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Abstract. Scientific document clustering (SDC) is the process of partitioning a given set of scientific articles/documents into K-groups based on some similarity/dissimilarity criterion. This task has applications in
many areas like text summarization, classification of documents, scope detection of conference/journal papers,
etc. In this paper, we have developed a granular self-organizing map (GSOM) based approach for SDC. GSOM
was designed to overcome the limitations of self-organizing map (SOM), i.e., to avoid the problem of overlapping patterns present in different clusters. Both GSOM and SOM are the types of artificial feed-forward
neural networks. To represent the documents in the form of numeric vectors, various representation schemes,
capable of capturing semantics of the documents like word2vec etc., are utilized in our approach. To show the
potentiality of GSOM, various comparative approaches like K-means, hierarchical clustering algorithms and
SOM are considered. The results are reported using an internal cluster validity index namely, Dunn index.
It evaluates the performance using compactness within clusters and separation among clusters. Results show
that GSOM is superior over other existing algorithms. Finally, results are validated using statistical significant
t-test.
Keywords: Clustering, Scientific articles/documents, Self-organizing Map (SOM), Granular self-organizing
map (GSOM)

1

Introduction

Clustering [7] is an unsupervised way of partitioning a given set of objects into K-groups such that each group
contains a similar type of objects. In this paper, an object refers to a scientific document written in the English
language. Nowadays, Scientific Document Clustering (SDC) has become a well-known problem in the field of natural
language processing (NLP) because of its applications to the various areas like extraction of relevant topic/words
from the documents, multi-document summarization, organizing documents in the digital libraries [20], document
classification when labels are not known etc. Various algorithms for clustering exist in the literature like K-means,
bisecting K-means, hierarchical clustering, K-medoid, etc. The paper [18] gives a comparison among these algorithms applied for document clustering task.
As per recent literature [14][13], self-organizing map, a type of neural network, shows its effectiveness in designing
some clustering algorithm. Therefore, in the current paper, neural network-based clustering technique is utilized
to develop a system for SDC. Self-organizing map [8], which is a type of artificial neural network having only two
layers: input and output, is used. The input layer consists of input patterns of any dimension, while, the output
layer consists of a grid of neurons usually arranged in two-dimensional space. Typical architecture of SOM is shown
in Figure 1(a) in which neurons are arranged in 2D manner. Each neuron is associated with: (i) position vectors
like (0, 0), (0, 1) due to their arrangements in 2D space; (ii) weight vector which should be of the same dimension
as of input pattern. In part (b) of the Figure 1, the training algorithm for SOM is shown. For more details about
SOM, reader can refer to [14].
The principle of SOM states that similar input patterns in the input space come closer to each other in the output
space. Thus, SOM can be used as a cluster analysis tool for mapping high dimensional data to low-dimensional
space. There exist some works in the literature for clustering of web-pages [17] and text documents [6] using SOM.
SOM has also shown its efficiency in document summarization [15].
But, SOM suffers from the problem of overlapping patterns present in different clusters. Therefore, granular SOM
[12] was proposed to avoid this problem. GSOM [12] follows the same algorithm as of SOM. The only difference lies
in the fact that in GSOM, instead of Gaussian function, a new neighborhood function was proposed using fuzzy
rough sets (fuzzy upper and lower approximations) [5] to modify the learning/training procedure. This was done to
avoid the overlapping regions. In the literature, the paper [5] illustrates the effectiveness of using fuzzy rough sets
in handling uncertainty. The equations involved in defining neighborhood function for SOM and GSOM, are shown
in Figure 2. To get more information, a clarification about the advantages of GSOM over SOM, one can refer to
Figures-3 to 5 of the paper [12].
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Training steps:

Input Space
Output Space

While t < tmax:
• A random input pattern presented to
the neuron grid
• Find winning neuron using shortest
Euclidean distance criteria
• Find the neighbouring neurons
around the winning neuron using
Gaussian function
• Update the weights of winning as
well as neighbouring neurons

Z1
x1
x2

……
xp

Z2
Neuron ‘u’
zu = (z1u,z2u)
wu = (w1u,w2u,…..wnu)

(a)

After maximum iteration, ‘similar’ input
patterns will can be found in nearby regions
in the grid of neurons.
(b)

Fig. 1: SOM description. (a) Architecture of SOM (source: [14]), where, (zu1 , zu2 ) are the position vector of uth neuron
in 2-dimensional space, wu = {wu1 , wu2 , . . . , wun } is n-dimensional weight vector of uth neuron, xj is the n-dimensional
jth input vector (j = 1, 2, . . . , p); (b) Training algorithm, where, t and tmax are the current and maximum number
of iterations.
Usually, in any clustering algorithm for documents, three basic components are required: (a) the representation
of the documents; (b) the number of clusters, K; (c) similarity or dissimilarity to be used between documents; and
finally, (d) algorithm. In this paper, to represent the documents in semantic space or to capture the semantics of
the documents, two existing tools for word-embedding word2vec [10] and glove [11] are utilized. To determine the
value of K, an ablation study is performed. To measure the similarity or dissimilarity between documents, well
known Euclidean distance is utilized.
Motivation: A a lot of conferences held per year on different areas like networking, artificial intelligence, big data,
etc., and, the researchers submit their research works in these conferences. Some conferences like EMNLP1 (in NLP
domain) etc., also have abstract submission deadline before full paper submission, to decide the reviewers. The
submitted papers may be desk rejected because of ‘out of scope’ or considered for review process. These decisions
are taken by program committee members after manual checking of the papers. If relevant clusters extracted using
SDC system are provided to the Editor, then it may save the time of the Editor to take this important decision. The
same case is also applicable to journals as they give their decisions as ‘Out of Scope’ after one month of submission,
which is a wastage of time for both the researcher as well as the Editor. In such situations, SDC can be used as a
tool for scope detection of journals/conferences, development of some automatic peer-review support systems, etc.
This motivates us to work on scientific document clustering performing better than existing systems.
Contributions: The contributions of this paper are enumerated below: (a) In the literature [12], GSOM is utilized
for clustering and gene selection in Microarray data of biomedical domain. But, here, GSOM is utilized for scientific
document clustering. To the best of our knowledge, it is the first attempt in using GSOM for SDC.
(b) The potentiality of GSOM over SOM and other clustering techniques for document clustering is shown.
(c) Ablation study on GSOM parameters for SDC task is also presented.
Experiments were performed on two datasets containing published articles from top-tier machine learning conferences, i.e., NIPS 2015 and AAAI 2013. Before passing the set of articles to the algorithm, various pre-processing
1
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number and 𝜏1 is the time constant.
‘w’ is the winning neuron; 𝐿𝑤𝑗 (𝐴) 𝑎𝑛𝑑 𝑈𝑤𝑗 (𝐴): Lower and upper approximations
of input patterns in set A (output cluster {1, 2, …, c} of GSOM);
𝑎𝑣𝑔
𝑎𝑣𝑔
𝐿𝑤𝑗 (𝐴) 𝑎𝑛𝑑 𝑈𝑤𝑗 (𝐴) are the average of all membership values (obtained using
fuzzy rough set theory) in lower approximation and in upper approximation of the
𝑎𝑣𝑔
𝑎𝑣𝑔
𝑎𝑣𝑔
set A (each output cluster of GSOM); 𝐵𝑤𝑗 (𝐴)= [𝑈𝑤𝑗 (𝐴) − 𝐿𝑤𝑗 (𝐴)]

Fig. 2: Definitions of neighborhood functions used in SOM and GSOM. Here, ‘w’ is the winning neuron corresponding
to input pattern presented to the grid of neurons.
steps are executed like removal of most frequent words, e.g., is, am, are etc., stemming [16] etc. To represent the
text articles in the form of numeric vectors in semantic space, various representation schemas like word2vec [10] and
Glove [11] are utilized. Results illustrate that our GSOM based system is superior to other existing systems. The
qualities of obtained clusters are evaluated using an internal cluster validity index, Dunn index [9]. It uses cluster
compactness within clusters and separation between clusters as parameters. The rest of this paper are organized
as follows: Section 2 and 3 discuss the related works and the proposed framework, respectively. Section 4 describes
the experimental setup and discussion of results. Finally, in Section 5, conclusions are provided with future work.

2

Related Works

In [2], a survey on information extraction, classification, and, clustering techniques for text mining is provided. Note
that text mining is the task of extracting relevant information from the text and document clustering is a part of text
mining. In papers [17] and [6], SOM is utilized for clustering of web-pages and text documents, respectively. There
exist some older works on scientific articles. In [1], clustering of scientific text is done using citation contexts (texts
surrounding texts of the reference markers referring to other scientific works). It was based on the hypothesis that
citation contexts will provide the relevant keywords for document clustering and utilize the bag-of-words model
in information retrieval. A comparative study of different clustering algorithms on different document data sets
was provided by authors of the paper [18]. It includes clustering techniques namely, K-means [7] and bisecting
K-means. In [21], authors have used the matrix factorization of the term-document matrix for document clustering.
They have considered that the number of clusters should to known to us. However, it is difficult to determine the
correct number of clusters (K) as it depends on the data distribution. Moreover, to correctly estimate the value of K,
domain/expert knowledge is required. Therefore, in this paper, ablation study is also presented to know the number
of clusters. There also exists some recent works [13][14] on SDC. These works use multi-objective optimization
(optimizing more than one cluster validity indices) concept to improve the cluster quality over the iterations.

3

Methodology

In this section we have discussed the methodology used for our SDC task. The corresponding flowchart is also shown
in Figure 3.

GSOM Training

Input a collection of
scientific documents

Preprocessing

Evaluate quality of
obtained clusters

Fig. 3: Flow chart of proposed system for SDC. Here, in third box, circles represent neurons/clusters in the GSOM
grid.
1. Input set: This set consists of a collection of scientific articles. Detailed descriptions of two input sets/ datasets
are described below:
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(a) AAAI 2013: This dataset is openly available at UCI repository [3] containing 150 published articles in AAAI
2013 conference. It is a well-known conference in machine learning and artificial intelligence domain. It includes
a variety of topics like reasoning, multi-agent system, knowledge discovery, etc. For our experimentation, we
have used the title and abstract of the paper as only these information are provided with this dataset. Some
high-level keywords and user selection words are also provided, but, we have not used these because our main
aim is to clusters those papers which do not have keyword.
(b) NIPS 2015: This dataset [13] is a collection of 403 articles published in NIPS (Neural Information Processing
Systems) 2015 conference. Note that NIPS is a top-tier conference in the machine learning domain. It covers
a variety of topics ranging from deep learning, computer vision, reinforcement learning, etc. Dataset is openly
available at kaggle site2 . It includes paper id, the title of the paper, abstract, paper text (includes text from
remaining sections like introduction, methodology, results, conclusion, etc.). For our experiment, we have used
the title, abstract, and paper text.
2. Pre-processing: Before passing articles to GSOM, various pre-processing steps are executed which are:
(a) Stop words and special characters removal: It includes removal of (i) most frequent words like is, it, they,
are, etc. To do the same, we have utilized python natural language toolkit3 (nltk) which already contains a
pre-defined list of stop words; (ii) special characters like @, !, #, etc.
(b) Lower case conversion: In this step, all the words in the articles are converted into lower case, for example,
Cats to cats.
(c) Stemming: It is the process of reducing a word to common base/root form. An example is shown below:
car, car’s, cars =⇒ car
For stemming, we have utilized the SnowballStemmer of natural language toolkit30 in python.
After performing these steps, each document is represented in the form of numeric vector. This step is needed
because for GSOM training, input vectors should be in the form of numeric vectors. In this paper, we have
explored two representations: Word2vec [10] and Glove [11], both are able to capture the semantics of the words
in the corpus. Brief descriptions of these representations are provided below:
(i) Word2vec: It is a tool to provide word-embeddings of the words. It was trained on a large corpus of text
to provide the word vectors of several hundred dimensions which are generated using surrounding texts of the
words and thus, are able to capture the semantics between words.
For example, if in a corpus, a list of words are amazed, shocked, horrified, stunned, appalled, astonished, and, we
are asked to find out top three closer words to ‘shocked’, then words ‘horrified’, ‘amazed’, ‘astonished’ will be
first, second and third closest words (evaluated using cosine similarity between word vectors), respectively. Some
more examples can be found at http://kavita-ganesan.com/gensim-word2vec-tutorial-starter-code/.
To get the vector representation of an article, we have done the averaging of word vectors present in the same
document. For training the word2vec model, we have used gensim library in python. Regarding dimension, we
have varied the dimension ranging from 50 to 300 i.e., 50, 100, 200, and, 300.
(ii) Glove: This model is provided by Stanford4 . It also provides word embedding similar to word2vec.It learns
word vectors by constructing a co-occurrence matrix of size words × context where each value describes how
many times a word has appeared in the given context and then, matrix dimension is reduced to lower dimension.
Thus, each row will correspond to a word-vector. Pre-trained word vectors can be downloaded from https:
//nlp.stanford.edu/projects/glove/. For our experimentation, different dimensions (50, 100, 200, and 300)
of Glove model are utilized. To get the article vector, word-vector averaging is used similar to word2vec model.
3. Training of SOM/GSOM: In this step, GSOM is trained using the obtained document vectors in step-2.
Training algorithm of SOM is discussed in Section 1. The same algorithm is utilized for GSOM with only one
difference, instead of Gaussian function in finding neighbouring neurons, a new neighborhood function was
developed in GSOM based on fuzzy-rough sets (fuzzy upper and lower approximations) [5] to avoid from the
problem of overlapping clusters. Note that we don’t have the information regarding how many neurons should
be considered while training of SOM/GSOM as we don’s have the supervised information, therefore, we have
performed the ablation study to identify the number of clusters (or neurons) in a given dataset.
4. Evaluation of clusters obtained: To evaluate the quality of clusters obtained, we have used an internal cluster
validity index, Dunn Index (DI) [9]. Same was also done to solve the document clustering problem in paper
[13]. It can be defined as the ratio of the shortest distance between two points belonging to different clusters to
2
3
4
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the largest intra-cluster distance (maximum distance between two points in the same cluster). Mathematically,
it can expressed as Let = be any clustering algorithms’ result, then, DI can be defined as
DI(=) =

minCk ,Cl ∈=,Ck 6=Cl (mini∈Ck ,j∈Cl dist(i, j))
maxCm ∈= diam(Cm )

(1)

where, Ck (Cl , Cm ) denotes the k − th (l − th, mth ) neuron of SOM/GSOM, diam(Cm ) is the diameter of
m−th cluster calculated using the Euclidean distance between two points of the same cluster, . For any clustering
algorithm, higher value of DI indicates better cluster quality.

4

Experimental Setup and Results Discussion

In this section, we will discuss the results obtained on the two datasets, namely, AAAI 2013 and NIPS 2015,
using Dunn Index (DI) discussed in section 3. Higher value of DI indicate better cluster quality. For comparison,
we have utilized three clustering algorithms: (a) K-means; (b) hierarchical clustering (ward linkage); (c) SOM. All
algorithms commonly require one parameter, i.e., desired number of clusters which is discussed in subsequent section.
For GSOM, we have used default implementation5 provided by their authors; for SOM, we have used Kohonen6
package in R language; for K-means and hierarchical clustering, we have used sklearn7 package in python. Results
are reported in Table 1. Note that there are some recent document clustering techniques [14][13] but they are based
on evolutionary algorithms (EA) [4] in which cluster quality measures are optimized over generations. GSOM is
not based on EA, therefore, we have removed these recent techniques from comparison. But, in the future, fusion
of GSOM and EA to optimize the cluster quality, is one of our goals.
Parameters Used: (a) Number of clusters (K): K-means and hierarchical clustering are the well-known clustering
algorithms. But they require that the number of clusters should be known beforehand. Therefore, for these algorithms
(shown by K-means(F) and hierarchical in Table 1), in this paper, we have considered the number of clusters equals
to K ∗ where K ∗ = the number of clusters at which GSOM provides the best value of Dunn index. It is also important
to note that in GSOM, number of clusters means the number of neurons in the output layer. In GSOM [12], it has
been shown that GSOM performs better than SOM when the number of neurons/clusters are considered equal to
the actual number of clusters exist in the dataset. But, in our case, we don’t know the actual number of clusters
in the used datasets, therefore, we have performed ablation study on the number of clusters (by varying from 2 to
7) in GSOM. For clustering the documents using SOM, two phases are considered in our paper. In the first phase,
it is trained using the document vectors by considering 150 neurons in the output layer arranged in the hexagonal
grid of size 15 × 10, while in the second phase, hierarchical clustering is applied on these neurons to get the final
clusters. Similar phases were executed in the paper [19]. Similar to K-means and hierarchical clustering, number of
clusters in the second phase of SOM are considered equal to the best number of clusters obtained using GSOM.
(b) Learning rate (eta) and number of iterations (#Iter) in GSOM/SOM: The parameter values of eta and #Iter
for GSOM are shown in Table 2(a) and (b), corresponding to AAAI 2013 and NIPS 2015 dataset, respectively. For
SOM, learning rate is kept same and the maximum number of iterations is considered as 500. Note that these values
are obtained after ablation study discussed in the subsequent sections.
K-means Variants: Fixed vs. Variable: In this paper, two versions of K-means are considered: K-means (F)
and K-means(V). In K-means (F), the number of clusters is considered equal to the number of best clusters (K)
obtained using GSOM. While, in K-means(V), the number of clusters is varied between 2 and 12 for AAAI dataset,
while, for NIPS dataset, the number of clusters is varied between 2 and 7. Only that number of clusters is reported
in Table 1 for which highest Dunn index value is obtained. K-means(V) was utilized because we want to check
whether there exists clusters which have good cluster qualities than GSOM.
Discussion of Results: In Table 1, the results obtained are shown in comparison to existing clustering
algorithms. Clustering algorithms are run 5 times to report the average results. From this table, it can be analyzed that for AAAI 2013 dataset, GSOM performs better than all the algorithms. In each representation schema
(word2vec/glove) with different dimension vectors (d), it also performs well than the others. On comparing word2vec
with different dimensions, 50 dimension is able to produce a better result, while, on comparing, Glove with different
dimensions, again the same dimension (50) performs well. The maximum value of Dunn index i.e., 0.5483 was
5
6
7
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Table 1: Comparison of different clustering algorithms using Dunn index. Here, K: obtained number of clusters; DI:
Dunn index; d: dimension of input (document) vector; bold entries denote the best results in each representation;
Rep.: Representation schema; † denotes the overall best results in each dataset.

Methods→
Dataset (↓) Rep. (↓) d
50
100
Word2vec
200
300
AAAI
50
100
Glove
200
300
50
100
Word2vec
200
300
NIPS
50
100
Glove
200
300

GSOM
K
DI
7 0.5483†
6 0.4145
6 0.3902
7 0.3606
7 0.5400
5 0.4793
7 0.3426
5 0.3185
2 0.5032†
2 0.4282
3 0.2379
3 0.1802
2 0.4922
2 0.4144
2 0.2800
6 0.2234

K-means (F)
K
DI
7 0.0883
6 0.0716
6 0.0655
7 0.0518
7 0.1816
5 0.2434
7 0.2377
5 0.2399
2 0.0176
2 0.0130
3 0.0106
3 0.0100
2 0.2575
2 0.3442
2 0.3785
6 0.2575

SOM
K DI
7 0.1072
6 0.0991
6 0.0906
7 0.0994
7 0.2663
5 0.2867
7 0.2634
5 0.1589
2 0.0128
2 0.0059
3 0.0093
3 0.0110
2 0.2631
2 0.2933
2 0.3840
6 0.3277

Hierarchical
K
DI
7 0.1073
6 0.0634
6 0.0571
7 0.1075
7 0.2331
5 0.2329
7 0.1656
5 0.2415
2 0.0176
2 0.0130
3 0.0106
3 0.0100
2 0.2442
2 0.3196
2 0.3207
6 0.3501

K-means (V)
K
DI
9 0.1720
10 0.1286
9 0.1435
9 0.1513
7 0.2331
2 0.3641
11 0.3191
7 0.2804
7 0.0416
8 0.0414
8 0.0434
8 0.0457
2 0.2575
2 0.3442
2 0.3785
6 0.2575

Table 2: Parameters values corresponding to results reported in Table 1 for GSOM. Here, Rep.: Representation
schema (word2vec/glove); d: dimension of input (document) vector; #Iter: Number of training steps for GSOM;
eta: learning rate.
Dataset→
AAAI
NIPS
Dataset→ AAAI
NIPS
Rep.
d #Iter eta #Iter eta
Rep. d #Iter eta #Iter eta
50 100 0.1 30 0.2
50 100 0.2 30 0.1
100 100 0.1 30 0.1
100 100 0.1 30 0.1
Word2vec
Glove
200 100 0.1 30 0.1
200 100 0.3 50 0.1
300 100 0.1 30 0.1
300 100 0.1 50 0.1
(a)
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(a) AAAI 2013

(b) NIPS 2015

Fig. 4: Sensitivity analysis on the number of clusters using GSOM on (a) AAAI 2013; (b) NIPS 2015 datasets. Here,
number of iterations and η are kept as 100 and 0.1, respectively.
obtained using word2vec with 50 dimensional document vectors. While Glove-50d lacks behind from best result by
0.0083. But, both word2vec-50d and Glove-50d detect the same number of clusters which are 7 in numbers. Thus,
we can say that, for AAAI 2013 dataset, there exist 7 number of clusters. Among, K-means(F), K-means(V) and
hierarchical clustering, K-means(V) is better having Dunn index value of 0.3641. Moreover, SOM is showing the
worst performance than K-means(V).
For NIPS 2015 dataset, GSOM with Word2vec based document representation having different dimensions
performs well than other algorithms and maximum value of Dunn index is achieved with 50-dimensional vector.
Same scenario is also observed in case of Glove representation. In terms of best results, it was attained by GSOM
using word2vec-50d having DI value of 0.5032. Both Wordvec-50d and Glove-50d, are able to obtain good values
of Dunn index with 2 clusters. Thus, there exist 2 clusters in the NIPS 2015 dataset. On comparing SOM and
K-means (both versions) algorithm using Glove based document representation, in most of the cases, SOM shows
an improvement in Dunn index value. Similar to NIPS 205 dataset, here also, performances of K-means (bother
versions) are better then those by SOM and hierarchical clustering.
Sensitivity Analysis on the Parameters: We have done the sensitivity analysis on the GSOM parameters like
the number of neurons/clusters (K), number of iterations (#Iter) for training, learning rate (eta). The variables
η, #Iter, and K, are varied in the ranges of 0.05 to 0.01, 50 to 100, 2 to 7, respectively. Number of clusters is kept
between 2 to 7 because in the recent papers [14][13] based on evolutionary algorithm, number of clusters obtained
for both data sets are within the same range.
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Table 3: Sensitivity analysis on different parameter combinations of GSOM using word2vec representation. Here,
Ist row: dataset name; second row: representation scheme with input vector dimensions.

K
2
2
3
3
4
4
5
5
6
6
7
7

AAAI 2013
Word2vec50d
Word2vec300d
#Iter eta DI K #Iter eta DI
100 0.1 0.4027 2 100 0.1 0.2974
40 0.4 0.3289 2 50 0.3 0.2850
100 0.1 0.4293 3 100 0.1 0.3124
40 0.3 0.3959 3 50 0.3 0.2870
50 0.3 0.3776 4 100 0.1 0.3026
100 0.1 0.5175 4 50 0.3 0.2778
100 0.1 0.4372 5 100 0.1 0.3288
50 0.3 0.4705 5 50 0.3 0.3093
100 0.1 0.3909 6 100 0.1 0.3382
50 0.3 0.3314 6 50 0.3 0.3142
100 0.1 0.5483 7 100 0.1 0.3606
50 0.3 0.3997 7 50 0.3 0.3194

K
2
2
2
3
3
3
4
4
4
5
5
5

NIPS 2015
Word2vec50d
Word2vec100d
#Iter eta DI K #Iter eta DI
30 0.4 0.4864 2 30 0.4 0.3659
30 0.3 0.4828 2 30 0.3 0.3992
30 0.2 0.5032 2 30 0.2 0.4188
30 0.4 0.3059 3 30 0.4 0.2500
30 0.3 0.3921 3 30 0.3 0.2900
30 0.2 0.3451 3 30 0.2 0.3228
20 0.4 0.3589 4 20 0.4 0.2638
20 0.3 0.4006 4 20 0.3 0.3573
30 0.1 0.3688 4 25 0.2 0.3033
20 0.4 0.4382 5 20 0.4 0.2475
25 0.2 0.4701 5 20 0.3 0.2944
30 0.1 0.3521 5 25 0.2 0.2885

In Figure 4(a) and 4(b), we have shown the variations of Dunn index values with respect to number of clusters
for AAAI 2013 and NIPS 2015 dataset, respectively. Here, the number of clusters is varied, while, #Iter and eta are
kept fixed i.e., 100 and 0.1, respectively. These figures correspond to all the representation schemes with different
vector dimensions. For AAAI 2013, it can be observed from Figure 4(a) that there is a big jump (increase) in the
Dunn index value corresponding to word2vec-50d and golve-50d representations at K=7, while, using, word2vec100d, word2vec-200d, and, glove-100d, there is a decrease in the Dunn index value at the same number of clusters.
For remaining representations, there is a small increase in the Dunn index value. For NIPS 2015 dataset, all the
representations including various dimensions have decrease in the Dunn index value with respect to the number of
clusters. All have maximum value of Dunn index at 2 clusters. Due to length constraint on the number of pages,
we are unable to show other parameters study w.r.t. dunn index value. However, we have shown some of the combinations of different parameters using word2vec representation (as it performs well in both the datasets) in Table 3.
Statistical Significance test: To check the validation of results obtained by GSOM (best results in terms of
Dunn index value corresponding to word2vec-50d for both the datasets), a statistical significance test named as,
Welch’s t-test is conducted at 5% significance level. This test provides p-value. Minimum p-value signifies that our
results are significant and it has been found that p-values obtained are less than 0.00001 for both datasets. This
proves that our best results are not occurred by chance, i.e., improvements are statistically significant.

5

Conclusions and Future Works

In this paper, we have explored the granular self-organizing map for scientific document clustering (SDC). Motivation
behind the work on SDC is to help the Editors of the conferences/journals to decide whether the submitted paper
is out of scope or not. Thus, it will save time for the author as well as the Editor. To represent the documents in
semantic space, two well know word embedding tools, word2vec and glove, were utilized. In the future we want to
create the fusion of GSOM and evolutionary algorithm so that we can get more optimized clusters. Moreover, it is
difficult to decide how many clusters exist in a dataset, therefore, another research direction is to detect the number
of clusters in an automatic manner.
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