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Abstract: Data Mining extracts knowledge from large databases to discover existing and newer patterns. Data mining is 

the technique of automatic finding of hidden valuable patterns and relationships from huge volume of data stored in 

databases in order to help make better business decisions. Discovering useful patterns hidden in a database plays an 

essential role in several data mining tasks. Frequent item sets find application in a number of real- life contexts. Buying a 

PC first, then a digital camera, and then a memory card, if it occurs frequently in a shopping history database, is a 

frequent pattern. The market basket analysis is one of the applications of the frequent itemset mining .It analyses 

customer buying habits by finding associations between the different items that customers place in their shopping baskets. 

Most of the past work has been on finding frequent item sets, but also infrequent itemset mining has demonstrated its 

utility in different areas. 

 

1. Introduction 

Patterns that are rarely found in database are considered to be uninteresting and are eliminated using the support measure. Such 

patterns are known as infrequent patterns. An infrequent pattern is an itemset or a rule whose support is less than the minsup 

threshold. Infrequent patterns are likely to be of great interest as they relate to rare but crucial cases. Examples of applications 

where mining rare itemsets include identifying relatively rare diseases, predicting equipment failure, and finding associations 

between infrequently purchased items. In the market basket domain, indirect associations can be used to find competing items, 

such as desktop 

computers and laptops, which states that people whom buys desktop computers won’t buy laptops. Infrequent patterns can be 

used to detect errors. For example, if {Fire = Yes} is frequent, but {Fire = Yes, Alarm = On} is infrequent, then the alarm system 

probably is faulting. Also ,in the study of finding a better treatment approach for a special disease, researchers would like spend 

more time on studying an abnormal case rather than reading the millions of records of healthy people To detect such unusual 

situations, the expected support of a pattern must be determined, so that, if a pattern turns out to have a considerably lower 

support than expected, it is declared as an interesting infrequent pattern.  

 

In retail industry, the market basket analysis is intended for discovering which items tend to be purchased together in order to 

detain the purchase behavior of customers and to improve business. In general, the mining experts look into frequent pattern of 

purchase. Recently, the importance is being given for the discovery of infrequent or exceptional patterns like fraudulent credit 

card transactions, rare symptoms which leads to disease. In market basket analysis, some sets of items, such as milk and bread, 

occur frequently and can be considered as regular cases. When compared to milk and bread, some items like a gold chain and a 

ring are infrequently associated itemsets, but considered to be an important association. We may also uncover some rare 

associations that one cannot expect. The problem of finding rare or infrequent patterns has recently captured the interest of the 

data mining community. 

 

For instance, if customers are buying soap, how likely are they going to also buy washing power on the same trip to the 

supermarket? Such information can lead to increased sales by helping retailers do selective marketing and arrange their shelf 

space.  

 

Basic concepts 
We assume standard pattern mining settings, i.e., a set of m items I = {i1, i2, · · · , i 

} and a transaction database (TDB) D = {t1, t2, · · · , tnm} on top of I. A subset X of I is referred to as itemset whereby if |X| = k, 

then X is a k-itemset. Moreover, a transaction t is made of an itemset It and a unique identifier tid, typically, a natural number. A 

sample TDB made of five transactions is depicted in Figure 1 (left). The fraction of transactions in D that contains an itemset X is 

called the (absolute) support of X and is denoted by supp(X) = |{t|t ∈ D, X ⊆ Xt}|. Support is a prime measure of interest for 

itemsets: one t is typically – but not exclusively – interested in regularities in the data that manifest in recurring patterns. Thus, 

intuitively, the itemsets of higher support are more attractive. Formally, the frequent itemset mining assumes a search space for 

interesting patterns that correspond to the Boolean lattice B(2I) of all possible itemsets (see Figure 1, right). The lattice is 

separated into two segments or zones through a user-provided “minimum support” threshold, denoted by min supp. Thus, given 

an itemset X, if supp(X) = min supp, then it is called frequent, otherwise it is infrequent or rare. 

 

Frequent itemsets (FIs) and rare itemsets belong to two mutually complementary subsets of the powerset 2that further represent 

contiguous zones of the lattice B(2). In the technical language of lattice theory [7], these zones represent an order ideal (or 
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downset) and an order filter (or upset), respectively, which means that a subset of a frequent itemset is necessarily frequent and, 

dually, a superset of a rare itemset is necessarily rare. In the lattice in Figure 1, the two zones corresponding to a support threshold 

of 3 are separated by a solid line. For example, the itemsets {A}, {AB}, or {BE} are frequent whereas {D}, {BD}, or {ACD} are 

rare. 

 

The rare itemset family and the corresponding lattice zone is the target structure of our study. It may be further split into two 

parts, the itemsets of support zero, hereafter called zero itemsets (X with supp(X) = 0), on the one hand, and all other rare 

itemsets, on the other hand. For instance, {BCD} is a zero itemset whereas {D} is a non-zero rare itemset. 

 

It is noteworthy that the overall split of the lattice into three “stripes” depends for its exact shape on the chosen value for min 

supp. Furthermore, it can be generalized to n stripes by providing an ordered sequence of n - 2 values. Typically, we have 

assumed above that all itemsets can either be rare or frequent, but this needs not to always be the case. Thus, one can have two 

separate threshold values, one for each family, thus leaving a possibly void intermediate zone of neither-frequent-nor-rare 

itemsets. 

Literature Survey: 

Pattern mining techniques are designed for extracting interesting and useful itemsets from a database. Among them, frequent 

itemsets are usually thought to unfold “regularities” in the data, i.e. they are the witnesses of recurrent phenomena and they are 

consistent with the expectations of the domain experts. In some situations however, it may be interesting to search for “rare” 

itemsets, i.e. itemsets that do not occur frequently in the data (contrasting frequent itemsets). These correspond to unexpected 

phenomena, possibly contradicting beliefs in the domain [12, 16]. In this way, rare itemsets are related to “exceptions” and thus 

may convey information of high interest for experts in domains such as biology or medicine. 

 

Rare cases deserve special attention because they represent significant difficulties for data mining algorithms [20]. However, the 

underlying mining problems have not yet been studied in detail. Indeed, the scarce literature on the subject is almost exclusively 

composed of work on adapting the general levelwise pattern mining framework around the Apriori algorithm [2] to various 

relaxations of the frequent itemset and frequent association notions [11, 21, 9]. Al-though these methods will typically retrieve 

large portions of the search space for itemsets and associations that lay outside its frequent part, this coverage nevertheless 

remains incomplete since many rare associations will not be discovered, either due to an excessive computational cost or to overly 

restrictive definitions. Hence, as it was argued in [17], these methods will fail to collect a large number of potentially interesting 

patterns. 

In [4] Laszlo et.al presented generation of rare association rules for mining of infrequent itemsets. In this work presented a 

method to taking out rare association rules that stay hidden for traditional frequent itemset mining algorithms. When compared 

with other method the presented method finds strong but rare associations that are local regularities in the data are found. These 

rules are said to be “mRI rules” .Apriori computes the support of minimal rare itemsets (mRIs), i.e. rare itemsets such that all 

proper subsets are frequent. Instead of pruning the mRIs, they are retained. In addition, it is shown that the mRIs form a generator 

set of rare itemsets, i.e. all rare itemsets can be restored from the set of mRIs which have two merits. Firstly, they are highly 

informative in the case that they have an ancestor which is a producer itemset while adding up the resultant to give ways for a 

closed itemset. Secondly, the amount of these rules is minimal, that is the mRG rules comprise a dense illustration of all largely 

confident associations that can be taken from the least rare itemsets. 

In [2] X. wu Efficient mining of both positive and negative association rules .They focused on identifying the associations among 

frequent itemsets. They designed a new method for efficiently mining both positive and negative association rules in databases. 

This approach is novel and different from existing research efforts on association analysis. Some infrequent itemsets are of very 

interest in this method but not in existing research efforts. They had also designed constraints for reducing the search space, and 

had used the increasing degree of the conditional probability relative to the prior probability to estimate the confidence of positive 

and negative association rules. 

In [3] David et.al presented a new algorithm of MINIT, for finding minimal τ -infrequent or minimal τ -concurrent item sets. 

Firstly, a ranking of items is organized by estimating the need of each of the items and then generating a record of items in rising 

order of support. Minimal τ –infrequent itemsets are determined by using each item in rank order, iteratively calling MINIT on 

the maintained set of the dataset with regard to items using only those items with superior rank than current items , after that 

checking each candidate of minimal infrequent items (MII) against the original dataset is performed. A system that can be utilized 

to judge only superior-ranking items in the iteration is to preserve a “liveness” vector representing which items stay feasible at 

each level of the iteration 

In[5] Ashish Gupta e.al presented pattern-growth paradigm to discover minimally infrequent itemsets. They recommend a new 

algorithm based on the pattern-growth paradigm to find minimally infrequent itemsets. It has no subset which is also infrequent. 

This work uses novel algorithm of IFP min for mining minimally infrequent itemsets. Then the residual tree concept has been 

incorporated by using a variant of the FP-Tree structure which is known as inverse FP-tree. In order to mine the minimally 

infrequent itemsets, optimization of Apriori algorithm is performed. Finally the presented tree are used for mining of frequent 

itemset as well. 

R. Agrawal et al in [28] proposed Apriori algorithm, which is used to obtain frequent itemsets from the database.The itemsets 

which appear frequently in the transactions are called frequent itemsets. MINIT (MINimal Infrequent Itemsets), which is the first 

algorithm designed specifically for mining minimal infrequent itemsets (MIIs)[2]. A minimal infrequent item-set is an infrequent 

item-set that do not have a subset of items which forms an infrequent item-set. MINIT is both minimal and non-minimal 
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(unweighted) infrequent itemset mining from unweighteddata.It is based on SUDA2 algorithm. Also showed that the minimal 

infrequent itemset problem is NP-complete problem. 

 Conclusion: 

Data mining is widely used in a variety of application areas such as banking, marketing and retail industry. Frequent itemset 

mining is a technique used in data mining to discover hidden associations that arise between various data items.  But also 

infrequent itemset mining has demonstrated its utility in different areas. The problem of finding rare or infrequent patterns has 

recently captured the interest of the data mining community. This paper presents a review of modern methods, which are popular 

for miming rare item sets from a large data set. It also elaborates their merits and demerits. 
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