic modeling of protein func-
tion prediction to be improved, such as the introduction
of protein extra features and hierarchical function label
structure. However, multi-label topic model is a poten-
tial method in many applications of bioinformatics.
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