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Purpose: To identify sentences that describe protein-
protein interactions (PPIs)

Protein-protein interaction extraction is a key application of text mining to 
biological texts. This area of research is strongly motivated by the needs of 
biologists investigating sub-cellular functions of organisms. PPIs reported in 
biomedical journals are detected by large-scale biomedical experiments. The 
substantial number of results produced by these experiments, combined with 
the ease of access to the digitised publications provided by the various 
publisher portals, has increased the number of results made available each 
day. 

Our goal is to automatically identify sentences that describe 
PPIs in biomedical texts as a way of aiding curators and 
researchers.

In order to address the lack of data we propose a novel way of combining 
labelled and unlabelled data (semi-supervised learning), by integrating 
semantic information from unsupervised word-word co-occurrence models 
trained on a larger, unannotated corpora of Open Access articles (OAA) and 
GENIA (Kim, et al., 2003).

• Firstly we use a semantic model to collect word co-occurrence information. 
• Next, we apply a similarity measure to the collected data. As both models 

represent words in vector space, we are able to apply metrics such as kernel 
functions. Thus, by applying the cosine and RBF kernels, which are often 
used for text classification, we get viable kernel matrices (S) that can be 
integrated into kernel classification methods. 

• We use the Gaussian process (GP) classifier, a probabilistic analogue to the 
Support Vector Machine (SVM), which is frequently applied to text data. We 
have previously shown that it achieves a significantly higher AUC and F-
score than the SVM and Naive Bayes on the AImed data (Polajnar, et al., 
2009).  Another advantage of the GPs is of not having extra parameters, such 
as the SVM margin parameter. This reduces the search space when tuning 
the kernel hyperparameters for optimal performance. 

• The labelled data (X) is used for classifier training and testing, while the 
semantic information (S) is integrated directly into the kernel K=X*S*XT.

• Finally, different semantic kernels are combined with uniform weighting of 1 in 
order to exploit all of their contributions at once using a probabilistic Multiple 
Kernel Classifier (pMKL) (Damoulas and Girolami, 2008).

BEAGLE

Bound Encoding of the Aggregate Language Environment (BEAGLE) (Jones 
and Mewhort, 2007) was proposed as a combined semantic space that 
incorporates word co-occurrence and word order. For the purpose of 
comparison with HAL, we only consider the word co-occurrence construction. 
BEAGLE differs from HAL in that it does not use the raw word counts directly. 
Instead, it represents each target t with a 1 × D signal vector, e(t), of points 
drawn from the Gaussian distribution N (0, (1/D)2). Multiples of 1024 are 
suggested values for D. 
The context in BEAGLE is made of the basis words that occur in the same 
sentence as the target word. The target vectors in the BEAGLE co-occurrence 
matrix, B, are sums of the environmental vectors of the basis words that occur 
within the context of the target word. The more times that a certain basis is 
found in the same sentence as the target, the stronger its signal will be within 
the vector B[t]. 

Effects on Classification

Results show a statistically significant improvement in F-score and AUC over 
original results. The F-score for the highly imbalanced BC data improved by 10%, 
while for the AImed it improved by 7%. A small improvement in AUC results in a 
larger improvement in the F-score. 

We tested across both GENIA and OAA datasets and found that the best single 
kernel results come from the much larger OAA dataset. However, a significant rise 
in classification performance was achieved by combining the BEAGLE-based 
semantic kernels created from both datasets. 

Whist the best single kernel results were achieved with H11 (BC) and H3 (AImed), 
we found that the parameters L and D made only a small difference when using 
the Gaussian kernel for word similarity calculation. In addition the Gaussian kernel 
parameter θ=0.01 was preferred across different corpora. This shows that the 
approach is stable and requires little tuning.
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Background

Topic models such as Latent Dirichlet Allocation (LDA) (Blei et al., 2003) and 
Latent Semantic Analysis (LSA) (Landauer et al., 1998) have been used on a 
variety of text-based linguistic tasks (Blei et al., 2006; Papadimitriou et al., 
2000; Zheng et al., 2006) (as well as for other applications (Yuan et al., 2005)). 
Here we examine two related models, Hyperspace Analogue to Language 
(HAL) (Lund and Burgess, 1996) and Bound Encoding of the Aggregate 
Language Environment (BEAGLE) (Jones and Mewhort, 2007). Whereas, in 
LDA and LSA words are generally grouped based on their co-occurrence in 
similar documents, in HAL and BEAGLE words are grouped based on their co-
occurrence with other words. Like LSA, HAL and BEAGLE have been 
evaluated on a variety of psycho-linguistic tasks such as TOEFL word synonym 
examinations and semantic priming (Jones et al., 2006; Jones and Mewhort, 
2007; Landauer et al., 1998; Lund and Burgess, 1996). Topic models such as 
these provide semantic knowledge that is lost through bag-of-words 
representation of documents. This property allows us to enrich classification 
kernels for data-poor applications such as PPI sentence classification. Our 
approach is similar to the semantic smoothing of kernels using Word Net or 
Wikipedia information (Minier et al., 2007). However, manually constructed 
ontological lexical information, such as this, is not available for biomedical 
words. We also gain inspiration from LDA and LSA semantic kernels which 
often used to smooth kernels based on word-document co-occurrence in the 
training data (Aseervatham, 2008; Cristianini et al., 2002).

Effect on Sentences

LDA on H3

HAL

The Hyperspace Analogue to Language (HAL) (Lund and Burgess, 1996) 
matrix, H, is constructed by passing a window of fixed length, L, (context) 
across the corpus. The first word after the window is considered the target, or 
the word whose context we are gathering. The words within the context are the 
basis. The strength of the co-occurrence between a target and the basis 
depends on the distance between the two words, l, 1 < l < L, within the window. 
The matrix produced M by this method is asymmetric, and records the context 
before the target in the columns and the context after the target in the rows. We 
use H = M + MT in order to encode the whole context window of length 2L.

shown light triggers apoptosis various tumour cells including ht cells express 
both  lymphotoxi beta receptor ltbetar  hvem tr receptors

targetL=4

M shown light triggers apoptosis various tumour cells ... receptors

shown 4 3 2 1 0 0 0

light 4 3 2 1 0 0

triggers 4 3 2 1 0

apoptosis 4 3 2 0

various 4 3 0

tumour 4 0

cells 0

...

receptors 0

e(6)

context(17,i)=

1:shown 2:light 3:triggers 4:apoptosis  5:various 6:tumour 7:cells 8:including 
9:ht29 7:cells 10:express 11:both  12:lymphotoxin 13:beta 14:receptor  

15:ltbetar  16:hvem
   17:tr2 18:receptors

e(10)

target
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Original Single Combination

F=0.4226 ± 0.0361
E=14.8369 ± 1.0362
P=0.6757 ± 0.0515
R=0.3235 ± 0.0373
A=0.9227 ± 0.0077

F=0.5526 ± 0.0103
E=13.4632 ± 0.3231
P=0.6548 ± 0.0149
R=0.4943 ± 0.0115
A=0.9224 ± 0.0027

F=0.6217 ± 0.0105
E=11.6227 ± 0.3225
P=0.7048 ± 0.0114
R=0.5720 ± 0.0131
A=0.9339 ± 0.0024

BC Data

Original Single Combination

F=0.6712 ± 0.0161
E=18.4464 ± 0.8169
P=0.7480 ± 0.0209
R=0.6128 ± 0.0198
A=0.9024 ± 0.0063

F=0.7184 ± 0.0044
E=16.8273 ± 0.2564
P=0.7471 ± 0.0060
R=0.6953 ± 0.0054
A=0.9052 ± 0.0021

F=0.7424 ± 0.0041
E=15.8507 ± 0.2528
P=0.7491 ± 0.0057
R=0.7399 ± 0.0058
A=0.9113 ± 0.0021

AImed Data

Corpus
Name

Number of
Documents

Percentage
Positive

Average Doc
Length
(in features)

Protein
Annotation

Number of
Annotated Proteins
per Document

Number of
NER Proteins
per Document

BC 999 17% 12.75 yes 3.68 (pos) 0.56 (neg) 1.77 (pos) 0.50 (neg)
AIMed 1980 31% 13.58 yes 3.33 (pos) 1.48 (neg) 2.70 (pos) 1.51 (neg)

A visualisation of the similarities contained in a BEAGLE matrix created from 
the BC words and the OAA dataset with D=2048. The data was reduced to 3 
dimensions using Principle Component Analysis (PCA). 

H3 is the HAL matrix containing the co-occurrence information between each 
word and the three words to the either side of it. We concentrate only on the 
words occurring in the training data. For the AImed dataset, with the stemmed 
features, the largest single-kernel AUC and F-score were found with the H3 

matrix. In order to study the relationships between the words in this matrix we 
employed LDA. There is a continuous improvement in the LDA likelihood with 
an increase in the number of topics; however, even with 40 topics there is a 
sensible grouping of terms. Each of the 40 topics shows an aspect of the types 
of proteomic and genomic experiments described in this dataset.
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The quality of the topics is so high that even with only these 40 there is an 
improvement in classification AUC over the original kernel (0.9037 ± 0.0020). 
Although, this improvement is not as high as using the full HAL matrix. 
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