Mining Long Sequential Patterns in a Noisy Environment

Jiong Yang

T. J. Watson Research Center IBM jiyang@us.ibm.com

Wei Wang

T. J. Watson Research Center IBM ww1@us.ibm.com

Philip S. Yu

T. J. Watson Research Center IBM psyu@us.ibm.com

Jiawei Han

Computer Science Department UIUC

hanj@cs.uiuc.edu

ABSTRACT

Pattern discovery in long sequences is of great importance in many applications including computational biology study, consumer behavior analysis, system performance analysis, etc. In a noisy environment, an observed sequence may not accurately reflect the underlying behavior. For example, in a protein sequence, the amino acid N is likely to mutate to D with little impact to the biological function of the protein. It would be desirable if the occurrence of D in the observation can be related to a possible mutation from N in an appropriate manner. Unfortunately, the support measure (i.e., the number of occurrences) of a pattern does not serve this purpose. In this paper, we introduce the concept of compatibility matrix as the means to provide a probabilistic connection from the observation to the underlying true value. A new metric match is also proposed to capture the “real support” of a pattern which would be expected if a noise-free environment is assumed. In addition, in the context we address, a pattern could be very long. The standard pruning technique developed for the market basket problem may not work efficiently. As a result, a novel algorithm that combines statistical sampling and a new technique (namely border collapsing) is devised to discover long patterns in a minimal number of scans of the sequence database with sufficiently high confidence. Empirical results demonstrate the robustness of the match model (with respect to the noise) and the efficiency of the probabilistic algorithm.

1. INTRODUCTION

Pattern discovery in long sequences is of great importance in many applications such as computational biology [5, 6]. As an important metric, the support [2, 10, 14, 18, 20] (or some derivation of support) is widely used to qualify significant patterns. Due to the presence of noise, a symbol may be misrepresented by some other symbols. This substitution may prevent an occurrence of a pattern from being recognized and in turn slashes the support of that pattern. As a result, a frequent pattern may be “concealed” by the noise. This phenomenon commonly exists in many applications.

• Bio-Medical Study. Mutation of amino acids is a common phenomenon studied in the context of biology. Some mu-

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, to republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee.

ACM SIGMOD ’2002 June 4-6, Madison, Wisconsin, USA Copyright 2002 ACM 1-58113-497-5/02/06 ...$5.00.

tations are proved to occur with a non-negligible probability under normal circumstances and incur little change to its biological functionalities. For example, the amino acid N is likely to mutate to D with little impact to the behavior [9]. In this sense, they should not be considered as totally independent individuals.

• Consumer Behavior. It happens frequently that a customer may end up buying a slightly different merchant from what he (she) originally wanted due to various reasons, such as the desired one was out of stock or misplaced. Allowing obscurity in item matching may conduce to unveil the customer’s real purchase intention.

This problem becomes critical when the pattern is long because a long pattern is much more vulnerable to distortion caused by noise. Our experiments in Section 5 show that, even with a moderate degree of noise, a frequent long pattern may have as much as 60% chance to be labeled as an infrequent pattern. In addition, the set of patterns that fail to be detected using the support model may be very crucial. For example, our experiments also show that the loss of these vital patterns may significantly degrade the performance of the classifier built upon the set of frequent patterns.

Let’s take the gene sequence analysis as an example. The length of a gene expression can range up to a few thousands if amino acids are taken as the granularity of the analysis. Figure 1(a) shows a fragment of gene expression that is found in campylobacter jejuni genome [11]. Some clinical studies show that, the amino acids N, K, and V are relatively more likely to mutate to amino acids D, R, and I, respectively. The corresponding gene expressions after the mutation are shown in Figure 1(b), (c), and (d) respectively. Even though all of these mutated gene expressions somewhat differ from the standard one in Figure 1(a), it is more equitable to treat them as possible (degraded) occurrences of the standard expression than to consider them as totally independent gene expressions.

Figure 1: An example of gene expression

In order to accommodate the above circumstance, it is necessary to allow some flexibility in pattern matching. Unfortunately, most previously proposed models [2, 10, 14, 18, 20] for sequential patterns only take into account exact match of the pattern in data. In this paper, we present a more flexible model that allows obscurity in pattern matching. A so-called compatibility matrix is introduced to enable a clear representation of the likelihood of symbol substitutions. Each entry in the matrix corresponds to a pair of symbols (x, y) and specifies the conditional probability that x is the true value given y is observed. Figure 2 gives an example of the compatibility matrix. The compatibility matrix essentially creates a natural bridge between the observation and the underlying substance. Each observed symbol is then interpreted as an occurrence of a set of symbols with various probabilities. For example, an observed d1 corresponds to a true occurrence of d1, d2, and d3 with probability 0.9, 0.05, and 0.05, respectively. Similarly, an observed symbol combination is treated as an occurrence of a set of patterns with various degrees. A new metric, namely match, is then proposed to quantify the significance of a pattern and is defined as the “aggregated amount of occurrences” of a pattern in the sequence database. The match of a pattern indeed represents the “real support” that was expected if no noise presents.

Figure 2: An example of compatibility matrix

The well-known Apriori property also holds on the match measure, which states that any superpattern^1 of an infrequent pattern is also infrequent and any subpattern of a frequent pattern is also frequent. This guarantees that any previous algorithm designed for the support model [2, 10, 14, 18, 20] can be generalized to suit the match model, though it may not necessarily be efficient. Compared to the support model, a much larger number of patterns may possess some positive matches. In addition, the length of a pattern can be considerably long in the context we address, e.g., gene expression analysis. The combined effect of these two factors may force any direct generalization of existing algorithms (even including those designed for long patterns [4]) to scan the entire sequence database many times. To tackle this problem, we propose a novel samplingbased algorithm that utilizes the Chernoff Bound [8, 15, 19, 21] to estimate the set of patterns whose matches in the sample are very close to the threshold so that there is no sufficient statistical confidence to tell whether the pattern would be frequent or not in the entire sequence database. These ambiguous patterns are then investigated against the entire sequence database to finalize the set of frequent patterns. Because the sample size is usually limited by the memory capacity and the distributionindependent nature of Chernoff Bound provides a very conservative estimation, the number of ambiguous patterns is usually very large. Consequently, significant amount of computation needs to be consumed in order to verify these ambiguous patterns in a level-wise manner. We observed that, for the protein sequence database, majority of the time would be spent in this verification step when the discovered pattern contains dozens

1We will define shortly that a pattern P is a superpattern of P^′ if P^′ can be obtained by dropping some symbol(s) in P . In such a case, P^′ is also called a subpattern of P .

of symbols. To expedite the process, we proposed a so called border collapsing technique to conduct the examination of these ambiguous patterns. While the super-pattern/sub-pattern relationship forms a lattice among all patterns, the set of ambiguous patterns “occupies” a contiguous portion of the lattice according to the Apriori property. Therefore, starting from the lower border and the upper border embracing these ambiguous patterns, the border of frequent patterns (in the entire sequence database) is located efficiently by successively collapsing the gap between these two borders until no ambiguous pattern exists. To maximize the extent of each gap collapsing operation, only the set of ambiguous patterns with the highest collapsing power are identified and probed. As a result, the expected number of scans through the entire database is minimized.

There is a clear distinction between our algorithm and existing algorithms [19, 21] that also use sampling technique to mine frequent patterns. In the previous proposed approaches, the frequent patterns calculated from the sample is usually taken as the starting position of a level-wise search conducted in the entire sequence database until all frequent patterns have been identified. This strategy is efficient if the number of frequent patterns that fail to be recognized from the sample is small, which is typically the case under the assumption of a reasonably large sample size and a relatively short pattern length. However, in the problem we try to solve, the number of ambiguous patterns may be substantially larger, which makes a level-wise search an inefficient process. In contrast, our algorithm can successfully deal with such scenario by each time directly probing the set of ambiguous patterns that would lead to a collapse of the space of remaining ambiguous patterns to the largest extent, so that the number of necessary scans through the sequence database is minimized. This leads to substantially better performance than the existing sampling approach. We will investigate the effect of the border collapsing technique in more detail in a later section and will show that, in most cases, several scans of the sequence database are sufficient even the pattern is very long when the border collapsing is employed.

The remainder of this paper is organized as follows. Section 2 gives a brief survey of related work. The model of obscure patterns is proposed in Section 3. Section 4 discusses the sampling based algorithm in detail. The experimental results are shown in Section 5. Finally, Section 6 draws the conclusion.

2. RELATED WORK

2.1 Sequential Patterns

Much work has been done in the area of sequential pattern discovery [2, 4, 17, 18, 20, 23, 25] and periodicity detection [24, 26, 27], which has great potential in many application domains (such as tandem and non-tandem repeats detection in genomic data). Ignoring other differences in the problem definition, a major common shortcoming among most of previous work is the lack of flexibility in pattern matching^2, with the exception of [26] where a different noise model is used to allow for symbol insertion and deletion in tandem repeat detection and is further extended in [27] to recognize (hidden) meta patterns.

2.2 Algorithms on Mining Long Patterns

A widely used strategy to speed up the process of mining long patterns is to incorporate some look-ahead technique in the original Apriori-based scheme so that the set of maximum

2Only the exact match of a pattern in the input data is considered an occurrence of the pattern.

frequent itemsets^3 can be identified without traversal through every frequent itemset. Several algorithms [16, 4, 30] have been proposed along this direction, among which the Max- Miner [4] is the most noted advance. The Max-Miner offers simple and effective heuristics to generate candidates for long patterns throughout the mining process and is able to achieve a performance improvement of at least an order of magnitude compared to other look-ahead techniques. In this paper, we will use Max-Miner as the representative of this class of algorithms in the experimental study to compare the performance with that of our proposed approach.

More recently, extensive research [13, 14, 31] has been carried out on mining patterns in a depth-first projection-based fashion as opposite to the traditional breadth-first Apriori-based traversal. It is interesting to notice that, the depth-first approaches generally perform better than breadth-first ones if the data is memory-resident, and the advantage becomes more substantial when the pattern is long. However, in our model, we assume disk-resident data that is far beyond the memory capacity.

2.3 Sampling-based and Probabilistic Algorithms

Data mining on sample data has also been explored previously. Srikant et al. [19] and Toivonen et al. [21] are among the earliest to propose sampling-based algorithms to mine frequent itemsets. In this approach, a set of samples is first gathered. (The Chernoff bound can be used to determine the right sample size.) The frequent itemsets are computed based on the samples. Let F be the set of frequent itemsets in the sample data and their immediate superpatterns. The supports of itemsets in F are then computed based on the entire dataset and serve as the (advanced) starting position of a level-wise search that eventually identifies all frequent patterns. This approach is very efficient if the set of frequent patterns mined from the sample data is a good approximation of the exact result from the entire data. This is typically true when the sample size is large and the pattern is of moderate length. This observation is also confirmed in [29]. In our application domains, e.g., computational biology, the length a pattern can be very large, e.g., up to a couple hundred. Thus, the number of candidate patterns examined in the last stage can be substantially large, which may require many scans of the entire database. In addition, some research has been carried out on designing randomized algorithms to mine frequent patterns. Gunopulos et al. [12] is among the pioneers in this direction.

3. A MODEL OF OBSCURE PATTERNS

In this paper, we are interested in finding patterns that may be concealed (to some extent) by noise in a sequence database. We first introduce some terminologies that will be used throughout this paper. Let Θ be a set of distinct symbols {d1, d2, . . . , dm}.

Definition 3.1. A sequence of length l is an ordered list of l symbols in Θ. A sequence database is a set of tuple ⟨Sid, S⟩ where Sid is the ID of the sequence S.

Definition 3.2. A pattern of length l is represented as a list of l symbols, each of which is a symbol in Θ. A pattern of length l is also referred to as a l-pattern.

Note that there is no formative difference between a sequence and a pattern. Conventionally, we use sequence to refer to the

3An itemset is frequent if its number of occurrences in a given database is above a certain threshold, and it is called a maximum frequent itemset if any of its superset is not frequent.

raw data in the database which serves as the input to the data mining algorithm and use pattern to denote subsequence appearing in the database (which may become the output produced by the algorithm). Note that both the length of a sequence and the length of a pattern may be very large even though the alphabet Θ is very limited. For example, a protein sequence typically contains hundreds (if not thousands) of amino acids from an alphabet of 20 different amino acids.

Given a sequence S = S1S2 . . . S_{lS} , a pattern P = d1d2 . . . d_{lP} is a subsequence of S if there exist a list of integers 1 ≤ i1 ≤ i2 ≤ · · · ≤ i_{lP} ≤ lS such that dj = Si_j for 1 ≤ j ≤ lP . Given two patterns P = d1d2 . . . d_l and P^′ = d^′_1d^′_2 . . . d^′_l′ where l^′ ≤ l, P^′ is a subpattern of P if there exists a list of integers 1 ≤ i1 ≤ i2 ≤ · · · ≤ i_l′ ≤ l such that d^′_j = di_j for 1 ≤ j ≤ l^′. In such a case, P is also referred to as a superpattern of P^′. Intuitively, P^′ is a subpattern of P if P^′ can be generated by dropping some portion(s) of P^4. For example, d1d3 and d1d4d5 are subpatterns of d1d3d4d5 but d1d2 is not. It is clear that the sub-/super-pattern relationship defines a lattice among all patterns. Figure 3 shows a fragment of the lattice.

Our goal is to find the significant patterns in a sequence database in the presence of noise. In order to accommodate the noise, we propose a flexible model that allows obscurity in pattern matching. If the observed data does not match exactly but is somewhat “compatible” with a pattern, it can be regarded as a degraded occurrence of the pattern. To honor the “partial” occurrence of a pattern, we propose a new metric, namely match, to characterize the significance of the pattern in a symbol sequence. In particular, the conditional probability of the true value given an observed symbol is utilized to quantify “compatibility” between a pattern and an observed symbol sequence, and to assess the match of the pattern.

Definition 3.3. Let Θ = {d1, d2, . . . , dm} be a set of distinct symbols. An m × m matrix C, referred to as compatibility matrix, can be used to represent the conditional probabilities for each pair of symbols. Given two symbols di and dj , the entry C(di, dj ) = P rob(true value = di | observed value = dj ) is the conditional probability that di is the true value given that dj is observed.

Figure 2 shows an example of the compatibility matrix between 5 symbols d1, d2, d3, d4, and d5. An entry C(di, dj ) > 0 indicates that di might be (mis)represented as dj in the observation; while C(di, dj ) = 0 implies that the symbol di cannot be represented as dj despite the presence of noise. For instance, C(d1, d2) = 0.1 and C(d1, d3) = 0 in Figure 2. This means that there is a chance that a d1 flips to a d2 in the observation but it is impossible that a d1 may turn to a d3. Note that the compatibility is not necessary a symmetric measurement in the sense that C(di, dj ) ≠ C(dj , di) may be true in some occasion. In Figure 2, C(d1, d2) = 0.1 and C(d2, d1) = 0.05. We also want to point out that, in the case where C(di, di) < 1, an observed symbol di does not always imply that di really occurs. C(d1, d1) = 0.9 implies that an observed d1 truly represents itself with 90% probability and is a misrepresentation of some other symbol with 10% chance. (According to Figure 2, an observed d1 has a 5% chance to be a misrepresentation of d2 and d3, respectively.) It is conceivable that (1) the compatibility matrix provides a meaningful measure to reveal the substance given the observation, and (2) the assessment of each entry has

4Note that P^′ does not have to be a contiguous portion of P . Gaps are allowed and an upperbound or lowerbound on the gap length can be imposed if desired.

Figure 3: A fragment of lattice of sequential patterns

great impact to the final result. In practice, this matrix can be either given by a domain expert or learned from a training data set. In gene sequence analysis, this matrix can be obtained through clinical study^5. In this paper, we assume that the compatibility matrix is given by some domain expert in advance and will not elaborate on how to obtain and justify the value of each entry in the matrix. We also demonstrate in Section 5 that, even with a certain degree of error contained in the compatibility matrix, our model can still produce results of reasonable quality.

Given a pattern P = d1d2 . . . d_l and an observed subsequence of l symbols s = d^′_1d^′_2 . . . d^′_l, the conditional probability P rob(P | s) represents the probability that s corresponds to an occurrence of P , and can be used as the indication of how much the pattern tallies with the observation. Therefore, we define the match of P in s to be the value of P rob(P | s).

Definition 3.4. Given a pattern P = d1d2 . . . d_l and a subsequence of l observed symbols s = d^′_1d^′_2 . . . d^′_l, the match of P in s (denoted by M(P, s)) is defined as the conditional proba- bility P rob(P | s). Assuming that each observed symbol is generated independently, we have M(P, s) = P rob(P | s) = Π_{1≤i≤l}C(di, d^′_i). If M(P, s) > 0, then s is regarded as a (degraded) occurrence of P and M(P, s) is viewed as the degree of which the pattern P is retained/reflected in s. We also say that P matches s if M(P, s) > 0 and P does not match s otherwise. For example, the match of P1 = d1d2 in a subsequence s = d1d3 is M(P1, s) = C(d1, d1) × C(d2, d3) = 0.9 × 0.05 = 0.045. However, the pattern P2 = d1d5 does not match s because M(P2, s) = C(d1, d1) × C(d2, d5) = 0.9 × 0 = 0.

Definition 3.5. For a symbol sequence S of length lS and a pattern P of length lP where lS ≥ lP , the match of P in S is defined as the maximal match of P in every distinct subsequence (of length lP ) in S. That is, M(P, S) = maxs∈S M(P, s) where s is a subsequence of length lP in S.

There are as many as ( lS lP ) distinct subsequences^6 (of

length lP ) in S. For example, there are 11 distinct subsequences of length 2 in the sequence d1d2d2d3d4d1. The match of P = d1d2 in this sequence is equal to max{M(P, d1d2), M(P, d1d3), M(P, d1d4), M(P, d1d1), M(P, d2d2), M(P, d2d3), M(P, d2d4), M(P, d2d1), M(P, d3d4), M(P, d3d1), M(P, d4d1)} = max{0.72, 5In bio-informatics, a score matrix (such as BLOSUM 50) [9] is derived to indicate the likelihood of two amino acids coming from the same origin for evaluating pattern similarity. The compatibility matrix can similarly be derived.

6This is because a subsequence does not have to be a contiguous portion in a sequence.

0.045, 0.09, 0, 0.09, 0.08, 0.005, 0.01, 0.005, 0, 0, 0} = 0.72. In fact, it is not necessary to probe every distinct subsequence in order to calculate the match of a pattern in a sequence. A dynamic programming approach can be used to compute the match in O(lP × lS ) time. Given a pattern P = d1d2 . . . d_{lP} and a sequence S = S1S2 . . . S_{lS} , the match M(P, S) = M(d1d2 . . . d_{lP} , S1S2 . . . S_{lS} ) where M(d1d2 . . . di, S1S2 . . . Sj ) = max { M(d1d2 . . . di−1, S1S2 . . . Sj−1) × C(di, Sj ) M(d1d2 . . . di, S1S2 . . . Sj−1) (1) where M(∅, ∅) = 1. The process of calculating the match of the pattern d1d2 in the sequence d1d2d2d3d4d1 is shown in Figure 4. Since the compatibility matrix is usually a sparse matrix, we

Figure 4: Dynamic Programming Method to Compute the Match can easily obtain an even more efficient algorithm to compute the match in nearly Θ(lS ) time [3]. Due to the space limitations, we will not elaborate on it in this paper. Informally, the match of a pattern P in a sequence S is equal to the match of P in the subsequence (of S) which “best” aligns with P , and can be regarded as an indicator of the degree of which the pattern P exhibits in the sequence S. We also say that P matches S if M(P, S) > 0 and P does not match S otherwise.

Definition 3.6. Given a pattern P and a database D of N sequences, the match of P in D is the average match of P in every sequence in D, i.e. M(P, D) =^{ΣS∈D M(P,S)}_N .

Similar to the traditional support model, a user is asked to specify a minimum match threshold min match to qualify significant patterns. All patterns that meet the min match threshold are then referred to as frequent patterns. It is clear that the match model can accommodate misrepresentation of symbols due to noise in a seamless manner and provide a powerful means to properly separate the noise and change of behavior. Given a pattern P = d1d2 . . . d_l and a subsequence s = d^′_1d^′_2 . . . d^′_l, if the symbol at a given position (e.g., d^′_i) in s cannot be a misrepresentation of the corresponding symbol (e.g., di) in P (i.e., C(d^′_i, di) = 0), then the match of the pattern P in the subsequence s is 0 and the s would not be considered an occurrence of P . The match model also provides a natural bridge towards the traditional support model that does not allow partial match between pattern and data. In a noise-free environment, the conditional probability matrix becomes an identity matrix (i.e., C(di, dj ) is 1 if i = j and is 0 otherwise). The occurrence of a pattern becomes binary: either 1 (present) or 0 (absent). The match of a pattern in the data would be identical to the support of the pattern. In general, the more noise the environment assumes, the less skew the conditional probability distribution. Consider an extreme case where the sequence database is dominated by noise and no dependency exists between the observation and the true value. Then, all entries in the compatibility matrix would have the same value^1_m where m is the number of distinct symbols. As a result, all patterns would have exactly the same match value. This coincides with our intuition in the sense that, if the observed data is totally independent of the underlying system behavior, then no pattern should be considered more significant than others.

Figure 5(a) shows a database of 4 sequences. Figure 5(b) and (c) show the comparisons of supports and matches of each symbol and each pattern with two symbols, respectively. The number of patterns with positive match is usually much larger than that with positive support. In particular, as the pattern length increases, the match decreases at a much slower pace than the support. In the previous example (Figure 5(a)), consider patterns d3, d3d2, d3d2d2, and d3d2d2d1. Their supports are 0.5, 0.25, 0, 0, respectively; whereas their matches are 0.4, 0.179, 0.016, and 0.00522, respectively. This phenomenon is a direct consequence of the allowance of partial match between pattern and subsequence in the data. While each subsequence appearing in the data may increase the support of only one pattern with a full credit, its effect is dispersed among multiple patterns in terms of lifting their matches by various degrees. Figure 5(d) shows the amount of match that the subsequence d2d2 may contribute to each pattern. There are totally 9 patterns that actually “benefit” from it. Note that the summation of these 9 numbers is still 1. It can be viewed as a “redistribution” of certain portion of the support in such a manner that the uncertainty introduced by noise is properly taken into account. For each pattern, the differential between the match and the support is the necessary rectification made towards the significance of the pattern. While the support can be viewed as the “face value” of a pattern, the match indeed represents the “expected value” (if no noise had presented).

The well-known Apriori property also holds on the match metric, which can be stated as in the following claims.

Claim 3.1. The match of a pattern P in a symbol sequence S is less than or equal to the match of any subpattern of P in S. The proof of the above claim can be sketched as follows.

Let P = d1d2 . . . d_l and P^′ = d^′_1d^′_2 . . . d^′_l′ be two patterns and P^′ is a subpattern of P (l^′ ≤ l). Without loss of generality, assume that P^′ is a prefix of P (i.e., d^′_1 = d1, d^′_2 = d2, ..., d^′_l′ = d_l′ ). For any data subsequence s = x1x2 . . . x_l, the match of P in s is M(P, s) = Π_{1≤i≤l}C(di, xi) ≤ Π_{1≤i≤l}′ C(di, xi) since 0 ≤ C(di, xi) ≤ 1 always holds. The match of P^′ in s is the maximum match between P^′ and any subsequence of length l^′ in s. Therefore, M(P^′, s) ≥ M(P^′, x1x2 . . . x_l′ ) = Π_{1≤i≤l}′ C(d^′_i, xi) = Π_{1≤i≤l}′ C(di, xi) where x1x2 . . . x_l′ is a pre- fix of s. As a result, it must be true that M(P^′, s) ≥ M(P, s). By definition, the match of a pattern in a sequence is the maximal match of the pattern in every distinct subsequence of the sequence. It is very straightforward that, for any symbol sequence S, M(P^′, S) ≥ M(P, S) is also true. As a direct corollary of Claim 3.1, the follow claim also holds.

Claim 3.2. (Apriori property) The match of a pattern P

Figure 5: Comparison of support and match

in a sequence database D is less than or equal to the match of any subpattern of P in D.

A direct implication of the Apriori property is that, given a min match threshold, the set of frequent patterns occupy a “contiguous portion” in the pattern lattice, and can be described using the notion of border [17]. Intuitively, the border demarcates the separation between the set of frequent patterns and the rest of the lattice, and can be represented by the set of frequent patterns whose immediate super-patterns are all infrequent. For example, if the patterns with solid circles are frequent in Figure 3, then the border should consist of three patterns: d1d2d3, d1d2d5, and d1d4. These three patterns are also referred to as border elements. We sometimes use the phrase “the border of match^′” as the abbreviation of “the border of frequent patterns given match^′ as the min match threshold”.

An interesting observation is that, given a reasonable threshold, the number of frequent patterns at each level (in the super- /sub-pattern lattice) using the match metric is usually larger than that using the support [28]. This is because, as the pattern length increases, the match decreases at a much slower pace than the support. Even though any algorithm powered (sometimes implicitly) by the Apriori property can be adopted to mine frequent patterns according to the match metric, it will produce a less efficient solution. The weakness becomes more substantial in mining sequence data since the length of a pattern can easily range up to dozens and even hundreds in many applications, such as biological expression. Even a direct generalization of previously proposed approach for mining long patterns under the support model (e.g., Max-Miner [4]) still requires many scans of the sequence database if the database is disk-resident. In the next section, we design a novel algorithm that can efficiently generate the border of frequent patterns in a few scans of the sequence database with very high confidence statistically.

4. A BORDER COLLAPSING APPROACH

For a given sequence database, we want to find patterns whose match satisfies a user-specified threshold min match. To reduce the number of necessary passes through the input sequences, we propose a fast mining algorithm that can discover the border of frequent patterns in a few scans of the sequence database. Sampling technique is used to obtain a quick estimation of the border and additional scan(s) of the sequence database can be performed to finalize the border.

In order to obtain an estimation of the border of frequent patterns without examining the entire sequence database, we use the additive Chernoff bound [8, 15] to estimate the range of the match of a pattern from a sample of the data with a high statistical confidence (e.g., 99.99%). Let X be a random variable whose spread^7 is R. For example, in the context of the match model, the match can vary from 0 to 1 and therefore R = 1. Suppose that we have n independent observations of X, and the mean is μ. The Chernoff Bound states that with probability 1 − δ, the true mean of X is at least μ − ϵ, where ϵ = √ R^2 ln(1/δ) 2n For example, assume that the spread of a random variable is 1 and μ is the mean of 10000 samples of the random variable. Then we are able to say that the true value of the random variable is at least μ−0.0215 with 99.99% confidence. Similarly, with probability 1 − δ, the expected value of variable X is at most μ+ϵ. This provides the opportunity to estimate the range of the match for each pattern from a set of samples.

Claim 4.1. (Chernoff bound estimation) Given a set of sample data and a threshold min match, a pattern is frequent with probability 1 − δ if μ_{match} > min match + ϵ and is infrequent with probability 1 − δ if μ_{match} < min match − ϵ, where μ_{match} is the match of the pattern in the sample data^8 . Those patterns (referred to as ambiguous patterns) whose matches in the sample are between min match − ϵ and min match + ϵ remain undecided and need further examination.

An attractive property of the Chernoff bound is that it is independent of the probability distribution that generates the observations, as far as such probability distribution remains static during the entire process. This distribution-free nature is very important because the underlying distribution that characterizes the match of a pattern is usually unknown. However, this generality comes with the price of a more conservative bound than a distribution-dependent estimation and would require a larger number of observations to reach the same bound. This weakness sometimes prevents us from obtaining a tight bound when the sample size n is limited (e.g., due to memory size). Clearly, the number of ambiguous patterns highly depends on the value of ϵ which itself is a function of the sample size. A large number of ambiguous patterns may incur many scans of the entire sequence database. Therefore, the value of ϵ should be as small as possible. In order to further reduce ϵ under the constraint of memory capacity, instead of using R = 1, we employ an additional step to derive a more restricted spread R for the match of each pattern. According to the Apriori property (Claim 3.2), the match of a pattern is always less than or equal to the minimum match of each symbol in the pattern.

7The spread of a random variable is defined as the difference between the maximum possible value and the minimum possible value of the random variable.

8By definition, the match of a pattern in the sample data is the average match of every sample.

Claim 4.2. (Restricted spread) The restricted spread R for the match of a pattern d1d2 . . . d_l is R = min_{1≤i≤l} match[di] where match[di] is the match of the symbol di in the entire sequence database.

For example, the match of d1d2 in a sequence database would not exceed the minimum match of d1 and d2 in the database. If the matches of d1 and d2 are 0.1 and 0.05 in the database respectively, then the match of d1d2 has to be between 0 and 0.05 (instead of the original spread 1) in the database. Thus, we can use R = 0.05 when applying the Chernoff bound and reduce the value of ϵ by 95%. (Note that ϵ is linearly proportional to R.) Therefore, before we examine the in-memory sample, a scan of the entire sequence database is performed to compute the match of each individual symbol. Note that as a by-product of this step, a random sample of the data can be easily obtained and kept in memory without any extra overhead. This sample set can then be used directly to classify patterns using Chernoff bound.

Nevertheless, when the pattern is long (e.g., in the range of dozens to hundreds of symbols) and the tolerable error is very small, the number of ambiguous patterns can be still considerably large and may require significant amount of computation and many scans through the database. This problem is more severe when the match (rather than the support) is used as the metric. To address this issue, we propose a border collapsing technique to ensure a minimum number of scans through the sequence database. Hence, the following three-fold algorithm is developed for mining the obscure patterns of length l.

1. While scanning the sequence database, find the match of each individual symbol and take a random sample of sequences.

2. Identify the borders that embrace the set of ambiguous patterns (i.e., whose match is between min match − ϵ and min match + ϵ) using Chernoff bound based on the sample taken at the previous step.

3. Locate the border of frequent patterns in the entire sequence database via border collapsing.

A question one may concern is that, since the Chernoff bound only provides a probabilistic bound (rather than an absolute one), there is a small chance (bounded by δ) that a pattern P is frequent (i.e., its actual match in the entire sequence database is at least min match) but P ’s match in the sample data is below min match − ϵ. Even though the measured error is much smaller than δ in practice, it is important to understand the characteristic of these misclassified patterns. According to the above algorithm, P will be mislabeled as infrequent in the second phase. We now explore the impact of such mislabeled patterns to the quality of the result. Intuitively, it would be a less serious issue if the actual match of a mislabeled pattern is very close to min match − ϵ than the scenario where the actual match is far above min match. The rationale is that, in the former case, one can always lower the threshold slightly to include the originally mislabeled patterns in the result. Therefore, the match distribution of mislabeled patterns is very important. Let dis(P ) be the difference between the actual match of a mislabeled pattern P and min match. It is easy to derive from the Chernoff bound that the probability P rob(dis(P ) > ρ) diminishes exponentially as ρ grows. For example, P rob(dis(P ) > 2ρ) = P rob(dis(P ) > ρ)^4. This theoretically guarantees that the matches of most mislabeled patterns locate close to min match − ϵ. This observation is also confirmed in the experimental results in Section 5.4. We now investigate each step in detail in the following subsections.

4.1 Phase 1: Finding Match of Individual Symbols and Sampling

In this phase, with one scan of the sequence database, we need to calculate the match of every symbol and obtain a sample set. Let’s first look at the computation of the match of each symbol. A counter match[d] is used for each distinct symbol d ∈ Θ to track the match value of d in the database. As we scan through each sequence Di in the database, the match of d in Di is max match[d] = max_d′_{∈Di} C(d, d^′). The value of match of each symbol after examining each sequence in Figure 5(a) is shown in Figure 6. After we examine the entire sequence database, match[d] holds match of each symbol d and d is a frequent symbol if match[d] ≥ min match.

Figure 6: Calculate match of each symbol in Figure 5(a)

Obtaining the set of frequent symbols can be beneficial in two aspects. (1) According to the Apriori property, only frequent symbols may participate in a frequent pattern. With the set of frequent symbols on hand, we can eliminate unnecessary counters to a large extent. This is even more important to the match model since an occurrence of a symbol combination may trigger updates to match counters of multiple patterns. (2) The match of each (frequent) symbol in a (candidate) pattern can be used to provide a much restricted spread R of the match for this pattern to produce a much tighter bound ϵ. It will eliminate a large number of ambiguous patterns that need to be re-examined against the entire sequence database.

The computational complexity of this procedure is O(N × lS × m) where lS and m are the average sequence length and the number of distinct symbols, respectively. In the case where lS ≫ m, it is easily to reduce the bound to O(N × (lS + m^2)) by a simple optimization [28]. In summary, the computational complexity is O(N × min{lS × m, lS + m^2}).

During the scan of the sequence database, a sample of sequences is also taken and stored in memory. Let n be the number of samples that can be held in memory. A very simple way [22] to guarantee a random sampling is to generate an independent uniform random variable for each sequence to determine whether that sequence should be chosen. At the beginning, a sequence will be chosen with probability^n_N . Subsequently, if j sequences have been chosen from the first i sequences, then the next sequence will be chosen with probability n−j N−i . The computational complexity of the sampling procedure is O(N + n × lS ), which makes the total computational complexity still O(N × min{lS × m, lS + m^2}).

4.2 Phase 2: Ambiguous Pattern Discovery on Samples

Based on the samples taken in the previous phase, all patterns can be classified into three categories: frequent patterns, infrequent patterns, and ambiguous patterns, according to their observed matches in the sample data. In this phase, we want to find the two borders in the super-pattern/sub-pattern lattice, which separate these three categories. The border (denoted by FQT) between the frequent patterns and the ambiguous patterns is the set of frequent patterns whose immediate superpatterns are either ambiguous or infrequent, whereas the border (denoted by INFQT) between the ambiguous patterns and the infrequent patterns are the set of ambiguous patterns whose superpatterns are all infrequent. More specifically, these two borders correspond to the match thresholds min match+ϵ and min match − ϵ respectively (with respect to the sample data).

Since the Apriori property holds on the match metric, many (border discovery) algorithms presented for mining frequent patterns (with respect to a support threshold) [1, 4, 13, 17] can be adopted to solve this problem with one modification — the routine to update match(es) when examining each sample sequence. Let P = d1d2 . . . d_l be a candidate pattern and match[d1, d2, . . . , d_l] denote the counter storing the match of the pattern d1d2 . . . d_l in the sample data. By definition, the match of a pattern in the sample data is the average match of the pattern in every sample sequence. Equation 1 can be used to compute the match of a pattern P = d1d2 . . . d_l in a sequence S. With zero as the initial value, a straightforward way to compute the match of P in the sample is to accumulate the value of match[d1, d2, . . . , d_l] by an amount of^{M(P,S)}_n for each sample sequence S where M(P, S) is the match of P = d1, d2, . . . , d_l in S. After we obtain match[d1, d2, . . . , d_l], P is labeled as • a frequent pattern if match[d1, d2, . . . , d_l] > min match + ϵ; • an ambiguous pattern if match[d1, d2, . . . , d_l] ∈ (min match − ϵ, min match + ϵ); • an infrequent pattern otherwise;

where ϵ =

√_{R2 ln(1/δ)} 2n and R = min_{1≤i≤l} match[di]. Since the sample data is in memory, any pruning technique (such as breadth-first, depth-first, looking-ahead, etc., [1, 4, 13, 17]) may be used to locate the two borders FQT and INFQT that separate frequent patterns, ambiguous patterns, and infrequent patterns.

The optimal value of the confidence parameter δ used in the Chernoff bound is application dependent and can be adjusted by the user. Since the Chernoff bound is a very conservative bound, the actual error is usually much smaller than the theoretical probability δ. Empirically, when the pattern length is relatively short, a moderate value of δ (e.g., 0.001) is able to produce considerably high accuracy. This observation is also confirmed by our experiments discussed in the next section. However, as the pattern length grows, the number of patterns that need to be further verified against the entire database grows in an exponential pace. We will continue to investigate in this matter in the next section.

Assume the maximum length of any frequent pattern is ^lP . There are up to O(m^{^lP} ) distinct patterns of length up to ^lP , where m is the number of symbols in the alphabet. The computational complexity of this phase is O(m^{^lP} × | S | × ^lP × n) since it might take O(| S | × ^lP × n) computation to calculate the match of a pattern. Note that this only characterizes the theoretically worst scenario. In practice, much less computation is usually required and all computation can be done efficiently as all sample data are in memory.

4.3 Phase 3: Border Collapsing

At this phase, we need to investigate ambiguous patterns further to determine the real border of frequent patterns. If the memory can hold the counters associated for all ambiguous patterns (i.e., all patterns between FQT and INFQT), a single scan of the entire sequence database would be able to calculate the exact match of each ambiguous pattern and the border of frequent patterns can be determined accordingly. However, we may experience with the scenario where a huge number of ambiguous patterns exist. This may occur when there are a large number of patterns whose matches happen to be very close to the threshold min match, which is typically the case when the pattern is long. In such a case, multiple scans of the sequence database become inevitable.

Our goal of this phase is to efficiently collapse the gap between the two borders embracing the ambiguous patterns into one single border. An iterative “probing-and-collapsing” procedure can be employed. In order to minimize the expected number of scans through the database, the ambiguous patterns that can provide high collapsing effect are always probed first. A greedy algorithm can be developed to repeatedly choose the pattern with the most collapsing power among the remaining ambiguous patterns until the memory is filled up. A scan of the database is then performed to compute the matches of this set of patterns and the result is used to collapse the space of the remaining ambiguous patterns. This iterative process continues until no ambiguous pattern exist.

While the two borders embracing the ambiguous patterns act as the “floor” and the “ceiling” of the space of ambiguous patterns, an algorithm that is analogous to the binary search would serve our purpose. The patterns on the halfway layer between the two borders can provide the most collapsing effect and in turn should be probed first. The patterns on the quarterway layers are the set of patterns that can produce the most collapsing effect among the remaining ambiguous patterns, and so on. Consider the set of ambiguous patterns d1, d1d2, d1d2d3, d1d2d3d4, and d1d2d3d4d5 in Figure 7(a). It is easy to see that d1d2d3 has the most collapsing power. If d1d2d3 is frequent, then d1 and d1d2 must be frequent by the Apriori property. Otherwise (i.e., d1d2d3 is infrequent), d1d2d3d4 and d1d2d3d4d5 should be infrequent as well. Therefore, no matter whether d1d2d3 is frequent or not, two other patterns (among the five) can be properly labeled without any further investigation on them. Similarly, we can justify that d1d2 and d1d2d3d4 have more collapsing power than the remaining two. In our algorithm, the patterns on the halfway layer (e.g., Layer 1 in Figure 7(a)), quarterway layers (e.g., Layers 2 and 3 in Figure 7(a)),^1_8 layers, ... are identified successively until the memory is filled up by the corresponding counters. The process is carried out by sequentially computing the halfway layer between two adjacent layers calculated previously in a recursive manner. Given two layers of patterns, consider a pair of patterns P1 and P2 (one from each layer), where P1 is a subpattern of P2. The halfway patterns are the set of patterns that consist of ⌈^{i1+i2}_2 ⌉ symbols and are super-patterns of P1 and sub-patterns of P2, where i1 and i2 are the lengths of P1 and P2 respectively. Note that we do not physically store all ambiguous patterns. The set of ambiguous patterns that belong to the desired layer(s) are generated on the fly.

To better understand the effect brought by the border collapsing, let’s assume that only patterns on the halfway layer are held in memory. If a halfway pattern turns out to be frequent, then all of its sub-patterns are frequent. Otherwise (i.e., the pattern is infrequent), all of its super-patterns are infrequent as well. In either case, one of these two borders is collapsed to that halfway pattern. For example, if we know that d1d2d3d4d5 is on the border separating the ambiguous patterns and infrequent patterns while d1 is on the border between frequent patterns and ambiguous patterns as shown in Figure 7(b). Thus, the patterns d1d2d3, d1d2d4, d1d2d5, d1d3d4, d1d3d5, and d1d4d5 are ambiguous patterns on the halfway layer between two borders and will be examined first. It is obvious that one of the borders would collapse to the halfway layer if these halfway patterns have homogeneous label (i.e., either all are frequent or all are infrequent). In this case, the space of ambiguous patterns is reduced by half. A more interesting scenario is that the halfway patterns have mixed labels (i.e., some of them are frequent while the rest are not), which turns out to provide even more collapsing effect. Assume that d1d2d3 and d1d2d5 are frequent (marked with solid circles on the halfway layer) while the remaining one (indicated by dashed circles on the halfway layer) are not. By applying the Apriori property, d1, d1d2, d1d3, and d1d5 should also be frequent. Similarly, d1d2d3d4, d1d2d3d5, d1d2d4d5, d1d3d4d5, and d1d2d3d4d5 are all infrequent. Note that only d1d4 still remains ambiguous as indicated by a solid rectangle in Figure 7(b). In general, if the memory can hold all patterns up to the “^1_x layer”, the space of ambiguous patterns can be at least narrowed to^1_x of the original one where x is a power of 2. As a result, if it takes a level-wise search y scans of the sequence database, only O(log_x y) scans are necessary when the border collapsing technique is employed.

In summary, this approach can greatly reduce the number of scans through the sequence database by only examining a “carefully-chosen” small subset of all outstanding ambiguous patterns. While the traditional level-wise evaluation of ambiguous patterns push the border of frequent patterns forward across the pattern lattice in a gradual fashion; the border collapsing technique employs a globally optimal order to examine ambiguous patterns to minimize the overall computation and the number of scans through the database. When the pattern is relatively short, border collapsing achieves a comparable performance as the level-wise search. However, when the pattern is long (as in the applications we addressed earlier in this paper), the border collapsing technique can yield substantial improvement. We also want to mention that the proposed algorithm can also be used to mine long patterns with the support model efficiently.

5. EXPERIMENTAL RESULTS

5.1 Robustness of Match Model

Since misrepresentation of symbols may occur, some symbols may be substituted by others in the input sequence database. In this subsection, we compare the robustness of the support model and the match model with respect to varying degrees of noise. We use a protein database [11] that consists of 600K sequences of amino acids^9 as the standard database and generate test databases to do sensitivity analysis by embedding random noises. The objective here is not to evaluate the biological significance of the pattern discovery, but perform sensitivity analysis on noise level and other parameter values. A probability α is introduced to control the degree of noise. α = 0 means no misrepresentation and a higher value of α implies a greater degree of misrepresentation. For each sequence S in the standard

9Each sequence consists of dozens to thousands of amino acids with an average length of around 500.

Figure 7: Border Collapsing of Ambiguous Patterns

database, its counterpart St in the test database is generated as follows: for each amino acid di in the S, it will remain as di with probability 1−α and will be substituted by another amino acid dj (1 ≤ j ≤ m and j ≠ i) with probability^α_{m−1} , where m = 20 is the number of distinct amino acids. S and St would have the same length. Each entry C(di, dj ) in the corresponding compatibility matrix is 1 − α if i = j and is^α_{m−1} otherwise. We also experienced with different noise distribution and, after a thorough study, we found that the degree of noise (rather than the distribution of the noise) plays a dominant role in the robustness of the model. Therefore, we only report the results under the assumption of uniform noise due to space limitations.

Let RM be the set of patterns discovered via match model and RS be the set of patterns discovered via support model on the standard sequence database with the same threshold min match = min support = 0.001. It is expected that RS = RM since the match model is equivalent to the support model if no noise is assumed. This set of patterns will be used as the standard to justify the quality of the results generated from test database. Given a test database, let R^′_M be the set of patterns discovered in the match model and R^′_S be the set of discovered patterns under the support model. Figure 8(a) and (b) show the accuracy and completeness of these two models with respect to various degree of noise α, respectively. The accuracies of the match model and the support model are defined as^{|R′M ∩RM |}_{|R′M |} and^{|R′S ∩RS |} |R′S | respectively. On the other hand, the completeness

for the match and the support models are defined as^{|R′M ∩RM |}_{|RM |} and^{|R′S ∩RS |} |RS | , respectively. Intuitively, the accuracy describes

how selective the model is while the completeness captures how well the model covers the expected results. For the match model, both the accuracy and the completeness are very high (i.e., more than 95%) due to the compensation of the compatibility matrices. This demonstrates that the match model is able to handle the noise in a proper manner. However, the support model appears vulnerable to the noise/misrepresentation in the data. When the misrepresentation factor α increases, the quality of the results by the support model degrades significantly. For example, when α = 0.6, the accuracy and completeness of the support model are 61% and 33%, respectively.

Figure 8: Accuracy and Completeness of the Two Mod- els With a given degree of noise (e.g., α = 0.1), the accuracy and completeness of the support and match models with different pattern lengths are shown in Figure 8 (c) and (d), respectively. With longer pattern, the quality of the support degrades while the quality of the match model remains constant. This is due to the fact that for a long pattern, there is a higher probability that at least one position mutates.

We also experimented with the test database generated according to a noise level comparable to the actual amino acid mutations. This is done using the BLOSUM50 matrix [9] which is widely used to characterize the likelihood of mutations between amino acids in the computational biology community. We then use both the support and the match model to mine patterns on the test database with the minimum threshold set to 0.001. Comparing to the patterns discovered on the standard database, we found that both the accuracy and the completeness of the match model are well over 99% while the accuracy and the completeness of the support model are 70% and 50%, respectively.

To further explore the importance of the match model, we build classifiers (e.g., decision trees) on proteins to predict their biological families using the set of patterns discovered under the match model and the support model, respectively. Each frequent pattern is regarded as a feature. A protein is considered to have a certain feature if the pattern appears in the protein. It is interesting to observe that the classifier corresponding to the match model is able to achieve over 85% correctness in predicting protein families while the classifier using the patterns discovered under the support model only reaches 53% correctness. We believe that this vast difference is due to the fact that the match model can successfully recover some vital features of proteins that fail to be captured by the support model if noise presents.

In the previous experiments, we assume that our knowledge of noise is “perfect”, i.e., the compatibility matrix truly reflects the behavior of noise. However, in reality, the available compatibility matrix itself may contain some error and is indeed a (good) approximation of the real compatibility among symbols. This is typically the case when the compatibility matrix is generated from empirical studies. Thus, the quality of the compatibility matrix also plays a role in the performance of the match model. We also did some experiments to explore the robustness of the match model in this respect. Figure 9 shows the accuracy and completeness of the match model with respect to the amount of error contained in the compatibility matrix. In this experiment, we choose the test database generated from α = 0.2. The error is incorporated into the compatibility matrix in the following manner. For each symbol di, the value of C(di, di) is varied by e% (equally likely to be increased or decreased). The rest entries C(dj , di) (j ≠ i) in the same column are adjusted accordingly so that the summation Σ_{1≤j≤m}C(dj , di) is still 1. Even though the completeness and accuracy degrades with the increase of error, the degradation is moderate even with high error rate. For example, with 10% error, our match model still can achieve 88% accuracy and 85% completeness. Note that the error in the compatibility matrix is usually very limited (i.e., ≪ 10%) in practice and hence the match model can perform very well.

Figure 9: Robustness of Match Model

5.2 Sample size

As mentioned previously, the sample size could affect the number of ambiguous patterns significantly and in turn impact the overall efficiency of our approach greatly. Figure 10 shows the number of ambiguous patterns with respect to the number of samples. The number of ambiguous patterns decrease significantly as a function of the number of samples. Also with greater degree of noise (i.e., larger α), the number of ambiguous patterns increases.

Figure 10: Ambiguous Patterns w.r.t. Sample Size

5.3 Spread of Match R

For any pattern, instead of applying the default value R = 1, a much constrained spread R can be estimated from the match of each involved symbol in the pattern and used to provide a tighter Chernoff bound. This leads to a significantly reduced number of ambiguous patterns. The same test database generated in the previous subsection are used here. Figure 11(a) shows the average match spread R of a pattern with respect to the pattern length. R of a pattern is the minimum match of its involved symbols. Let R(P ) be the spread of the match of a pat- tern P = d1d2 . . . d_l, then R(P ) = min{match(d1), match(d2), . . . , match(d_l)}. With longer pattern, the spread R becomes tighter. With higher degree of noise (i.e., larger value of α), the match spread reduces because the noise dilutes the strength of the true patterns. In Figure 11(b), we compute the ratio of the number of ambiguous patterns produced using the constrained R over that with the default R = 1. It is evident that the number of ambiguous patterns can be reduced to less than 20% (for pattern with more than 10 symbols) when the constrained R is applied. As a matter of fact, a five-folds pruning power is obtained.

Figure 11: Effects of spread R

5.4 Effects of Confidence 1 − δ

In the previous experiments, we fix confidence 1−δ as 0.9999. In this subsection, we are examining the effects of different δ. Figure 12 shows the effect of 1 − δ on the number of ambiguous patterns and the accuracy of the results. We assume that 200,00 samples are used for this test. With smaller confidence, the number of ambiguous patterns decreases dramatically because the error bound ϵ decreases, which implies a much faster response time. On the other hand, the error rate of the algorithm could increase slightly with a smaller confidence as shown in Figure 12(b). The error rate is defined as the ratio of the number of mislabeled patterns over the number of frequent patterns. However, since the Chernoff Bound is a distribution independent estimation, the bound that it provides is very conservative. The actual precision of the results is much higher than the specified confidence. For example, when confidence is 0.9, i.e., δ = 0.1, the error rate is around 0.01. When 1−δ = 0.9999, the error rate can diminish to the order of 10^{−6}.

Figure 12: Effects of confidence 1 − δ

Figure 13 shows the distribution of the matches of mislabeled patterns in the above experiment. It is clear that over 90% of the missed patterns are those whose real match is within 5% over the threshold, while no pattern missing whose real match is 15% over the threshold. This means that most missing patterns are very close to the threshold. This observation coincides with the theoretical analysis in the previous section.

Figure 13: Missing patterns

5.5 Performance of Border Collapsing Algorithm

The overall efficiency of our border collapsing algorithm is demonstrated in Figure 14. Max-Miner [4] is one of the fastest algorithm for mining frequent long patterns, which employs a look-ahead technique. We adopt the Max-Miner as the deterministic algorithm to compare the performance. The only modification to the Max-Miner is the computation of match value of a pattern (instead of support value). Another algorithm we compared is the sampling based approach proposed by Toivonen [21]. In this approach, a level-wise search is used to finalize the border of frequent patterns after the sampling. We will refer to this approach as “sampling-based level-wise search” in the following discussion. The primary difference between this approach and our approach is that we employ a much more efficient method, namely border collapsing, to locate the border of frequent patterns. The confidence parameter of our algorithm is set to 0.9999. Figure 14(a) shows the CPU time of these three algorithms with respect to various match thresholds. Figure 14(b) shows the number of scans employed by these three algorithms.

It is evident that our algorithm can substantially reduce the CPU time and the number of scans through the database than both previous proposed schemes. This is due to the efficiency brought by the border collapsing technique. In our algorithm, the number of patterns that need to be examined against the entire database is much less than that in the other two algorithms. More specifically, when the match threshold is relatively high, our approach requires two scans of the sequence database while both Max-Miner and the sampling-based levelwise search requires at least five scans of data. As the match threshold decreases, the border collapsing algorithm requires three or four scans of the database while the other two approaches need 10 or more scans of the database. The significant reduction in number of database scans of our algorithm comes from the combined effect of sampling and border collapsing. We also would like to mention that the sampling-based level-wise approach spends majority of the time on finalizing the border of frequent patterns after estimating the border from the samples. We observed that there is a high likelihood that the final border is “far” from the estimated one and many scans of the data may be required before it is reached. This is because the match value usually changes very little from level to level in the pattern lattice especially when the pattern is long. This effect can clearly be observed from Figure 14(c).

Figure 14: Performance of three algorithms

5.6 Scalability with respect to the Number of Distinct Symbols m

In all above experiments, we utilize the protein sequence data that consists of 20 symbols (i.e., amino acids). Now we analyze the performance of our algorithm with respect to the number of distinct symbols, m. In this experiment, we employ several synthetic data sets, each of which consists of 100K sequences and each sequence contains 1000 symbols on average. We vary the number of distinct symbols (m) in each data set. The minimum match threshold is set to 0.001. A compatibility matrix is constructed for each data set. In reality, most entries in a compatibility matrix is zero or near zero. Thus, the compatibility is generated in such a manner that a symbol is compatible to around 10% of other symbols with various degree. Figure 15(a)(b) shows the number of scans and response time of our algorithm, respectively. The number of scans decreases with the increase of m because less patterns are qualified to be significant. However, this trend does not hold for the response time. The average response time decreases initially, but increases when m gets large (e.g., greater than 10000). This is due to the fact that the size of the compatibility matrix is a quadratic function of m and the computation cost for each scan increases significantly. For example, if m = 10000, then it requires about 40MB space to store the compatibility matrix if each non-zero entry occupies 4 Bytes. The performance of our algorithm degrades when m is extremely large. Nevertheless, the algorithm performs very efficiently when the number of distinct symbols is within a reasonable range (m ≤ 10^4 ).

Figure 15: Scalability w.r.t. the number of distinct symbols

6. CONCLUSION

In this paper, we are interested in discovering long sequential patterns in a noisy environment. In this environment, the observed symbol in a sequence may differ from the underlying true value. The concept of compatibility matrix is introduced to provide a probabilistic connection from the observation to the underlying true value. A new metric match is thus, proposed to capture the “real support” of a pattern which would be expected if a noise-free environment is assumed. Since the length of a pattern could be very large, the standard pruning technique developed for the market basket problem may not work efficiently. As a result, a border collapsing algorithm is devised to discover long patterns in a minimal number of scans of the sequence (e.g., 2 to 4) with sufficiently high confidence. Empirical results demonstrate the robustness of the match model (w.r.t. the noise) and the efficiency of the probabilistic algorithm. We also want to mention that the border collapsing algorithm is also applicable to the traditional support model to mine long patterns or large frequent itemsets.

7. REFERENCES

[1] R. Agrawal and R. Srikant. Fast algorithms for mining association rules. Proc. 20th VLDB, 487-499, 1994.

[2] R. Agrawal and R. Srikant. Mining Sequential Patterns. Proc.

IEEE ICDE, 3-14, March 1995.

[3] R. Baeza-Yates and G. Navarro. Faster approximate string matching. Algorithmica, 23(2), 127-158, 1999.

[4] R. J. Bayardo Jr. Efficiently mining long patterns from databases. Proc. ACM SIGMOD, 85-93, 1998.

[5] G. Benson and M. Waterman. A method for fast database search for all k-nucleotide repeats. Nucleic Acid Research, 22, 4828-4836, 1994.

[6] A. Brazma, I. Jonassen, J. Vilo, and E. Ukkonen. Pattern discovery in biosequences. Lecture Notes in Artificial Intelligence, 1433, 256-270, 1998.

[7] D. Burdick, M. Calimlim, and J. Gehrke. MAFIA: a maximal frequent itemset algorithm for transactional databases. Proc. of ICDE, 443-452, 2001.

[8] P. Domingos and G. Hulten. Mining high-speed data streams.

Proc. ACM SIGKDD, 71-80, 2000.

[9] R. Durbin, S. Eddy, A. Krough, and G. Mitchison. Biological Sequence Analysis: Probabilistic Models of Proteins and Nucleic Acids. Cambridge University Press, 1998.

[10] M. Garofalakis, R. Rastogi, and K. Shim. SPIRIT: sequential pattern mining with regular expression constraints. Proc. VLDB, 223-234, 1999.

[11] National Center for Biotechnology Information. Available at “http://www.ncbi.nlm.nih.gov”.

[12] G. Gunopulos, H. Mannila, and S. Saluja. Discovering all most specific sentences by randomized algorithms. Proc. 6th ICDT, 215-229, 1997.

[13] J. Han, J. Pei, and Y. Yin. Mining frequent patterns without candidate generation. Proc. ACM SIGMOD, 1-12, 2000.

[14] J. Han, J. Pei, B. Mortazavi-Asl, Q. Chen, U. Dayal, and M.

Hsu. FreeSpan: frequent pattern-projected sequential pattern mining. Proc. ACM SIGKDD, 2000.

[15] W. Hoeffding. Probability inequalities for sums of bounded random variables. Journal of the American Statistical Association, 58, 13-30, 1963.

[16] D. Lin and Z. Kedem. Pincer-search: a new algorithm for discovering the maximum frequent set. Proc. 6th Euro. Conf. on Extending Database Technology, 1998.

[17] H. Mannila and H. Toivonen. Levelwise search and borders of theories in knowledge discovery. Data Mining and Knowledge Discovery, 1(3), 241-258, 1997.

[18] H. Mannila, H. Toivonen, and A. I. Verkamo. Discovery of frequent episodes in event sequences. Data Mining and Knowledge Discovery, 1(3), 259-289, 1997.

[19] R. Srikant and R. Agrawal. Mining generalized association rules. Proc. 21st VLDB, 407-419, 1995.

[20] R. Srikant and R. Agrawal. Mining sequential patterns:

generalizations and performance improvements. Proc. 5th EDBT, 3-17, 1996.

[21] H. Toivonen. Sampling large databases for association rules.

Proc. 22nd VLDB, 134-145, 1996.

[22] J. Vitter. An efficient algorithm for sequential random sampling. ACM Transactions on Mathematical Software, 13(1), 58-67, 1987.

[23] J. Wang, G. Chirn, T. Marr, B. Shapiro, D. Shasha, and K.

Zhang. Combinational pattern discovery for scientific data: some preliminary results. Proc. ACM SIGMOD, 1994.

[24] W. Wang, J. Yang, and P. Yu. Meta-patterns: revealing hidden periodical patterns. Proc. IEEE ICDM, 550-557, 2001.

[25] W. Wang, J. Yang, and P. Yu. Mining patterns in long sequential data with noise. ACM SIGKDD Explorations, 2(2), 28-33, 2001.

[26] J. Yang, W. Wang, and P. Yu. Mining asynchronous periodic patterns in time series data. Proc. 6th ACM SIGKDD, 275-279, 2000.

[27] J. Yang, W. Wang, and P. Yu. Info-miner: mining surprising periodic patterns. Proc. 7th ACM SIGKDD, 395-400, 2001.

[28] J. Yang, W. Wang, and P. Yu. Mining long sequential patterns in a noisy environment. IBM Research Report, 2001.

[29] M. Zaki, S. Parthasarathy, W. Li, and M. Ogihara. Evaluation of sampling for data mining of association rules. Proc. 7th RIDE, 42-50, 1997.

[30] M. Zaki, S. Parthasarathy, M. Ogihara, and W. Li. New algorithms for fast discovery of association rules. Proc. 3rd KDD, 283-286, 1997.

[31] M. Zaki. SPADE: an efficient algorithm for mining frequent sequences. Machine Learning Journal, 42(1/2), 31-60, 2001.