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 In the present world most of the serious decision making problems need grouping up of 
data with similar characteristics to facilitate analysis on the same. During recruitment, 

an employer may be interested in searching for a more suitable candidate based on 

certain desired characteristics apart from the basic qualifications that define the job 
profile. This forms the functional and non functional characteristics in data. Spotting 

out the more desired candidate from a large set of profiles in a more optimal way 

requires the data to be clustered. Clustering results in the formation of homogeneous 
groups of data attributing to specific interests. This paper focuses on the use of an 

unsupervised clustering technique for feature extraction namely the ART Network. It 

takes the advantages in being a neural network and helps to narrow down to an optimal 
search for an apt candidate during the hiring process. Clustering results obtained are 

found passable with minimum intracluster distances when compared with those 

produced by a supervised algorithm namely K-Means. Thus an unanticipated grouping 
facilitate a better search. 
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INTRODUCTION 

 

 The work is mainly focused on application of clustering algorithms upon the data extracted from job 

applications during the recruitment process. This would further facilitate a better search for optimal results in 

selecting a desired candidate. A Clustering algorithm namely ART(Adaptive Resonance Theory), a neural 

network is suitably applied and the results of clustering are compared with those obtained from a supervised 

algorithm namely K-Means to demonstrate how ART edges over a supervised approach. This paper is divided in 

to seven sections. Section 1 gives the fundamentals on the basic concepts employed in work. Section 2 

enumerates the basic approaches in clustering used in the references considered for the study and gives the 

summary of disadvantages in clustering methods. Section 3 explains how ART Network works and its merits. 

Section 4 details the system architecture and implementation. Next, in section 5 the results are tabulated to know 

how ART performs better by considering the average intracluster distance as the measure and finally the work is 

concluded with future enhancements in section 6. 

 

Back ground: 

A. The Need: 

 Recruitment involves the process of attracting, screening, selecting, and on-boarding a qualified person for 

a job. When the employer need to develop an „employer brand‟, it is essential to reflect upon certain underlying 

characteristics and preferences other than the basic functional norms that attribute to the job description. The 

stages of the recruitment process include: job analysis and developing a person specification; the sourcing of 

candidates, or other search methods; matching candidates to job requirements and screening individuals using 

testing (skills or personality assessment); assessment of candidates' motivations and their fit with organizational 

requirements by interviewing and other assessment techniques. When the number of applicants grows in size it 

is infeasible to go through each resume assessing a candidate with the desired characteristics. Hence the process 

of skill assessment and screening needs is to be automated and clustering will facilitate the process.  
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B. Data Mining: 

 Generally, data mining (sometimes called data or knowledge discovery) is the process of analyzing data 

from different perspectives and summarizing it into useful information - information that can be used to increase 

revenue, cuts costs, or both. It allows users to analyze data from many different dimensions or angles, categorize 

it, and summarize the relationships identified. Technically, data mining is the process of finding correlations or 

patterns among dozens of fields in large relational databases. 

 

C. Clustering: 

 Clustering is a way to segment data in to groups that are not previously defined. It is the classification of 

similar objects into different groups, or more precisely, the partitioning of a data set into subsets (clusters), so 

that the data in each subset (ideally) share some common trait - often proximity according to some defined 

distance measure."Clusters" is often used to describe mutually exclusive sub-segments (Jingxuan Li et 

al.,(2012)). 

 

D. Neural Networks: 

 An Artificial Neural Network (ANN) is a processing device, either an algorithm, or actual hardware, whose 

design was motivated by the design and functioning of human brains and components thereof. Most ANNs have 

some sort of "training" rule whereby the weights of connections are adjusted on the basis of presented patterns. 

In other words, ANNs "learn" from examples, just like children learn to recognize dogs from examples of dogs, 

and some structural capability for generalization. ANNs normally have great potential for parallelism, since the 

computations of the components are independent of each other. An exhibit ANN is configured for a specific 

application, such as pattern recognition, data classification, and signal processing etc., through a learning 

process (Praveen Joe I R and George Washington D(2008)). 

 

E. Adaptive Resonance Theory (ART): 

 ART network serves the purpose of cluster discovery. The novel property of this network is the controlled 

discovery of clusters. It can accommodate new clusters without affecting the storage or recall capabilities for 

clusters already learnt. The network produces clusters by itself, if such clusters are identified in input data, and 

stores the clustering information about patterns or features without a priori information about the possible 

number and type of clusters. Essentially, the network follows the leader after it originates the first cluster with 

the first input pattern received. It then, creates a second cluster if the distance of the second pattern exceeds a 

certain threshold; otherwise the pattern is clustered with the first cluster. This process of pattern inspection 

followed by either new cluster origination or acceptance of the pattern to the old cluster is the main step of ART 

network production (Rangarajan S K et al.,(2004)). 

 

Clustering Approaches & Pitfalls: 

 The following practices are used for clustering in the literature taken for study 

 Mathematical algorithms & K Means algorithm which is supervised are used (Liang-Jie et al., (2012)). 

 Semantic based methods are used , annotations and their meanings were considered for grouping (Aabhas V 

et al., (2012)). 

 Hierarchical clustering is used along with mathematical clustering algorithms to cluster musical data 

(Jingxuan Li et al.,(2012)). Taxonomic approaches are applied to group web services to facilitate service 

discovery (Sourish Dasgupta et al.,(2011)). 

 Fuzzy based approaches and swarm algorithms (Particle Swarm) are used for clustering based on QoS 

ranking of services (George Zheng and Athman Bouguettaya (2009) & Rajni Mohana., (2011)). 

 

Clustering Pitfalls: 

 Following are the drawbacks in clustering techniques. 

 

a) Numerical Variables and Normalization: 

 Most clustering techniques are based on distance calculation. It is noted that distance is very sensitive to 

ranges of variables. For example, "age" normally ranges 0 ~ 100. On the other hand, "salary" can spread from 0 

to 100,000. When both variables are used together, distance from salary can overwhelm the other. Thus, values 

have to be normalized (Rangarajan S K et al.,(2004)). 

 

b) Outliers: 

 Related to numerical variables, outliers also create problems in data mining, especially with clustering 

based on distance calculations. In such systems, outliers should be identified and removed from data mining 

(Praveen Joe I R and George Washington D(2008)). 
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c) Categorical and Binary variable encoding: 

 Dealing with categorical variables (non-numeric data, non-numeric variables, categorical data, nominal 

data, or nominal variables) is much more problematic. Normally, we use "one-of-N" or "thermometer" 

encoding. This can introduce extra biases due to numbers of values in categorical variables. Note that one-of-N 

and thermometer encoding transforms each categorical value into a true-false binary variable. This can 

significantly increase the total number of variables, which in turn decreases the effectiveness of many clustering 

techniques (Rangarajan S K et al.,(2004)). 

 

d) Clustering variable selections and weighing: 

 Clustering variable selection is another problem. Selection of variables will largely influence clustering 

results (Rangarajan S K et al.,(2004)). 

 

e) Behavioral Modeling on Time-variant variables: 

 Capturing patterns hidden inside time-varying variables and modeling is another difficult problem. Most 

clustering techniques do not possess predictive modeling capability (Xu R, and Wunsch D (2005)). 

 

f) Supervised Clustering: 

 Data clustering is a supervised process. Clustering problems have been studied extensively from different 

angles and using different approaches and new challenging arises as well due to the technology development 

(Jung-Hua Wang and Chun-Yun Chung (1998)). 

 

g) Linearity: 

 It is always not required to operate linearly; therefore a clustering technique should be more adaptable to 

real-world, non-linear analysis (Shuxiang Xu and Ming Zhang (2006)). 

 

h) Huge and Very High dimensional data sets: 

 An effective clustering technique should support automatic discovery of clusters in different subspaces of a 

higher dimensional space (Xu R, and Wunsch D (2005)). 

 

ART Network, its Merits and Working: 

Advantages of ART Network: 

 ART neural networks are proved to be very effective in self-organized clustering in full dimensional spaces. 

It was first introduced by Grossberg in 1976 in order to analyze how brain networks can autonomously learn in 

real time about a changing world in a rapid but stable fashion (Praveen Joe I R and George Washington 

D(2008)). Following are the merits: 

 

a) Unsupervised Clustering: 

 Data clustering is an unsupervised process of classifying patterns into clusters, aiming at discovering 

structures hidden in a data set. Clustering problems have been studied extensively from different angles with 

different approaches and new challenges arising as well due to the technology development (Rangarajan S K et 

al.,(2004)). 

 

b) Linearity is not a must: 

 ART offers a lot of different advantages. It allows the opportunity to use data mining from a wide range of 

sources. ART is not required to operate linearly; therefore it is more adaptable to real-world, non-linear analysis. 

ART is relatively simple in its operation (Xu R, and Wunsch D (2005)). 

  

c) Huge and Very High dimensional data sets: 

 It supports automatic discovery of clusters in different subspaces of a high dimensional space using a 

density-based approach. The advantage of ART is that it does not assume the number of clusters in advance and 

allows the user to control the degree of similarity placed in the same cluster (Jung-Hua Wang and Chun-Yun 

Chung (1998)). 

 

d) Vigilance Parameter: 

 It is a functional parameter to determine the degree of mismatch to be tolerated. ART network includes a 

choice process and a match process as its key parts. The choice process picks up the most likely category 

(cluster) for an input pattern. If the template of the chosen category is sufficiently similar to the input pattern to 

satisfy a predefined vigilance parameter, say ½, then the category resonates and learns: its template is updated to 

respond to the new input pattern. Otherwise, the category is reset, and the next most likely category is chosen. If 

no existing category satisfies the match criterion, then a new category is recruited. Thus, ART incrementally 
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produces categories (Rangarajan S K et al.,(2004) ). 

 

Working: 

The system consists of two layers, F1 and F2, which are connected to each other via the LTM. The input 

pattern is received at F1, whereas classification takes place in F2. As mentioned before, the input is not directly 

classified. First a characterization takes place by means of extracting features, giving rise to activation in the 

feature representation field. The expectations, residing in the LTM connections, translate the input pattern to a 

categorization in the category representation field. The classification is compared to the expectation of the 

network, which resides in the LTM weights from F2 to F1. If there is a match, the expectations are strengthened, 

otherwise the classification is rejected.  

 

 
 

Fig. 1: Simple ART Architecture. 

 

 Once the input vector is classified, the reset module compares the strength of the recognition match to the 

vigilance parameter. Training commences when the vigilance parameter is overcome, the weights of the 

winning recognition neuron are adjusted towards the features of the input vector. On the other hand, if the match 

level is below the vigilance parameter the winning recognition neuron is inhibited and a search procedure is 

triggered. During the search procedure, recognition neurons are disabled one by one by the reset function until 

the vigilance parameter is overcome by a recognition match. 

 

System Model and Implementation: 

Feature Set Construction: 

 Feature extraction is very different from Feature selection: the former consists in transforming arbitrary 

data, such as text or images, into numerical features usable for machine learning. The latter is a machine 

learning technique applied on these features. Input to the ART network demands the conversion of the data to 

zeros and ones. In the context of recruitment process input data is available in the text form ie., a resume from 

which relevant input pattern has to be generated. Following are the steps: 

 Step 1: Each input feature set is a combination of functional and non functional attributes represent in a 

discrete form ie, binary form. For Example consider the following 5*3 matrix  

 

 
 

Fig. 2: Feature set construction. 

http://scikit-learn.org/stable/modules/feature_selection.html#feature-selection
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 Let NF be the set of non functional attributes NF = {A1, A2, A3, B1, B2} and F be a set of functional 

attributes F = {B3,C1,C1,C3,D1,D2,D3,E1,E2,E3}.  

 Step 2: Parse the resume document and get all nouns and adjectives, through stemming process. For 

example, a stemming algorithm reduces the words "fishing", "fished", "fish", and "fisher" to the root word, 

"fish". Humpty numbers of such parsing algorithms are available. The fetched words are tabulated and the 

number of occurrences of key words are counted using a program. 

 Step 3 : The functional attribute set is a combination of key technical jargons used widely in the field or 

domain. For example F2 for data mining may be {classification, clustering, prediction, regression, association, 

outlier detection, pattern mining, text mining, web mining, and spacial mining}. This is only a sample; the set of 

functional key words may be arrived with the consultation of a domain expert in the field under which a 

candidate has to be recruited. 

 Step 4: Non functional attributes may be quantified like A1 = {Male or Female} ie 1 or 0 as the case may 

be. Similarly the other attributes of the input set may be featured to some discrete form. For example F1 

={Male/Female, PhD/No PhD, 5+ Years of experience / less than 5, distinction in PG / No distinction, Chennai / 

outside Chennai}. For functional attributes, say the word „classification‟ occurs more than n number of times, 

then set the concerned input feature bit as one else zero. „n‟ has to be given as input to the counter program. 

 Step 5: Now for each candidate the feature set is generated as a combination of zeros and ones representing 

the absence and presence of that particular feature in the profile. For example the following feature input can be 

interpreted as (moving from left most bit to right) 

 

 
Fig. 3: Sample Input Feature Set. 

 

1. The Candidate is a male (1) 

2. Has a PhD degree (1) 

3. Has more than 5 years of relevant experience (1) 

4. No distinction in PG (0) 

5. Hails from a place other than Chennai (0) 

 Remaining attributes are related to a particular technical domain of the candidate for example here lets us 

consider the subject „data mining‟ prioritizing specific topics in the subject which is left to the decision of the 

concerned domain expert. 

6. has some relevant exposure to classification techniques 

7. no exposure to clustering algorithms 

8. no exposure to prediction algorithms 

9. no exposure to regression  

10. has sufficient knowledge in association mining 

11. no exposure to outlier detection 

12. no exposure to pattern mining 

13. has exposure to text mining 

14. has exposure to web mining 

15. no exposure to spatial and temporal data mining 

 The application document will be parsed and the occurrences of the domain specific terms are counted. For 

example if we are measuring on a 10 point scale, the word „clustering‟ may appear x times in the application and 

so if x/10 is 50% or above then the bit may be set to 1 which is a hit else its set to 0 which is a miss. A preferred 

threshold percentage value may be chosen according to the expectations of the scrutinizing technical expert 

team. 
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Methods and Measures: 

 
 

Fig. 4: System Model. 

 

 The applicant information are extracted as explained earlier and are given as an input in the binary format in 

the form of n*n matrix depending on number of characteristics considered. ART clusters them in an 

unsupervised manner and then the clustered binary data has to be converted in to actual data representations in 

row and column format and stored suitably using a RDBMS. Every potential cluster is now in a table form and 

this database table is the input to the mining tool and queries are passed so as to get appropriate and desired 

reports. The user has to set the vigilance parameter i.e. the threshold for the level of clustering required for the 

ART. When the vigilance parameter is 0 every dataset becomes a unique cluster and if it is set to 1 then two data 

items fall in a group if there is a 100 percent match. The quality of the clusters formed is verified using the 

following two measures: Compactness: This is a measure of cohesion or uniqueness of objects in an individual 

cluster with respect to the other objects outside the cluster, e.g., the average similarity of objects within the 

cluster. Greater the similarity, greater is the compactness. Isolation: This is a measure of distinctiveness or 

separation between a cluster and the rest of the world, e.g., highest similarity to an object outside the cluster. 

Smaller the similarity, greater is the isolation. 

 

Results and Inference: 

 For bench marking purposes, the results obtained through ART algorithm may be compared with the result 

got through K Means algorithm (which was experimented in earlier instances). The following table lists the 

observations made for varied vigilance values set and outputs obtained in both ART and K Means. 

 
Table 1: Comparison of Results. 

Particulars K Means (Supervised) ART (Unsupervised) 

Iteration 1 v.p = 0.8 

No. of Inputs 100 100 

No. of Clusters 10 8 

Ave. Intracluster Distance 11.5 to 23.6 3.9 to 12.05 

Iteration 2 v.p = 0.7 

No. of Inputs 167 167 

No. of Clusters 10 13 

Ave. Intracluster Distance 13.5 to 24.6 4.1 to 14.04 

Iteration 3 v.p = 0.6 

No. of Inputs 205 205 

No. of Clusters 10 16 

Ave. Intracluster Distance 13.2 to 25.1 4.5 to 14.5 

Iteration 4 v.p = 0.5 

No. of Inputs 312 312 

No. of Clusters 10 18 

Ave. Intracluster Distance 15.1 to 27.6 4.8 to 16.5 

 

 When the quality of clustering is compared between ART based clustering which is an unsupervised 

approach and K- Means clustering technique, a supervised one in terms of intra-cluster distances, the results 

show that the average intra-cluster distance of the clusters formed by ART and K-Means algorithm keep varying 
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for every increase made in the number of inputs and increasing values of the vigilance threshold for ART and 

fixed K value (here 10) of K Means algorithm. Two points are evident, firstly the average intra-cluster distance 

of clusters formed by ART based clustering approach are much compact and isolated as compare to K-Means 

based clustering approaches. From the table it is observed that the average intra-cluster distance is minimum in 

all iterations (for both max and min ranges as in table 1) in case of ART compared with K-Means which is 

relatively large. Secondly more unique and unanticipated clusters are formed in ART where as K value need to 

be fixed in advance in case of K Means. 

 

Conclusion and Future Enhancement: 

 Thus the results are passable and prove to be relevant. In the ART Algorithm the threshold value called 

Vigilance Parameter is adjusted i.e., set between 0 and 1 based on the requirement. There are no formal 

procedures or parametric analysis of how to fix the vigilance parameter which can alone be considered as a 

problem for research and an appropriate solution has to be arrived for auto tuning of the threshold for clustering.  
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