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Abstract

The main approach of traditional information retrieval (IR) is to examine how many words from a
query appear in a document. A drawback of this approach, however, is that it may fail to detect
relevant documents where no or only few words from a query are found. The semantic analysis
methods such as LSA (latent semantic analysis) and LDA (latent Dirichlet allocation) have been
proposed to address the issue, but their performance is not superior compared to common IR
approaches. Here we present a query-document similarity measure motivated by the Word
Mover’s Distance. Unlike other similarity measures, the proposed method relies on neural word
embeddings to compute the distance between words. This process helps identify related words
when no direct matches are found between a query and a document. Our method is efficient and
straightforward to implement. The experimental results on TREC Genomics data show that our
approach outperforms the BM25 ranking function by an average of 12% in mean average
precision. Furthermore, for a real-world dataset collected from the PubMed® search logs, we
combine the semantic measure with BM25 using a learning to rank method, which leads to
improved ranking scores by up to 25%. This experiment demonstrates that the proposed approach
and BM25 nicely complement each other and together produce superior performance.
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1. Introduction

In information retrieval (IR), queries and documents are typically represented by term
vectors where each term is a content word and weighted by #f-idf, i.e. the product of the term
frequency and the inverse document frequency, or other weighting schemes [1]. The
similarity of a query and a document is then determined as a dot product or cosine similarity.
Although this works reasonably, the traditional IR scheme often fails to find relevant
documents when synonymous or polysemous words are used in a dataset, e.g. a document
including only “neoplasm” cannot be found when the word “cancer” is used in a query. One
solution of this problem is to use query expansion [2, 3, 4, 5] or dictionaries, but these
alternatives still depend on the same philosophy, i.e. queries and documents should share
exactly the same words.

While the term vector model computes similarities in a sparse and high-dimensional space,
the semantic analysis methods such as latent semantic analysis (LSA) [6, 7] and latent
Dirichlet allocation (LDA) [8] learn dense vector representations in a low-dimensional
space. These methods choose a vector embedding for each term and estimate a similarity
between terms by taking an inner product of their corresponding embeddings [9]. Since the
similarity is calculated in a latent (semantic) space based on context, the semantic analysis
approaches do not require having common words between a query and documents. However,
it has been shown that LSA and LDA methods do not produce superior results in various IR
tasks [10, 11, 12] and the classic ranking method, BM25 [13], usually outperforms those
methods in document ranking [14, 15].

Neural word embedding [16, 17] is similar to the semantic analysis methods described
above. It learns low-dimensional word vectors from text, but while LSA and LDA utilize co-
occurrences of words, neural word embedding learns word vectors to predict context words
[11]. Moreover, training of semantic vectors is derived from neural networks. Both co-
occurrence and neural word embedding approaches have been used for lexical semantic
tasks such as semantic relatedness (e.g. king and queen), synonym detection (e.g. cancer and
carcinoma) and concept categorization (e.g. banana and pineapple belong to fruits) [11, 18].
But, Baroni et al. [11] showed that neural word embedding approaches generally performed
better on such tasks with less effort required for parameter optimization. The neural word
embedding models have also gained popularity in recent years due to their high performance
in NLP tasks [19].

Here we present a query-document similarity measure using a neural word embedding
approach. This work is particularly motivated by the Word Mover’s Distance [20]. Unlike
the common similarity measure taking query/document centroids of word embeddings, the
proposed method evaluates a distance between individual words from a query and a
document. Our first experiment was performed on the TREC 2006 and 2007 Genomics
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benchmark sets [21, 22], and the experimental results showed that our approach was better
than BM25 ranking. This was solely based on matching queries and documents by the
semantic measure and no other feature was used for ranking documents.

In general, conventional ranking models (e.g. BM25) rely on a manually designed ranking
function and require heuristic optimization for parameters [23, 24]. In the age of information
explosion, this one-size-fits-all solution is no longer adequate. For instance, it is well known
that links to a web page are an important source of information in web document search
[25], hence using the link information as well as the relevance between a query and a
document is crucial for better ranking. In this regard, learning to rank [23] has drawn much
attention as a scheme to learn how to combine diverse features. Given feature vectors of
documents and their relevance levels, a learning to rank approach learns an optimal way of
weighting and combining multiple features.

We argue that the single scores (or features) produced by BM25 and our proposed semantic
measure complement each other, thus merging these two has a synergistic effect. To confirm
this, we measured the impact on document ranking by combining BM25 and semantic
scores using the learning to rank approach, LamdaMART [26, 27]. Trained on PubMed user
queries and their click-through data, we evaluated the search performance based on the most
highly ranked 20 documents. As a result, we found that using our semantic measure further
improved the performance of BM25.

Taken together, we make the following important contributions in this work. First, to the best
of our knowledge, this work represents the first investigation of query-document similarity
for information retrieval using the recently proposed Word Mover’s Distance. Second, we
modify the original Word Mover’s Distance algorithm so that it is computationally less
expensive and thus more practical and scalable for real-world search scenarios (e.g.
biomedical literature search). Third, we measure the actual impact of neural word
embeddings in PubMed by utilizing user queries and relevance information derived from
click-through data. Finally, on TREC and PubMed datasets, our proposed method achieves
stronger performance than BM25.

2. Methods

A common approach to computing similarity between texts (e.g. phrases, sentences or
documents) is to take a centroid of word embeddings, and evaluate an inner product or
cosine similarity between centroids® [15, 28]. This has found use in classification and
clustering because they seek an overall topic of each document. However, taking a simple
centroid is not a good approximator for calculating a distance between a query and a
document [20]. This is mostly because queries tend to be short and finding the actual query
words in documents is feasible and more accurate than comparing lossy centroids.
Consistent with this, our approach here is to measure the distance between individual words,
not the average distance between a query and a document.

IThe implementation of word2vec also uses centroids of word vectors for calculating similarities (https://code.google.com/archive/p/

word2vec).
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2.1. Word Mover’s Distance

Our work is based on the Word Mover’s Distance between text documents [20], which
calculates the minimum cumulative distance that words from a document need to travel to
match words from a second document. In this subsection, we outline the original Word
Mover’s Distance algorithm, and our adapted model is described in Section 2.2.

First, following Kusner et al. [20], documents are represented by normalized bag-of-words
(BOW) vectors, i.e. if a word w;appears #f;times in a document, the weight is

tfi

di=s
Yiatly @

where nis number of words in the document. The higher the weight, the more important the
word. They assume a word embedding so that each word wjhas an associated vector x; The
dissimilarity ¢ between wjand w;is then calculated by

c(i, j)=|1xi—x;ll5- 2

The Word Mover’s Distance makes use of word importance and the relatedness of words as
we now describe.

Let D and D’ be BOW representations of two documents Dand D", Let T € ® " be a flow
matrix, where T ;7> 0 denotes how much it costs to travel from w;in Dto w;in D’ and nis
the number of unique words appearing in D and/or D”. To entirely transform D to D, we

ensure that the entire outgoing flow from w;equals @jand the incoming flow to wj;equals d;.
The Word Mover’s Distance between Dand D ”is then defined as the minimum cumulative
cost required to move all words from Dto D’ or vice versa, i.e.

n
min T;.c(i, g
Inin MZ:l ijc(i, J)

n
subjectto Y Ty=d;,Vie {1,...,n}
i=1

3 T;i=d.,Vje{l,...,n}.
7; ) i J { } (3)

The solution is attained by finding T ; that minimizes the expression in Eqg. (3). Kusner et al.
[20] applied this to obtain nearest neighbors for document classification, i.e. ~NN
classification and it produced outstanding performance among other state-of-the-art
approaches. What we have just described is the approach given in Kusner et al. We will
modify the word weights and the measure of the relatedness of words to better suit our
application.
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2.2. Our query-document similarity measure

While the prior work gives a hint that the Word Mover’s Distance is a reasonable choice for
evaluating a similarity between documents, it is uncertain how the same measure could be
used for searching documents to satisfy a query. First, it is expensive to compute the Word
Mover’s Distance. The time complexity of solving the distance problem is O(/# log 1) [29].
Second, the semantic space of queries is not the same as those of documents. A query
consists of a small number of words in general, hence words in a query tend to be more
ambiguous because of the restricted context. On the contrary, a text document is longer and
more informational. Having this in mind, we realize that ideally two distinctive components
could be employed for query-document search: 1) mapping queries to documents using a
word embedding model trained on a document set and 2) mapping documents to queries
using a word embedding model obtained from a query set. In this work, however, we aim to
address the former, and the mapping of documents to queries remains as future work.

For our purpose, we will change the word weight d/;to incorporate inverse document
frequency (idh, i.e.

tfi

dizidf(i)w7 @
i =184

where idf (i)=log %% 2. Kis the size of a document set and &;is the number of documents
that include the th term. The rationale behind this is to weight words in such a way that
common terms are given less importance. It is the /dffactor normally used in ¢~/dfand
BM25 [30, 31]. In addition, our word embedding is a neural word embedding trained on the

25 million PubMed titles and abstracts.

Let Q and D be BOW representations of a query Q and a document D. Dand D “in Section
2.1 are now replaced by Qand D, respectively. Since we want to have a higher score for
documents relevant to Q, ¢(4, j) is redefined as a cosine similarity, i.e.

“ Il (s)

In addition, the problem we try to solve is the flow Q — D. Hence, Eq. (3) is rewritten as
follows.

n
max Tic(i, g
T2 MZZZI ij ( 7])

subject to Zn: Tij=d;,Vie {1,...,n},
=1 (6)
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where djrepresents the word w;in Q. idf(J) in Eq. (4) is unknown for queries, therefore we
compute /df{J) based on the document collection. The optimal solution of the expression in
Eqg. (6) is to map each word in Qto the most similar word in D based on word embeddings.
The time complexity for getting the optimal solution is O(mr), where m is the number of
unique query words and 7 is the number of unique document words. In general, m < nand
evaluating the similarity between a query and a document can be implemented in parallel
computation. Thus, the document ranking process can be quite efficient.

2.3. Learning to rank

In our study, we use learning to rank to merge two distinctive features, BM25 scores and our
semantic measures. This approach is trained and evaluated on real-world PubMed user
queries and their responses based on click-through data [32]. While it is not common to use
only two features for learning to rank, this approach is scalable and versatile. Adding more
features subsequently should be straightforward and easy to implement. The performance
result we obtain demonstrates the semantic measure is useful to rank documents according
to users’ interests.

We briefly outline learning to rank approaches [33, 34] in this subsection. For a list of
retrieved documents, i.e. for a query Q and a set of candidate documents, D= {Dy, D, ...,
D}, we are given their relevancy judgements y= {4, Vs, ..., ¥m} Where y;is a positive
integer when the document Djis relevant and 0 otherwise. The goal of learning to rank is to
build a model A that can rank relevant documents near or at the top of the ranked retrieval
list. To accomplish this, it is common to learn a function A(w, y(Q,D)), where w is a weight
vector applied to the feature vector y(Q,D). A part of learning involves learning the weight
vector but the form of /7 may also require learning. For example, /#may involve learned
decision trees as in our application.

In particular, we use LambdaMART [26, 27] for our experiments. LambdaMART is a
pairwise learning to rank approach and is being used for PubMed relevance search. While
the simplest approach (pointwise learning) is to train the function / directly, pairwise
approaches seek to train the model to place correct pairs higher than incorrect pairs, i.e. /(w,
w(Q,D) = Mw, y(Q,D))+e, where the document D;is relevant and Djis irrelevant. e
indicates a margin. LambdaMART is a boosted tree version of LambdaRank [27]. An
ensemble of LambdaMART, LambdaRank and logistic regression models won the Yahoo!
learning to rank challenge [24].

3. Results and discusssion

Our resulting formula from the Word Mover’s Distance seeks to find the closest terms for
each query word. Figure 1 depicts an example with and without using our semantic
matching. For the query, “negative pressure wound therapy”, a traditional way of searching
documents is to find those documents which include the words “negative”, “pressure”,
“wound” and “therapy”. As shown in the figure, the words, “pressure” and “therapy”, cannot
be found by perfect string match. On the other hand, within the same context, the semantic
measure finds the closest words “NPWT” and “therapies” for “pressure” and “therapy”,

respectively. Identifying abbreviations and singular/plural would help match the same words,
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but this example is to give a general idea about the semantic matching process. Also note
that using dictionaries such as synonyms and abbreviations requires an additional effort for
manual annotation.

In the following subsections, we describe the datasets and experiments, and discuss our
results.

3.1. Datasets

To evaluate our word embedding approach, we used two scientific literature datasets: TREC
Genomics data and PubMed. Table 1 shows the number of queries and documents in each
dataset. TREC represents the benchmark sets created for the TREC 2006 and 2007
Genomics Tracks [21, 22]. The original task is to retrieve passages relevant to topics (i.e.
queries) from full-text articles, but the same set can be utilized for searching relevant
PubMed documents. We consider a PubMed document relevant to a TREC query if and only
if the full-text of the document contains a passage judged relevant to that query by the TREC
judges. Our setup is more challenging because we only use PubMed abstracts, not full-text
articles, to find evidence.

Machine learning approaches, especially supervised ones such as learning to rank, are
promising and popular nowadays. Nonetheless, they usually require a large set of training
examples, and such datasets are particularly difficult to find in the biomedical domain. For
this reason, we created a gold standard set based on real (anonymized) user queries and the
actions users subsequently took, and named this the PubMed set.

To build the PubMed set, we collected one year’s worth of search logs and restricted the set
of queries to those where users requested the relevance order and which yielded at least 20
retrieved documents. This set contained many popular but duplicate queries. Therefore, we
merged queries and summed up user actions for each of them. That is, for each document
stored for each query, we counted the number of times it was clicked in the retrieved set (i.e.
abstract click) and the number of times users requested full-text articles (i.e. full-text click).
We considered the queries that appeared less than 10 times to be less informative because
they were usually very specific, and we could not collect enough user actions for training.
After this step, we further filtered out non-informational queries (e.g. author and journal
names). As the result, 27,870 queries remained for the final set.

The last step for producing the PubMed set was to assign relevance scores to documents for
each query. We will do this based on user clicks. It is known that click-through data is a
useful proxy for relevance judgments [35, 36, 37]. Let a(D, Q) be the number of clicks to the
abstract of a document D from the results page for the query Q. Let D, Q) be the number of
clicks from D’s abstract page to its full-text, which result from the query Q. Let A € R* be
the boost factor for documents without links to full-text articles. F7{D) is the indicator
function such that £7{D) = 1 if the document Dincludes a link to full-text articles and
FT(D) = 0 otherwise. We can then calculate the relevance, y; of a document for a given

query:
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9@, D)=p-a(@. D)+ (1-) - QD)+ &2 1 pr(p))

Y

M is the trade-off between the importance of abstract clicks and full-text clicks. The last term
of the relevance function gives a slight boost to documents without full-text links, so that
they get a better relevance (thus rank) than those for which full-text is available but never
clicked, assuming they all have the same amount of abstract clicks. We manually tuned the
parameters based on user behavior and log analyses, and used the settings, #=0.33 and A =
15.

Compared to the TREC Genomics set, the full PubMed set is much larger, including all 27
million documents in PubMed. While the TREC and PubMed sets share essentially the same
type of documents, the tested queries are quite different. The queries in TREC are a question
type, e.g. “what is the role of MMS2 in cancer?” However, the PubMed set uses actual
queries from PubMed users.

In our experiments, the TREC set was used for evaluating BM25 and the semantic measure
separately and the PubMed set was used for evaluating the learning to rank approach. We did
not use the TREC set for learning to rank due to the small number of queries. Only 62
queries and 162,259 documents are available in TREC, whereas the PubMed set consists of
many more queries and documents.

3.2. Word embeddings and other experimental setup

We used the skip-gram model of word2vec [17] to obtain word embeddings. The alternative
models such as GloVe [12] and Fast Text [38] are available, but their performance varies
depending on tasks and is comparable to word2vec overall [39, 40]. word2vec was trained
on titles and abstracts from over 25 million PubMed documents. Word vector size and
window size were set to 100 and 10, respectively. These parameters were optimized to
produce high recall for synonyms [41]. Note that an independent set (i.e. synonyms) was
used for tuning word2vec parameters, and the trained model is available online (https:/
www.ncbi.nlm.nih.gov/IRET/DATASET).

For experiments, we removed stop words from queries and documents. BM25 was chosen
for performance comparison and the parameters were set to A= 1.9 and 6= 1.0 [42]. Among
document ranking functions, BM25 shows a competitive performance [43]. It also
outperforms co-occurrence based word embedding models [14, 15]. For learning to rank
approaches, 70% of the PubMed set was used for training and the rest for testing. The
RankLib library (https://sourceforge.net/p/lemur/wiki/RankLib/) was used for implementing
LambdaMART and the PubMed experiments.

3.3. TREC experiments

Table 2 presents the average precision of #-idf (TFIDF), BM25, word vector centroid
(CENTROID) and our embedding approach on the TREC dataset. Average precision [44] is
the average of the precisions at the ranks where relevant documents appear. Relevance
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judgements in TREC are based on the pooling method [45], i.e. relevance is manually
assessed for top ranking documents returned by participating systems. Therefore, we only
used the documents that annotators reviewed for our evaluation [2].

As shown in Table 2, BM25 performs better than TFIDF and CENTROID. CENTROID
maps each query and document to a vector by taking a centroid of word embedding vectors,
and the cosine similarity between two vectors is used for scoring and ranking documents. As
mentioned earlier, this approach is not effective when multiple topics exist in a document.
From the table, the embedding approach boosts the average precision of BM25 by 19% and
6% on TREC 2006 and 2007, respectively. However, CENTROID provides scores lower
than BM25 and SEM approaches.

Although our approach outperforms BM25 on TREC, we do not claim that BM25 and other
traditional approaches can be completely replaced with the semantic method. We see the
semantic approach as a means to narrow the gap between words in documents and those in
queries (or users’ intentions). This leads to the next experiment using our semantic measure
as a feature for ranking in learning to rank.

3.4. PubMed experiments

For the PubMed dataset, we used learning to rank to combine BM25 and our semantic
measure. An advantage of using learning to rank is its flexibility to add more features and
optimize performance by learning their importance. PubMed documents are semi-structured,
consisting of title, abstract and many more fields. Since our interest lies in text, we only used
titles and abstracts, and applied learning to rank in two different ways: 1) to find
semantically closest words in titles (BM25 + SEMjt1e) and 2) to find semantically closest
words in abstracts (BM25 + SEM apqtract)- Although our semantic measure alone produces
better ranking scores on the TREC set, this does not apply to user queries in PubMed. It is
because user queries are often short, including around three words on average, and the
semantic measure cannot differentiate documents when they include all query words.

Table 3 shows normalized discounted cumulative gain (NDCG) scores for top 5, 10 and 20
ranked documents for each approach. NDCG [46] is a measure for ranking quality and it
penalizes relevant documents appearing in lower ranks by adding a rank-based discount
factor. In the table, reranking documents by learning to rank performs better than BM25
overall, however the larger gain is obtained from using titles (BM25 + SEMritje) by
increasing NDCG@20 by 23%. NDCG@5 and NDCG@10 also perform better than BM25
by 23% and 25%, respectively. It is not surprising that SEMrje produces better performance
than SEM apstract- The current PubMed search interface does not allow users to see abstracts
on the results page, hence users click documents mostly based on titles. Nevertheless, it is
clear that the abstract-based semantic distance helps achieve better performance.

After our experiments for Table 3, we also assessed the efficiency of learning to rank (BM25
+ SEMrTit1e) by measuring query processing speed in PubMed relevance search. Using 100
computing threads, 900 queries are processed per second, and for each query, the average
processing time is 100 milliseconds, which is fast enough to be used in the production
system.
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4. Conclusion

We presented a word embedding approach for measuring similarity between a query and a
document. Starting from the Word Mover’s Distance, we reinterpreted the model for a
query-document search problem. Even with the Q — D flow only, the word embedding
approach is already efficient and effective. In this setup, the proposed approach cannot
distinguish documents when they include all query words, but surprisingly, the word
embedding approach shows remarkable performance on the TREC Genomics datasets.
Moreover, applied to PubMed user queries and click-through data, our semantic measure
allows to further improves BM25 ranking performance. This demonstrates that the semantic
measure is an important feature for IR and is closely related to user clicks.

While many deep learning solutions have been proposed recently, their slow training and
lack of flexibility to adopt various features limit real-world use. However, our approach is
more straightforward and can be easily added as a feature in the current PubMed relevance
search framework. Proven by our PubMed search results, our semantic measure improves
ranking performance without adding much overhead to the system.
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. This work investigates query-document similarity for information retrieval
using the Word Mover’s Distance.

. We modify the original Word Mover’s Distance algorithm so that it is
computationally less expensive and thus more practical and scalable for real-
world search scenarios.

. We measure the actual impact of neural word embeddings in PubMed by
utilizing user queries and click-through based relevance information.

. Applied to TREC Genomics and PubMed datasets, our approach achieves
stronger performance than traditional ranking functions.
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Figure 1.

Abstract

With an ageing population and a growing number of people with obesity and/or undergoing advanced cance there is
an increasing risk of surgical site complications including surgical site infections (SSls). Postoperative shifting of large mobilised
tissue flaps, such as in abdominoplasties, remains a dreaded complication, particularly following massive weight loss. Besides
mplications for the patient, surgical site result in an burden due to prolonged and repeated
reatments. Preventative tools to reduce SSls are needed. In selected patients at high risk of SSI and/ol
breakdown, use of incisional Tlhas been shown to actively manage clean, closed surgical incisions. This article contains a
review of scientific and clinical research relevant to incisional ise over surgical incisions, with particular emphasis on the
ntouring surgery in post-bariatric patients. Although there are

Hiressings over the ventral and lateral trunk following post-bariatric abdominal dermoli , results showed a
significant reduction in exudate formation, earlier drain removal, and decreased length of hospitalisation, compared with
conventional treatment. Additional controlled studies are needed to validate the clinical impact of incisionallN
body-contouring surgery, and to determine proper recommendations for its use.
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Matching the query, “negative pressure wound therapy” with the words in the abstract of
PMID 25853645 using the exact string match vs. the semantic string match. The blue boxes
indicate that the words appear in the query. Additional words (orange boxes) are found using
our semantic measure.
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Table 1

Number of queries and documents for TREC and PubMed experiments. TREC 2006 includes 28 queries
originally but two were removed because there were no relevant documents.

Dataset # Queries  # Documents

TREC 2006 26 162,259
TREC 2007 36 162,259

PubMed 27,870 27,098,6292

2This is the number of PubMed documents as of Apr. 6, 2017. This number and the actual number of documents used for our experiments may differ slightly.
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Table 2

Mean average precision of #-/df (TFIDF), BM25, word vector centroid (CENTROID) and our semantic
approach (SEM) on the TREC set.

Method TREC 2006 TREC 2007

TFIDF 0.3018 0.2375
BM25 0.3136 0.2463
CENTROID 0.2363 0.2459
SEM 0.3732 0.2601
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Table 3

NDCG scores for BM25 and learning to rank (BM25 + SEM) search results. We used two fields from PubMed
documents for the learning to rank approach. “Title” and “Abstract” mean only words from titles and abstracts
were used to compute semantic scores, respectively. The scores in parentheses show the improved ratios of
BM25 + SEM to BM25 ranking.

Method NDCG@5 NDCG@10 NDCG@20

BM25 0.0854 0.1145 0.1495
BM25 + SEMyye  0.1048 (22.72%)  0.1427 (24.59%)  0.1839 (23.03%)
BM25 + SEMapsract~ 0.0917 (7.38%)  0.1232 (7.57%)  0.1592 (6.51%)

J Biomed Inform. Author manuscript; available in PMC 2018 November 01.



	Abstract
	Graphical Abstract
	1. Introduction
	2. Methods
	2.1. Word Mover’s Distance
	2.2. Our query-document similarity measure
	2.3. Learning to rank

	3. Results and discusssion
	3.1. Datasets
	3.2. Word embeddings and other experimental setup
	3.3. TREC experiments
	3.4. PubMed experiments

	4. Conclusion
	References
	Figure 1
	Table 1
	Table 2
	Table 3

