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Abstract. The Tolerance Rough Sets Model (TRSM) is a tool to model
document in text mining. Generation of a document representation based
on TRSM basically depends on tolerance classes of terms which are created by setting up a tolerance value. Despite the fact that tolerance
value is critical in TRSM, the manual process of setting this value is an
exhaustive task. We conducted a study on our own corpus and were supported by two human experts when constructing the training data. We
came up with a novel algorithm to generate tolerance value automatically from a set of training data. The heart of our algorithm is measuring
the distance between document representation calculated using TFIDF
weighting scheme and document representation yielded by TRSM both in
reduced dimensional space generated by Singular Value Decomposition
(SVD). In spite of the result, we recognize that further study is significant, i.e. to set up some properties (the size of training data and rank of
SVD) as well as evaluating the algorithm in real data and scenario.
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1

Introduction

The Tolerance rough set model (TRSM) is a method introduced by Kawasaki,
Nguyen, and Ho [3] in 2000 to construct a document representation in text
mining for the task such as information retrieval or clustering. It has been shown
in [4], [7], and [2] that the document representations yielded by TRSM (TRSMrepresentation) were richer than the one based on TFIDF weighting scheme
(TFIDF-representation), and brought better results for the tasks given.
There are three main components of TRSM for work which are dependent in
sequence: a) a tolerance matrix, that consists of tolerance classes of all terms in
the document collection; b) the upper document representation, that represents
the occurrence of terms in a document based on the upper set of a document;
and c) the extended weighting scheme (TRSM weighting scheme). The TRSMrepresentation can be seen as the revised version of TFIDF-representation which
is recalculated using the TRSM weighting scheme. During calculation, it considers the upper document representation which is created based on tolerance
matrix. It is the nature of TRSM to depend on a tolerance co-occurrence value, θ,
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of two terms in document collection when constructing the term-by-term matrix
where the θ value represents the importance of relationships between terms.
Despite the fact, that the value of θ is crucial for TRSM implementation,
there is no consensus about how we can set a certain number of θ. It is usually
chosen by the researcher or human expert based on manual inspection through
the training data or his/her consideration about the data. It is not deniable that
each datum is distinctive hence requires diﬀerent treatment, however, determining the θ value by hand is an exhaustive task before even starting the TRSM
paths.
In this paper, we present an algorithm to generate a tolerance value θ automatically based on the training data. We implemented a cognitive approach in
terms that we learned from human and tried to mimic the result yielded by the
human thinking process. We employed the singular value decomposition (SVD)
in order to create a lower n-dimensional vector of a document. The heart of the
algorithm is measuring the distance between two reduced document representations in a certain range of θ candidates. The contributions of this paper are
twofold: a) we introduce a novel algorithm for an automatic tolerance value generator; and b) we verify the learning process of θ determination. Finally, we point
out some directions for further study with regard to TRSM implementation.

2

Background of Tolerance Rough Sets Model

In order to generate a richer document representation in terms of semantic
relatedness, TRSM needs to create tolerance classes of terms and approximations of subsets of documents. If D = {d1 , d2 , ..., dN } is a set of documents
and T = {t1 , t2 , ..., tM } is a set of index terms from D, then the tolerance
classes of terms in T are created based on the co-occurrence of index terms in
all documents from D. A term weight vector is used to represent each document
di = {wi,1 , wi,2 , ..., wi,M }, where wi,j is the weight of term tj in document di .
Rough sets theory [5], which is the root of TRSM, says that any concept can
be approximated by its lower and upper approximations, and the vagueness of the
concept is defined by the region between its upper and lower approximations.
In information retrieval context, we can assume a term as a concept. Thus,
implementing TRSM means that we approximate concepts determined over the
set of terms T on a tolerance approximation space R = (T, Iθ , ν, P ) by employing
tolerance relation; where Iθ is an uncertainty function, ν is a vague inclusion
function, and P is a structural function. The following are their definitions.
- Uncertainty function: tolerance relation requires two properties, which
are reflexive (xRx) and symmetric (xRy → yRx). Thus the tolerance class
of term ti is defined as
Iθ (ti ) = {tj | fD (ti , tj ) ≥ θ} ∪ {ti } .

(1)

where θ is a positive parameter and fD (ti , tj ) denotes the number of documents in D where both terms ti and tj appear.
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- Vague inclusion function: the vague inclusion ν is defined as ν (X, Y ) =
|X∩Y |
|X| , thus the membership function µ for ti ∈ T, X ⊆ T is defined as
µ (ti , X) = ν (Iθ (ti ) , X) =

|Iθ (ti ) ∩ X|
|Iθ (ti )|

(2)

- Structural function: all tolerance classes of index terms are considered as
structural subsets, hence P (Iθ (ti )) = 1 is for all ti ∈ T .
With these definitions, we can define the lower approximation, upper approximation, and boundary region of any subset X ⊆ T in tolerance space
R = (T, I, ν, P ) as LR (X) = {ti ∈ T | ν(Iθ (ti ), X) = 1}, UR (X) = {ti ∈
T | ν(Iθ (ti ), X) > 0}, and BNR (X) = UR (X) − LR (X) respectively.
The richer representation of document di ∈ D is achieved by representing
document with its upper approximation, i.e.
UR (di ) = {ti ∈ T | ν(Iθ (ti ), di ) > 0}

(3)

followed by calculating the weight vector using an extended weighting scheme,
i.e.
⎧
(1 + log fdi (tj )) log fDN(tj ) if tj ∈ di
1⎨
∗
log f N
(4)
wij =
D (tj )
S ⎩mintk ∈di wik
otherwise
N
1+log
fD (tj )

where S is a normalization factor. The extended weighting scheme is defined
from the standard TFIDF weighting scheme and is necessary in order to handle
terms that occur in a document’s upper approximation but, not in the document
itself.
By employing TRSM, the final document representation has less zero valued
similarity, that leads to higher possibility of two documents have non-zero similarities although they do not share any terms. This is the main advantage of
TRSM-based algorithm claimed to have over traditional approaches.

3

Methodology

We worked with two choral experts intensively in an annotation process in order
to construct the ground truth of this study. The annotation process consisted of
two tasks, which were a) topic assignment, where the human experts assigned
topic(s) for each document within the original corpus; and b) keywords determination, where they determined terms considered as highly related with the
topic(s) given. This process aimed to grasp how the topic(s) could be assigned
to a particular document that was mainly described by the keywords determined. In this study, we took benefit from these keywords as the list of essential
terms related to the topic of the document, i.e. the document, and assumed
that the other terms not listed were less significant terms. The topic assignment
yielded 127 topics and the keywords determination yielded a new corpus, called
WORDS-corpus.
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Fig. 1. The content of corpora. Picture on the left is an example of ICL-corpus document which consists of original document. Picture on the right is an example of
WORDS-corpus document which consists of keywords given by human expert for particular ICL-corpus document, i.e. the ICL-corpus document with number ”DR-480”
shown on the left.

The main corpus of this study, called ICL-corpus, consists of 1,000 first emails
of Indonesian Choral Lovers (ICL) Yahoo! Groups and was formatted as of the
Text REtrieval Conference (TREC) format [8]. Therefore, the test collections
consist of three parts (a set of documents, a set of information needs, and a
set of relevance judgments) and all documents are marked up in a TREC-like
format. Consult Fig. 1 to see the content of both corpora. Notice that the main
diﬀerence between them lies in the text body of document, i.e. the document of
ICL-corpus consists of a body of email while the document of WORDS-corpus
consists of keywords defined by human experts.

4

Experiment

Preprocessing Phase: We preprocessed the corpora by taking documents within
both corpora as inputs and came up with the TFIDF-representations for each
corpus. We implemented an information retrieval library freely available called
Lucene1 with some modifications in order to implement a version of stopword
list and stemmer specifically for Indonesian language, called Vega’s stopword [6]
and Confix-Stripping stemmer (CS-stemmer) [1] respectively.
TRSM Phase: We implemented the tolerance rough sets model in this phase,
which means we converted the TFIDF-representation into TRSM-representation
by following these steps for both corpora:
1. Construct a tolerance matrix comprises tolerance classes of all terms based
on (1). For the purpose of this study, we altered θ value from 0 to 25.
2. Create upper approximation of documents UR (di ) using (3).
3. Generate TRSM-representations by recalculating the TFIDF-representations
using (4) and considering the upper approximation of documents UR (di ).
1

http://lucene.apache.org/.
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SVD Phase: The objective of this phase was reducing the dimensionality space
of document representation so it could be plotted on low dimensional graph,
and further analyzed. We calculated the SVD 2-rank and 10-rank over TFIDFrepresentation of ICL-corpus (ICL-TFIDF-representation) and TRSM-representation
of ICL-corpus and WORDS-corpus (ICL-TRSM-representation and WORDSTRSM-representation respectively), using the SVD algorithm. In this experiment, we employed a Java package called JAMA2 to do the job.

Fig. 2. The distance between ICL-TRSM-representation and WORDS-TRSMrepresentation for SVD 2-rank where 0 ≤ θ ≤ 25 based on (a) mean distance and
(b) largest distance.

Evaluation Phase: In the evaluation phase, we did two tasks:
1. Calculating the mean average distance and the largest distance between (a)
TRSM-representations of both corpora and (b) TFIDF-representation and
TRSM-representation of the ICL-corpus.
2. Plotting the SVD-representations we had in 2 dimensional space of ICLTFIDF-representation, ICL-TRSM-representation, and WORDS-TRSM-representation.
For distance calculation, we used the Euclidean distance function
$
%M
%'
d(V, U ) = & (vi − ui )2 ,
i=0

M
where [vi ]M
i=0 and [ui ]i=0 denote weight vectors of document V and U .

5

Result and Discussion

5.1

Learning from WORDS-corpus

We take an assumption that each document of WORDS-corpus consists of essential keywords, which should occur in particular document representation of
2

http://math.nist.gov/javanumerics/jama/.
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Fig. 3. The scatter graph of distance between documents within ICL-corpus and
WORDS-corpus when (a) θ = 0, (b) θ = 5, (c) θ = 15, and (d) θ = 25.

ICL-corpus. Therefore, the distance between document representations of both
corpora measures how far ICL-corpus from WORDS-corpus. It brings us to preference of lower value of distance.
Figure 2(a) depicts the mean average distance between TRSM-representation
of ICL-corpus and WORDS-corpus after they were reduced into 2 dimensions for
tolerance value 0 to 25. Figure 2(b) is a graph of the largest distance of similar
calculation. With regard to the notion that θ is a threshold for filtering out the
terms by its co-occurrence within documents in a corpus, Fig. 2 seems to give
us a clue that the way TRSM remove unimportant terms in documents, i.e. by
filtering out some terms on specific co-occurrence value, is adequate in order to
make documents of ICL-corpus closer to documents of WORDS-corpus.
Consider Fig. 3 that depicts the scatter graph of distance between ICL-corpus
and WORDS-corpus for tolerance value 0, 5, 15, and 25. From these figures, it
is clear that when θ is getting higher, the graph becomes more sparse, and the
distance between documents is closer to 0. However, the distance tends to be far
away from 0 if the θ is set up too high.
Figure 4 shows the results of distance calculation similar to Fig. 2 unless it
is for SVD 10-rank, i.e. Fig. 4(a) is for mean distance and Fig. 4(b) is for largest
distance. From both graphs, we see that the mean distance and the largest
distance are walking in line, i.e. significant changes are shown on θ = 5 and no
other significant change occurs after that value.
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Fig. 4. The distance between ICL-TRSM-representation and WORDS-TRSMrepresentation for SVD 10-rank where 0 ≤ θ ≤ 25 based on (a) mean distance and
(b) largest distance.

We can see that graphs of the mean distance and the largest distance are more
similar in SVD 10-rank than in SVD 2-rank. Furthermore, regression analysis3 of
both distances for SVD 2-rank as well as SVD 10-rank shows that statistically
the distance value tends to be smaller for larger tolerance value. Therefore,
we suggest a rank value as close as 10 for SVD. However from an eﬃciency
perspective, calculating distance of 10 dimensional vectors is more expensive
than calculating distance of 2 dimensional vectors. Thus, this trade-oﬀ should
be considered while deciding a rank for SVD.
5.2

Experiment on ICL-corpus

In this section, we present and discuss results of comparison between TFIDFrepresentation and TRSM-representation on singular corpus only, i.e. ICL-corpus,
after dimensionality of those representations were reduced into 2 and 10 using
SVD method. Based on the capability of TRSM which is to enrich a document
representation, larger distance is preferred on this section because it gives us
indication that TRSM is enricher the original document representation, i.e. the
TFIDF-representation.
Graphs in Fig. 5(a) and 5(b) depict results of distance calculation based
on mean distance and largest distance respectively on SVD 2-rank. For largest
distance, there is no considerable change resulted, however, it seems that the
TRSM-representations are closer each other when θ value is between 5 to 11.
This phenomenon leads to high mean distances as suspected and is confirmed
by Fig. 5(a). The highest mean distance happens on θ = 5.
The results of distance calculation for SVD 10-rank presented on Fig. 6(a)
and Fig. 6(b) for mean distance and largest distance sequentially. It is clear from
these graphs that the distance value is getting better for higher tolerance value,
and the highest mean distance happens on θ = 21. Learn from the regression
analysis, we found that statistically the distance value tends to be larger for
3

Regression analysis was computed by Wolfram Mathematica.
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Fig. 5. The distance between ICL-TFIDF-representation and ICL-TRSMrepresentation for SVD 2-rank where 0 ≤ θ ≤ 25 based on (a) mean distance
and (b) largest distance.

higher tolerance value and the slope of the regression line based on SVD 10-rank
is sharper than on SVD 2-rank. By considering these data, our suggestion about
SVD’s rank is the same, i.e. we urge to choose a value for rank of SVD as close
as 10.

Fig. 6. The distance between ICL-TFIDF-representation and ICL-TRSMrepresentation for SVD 10-rank where 0 ≤ θ ≤ 25 based on (a) mean distance
and (b) largest distance.

5.3

Algorithm for Tolerance Value Generator

Based on the results presented in previous sections, we found that we can take
advantage from WORDS-corpus, as training data, and pick θ value of the smallest mean distance between TRSM-representation of ICL-corpus and WORDScorpus over a range of θ value candidates. If there is no such WORDS-corpus
available, it seems that we can still take advantage from a single corpus, i.e. create a set of training data from it, and pick θ value of the highest mean distance
between its TFIDF-representation and its TRSM-representation over a range of
θ value candidates.
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We acknowledge that a training data as WORDS-corpus is hardly to create,
hence the proposed algorithm uses a single corpus. Finally, the algorithm to
generate a tolerance value θ automatically is as follows
Input: A set of documents as training data.
Output: A tolerance value.
Process:
1: construct TFIDF-representation
2: for lower bound ≤ θ ≤ upper bound do
3:
construct TRSM-representation
4:
calculate SVD for TFIDF-representation and TRSM-representation
5:
calculate mean distance between SVD-representations
6: end for
7: select θ with the highest mean distance
We consider that it is too early for setting the upper bound (and also the
lower bound) of tolerance value to be used in the algorithm. However, for now,
we urge to choose θ > 4 for the lower bound due to the fact that significant
change occurs on this value, and in order to provide larger flexibility for SVD
up to 10-rank, let us set the upper bound as 22. Thus, we may use this range of
tolerance value 5 ≤ θ ≤ 22 in the algorithm.
Recall Fig. 2 and 4 on section 5.1, we can see that the distance value on θ = 21
is close enough to the best distance value compared with the other value on the
rest of θ. In [7], θ = 21 was suggested based on manual inspection on the results
yielded by altering the tolerance value from 0 to 25. This value came up based
on the high percentage of co-occurrence terms between index term of WORDScorpus and index term in the upper set of topic within ICL-corpus (97.58%),
and on this θ value, the number of index term in the upper set of topic within
ICL-corpus (which showed to be large) could be reduced significantly. Thus, it
seems that we may expect eﬀective TRSM-representations by employing SVD
10-rank.
The time complexity of the algorithm is O(N 2 M 2 K), where N is the number
of documents, M is the number of index term, and K is the number of θ values
being evaluated. Therefore, a small number of training data are preferred.

6

Conclusion

Tolerance value θ is a crucial value that has to be set up prior to the implementation of TRSM. We did a study using two corpora and came up with a novel
algorithm to generate a tolerance value automatically using a set of training
data. We learned from WORDS-corpus that we might choose a tolerance value θ
whose mean distance was the highest. The mean distance is calculated between
the TFIDF-representation and TRSM-representation of the training set in their
low dimensional space which are constructed using SVD over a range of θ values.
Some properties of the algorithm have been discussed, and some values were
suggested, i.e. lower bound is θ ≥ 5, upper bound is θ ≤ 22, and SVD rank is
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10. Due to its infancy, it is necessary to conduct further study regarding with
some parameters, e.g. the size of training data and the rank of SVD. We had
verified the learning process to set the θ value by employing the WORDS-corpus,
however, we still need to validate it by implementing the algorithm into a more
realistic scenario, i.e. information retrieval and clustering. Furthermore, it is
tempting to validate the algorithm using the standard corpus, e.g. TREC.
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