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Abstract 

Full-text articles are mostly provided in electronic formats, but it still remains a challenge to 

find deeply related works beyond the keywords and abstract contexts. Identification of related 

scientific articles based on keywords and abstracts help researchers to find desired and 

informative content, but it requires the utilization of variety of text analytics (mining) 

methods to address the need. This study investigates information systems (IS) articles to 

cluster and evaluate the domain of knowledge of recent Information Systems publications 

using text clustering methods, and then to predict the exact clusters of knowledge of new 

articles using classification methods. This categorization and predictive learning approach 

help the scholars and practitioners to find the most relevant articles for their researches and 

practical endeavors through an automated mechanism. Articles have been collected from the 

Scopus repository. The dataset has been narrowed to specific areas of recent information 
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systems research. Different text analytics methods such as text normalization, natural 

language processing (NLP) and clustering algorithms have been applied and the results for 

each cluster are evaluated by extensive analysis of identified clusters based on their terms 

frequency and key phrases. Afterwards, different classification algorithms are applied to learn 

the current clustering and to predict the major subject focus of a newly published article 

based on the abstract approximation to the previously learned domains of information 

systems knowledge. The prediction approach helps the scholars identifying the usability of 

many articles for further research. 

Keywords  

Text analytics; Text clustering; Document classification; Natural language processing (NLP), 

Information systems 

 

Introduction 

The size of textual data is dramatically increased through the emergence of Web 2.0 and 

social media. The abundance of textual data creates new opportunities for both qualitative 

and quantitative information systems (IS) researches. Traditionally, to analyze natural 

language data, a researcher would use qualitative data-analysis approaches, such as manual 

word by word coding. Text-mining techniques allow one to automatically extract implicit, 

previously unknown, and potentially useful knowledge from large amounts of unstructured 

textual data in a scalable and repeatable approach (Debortoli, Junglas, Muller, and vom 

Brocke, 2016). Therefore, text mining techniques can be applied on scientific articles to 

extract useful knowledge. Nowadays scientific articles are available in electronic formats 

such as PDF and HTML versions over the Web (Castro, Berlanga, and Garcia, 2014). 

There are various researches which focused on using text mining techniques to evaluate 

scientific articles. Some researches evaluate the scientific articles to discover trends of 

articles subjects and put them in meaningful clusters based on abstracts (Hung & Zhang, 

2012) while other research (Vo & Ock, 2015) desire to classify articles based on titles of 

scientific articles. In a recent study, researchers utilized abstracts as data sources in mobile 

learning (m-learning) for text mining (Vo & Ock, 2015). Then Ward’s method for 

agglomerative clustering algorithms was adopted to generate the taxonomy structure. These 

clusters were interpreted by two experts in Machine Learning (ML) to ensure inter-rater 

reliability. They have categorized the mobile learning articles in four cluster names: 

Strategies and Frameworks, Acceptance and Issues, Effectiveness, Evaluation and 

Personalized Systems, and, ML Case studies. Moreover, each cluster has been analyzed to 

discover the trends of M-Learning articles. A researcher (Hung & Zhang, 2012) also proposes 

methods to classify scientific documents based on titles, which can be seen as short text 

documents, using topic models. The difference between this study and previous methods is 

that topic models from various external large-scale data collections not only Wikipedia but 

also DBLP and LNCS for solving data sparseness in short texts have been explored. Finally, 
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it applied the proposed method to scientific documents, a special domain, for classification.  

In this study, various text mining techniques are applied to investigate in Information Systems 

(IS) articles content in order to extract and categorize useful knowledge. The dataset is 

collected from the Scopus repository to design a predictive analytics solution for evaluating 

the scientific articles. Scopus is the world's largest abstract and citation indexing database of 

peer-reviewed research literature, with over 22,000 titles from more than 5,000 international 

publishers (Scopus, 2017). This dataset contains abstract, title and keywords of information 

systems articles. The articles have been narrowed to specific areas of knowledge in IS such as 

business intelligence and analytics (BI&A), Data Mining, and cloud computing and other 

state-of-the-art concepts and technologies. After pre-processing and feature extraction, k-

means algorithm is used to distinguish the major areas of knowledge in information systems 

domain. Different classification algorithms are also employed to learn and predict the areas of 

knowledge of a given article. 

Literature Review   

Text mining (TM) is a very recent and increasingly interesting area of research that seeks to 

use automated techniques to discover high-level information from huge amounts of textual 

data and present it in a useful form to the potential users (Choudhary, Oluikpe, Harding, and 

Carrillo, 2009). Text mining or text analytics refers to application of variety of techniques in 

order to extract useful information from document collections. In general, text mining tasks 

can be categorized to text classification, text clustering, text summarization, topic 

identification and association rules (Kumar & Ravi, 2016). More specifically, TM tasks 

include activates, such as assigning texts to one or more categories (text categorization), 

grouping similar texts together (text clustering), finding the subject of discussions 

(concept/entity extraction), finding the tone of a text (sentiment analysis), summarizing 

documents, and learning relations between entities described in a text (entity relation 

modeling) (Truyens & Van Eecke, 2014).  

Dealing with textual data requires a lot of efforts. Most of statistical analysis and machine 

learning focus on numerical data types which means these methods are not appropriate for 

textual documents. Therefore, documents need to be converted to structured data that are 

suitable for analytical models (Jun, Park, and Jang, 2014).  

There are various ways to converting document-term matrices based on weights. Currently 

researchers can use this type of text analysis through different approaches such as Binary 

Terms (BT), Terms Frequency (TF) and, Term Frequency-Inverse Document Frequency (TF-

IDF) (Kumar & Ravi, 2016).  

 Before applying the underlying feature extraction, it is important to utilize text pre-

processing approaches such as normalization techniques. Text normalization is defined as a 

process that consists of a series of steps that should be followed to wrangle, clean, and 

standardize textual data into a form that could be consumed by other NLP and analytics 
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systems and applications as inputs. Often, tokenization itself is also a part of text 

normalization. Besides tokenization, various other techniques including cleaning text, case 

conversion, correcting spellings, removing stop words and other unnecessary terms, 

stemming, and lemmatization are being used for text pre-processing and mining (Sarkar, 

2016). 

Clustering problem is defined as finding similar groups of objects in the dataset. The 

clustering algorithms are very useful in the text domain where the objects to be clustered are 

documents, paragraphs, sentences or terms (Aggarwal & Zhai, 2012). After the feature 

extraction phase, K-means clustering, as one of the most famous and utilized clustering 

algorithms, is used to cluster articles in similar groups. K-means is a popular clustering 

algorithm which is extensively used in data mining researches. K-means is very powerful in 

reducing computational load without significantly affecting the solution quality. K-means has 

many advantages, some of which are simplicity, flexibility and being easy to understand and 

implementation. However, there are some disadvantages like; user need to specify the 

number of clusters in advance (which can be solved by using new methods of optimized 

cluster counts selection through Silhouette or Davies-Bouldin validation methods) and also k-

means performance depends on initial centroids so k-means algorithm cannot guarantee 

optimal solution in some problems (Ranjani & Vanitha, 2011). 

The problem of classification concentrates on predicting sets of records (observed data set) in 

a way that each record is labeled based on the learned target values of the previous records. A 

wide variety of classification techniques exist for quantitative or categorical data. Since text 

may be modeled as quantitative data with frequencies on the word attributes, it is possible to 

employ most of classification methods for text classification (Aggarwal & Zhai, 2012) After 

labeling the data set based on k-means clustering, four algorithms of classification 

(Multinomial Naïve Bayes, Logistic Regression, Boost tree regression, and, linear Support 

Vector Machine (SVM)) have been utilized to classify the dataset and predict the domain of 

knowledge for new articles.  

Materials and Methods 

This study intends to cluster similar groups of articles together based on their abstracts and 

keywords using clustering algorithms. Each cluster will be considered a specific area of 

knowledge and assigned an appropriate label based on content and terms frequency. After 

labeling each cluster, labeled articles are fed to classification algorithms to learn and 

recognize the domain of knowledge for each article. Objectives of research are arranged into 

five steps which will be explained in the following sections.  

Figure 1 shows the research framework of this study. The research contains data collection, 

pre-processing, feature extraction, clustering and classification steps. In the following 

sections, each step and its sub steps will be explained in more detail.  
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Figure 1. Research framework 

Data Collection 

In the first step of research, the most relevant papers of information systems research have 

been extracted from the most frequently repeated keywords of recently published articles in 

accredited journals. 

The total number of articles was equal to 426 that were reduced to 422 after removing 

duplicate observations. Initial insight of dataset helps us to identify the possible number of 

clusters in advance, as an input for clustering algorithms. Figure 2 provides a summary of the 

dataset structure and extraction approach. It provides samples of the unique abstract and 

author key words which this study uses in order to apply text mining techniques after data 

preparation.     
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Figure 2. Summary of dataset structure 

All of the documents have been collected from prestigious information systems journals.  

Text Normalization: one of the important parts of any NLP and text analytics solution is the 

text pre-processing stage, since the characters, words, and sentences identified at this stage 

are the fundamental units passed to all further processing stages (Kannan & Vairaprakash, 

2014). Text pre-processing includes variety of techniques such as stop words elimination, 

stemming, part of speech tagging and so on (Vijayarani, Ilamathi, and Nithya, 2015). In this 

stage, researchers used the techniques that are most relevant to the structure of documents in 

dataset. 

Text cleansing: the characters such as digit, HTML tags, “@” tags and all of undesirable 

characters have been identified and deleted from the texts. All punctuations such as comma, 

question marks, and semicolons have also been removed. 

Tokenization and removing stop words: After tokenizing words, all the stop words were 

removed from the dataset. Stop words are defined as words which usually refer to the most 

common words in a language. There is no universal list of stop words as stop words in 

different languages are unique and specific (Saini & Rakholia, 2016) Stop words listed by 

NLTK package in python, have been used in this study as the source for stop words removal. 

Stemming: Stemming is the process of conflating the variant forms of a word into a common 

representation (the stem). Stemming is used widely in text processing to matching the similar 

words in a text document in order to improve the efficiency and effectiveness of information 

retrieval (IR) systems (Kannan & Vairaprakash, 2014). In our case, after using stem 

algorithms, words such as “analytics”, “analytical”, “analysis” will all turn into “analytic”. 
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Feature Extraction: Textual representation is converted to vector space model consisting of 

term frequencies. Term-frequency (also known as bag of words) scales up frequent terms and 

therefore, the importance of rare terms is ignored. However, TF-IDF approaches scale down 

the frequent terms while scaling up the uncommon or rare terms.  Low frequent terms are 

informative and vital to distinguish between classes (Islam, et al., 2017). This study benefits 

from TF-IDF as a feature extraction approach for the dataset.  

Figure 3 visualizes the terms with highest TF-IDF in dataset. Figure 4 represents some key 

phrases and terms with different TF-IDF score.  

 
Figure 3. TF-IDF visualization 

 

Figure 4. Terms and key phrases with different TF-IDF score 
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Figure 3 shows that words such as “knowledge”, “management”, and “data” have obtained 

highest TF_IDF scores among all documents. It is also observed that the key phrases such as 

“knowledge management”, “competitive intelligence” have been used frequently and are very 

important in the dataset. However, in this research, less used words and key phrases are not 

ignored in dataset which is a merit to the analysis of findings. The figure 4 shows interesting 

words and key phrases with distributed TF-IDF score. Some of the key phrases are 

“application infrastructure providers”, “factorization knowledge management”, “large 

datasets”, and so on. After the feature extraction, the clustering phase is processed and results 

are analyzed. 

Clustering and Analysis 

After transforming documents data into structured data using TF-IDF to extract terms and 

key phrases, data is fed to k-means algorithm. In this section, the result of clustering 

algorithm will be evaluated using different techniques. First, dimension reduction and 

silhouette analysis are used to move articles into a two-dimensional space. Second, most 

important terms and key phrases for each cluster are extracted in order to analyze each cluster 

based on their content. Finally, the result of clustering is explored for validation. Although 

feature selection from text, based on document-terms matrix (DTM) techniques such as TF-

IDF, are appropriate for statistical and machine learning, it is difficult to analyze them since 

they have very sparse data structure (Jun, Park, and Jang, 2014). In other words, efforts 

needed to overcome the sparseness of feature matrix are tremendous. It is recommended to 

use fuzzy clustering algorithms to differentiate data sets based on their degrees of 

membership to each cluster. In this approach, each domain of knowledge can be analyzed 

according to its depth of membership to each major category of information systems realm. 

This approach can be applied on rather small to medium data sets. 

Some techniques have been applied to reduce high dimensionality of text feature matrices. 

This study used principle component analysis (PCA) to represent TF-IDF matrix into two-

dimensional space. Afterwards, silhouette method is applied for the final validation 

(Pedregosa, et al., 2011) to figure out how effectively and clearly the articles are separated by 

k-means algorithm (Figure 5).  
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Figure 5. Silhouette analysis and PCA 

Scores of silhouette is illustrated in Figure 5 for the clusters are also provided in table 1. It is 

observed that with 5 clusters, the highest score of silhouette can be reached which presents 

the optimum number of clusters for further analysis. The score of silhouette analysis is 

approximately 0.46 for n equal to 5 which shows the documents have been assigned to 

separate meaningful clusters. However, there are some documents which can be assigned to 

two or three clusters at the same time. It is common that a specific document discusses 

different subjects which can be related to the topics discussed by other papers. Particularly in 

IS articles, it can be observed that a specific article discusses different underlying areas of 

knowledge at the same time due to the multidisciplinary nature of information systems.  

Table 1. Silhouette scores for clustering results 

Number of cluster Silhouette Score 

3 0.43 

4 0.45 

5 0.46 

6 0.42 
 

Figure 6 shows the most important words and key phrases for each cluster. Initial insight of 

dataset and clusters details drives the researchers to name clusters as Knowledge 

Management (KM), Business Intelligence and Analytics (BI&A), Internet of Things (IoT), 

Big Data Management (BDM), and Cloud Computing (CC) respectively. After naming each 

cluster, articles were analyzed to recognize whether articles were assigned to the related 

cluster correctly or there were mistakes in predictions.  
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Figure 6. Most important words and key phrases in five clusters 

In the next section, it is intended to analyze each cluster based on the assigned words to 

clusters, key phrases and concepts pertaining to each cluster. For each cluster, frequently used 

words and key phrases have been determined. It is observed that each abstract is well-

recognized by the model. However, there are some mistakes that will be discussed in the 

following sections. 

1. Knowledge Management (KM) Cluster  

According to (Rodgers, Mubako, and Hall, 2017) knowledge management (KM) is skills of 

organization to bring competitive advantage by its ability to create, identify, share and apply 

knowledge. KM and knowledge based systems (KBS) have been studied extensively among 

the information systems (IS) journals. Words such as “knowledge”, “management”, “system”, 

“based”, “sharing” and key phrases like “knowledge management” and “knowledge 

transform” provided insights to the researchers to name this cluster as knowledge 

management (KM). The frequency of words which have been used in abstracts and keywords 

is represented in Figure 7. The total number of articles that have been assigned to this cluster 

is 82. Through the visualized diagram, it is observed that all articles have been accurately 

assigned to this cluster.  
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Figure 7. KM common words 

2. Business Intelligence and Analytics (BI&A) cluster 

In an article published in MIS Quarterly, BI&A is divided into three areas; BI&A 1.0, BI&A 

2.0, and BI&A 3.0. Each of these major areas has specific Key Characteristics and 

Capabilities. For example, BI&A 1.0 refers to DBMS-based and structured content such as 

data warehousing, ETL and OLAP while, BI&A 2.0 examines Web-based and unstructured 

content such as Information retrieval and Opinion mining. BI&A 3.0 discusses emerging 

technologies such as Mobile and sensor-based content (Chen, Chiang, and Storey, 2012).  

The number of articles which have been allocated to this cluster is 103. It is observed that 23 

articles have been assigned to this cluster mistakenly through the classification algorithms. It 

was investigated to realize why these articles were not exactly related to BI&A cluster.  

Most recently, the concepts of big data and big data analytics refer to large and complex 

datasets which require advance analytics techniques. Nowadays, BI&A and big data are 

completely inter-related and have common boundaries (Chen, Chiang, and Storey, 2012). The 

articles that have been assigned to BI&A cluster erroneously, mainly discuss around big data 

and techniques to analyze big data which are directly related to business analytics domain. It 

will be informative to consequently put the joins and relations of BI&A and big data (BD) 

papers in a separated cluster together. Figure 8 and 9 show the most common words before 

and after purifying this cluster respectively. 
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Figure 8. BI&A most common words before purification 

 
Figure 9. BI&A common words after purification 

3. Internet of things (IoT) Cluster 

Primarily, most definitions of IoT focuses on connectivity and sensory requirements for 

entities involved in typical IoT environments. Nowadays definitions of IoT give more value 

to the need for ubiquitous and autonomous networks of objects where identification and 

service integration have important roles (Kamath, Mittal, Kundu, and Prasad, 2017). The 

number of articles in this cluster is equal to 57 where the words such as “internet”, “things”, 

“IoT”, “radio” and “rfid” and key phrase such as “internet of things” have appeared regularly. 

Only 8 articles have been assigned to this cluster mistakenly which will be removed in the 

next step. Figure 10 represents frequency words in abstracts and keywords of this cluster. 
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Figure 10. IoT common words 

4. Big Data Management (BDM) Cluster 

The term of big data is mainly used to illustrate enormous datasets which include masses of 

unstructured data that require advanced real-time and streaming analysis (Chen, Mao, and 

Liu, 2014). Terms like “big”, “data”, “analytics” and “algorithms” and also key phrases like 

“big data” which have appeared among the articles persuaded the researchers to name this 

cluster as Big Data Management. The total number of articles which have been allocated to 

this cluster is 98. Only 68 of articles precisely belong to big data. As mentioned, BI&A and 

big data are inter-related. Therefore, it is observed that 20 articles discuss around BI&A as 

well as big data at the same time. Figure 11 shows most common terms of all 96 articles and 

Figure 12 shows the articles which investigate both BI&A and big data together. To improve 

the performance of classification algorithms, the articles which cover both areas of 

knowledge are removed and brought to the separated cluster of Business and Big Data 

Analytics.  

 

Figure 11. Common big data words before purifying  
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Figure 12. Common terms in BI&A and Big Data 

5. Cloud Computing (CC) Cluster 

Cloud computing is a type of Internet-based computing that provides shared computer 

processing resources and data to computers and other devices on demand. It is a model for 

enabling ubiquitous, on-demand access to a shared pool of configurable computing resources 

(e.g., computer networks, servers, storage, applications and services) (Wikipedia, 2017). The 

content of this cluster has been well-recognized by k-means algorithm. The articles on this 

cluster directly and clearly examine cloud computing domain. Terms such as “cloud”, 

“computing”, “services” and “distributed” and key phrases like “cloud computing” 

encouraged the researchers to call this cluster Cloud Computing. Figure 13 shows the most 

frequent terms in this cluster. Eighty-one articles have been assigned to this cluster. Among 

the articles, 13 articles were less related and so they were finally removed. 

 

 

Figure 13. Cloud computing words  
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Clusters Summary 

The results of clustering were analyzed and articles which were not directly related to five 

areas of knowledge were removed before learning and classification. Afterwards, each article 

received an appropriate label through their concentration on different areas of knowledge. 

Table 2 shows the final results of clusters naming.    

Table 2. Labeled documents in clusters 

Domains of knowledge  

(Clusters as Major Trends of Information 

Systems Research) 

Labeled 

articles 

Removed 

articles 

Knowledge Management (KM) 83 0 

Business Intelligence and Analytics (BI&A) 90 23 

Internet of Things (IoT) 49 8 

Big Data Management 68 20 

Cloud Computing  68 13 

Total  356 64 
 

Classification Implementation and Analysis 

In this section, classification algorithms (namely: SVM, Boost Tree Regression, Logistics 

Regression, and Multi-Nominal Naïve Bayes) are implemented for learning the results of 

clustering and then, the results of four algorithms are validated and examined. It is observed 

that all types of measurements which have been used to evaluate the models are providing 

significant results. However, it seems that boost tree classification is more accurate in 

predicting the cluster of new papers than other classification algorithms. Table 3 shows the 

results of each classifier validation with accuracy, recall, and precision criteria.  

Table 3. Validation of classification algorithms 

Classification Algorithm Accuracy Precision Recall 

SVM 0.898 0.91 0.901 

Boost Tree Regression 0.98 0.984 0.984 

Logistic Regression 0.819 0.868 0.81 

Multinomial Naïve Bayes 0.559 0.605 0.549 
 

Boost Tree algorithm has predicted the domain of papers in the dataset with significant 

accuracy. The papers abstracts have been read by the algorithm and it has well predicted the 

domain of knowledge (cluster names) to which the paper belongs. Figures 14 and 15 show a 

part of tree of boost tree classification algorithm. Table 4 also provides the confusion matrix 

for the boost tree algorithm.  
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Figure 14. A part of knowledge management tree  

 

Figure 15. A part of internet of things tree 

Table 4. Confusion matrix for boost tree algorithm 
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Table 4 provides the validation results and also clues about only one document which has 

been mistakenly predicted as Big Data while it belonged to cloud computing (CC) domain. 

The validation results illustrate that the algorithm can predict the papers domain of 

knowledge with very low error and high prediction accuracy. It is observed that the SVM 

algorithm also predicts the dataset significantly accurate. The result of SVM classifier with 

different cross validation attempts was also examined. The output of precision and recall for 

100 runs of this algorithm is represented in Figure 16. 

 

Figure 16. SVM precision and recall 

This study has utilized different techniques to design a solution to evaluate the IS articles. It 

has been observed that articles have been divided into 5 meaningful areas of knowledge using 

k-means clustering algorithm. Secondly, different classification algorithms have been 

employed to learn and predict the areas of knowledge which has been detected by k-means. 

In the final step, the results of classification algorithms have been evaluated. Validation 

results for two algorithms (Boost tree regression and SVM) show significant accuracy on the 

dataset for predicting the knowledge domain of future scientific papers. 

Discussion 

By investigating the words and key phrases for each area of knowledge, it can be realized that 

there are five major concerns in information systems domains of research. It can be observed 

that knowledge management papers mostly invest on transferring knowledge throughout the 

organizations and seeking for effective knowledge-based innovations, learning and 

performance which provides clues on why words and key phrases such as “organization”, 

“effect”, “knowledge transform”, and “innovation” have been frequently used by papers. It 

can be recognized that one of the important subject areas is knowledge based systems in a 

way that words and key phrases such as “systems” and “knowledge based” can be repetitively 

found in these papers. 

According to (Chen, Chiang, Storey, 2012) big data is a subcategory of business intelligence 
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and analytics. In this dataset, these two areas have a lot of common terms; however BI&A 

focuses on how data analytics lead companies to make a right decision while Big Data 

investigates the possibilities to use BI&A in a large set of data so as to get meaningful results. 

Some of the most common words in BI&A are “data”, “analytics” “warehouse”, “support”, 

decision” and “making”. On the other hand, some of the most common terms in Big Data 

papers include “mining”, “algorithms”, “large”, “set”, “fuzzy”, “classification”, and, 

“predictive”. 

Currently, organizations are willing to implement their systems on the cloud and their 

systems as a service (SaaS). Despite of attractiveness of cloud-based systems, organizations 

are worried about problems such as privacy and security. Some of the most common terms 

and key phrases of this area include “distributed”, “service”, “system”, “security”, 

“providers” “saas”, “framework”, and “distributed systems” which all present the concept of 

cloud computing and its derivatives.  

IoT is an emerging theme which is used in different aspects of the sensor-based world. 

Organizations can develop IoT solutions that connect things, collect data and derive insights 

and consequently reduce costs, improve productivity and increase revenue as well as 

producing large volumes of data. Logistics and supply chain management have always been 

one of the issues for all businesses. Nowadays, IoT can solve many issues of SCM in a very 

effective way. The focuses of the papers in this area are mostly on supply chain management, 

smart transportation, and logistics. Some of the most common terms of this area are, 

“supply”, “chain”, “frequency”, “radio”,” rfid”, “smart”, “sensor”, “sensor”, “wearable”, and 

“logistic”. 

Finally, common words for each cluster and their frequencies are presented in table 5. 

Table 5. Essential terms for each cluster 

Cluster 

Number 
Cluster Name Common Terms (Frequency) 

 
one 

Business Intelligence and 

Analytics (BI&A) 

Data (374), Business (318), BI (257), Analytics (223), 

Intelligence (215), Decision (172), Analysis (119), Making 

(81), Support (59), competitive (58), BI&A (50), Mining 

(42), Tools (42)   

Two Cloud Computing (CC) 
Cloud (311), Computing (240), Service (113), systems (83), 

resource (54), distributed (44), privacy (43), Security (42),  

Based (37) 

Three 
Knowledge Management 

(KM) 

Knowledge (493), Management (147), Transfer (67), 

Innovation (52), Organization (41), Firms (41), Social (38), 

Systems (37), Based (37), Manufacture (35), Performance 

(33), Activities (31), Learning (31)  

Four 
Big Data Management 

(BDM) 

Data (445), Big (189), Information (83), Analytics (70), 

Social (69), Analysis (59), Decision (54), Online (51), 

Mining (43), Algorithms (34), Large (31), Fuzzy (30), Sets 

(25) 

Five Internet of Things (IoT) 

Internet (131), Things (106), IoT (89), Logistics (30), 

Supply (30), Security (27), Chain (26), Service (26), Smart 

(21), RFID (16), Communication (14), Protocol (14), Sensor 

(13), Wearable (13)  
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 Conclusions 

Accurately labeling and predicting the content of documents require a lot of effort and will 

surely be costly. Unsupervised learning can be utilized to deal with such problems. In 

general, topic modeling and variety of clustering algorithms can be used to get insights from 

unlabeled documents. The combination of feature extraction and topic modeling algorithms 

such as Latent Dirichlet Allocation (LDA), and classification algorithms like KNN and SVM 

are used to classify articles in different academic endeavors.  

Using topic modeling for labeling documents faces different problems and challenges as well. 

Some of these challenges are the number of topics that should be well studied and specified 

in advance for accurately validating the results of automatic prediction. On the other hand, 

clustering algorithms can solve these problems efficiently and cost effectively. However, the 

configuration and tuning of algorithms are also time-consuming and costly. Nevertheless, it 

will create new insightful knowledge. 

Documents usually discuss about different heterogeneous topics. Because of the 

multidisciplinary nature of IS journals, it can be extremely hard to accurately predict the sub-

categories to which the paper belongs. This has been the attempt to conduct in this paper 

through the extensive analysis and validation of a number of algorithms over many highly-

ranked papers. More specifically, it can be observed that an IS article topic might investigate 

a range of different sub-topics of IS at the same time which makes the analysis of findings 

more difficult and complicated. 

This study has examined the IS articles in order to design a predictive solution to cluster a 

group of similar documents together and predict the area of knowledge of a given set of 

articles, based on the previously validated learning. The k-means clustering algorithm has 

been used to reach the first objective and different classification algorithms were used to 

reach the second objective of research. The results have shown great promise on the actual 

trends of IS and IT developments in the near future regarding the soft aspects of information 

technology. 

In the future research, various clustering algorithms can be used and validated against each 

other for assigning the most appropriate labels to each document. For example, soft clustering 

algorithms such as Fuzzy C-means can be used for determining the degree of membership of 

each document to each cluster as many IS papers are multi-disciplinary and belong to 

different knowledge domains to different degrees of membership. In this approach, a 

document can potentially belong to multiple clusters and can be cross-analyzed through 

cluster words and phrases frequencies. Using probabilistic labels can also lead to predicting 

the category of a given article through classification algorithms such as Naïve Bayes, logistic 

regression, multilayer perceptions (MLP) or other types of neural networks like radial basis 

functions and linear vector quantization for obtaining the best accuracy of scientific 

prediction.  

 

https://en.wikipedia.org/wiki/Logistic_regression
https://en.wikipedia.org/wiki/Logistic_regression
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