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Abstract

The amount of available scientific literature is increasing, and
studies have proposed various methods for evaluating docu-
ment-document similarity in order to cluster or classify docu-
ments for science mapping and knowledge discovery. In this pa-
per, we propose hybrid methods for bibliographic coupling
(BC) and linear evaluation of text or content similarity: We
combined BC with BM25, Cosine, and PMRA to compare their
performances with single methods in paper recommendation
tasks using TREC Genomics Track 2005datasets. For paper
recommendation, BC and text-based methods complement each
other, and hybrid methods were better than single methods. The
combinations of BC with BM25 and BC with Cosine performed
better than BC with PMRA. The performances were best when
the weights of BM25, Cosine, and PMRA were 0.025, 0.2, and
0.2, respectively, in hybrid methods. For paper recommenda-
tion, the combinations of BC with text-based methods were bet-
ter than BC or text-based methods used alone. The choice of
method should depend on the actual data and research needs.
In the future, the underlying reasons for the differences in per-
formance and the specific part or type of information they com-
plement in text clustering or recommendation need to be exam-
ined.
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Introduction

Since the development and growth of the internet, the volume
of electronic publication has been increasing at an exponential
rate. Specifically, the publication of scientific literature in the
biomedical domain has been prolific, and huge amounts of in-
formation and knowledge are found in endless unstructured
electronic texts. Therefore, it is difficult for users to quickly
find the relevant information that they require. Many
knowledge discovery and retrieval techniques have been pro-
posed by repositories and scientists to help users better retrieve
the information they need. Among these techniques, document-
document similarity measurements are the most fundamentals.
Accurate similarity measurement can improve retrieval perfor-
mance and help users manage the tremendous volume of rele-
vant documents returned from search strategies. Researchers
have explored various ways to effectively measure document-
document similarity, which have been widely used in text clus-
tering, information retrieval, scientific mapping, topic detec-
tion, and tracking. On the basis of the information used for cal-
culating document-document similarity, these methods can be
divided into 3groups: citation-based methods, text-based meth-
ods, and hybrid methods, which combine citation relationship
with content analysis.

Citations are ubiquitous in scientific articles and they can reveal
topic evolution and inheritable knowledge. Citation measure-
ments are used in many tasks, including text clustering and clas-
sification[1], science mapping[2],research front detection[3,4],
and information retrieval. Citation-based similarity mainly con-
siders direct citation, co-citation, and bibliographic coupling
(BC). If paper A is shown in the reference list of paper B, we
know that A was cited by B and a direct citation relationship
exists between papers A and B. If paper A and paper B are both
cited by paper C, the connection between paper A and paper B
is a co-citation, as proposed by Small[5]. If paper A is shown
in the reference lists of both paper B and paper C, the connec-
tion between paper B and paper C is BC, as proposed by Kess-
ler[6]. Simply, co-citation considers the in-links, while BC con-
siders the common out-links between 2 papers. Amsler [7] com-
bined BC with co-citation to classify papers, which considered
the in-links and out-links simultaneously. The similarity meas-
ured by direct citation, co-citation, and BC differ in that they
are suitable for different datasets and research objects [8]. Kla-
vans et al compared the accuracy of the 3citation-based ap-
proaches in science mapping [2] and knowledge generation [9].
Subelj et al presented a systematic comparison of the perfor-
mances of a large number of clustering methods based on cita-
tion relationships from 4criteria to compare the clustering meth-
ods, cluster sizes, small clusters, clustering stability, and com-
puting time [10]. Citation-based methods can reveal the objec-
tive relationships between articles with discriminating power;
however, they may not provide enough information regarding
the context between articles.

Among text-based methods, co-word methods are the most
popular for assessing content similarity. Keywords represent
the core points and research focus of literature, so many re-
searchers use co-word analysis to measure document similarity
or label topics. Although co-word analysis has a relatively short
history, it has become one of the most popular text-based meth-
ods and has been used in text clustering [11], the exploration of
research topics and the evolution of psychiatry [12] and Hepa-
titis B [13], and the mapping of the knowledge structure and
theme trends in the fields of patient adherence [14], disaster
medicine [15], and choroidal neovascularization [16]. In previ-
ous studies, researchers used textual statistical features based
on term frequency-inverse document frequency(TF-IDF) to
measure similarity between documents. However, using term
frequency to explain the importance of terms was not sufficient
[17]: some high-frequency words extracted from texts were of-
ten common words that did not represent the specific research
topics. As a result, using common high-frequency co-words to
measure similarity between documents was not comprehensive.

Citation links and text similarity measure 2aspects of docu-
ments: they each offer their own advantages and can comple-
ment each other for many applications [18]. The combination
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of citation-based and text-based methods can be used to cluster
all papers, even poorly cited or uncited papers [19]. Recently,
scientometricians have been studying hybrid methods that com-
bine citation-based and text-based methods to improve the per-
formance of scientific mapping and clustering. Liu et al pre-
sented the hybrid method of lexical and citation metrics to clus-
ter large-scale journal data and chose InCites Essential Science
Indicators (ESI) from Web of Science Database categorizations
as standard [20, 21]. Glanzel and Thijs used the cosine angles
of the linear combination of BC and TF-IDF similarities be-
tween documents to identify “core documents” and then applied
them to label clusters or emerging topics [22, 23]. Yu et al ex-
tended the hybrid clustering model of Glinzel and Thijs and
proposed a hybrid self-optimized clustering model, which con-
sidered both BC and co-citation links in the Amsler network to
calculate the citation-based similarity of both TF-IDF and top-
ological features to measure text-based similarity and then ap-
plied the Louvain method to cluster papers and detect the re-
search topic in the data envelopment analysis (DEA) field [24].
Janssens et al merged textual contents with citations to cluster
papers based on Fisher’s inverse chi-square test to reveal the
concept structure and dynamics in the field of bioinformatics
[25]. Liu integrated BC with context information from para-
graphs to measure the similarity between biomedical articles
[26]. Leydesdorff et al considered both cited references and
MeSH terms as attributes of articles and combined the
2knowledge representations to cluster and map papers in Alz-
heimer’s disease [27].Kolchinsky et al classified protein-pro-
tein interactions based on text features and citation networks
[28]. Meng et al proposed a simple linear combination of cosine
similarity based on the TF-IDF of the terms with citation-based
similarity based on citation relationships to cluster journals
[29].

Previous studies tried to evaluate the performance of different
document-document similarity methods in text clustering or
classification. Since methods with different parameter settings
yield different results, a benchmark is needed to represent the
gold standard of clustering or classification results. Methods for
building a benchmark can be classified as expert evaluation or
text-based classification. Ahlgren et al extracted the title and
abstract from 43 articles published from 2004 to 2006 using a
journal information retrieval system: an information retrieval
expert performed a subject classification for each article and as-
signed a label to each class. The classification results of the 43
articles were established as a standard of classification [30, 31]
when comparing nine document-document similarity methods.
Couto et al trained classifiers of 3 collections in the use of k-
Nearest Neighbor and Support Vector Machine methods and
used the classifiers as a benchmark [18]. Yu et al followed this
benchmark in their hybrid self-optimized clustering model re-
search [32]. Simply, no benchmark (or at least only a small
benchmark) was available in previous studies.

In this study, we focused on verifying hybrid methods of BC
and text similarity measurement and comparing the effect of
different document-document similarity methods in paper rec-
ommendation. We used large data sets that had been evaluated
and labeled by experts to verify two aspects of topic level:
whether BC and text-based methods can complement each
other and which hybrid methods are best for paper recommen-
dation.

Methods

Datasets

We used the TREC Genomics Track 2005, which has been
evaluated by experts [33], as the dataset in our study. This

TREC dataset contained 34,633 unique documents indexed in
the PubMed database and grouped into 50 topics corresponding
to different information needs. The 50 topics were numbered
from 100 to 149 and all generally followed a semantic template,
with 10 topics in each of the 5 templates [34].For example,
topic groups 100 to 109 focused on standard methods or proto-
cols for doing some sort of experiment or procedure. Each topic
corresponded to a different subset of documents ranging in size
from 290 to 1356 documents. In each group, documents were
marked as definitely relevant, possibly relevant, or non-relevant
to the group’s topic by experts.

Among the 34,633documents, 4191 unique papers were judged
as possibly relevant or definitely relevant. We downloaded the
4191 papers from the PubMed database using the PMID iden-
tifier in the MEDLINE format. We gathered citation and refer-
ence information from Web of Science (WoS). In all, 3098 of
the 4194 papers were indexed in the WoS database and we
downloaded the citation and reference information. Finally, we
identified both title-abstract text and references of the 3098doc-
umentsforfurther validation. The process is shown in Figure 1.
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Figure 1-Flowchart for building the datasets

Hybrid methods of evaluating citation links and text
similarity

Citation-based methods and text-based methods for assessing
document similarity have their own strengths and weaknesses.
Citation-based methods can reveal reference-citation links and
focus on existing citation relationships between documents, but
they neglect the associations of content features between docu-
ments. Text-based methods consider content features but ne-
glect the citation relationships between documents. We linearly
combined citation similarity with text similarity in this study.
For citation links, we chose BC, which is the most common
measure of similarity between articles. If 2documents cited 1or
more of the same documents, they were bibliographically cou-
pled and the coupling strength was formulated as Eq (1) :

. N,
BC _sim(c,d)= Sh%7 1)
- N.*N,

where share was the number of shared references for docu-
ment ¢ and document d, ~ ¢was the number of references in

document ¢, and 4 was the number of references in docu-

ment d.

For text similarity, we selected 3common term-similarity met-
rics: PubMed Related Article (PMRA) [34, 35], BM25 [36],
and Cosine [37]. PMRA was formulated as Eq (2), BM25 was
formulated as Eq (3), and Cosine was formulated as Eq (4):

PMRA _sim(c,d) = Z wt, Wi, ()

t=1
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where #f (¢,c) was the term frequency of # in document ¢
and idf (t) was the inverse document frequency weight of term
t.

Castro et al compared the performance of the three similarity
metrics (BM25, PMRA, and Cosine) based on Unified Medical
Language System (UMLS) annotations for 4191 unique docu-
ments that were considered relevant or partially relevant [38].
In order to simplify the calculation, we used their research re-
sults of BM25, PMRA, and Cosine directly in this study.

In this paper, we propose hybrid methods of linearly combined
citation-based methods and text-based methods at different A
values, which is shown in Eq (5):

Hybrid_sim(c,d) = (1—21) .BC_sim(c,d) + A.Text_sim(c, d)
VText_sim(c,d) €

(PMRA_sim(c,d), BM25_sim(c,d), Co sine _sim(c,d)) (5)
where A was the coefficient of text-based methods and the

range of A was [01].

Evaluation indicator

In order to compare and select the best performing algorithm in
the recommended documents, we used the Area Under the Pre-
cision-Recall (AUPR)curve to measure the performance of sin-
gle and hybrid similarity methods. The AUPR curve plotted
precision against recall and showed the trade-off between pre-
cision and recall for different thresholds. The larger the area
under the curve, the higher the recall and precision of the algo-
rithm.

Results

Document recommendation is one of the main tasks of infor-
mation retrieval. In part, documents in the same topic area
should be recommended on the basis of precalculated similari-
ties.

Mutual complementary value of citation-based similarity
and text-based similarity assessments

Citation-based and text-based similarities reflect the relation-
ships between 2dimensions of different documents. In Figure 2,
we show the correlation between citation-based similarity and
text-based similarity for a randomly selected target document
against other documents (i.e., BC vs. PMRA, BC vs. Cosine,
and BC vs. BM25). The red dots correspond to articles within
the same TREC topic as the target document and the blue dots
represent articles from other topics. The majority of the red dots
had large values in both similarity measures, implying the in-
trinsic similarity between documents in the same topic group
(Figure 2(a)). There were some blue dots with large values in
content-based similarity, but these papers had no shared refer-
ences (i.e., BC was zero). Therefore, combining citation-based
and text-based measurements may significantly decrease the
similarity values and reduce the effect of these non-related doc-
uments in the recommendation. Some documents in the same
topic group had low or even zero BC, but their similarity was
enhanced by considering content-based similarity. Similar phe-
nomena are shown in Figure 2 (b) and 2 (c).
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Figure 2-The correlation of similarity between citation-based
measures (i.e., BC) and text-based measures (a) PMRA, (b)
COSINE, and (c) BM25) for a randomly selected document
(PMID: 11445269) against documents from the same topic

group and other topics
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Comparison of different hybrid methods in paper
recommendation

From Figure 2, we knew that citation-based methods and text-
based methods can complement each other. Specifically, BC
and 3text-based methods can be combined at different weighted
values. We used the AUPR indicator to measure recall and pre-
cision of hybrid methods in paper recommendations. Figure 3
shows the average AUPR of hybrid methods at different A val-
ues. When A=0, the recommendation was fully based on BC;
when A=1, only the text-based methods were used. For BC
alone, the AUPR value was about 0.55. For BM25 and COSINE
alone, AUPR values were about 0.62 and 0.66, respectively.
When A increased in value, it signified a decreased weight of
BC and an increased weight of BM25 or COSINE similarity.
AUPR values first increased and then decreased slightly with
increasing A (Figure 4). For hybrid methods of BC withBM25
and BC with COSINE, AUPR values were higher than those of
the similarity methods used alone. For hybrid methods of BC
and PMRA, most of the AUPR values were higher than the sin-
gle PMRA but lower than the single BC.

For all three text-based methods, citation-based assessments of
similarity improved the recommendation performance, espe-
cially for PMRA. Combining text-based similarity with BC
could also improve the performance of BC, even in cases in
which the text-based approach alone had low performance. The
values of AUPR changed with A values: they initially rose and
then fell. We calculated the A values when AUPR for hybrid
methods reached their maximums: for BC with PMRA, the
AUPR reached its maximum when A was 0.025; for BC with
BM25 and BC with Cosine, both AUPRSs reached their maxi-
mums when A was 0.02.
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Figure 3-Average AUPR of hybrid methods with different
values.
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Figure 4-Performance comparison between single and hybrid
similarity measurements

Figure 4 showed a comparison of the performance of single and
hybrid similarity methods at maximum AUPR. For the hybrid
methods, the best A was chosen (i.e., when AUPR was at its
maximum). For PMRA, BM25, and Cosine, the values of
were0.025, 0.02, and 0.02, respectively. Blue columns repre-
sent single methods and yellow columns represent hybrid meth-
ods of BC and text-based measurements. The AUPR values of
all hybrid methods were higher than those of any single method.
The black line on each column corresponds to its 95% confi-
dence interval (CI): the 95% CIs for each single method and its
hybrid method did not intersect, which demonstrates that the
difference in AUPR between each single method and its hybrid
method was statistically significant. For document recommen-
dation, hybrid methods were better than single methods.

Discussion

Citation-based methods have advantages in the ability to distin-
guish among papers. However, it is impossible for researchers
to cite all relevant documents, as a massive amount of literature
is available. Documents that were cited by one paper may be
positive or negative references, and references located in differ-
ent paragraphs play different roles in regards to the citing doc-
ument. For example, references in the Results or Discussion
sections are more important than those in the Introduction or
Methods sections. As a result, it is not sufficient to measure the
similarity between documents only on the basis of citation
links.

In this study, we explored hybrid methods of BC and text sim-
ilarity in paper recommendation, and we compared the perfor-
mances of single BC, BM25, Cosine and PMRA methods with
hybrid methods of BC linearly combined with BM25, Cosine,
and PMRA using TREC Genomics Track 2005 datasets. Over-
all, BC and text-based methods can complement each other. For
paper recommendation, the performances of all hybrid methods
were better than any of the single methods alone. Among the
hybrid methods, the performance of BC combined withBM25
and BC combined with Cosine were better than BC combined
with PMRA. The hybrid methods performed best when the
weights of BM25, Cosine, and PMRA were 0.025,0.2, and0.2,
respectively.

Conclusions

Citation-based methods and text-based methods may be suita-
ble for different analysis granularities or levels. For topic level,
text content is easier to identify, so text-based methods would
be better. However, at middle or macro levels, such as journal
or subject level, BC may be better than text-based content meth-
ods of evaluation. At different levels, citation-based methods
and text-based methods play different roles in document rec-
ommendation or clustering. In the future, we plan to test the
hybrid methods at more levels and discern which method’s
weight is higher and identify how they can be used together.

In this study, we linearly combined BC with text-based meth-
ods, but, perhaps other hybrid methods are better. Document
recommendation results depend on actual experimental data
and research objective, so hybrid methods in various datasets
and under different user demands should be verified. For this
study, we only used the titles and abstracts for methods based
on text content, but some methods, such as PMRA, perform bet-
ter when full-text analysis is used. These hybrid methods should
be tested in more practical applications and larger data collec-
tions.
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