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Abstract — Recent advances in data gathering and storage has made lots of data available. This data rich but information poor 

situation requires powerful and specialized tools to extract and analyse information from these data sources. The gap between data 

and information can be filled with evolution of data mining tools that convert data to knowledge useful for decision making.  Last few 

decades witnessed evolution of interesting data mining techniques. However, it is observed that practical applicability of these 

algorithms is limited due to certain factors. Most of these algorithms require the users to set values of many input parameters at 

runtime. If the parameter values are not set appropriately, it may result into spurious information getting reported and/or hindering 

true facts. Improper parameter tuning may also result into performance degradation of the underlying data mining algorithm. If the 

algorithm is parameter sensitive, small deviations in the input parameter values may drastically affect the output quality. The 

likelihood is more when the meaning, purpose and expected ranges of the parameters are not known to a non-expert user. Hence it is 

desirable that new data mining algorithms should operate with a very few parameters, ideally none. Parameter-free data mining 

solution can be a reality if it lets the data to speak about itself rather than biasing it towards author’s assumptions and expectations 

about the data. In this paper we review previous attempts to automatically estimate any parameters required by data mining 

algorithms.  
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I. INTRODUCTION 

Data mining is intended for generating new information out of abundance of data. It is an interdisciplinary field with a goal 

to discover hidden patterns and present the discovered knowledge into a comprehensible structure. The extracted information 

can be used in the field of machine learning, artificial intelligence etc. Data mining functionalities can be categorized as concept 

characterization, frequent pattern mining, association rule mining, identification of correlations, predictive analysis i.e. 

classification and regression, clustering, and outlier analysis [1]. There are many algorithms proposed in literature to implement 

each of these approaches. Their working is controlled by certain parameters whose values are accepted from the user at runtime.  

There are some challenges posed on the performance of these parameter-intensive algorithms. When an algorithm is 

designed to work based on some input parameters, its working is biased towards these parameters. Improper tuning can cause 

either true patterns not reflected in the output or inclusion of non-existing patterns, or both. Too many parameters can cause 

difficulty in reproducing optimal results claimed by the authors, when the algorithm is later compared across various methods. 

This is because the meaning of parameters may be unclear and the range of parameter values to get optimal results could be 

unknown to a non-expert user. The process of parameter tuning for machine learning or optimization algorithm is a 

combinatorial, costly exercise as it requires searching an infinite space of parameter values. Many parameterized algorithms 

demand the input data to be in a standard format, which requires pre-processing before the algorithm can be applied. Hence it is 

desirable that a data mining algorithm must be designed to work with very few parameters. A parameter-free data mining 

algorithm can explore input data without any presumptions on the underlying data. Hence, ideally there should be less manual 

intervention in the data mining process. 

II. RELATED WORK 

Lots of data is being captured every moment through sensors, and internet based applications throughout the world. 

The data can be very useful to businesses if it can be utilized efficiently for prediction of future trends, performance monitoring, 

consumer behaviour analysis and applications of similar kind. But raw data cannot be used for decision making until it is 

converted to useful knowledge. Data mining plays important role to fill this gap by applying automated processes to extract 

interesting patterns out of massive data. The tasks involved can be classified into two broad categories- i) descriptive tasks used 

to characterize or summarize the properties inherent in the data and ii) predictive tasks which use training data to make 

predictions about future data samples [1]. Descriptive analysis makes it possible to draw conclusions from past behaviour. 

Class/concept description, finding frequent patterns, association rule mining, clustering, correlations, sequence discovery, 

summarization are descriptive tasks. Predictive analysis uses the information in data for forecasting and simulation to make 

prediction about future events. Classification, decision trees, time series analysis, regression, prediction are the examples of 

predictive data mining.  

Literature survey of existing data mining algorithms reveal that working of most of these algorithms is controlled by 

parameters, values of which are set by the user at runtime. That means manual intervention in inevitable. Keogh et al. [2] were 

pioneers in putting forward the concept of parameter-free data mining. They empirically show that parameter-laden algorithms 
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tend overfit the results in particularly in case of anomaly detection. These algorithms achieve high accuracy on a test dataset 

whereas completely fail on other datasets of similar kind. As a step towards mitigating these problems the authors proposed a 

Compression-based Dissimilarity Measure (CDM) which can be applied to clustering, anomaly detection and classification to 

devise parameter-free data mining algorithms. CDM is designed as a dissimilarity measure and it can be used to prune search 

spaces. The empirical evaluation shows that such a parameter-free algorithmic approach outperforms parameter-laden 

algorithms. The authors claim that CDM can be useful to solve wide variety of data mining problems working with wide variety 

of data types.  

 

A. Association Rule Mining 

 

The discovery of interesting relationships existing among huge amounts of business transactions can help in decision-

making, catalogue design, cross-marketing, customer shopping behaviour analysis for product recommendations etc. 

Association rule mining, first introduced in [4] has proved very useful in extraction of such relations. It mines interesting 

correlations, associations, frequent patterns or structures existing among sets of items belonging to a transaction database in the 

form of subsequences, or substructures or itemsets. These frequent subsequences are represented in terms of association rules. 

An association rule of the form P ⇒ Q expresses that a transaction containing P has a high probability that it also contains Q as 

well. P is called antecedent of the association rule and Q is called consequent of the rule. Interestingness of the discovered rule 

is measured in terms of confidence and support which reflect certainty and usefulness of the rule respectively. The confidence 

denotes the percentage of transactions having P also contain Q. The support is the percentage of transactions containing P or Q 

or both. Discovered rules must satisfy thresholds of minimum support and minimum confidence for marking them as interesting. 

These thresholds are generally set by users. Further analysis of the rules can be performed to find statistical correlations 

between the items associated in a rule. 

Apriori algorithm [3] and FP-Growth [5] are some prominent examples of algorithms for association rule mining. All 

rules exceeding minimum support and minimum threshold are mined. Care must be taken while selecting these thresholds as 

high threshold values may leave out useful and interesting rules from the result whereas lower values may cause inclusion of too 

many unnecessary rules. Therefore association rule mining poses another requirement that the user should have some expertise 

in the domain to obtain the good quality rules. Apriori algorithm implementation in Weka [6] solves the problem partially. It 

iteratively reduces the value of minimum support, by a fraction called delta support which is again accepted from the user. The 

iterations continue till a minimum support value is reached or count of rules generated reaches number of rules (NR) value. An 

improvement over Apriori algorithm called Predictive Apriori algorithm [7], uses expected predictive accuracy which is 

estimated using Bayesian method [1]. Thus the user only needs to specify the maximal number of rules to discover. An 

experimental evaluation done in [8] shows that Predictive Apriori algorithm outperforms Apriori-type algorithm.  In another 

attempt towards parameter-free association rule mining [9] the authors propose yacaree (Yet Another Closure-based Association 

Rule Experimentation Environment) to process transactional data. It is based on simplified version of ChARM [10]. It 

eliminates the need to specify delta parameter as in Apriori algorithm implemented in Weka and also does not correlate support 

to confidence as done in predictive Apriori. The algorithm does self-adjustment of the internal effective support bound. It 

initializes the value at a very low level and grows it till the memory consumption exceeds internal threshold.  

 

B. Classification 

 

Classification is a supervised data mining approach, i.e. it works based on past knowledge in the form of examples. 

The process of classification has two phases. The first phase is called as learning phase in which a model is developed based on 

samples in the training data. The samples describe the behavioural characteristics of the target data classes. The second phase is 

called a classification phase which uses the classification model developed earlier to predict class label for input samples in 

given data. Classification by decision tree [11], Bayesian classification [13], nearest neighbour method, neural network are 

some techniques for building the classification models.  

ID3, C4.5, and CART are some classification approaches that work on a greedy (i.e. non-backtracking) method to 

construct decision trees in a top-down recursive manner. In decision tree induction phase, the tree is learned from training tuples 

which are already marked with class labels. A decision tree looks like flowchart in which every non-leaf node represents a test 

on a variable. The branches of the tree represent an outcome of the test. Each terminal node denotes a class label. In the 

classification step, a tuple is given as input to decision tree and path is traced from the root node to a leaf node depending on 

values of variables in the tuple. The corresponding leaf node predicts the class for that tuple. The decision tree induction 

algorithm is based on three parameters namely, data partition called D, attribute selection method and attribute list. Initially 

complete training dataset containing class labels is input to the algorithm.  Attribute selection method specifies a heuristic for 

selecting best discriminating attribute out of the available list which will lead the tuple to fit in given class. Gini index, gain 

ratio, information gain, measures based on minimum description length (MDL) principle are some the attribute selection 

measures. The attribute showing the highest information gain is selected as the splitting attribute for current node. It has been 

observed that, the performance of a decision tree learner varies with small changes in information gain. In [14] the authors 

observe that a simple Genetic Algorithm (SGA) can be used as a meta-optimizer for finding good parameters for a decision tree 

learner. In [16] the authors mention that Expectation maximization (EM)[15] algorithm can be used for parameter estimation in 

the case of Naïve Bayes models, even if class labels are missing from the training samples. 
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C. Clustering  

 

Clustering is an unsupervised data mining method. This means there are no training samples with class labels. 

Clustering aims to group these unlabeled data items into one or more groups in which objects in a group are highly similar 

whereas those in different groups are highly dissimilar. It is used for image segmentation, pattern recognition, document 

retrieval etc. Clustering techniques are broadly classified as i) partitioning methods and ii) hierarchical methods based on 

representation of output clusters. These are also classified as density-based methods and grid-based methods based on the 

technique used to determine cluster membership. K-means [17] is a popular partitioning algorithm that constructs k-partitions of 

the data such that each group has at least one object. Though it is found to be fast and efficient, it is sensitive to the selection of 

initial centroids and cluster count k. Setting right parameter values requires a prior knowledge by an expert. A parameter-free 

version of K-Means is X-Means [18]. X-Means learns the parameter k using Bayesian Information Criterion (BIC). It then 

scores each model to choose the model having the highest score for BIC. However, it is found that it tends to overfit when data 

is from non-spherical clusters. 

Another density based clustering algorithm DBSCAN (Density-Based Spatial Clustering of Applications with 

Noise)[19] works based on two input parameters – i) epsilon specifying the radius to find neighbourhood of an object and ii) 

minimum number of points in the neighbourhood to mark it dense. DBSCAN is able to discover clusters having different 

densities, sizes and shapes. It is insensitive to input data ordering and can work well with noisy datasets. However, the major 

issue with DBSCAN is that the two parameters are not easy to guess a priori and its working is sensitive to these parameters. 

To overcome these issues, automatic techniques to determine appropriate parameter values are very essential. An algorithm 

called AE-DBSCAN is proposed in [20] which incorporate a new method to determine the value of epsilon – the neighbourhood 

radius automatically from the data. The idea is to assign first the sharp change in the k-dist plot as epsilon value. Another 

parameter free clustering algorithm is proposed by Hou et al. which is based on the two algorithms – DBSCAN and DSets [21]. 

An approach called AGED [22] determines the value of the epsilon based on the local densities. A modified DBSCAN is 

proposed by Wang et al. which automatically finds the epsilon parameter value for data with different distributions [23].  

Subspace clustering for high dimensional data aims to find clusters in subspaces, i.e. in subsets of attributes of a high 

dimensional data. It is observed that, the performance and quality of output produced by a subspace clustering algorithm is 

highly affected by the input parameters accepted by the corresponding algorithm.  It is unclear if the output clusters are really 

meaningful or the result is biased towards setting of given parameter values. Identification of subspace clusters may follow 

density based or cell based approach as in basic clustering approaches. However, most of the subspace clustering algorithms 

show common critical problems related to parameter setting. They work based on a number of parameters those should be set by 

the users such as: density threshold, cell granularity, duplication factor, minimum cluster size etc. Small changes in the input 

parameter values drastically affect output quality and execution time. For example, if the value of cell width is too large, it may 

result into inclusion of too much noise in the output clusters, whereas too small values can cause lossy results. The selection of 

parameters may also heavily impact efficiency of the algorithm. However, selecting proper parameter values is not trivial and 

requires a trial-and-error approach. It involves repeatedly conducting clustering task every time with different set of parameter 

values. Then the set resulting in optimal output is selected as best parameter combination for the given dataset.  This method of 

deciding parameter values is practically infeasible because, clustering itself is computation intensive task. When it involves high 

dimensional datasets which may be complex in three directions – in terms of number of objects, number of dimension and 

number of embedded clusters this method of parameter setting poses great challenge in practical implementation of the subspace 

clustering algorithms. Table I highlights input parameters accepted by some prominent subspace clustering approaches.  

The parameters required by a partition-based subspace clustering methods - the number of clusters and the position of 

subspaces) influence the iterations and clustering results. For the grid-based methods, the parameters (e.g. the grid interval, the 

dense requirement, size of clusters) can evidently affect the quality of clusters. In addition, parameters such as the 

neighbourhood size, the number of objects in neighbourhood required by density-based subspace clustering algorithms play also 

essential roles in searching for clusters. CLIQUE (CLustering in QUEst) [24] is the one of the basic grid based subspace 

clustering algorithms. It is not sensitive to the order in which the data records are input to the algorithm but it is sensitive to two 

input parameters - the size of the grid and density threshold. This problem is overcome in MAFIA (Merging of Adaptive Finite 

Intervals) [25] which uses a technique of adaptive grids based on the data distribution. The generation of higher dimensional 

subspace clusters is same as that of CLIQUE. DENCOS (DENsity COnscious Subspace clustering) [28] is a grid based 

subspace clustering algorithm which determines adaptive density thresholds according to the dimensionality of the subspace. 

The dense grids are identified using a novel data structure called Density FP-tree. There are some recent algorithms that also 

address the issue of parameter sensitivity of subspace clustering algorithms. Subspace Memory Clustering (SuMC) [29] is 

proposed which automatically determines optimal values of the parameters - number of clusters, dimensions of clusters and 

compression ratio.  The algorithm uses information theory and MDL principle. Unsupervised feature selection (SCUFS) using a 

subspace clustering based policy is proposed by Zhu, P. et al. Density estimator to estimate object counts in denser area is 

proposed by Müller et al. in the algorithm DensEst[27]. It estimates object density in selected subspaces. The estimation 

accuracy is improved by incorporating correlations between attributes. The authors claim that the density estimation method can 

be easily incorporated to improve accuracy and efficiency of subspace clustering and frequent itemset mining algorithms. An 

efficient density based subspace clustering approach is proposed by Lakshmi et al. by dynamically computing the value of 

epsilon. It finds it based on the information of maximum spread of the data [26]. 
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Table I Input Parameters Accepted By Some Prominent Subspace Clustering Approaches 

 

Clustering Approach Input Parameters 

i. CLIQUE(1998) No. of Intervals and Unit Selectivity Threshold 

ii. DENCLU(1998) Density Threshold and Neighbourhood Radius 

iii. ENCLUS(1999) Entropy Threshold, Interest gain Threshold 

iv. OPTIGRID(1999) Density Threshold and Neighbourhood Radius 

v. PROCLUS(1999) Number of Clusters, Average Number of Dimensions 

vi. MAFIA(2001) Cluster Dominance Factor 

vii. DOC(2002) 
Size Of Grid, Density Threshold, Balance Factor Between 

Points and Dimensions 

viii. SUBCLU(2004) Density Threshold and Neighbourhood Radius 

ix. PreDeCon(2004) 
Density Threshold and Neighbourhood Radius, two Preference 

Parameters 

x. FIRES(2005) Density Threshold and Neighbourhood Radius 

xi. DiSH(2007) Density Threshold and Neighbourhood Radius 

xii. DUSC(2007) Density Threshold    

xiii. INSCY(2008) 
Density Threshold and Neighbourhood Radius, Redundancy 

Factor 

xiv. DENCOS(2010) 
Equal Length Intervals, Unit Strength Factor, Maximum 

Subspace Cardinality 

 

CONCLUSION 

 
Every data mining model operates based on a set of parameters. The processing control is generally encapsulated in 

many arbitrary parameters. These parameters are the deciding factors to obtain accurate results in efficient manner. Such 

threshold-based data mining poses another requirement on the process i.e. need of an expert user who has extensive knowledge 

of the algorithm as well as data to be processed. Though parameter-laden algorithms are necessary to control noise and 

unwanted results, they work as a double-edge sword. First, it restricts the ability of a data mining algorithm to find novel and 

interesting knowledge due to constraining parameters values which are based on incomplete knowledge of a non-expert. Second, 

it is difficult to compare different approaches which work on different kind of parameterizations. Generally the parameters are 

estimated using the full dataset and hence tend to overfit the test data and are not generalized for real unseen data. While there 

are some recent techniques aiming at automatic tuning of parameters, these techniques are themselves based on some 

parameters which may result into an infinite regression. From above discussion it can be concluded that data mining methods 

should be parameter-free or if not possible at least parameter-light. Such algorithms can be designed by making use of the 

information embedded implicitly in the data. A research in this direction could lead to parameter-free efficient solutions.   
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