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Abstract. Tracking and relating news articles from several sources can
play against misinformation from deceptive news stories since single
source can not judge whether the information is a truth or not. Pre-
venting misinformation in a computer system is an interesting research
in intelligence and security informatics. For this task, association rule
mining has been recently applied due to its performance and scalability.
This paper presents an exploration on how term representation basis,
term weighting and association measure affect the quality of relations
discovered among news articles from several sources. Twenty four com-
binations initiated by two term representation bases, four term weight-
ings, and three association measures are explored with their results com-
pared to human judgement. A number of evaluations are conducted to
compare each combination’s performance to the others’ with regard to
top-k ranks. The experimental results indicate that a combination of bi-
gram (BG), term frequency with inverse document frequency (TFIDF)
and confidence (CONF), as well as a combination of BG, TFIDF and
conviction (CONV), achieves the best performance to find the related
documents by placing them in upper ranks with 0.41% rank-order mis-
match on top-50 mined relations. However, a combination of unigram
(UG), TFIDF and lift (LIFT) performs the best by locating irrelevant
relations in lower ranks (top-1100) with rank-order mismatch of 9.63 %.

Keywords: Document Relation, Association Rule Mining, News
Relation.

1 Introduction

The explosion of the Internet makes it easier for broadcasting news to a large
volume of readers. Most of the readers prefer to read news stories from sev-
eral publishers in order to avoid bias from a single source of information. News
portals are the most popular alternatives for the readers because several news
portals facilitate news content access by providing linkages among news articles
on the web, releasing readers from directly browsing through news publishers’
home pages. Reading news stories which come from several sources from the
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services of news portals can prevent the readers from false information since
misinformation can make the readers in changing their perception as an attack
directed at the mind of the readers of a computer system. Such an attack was
defined as cognitive hacking in intelligence and security informatics research [1].
For the success of systems for news provider services, an appropriate organi-
zation of news contents is a major requirement. News portals usually organize
news into some kinds of relationship structures, e.g., group news articles by
category, by recency, or by popularity, summarize news contents, and create re-
lations between news articles. Currently most of these functions require manual
arrangement processes. Towards automated content organization, while classifi-
cation techniques can be applied to assign a category label to each document
based on a number of criteria, such as text genre, text style, and users’ interest
[2,3,4]. Some of them can be adopted for classifying news articles [5,6]. By the
classification method, it requires users to provide a number of predefined classes
and a large number of training examples. However, the classification approach
requires users to provide a number of predefined classes and a large number of
training examples. Releasing from these requirements, clustering can be used
to group documents according to their similar characteristics [7,8]. As a more
complicated application, a multidocument summarization can be performed to
obtain a shorter description from a cluster of news describing similar events [9].
For the past several years, event-based topics of news stories has been investi-
gated by Topic Detection and Tracking (TDT) research [10,11]. Event clustering
and first story detection are two main problems in TDT. Normally, by the way
of event clustering, news stories that include several events can be grouped into
a number of clusters, each of which is about a single news topic. On the other
hand, the task of first story detection is to identify whether a news story in-
cludes new events which are never seen. Recently, an association rule mining
approach [12] has been applied for discovering document relations in scientific
research publications due to its performance and scalability [13]. In Thai lan-
guage, even there have been several works towards extraction of information
on online document, most of them still have limitation in finding document
relations. As an early work on relation discovery in multiple Thai documents,
Kittiphattanabawon and Theeramunkong [14] have proposed a method based on
association rule mining to find the relations among Thai news documents. The
work gave a preliminary exploration on the performance of support-confidence
and support-conviction frameworks under limited environment of top-k ranking
evaluation.

In this paper, besides support-confidence and support-conviction, a support-
lift framework is investigated and compared with human judgment in a more
general environment of up-to top-1100 ranking evaluation. Towards optimal set-
tings, twenty four combinations generated from two term representation bases,
four term weightings and three association measures are examined to find suit-
able combinations for discovering meaningful relations among news articles. In
Sect.2, news relation generation is described under the formation of association
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rules. The factors for discovering news associations are then presented in Sect.3.
The generalized association measures are also defined in this section. Section 4
presents evaluation methods including a description of types of news relations,
a construction of evaluation dataset and criteria for evaluation. A number of
experimental results and discussion are given in Sect. 5. Finally, a conclusion
and future works are made in Sect.6.

2 Association Rule Mining for Discovering Relations
among News Articles

Association rule mining (ARM) is well-known as a process to find frequent pat-
terns in the form of rules from a database. Recently ARM or its derivatives has
been applied in finding relations among documents [13,14]. By encoding docu-
ments as items, and terms in the documents as transactions, we mine a set of
frequent patterns, each of which is in the form of a set of documents sharing
common terms more than a threshold, called support. Thereafter, as a further
step, a set of frequent rules can be found based on these frequent patterns with
another threshold, namely confidence. In this work, in order to work with non-
binary data, we adopt the generalized support and generalized confidence in [13],
and the generalized conviction in [14] as association measures. A formulation of
the ARM task on news article relation discovery can be summarized as follows.
Assume that I = {i1, i2, ..., im} is a set of m news articles (items), T={t1, t2,
..., tn} is a set of n terms (transactions), a news itemset X={x1, x2, ..., xk} is
a set of k news articles, and a news itemset Y ={y1, y2, ..., yl} is a set of l news
articles. As an alternative to confidence and conviction, a measure called lift is
introduced in this work. Conventionally, the lift of an association rule X → Y
is defined as conf(X → Y )/supp(Y ), where conf(X → Y ) is the confidence
value of the rule X → Y and supp(Y ) is the support value of Y . The generalized
support of X (sup(X)), the generalized confidence of X → Y (conf(X → Y )),
the generalized conviction of X → Y (conv(X → Y )), and the generalized lift
of X → Y (lift(X → Y )) are shown in Table 1, where w(ia, tb) represents a
weight of a term tb in a news articles ia and Z = {z1, z2, ..., zk+l} ⊂ I with
k + l news articles since they are the co-occurrence of terms in both k news
articles in the X and l news articles in the Y . By this method, the discovered
relations are in the form of “X → Y ”, where X as well as Y is a set of news
articles. This rule represents that the content overlap among the news articles
in the X has a relationship with the content overlap among the news articles in
the Y . As a special case of one single antecedent and one single consequent, the
rule can be interpreted that the news article in the X relates to the news article
in the Y . Among efficient algorithms such as Apriori [15], CHARM [16,17] and
FP-Tree [18], in this work we select FP-Tree since it is the most efficient mining
algorithm that can generate conventional frequent itemsets, not closed frequent
itemsets.
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Table 1. Definitions of association measures: (a) generalized support, (b) generalized
confidence, (c) generalized conviction, and (d) generalized lift

(a) sup(X) =
∑n

b=1 mink
a=1w(xa,tb)

∑n
b=1 maxm

a=1w(ia,tb)
(b) conf(X → Y ) =

∑n
b=1 mink+l

a=1w(za,tb)
∑n

b=1 mink
a=1w(xa,tb)

(c) conv(X → Y ) =
1−

∑n
b=1 minl

a=1w(ya,tb)
∑n

b=1 maxm
a=1w(ia,tb)

1−
∑n

b=1 min
k+l
a=1w(za,tb)

∑n
b=1 mink

a=1w(xa,tb)

(d) lift(X → Y ) =

∑n
b=1 min

k+l
a=1w(za,tb)

∑n
b=1 mink

a=1w(xa,tb)
∑n

b=1 minl
a=1w(ya,tb)

∑n
b=1 maxm

a=1w(ia,tb)

3 Term Representation Basis, Term Weighting and
Association Measure

In general, the results from the mining process can differ according to setting
factors in the process. In this paper, to find an appropriate environment in
discovering the news relations, we explore three main factors, (1) term repre-
sentation basis, (2) term weighting, and (3) association measure. For the term
representation basis, unigram (UG) or bigram (BG) are investigated as the term
representation for the content of news documents. Intuitively, UG may be not
sufficient for representing the content of a news document since there exists
term ambiguity in the context. As an alternative, BG considers two neighboring
terms as a unit in order to to handle compound words and then partially solve
the ambiguity of words. For term weighting, binary term frequency weighting
(BF), term frequency weighting (TF) and their modification with inverse docu-
ment frequency weighting (BFIDF, TFIDF) are explored. BF simply indicates
the existence or non-existence of a term in a news document while TF indicates
the frequency of a term in the document. IDF is often used in complementary
with TF, to promote a rare term which occurs in very few documents, as an im-
portant word. Although it can be calculated as the total number of documents
in the collection (N) divided by the number of documents containing the term
(DF ), it is usually used in the logarithm scale. BFIDF and TFIDF of the i-th
terms are defined as BFi × log(N/DFi) and TFi × log(N/DFi) respectively. To
measure the appropriateness of relations, quantitative measure is another factor,
which needs to be carefully selected. In this work, to find a suitable measure, we
consider confidence (CONF), conviction (CONV) and lift (LIFT) as association
measures. For CONF, it is a well-known rule measure for ARM approach. As for
CONV and LIFT, they can result in more interesting relations [19,20], CONV
and LIFT are investigated to improve the association of news articles in our
work, as shown in the previous section.

4 Evaluation Methodology

In this section, we describe an evaluation methodology to investigate the poten-
tial combinatorial factors to make a judgement on types of news relations.
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4.1 Types of News Relations

Most tasks about document relations judged stories to be either relevant or non-
relevant, that is, two classes (“yes” and “no”) were considered. In this work, three
main types of news relations are classified based on the relevance of news events:
(1) “completely related” (CR), (2) “somehow related” (SH) and (3) “unrelated”
(UR) [14]. The CR relation is detected when two new articles are about an
exactly same event. Such a CR relation is always found because every news
reporter tries to report daily important events. The same event, therefore, is often
published by many publishers in the same time. However, the CR relation may
be presented in either different headlines or different writing styles. As a result,
this type is often retrieved among different news publishers whose publishing
times are the same or quite close to the same. For the SH relation, it is a kind
of relation which has only somewhat closely related. The events in both news
articles may have similar topics. connect together forming a sequential time
series of events. or contain same contents in some parts. However, the contents
in news documents whose relationship is SH type are not mentioned exactly the
same story. The relation of UR is defined as a relationship of having absolutely
nothing related between news articles. In other words, It could be considered as
a non-relevant story.

4.2 Evaluation Dataset

As there is no standard dataset for news relations in Thai available as a bench-
mark for assessing performance of our approach, we construct our own dataset
based on an evaluation of human. The dataset is selected approximately 1,100
news relations mined from 811 Thai news articles of three news online sources
(Dailynews (313 articles), Komchadluek (207 articles), and Manager online (291
articles)) 1 during August 14-31, 2007, consisting of three categories (politics,
economics, and crime). Each set is comprised of the news relations with their
relation types defined in previous section. For the evaluation of human, three as-
sessors who admire reading news provide their judgments on predefined relation
types (CR, SH, and UR). After they have been instructed for making a deci-
sion about how related two news articles should be identified, they make their
decision by comparing the contents in both news articles and then assign only
one type for their relation. Note that, every news relation is judged by all three
assessors. If there are different opinions on the association, the best judgment
is given by voting. However, voting may not be able to guarantee a majority
for such an agreement. To decide the answer, an iteration process is performed
by asking the assessors to repeat their considerations until the final decision is
made. To this end, our dataset contains records of news relations along with
their relation types determined by human judgment (65 relations of CR, 571
relations of SH, and 496 relations of UR). Details for evaluation of these types
will be described in next section.

1 www.dailynews.co.th, www.komchadluek.com, and www.manager.co.th
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4.3 Evaluation Criterion

The quality of twenty four combinations in discovering news relations is evalu-
ated by comparing the results generated by each of them to those from human
judgments. The evaluation method is applied from a paired-wise comparison
technique [21] since the paired-wise comparison has been applicably used for
counting the mismatches between rankings. For each combination, an evalua-
tion is proceeded by creating a ranking list of relations ordered by its associ-
ation measure, mapping the resultants from the human judgments to each of
these relations in the list, calculating a mismatch score between both of them,
and comparing the quality among twenty four combinations with a criterion,
so-called rank-order mismatch (ROM) shown in Eq. (1). The ROM value is a
calculation of dividing a mismatch score (M(A, B)) with the mismatch score of
the worst case which all news relations in one method (A) are arranged in the
reverse order compared to the other method (B). In addition, the ROM value
expresses, according to the assessment of assessors, the mismatches of relation
types of our method to the human suggestions. Note that the ROM value is a
value in {0, 100}. If all news relations are found corresponding to the human
suggestions, ROM value is equal to 0. M(A, B), the mismatch score, indicates
the number of rank mismatches between two methods, say A and B, which rank
a set of N objects, as shown in Eq. (2), where rA(k) and rB(k) are the respective
rank of the k-th objects based on method A and B respectively. The mismatch
score expresses the importance of method A whether corresponding to method
B or not. As for our work, since A is the machine ranking method and B is the
human ranking method, the ROM(A, B) is denoted by ROMh(A). This equa-
tion implies, therefore, relation type mismatches between our method and the
evaluation method from human.

ROM(A, B) =
2 × M(A, B)
N(N − 1)

× 100 (1)

M(A, B) =
N∑

i=1

N∑

j=i+1

|δ(rA(i), rA(j)) − δ(rB(i), rB(j))| (2)

A mismatch function, δ(a, b), returns 1 when a less than b, otherwise 0. Such a
function indicates that a relation in an upper rank (a) which has a score lower
than one in a lower rank (b) presents in a mismatch order. As stated above, the
constructed rank order is arranged by the association measure. It is important
to recognize that CONF and CONV are directional while LIFT is not. The di-
rection of rules obtained by LIFT is not taken into account, i.e., lift(X → Y )
is equal to lift(Y → X) but conf(X → Y ) is not equal to conf(Y → X),
and also conv(X → Y ) is different from conv(Y → X). Through our work with
three types of news relations, we do not account for the direction of the rules
because it does not perceive meaningful differences on the types. CONF and
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CONF will be treated to be undirectional by min() function, as presented in
following equations.

conf(X, Y )=min(conf(X→Y ),conf(Y →X)) (3)
conv(X, Y )=min(conv(X→Y ),conv(Y →X)) (4)

The reason why we use the min() function is that, the smaller value is make
sense to the human judgments because the assessors disregard the direction of
news relations. For example, in an evident of vastly different occurrence fre-
quencies between two news articles, if the relation news1 → news2 has very
high confidence of 90% and news2 → news1 has very low confidence of 10%,
the judgments of assessors will be made on the UR relation rather than the CR
relation because the contents of both news articles are definitely dissimilar.

5 Experiments

5.1 Experimental Setting

To examine how three factors affect the quality of discovered news relations,
three experiments are performed using our evaluation dataset. In the first ex-
periment, the effect of each single factor on the relation quality is focused. This
experiment includes three comparative studies (UG vs. BG, BF vs.BFIDF vs. TF
vs.TFIDF, and CONF vs. CONV vs. LIFT). Here, any pair of possible alterna-
tives for each factor is compared by calculating the difference of their ROM
values, i.e., subtraction of the ROM value (Eq. (1)) of an alternative with that
of the other alternative. If the ROM value of the method A, ROMh(A), is higher
than that of the method B, ROMh(B), the ROM difference between A and B
becomes positive, that is, the method A has more mismatches than the method
B. In other words, the method B provides more similar results to human an-
swers. In the second experiment, for each of twenty four methods, we visualize
the ratio of CR, SH, and UR relations for each association measure with respect
to top-k intervals in order to investigate whether CR relations can be located
at higher ranks followed by SH, and UR can be placed at lower ranks, or not.
The third experiment targets the exploration of the detailed performance (ROM
values) of the combinations which perform very well in top-k ranks.

5.2 Experimental Results

Paired Comparative Studies
Term Representation Bases. Figure 1 (a)–(c) show the ROM differences between
UG and BG (ROMh(UG)-ROMh(BG)) for CONF, CONV, and LIFT respec-
tively. In the figures, the bar graphs are plotted with respect to top-k ranks.
As one observation, almost top-k cases give the number of more positive values
than negative values, except cases of LIFT (Fig. 1 (c)), after the top-500 mined
relations. The results show that BG outperforms UG in almost cases except the
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cases of LIFT under top-500 ranking. These results suggest that using either
BG with CONF or BG with CONV is effective in all ranks, and using BG with
LIFT is effective in upper rank (<500). For lower rank (>500), applying UG
with LIFT appears to be effective.

Fig. 1. ROM differences between term representation bases: UG vs. BG in the cases of
CONF (a), CONV (b), and LIFT (c)

Term Weightings. Similar to previous experiment, except that BF, TF, BFIDF,
and TFIDF are taken into account instead of UG and BG. We can see that,
from Fig. 2 (a) and (d), in almost cases, BFIDF gives lower ROM values than
BF and TF respectively, which BF presents higher ROM values than TF, as
shown in Fig. 2 (b). However, in Fig. 2 (e), BFIDF outputs higher ROM values
than TFIDF in almost cases. Therefore, TFIDF also outperforms BF and TF,
as seen in Fig. 2 (c) and (f), in almost cases. These results suggest that TFIDF
appears to be the most effective, since TFIDF gives the lowest ROM values.

Association Measures. Like previous experiments, the comparisons between as-
sociation measures are depicted by ROM differences, as shown in Fig. 3 (a)–(c).
Figure 3 (a) shows that most of bars are on the positive side of the graph. They
indicate that CONV produces lower ROM values than CONF. In both Fig. 3 (b)
and (c), the bar graphs appear to be characterized into two groups, upper ranks
(< 300) and lower ranks (> 300). With upper ranks, CONF and CONV present
higher ROM values than LIFT, while LIFT outputs lower ROM values in lower
ranks. However, CONV outperforms CONF as reported above. These suggest
that using CONV is effective for the relations placed in upper ranks, but using
LIFT is more effective when applied to the relations in lower ranks. For more
details, in next experiment, we will investigate types of relations in each rank to
determine how effective different combinations produce different relation types.
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Fig. 2. ROM differences between term weightings: (a) BF vs. BFIDF, (b) BF vs.TF,
(c) BF vs.TFIDF, (d) BFIDF vs.TF, (e) BFIDF vs.TFIDF, and (f) TF vs.TFIDF

Rank Analysis on News Relation Types. The analysis on the number of
three relation types under different twenty four combinations and different top-k
rank intervals is investigated separately by three association measures (CONF,
CONV, and LIFT), as shown in Fig. 4 (a)–(c). Trends of these three graphs can
be discussed into three different groups. Such three groups correspond to three
types of relations (CR, SH, and UR). In the graphs, the CR and UR relations
are represented by the curves with triangle and square symbols respectively.
For SH relations, they are plotted by solid lines. Detailed descriptions of them
are given here: (1) CR relations are located at upper ranks (say 50-100), (2)
SH relations are located next to CR at middle ranks (say 100-350), and (3)
UR relations are positioned at lower ranks (say > 350). Obtained results can
be stated that, in upper ranks ,the relations are judged to either CR or SH
without UR relations while no CR relations are available in lower ranks. When
observing gaps between the CR lines and the SH lines in the leftmost position
(1-50 interval), the gaps, in the cases of CONF and CONV (Fig. 4 (a) and (b)),
are quite large. On the contrary, the cases of LIFT in Fig. 4 (c) trigger smaller
gaps between these two types. For the rightmost location (1051-1100 interval),
CONF and CONV produce narrow gaps while LIFT causes big gaps between
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Fig. 3. ROM differences between association measures: (a) CONF vs.CONV, (b)
CONF vs. LIFT, and (c) CONV vs. LIFT

Fig. 4. Percentages of the number of relations in the cases of CONF (a), CONV (b),
and LIFT (c)

UR and SH relations. We can point out that CONF and CONV are useful for
predicting the CR relations, whereas LIFT is fine for separating the SH types
from the UR types. The reason is that, for CONF and CONV, the number of SH
relations in the leftmost side are significantly different from those of CR relations
and are slightly different from those of UR relations in the rightmost side, and
vice versa for LIFT.

Analysis on Combinations of Three Factors. In the final experiment, the
detailed performance on the combinations of three factors is examined. Table
2 shows ROM values of twenty four methods in each top-k rank in order to
observe the best combination for using in discovering news relations. For the
top-50 mined relations, the combination of BG, TFIDF, and CONF (BG-TFIDF-
CONF), as well as BG, TFIDF, and CONV (BG-TFIDF-CONV), appears to be
the most effective since it has the lowest ROM values (0.41%). The method with
UG, TFIDF, and LIFT (UG-TFIDF-LIFT) performs the best on the top-1100
rankings by giving the lowest ROM values (9.63%). Such ROM values involve
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Table 2. ROM values (ROMh) of twenty four combinations of three factors

Combinations top-k
50 100 200 300 400 500 600 700 800 900 1000 1100

UG-BF-CONF 0.65 4.08 7.97 10.35 11.41 12.79 13.47 14.27 16.87 17.98 18.15 17.55
UG-TF-CONF 1.14 3.07 5.78 7.95 10.29 12.37 13.63 14.78 15.91 16.38 16.36 15.60
UG-BFIDF-CONF 1.63 5.45 4.98 5.54 6.77 8.80 10.26 10.79 14.42 14.92 15.36 15.17
UG-TFIDF-CONF 0.49 4.06 4.64 5.90 6.82 8.73 10.21 12.12 12.74 13.27 13.66 13.21
UG-BF-CONV 0.82 3.96 7.95 9.95 11.25 12.57 13.39 14.59 16.74 17.99 17.84 17.00
UG-TF-CONV 1.14 3.01 5.68 8.17 9.99 12.43 13.46 14.30 15.97 16.22 15.98 15.41
UG-BFIDF-CONV 1.63 5.47 4.90 5.56 6.52 8.62 10.11 10.67 14.44 14.77 14.97 14.77
UG-TFIDF-CONV 0.49 4.00 4.53 6.12 6.96 8.99 10.27 12.00 12.62 13.30 13.29 13.02
UG-BF-LIFT 14.86 10.81 10.69 7.90 8.02 8.97 9.58 11.12 12.06 12.38 12.51 12.22
UG-TF-LIFT 12.33 12.28 11.97 9.11 8.56 9.15 9.85 11.46 12.14 12.99 13.01 11.70
UG-BFIDF-LIFT 12.24 10.99 9.65 6.85 6.95 7.69 8.07 8.83 9.96 10.35 10.53 10.50
UG-TFIDF-LIFT 10.69 9.21 10.23 8.11 7.21 7.49 8.28 9.45 10.09 10.12 10.58 9.63
BG-BF-CONF 1.14 4.12 8.35 8.49 9.82 11.47 12.42 13.79 15.66 16.52 16.42 16.09
BG-TF-CONF 0.82 5.03 5.44 6.83 8.88 10.86 11.83 13.00 14.62 15.22 15.27 14.47
BG-BFIDF-CONF 1.22 6.51 6.08 6.17 6.69 8.99 11.04 12.19 13.64 15.02 14.98 14.72
BG-TFIDF-CONF 0.41 5.45 5.87 6.28 7.31 8.84 9.88 11.00 12.48 13.58 13.76 13.21
BG-BF-CONV 1.14 4.10 8.28 8.39 9.70 11.57 12.68 13.94 15.69 16.51 16.40 15.93
BG-TF-CONV 0.82 4.99 5.42 6.85 9.22 10.98 11.85 12.75 14.64 15.37 15.17 14.31
BG-BFIDF-CONV 1.22 6.59 6.10 6.08 6.60 9.15 10.93 12.29 13.63 14.97 14.99 14.58
BG-TFIDF-CONV 0.41 5.49 5.80 6.30 7.31 8.65 9.92 11.05 12.38 13.71 13.64 13.01
BG-BF-LIFT 12.98 10.97 8.40 7.63 7.50 8.64 10.06 11.60 12.25 13.50 13.22 12.56
BG-TF-LIFT 12.41 12.38 8.45 7.50 6.96 8.45 9.23 10.85 11.73 12.40 12.68 11.45
BG-BFIDF-LIFT 11.35 8.89 7.24 6.05 7.15 7.53 8.63 10.24 11.63 12.68 12.74 12.16
BG-TFIDF-LIFT 11.51 9.94 7.69 5.90 6.32 7.03 8.63 9.61 10.30 11.36 11.53 10.77

the relation types placing in each rank as investigated in previous experiment
(Fig. 4). From Fig. 4, mostly, the types of news relations on top-50 ranks are
CRs, while those on top-1100 rankings are URs. The results obtained heretofore
can be separated into two cases, (1) the upper ranks, and (2) the lower ranks. In
the case of the upper ranks, the best combination is the combination of either
BG-TFIDF-CONF or BG-TFIDF-CONV. Another case is the lower ranks that
the UG-TFIDF-LIFT combination performs better. The results are in consensus
with the three studies of the first experiment. For almost cases, in Fig. 1, BG
combined with either CONV or CONF gives better effectiveness than UG, while
UG combined with LIFT is more effective when working in the lower rank.
Moreover, the results in Fig. 2 suggest that TFIDF is the most effective term
weighting. However, CONF and CONV appear to be candidate measures for
our method. Possible reasons why these three combinations are the best are
given as following. First, BG works well on the related relations at higher ranks
because BG can effectively solve the context ambiguity. At lower ranks, the
relations are not rather related, therefore the terms counted by the pattern of
BG are rarer than those checked by the form of UG. Second, for the case that
a news relation (say news1 → news2) whose document sizes are very different
(assume that document size of news2 is greater than document size of news1),
when applying LIFT measure to the relation which is CR, the strength of the
relation will be affected by news2, due to computing with the equation of LIFT
(lift(X → Y ) = P (X ∩ Y )/P (X)P (Y )). Thus, LIFT may push the CR relation
to the lower ranks which are inappropriate order, but CONF and CONV do not
effect them. Consequently, using CONF or CONV for finding semantic relations
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is more effective than using LIFT. Conversely, when using LIFT measure on
the relation which is UR, because the LIFT equation also uses the weight of
news2 for measuring its strength, news2 has great influence in distinguishing
unrelated relation from related relation. This is why the UR relations are located
to appropriate orders which are the lower ranks. As a result, applying LIFT on
the lower ranks appears to be effectiveness.

5.3 Discussion

Once the experimental results obtained by our methods are established, the
discussion and error analysis are then given in this section. Our proposed method
still misclassified some instances. Some relations assigned by human as CRs
are identified by low value of association measures. Causes of this error can be
concluded as two cases corresponding to the document size. The first case is
when size of two related news documents (news1 and news2) is very different.
In this case, we found out that a news article (news1) is a summary of another
news article (news2), agreeing with the document size ratio which shows that
two news articles have very different size. Therefore, the measure value is low
because the content overlap between two news articles is not frequent, This leads
the proposed method to select the SH relation instead of the CR relation. We
plan to overcome this problem in our future works by assigning more weight
to headlines of news articles since they comprise a number of the same words.
Furthermore, the publishing times of news articles will be considered because
the CR relations are rather published in the same time or quite close to the
same time. The second case why the relations assigned by human as CRs are
identified by low value of association measures is when the document size ratio
is not quite different. The main errors of this case are listed as follows. First,
although the relations are completely related, two news articles can be written
in the different styles due to different publishers who may use various words for
representing same meaning words. A synonym detection approach can help for
correcting this error. Second, different publishers deliver dissimilar contents for
the exactly same event because they may write a news story with either unequal
facts or contrasting details. For unequal facts, we plan to give the importance on
the news headlines and news contents positioned at the first paragraph of news
documents, by weighting them more heavily since the publishers rather bring out
the similar contents on these positions. With contrasting details, their different
data should be removed before using the proposed method. We plan to project
a news difference problem as another research topic. Much more interesting in
our discovery is the support-lift framework in performing well in the lower ranks.
This is our further study on future works for analyzing on a hybrid method since
it considers the number of qualitative criteria.

6 Conclusions

In this paper, we have investigated the effects of two term representation bases,
four term weighting, and three association measure to discover relations among
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news articles. Totally twenty four combinations are explored. To evaluate the
quality of discovered news associations, top-k ranked relations are analyzed by
rank-order mismatch. By comparing the results to the human judgements ren-
dered by the vote of three assessors, the experimental results show that the
ROM values under the combination of BG-TFIDF-CONF, as well as BG-TFIDF-
CONV, is suitable to achieve finding related relations with 0.41% ROM on top-
50 mined relations while UG-TFIDF-LIFT performs well, up to top-1100, with
ROM of 9.63%. These results suggest that, for relevant relations like completely
related relations, the combination of term frequency with inverse document fre-
quency together with bigram, and either confidence or conviction is applicable,
and that together with unigram and lift works well in distinguishing unrelated
relations from related relations. For somehow relations, they are still gray areas
which need further analysis. As future works, we plan to work on various features
by considering more factors and more criteria on each factor for enhancing the
quality of document relations. Furthermore, the direction of news relations and
deeper analysis on the characteristics of relations will be examined.
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