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Abstract

In this paper, we propose two novel web-based metrics
for semantic similarity computation between words. Both
metrics use a web search engine in order to exploit the re-
trieved information for the words of interest. The first metric
considers only the page counts returned by a search engine,
based on the work of [1]. The second downloads a number
of the top ranked documents and applies “wide-context”
and “narrow-context” metrics. The proposed metrics work
automatically, without consulting any external knowledge
resource. The metrics are compared with WordNet-based
methods. The metrics’ performance is evaluated in terms of
correlation with respect to the pairs of the commonly used
Charles - Miller dataset. The proposed “wide-context”
metric achieves 71% correlation, which is the highest score
achieved among the fully unsupervised metrics in the liter-
ature up to date.

1 Introduction

Many applications dealing with information retrieval and
natural language processing require knowledge of semantic
similarity between words. For example, in query expansion
the addition of semantically related words to the query it is
likely to increase the relevant retrieved documents, which
in other case may be missed [9]. This raises the idea of se-
mantic representation and retrieval rather than lexical string
matching [5]. In [24, 14, 7], the queries are expanded using
related words, acquired from WordNet. In general, query
expansion is shown to increase the recall of the retrieved
documents. Gaugh et al. [9] added semantic similar words
to queries according to a similarity measure. The similarity
between query and candidate additional words was calcu-
lated using a corpus-based cosine similarity measure.

Semantic similarity metrics are also used in Semantic
Web applications, like automatic annotation of web pages
[3] and social networks construction [15, 17]. Mori et al.

[17], applied a similarity metric to calculate the context sim-
ilarity between entity pairs in order to cluster them accord-
ing to their similarity. After the creation of clusters, a num-
ber of terms were extracted from each cluster and used as
labels in order to describe the relations among the entity
pairs.

Moreover, semantic similarity measures are important
for many natural language processing (NLP) tasks, such as
language modeling [8], word sense disambiguation, speech
understanding and spoken dialogue systems. In [19, 11],
several unsupervised, statistical metrics are discussed for
automatic induction of semantic classes, applied on homo-
geneous and heterogeneous corpora.

The majority of the semantic similarity metrics em-
ployed today use hand-crafted language resources, e.g., on-
tologies and most commonly WordNet. The use and main-
tenance of resources, such as thesauri or ontologies, is a
costly task. Also language resources are not ubiquitous,
are unavailable for most language and provide no informa-
tion for words or concepts not included in the repository.
Continuously updating these resources is a time consuming
and tedious task, demanding human labor and often expert
knowledge.

Recently there has been much research interest in devel-
oping text-based approaches for estimating semantic simi-
larity for unseen words; most of these methods use the web
and search engines for text corpus mining. The web has a
multilingual character, in which new words, neologisms and
hapax legomena, are added frequently and efficiently. Thus
it is the obvious place for mining semantic relationships for
unseen words. Most of the text-based approaches to seman-
tic similarity employ hand-crafted filtering rules and lan-
guage resources to obtain and process the text corpus. As
a result these methods are not of much use for applications
where human and language resources are sparse.

In this paper, we focus on the problem offully unsu-
pervised semantic similarity computation, no hand-crafted
rules or resources are employed. Web search engines are
used for text corpus mining and context-based similarity



distances are automatically computed on this corpus. Unsu-
pervised semantic similarity estimation algorithms are im-
portant because they require no expert knowledge and no
language resources; for many languages and applications
this is the only realistic choice. In addition to their practical
interest, automatically acquiring semantic similarity from
text can also help us better understand the human language
acquisition process, which is also (at the semantic level)
mostly unsupervised.

The remainder of the paper is organized as follows. In
Section 2 we discuss the related work dealing with seman-
tic similarity computation between words. The proposed
metrics are defined in Section 3. The conducted experi-
ments and the benchmark dataset are described in Section 4.
In Section 5 we present the evaluation results for the pro-
posed metrics and, also, we make a brief comparative dis-
cussion between these metrics and metrics that consult ex-
ternal knowledge resources, like WordNet. Section 6 con-
cludes the paper and gives interesting directions for further
research.

2 Related work

The metrics that measure semantic similarity between
words or terms can be divided into three main categories re-
garding the use of knowledge resource or not: (a) resource-
based metrics, consulting only human-built knowledge-
bases, such as WordNet, (b) metrics that perform text min-
ing, relying on knowledge resources, and (c) unsupervised
metrics that are fully text-based, exploring only the raw tex-
tual information. The later category of metrics is fully au-
tomatic and does not use any knowledge resource.

Several methods of the first category have been proposed
in the literature regarding the use of WordNet for semantic
similarity computation. Edge counting methods consider
the length of the paths that links the words, as well as words’
positions in the taxonomic structure [13]. Information con-
tent methods find the difference of the contextual informa-
tion between words as a function of their occurrence prob-
ability with respect to a corpus [12]. Hybrid methods com-
bine synsets with word neighborhoods and other features
[20].

In the work of Bollegala et al. [1], a hybrid method,
among others, is defined that combines page counts, re-
turned by a search engine, and lexico-syntactic patterns, ex-
tracted from the returned snippets using a number of syn-
onymous nouns acquired from WordNet.

More recently, unsupervised, web-based similarity met-
rics have been proposed, that collect information by query-
ing web search engines. Sahami et al. [21], measure the
similarity between short text snippets by using web search
engine results to get greater context for the examined snip-
pets. Also, in [1], some co-occurence metrics are proposed

that use only the returned by a search engine page counts
as similarity features between words. Moreover, unsuper-
vised, fully text-based similarity statistical metrics are de-
fined in [19, 11], applied in various corpora.

3 Unsupervised web-based similarity metrics

In order to calculate the semantic similarity between
words we present two types of unsupervised, web-based
similarity metrics. The first type considers only the page
counts returned by a web search engine, as in [1]. The
second is fully text-based, exploring the contexts of down-
loaded documents that include the words of interest.

3.1 Page-count-based similarity metrics

The basic idea under this approach is that the word co-
occurrence is likely to indicate some kind of semantic re-
lationship between words. A quick approximation of word
co-occurrence can be estimated exploring the web. How-
ever, the number of documents in which a certain word pair
co-occurs, does not express a direct semantic similarity. In
addition, it is reasonable to, also, take into account the num-
ber of documents that include the each pair component in-
dividually for normalization purposes.1 In other words,
for a word pair, we need to know the information that the
two words share, normalized by the degree of their inde-
pendence. We define the following [6]:
{D}: a set containing the whole document collection that
are indexed and accessible by a web search engine
|D |: the number of documents in collection{D}
wi: a word or term
{D |wi}: a subset of{D}, documents indexed bywi

{D |wi, wj}: a subset of{D}, documents indexed bywi

andwj

f(D |wi): the fraction of documents in{D} indexed with
wi

f(D |wi, wj): the fraction of documents in{D} indexed
with wi andwj

We use three co-occurrence measures in this paper, Jac-
card coefficient, Dice coefficient and Mutual Information,
to compute semantic similarity between word pairs as in
[1]. The Jaccard coefficient is a measurement calculating
the similarity (or diversity) between sets. We use a varia-
tion of the Jaccard coefficient in this paper defined as:

Jaccard(wi, wj) =
f(D |wi, wj)

f(D |wi) + f(D |wj)− f(D |wi, wj)
(1)

1It is interesting to note that web-based co-occurence metrics often out-
perform more elaborate corpus-based metrics. This shows that overcoming
the data sparseness problem is sometimes more important than building an
accurate estimator. For example an improved n-gram language probability
estimation using web n-gram occurence can be found in the literature [26].



In probabilistic terms, Equation 1 finds the maximum
likelihood estimate of the ratio of the probability of finding
a document where wordswi and wj co-occur over the
probability of finding a document where eitherwi or wj

occurs2. If wi andwj are the same word then the Jaccard
coefficient is equal to1 (absolute semantic similarity). If
two words never co-occur in a document then the Jaccard
coefficient is0.

The Dice coefficient is related to the Jaccard coeffi-
cient and is computed as:

Dice(wi, wj) =
2f(D |wi, wj)

f(D |wi) + f(D |wj)
(2)

Again, the Dice coefficient equals to1 if wi and wj are
identical, and0 if two words never co-occur.

If we consider the occurrence of wordswi and wj as
random variablesX andY , respectively, then the pointwise
mutual information (MI) amongX and Y measures the
mutual dependence between the appearance of wordswi

andwj [2]. The maximum likelihood estimate ofMI is

MI(X, Y ) = log
f(D|wi,wj)

|D|
f(D|wi)

|D|
f(D|wj)

|D|

(3)

Mutual information measures the information that variables
X andY share. It quantifies how the knowledge of one vari-
able reduces the uncertainty about the other. For instance,
if X andY are independent, then knowingX does not give
any information aboutY and the mutual information is0.
ForX = Y , the knowledge ofX gives the value ofY with-
out uncertainty and the mutual information is1. Note that
the fractions of documents are normalized by the number
of documents indexed by the search engine,|D |, giving a
maximum likelihood estimate of the probability of finding
a document in the web that contains this word.

3.2 Fully text-based similarity metrics

Two semantic similarity metrics that are variations of the
cosine similarity metric are used in order to measure the se-
mantic distance between words and to automatically gen-
erate semantic classes. The first metric,CSW

WS , computes
“wide-context” similarity between words using a “bag-
of-words” model, while the second metric,CSN , com-
putes “narrow-context” similarity using a bigram language
model.

These metrics rely on the idea thatsimilarity of context
implies similarity of meaning. We assume that words, which

2Normalization by the total number of documents|D | is the same for
the nominator and denominator, and can be ignored.

appear in similar lexical environment (left and right con-
texts), have a close semantic relation [10, 23, 19].

In “bag-of-words” [22, 11] models, for each wordw
in the vocabulary a context window sizeWS is selected.
The right and left contexts of lengthWS in the corpus
are considered for wordw, e.g., [vWS,L ... v2,L v1,L]
w [v1,R v2,R ... vWS,R], wherevi,L and vi,R repre-
sent theith word to the left and to the right ofw respec-
tively. The feature vector for every wordw is defined as
Tw,WS = (tw,1, tw,2, ..., tw,N ) wheretw,i is a non-negative
integer andWS is the context window size. Note that the
feature vector size is equal to the vocabulary sizeN , i.e.,
we have a feature for each word in the vocabularyV . The
ith feature valuetw,i reflects the occurrences of vocabulary
word vi within the left or right context windowWS. This
feature value is set according to a Binary (Bin.) or a Term
Frequency (Freq.) Scheme. The binary Scheme assigns 1 if
the wordvi appears within the left and right window con-
text of sizeWS for the wordw, while the term frequency
scheme assigns the number of occurrences ofvi in left and
right WS. Both schemes assign a 0 value ifvi does not exist
within WS. The “bag-of-words” metric,CSW

WS , using bi-
nary or term frequency scheme, measures the similarity of
two words,w1 andw2, as the cosine distance of their corre-
sponding feature vectors,Tw1,WS andTw2,WS [18, 11]:

CSW
WS(w1, w2) =

∑N
i=1 tw1,itw2,i√∑N

i=1(tw1,i)2
√∑N

i=1(tw2,i)2
(4)

given a context window of lengthWS.
In an n-gram language model a wordw is considered

with its neighboring wordsv1,L and v1,R in the left and
right contexts within a sequence. In order to calculate the
similarity of two words,w1 andw2, we compute the cosine
similarity between two feature vectors; each feature vector
of a wordw measures the conditional probability of all pos-
sible contextsvi given that wordp(vi|w), i.e., each vector
contains bigram language model probabilities for (context,
word) pairs. Semantic similarity is defined as

CSN (w1, w2) = CSN
L (w1, w2) + CSN

R (w1, w2) (5)

where the two terms of Eq. (5) are [19, 11]:

CSN
L (w1, w2) =

∑N
i=1 p(vi,L|w1)p(vi,L|w2)√∑N

i=1 p(vi,L|w1)2
√∑N

i=1 p(vi,L|w2)2

(6)

CSN
R (w1, w2) =

∑N
i=1 p(vi,R|w1)p(vi,R|w2)√∑N

i=1 p(vi,R|w1)2
√∑N

i=1 p(vi,R|w2)2

(7)
where V = (v1, v2, ..., vN ) is the vocabulary set, and
p(vi|w) is the conditional probability of wordvi preced-
ing w in the corpus given wordw, i.e., the(vi, w) bigram



model probability. The bigram language model was built
using the CMU Statistical Language Modeling Toolkit [4].
The “wide-context” and “narrow-context” metrics assign0
similarity score to completely dissimilar words, and1 in the
case of identical words.

4 Experiments

We experimented with (i) page-count-based, and
(ii) contextual similarity metrics, described in Section 3.1
and Section 3.2, respectively.

As a benchmark we used the commonly used
Miller-Charles dataset [16]. This dataset consists of noun
pairs that were rated according to their semantic similarity
by 38 human subjects. The assigned similarity scores range
from 0 (not similar) to4 (perfect synonymy). The selec-
tion of this dataset was motivated by its wide use. This fact
enabled us to compare our work with other approaches of
different nature that were, also, evaluated on this dataset.

For the contextual similarity metrics, for each pair,
“w1 w2”, of Miller-Charles dataset, we downloaded the100
top ranked documents for the following query types:

Type 1 “w1 AND w2” (e.g., “boy AND lad”)
Type 2 “w1”, “ w2” (e.g., “boy”, “lad”)

Table 1. Query types

The URLs for the top ranked documents were retrieved
using the Yahoo search engine via the Yahoo Search API
which is freely available [25]. In Table 1 the first query
type is a single query, which retrieves documents contain-
ing both words. The second query type consists of two dis-
tinct queries; the first one requires documents that contain,
at least,w1, while the second query is satisfied by docu-
ments in whichw2, at least, appears. For the first query type
up to100 documents were downloaded for each word pair
(100 documents per word were downloaded for the second
query type).

The motivation behind using the two different query
types is that the type of documents retrieved by each type of
query is semantically different. The Type 1 “and” query is
expected to retrieve documents that are semantically homo-
geneous, while the Type 2 query will produce documents
that are semantically more diverse. As a result using cor-
pora generated from “and” type queries, i.e., for a particular
word pair, the corresponding feature vectors are built on the
basis of a relatively coherent lexical environment, since the
component words co-occur in each retrieved document. In
contrast, the use of Type 2 query type results to more diverse
feature vectors. In this case the feature vector for each pair
word is constructed using different documents of, probably,
different expressive style and semantic content. In previous

work [11], we have seen better results for semantic simi-
larity computation in semantically homogeneous corpora.
Also the optimum context length (window size) varies sig-
nificantly depending on the semantic homogeneity of the
corpus (smaller for semantically homogeneous corpora).

5. Evaluation

In this section, we present a comparative evaluation
of the referred similarity metrics, in terms of correlation,
with respect to the human rating of Miller-Charles pairs.
First, the page-count-based similarity metrics defined in
Section 3.1 are evaluated. Next, we evaluate the proposed
fully text-based similarity metrics defined in Section 3.2.
The proposed metrics are also compared with metrics that
use WordNet as a knowledge source.

5.1 Evaluation of page-count-based metrics

The correlation scores between the page-count-based se-
mantic similarity metrics of Eqs. (1) - (3) and human ratings
of Miller-Charles pairs are presented in Table 2. The sim-
ilarity metrics based on the Jaccard and Dice coefficients
achieve similar correlation. This is reasonable given the
similarity of the two metrics. The Mutual Information met-
ric achieves significantly better performance. This is due
to the use of the logarithm non-linearity in the score com-
putation and the different normalization used in this metric.
Overall, all the page-count-based metrics obtain poor cor-
relation results. This is expected considering that no textual
information is included in this metrics, only the page counts
information.

Metric Jaccard Dice Mutual Information
Correlation 0.32 0.33 0.43

Table 2. Correlation of page-count metrics.

5.2 Evaluation of fully text-based metrics

Next we evaluate the “wide-context” metric,CSW
WS ,

which computes similarity between words using a “bag-
of-words” model and the “narrow-context” metric,CSN ,
which is based on a bigram language model. For the “wide-
context” metric we studied the impact of the feature vector
weighting scheme (binary or term frequency), as well as
how the window size (WS) affects the semantic similarity
computation.

Figure 1 illustrates the correlation between the “wide-
context” similarity metric and the human ratings of 28
Miller-Charles pairs. The correlation is shown for both bi-
nary and term frequency weighting schemes and various



window sizesWS. The similarity metric was computed on
the top 100 documents retrieved by the search engine for
web queries of Type 1 (“and”) for each of the 28 word pairs.
The correlation performance of the “narrow-context” metric
is also shown for the same query type as a dotted line.

Figure 1. Correlation of fully text-based met-
rics for queries of Type 1

We observe that the correlation decreases as the value of
window size,WS, increases; best results are obtained for
window size two or three. This suggests that the imme-
diate context (preceding and following two words) is suffi-
cient to compute semantic similarity using “and” query type
1. Furthermore, the “wide-context” metric using the binary
scheme outperforms the term frequency weighting scheme.
This is probably due to the fact that the term frequency
scheme gives more weight to the commonly occurring con-
text words that are often “non-content” words (aka stop-
words). These non-content words dominate the similarity
calculation between the two term frequency vectors, while
the binary weighting scheme is more robust to the pres-
ence of such words. The bigram “narrow-context” metric
achieves almost equal performance with the “wide-context”
metric of the term frequency scheme andWS = 2, since
both metrics use contextual frequency weighting schemes.
Overall, the highest correlation is obtained by the “wide-
context” metric using the binary scheme andWS = 2, and
it is equal to0.71.

In Table 3 the correlation for the “wide-context” metric
using the binary scheme andWS =2 is shown as a function
of the number of Type 1 retrieved documents. As expected

performance degrades as the number of downloaded docu-
ments per word pair decreases. Note that good correlation
(0.69) is achieved even when the top 50 downloaded docu-
ments are used in the similarity computation.

No. of Docs 5 10 25 50 75 100
Correlation 0.41 0.50 0.66 0.69 0.69 0.71

Table 3. Correlation vs. number of docs.

The use of queries of Type 2 resulted to unexpectedly
poor correlation scores. This is probably due to the very
different types of document retrieved with Type 2 queries,
i.e., lack of semantic homogeneity in the downloaded cor-
pus.

5.3 Unsupervised vs supervised metrics

In this section we compare the performance of the pro-
posed unsupervised metrics with other supervised and un-
supervised metrics. All of them were evaluated with respect
to the28 pairs of Charles - Miller dataset in terms of cor-
relation. A metric is considered to be unsupervised if does
not consult any knowledge resource. The main characteris-
tics of each metric are summarized in Table 4. The detailed
semantic similarity scores and the overall correlation with
human scores are presented in Table 5 for each metric.

The Li [13], Jiang [12], and X-Similarity [20] metrics
exploit the semantic hierarchical structure of WordNet, to
compute semantic similarity as described in Section 2. All
three metrics achieve higher correlation, but at the cost of
using additional information that was not derived from text
in an automatic unsupervised manner.

The performance of the web-based metrics is summa-
rized as follows. The resource-based SemSim metric, pro-
posed in [1], achieves a correlation score that is similar to
the ontology-based methods above. The fully unsupervised
Sahami [21] metric is shown to have a moderate correlation
(results are reproduced from the implementation and eval-
uation in [1]). The lowest correlation scores are achieved
by the metrics that consider only the returned page counts
for a query: Jaccard, Dice and mutual information (MI)
metrics. The proposed unsupervised, “wide-context” met-
ric CSW

WS=2 with the binary weighting scheme achieves the
highest correlation (0.71) among the unsupervised metrics.

6 Conclusions and future work

We presented two types of unsupervised, web-based
metrics for semantic similarity computation between words.
Both types use a web search engine in order to exploit the
retrieved information for the words of interest. The first
type considers only the page counts returned by the search



Metric Use of (
√

: yes, X: no) Need of Correlation
WWW Page Snippets Lexico- WordNet Download external
Search counts Syntactic documents knowledge
engine patterns

Jaccard
√ √

X X X X X 0.32
Dice

√ √
X X X X X 0.33

MI
√ √

X X X X X 0.43
Sahami

√
X

√
X X X X 0.58

SemSim
√ √ √ √ √

X
√

0.83
Li X X X X

√
X

√
0.82

Jiang X X X X
√

X
√

0.83
X-Similarity X X X X

√
X

√
0.75

ProposedCSW
WS=2

√
X X X X

√
X 0.71

(Binary)

Table 4. Characteristics of several similarity metrics

engine. The second type is fully text-based and needs a
number of the top ranked documents to be downloaded. We
applied two “wide-context” metrics and a “narrow-context”
metric to the downloaded documents. The proposed met-
rics do not consult any external knowledge resource. The
metric performance was evaluated on the commonly used
Charles - Miller word pair dataset.

The page-count-based metrics produced low to mid cor-
relation with human scores. Good correlation scores were
obtained with the fully text-based metric using a binary
weighting scheme, especially for small context windows.
The semantic distance was computed for each word pair on
a corpus of 50-100 retrieved documents where the words
co-occured. The best performance achieved for this metric
was0.71, which is the highest correlation score among the
fully unsupervised metrics in the literature. Furthermore,
we compared the proposed metrics with various state-of-
art resource-based metrics that use ontologies (e.g., Word-
Net) to compute semantic similarity. Overall, the perfor-
mance of the proposed method is satisfactory given that the
method is language-independence, fully automatic, requires
little computation-power and small amounts of web text.

We are currently investigating a variety of criteria for
improving the semantic similarity method including better
document selection (as opposed to web search engine rank-
ing) and better context word feature extraction (including
unsupervised algorithms for stemming and part of speech
tagging). Further research is needed to better understand
the limited performance for Type 2 queries and for the
frequency weighting scheme.
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Word Pair Miller- Jaccard Dice MI Sahami SemSim Li Jiang X-Similarity Binary
Charles CSW

WS=2

chord-smile 0.13 0.14 0.14 0.78 0.09 0 0.13 0.35 0.2 0.4
rooster-voyage 0.08 0.03 0.03 0.76 0.2 0.02 0 0.08 0 0
noon-string 0.08 0.2 0.21 0.79 0.08 0.02 0 0.18 0 0.16
glass-magician 0.11 0 0 0.82 0.14 0.18 0.14 0.68 0.14 0.18
monk-slave 0.55 0.23 0.24 0 0.1 0.38 0.45 0.39 0.32 0.19
coast-forest 0.42 0.61 0.63 0.81 0.25 0.41 0.25 0.29 0.18 0.76
monk-oracle 1.1 0.07 0.07 0.77 0.05 0.33 0.25 0.34 0.28 0.47
lad-wizard 0.42 0.09 0.1 0.82 0.15 0.22 0.45 0.32 0.36 0.37
forest-graveyard 0.84 0.13 0.13 0.85 0 0.55 0.09 0.19 0.07 0.11
food-rooster 0.89 0.03 0.03 0.76 0.8 0.6 0.04 0.4 0.05 0.35
coast-hill 0.87 0.99 0.99 0.82 0.29 0.87 0.44 0.71 0.34 0.18
car-journey 1.16 0.33 0.35 0.75 0.19 0.29 0 0.33 0.03 0.52
crane-implement 1.68 0.08 0.09 0.78 0.15 0.13 0.44 0.59 0.29 0.1
brother-lad 1.66 0.22 0.23 0.88 0.24 0.34 0.45 0.28 0.45 0.58
bird-crane 2.97 0.28 0.29 0.86 0.22 0.88 0.55 0.73 0.37 0.59
bird-cock 3.05 0.16 0.17 0.79 0.06 0.6 0.82 0.73 0.45 0.44
food-fruit 3.08 0.85 0.86 0.83 0.18 0.99 0.13 0.63 0.09 0.79
brother-monk 2.82 0.33 0.35 0.88 0.27 0.38 0.82 0.91 0.44 0.63
asylum-madhouse 3.61 0.07 0.08 0.95 0.21 0.77 0.82 0.97 0.44 0.51
furnace-stove 3.11 0.67 0.68 1 0.31 0.89 0.23 0.39 0.47 1
magician-wizard 3.5 0 0 0.92 0.23 1 1 1 0.1 0.59
journey-voyage 3.84 0.37 0.39 0.84 0.52 0.99 0.82 0.88 0.52 0.75
coast-shore 3.7 0.8 0.82 0.87 0.38 0.95 0.81 0.99 0.66 0.5
implement-tool 2.95 1 1 0.87 0.42 0.68 0.81 0.97 0.48 0.8
boy-lad 3.76 0.22 0.23 0.87 0.47 0.97 0.82 0.88 0.44 0.67
automobile-car 3.92 0.61 0.63 0.82 1 0.98 1 1 1 0.76
midday-noon 3.42 0.14 0.15 0.88 0.29 0.82 1 1 1 0.74
gem-jewel 3.84 0.44 0.45 0.91 0.21 0.69 1 1 1 0.53

Correlation 1 0.32 0.33 0.43 0.58 0.83 0.82 0.83 0.75 0.71

Table 5. Correlation for several types of similarity metrics
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