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Abstract. Exploiting the cumulative behavior of users is a common
technique used to improve many popular online services. We build a
tag spell checker using a graph-based model. In particular, we present
a novel technique based on the graph of tags associated with objects
made available by online sites such as Flickr and YouTube. We show the
eﬀectiveness of our approach on the basis of an experimentation done on
real-world data. We show a precision of up to 93% with a recall (i.e., the
number of errors detected) of up to 100%.

1

Introduction

Diﬀering from query spell checking, the goal of tag spelling correction is to
enable the tagged object to be actually retrieved. Correcting “hip hop” as “hiphop”, when the latter is more frequent than the former, is a good way to allow people to ﬁnd the resource when querying for the concept “hip-hop”1 . By
tagging a resource, a user wants that resource to be easily found. When querying, a user formulates a sentence-like text to retrieve the desired concept and
to satisfy her/his information need. On the other hand, with tags, users leave
“breadcrumbs” for others to detect. Like “breadcrumbs”, tags do not have any
particular inter-relationship apart from the fact that they were left by the same
user.
We exploit the collective knowledge [1,2] of users to build a spell checking
system on tags. The main challenge is to enable tag spell checkers to manage
sets of terms (with their relative co-occurrence patterns) instead of strings of
terms, namely, queries.
Much previous work is devoted to query spell checking. Diﬀering from queries,
namely short strings made up of two or three terms, tags are sets of about ten
terms per resource. We exploit this relatively high number of tags per resource
to provide correct spelling for tags. Indeed, our method exploits correlation between tags associated with the same resource. We are able to detect and correct
1

The hidden assumption we do is that people formulate queries for resources, following
the same mental process as people tagging resources.
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common variations of tags by proposing the “right”, i.e., the most commonly
used, versions.
We evaluate our method through a user study on a set of tagged resource
coming from YouTube. Note that our experiments are fully reproducible. Instead
of using proprietary data sources, like search engines’ query logs, we leverage
publicly available resources.
Research on spell checking has focused either on non-word errors or on realword errors [3]. Non-word errors such as ohuse for house can easily be detected
by validating each word against a lexicon, while real-world errors, e.g., out in I
am going our tonight, are diﬃcult to detect. Cucerzan et al. [4] investigate the
use of implicit and explicit information about language contained in query logs
for spelling correction of search queries. Zhang et al. [5] propose an approach
to spelling correction based on Aspell. Shaback et al. [6] propose a multi-level
feature-based framework for spelling correction via machine learning. Merhav et
al. [7] use a probabilistic approach to enrich descriptors with corrected terms
in a P2P application. Ahmad et al. [8] apply the noisy channel model to search
query spelling corrections.
Unlike previous approaches, we cannot rely on information about sequences of
terms, or n-grams. We must, thus, ﬁnd another way to contextualize tags within
other tags that are used in association with the same resource.

2

Model Description

In tagging objects, users associate a set of words, i.e., tags, with a resource, e.g.,
a video, a photo, or a document, having in mind a precise semantic concept.
Actually, tagging is the way users allow their resources to be found. Based on
this hypothesis, our spell checker and corrector presents two important features:
i) it is able to identify a misspelled tag, ii) it proposes a ranked list of “right ”,
i.e., most likely to come to users’ minds, tags associated with the misspelled tag.
We use a weighed co-occurrence graph model to capture relationships among
tags. Such relationships are exploited to detect a misspelled tag and to identify
a list of possibly correct tags.
Let R be a set of resources. Let Σ be a ﬁnite alphabet. Let T ⊆ Σ ∗ be a set of
tags associated with each resource. Let γ : R → T be a function from resources
to set of tags mapping a resource with its associated set of tags. Furthermore,
let T ∗ = ∪ {γ(r), ∀r ∈ R} be the union of all tags for all resources in R.
Let G = (V, E) be an undirected graph. V is the set of nodes where each node
represents a tag t ∈ T ∗ , and E is the set of edges deﬁned as E = V × V . Given
two nodes, u, v, they share an edge if they are associated at least once with the
same resource. More formally, E = {(u, v)|u, v ∈ V , and ∃r ∈ R|u, v ∈ γ(r)}.
Both edges and nodes in the graph are weighted. Let u, v ∈ V be two tags. Let
we : E → R be a weighting function for edges measuring the co-occurrence of
the two tags, namely, the number of times the two tags appear together for a
resource. For a given node v ∈ V , wv : V → R associates a tag with its weight.
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Given two nodes u, v ∈ V , let Pu,v be the set of all paths of any length between
u and v. Let σ : V × V → R, where σ(u, v) = minpathlength Pu,v be the function
providing the length of the shortest path between the two nodes u, v.
Given a tag t ∈ V , and a threshold value for shortest path l, we deﬁne “neighbor nodes” the set of nodes Ntl = {t1 ∈ V |σ(t1 , t) ≤ l}. “Neighbor nodes” are
then ﬁltered by using the tag frequency. For each node in Ntl , we select from the
set nodes having a frequency greater than the frequency of the tag t.
Let N Glt = {t1 ∈ Ntl |wv (t1 ) > wv (t)} be the set of neighbors of t at maximum
distance l having a frequency greater than the tag t. Given two nodes u, v, let
d(u, v) be a function returning the edit distance of the two tags u, v. By applying
d to a tag t and tags in its neighborhood, N Glt , we deﬁne the “candidate neighbor
nodes” as follows.
Definition 1. Given a tag t ∈ V , and a threshold value for the edit distance δ,
we define Ft = {t1 ∈ N Glt |d(t1 , t) ≤ δ} as the “ candidate neighbor node” set.
We use the candidate neighbor node set to check if the tag t is misspelled and,
if needed, to ﬁnd better tags to be used instead of t. We assume that, if Ft is
empty then t is a right tag, and it does not need any correction. This approach
allows us to have high eﬀectiveness due to relationships between neighbor nodes.
The method is also very eﬃcient as we explore only a part of the graph in to
ﬁnd candidate neighbor nodes.
Our approach to the spelling correction problem using tags is deﬁned as:
TagSpellingCorrection: Given s ∈ Σ ∗ , ﬁnd s ∈ T ∗ such that
d(s, s ) ≤ δ and P (s |s) = maxt∈T ∗ :d(s,t)≤δ R(t|s), where, d(s, t) is a
distance function between the two tags, δ is a threshold value, P (s |s) is
the probability of having s as a correction of s, and R(t|s) = 1 if t ∈ Fs ,
or 0, otherwise.
Algorithm (1) solves the TagSpellingCorrection problem providing a list
of possible right tags for a given tag t. It ﬁlters the co-occurrence graph by
sorting “neighbor nodes” by their importance, and by considering only the top-r
most frequent ones.
Given a node t ∈ V , and a r ∈ N, we deﬁne a function Tp : V × N → O
taking the top-r most important nodes of a node t, where O = {vi ∈ Nt1 , i =
1, ..., r|we (vj ) ≥ we (vj+1 ), and we (v1 ) = maxt∈Ntl (we (t)) with j ∈ 1, ..., r − 1}.

3

Experiments

To evaluate our spelling correction approach we built a dataset of tags from
YouTube. In particular, we crawled 568,458 distinct YouTube videos obtaining
a total of 5,817,896 tags.
Precision and recall are evaluated by means of a user-study to get the percentage of good corrections. We asked assessors to evaluate four complete vocabularies produced by four diﬀerent runs of the Algorithm (1). The four runs
diﬀered from the set of parameters used to produce the vocabulary.
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Algorithm 1. FindCorrectTag
1: Input: G = (V, E) co-occurrence graph, a tag t ∈ V , a threshold level for shortest
path l > 0, and a threshold value for edit distance δ > 0, the number of top nodes
to consider r ∈ N, node and edge threshold weights f, k.
2: Output: a list Ft of correct tags for t.
3: Ft = {}, T emps = {}, s = t, Vf,k = {}, Ef,k = {}
4: for all t ∈ V do
5:
if (wv (t) > k) then
6:
Vf,k = Vf,k ∪ {t}
7:
end if
8: end for
9: for all e ∈ E do
10:
if (we (e) > f ) then
11:
Ef,k = Ef,k ∪ {e}
12:
end if
13: end for
14: LevelwiseBreadthF irst(Gf,k , t, l, 1);
15: for all t1 ∈ Vf,k in T emps do
16:
if (wv (t1 ) > wv (t)) ∧ (d(t1 , t) > δ) then
17:
Ft = Ft ∪ {t1 }
18:
end if
19: end for

To compute recall we performed an estimation of the number of total wrong
tags in the collection. We avoided performing a user-study over all the collection
of tags by taking samples of dimension n = 101 and by computing their average
values. The sample was chosen with the Mersenne-Twister algorithm. We computed the confidence interval [9] with α = 0.05, and the tstudent values equal
to 1.984.
Figure 1(a) shows the percentage of detected misspellings by varying the top-r
most weighted edges of each node. Generally, it decreases as the threshold on the
tag frequency increases. Figure 1(b) shows the percentage of estimated misspelled
tags by varying the cumulative edge weight. It decreases as the threshold on edges

Algorithm 2. LevelwiseBreadthF irst(G, t, l, state)
1: Input: Gf,k a ﬁltered co-occurrence graph, a tag t ∈ V , a threshold level for
shortest path l, the current state
2: Output: a set of nodes.
3: if state < l then
4:
T emps = T emps ∪ {T p(s, r) as set}. {get the top-r neighbors nodes of s at
distance 1.}
5:
for all t1 ∈ V in T emps do
6:
LevelwiseBreadthF irst(G, t1 , l, state + 1)
7:
end for
8: end if
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Fig. 1. (a) Upper and lower bound of the average tag frequency by varying top-r most
important neighbors, (b) misspelled tags (%) by varying cumulative edge frequency
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Fig. 2. Precision and recall (%) by varying the tag frequency (log). (a) r = 10, l = 1,
δ = 1, k > 0, (b) r = 10, l = 2, δ = 1, k > 0.

weights increases. This means that by removing edges with an associated weight
less than k, the percentage of misspelled tags (not isolated nodes) in the whole
set decreases.
Figure 2(a) shows values for precision and recall by varying the threshold
on tag frequency. Such a threshold works as a ﬁlter on low frequency tags.
This evaluation uses only the ﬁrst level of neighbors of tags (l = 1). Precision
is high (up to 90%), and recall improves signiﬁcantly (up to 100%) putting a
threshold on the tag frequency to values close to 10. On the other hand, by ﬁxing
such threshold to values greater than 20, our method starts losing precision.
Figure 2(b) shows values for precision and recall by varying the threshold on
tag frequency when the evaluation uses two levels of neighbors of a tag (l = 2).
Precision is still high (up to 90%), while recall improves signiﬁcantly (up to
100%) by putting a threshold on tag frequency to values close to 4.
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Conclusions

We presented a tag spelling correction method exploiting a graph model representing co-occurrences between tags. Tags from YouTube’s resources are collected and represented on a graph. Such a co-occurrence graph is then used in
combination with an edit distance and term frequency to obtain a list of right
candidates for a given possibly misspelled term. Experiments show that this collaborative spell checker yields a precision up to 93%, with a recall of 100% (in
many cases). We plan to extend this work by considering not only co-occurrence
of tags within the same objects, but also to consider the eﬀect of neighborhoods
at various distance levels.
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