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Classification of protein-protein interaction
full-text documents using text and citation

network features
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Abstract—We participated (as Team 9) in the Article Classification Task of the Biocreative II.5 Challenge: binary classification of full-
text documents relevant for protein-protein interaction. We used two distinct classifiers for the online and offline challenges: (1) the
lightweight Variable Trigonometric Threshold (VTT) linear classifier we successfully introduced in BioCreative 2 for binary classification
of abstracts, and (2) a novel Naive Bayes classifier using features from the citation network of the relevant literature. We supplemented
the supplied training data with full-text documents from the MIPS database. The lightweight VTT classifier was very competitive in
this new full-text scenario: it was a top performing submission in this task, taking into account the rank product of the Area Under the
interpolated precision and recall Curve, Accuracy, Balanced F-Score, and Matthew’s Correlation Coefficient performance measures.
The novel citation network classifier for the biomedical text mining domain, while not a top performing classifier in the challenge,
performed above the central tendency of all submissions and therefore indicates a promising new avenue to investigate further in
bibliome informatics.

Index Terms—Text Mining, Literature Mining, Binary Classification, Protein-Protein Interaction, Citation Network.
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1 BACKGROUND AND DATA

B IOMEDICAL research is increasingly dependent on
the automatic analysis of databases and literature

to determine correlations and interactions amongst bio-
chemical entities, functional roles, phenotypic traits and
disease states. The biomedical literature is a large subset
of all data available for such inferences. Indeed, the
last decade has witnessed an exponential growth of
metabolic, genomic and proteomic documents (articles)
being published [1]. Pubmed [2] encompasses a growing
collection of more than 18 million biomedical articles
describing all aspects of our collective knowledge about
the bio-chemical and functional roles of genes and pro-
teins in organisms. Biomedical literature mining is a
field devoted to integrating the knowledge currently
distributed in the literature and a large collection of
domain-specific databases [3], [4]. It helps us tap into
the biomedical collective knowledge (the “bibliome”),
and uncover new relationships and interactions induced
from global information but unreported in individual
experiments [5].

The BioCreAtIvE (Critical Assessment of Information
Extraction systems in Biology) challenge evaluation is
an effort to enable comparison of various approaches to
literature mining. Its greatest value, perhaps, is that it
consists of a community-wide effort, leading many dif-
ferent groups to test their methods against a common set
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of specific tasks, thus resulting in important benchmarks
for future research [6], [7].

In most literature or text mining projects in
biomedicine, one needs first to collect a set of relevant
documents for a given topic of interest such as protein-
protein interaction. But manually classifying articles as
relevant or irrelevant to a given topic of interest is very
time consuming and inefficient for curation of newly
published articles [4] and subsequent analysis and inte-
gration. The problem of automatic binary classification of
documents has been explored in several domains such
as Web Mining [8], Spam Filtering [9] and Document
Classification in general [10], [11]. The machine learn-
ing field has offered many solutions to this problem
[12], [11], including methods devoted to the biomed-
ical domain [4]. However, in contrast to performance
in well-prepared theoretical scenarios, even the most
sophisticated solutions tend to underperform in more
realistic situations such as the BioCreative challenge (for
example, by over-fitting in the presence of drift between
testing and training data).

We participated (as Team 9) in the online and of-
fline parts of the Article Classification Task (ACT) of the
BioCreative II.5 Challenge, which consisted of the binary
classification of full-text documents as relevant or non-
relevant to the topic of protein-protein interaction (PPI).
In most text-mining projects in biomedicine, one needs
first to collect a set of relevant documents, typically from
information in abstracts. To advance the capability of
the community on this essential selection step, binary
classification of abstracts was the focus of one of the
tasks of the previous Biocreative classification challenge
[13]. For this challenge, the objective was instead to clas-
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sify full-text documents, which allowed us to evaluate
the possible additional value of full-text information in
this selection problem. The ACT subtask in BioCreative
II.5, in particular, aimed to evaluate classification per-
formance between relevant and irrelevant documents
to PPI. Naturally, tools developed for ACT have great
potential to be applied in many other literature mining
contexts. For that reason, we used two very general clas-
sifiers which could easily be applied to other domains
and ported to different computer infrastructure: (1) the
lightweight Variable Trigonometric Threshold (VTT) linear
classifier we successfully introduced in the abstract clas-
sification task of BioCreative 2 (BC2) [5], and (2) a Naive
Bayes classifier using features extracted from the citation
network of the relevant literature.

We participated in the online submission with our
own annotation server implementing the VTT algorithm
via the BioCreative MetaServer platform. The Citation
Network Classifier (CNC) runs were submitted via the
offline component of the Challenge. We should note that
VTT does not require the use of specific databases or
ontologies, and so can be ported easily and applied to
other domains. In addition, since full-text data contains a
wealth of citation information, we developed and tested
the novel CNC on its own and integrated with VTT.

We were given 61 PPI-relevant and 558 PPI-irrelevant
full-text training documents. We supplemented this data
by collecting additional full-text documents appropri-
ately classified in the previous BC2 training data [13]
as well as in the MIPS database [14]. For VTT training
purposes, we created two datasets: the first contained ex-
actly 4x558 = 2232 documents, where the PPI-relevant set
is comprised of 558 documents from BC2 plus 558 over-
sampled instances of the 61 relevant documents from
this challenge. The PPI-irrelevant set is comprised of 558
documents from BC2 and the 558 irrelevant documents
provided with this challenge. The second training set
contains 370 PPI-relevant documents extracted from
MIPS and 370 randomly sampled irrelevant documents
from BC2.

2 VARIABLE TRIGONOMETRIC THRESHOLD
CLASSIFICATION

2.1 Word-pair and Entity Features
Since classification had to be performed in real time for
the online part of this challenge, we used the lightweight
VTT method we previously developed [5] for Biocreative
2. This method, loosely inspired by the spam filtering
system SpamHunting [15], is based on computing a linear
decision surface (details below) from the probabilities
of word-pair features being associated with relevant and
irrelevant documents in the training data [5]. A reason
for the lightweight nature of VTT is that such word-
pair features can be computed from a relatively small
number of words. We used only the top 1000 words W
obtained from the product of the ranks of the TF.IDF
measure [16] averaged over all documents per word w,

pTP

pT
N

Fig. 1. 1000 SP features with largest S(wi, wj) on the
pTP /pTN plane; size of font proportional to value of
S(wi, wj)

and a score S(w) = |pTP (w) − pTN (w)| that measures
the difference between the probabilities of occurrence
in relevant (pTP (w)) and irrelevant (pTN (w)) training
set documents (after removal of stop words1 and Porter
stemming [17]). All incoming full-text documents were
converted into ordered lists of these 1000 words, w ∈W ,
in the sequence of occurrence in the text. The simplified
vector representation and pre-processing of incoming
full-text documents makes this method lightweight and
appropriate for the online part of this challenge.

Words with the highest score S tend to be associated
with either positive or negative abstracts and are
assumed to be good features for classification. Since
in this challenge we were dealing with full-text
documents, rather than abstracts as in the previous
BC2 challenge, in addition to the S score we also
used the TF.IDF rank to select the best word features.
Specifically, we used the rank product [18] of TF.IDF
with the S score, which resulted in better (k-fold)
classification of the training data than using either score
alone. The top 15 words were: immunoprecipit,
2gpi, lysat, transfect, interact, domain,
plasmid, vector, mutant, fusion, bead,
antibodi, pacrg, two-hybrid, yeast.

From word set W , we computed short-window (SP)
and long-window (LP) word-pair features (wi, wj). SP refer
to word-pair features comprised of adjacent words in

1. The list of stopwords removed: i, a, about, an, are, as, at, be, by,
for, from, how, in, is, it, of, on, or, that, the, this, to, was, what, when,
where, who, will, the, and, we, were. Notice that words “with” and
“between” were kept.
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TABLE 1
Top 10 SP and LP word-pair features ranked by S score

SP
wi, wj PTP PTN S

interact,between 0.71 0.23 0.48
protein,interact 0.6 0.14 0.36
fusion,protein 0.48 0.11 0.36
cell,transfect 0.51 0.15 0.36

interact,protein 0.48 0.15 0.32
accept,2005 0.03 0.34 0.32

cell,lysat 0.5 0.18 0.3
bind,domain 0.4 0.11 0.29
transfect,cell 0.43 0.14 0.29

yeast,two-hybrid 0.31 0.02 0.29
LP

wi, wj PTP PTN S
interact,interact 0.82 0.28 0.55

us,interact 0.76 0.26 0.5
between,interact 0.81 0.32 0.49
shown,interact 0.73 0.25 0.48
interact,bind 0.8 0.32 0.48

suggest,interact 0.72 0.25 0.47
protein,immunoprecipit 0.53 0.07 0.46

interact,protein 0.9 0.45 0.46
assai,interact 0.55 0.09 0.46

domain–interact 0.65 0.20 0.45

the ordered lists that represent documents2; the order
in which words occur is preserved, therefore (wi, wj) 6=
(wj , wi). LP features refer to word-pair composed of
words that occur within 10 words of one another in
the ordered lists; in this case, the order in which words
occur is not important, therefore (wi, wj) = (wj , wi).
We also computed the probability that such word-pairs
appear in a positive or negative document: pTP (wi, wj)
and pTN (wi, wj), respectively. Figure 1 depicts the 1000
SP features with largest S(wi, wj) = |pTP (wi, wj) −
pTN (wi, wj)| plotted on a plane where the horizontal
axis is the value of the probability of occurrence in a
relevant document, pTP (wi, wj), and the vertical axis is
the value of the probability of occurrence in an irrelevant
document pTN (wi, wj); we refer to this as the pTP /pTN
plane. Table 1 lists the top 15 SP and LP word pairs for
score S(wi, wj).

In our previous application of this method in the
BC2 challenge [5], we used as an additional feature the
number of proteins mentioned in abstracts, as identified
by an entity recognition algorithm such as ABNER [19].
However, since in this challenge we were dealing with
full-text documents, it was not clear if such relevant
entity counts would help the classifier’s performance as
much as they did when classifying abstracts in BC2—
especially since ABNER itself is trained only on ab-
stracts. Therefore, we focused on counting entity oc-
currences in specific portions of documents such as the
abstract, the body, figure captions, table captions, as well
as combinations of these. In addition to protein mentions
recognized by ABNER, we tested many other entities

2. Notice that the ordered lists representing documents contain only
words in set W

p(
x)

x - unique ABNER protein counts

p(
x)

x - unique ABNER protein counts

Fig. 2. Comparison of the counts of protein mentions as
identified by ABNER in distinct passages of documents in
the training data. Top figure depicts the counts of ABNER
protein mentions in the body section, whereas bottom
figure depicts the counts of ABNER protein mentions
in figure captions and abstracts. In these figures, the
horizontal axis represents the number of mentions x, and
the vertical axis the probability p(x) of documents with
at least x mentions. The blue circles denote documents
labeled relevant, while the red squares denote documents
labeled irrelevant; the green triangles denote the differ-
ence between blue and red lines.

identified by ABNER and an ontology-based annotator
(which matched terms in text to PPI terms extracted
from the Gene Ontology, the Protein-Protein Interac-
tion Ontology, the Protein Ontology, and the Disease
ontology). Since the additional ABNER and ontology-
based features did not lead to the identification of entity
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features that seemed to distinguish PPI-relevant from
irrelevant documents (as discussed below), we do not
describe the process of extracting such features here.

The only entity feature that proved useful in discrim-
inating relevant and irrelevant documents in the train-
ing data was the count of protein mentions in abstracts
and figure captions as recognized by ABNER. Figure 2
depicts a comparison of the counts of ABNER protein
mentions in two specific portions of all documents of the
Biocreative II.5 training data: the body, and the abstract
plus figure captions. As can be seen, the counts of protein
mentions in the body of the full-text documents in the
training data does not discriminate between relevant
and irrelevant documents. In contrast, the same counts
restricted to abstracts and figure caption passages are
different for relevant and irrelevant documents. We used
this type of plot to identify which features and which
document portions behaved differently for relevant and
irrelevant documents; only the counts of ABNER protein
mentions in abstracts and figure captions were suffi-
ciently distinct between the two classes. Based on obser-
vations of plots such as those depicted in Figure 2, we
decided not to test these additional features on training
data. It is not possible for us to identify exactly why the
entity count features we tested failed to discriminate be-
tween documents labeled relevant and irrelevant in the
training data. Because we had no access to annotations
of protein mentions on the full-text corpus, we cannot
compute the failure rates of the entity recognition tools
we used (i.e. ABNER).

2.2 Methods

The ideal word-pair features in the pTP /pTN plane are
those closest to either one of the axes. Any feature w is a
vector on this plane (see figure 3), therefore feature rele-
vance to each of the classes can be measured with the tra-
ditional trigonometric measures of the angle (α) between
this vector and the pTP axis: cos(α) is a measure of how
strongly features are associated with positive/relevant
documents, and sin(α) with negative/irrelevant ones in
the training data. Then, for every document d, we com-
pute the sum of all feature contributions for a positive
(P) and negative (N) decision:

P (d) =
∑
w∈d

cos(α(w)) =
∑
w∈d

pTP (w)√
p2TP (w) + p2TN (w)

,

N(d) =
∑
w∈d

sin(α(w)) =
∑
w∈d

pTN (w)√
p2TP (w) + p2TN (w)

(1)

The decision of whether document d is a member of
the PPI-relevant (TP) or irrelevant(TN) set of documents
is then computed as:{

d ∈ TP, if P (d)
N(d) ≥ λ0 +

β−
∑

k
nk(d)

β

d ∈ TN, otherwise
(2)

Fig. 3. Trigonometric measures of term relevance in the
PTP /PTN plane; PTP and PTN computed from labeled
documents d in training data.

where λ0 is a constant threshold for deciding whether
a document is positive/relevant or negative/irrelevant.
This threshold is subsequently adjusted for each doc-
ument d with the factor (β −

∑
k nk(d))/β, where β is

another constant, and
∑
k nk(d) is a series of counts

of topic-relevant entities in document d. As discussed
above, the only entity that proved useful in discrim-
inating between relevant and irrelevant documents in
the training data of the BC II.5 challenge was the count
of protein mentions in the abstracts and figure captions
of documents as recognized by ABNER. Therefore, in
this case

∑
k nk(d) becomes simply np(d), which is the

number of protein mentions in the abstract and figure
captions of d.

In formula 2, the classification threshold linearly de-
creases as

∑
k nk(d) increases. The assumption is that

the more relevant entities are recognized in a document,
the higher the chances that the document is relevant.
In this case, this means that the higher the number
of ABNER-recognized protein mentions, the easier it
is to classify a document as PPI-relevant; conversely,
the lower the number of protein mentions, the easier
it is to classify a document as PPI-irrelevant. When∑
k nk(d) = β, the threshold is simply λ0. We refer to this

classification method as Variable Trigonometric Threshold
(VTT). Examples of the decision surface for training data
are depicted in Figures 4 and 5, and are explained below.

A measure of confidence in the classification decision
for ranking documents is naturally derived from for-
mula 2: confidence should be proportional to the value

δ(d) =
∣∣∣ P (d)
N(d) − T (d)

∣∣∣, where T (d) = λ0 +
β−
∑

k
nk(d)

β is
the threshold point for document d. Thus, the further
away from the decision surface a document is, the
higher the confidence in the decision. Therefore, δ(d) is
a measure of distance from a document’s ratio of feature
weights (P (d)/N(d)) to the decision surface or threshold
point for that document, T (d). Since BC II.5 required a
confidence value in [0, 1], we used the following measure
of confidence C of the decision made for a document d:
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C(d) =
δ(d)

maxd (δ(d))
(3)

where maxd δ(d)) is the maximum value of distance delta
found in the training data. If a test document dt results
in a δ(dt) that is larger than maxd δ(d), C(dt) = 1. In
BC II.5, we ranked positive documents by decreasing
value of C, followed by negative documents ranked by
increasing value of C.

2.3 Training

Training of the VTT classifier consisted of exhaustively
searching the parameters λ0 and β that define its linear
surface, while doing k-fold cross-validation (K = 8)
on both of the training data sets described in section
1: the first with documents from the BC2 and BC II.5
challenges, and the second with additional MIPS data.
We swept the following parameter range: λ0 ∈ [0, 10] and
β ∈ [1, 100], in steps of ∆λ = 0.025 and ∆β = 1. For each
(λ0, β) pair, we computed the mean of the Balanced F-
Score (F1) and Accuracy measures for the 8-folds of each
training data set3.

Given the two training data sets and two perfor-
mance measures, we chose VTT parameter-sets to be
those that minimized the product of ranks obtained
from computing each performance measure on a specific
training data set. More specifically, we computed four
ranks for each classifier tested in the parameter search
stage: rT1

F and rT1

A rank classifiers according to the mean
value of F-Score and Accuracy in the 8-folds of the first
training data set, respectively; rT2

F and rT2

A rank classifiers
according to the mean value of F-Score and Accuracy in
the 8-folds of the second training data set, respectively.
We then ranked all classifiers tested according to the rank
product of these four ranks: R = (rT1

F · r
T1

A · r
T2

F · r
T2

A )1/4

[18]. This procedure was performed for the two distinct
word-pair feature sets: SP and LP. Our training strategy
was based on a balanced scenario with equal numbers
of positive (PPI-relevant) and negative documents. We
then submitted 5 runs to the online challenge:

1) Best parameter-set for SP features, which was the
top performer in the first training data set (data
from BC2 and BC II.5) when using SP features.

2) Best parameter-set for LP features, which was the
top performer in both training data sets when using
LP features.

3) Second-best parameter set for SP features, which
was the top performer in the second training data
set (data from MIPS) when using SP features.

4) Best parameter set for SP features without the
variable threshold computed from ABNER’s entity
recognition (np(d) = β), and trained only on the
first training data set (no MIPS data).

3. Accuracy = TP+TN
TP+FP+TN+FN

and F1 = 2.TP
2TP+FP+FN

, where
TP , TN , FP , and FN refer to true positives, true negatives, false
positives, and false negatives, respectively.

TABLE 2
VTT parameters for online runs.

Run 1 Run 2 Run 3 Run 4 Run 5
Feature Set SP LP SP SP LP

Entity Feature Y Y Y N N
MIPS data Y Y Y N N

β 78 72 36 – –
λ0 1.4 1.525 1.625 1.425 1.475

P(d)/N(d)

P(d)/N(d) P(d)/N(d)

P(d)/N(d)

np
(d
)

np
(d
)

np
(d
)

np
(d
)

Fig. 4. VTT decision surface for λ0 = 1.625 and β = 36
for the documents in 4- of the 8-folds of the first training
data set, using SP feature set (parameters used in Run
3). Horizontal axis corresponds to the value of P (d)/N(d)
and vertical axis corresponds to the value of np(d), for
each document d. Black (documents from BC II.5 chal-
lenge) and gray (documents from BC2 challenge) circles
represent positive documents, whereas red (documents
from BC II.5 challenge) and orange (documents from BC2
challenge) circles represent negative documents.

5) Best parameter set for LP features without the
variable threshold computed from ABNER’s entity
recognition (np(d) = β), and trained only on the
first training data set (no MIPS data).

The VTT parameter-sets for these five runs are summa-
rized in table 2. Figures 4 and 5 depict the VTT decision
surfaces with some of the submitted parameters for the
two training data sets and word-pair features.

2.4 Results
During the online part of the challenge, two minor tech-
nical issues arose. The first was an inconsistency in the
Unicode decoding of online-submitted documents that
caused some features not to be extracted correctly. The
second was a caching problem that caused miscalcula-
tion of ABNER counts (entity feature, see §2.1) for many
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P(d)/N(d)

np
(d
)

Fig. 5. VTT decision surface for λ0 = 1.525 and β = 72
for the documents in 1- of the 8-folds of the second
training data set, using LP feature set (parameters used
in Run 2). Horizontal axis corresponds to the value of
P (d)/N(d) and vertical axis corresponds to the value
of np(d), for each document d. Black circles represent
positive documents (from MIPS), whereas red circles rep-
resent negative documents (from the BC II.5 Challenge).

TABLE 3
Official VTT scores for online runs.

Run 1 Run 2 Run 3 Run 4 Run 5
TP 33 44 20 26 44
FP 20 49 5 10 33
FN 30 19 43 37 19
TN 512 483 527 522 499

Specificity 0.962 0.908 0.991 0.981 0.938
Sens./Recall 0.524 0.698 0.317 0.413 0.698

Precision 0.623 0.473 0.8 0.722 0.571
F1 0.569 0.564 0.455 0.525 0.629

Accuracy 0.916 0.886 0.919 0.921 0.913
MCC 0.525 0.514 0.472 0.508 0.583

P at Full R 0.133 0.107 0.176 0.113 0.117
AUC iP/R 0.648 0.615 0.568 0.675 0.672

documents. Despite these errors, all of the submitted
runs performed very well. The official scores of the five
runs against the online test set are provided in table
3. After the challenge, we corrected the Unicode and
ABNER cache errors and computed new performance
measures for the same five classifier parameters (see
table 2)4. The corrected scores are shown in table 4.

Notice that the re-submitted runs did not entail re-
training the classifiers using information from the test
data available after the challenge. Indeed, we used the
same VTT parameters in the original and re-submitted
runs (table 2), as obtained by the reproducible training
algorithm described in §2.3. We present the corrected
results to demonstrate the merits of the method com-

4. We used the gold standard and evaluation script provided by
the competition organizers after the BC II.5 challenge; we added the
calculation of Precision, Recall and Balanced F-Score.

TABLE 4
VTT scores after Unicode and ABNER cache correction.

Run 1′ Run 2′ Run 3′ Run 4′ Run 5′

TP 41 47 29 28 45
FP 22 49 11 10 34
FN 22 16 34 35 18
TN 510 483 521 522 498

Specificity 0.959 0.908 0.979 0.981 0.936
Sens./Recall 0.651 0.746 0.46 0.444 0.714

Precision 0.651 0.49 0.725 0.737 0.57
F1 0.651 0.591 0.563 0.554 0.634

Accuracy 0.926 0.891 0.924 0.924 0.913
MCC 0.609 0.547 0.54 0.536 0.59

P at Full R 0.173 0.168 0.106 0.144 0.153
AUC iP/R 0.684 0.692 0.58 0.712 0.686

puted without errors, especially because it is important
to determine the benefits of using entity recognition
via ABNER, the algorithm component which was most
directly affected by the errors.

Because there are various ways to measure misclassifi-
cation (type I and II) errors given the confusion matrix of
(the number of) True Positives (TP), False Positives (FP),
True Negatives (TN), and False Negatives (FN), there is
no perfect way to characterize the performance of binary
classifiers [20]. Therefore, it is important to compute per-
formance using various measures [21]. One reasonable
way to obtain an overall ranking of performance of a
binary classifier c is to combine a few standard measures
via the rank product [18]:

RP (c) = k

√√√√ k∏
m=1

rc,m (4)

where k is the number of measures considered and rc,m
is the rank of the performance of classifier c according
to measure m. The best classifiers are then those that
minimize overall RP .

To provide a well-rounded assessment of performance
using the rank product, well-established performance
measures with distinct characteristics are needed. The
Biocreative II.5 challenge evaluation relies on various
measures of performance; we center our discussion on
four of them: Area Under the interpolated precision and
recall Curve (AUC), Accuracy, Balanced F-Score (F1), and
Matthew’s Correlation Coefficient (MCC). AUC [22], [23]
was the preferred measure of performance for this chal-
lenge as it is robust and ideal for evaluating the quality
of ranked results for all recall percentages. Nonetheless,
it does not account directly for misclassification errors;
for instance, the runs submitted by team 135 labeled
every document as positive, yet had the 6th best AUC
in the challenge (r13,AUC = 6, after runs from team 206

and our own team 9). Accuracy is the proportion of true
results, which is a standard measure for assessing the
performance of binary classification [20], [21]. F1 is also

5. Hongfang Liu’s team at Georgetown University.
6. Kyle Ambert and Aaron Cohen at Oregon Health & Science

University.
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TABLE 5
Central tendency and variation of performance measures
for all submissions to the ACT of the BC II.5 Challenge

Accuracy MCC P at Full R AUC F1

Mean 0.669 0.310 0.135 0.428 0.389
Std. Dev. 0.303 0.193 0.042 0.174 0.141
Median 0.840 0.329 0.115 0.435 0.384

95% Conf. 0.767 0.372 0.148 0.485 0.434
99% Conf. 0.797 0.391 0.152 0.502 0.448

a standard measure of classification effectiveness [20];
it is a balanced measure of the proportion of correct
results from the returned results (precision) and from
those that should have been returned (recall). Because
F1, unlike Accuracy, does not depend on the number of
true negatives, it is important to take into account both
measures, especially in the unbalanced scenario of this
challenge where the abundance of negative (irrelevant)
articles leads to high values of the Accuracy measure
for classifiers biased for negative classifications [21]. The
MCC measure7 [24] is a well-regarded, balanced measure
for binary classification very well suited for unbalanced
class scenarios such as this challenge [21].

These four measures assess distinct aspects of bi-
nary classification, thus yielding a well-rounded view
of performance when combined via the rank product of
formula 4. There is no need to include other performance
measures such as sensitivity and specificity in the set of
measures in our performance rank product: sensitivity
is the same as recall8, already taken into account by
the F-Score, and specificity (or True Negative Rate) is
of little utility when classes are unbalanced with many
more negative (irrelevant) documents, as in this chal-
lenge. Moreover, including these two measures in our
rank product does not change the rank of the top two
performing runs for the entire challenge (for original or
re-submitted runs).

All five of our submitted runs were well above the
central tendency of the runs submitted by all teams (in
the collection of online and offline submissions). Indeed,
the performance of all of our submitted runs are above
the 95% confidence interval of the mean of all submitted
runs. Table 5 depicts the central tendency and variation
of the performance measures for the runs submitted to
the challenge by all participating groups. Table 6 shows
the overall top five original runs submitted to the ACT
of the BC II.5 Challenge, ranked in increasing value of
the rank product of formula 4; Table 7 shows the overall
top five runs after correction of the Unicode and ABNER
cache errors.

According to the rank product of the four measures
discussed above, our corrected, post-challenge run 1′ is
the top classifier, followed by the best run from team
20 and our other 4 runs (5′, 4′, 2′, 3′, respectively). If

7. MCC =
(TP.TN−FP.FN)√

(TP+FP )(TP+FN)(TN+FP )(TN+FN)

8. TP
TP+FN

TABLE 6
Rank Product performance of top 5 original submissions

to the ACT of the BC II.5 Challenge. Also shown are
individual ranks for the four constituent performance

measures.

Runs RP AUC F1 Accuracy MCC
Team 20 1.9 1 2 3 2
Team 9:5 2.2 3 1 8 1
Team 9:4 3.7 2 10 1 9
Team 9:1 4.4 5 6 4 3
Team 31 5.9 20 3 5 4

TABLE 7
Rank Product performance of top 5 submissions to the

ACT of the BC II.5 Challenge, after Unicode and ABNER
cache correction. Also shown are individual ranks for the

four constituent performance measures.

Runs RP AUC F1 Accuracy MCC
Team 9:1’ 1.5 5 1 1 1
Team 20 2.9 2 3 4 3

Team 9:5’ 3.4 4 2 8 2
Team 9:4’ 3.7 1 10 3 6
Team 9:2’ 5.0 3 4 13 4

we do not consider our re-submitted runs, then the best
run from team 20 is the top performer, followed by our
submitted official runs 5, 4, and 1, followed by three runs
from Team 319. Therefore, even without considering our
re-submitted runs, the VTT classifier was one of the top
two performers overall.

Looking at the four measures of performance indi-
vidually, of the original submissions VTT run 5 was
the top performer for MCC and F1, while VTT run 4
was the top performer for Accuracy and second-best
for AUC—after team 20. When we consider the re-
submitted runs, VTT run 1′ was the top performer for
Accuracy, MCC, and F1, while VTT run 4′ achieved the
best AUC score—which was the preferred performance
measure in the challenge. However, when we consider
the other performance measures, this classifier was not
our best performer. Using the rank product measure, we
conclude that the parameter-set used for Run 1, once
properly computed in Run 1′, led to the most well-
rounded classifier and the top performer for Accuracy,
MCC, and F1, while at the same time obtaining quite a
good AUC score.

The presence of the entity (ABNER) counts feature
differentiates Runs 1 and 4. We observe that using this
feature led to the most well-rounded submission (Run
1′), but not using it led to the best AUC measurement
(Run 4′). We also observe that the use of additional
MIPS data for training purposes did not lead to any
improvement in this challenge, as the parameter-sets for
Runs 1 and 4 were also the best found for the first data
set alone. Moreover, Run 3 (and 3′), which used the best
parameter-set for training on MIPS data, was our poorest

9. The team of Yong-gang Cao, of the University of Wisconsin-
Milwaukee.
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Fig. 6. Accuracy and AUC performance of VTT runs
in comparison with the other top performing submission
(group 20). The portion of the plane shown is well above
the 95% confidence interval of the mean for all submis-
sions to the ACT of the BC II.5 challenge. Blue diamonds
represent the official VTT online submissions, and the red
squares represent the same runs after fixing Unicode and
ABNER cache errors. The green triangle represents the
other top performer in this challenge.

MCC

F1

Fig. 7. MCC and F1 performance of VTT runs in com-
parison with the other top performing submission (group
20). The portion of the plane shown is well above the 95%
confidence interval of the mean for all submissions to the
ACT of the BC II.5 challenge. Blue diamonds represent
the official VTT online submissions, and the red squares
represent the same runs after fixing the Unicode and
ABNER cache errors. The green triangle represents the
other top performer in this challenge.

performer. Finally, we do not observe a distinct benefit of
using one or the other type of word-pair features: while
the SP feature set was used in the our best run (1′), the LP
feature set was used in our second-best run (5′). Figures
6 and 7 depict in graphical form the performance of our
submissions for the 4 performance measures above, in
comparison with the other top performer (the classifier
from Team 20) in the ACT component of this challenge.

3 CITATION NETWORK CLASSIFIER

3.1 Method

We also developed the Citation Network Classifier (CNC)
to identify PPI-relevant articles using features extracted
from citations and additional information derived from
the citation network of the bibliome. We did not employ
this classifier in the online part of the challenge because
citation information was only available in the offline,
XML-version of the test set. Its lightweight performance,
however, makes it suitable for real-time classification.

We implemented this method using a Naive Bayes
classifier on the following equally-weighed citation fea-
tures: (1) cited PubMed IDs (PMIDs) (2) citation au-
thors and (3) citation author/year pairs. We calcu-
lated p(Class = PPI|Feature = f) and p(Class =
non-PPI|Feature = f) for the features found in the
documents in the training set, smoothed the distribu-
tions using Laplace’s rule (smoothing parameter of 0.01),
and selected the top features using their Chi-squared
rank (top 75000 features in runs 1, 2, 4 and 5, and the
top 175000 in run 3). Additionally, during scoring we
treated each document’s own authors as if they were
cited by that article three times; this allowed authorship
information to be included and play a role in improving
classifier performance.

During classification, each document was assigned
to the class with the Maximum A Posteriori probabil-
ity (MAP decision rule) given that document’s features.
An uninformative equiprobable class prior was used.
Additionally, I(Class;Features)—the mutual information
between a document’s class and citation features—was
used as a classification confidence score. It was calcu-
lated as the decrease in uncertainty (entropy) between
the prior and posterior class distributions:

I(Class;Features) = H(Class)−H(Class|Features)

Because the uncertainty present in the prior class distri-
bution of a binary classifier is at most 1 bit, and because
entropy is always positive and does not increase under
conditioning [25], this quantity naturally falls in the unit
interval.

One significant issue encountered during the imple-
mentation of this classifier was the lack of an easily-
accessible database of biological citations, or a compre-
hensive repository of parsable biological articles from
which one could easily be built. We created our own
citation database using a combination of scraping and
parsing scripts. Starting from a list of PMID from the
training data for which citation data was needed, we
queried PubMed for publication information and then
attempted to locate and download articles in PDF format
from journal websites. When a PDF-version of an article
was retrieved, its raw textual content was first obtained
using the pdf2text converter, then the parsCit parser
[26] was used to extract XML-formatted bibliographic
references. Successfully parsed reference data was con-
verted into PMIDs using the PubMed search API, which
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resulted in a list of cited PMIDs for each initial PMID.
Our scripts were initially run on articles cited by doc-
uments in the BC II.5 training set; further iterations
then looked for articles cited by those articles, and so
on recursively. Using this method, we acquired approxi-
mately 18500 PDF files, from which approximately 16000
PMIDs, 316000 referenced PMIDs, and 637500 citations
were extracted.

The set of cited articles and authors to be found in test
data is potentially enormous. Moreover, the training data
provides class information (P (Class|Feature) distribu-
tions) for only a small number of citation features. Using
co-citations allowed this class information to diffuse over
the links of the harvested citation network. For this
purpose, we used a cocitation measure from feature A to
feature B:

ω(A,B) =
# times feature A is co-cited with feature B

# times feature A is co-cited total
When a citation feature without class information was
found in a test article, its class distribution was approx-
imated as a linear combination of the weights of the
edges to its neighbors in a cocitation network defined by
the ω(A,B) measure described above. This network was
built using the three types of citation features—PMIDs,
authors, and author/year pairs. Feature co-citations that
occurred only once were eliminated in all our runs. It
should be noted that the cocitation network is a directed
weighted graph, since the cocitation measure above is
not symmetric. An asymmetry would result if one article
or author was usually cited in combination with another,
but the latter was also cited in many cases where the
former was not. In this situation, the former would have
a stronger ω weight to the latter than vice-versa.

Finally, we also integrated the CNC with the VTT
classifier, configured with the parameter values used in
our online submission 4. This was done in the following
manner: if the distance of a document to the decision sur-
face of VTT, as quantified by the δ(d) measure explained
in §2.2, was above a certain constant, the VTT result was
used, otherwise class membership was decided by the
classifier with largest confidence (VTT or CNC). In that
case, the combined confidence was the sum (difference)
of the confidence values of the two classifiers when
they agreed (disagreed) in their class label assignment,
divided by 2.

3.2 Results
The CNC was trained on the combination of the Biocre-
ative II.5 training set (595 documents10) and the Biocre-
ative 2 training set (5495 documents). The 10 most
informative features found by CNC are listed in table 8.
The PubMed IDs in this table refer to two highly-cited

10. While the initial training set released for BC II.5 contained 61+558
= 609 articles, a subsequent version of the training set contained only
61+534 = 595 articles. We used the first set in the training of VTT for
the online challenge, but the more recent one in the training of CNC
for the offline challenge.

TABLE 8
Highest scoring features found by the CNC algorithm.

Citation P (F |PPI) P (F |non-PPI)
PMID:5432063 9.21E-07 1.64E-04
Elledge SJ 2.80E-04 4.04E-05
Gygi SP 2.19E-05 1.88E-04
Fields S 2.99E-04 5.25E-05
Gorg A 1.83E-06 1.26E-04
Sanchez JC 9.12E-09 1.12E-04
PMID:10612281 9.21E-07 1.13E-04
Creasy DM 4.57E-06 1.17E-04
Cooper JA 1.99E-04 2.02E-05
Aebersold R 5.02E-05 2.23E-04

TABLE 9
CNC parameters for offline runs.

Run 1 Run 2 Run 3 Run 4 Run 5
# Features 75000 75000 175000 75000 75000

Co-citation data N Y Y N Y
Mix with VTT N N N Y Y

TABLE 10
Official CNC scores for offline runs.

Run 1 Run 2 Run 3 Run 4 Run 5
TP 42 44 42 42 42
FP 107 118 114 73 79
FN 21 19 21 21 21
TN 425 414 418 459 453

Specificity 0.799 0.778 0.786 0.863 0.852
Sens./Recall 0.667 0.698 0.667 0.667 0.667

Precision 0.282 0.272 0.269 0.365 0.347
F1 0.396 0.391 0.384 0.472 0.457

Accuracy 0.785 0.77 0.773 0.842 0.832
MCC 0.331 0.329 0.316 0.413 0.396

P at Full R 0.11 0.107 0.106 0.265 0.255
AUC iP/R 0.291 0.298 0.281 0.55 0.56

protein-related—but not PPI-related—articles ([27], [28]),
which were found frequently in the negative training
data. Among the other authors listed, Elledge SJ,
Fields S, and Cooper JA have all published impor-
tant works in the PPI domain, while the remaining have
published extensively in proteomics-related (but again,
not PPI-related) literature.

We submitted 5 runs to the offline challenge:
1) Naive Bayes classifier using the top 75000 citation

features.
2) Same as (1) but where citation features are supple-

mented with the co-citation weight ω.
3) Same as (2) but with top 175000 citation features.
4) Same as (1) but in combination with VTT as de-

scribed above, using a VTT confidence cutoff pa-
rameter of 0.35.

5) Same as (2) but in combination with VTT as de-
scribed above, using a VTT confidence cutoff pa-
rameter of 0.35.

The parameter-sets for these runs are listed in table
9. Table 10 shows the official performance for these five
runs submitted to the offline challenge.

The performance of the offline CNC runs was lower
than what we obtained for VTT in the online part of
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Fig. 8. F1 and P at Full R performance of offline CNC runs
in comparison with the other top performing submission
(group 20). Also shown as an orange rectangle is the 95%
confidence interval of the mean for all submissions to the
ACT of the BC II.5 challenge, for these two performance
measures. The black cross denotes the mean value, and
the gray star the median. Blue diamonds represent the
official VTT online submissions, and the red squares rep-
resent the same runs after fixing the Unicode and ABNER
cache errors. Blue circles represent the CNC runs; we
can see that Runs 4 and 5 are clearly top according to
the P at Full R performance measure. The green triangle
represents the other top performer in this challenge.

the challenge. Nonetheless, for most performance mea-
surements, these runs were still above the mean value
for all submissions to the BC II.5 challenge; all of F1

and most of the MCC measurements were above the
median value, and all measurements of Accuracy were
above the 95% confidence of interval of the mean. Runs 4
and 5, which combined CNC with VTT, lead to measure-
ments of AUC, Accuracy, MCC, and F1 above the 95%
confidence interval of the mean, though still below the
online submissions with VTT alone. Interestingly, these
runs also lead to the top two measurements of Precision
at Full Recall (P at Full R) for the entire challenge, both
well above the 99% confidence interval of the mean of
all submissions. While the P at Full R measure is not a
measure of overall good performance for binary classifi-
cation, this result shows that integrating CNC with VTT
leads to an improvement in the rate of misclassifications,
if we want to guarantee full recall (retrieval of every
relevant document). Figure 8 depicts in a graphical form
the performance of all our submissions for the F1 and P
at Full R measures.

Unfortunately, after the challenge we discovered sev-
eral issues that affected the performance of our CNC
submissions in the offline ACT challenge. First, some
improperly parsed data needed to be removed from the
citation network database. More importantly, the classi-
fier’s AUC scores were diminished because the original
CNC confidence score was not properly normalized; the
mutual-information-based confidence score calculation
was only corrected post-challenge. In addition, two pa-

TABLE 11
CNC scores after algorithm corrections.

Run 1’ Run 2’ Run 3’ Run 4’ Run 5’
TP 42 36 38 42 35
FP 105 80 90 91 68
FN 21 27 25 21 28
TN 427 452 442 441 464
Specificity 0.803 0.85 0.831 0.829 0.872
Sens./Recall 0.667 0.571 0.603 0.667 0.556
Precision 0.286 0.31 0.297 0.316 0.34
F1 0.4 0.402 0.398 0.429 0.422
Accuracy 0.788 0.82 0.807 0.812 0.839
MCC 0.335 0.327 0.325 0.366 0.348
P at Full R 0.118 0.111 0.112 0.252 0.227
AUC iP/R 0.383 0.418 0.394 0.578 0.587

rameters were added in order to increase co-citation
algorithm speed and decrease the spread of spurious
correlations: for features lacking class distributions, one
parameter limited potential co-citation neighbors to only
a given number of top trained features (as ranked by
Chi-squared score), while the other parameter limited
co-citation links to cases where ω was above a certain
threshold. The settings of these parameters—800 top fea-
tures and an ω threshold of 0.3—were chosen by picking
parameter values that maximized F1 scores when tested
on the BC II.5 training set after training on the BC2
training set.

Revised scores for the CNC are shown in table 11,
where we can see that the performance obtained for
the four most important measures improved. Though
the performance of P at Full R slightly declined, it still
remained well above the performance of all other sub-
missions to the challenge. From the difference between
Run 1’ and Run 2’ as well as Run 4’ and Run 5’, we also
observe that including co-citation data reduced the num-
ber of false positives, resulting in an improvement in Ac-
curacy and AUC. However, in terms of the rank product
measure of performance (formula 4), this improvement
is marginal: RP (CNCRun5′) = 14.8, RP (CNCRun4′) =
14.9, RP (CNCRun2′) = 18.7, RP (CNCRun1′) = 20.7,
where these runs ranked 13th, 14th, 18th, and 19th,
respectively, out of 37 total runs submitted to the ACT of
the BC II.5 challenge. Interestingly, even with the post-
challenge changes, combining CNC with the VTT algo-
rithm using a VTT confidence cutoff parameter of 0.35
improved CNC performance but could not outperform
VTT by itself. This was the case even in trials when CNC
was mixed with VTT scores at a very low confidence
level (not shown).

4 DISCUSSION AND CONCLUSION

From our previous work [5], we knew that the
lightweight VTT method performed well in the classi-
fication of PPI-relevant abstracts. Given our results in
the ACT of the BC II.5 challenge, we can now conclude
that it also performs very well in a full-text scenario.
Indeed, the VTT classifier, when corrected for the minor
errors discussed in §2.4, was able to out-perform every
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Fig. 9. VTT decision surface for the best four of five VTT
submissions (after correction of Unicode and ABNER
Cache errors). Horizontal axis corresponds to the value
of P (d)/N(d) and vertical axis corresponds to the value
of np(d), for each document d. Black pluses represent
positive documents, red circles represent negative doc-
uments.

other submission to this challenge according to the rank
product of the four main performance measures (table
7). Even when considering the official VTT submis-
sions (with Unicode and ABNER cache errors), the best
VTT run was the second-best submission of the entire
challenge according to the same measure (table 6); see
§2.4 for details. Interestingly, VTT uses only a small
number of words extracted from the text (1000), minimal
entity recognition (protein mentions via the off-the-shelf
ABNER [19]), and a linear decision surface. Yet, this
method was very competitive against more sophisticated
systems in both the Biocreative 2 [5] and Biocreative II.5
challenges.

Perhaps the key to the success of this lightweight
method in this challenge is the “real-world” nature of
the BioCreative data sets. Because the testing and train-
ing data are obtained in realistic annotation and pub-
lication scenarios, rather than sampled from prepared
corpora with statistically-identical feature distributions,
more sophisticated machine learning classifiers tend to
overfit the training data without generalizing as well the
“concept”of protein-interaction from the bibliome. The

drift between training and testing data was a real issue
in BC2 [5], and we have evidence that the same may
have occurred in the BC II.5 challenge.

We trained a classical classifier to distinguish between
the training and testing corpora. Specifically, we used
4-fold cross-validation to train on subsets of articles
from the BC II.5 training and testing sets, now labeled
according to membership in the training or testing sets
rather than PPI-relevance or irrelevance. Classifier fea-
tures were selected, after Porter-stemming and stop-
word-removal, as the top 1000 single words ranked
according to their information-gain score [29]. Document
vectors, with those same information-gain scores for
term-weights, were used to train a Support Vector Ma-
chine (SVM) classifier (we used the SVM-light package
[30] with a linear kernel and default parameters). Ac-
cording to F-Score and AUC measures, the two corpora
can be classified and are therefore sufficiently distinct,
exhibiting a significant amount of drift. When we used
only PPI-relevant articles from the training and testing
data the SVM classifier obtained: F1=0.63 and AUC=0.76.
When we used only PPI-irrelevant articles the SVM
classifier obtained: F1 = 0.54 and AUC=0.78. When
we considered both PPI-relevant and irrelevant articles,
the SVM classifier obtained: F1 = 0.63 and AUC=0.79.
All scores were averaged over eight 4-fold runs. If the
training and testing data were indistinguishable (drawn
from the same statistical distribution) AUC and F-Score
would be near 0.5. Clearly, this is not the case with
this data, nor should it be expected from the real-world
scenario of BC II.5. We also see that drift occurs for both
PPI-relevant and irrelevant articles.

Figures 4 and 5 show how the positive and negative
documents in the training data, using our word-pair
features, can be easily separated by a linear surface. If
we were to use a more sophisticated decision surface,
it is quite possible that they would obtain much bet-
ter class separation on the training data. Indeed, we
already observed in BC2 that SVM and Singular Value
Decomposition classifiers obtained higher performance
in the training data than VTT (as measured by accuracy
and F-Score), but lower in the testing data [5]. Since
VTT had already been compared to traditional classifiers
such as SVM [5], in this challenge we did not submit
runs with those kinds of classifiers and instead chose
to test more parameters of the VTT and the novel
CNC. Therefore, to decide if algorithms submitted to
the challenge with more sophisticated decision surfaces
suffered from the drift between training and testing, we
would need access to their performance on the training
data, not just the available results on testing data. Given
the overall performance of VTT, we can at least say
that this method was highly competitive in dealing with
the measurable drift between training and testing data.
Figure 9 depicts the decision surfaces of the VTT method
for four (corrected) submissions on the final test data.
While better surfaces clearly exist to classify the test
data, the linear surface of the VTT method avoided over-
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fitting, and was very good at generalizing the “concept”
of protein-protein interaction from the bibliome in the
not fully statistically ideal, real-world scenario of BC
II.5—while remaining lightweight computationally.

We also conclude that training with additional data
from MIPS, which contains articles from various publi-
cation sources rather than a single journal, was not very
advantageous. This seems to argue against the ability
of the VTT method to generalize the real-world concept
of protein-protein interaction. However, the “real-world”
in this task is the scenario of FEBS Letters curators at-
tempting to identify PPI relevant documents among the
articles submitted to this journal—all systems were ulti-
mately only tested on the FEBS Letters test set, and not
in determining PPI-relevance at large. As for using fea-
tures extracted using entity recognition, we can say that
counting protein mentions via ABNER in abstracts and
figure captions was moderately advantageous (though
not using it led to a higher AUC score). We also observed
during training that using other entities from ABNER
and relevant ontologies (see §2.1) was not advantageous.
Therefore, while using ABNER protein counts did not
lead to a large improvement in classification, it was the
only entity we were able to identify which led to a
moderate improvement in classification using the VTT
method.

The performance of the newly-introduced CNC al-
gorithm in the ACT task was not competitive with
the best content-based classifiers, but was still above-
average and provides a proof-of-concept demonstration
of the applicability of the citation-network method to
the biomedical document classification domain. Our im-
plementation points to several approaches that could be
investigated in the search for high-performance citation-
network based classification.

First, we did not use counts of how many times
each reference was cited in a document, though use of
such ‘weighted’ features could indicate the citations that
are most informative about a given article’s class label.
Additionally, including the title of the citing document
section in the citation features could lead to better perfor-
mance. Different sections may reference articles for dif-
ferent reasons; citations from the Methodology section, for
example, may be particularly useful in identifying docu-
ments relevant to a specific biomedical subfield, as in the
ACT task. Finally, another way to capture citation styles
relevant to domain-specific classification would involve
combining citation features with statistically-significant
tokens from citing sentences, which are known as citances
and have already received some attention in the biomed-
ical text-mining field [31].

Performance of the CNC depends not only on the
algorithm and training data, but also on the underlying
citation database from which ω weights are computed.
We observed (see §3.2) that including co-citation data
reduced the number of false positives, but ultimately
led to a marginal overall performance improvement.
The citation network used in our work, however, is

extremely limited in coverage and subject to parsing er-
rors. An accessible, high-quality repository of biomedical
citation data would go a long way towards advancing
citation-network based classifiers in the field. Indeed,
literature domains where such repositories exist, such as
the publicity-available US patents database, have seen
wider application of co-citation-based algorithms (see,
for example, [32], [33]).

In summary, we have shown that our VTT classifier,
previously applied to abstracts only, is also very compet-
itive in the classification of PPI-relevant documents in a
real-world, full-text scenario such as the one provided by
BC II.5. Moreover, the novel CNC is the first application
of a citation-based classifier to the PPI domain and is
thus a promising new avenue for further investigation
in bibliome informatics.
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