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Abstract

Set containment operations form an important tool in various fields such as information
retrieval, Al systems, object-relational databases, and Internet applications. In the paper, a
set-trie data structure for storing sets is considered, along with the efficient algorithms for
the corresponding set containment operations. We present the mathematical and empirical
study of the set-trie. In the mathematical study, the relevant upper-bounds on the efficiency
of its expected performance are established by utilizing a natural probabilistic model. In the
empirical study, we give insight into how different distributions of input data impact the effi-
ciency of set-trie. Using the correct parameters for those randomly generated datasets, we
expose the key sources of the input sensitivity of set-trie. Finally, the empirical comparison
of set-trie with the inverted index is based on the real-world datasets containing sets of low
cardinality. The comparison shows that the running time of set-trie consistently outperforms
the inverted index by orders of magnitude.

1 Introduction

Given a set of sets S and a set X of symbols from some alphabet %, a set containment query
searches either for the subsets of X from S, or, the supersets of X from S. There are two exis-
tence set containment queries. The query ExisTsSUBSET returns t rue if there exists some Y € §
such that Y C X, or false otherwise. Similarly, the query EXISTSSUPERSET returns true ifa
superset of X exists in S. The retrieval set containment queries are also two. The query GeTALL-
SusskTs returns all subsets of X from S, and the query GETALLSUPERSETS returns all supersets of X
from S.

The problem that we address in this paper is the design of an index data structure that pro-
vides efficient set containment operations. Let us first present the motivation for the design of
the index data structure.

1.1 The motivation

The efficient data structure for querying sets of sets and, in particular, for answering the set
containment queries is needed in several software systems, including the Web search engines,
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data mining tools, object-relational databases, rule-based expert systems, Al planning systems,
and Internet applications. In this section we give some insight into the use of set containment
operations in these areas.

In information retrieval (abbr. IR), the text files are represented using a bag-of-words model
[1]. In other words, the text is treated as a multiset of words where the words in IR have the
role of an alphabet. The most basic operation in an IR system inquires about the documents
that contain a given word. A multiset containment query is a conjunctive boolean query where
the keywords that constitute a query are connected with logical conjunction. The query
searches for documents (multisets of words) that contain all keywords from a query. Tradi-
tionally, IR systems use the inverted index for querying a collection of texts [2]. However,
there are proposals for using other indexes. For instance, a signature tree S-tree [3] is also used
for indexing texts [4, 5].

The enumeration of subsets of a given universal set X is very common in data mining algo-
rithms [6], where sets are used as the basis for the representation of hypotheses, and the search
space forms a lattice. Often, we have to know if the algorithm has already evaluated a given
hypothesis. This can be checked by searching the set of hypotheses (sets) that have already
been processed. Furthermore, in some cases, the hypotheses can be easily overthrown if a
superset hypothesis has already been shown not valid. Such problems include the discovery
of association rules and functional dependencies as well as some forms of propositional logic
[7-9].

Sets form the framework for the implementation of systems from some other Al areas
too. For example, rule-based expert systems use the set containment queries to implement fast
pattern-matching algorithms that determine which rules are fired in each cycle of the expert
system execution. Here the sets form pre-conditions of rules composed of the elementary con-
ditions. Given a set of valid conditions, the set of fired rules includes those with the pre-condi-
tion included in this set [10, 11]. Further, in AI planning systems, the goal sets are used to store
the goals to be achieved from a given initial state. Planning modules use the subset queries in
the procedure that examines if a given goal set is satisfiable. A part of the procedure represents
querying the goal sets that were previously shown to be unsatisfiable. Here also the sets are
used to form the basic structure of hypothesis space [12].

Object-relational database management systems, use tables with set-valued attributes, i.e.,
the attributes that range over sets. The set containment queries can express either the selection
or join operation based on the set containment condition. Efficient access to the relational rec-
ords based on the conditions that involve set operations are vital for the fast implementation
of such queries [5, 13, 14]. Further, the set containment join is a problem that received signifi-
cant research interest in the last two decades [13, 15-19].

Finally, querying sets of sets is becoming essential in Internet applications. The objects in
the Internet applications are often represented by a set of features. Two operations, in particu-
lar, recently attracted much attention. Firstly, given the collection of objects and a query object,
the similarity search retrieves all objects similar to a query object [20-22]. Secondly, given two
sets of objects, the exact set similarity join finds all pairs of similar objects [23-25]. The opera-
tions are used for data cleaning, information integration, entity detection, near duplicate
detection and personalized recomendation.

1.2 Proposed in-memory index data structure

We propose a novel in-memory index data structure set-trie that efficiently implements the set
containment queries. The initial implementation of the set-trie has been done in the frame of
the data-mining system fdep [26]. The preliminary study of set-trie based on the multisets
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has been published in [27]. In this paper, we present the theoretical analysis of set-trie and the
comprehensive empirical analysis of set-trie, including the comparison of set-trie with the
inverted index. The empirical analysis was performed on the artificially generated and real-
world data by using the efficient implementation of set-trie written in the C programming lan-
guage [28].

The set-trie is a tree data structure derived from the trie [29]. While tries are used to store
and search words, i.e., sequences of symbols, the set-trie is used to store and query sets. The
possibility to extend the performance of usual trie from the membership operation to the set
containment operations comes from the fact that we are storing sets where the ordering of ele-
ments is not essential, while ordinary tries are used to store the sequences of symbols where the
ordering of symbols is essential. The ordering of set elements and the representation based on
the common prefixes provide the means for the definition of efficient algorithms for the set
containment operations.

Mathematical analysis. In the mathematical analysis, the expected performance of the data
structure is analyzed by a probabilistic model, similar to the one used in the related work by
Rivest [30, 31] (i.e., we assume that the database content is generated uniformly at random).
Standard tools such as Bernoulli distribution and Galton-Watson branching stochastic process
are used. As a result, some relevant upper-bounds on the time-complexity are determined.
Our approach provides efficient set containment operations where the time/space complexity
is parametrized on the value of density |S|/2!*, and also on other relevant parameters such as
the cardinality of the input set X or the choice of elements in X.

In the dense case, i.e. when |S| = @(2/*!), the expected running time of existsSuseT and
EXISTSSUPERSET turns out, asymptotically, to be of order O(1) and O(log|S]), respectively. For
GETALLSUBSETS and GETALLSUPERSETS we obtain asymptotically best possible running times, that
is, linear in terms of the size of the output. In both theoretical as well as empirical analysis, we
observe the following element frequency ranking tradeoff: for ExisTsSUBSET and GETALLSUBSETS
the input sets with low-ranked members perform considerably faster than those with high-
ranked ones. On the other hand, for ExiSTSSUPERSET and GETALLSUPERSETS the input sets with
high-ranked members perform faster.

Empirical analysis. The empirical analysis comprises two parts. In the first part, we have
used the artificially generated data to analyze the time complexity of the presented methods in
three experiments. In the second part of the empirical analysis, we compare the performance
of the set-trie with the inverted index. We used three different real-world datasets in experi-
ments: the sets of sets generated by the data mining tool £dep, and two datasets storing the
page requests of users from two different Web sites. One of these two datasets is skewed in the
sense that the frequencies of the alphabet symbols in sets vary significantly.

In the first three experiments on the artificially generated data, we observe the influences
of the selected parameters on the performance of the set containment operations. In Experi-
ment 1, we investigate the influence of the size of set-trie on the performance of the set con-
tainment operations. We show the basic shapes and the experimental upper-bounds of the
curves representing the number of visited nodes for all operations. The results of the subset
and superset operations can be seen as dual. Experiment 2 gives some insight into the influ-
ence of the size of the alphabet on the behavior of operations. The curves for all operations
scale almost linearly with the increasing size of the alphabet. In Experiment 3 we study the
influence of the structure of the input sets on the performance of operations. The empirical
analysis confirms the findings from the mathematical analysis. We show that the superset
operations work much faster than the subset operations when the test-sets are composed of
elements with low-frequency rank. In contrast, the subset operations outperform the super-
set operations when the test-sets contain elements with high-frequency rank. The subset and
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superset operations exhibit the dual behavior again, but in a stronger way than previously
observed.

The three experiments on the real-world data compare the set-trie with the inverted index.
The three datasets that we use in the experiments include the sets with low cardinality. Simi-
larly to Helmer and Moercotte in [32], we also observe that most real-world application data-
sets include sets with low cardinality. The results of all three experiments show that the set-trie
performs orders of magnitude better than the inverted index. In Experiment 4, we use the data
mining tool £dep [26] to generate the sets of sets that represent the intermediate results in the
computation of the functional dependencies from the input relations. Experiment 5 compares
the performance of indexes on the msnbc dataset [33] storing the sequences of Web site areas
accessed by the visitors of the msnbc Web site. The subset and superset existential contain-
ment operations performed extremely fast because of the high density of smaller sets in the
domain. In Experiment 6, we compare the indexes on the msweb [33] dataset that stores page
accesses for users of the microsoft.com Web site. The data is skewed since some areas of
the Web site are visited much more frequently than others. The results of this experiment
show that skewed data do not degrade the performance of set-trie operations. The main reason
for this is in the explicit representation of sets in a set-trie based on the sorted sequences of the
set elements and the common prefixes, which allows fast exploration of similar sets.

1.3 Contributions

This paper presents a thorough mathematical analysis and a detailed empirical analysis of the
set-trie data structure that was introduced in [27]. The contributions of the presented research
are as follows:

o The contributions of the mathematical analysis are the asymptotic estimates of upper-
bounds of the time-complexity for the set containment operations.

o The presented experiments on the artificially generated data give a detailed insight into the
structure of the search space of set containment operations as well as the experimental
upper-bounds for all operations.

o The comparison of the set-trie with the inverted index on the real-world datasets storing sets
with low cardinality shows that the set-trie outperforms the inverted index by orders of mag-
nitude better running time.

« We obtained insight into the influence of ordering in the alphabet X on the performance of
the set-trie. The ordering of symbols from an alphabet can be tuned for the specific applica-
tion domain as well as for the selection of the set containment operations.

Finally, the results of the experiments on skewed data show that the set-trie data structure is
robust to the skewness.

1.4 Paper organization

The paper is organized as follows. In Section 2, we present the related work from the different
areas of computer science. The related work from theoretical computer science, information
retrieval, artificial intelligence, object-relational database systems, and Internet applications
are described in Sections 2.1-2.5, respectively. Section 3 presents the data structure set-trie
together with the set containment operations. We give a detailed presentation of the operations
INSERT, EXISTSSUBSET, EXISTSSUPERSET, GETALLSUBSETS and GETALLSUPERSETS and DELETE. Next, Sec-
tion 4 presents the mathematical analysis of set-trie. The description of the mathematical
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model is given in Section 4.2. The estimation of the number of visited nodes in the subset oper-
ations is studied in Section 4.3. The estimation of the number of visited nodes of the superset
operations is presented in Section 4.4. Section 5 describes an empirical analysis of set-trie. The
first part of the empirical analysis based on the artificially generated data is presented in Sec-
tion 5.1. The three experiments that study the influences of the selected features of set-trie on
the time complexity of the set containment operations are presented in Sections 5.1.2-5.1.4.
The second part of the empirical analysis is given in Section 5.2. We compare the set-trie to the
inverted index on the real-world datasets in three experiments presented in Sections 5.2.2-
5.2.3. Finally, the conclusions and the directions of our further work are given in Section 6.

2 Related work

The problem of querying sets of sets appears in the following areas of computer science.

Algorithms and data structures. The problem has been studied in the form of partial-match-
ing in the area of algorithms by Rivest [34], Baeza-Yates [35], and Charikar [36]. There has
been very little interest in this problem in the last two decades.

Information retrieval. In Information retrieval, the inverted index is a central data structure
of an IR system. It stores documents as multisets of words and queries them by specifying
words to be included in selected documents [2, 3]. Because of the important role of IR in
the development of Internet search engines, the inverted files continue to attract significant
research attention.

Artificial intelligence. The subset queries are studied in various sub-areas of artificial intelli-
gence for storing and querying: pre-conditions of a large set of rules [10], states in planning
for storing goal sets [8] and hypotheses in data mining algorithms [37]. There has been con-
siderably less interest in data structures designed for fast set containment queries in data
mining and in Al in general [9, 38] in the last two decades.

Object-relational database systems. Querying sets is an important problem in object-rela-
tional database management systems where attributes of relations can range over sets [5,
14, 39, 40]. The efficient implementation of the set containment join [13, 15-19] continues
to be an active research problem.

Internet applications. Sets are used in Internet applications for the representation of the prop-
erties of objects, sparse vector data, text files, itemsets, tags and the neighbours in graphs.
Two types of queries attracted research attention: the similarity search [20, 22] and the set
similarity join [23-25, 41]

We present each of the above stated related areas in more detail in the following Sections
2.1-2.5.

2.1 Algorithms and data structures

The data structure we consider is similar to the data structure trie [29, 34]. A trie is a tree that
stores sequences of symbols from a given alphabet as paths starting in a trie root and ending
in a node marked as the end of the sequence. A trie makes use of the common prefixes of
sequences to save space. Since we are not storing sequences but sefs in the set-trie, we can
exploit the fact that the order in sets is not important. Therefore, we can take advantage of
this to use the syntactical ordering of the set elements in the design of the set containment
operations.
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Our problem is similar to the partial matching of strings for which the tries and Suffix trees
can be used. Rivest examines [34] the problem of partial matching with the use of the hash
functions and the trie trees. The algorithms based on hash functions and tries are analyzed. It
has been shown that tree algorithms are approximately as efficient as the hash-based algo-
rithms. They use time about O(n*=%) where n is the number of sets, k is the size of sets, and s
is the number of fixed symbols of a pattern. Rivest does not use the ordering of indexes in trie
as we do. This can only be done in the case that the sets or multisets are stored in tries where
the ordering of set elements is not essential.

Baeza-Yates and Gonnet present an algorithm [35] for searching instances of regular
expressions using Patricia trees as the logical model for the index. The prefixed regular expres-
sions can express substrings as well as superstring operations. The algorithm converts a regular
expression into a finite automaton that is employed for searching the expressions. The results
of the search are the nodes of Patricia trees that represent subtrees of words. The main result of
the work is the logarithmic expected time of the algorithm for a subset of regular expressions,
and sublinear time for general regular expressions.

Finally, Charikar et al. [36] present two algorithms to deal with a subset query problem,
similar to our operation ExisTsSUPERSET. The analysis of their algorithm is performed for the
case when the collection of sets is sparse, i.e. its density |S|/2/*! tends to 0. They show the fol-
lowing tradeoffs:

o |S| - 2008’ EI/e/1o8lSh gpace, and O(]S]/2°) time, for any ;
o |S] - |Z|° space and O(|Z||S|/c) query time, for ¢ < |S].

In such sparse setting, the space/time complexity of our algorithm would be bounded above
to min(|$] - [Z|, 1.5"]).

2.2 Information retrieval

The information retrieval (abbr. IR) area deals with storing and querying huge collections of
text documents [1, 2, 4, 42]. The most common model used for the representation of texts is
the bag-of-words model of documents. A document is represented by a multiset of words that
are preprocessed using techniques such as stemming, stopping, lemmatization, and others.
After the words of the documents are preprocessed, the inverted file is constructed to support
a range of query types from simple word matchings to boolean queries typical for the early IR
systems. The inverted file is the most important part of an IR system; it is an all-in-one data
structure that serves as the structural framework for the representation of the data, and for
querying the collections of texts.

The inverted file is composed of two main parts, the dictionary, and the postings. In the
baseline inverted file, the dictionary is used to identify, for the given words, the postings that
are composed of a list of document identifiers. In addition, postings usually include a pointer
to the location of the word inside the document and the frequencies of words in documents.
The data structures commonly used in inverted files for the representation of a dictionary are
hash tables, B-trees, and tries [14]. The dictionary is typically stored in the main memory to
speed up the access to postings. Because of the huge amount of texts stored by the IR system,
the postings have to be stored on disks [2].

Inverted files support boolean queries. The conjunction of two or more one-word queries
retrieves documents that include both words. The disjunction of one-word queries includes all
documents listed for one-word queries. Finally, the negation of a one-word query includes all
documents that do not include a given word. The boolean expressions can be arbitrarily com-
bined by using operations conjunction, disjunction, and negation. The time complexity of
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query evaluation is O(N), where N is the number of documents in a collection. The efficiency
of the query evaluation in practical IR systems depends on the careful implementation of the
inverted file, and efficient methods for query evaluation. Let us present some optimizations of
the baseline inverted file [2].

Since postings include the integer numbers solely, the space used for the representation of
integer numbers can be significantly reduced by using variable-length encodings. The benefits
of compression are a more efficient representation of data and faster access to postings. The
disadvantage of compression is the need to decode the postings before they can be used in cal-
culations. Next, the processing of the postings can be sped up by introducing additional struc-
ture in postings. A technique called skipping organizes postings into chunks that are used to
guide the search during query evaluation. Further, it is beneficial that the postings are sorted,
either by frequencies or by the actual impacts of words to the similarity measure. Only the
most influential hits are interesting for further processing. Finally, the ordering of postings that
are linked to the words from a query is very important for query processing. While the efficient
order of processing the postings is an optimization problem, the greedy approach that selects
the shortest lists first works well [1].

An alternative to the inverted file was proposed in the area of Information retrieval by Dep-
pisch et al. in the form of a dynamically balanced signature tree [3]. Signatures are hash-coded
binary words of a fixed length that represent abstractions of objects. Each object attribute
value is mapped to a sequence of bits that are carefully defined to represent an abstraction of
the attribute value. The bits representing attribute values are then glued together to form a sig-
nature. The main advantage of signatures used as the access paths in database systems is the
possibility to express partial matching, subset queries, substring matching, and fuzzy match
queries.

In the simplest instance, the signature file stores the signatures of objects solely. The search
is implemented by a sequential scan of the signature file retrieving the signatures having the
bits in the query set to one [43]. The search can be improved by structuring the signatures hier-
archically. The signatures are not just the keys; they have additional information encoded into
the signatures. We can decode from the signature the values of particular attributes of a stored
object. Furthermore, given a set of signatures, they can be superimposed (computed using the
bitwise OR operation) to obtain a representative signature of a given set of signatures. The sig-
natures are therefore used to guide the search. Given a superimposed signature and a signature
that represents an object, we can determine just from the signatures if the superimposed signa-
ture can represent a given concrete signature.

The dynamically balanced signature tree, called the S-tree, is in many aspects similar to B
+-tree [3]. The S-tree is comprised of index pages and leaf pages. The index pages store lists of
pairs composed of signatures and pointers to the corresponding subtrees. The signatures at the
higher levels are constructed by superimposing the signatures from the corresponding sub-
trees. The leaf pages store pairs composed of signatures and, either objects or pointers to
objects stored in some other file. An S-tree is a dynamically balanced tree; all leaf pages of S-
tree have equal height.

The main operations of S-tree are retrieve, insert, update and delete. The operation retrieve
follows the paths from the root to a leaf node that is determined by relating the signature to the
signatures from index pages. The operation insert enters the new signature in a leaf page that is
determined by the new signature. A leaf page is split into two pages if the number of signatures
exceeds the maximal number of signatures. Splitting a page is implemented by grouping signa-
tures by similarity into two pages. The operation delete, on the other hand, deletes the signa-
ture from the leaf page and updates the affected signatures in index pages. When the number
of signatures on the page is lower than the minimum, then two nodes are joined into a single
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node. The operation update changes the value of a given signature and updates the affected sig-
natures in index pages.

2.3 Al systems

The initial implementation of set-trie was in the context of a data mining tool £dep [26],
which is used for the induction of functional dependencies from the relations [7, 44]. It has
been further used in the data mining tool mdep [45] for the induction of multivalued depen-
dencies from the relations. In both cases, the sets are used as the basis for the representation of
dependencies. Hypotheses (dependencies) are checked against the negative cover of invalid
dependencies represented by means of the data structure set-trie. Furthermore, the positive
cover, including redundant valid dependencies, is minimized by using the data structure set-
trie as well. The set-trie is related to the indexes proposed for storing sets of sets in various Al
systems [8, 10, 11, 37] including the data mining tools for the discovery of functional depen-
dencies from relations [9].

Doorenbos in [11] proposes an index structure for querying pre-conditions of rules to be
matched while selecting the next rule to activate in a rule-based system Rete [10]. The index
structure stores the conditions in separate nodes that are linked together to form the pre-con-
ditions of rules. Common conditions of rules are shared among the rules: the lists of condi-
tions with a common prefix share all nodes that form the prefix. Given a set of conditions that
are fulfilled, all rules that contain as a pre-condition a subset of a given set of conditions can be
activated.

An index data structure for storing the sets of sets is proposed by Hoffman and Koehler as
Unlimited Branching Tree (abbr. UBTree) [8]. The main difference to the representation of
rules in the expert systems is that UBTree does not use variables. The children of a node are
stored in a list attached to the node. A set in UBTree is represented by a path from the root to
the final node. The elements of the set label the path. The search procedures for the subset and
superset problems are similar to those we propose; however, the main difference in procedures
is that we explicitly use the ordering of sets for search while Hoffman and Koehler give a gen-
eral algorithm allowing other heuristics to be exploited. Our publication in 1993 [44] evidently
presents the independence of the work.

Mamoulis et al. propose in [37] the use of a balanced signature tree, called SG-tree, for stor-
ing sets in data mining applications. The architecture of the proposed SG-tree is very similar to
a dynamically balanced signature tree S-tree [3]. An SG-tree is appropriate for storing sets of
sets in a dynamic environment with frequent updates. They show experimentally that an SG-
tree can be used for the similarity search.

2.4 Object-relational database systems

The sets are among the important data modeling constructs in the object-relational and
object-oriented database systems. The set-valued attributes are used for the representation of
properties that range over the sets of atomic values or objects. The database community has
shown significant interest in indexing structures that can be used as the access paths for query-
ing set-valued attributes [5, 13, 14, 39, 40]. Set containment queries were studied in the frame
of different index structures.

Zhang et al. [40] investigated two alternatives for the implementation of the set contain-
ment queries: a) a separate IR engine based on the inverted lists, and, b) the native tables of the
relational database management system. They have shown that while RDBMS is poorly suited
for the set containment queries, they can outperform the inverted list engine in some
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conditions. Furthermore, they have shown that with some modifications, RDBMS can support
containment queries much more efficiently.

Another approach to the efficient implementation of the set containment queries is the use
of signature-based structures. Tousidou et al. [39] combine the advantages of two access paths:
the linear hashing and the tree-structured methods. They show through the empirical analysis
that an S-tree that uses linear hash partitioning is an efficient data structure for the subset and
superset queries.

Helmer and Moercotte investigated four index structures for querying set-valued attributes
of low cardinality [5]. All four index structures are based on conventional techniques: signa-
tures and inverted files. The index structures that they compare are the sequential signature
files, the signature trees, the extendable signature hashing, and B-tree based implementation of
inverted lists. The inverted file index showed the best performance over the other data struc-
tures in most operations.

Terrovitis et al. [46] improve the performance of the inverted files by ordering the symbols
(i.e., the set elements) from the vocabulary X. The sets are in an ordered inverted file (OIF)
represented by using the ordered lists of elements. Therefore, the lexicographical ordering of
sets can be defined. But then, the sets can be indexed in the same way as any other collection of
key/value pairs by using B+ trees. The postings of an inverted file are stored in separate B
+ trees that are merged in a single B+ tree index. The set containment operations are imple-
mented efficiently by identifying the intervals of B+ index that are mapped to a range of disk
blocks containing the candidate results. There are similarities between the OIF and the set-trie.
The most evident similarity is in the ordering of the elements of sets. However, there are differ-
ences in the use of the ordering. A set-trie uses the ordering of sets for the space-efficient
representation of the sets of sets. Further, the ordering of sets in a set-trie is employed for
reducing the search space to a sub-tree of a set-trie. The search space is similarly reduced in
the OIF. The difference is in the way a sub-tree of a given search tree (a set-trie, or an OIF
B+ tree) is defined for a given query.

A number of join algorithms based on set containment operations are proposed [13, 15-
17]. The partitioning set join [15] relies on the signature-based representation of the sets. The
sets are abstracted by means of signatures to provide fast set comparison operations. The sets
are converted to signatures by converting the set elements into the bits of the signatures using
the modulo function. The partitioning set join [15] splits records of the input relations by
using the values of the given set-valued attributes. In addition, partitioning eliminates unnec-
essary comparisons between signatures. The partitioning set join algorithm is further
improved to handle efficiently large sets as well as to optimize the partitioning phase of the
algorithm by the adaptive design of monotonic hash functions for particular relations [13].

Finally, Jampani and Pudi propose the use of a prefix tree together with an inverted index
for the computation of the set-based joins of two relations [16]. The proposed set-based joins
are referred to as PRETTT joins. The set containment join of the table R with the table S is com-
puted by constructing a prefix tree for the sets from R and an inverted index for the sets from
S. Starting with the root of the prefix tree constructed for R, the algorithm for the set contain-
ment join traverses the prefix tree in depth-first order. In each node 7 of the prefix tree, the list
of rids of the records from S that contain a given set represented by n is computed. This can be
done recursively by intersecting rids from S, computed previously for a common prefix, with
the rids of records from S containing #. The algorithm is efficient since a single intersection of
two lists is required to be computed to enumerate matching tuple pairs from S for a given set
from R. Besides the algorithm for the set containment join, the paper proposes the algorithms
for the set overlap join and the set equality join. The PRETTI set-based join algorithms pro-
posed in [16] are further improved by Luo et al. [17] by using the Patricia trie instead of the
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prefix tree. The empirical results show that their PRETTI+ algorithm outperforms the state-of-
the-art set-based joins by an order of magnitude.

2.5 Internet applications

The operations that are closely related to the set containment queries are the similarity search
and the set similarity join. These two operations were recently studied in the Web environ-
ment [20] in the form of the query refinement for the Web search, and for finding near-
duplicate documents [21]. The application areas that use some form of set similarity search
operations are data cleaning, information integration, community mining and entity resolu-
tion [25]. Furthermore, the documents and queries in Internet applications are represented by
multisets, i.e., sparse vectors in a high-dimensional space. The techniques from Information
Retrieval, such as the Cosine and Jaccard similarity measures, can be employed for measuring
the similarity of multisets [1].

Given two collections of sets, the exact set similarity join [23-25] computes all pairs for
which the similarity measure function gives a value above the given threshold. The similarity
measure in this approach is based on cumulative weights computed using indexing and opti-
mization [20]. The proposed solution uses a filtering-verification framework where all pairs of
sets are first filtered by various heuristic techniques and afterward verified to check if they
meet the similarity threshold. The filtering techniques include prefix filtering [20], generalized
prefix filtering [22], positional and suffix filtering [21], grouping and pruning [41], removing
obsolete entries in inverted lists [47] and position-enhanced length filtering [48].

3 Data structure set-trie

Let a set of symbols {s;, s, . . ., s,} be an alphabet Z of the size 0. We want to store a set of sets
of elements from X efficiently. The data structure for storing the set of sets should provide effi-
cient algorithms for the operation insert, the membership operation, and the set containment
operations.

A syntactical order of symbols from X can be defined by assigning each symbol a unique
index. The indexes are the elements of the set {1, 2, . . ., o}. The assignment of the indexes to
the symbols from X is used to obtain a unique representation of a set of symbols. It can be rep-
resented using a set of integer numbers. Furthermore, it turns out that a careful choice of the
order of ¥ can contribute to the efficient implementation of the set containment operations.

To simplify the presentation of the data structure set-trie, but without any loss of generality,
we assume that 2 = {1, . ., ¢}. Since the elements of X are totally ordered, we can exploit this
ordering for the efficient representation of a set of sets, as well as for the design of efficient
algorithms for the set containment operations. Therefore, a set can be represented by an
ordered sequence of integer numbers from X. This is the representation of sets that we use for
storing sets in the data structure set-trie.

The data structure set-trie is a tree composed of nodes labeled with indexes from 1 to ¢. It is
structured as follows:

« The root node is labeled with (), and its children can be the nodes labeled from 1 to o. A root
node alone represents an empty set.

o A node labeled i can have children labeled with the indexes that are greater than i.
« Each node can have a flag last_flag denoting the last element in the set.

A set is represented by a path from the root node to a node with last_flag set to true. Note
that the path is composed of nodes labeled by the indexes that are increasing along the path.
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Fig 1. An example of a set-trie.

https://doi.org/10.1371/journal.pone.0245122.9001

Let us give an example of a set-trie. Fig 1 presents a set-trie containing the sets {1, 3}, {1, 3, 5},
{1, 4}, {1, 2, 4}, {2, 4} and {2, 3, 5}. Note that flagged nodes are represented with circles.

Let S be a set-trie, X a set of indexes from X, and, L an ordered list of indexes from X such
that L[1] stores the smallest index and L[|X]|] holds the highest index from X. A set X is in a set-
trie S represented by a path p from the root of S to some node that has the flag last_node set to
true. The path p is composed of the nodes labeled by the indexes that correspond to the ele-
ments of the ordered list L. The prefixes that overlap are represented by a common path from
the root to an internal vertex of set-trie tree.

The operations for searching the subsets and supersets of a set X in a set-trie S employ the
ordering of indexes. The algorithms do not need to consider the tree branches which we know
do not lead to the results. The search space for a given X and a set-trie S can be seen as a sub-
tree, or, a strip of the set-trie S of the size that depends on the set X and the set-trie S.

3.1 Operations on sets

Let X C X and S be a set-trie that represents a collection of sets W = {s;|s; CX}. To simplify the
presentation, we write X € Sif X € W. We are interested in the following operations:

1. inserT(S, X) inserts the set X into the set-trie S;

2. searcH(S, X) returns true if X € S and false otherwise;

3. EXiSTSSUBSET(S, X) returns true if 3Y € S: Y C X and false otherwise;
4. exiSTSSUPERSET(S, X) returns true if 3Y € S: X C Y and false otherwise;
5. GETALLSUBSETS(S, X) returns all sets Y such that Y € SAY C X;

6. GETALLSUPERSETS(S, X) returns all sets Y such that Y € SAX C Y; and
7. DELETE(S, X) deletes the set X from the set-trie S.

Let us now present the data structure for storing sets that will be used for the presentation
of the operations. Since the sets of indexes from X that we use in the algorithms rely on the
ordering of indexes, we need a special data structure for the representation of sets. The data
structure Set is represented as a class in an object-oriented programming language: it has a
state and a set of operations.

The state of the Set instances includes the current element of the set. The current element is
a concept similar to the file pointer that points to some position in a file. Analogously, the cur-
rent element of a set is an element of the set that we currently observe. Let X C X and ¢ € X is
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the current element of a set X. The next element of c is the smallest n such that n € Xand c < n
with respect to the ordering of X.

Let X denote an instance of the class Set. The class Set has the following methods. The
method X first() sets the current element of the set to the element of X that has the smallest
value. The operation X.existsCurrent() checks if there exists the current element in the set X.
The method X.current() returns the current element of the set X if it exists and returns an
error otherwise. The method X.next() returns the next element of the current element, and,
o+ 1 if there is no such element. The current element is not defined after the method next() is
applied to the set X, where the current element is the last (the greatest) element of X.

Algorithm 1 Procedure inserT(V, X)

: procedure 1nserT (V, X)
if X.existsCurrent () then
if exists child of V labeled X.current () then
U «+— retrieve child of V labeled X.current();
else
U «— create child of V labeled X.current();
NseERT (U, X.next ())
else
V.last flag = true

O 0 J o U W N

3.2 Operation insert

The first operation of set-trie data structure is insertion. The operation iNserT(V, X) enters an
instance X of the type Set into the set-trie S referenced by a root node V. The operation INSERT
is presented in Algorithm 1. Each invocation of the operation INSERT either traverses through
the existing tree nodes or, creates the new nodes to construct a path from the root to the
flagged node corresponding to the last element of the set X.
Algorithm 2 Function searcu(V, X)
: function searcu (V, X)
if X.existsCurrent () then
if exists child of V labeled X.current () then
U < child of V labeled X.current ()
searcH (U, X.next ())
else return false
else return V.last flag

~ o U W N

3.3 Operation search

The operation searcH(V, X) searches for a given X in a set-trie S represented by a tree with the
root V. It returns true if X is an element of the set-trie represented by V, and, false otherwise.
The operation SEARCH is presented in Algorithm 2. As in the case of ordinary trie data structure,
operation seaRCH checks if there exists a path from the root of tree V, labeled with the elements
(indexes) of X, to some node flagged as last_node.

Let us give some more details about the algorithm of the operation searcH. The operation
has to be invoked with the call searcu(V, X first()) so that V is the root of the set-trie tree and
the current element of X is the smallest index of X. Each activation of SEARCH tries to match the
current element of X with the child of V. If the match is not successful, it returns false; other-
wise, it proceeds with the following elements of X.

3.4 Operations existsSubset and getAllSubsets

The operation ExisTsSUBSET(V, X) checks if there exists a subset of X in the given set-trie S with
the root V. The subset that we search in S can have fewer elements than X. Besides searching
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for the exact match, we can also skip one or more elements in X and find a subset that matches
the rest of the elements of X. The operation is presented by Algorithm 3.

Algorithm 3 Function existsSusseT(V, X)
1: function exisrsSusser (V, X)
2 if v.last flag then
3 return true
4 if not X.existsCurrent () then
5 return false
6 found « false
7 if exists child of V labeled X.current () then
8 U «+ child of V labeled X.current ()

9: found « ExistsSusser (U, X.next())
10: if found then

11: return true

12: else

13: return existsSusseT (V, X.next ())

In the initial state of the algorithm, the parameter X has a current value set to the first ele-
ment of the set, and the parameter V references the root of set-trie. The operation EXISTSSUBSET
tries to match elements of X with the child nodes of the set-trie V. In each step, either the cur-
rent element of the X can be matched with a child of V, or the current element of X is skipped,
and the operation tries to match the next element of X with the same set-trie V.

The first if statement in line 2 checks if a subset of X is found in the tree, i.e., the current
node of a tree is the last element of the subset and last_flag = true. The second if statement in
line 4 checks if X has no more elements, and, we did not find the subset in V. The third if state-
ment in line 7 verifies if the parallel descends in X and in the tree V is possible. In the positive
case, the algorithm calls ExisTsSusseT with the next element of X and the child of V correspond-
ing to the matched symbol. Finally, if the match did not succeed, the current element of X is
skipped, and ExisTsSUBSET is called with the same V and the next element of X in line 13.

The operation ExisTSSUBSET can be easily extended to find all subsets of a given set X in a tree
with the root V. After finding the first subset in line 3, it must be stored, and the search can
continue. In addition, instead of checking if a subset has already been found in lines 10-13, the
operation GETALLSUBSETS(V, X.next()) would be called to collect all the results. The experimen-
tal results with the operation GETALLSUBSETS(V, X) are presented in Section 5.

Algorithm 4 Function exisTsSUPERSET(V, X)
1: function exisrsSuperser (V, X)
2 if not X.existsCurrent () then
3 return true
4: found «— false
5 element «— X.current ()+1
9 nextElement «+— X.next ()
7 while element < nextElement and not found do
8 if exists child of V labeled element then

9: U «+ child of V labeled element

10 if element = nextElement then

11: found «— Ex1sTsSupErsSET (U, X.next ())
12: else

13: found <« EexisTsSuperseT (U, X)

14: element «— element + 1

15: return found

3.5 Operations existsSuperset and getAllSupersets

The operation ExisTsSUPERSET(V, X) checks if there exists a superset of X in the set-trie S refer-
enced by the node V. In operation ExisTsSUBSET, we could skip some elements from X to match

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021 13/38


https://doi.org/10.1371/journal.pone.0245122

PLOS ONE

Data structure set-trie for storing and querying sets

the sets from the set-trie S. In operation ExiSTSSUPERSET, we can do the opposite: we can omit
some elements in the supersets from S to match the parameter set X. This operation is pre-
sented in Algorithm 4.

Let us present the algorithm of the operation EXISTSSUPERSET in more detail. The initial state
of the operation is the current element of the parameter set X is set to the first element, and the
parameter V stores the reference to the root of set-trie S. In each recursive step, the algorithm
can either descend to the next current element of X and to the matched child node of set-trie
V, or it can leave the set X unchanged and descend only in the set-trie referenced by V to the
selected child node.

The first if statement in line 2 checks if we are already at the end of X. If this is the case,
then the parameter X is covered completely with a superset from the set-trie referenced by root
V. The code in lines 6-7 sets the interval of elements (lower and upper bounds) that can be
used in the search for the supersets from S. Note that the first element of the interval is the cur-
rent element of X plus 1, and the last element of the interval is the next element of X. In each
pass of the while loop in line 7, we either descend in parallel in line 11 on both X and the set-
trie referenced by V;, in the case that we reach the upper bound of the interval, or, we take the
current child and call exisTsSUPERSET on unchanged X in line 13. Of course, we can descend to
the child node of V only in the case that the child exists, which is checked in line 8.

As in the case of the operation ExisTSSUBSET, the operation EXiSTSSUPERSET can be extended to
retrieve all supersets of a given set X in a tree with the root V. After X is matched completely in
line 3, there remains a subtree of trailers corresponding to a set of supersets that subsume X.
This subtree is rooted in a tree node, let say Uy, which corresponds to the last element of X.
Therefore, after Uy, is matched against the last element of the set X in line 3, the complete sub-
tree has to be traversed to retrieve all supersets that go through the node U.

3.6 Operation delete

The last operation of the set-trie is the operation DELETE(V, X) presented in Algorithm 5. The
operation deletes the set X from the set-trie S referenced by a root node V. To simplify the
algorithm, we suppose that the set X is stored in the set-trie S. The operation DELETE traverses
from the root to some node of S by following the elements of the set X. When the operation
DELETE is returning from the recursion, it deletes the nodes that do not serve to represent the
remaining sets from S. More precisely, the operation deletes those nodes from the path in §
defined by X that do not have children and are not labeled as the final nodes with last_flag set
to true.

Algorithm 5 Procedure peLeTE(V, X)
1: procedure perete (V, X)

2 if X.existsCurrent () then

3 U + child of V labeled X.current ()

4: pELETE (U, X.next ())

5 if not exists child of U and not U.last flag then
6 dispose U

7 else

8 V.last flag « false

4 Mathematical analysis of running-time

In this section, we provide a mathematical analysis of the running time of the presented algo-
rithms. In Section 4.1, we start by describing some basic structural properties of the proposed
data structure. Before moving on with the analysis, in Section 4.2, we describe some additional
notations and introduce certain initial assumptions of our model regarding the type and
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distribution of the input. In particular, our analysis is based on a strong assumption that all
words are present in our collection of sets with uniform probability.

The core building block, which plays an important role in the expected performance of all
four functions, is the initial cardinality of our set-trie, which we describe in Section 4.2.1. In
the process, we use the idea of the Galton-Watson branching stochastic process, where we
grow our population by consecutively attaching letters of our alphabet to our set-trie. We
upper-bound the growth function for any member of the alphabet in Lemma 2, and later con-
struct a probability generating a function that majorizes the probability distribution of the car-
dinality of our set-trie. Finally, we measure the expectation of this probability generating
function by the standard derivation approach and obtain the desired expected cardinality in
Proposition 7. For more resources on the Galton-Watson stochastic process, and on the appli-
cations of probability generating functions we refer the reader to [49], and to Chapters XI and
XII of [50], respectively.

In Section 4.3, we observe the exponential behavior of the GETALLSUBSETS function, while
determining an additional upper-bound for the ExisTsSUBSET function. The result of Section
4.2.1 is not only an answer for GETALLSUBSETs (with different parameters, see Section 4.3.1), but
is also an important upper-bound for the later analysis of ExisTsSUBSET. In particular, we deter-
mine that in our model, the distribution of the running time of EXISTSSUBSET is a majorization
of a geometric distribution with parameter p.

In the Section 4.4, we observe that for method GETALLSUPERSETS, input sets with low-ranked
members perform faster than those with high-ranked ones. The nature of the algorithm shows
that the length of input may be as important as the label of its last character—hence, the prob-
lem is translated to the bound from Section 4.2.1 (again, with different parameters, see Section
4.4). For the function ExiSTSSUPERSET, we observe that as long as p and ¢ are not very small and
fairly large, respectively, the expected number of visited nodes will not be large. The bound is
attained by carefully constructing appropriate Bernoulli variables, which allow us to construct
geometric distribution. Such geometric distribution will again minorize the actual running-
time distribution of ExisTsSUPERSET. Since this last analysis may be a bit abstract to get a proper
performance feeling, we conclude the section by a short discussion on the results.

4.1 Some properties of set-trie

Given the size of the alphabet g, let us define a complete set-trie to be a set-trie corresponding
to the whole power-set P([0, ¢ — 1]) and denote the corresponding tree with 7. Clearly, any
set-trie with the alphabet-size o will correspond to some subtree of 7 ,. Note that the tree 7, is
a binomial tree. We now give some basic properties of the complete set-tries.

Observation 1 Let 7 be a complete set-trie on alphabet of size 0. Then the following holds:

1. Thetree T , contains 2° vertices.

2. All o neighbors of the root induce subtrees that are isomorphicto T ,, T |, T,,..., T

g—1°
3. There is precisely 2" nodes with label i, for 1 < i < N.

For better illustration of a complete set-trie structure, see Fig 2 depicting the rooted tree
that corresponds to a maximal set-trie, with o = 4.

4.2 The description of the model

Let = be the alphabet of size o and let W be a collection of sets from 2> (i.e. subsets of X) stored
in the corresponding set-trie S. By the implementation of the set-trie data structure, note that S
can be interpreted as a subtree of 7, where each node contains a non-unique label / € Z. In
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Fig 2. A complete trie for o = 4.
https://doi.org/10.1371/journal.pone.0245122.9002

this sense, observe that |V(S)| > |W], as for a given w € W, the set-trie S also includes all pre-
fixes of w.

For a fixed probability p € (0, 1) and for g = 1 — p, our model assumes that for each set w C
> we have P[w € W] = p. Note that the expected number of sets stored in W equals to p - 2°.
For simplicity, we assume that X = {1, 2, .. ., 0}. For any subset Y C X we denote S[Y] the corre-
sponding subgraph of S, induced by all i-labeled vertices, where i € Y.

By Observation 1, there are 2" vertices with label i in a complete set-trie 7, but most
likely not all will be present in S. For any particular i-labeled node v from 7, let p; , be the
probability that v € S, where S is generated by our model, on parameters o and p. Observe that
visarootofacopyof 7,_, hence v € Sif and only if any word corresponding to members of
its subtree is also a member of W. It is hence clear that

poe = 1-J[A-p=1-4"

veT 5

Let X = a; a,- - - be a user specified input set consisting of k members of X. Our goal is to
estimate an average time complexity for the method ExisTSSUPERSET(S, X), GETALLSUPERSETS(S,
X), exisTsSUBSET(S, X) and GETALLSUBSETS(S, X). In order to get a proper insight of the model
used, observe the following estimation of the expected number of nodes in S.

4.2.1 The size of |S|. As we observed, it is easy to estimate the cardinality of W. In what
follows, we try to upper-bound the value of |S|. The result, as well as the calculation, will help
us later in complexity analysis of the above-mentioned methods. We start by calculating the
conditional probability that, if x; € S, then x; contains a neighbor labeled i + 1, which is
denoted by x;, 1.

Lemma 2 Let i, j, i < j be positive integers and let x; be an arbitrary but fixed i-labeled vertex
from S. The probability that it contains a j-labeled neighbor x; under the assumption that x; € S
can be upper-bounded to

Plxx, € E(S)lx, €S| < (1+q77) 7,

with equality if and only if j =i + 1.
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Proof 3 By definition of conditional probability, we have
Plx; € S A x; €]

Plx; e Slx, €8] =

Plx, € §]
Plx; € §]
- 1 . qza—i
_ 1— qza—i + qQa—i . qQﬂ—j
1 _ qu—[
1 _ qu 1

< 1-¢""'Plx €Slx €59

By isolating the term P[x; € S|x; € S] from the expression above, the claim follows.

For each character i € ¥ we now measure the size of a subtree of S, induced on all instances
of vertices, with labels smaller than or equal to i. In particular, let f; be a probability generating
function for the corresponding distribution of the subtree size, i.e.

S0 = DS il =]

Let us state the standard definition of a majorizing sequence.
Definition 4 Let A =ay, ay, . .., agand B=by, b, .. ., b, be two number sequences, such that

S a, =0 b. Wesay that A majorizes B, if 3, a, > Y0 b, for each k € [1, d].
We now define a generating function

2{
gi(x) = Zai.j‘xJ?
=0

5 o0—i
_ tx qz

with go(x) = x which is recursively defined as g;,(x) = gi(p;(x)), where p,(x) = el Func-

tion g(x) is conveniently defined, as its coefficients majorize these from f(x), as observed in
the following claim.
Lemma 5 For each i € [1, o] and k € [0, 2], we have

2i
S a2 PIS[L ]| = K,
=k

i.e. the coefficients from g; majorize these from f;.

Proof 6 We prove the claim by induction on i. Fori =1, we have g,(x) = xt’;f:”, while f1(x) =

px* + gx. Now suppose that the coefficients from g; majorize these from f, and observe that a
probability generating function g1 = gi(pi(x)) represents some distribution obtained by a modi-

fied Galton-Watson process, with dynamic growth function p,(x) = xz:;jﬂj . From Claim 2 it is

clear that the above-mentioned growth function actually upperbounds the actual growth of coef-
ficients of f;,, hence the conclusion.
Proposition 7 The expected size of S is at most

ﬁ 2+q2671’—l
1+q25471 .

i=0
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Proof 8 From Lemma 5 it is clear that for any i, the distribution given by probability generating
function f; majorizes the one given by g;. Note that for any probability generating function F(x),
it is well known that the expectation of the corresponding distribution equals to £ F'(x)|,_, (For
detailed survey on probability generating functions we refer the reader to the book by Johnson et.
al. [51].). As pointed out in Lemma 5, note that functions {g;};>o are generated in a way similar
to the Galton-Watson process, apart from the fact that in our case the reproduction function is

XZ +x qZ(‘_*I
1+

not constant throughout the process, but changes at every step, and is given by p, = for i-

th generation. Furthermore, g; may be expressed as
&(x) =g, (pii(x)) =pyopio---op i(x),

while by the composition rule, its derivation is
g(x) = HP], o-rop(x).

The proof of the claim is concluded by
E(S) =0l < &)

g—1
= [[r@l.
i=0

B o—1 2+q20—i—1
- g W )
2t o—i—1

207 . . .
= H”’?T,for any admissible i.
q

where the third line follows by the fact that p,(1) = 1 and p}(x)|,_,

4.3 Analysis of subsets

In this section, we analyze the method regarding the subset queries. For GETALLSUBSETS(S, X), it
is clear that the length of the output is exponential in k. Hence we expect the obtained upper-
bound also to be exponential.

In the case of ExiTsSUBSETS(S, X), the situation turns out to be more complex. Our upper-
bound consists of two functions; one being useful for big densities of our set-trie, and the sec-
ond one for sparse cases.

4.3.1 Analysis of getAllSubsets(S, X). When traversing the set-trie S, the algorithm visits
only nodes in which labels appear in X. These nodes represent a subtree of depth at most k in
S. We denote this tree with S[X], and let wy be its size. In light of Proposition 7, it is easy to
give an upper estimate of E(w, ) in the same way as we did with S, hence

E(Wx) = ];([ |:1 i qQUﬂfl

As expected, since we do not assume that the input word X is chosen uniformly at random,

the result shows that the expected running time in our model is highly input-sensitive. Observe

that knowing the relative frequency of characters in a given input would allow us to choose
the initial total ordering of the alphabet X in a correct way. In particular, the least frequent
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characters should be ranked higher than others. Indeed, observe that in real-world applica-
tions, X may be efficiently modeled by various randomized generations, such that given a char-
acter ¢ € X one may assume any of the following:

« cis chosen uniformly at random from [1, o],
« ¢ € [1, log o], with high probability,
o ¢ € [0 - log 0, 0], with high probability.

The trivial upper bound of wy is 2%, which is attained at p = 1. Also, the reader should
observe that the obtained bound is exponential in k, i.e. for any input word X there exists a
constant @ € [1.5, 2], such that E(wy) = o*. Finally, the reader should realize that for most of
the randomized models of X (including those mentioned above), it is easy to see that & — 2
when ¢ — oo.

4.3.2 Analysis of existsSubset(S, X). In contrast to GETALLSUBSETS(S, X), when traversing
the tree S[X], the method ExisTsSUBSET(S, X) stops at the first found flagged node. At any of the
vertices in S[X], the algorithm stops with probability p or continues otherwise. First note that
in the case when the result of ExisTsSUBSETS(S, X) is False, then the complexity of EXISTSSUBSET
(S, X) in fact equals the complexity of GETALLSUBSETS(S, X), analyzed in Section 4.3.1, and
hence takes precisely w time steps. However, if this is not the case, we point out that the num-
ber of steps is distributed according to a geometric probability distribution on parameter p.

To be more precise, the probability of stopping at i-th visited node is p - (1 — p)"", for i <
wy. After searching through all possible sub-sets (i.e. after wy steps), the algorithm stops—the
probability of this scenario is clearly (1 — p)"™*. In particular, let X’ be a random variable that
measures the number of steps made when running existsSusset(S, X). The value of P[X = ¢] is
defined as follows:

p-(1=p"! if 1<t<wy
PlX =t =
pr(l=p)" H(1=p)™ if t=wy

It is easy to check that this is a proper probability space that sums to 1, and that the probability
space is very similar to a geometric distribution with parameter p (where the end of the right
tail is cut off at wx). While wy is still the upper-bound of 7~ (exisTsSUBSET(S, X)), calculating an
expectation of X’ gives us another upper-bound.
Theorem 9 The expected number of steps of ExisTsSUBSET(S, X) is equal to:
1 wy
’ (1= =p)™).

In particular, the expected number of steps is at most 1%'

Proof 10 We calculate the expectation of the random variable X,

E(X) = Zi-P[X:i]

wel=p)"+p- ) i (1=p)"
i=0
Setting q == 1 — p, we get a closed form by integrating

WX ) 1— wx+1
/(Zz : q’_1>dq -1 .c

i=0 l—q
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Plugging this back into (1), we get
d 1— qwx+1
E(X) = "4+ (l—q)-—|———+C
@) = war (-0 (L)
quwx+1 — (Wx + 1>qu +1
l—q
1- qWX(WX —Wyq + 1)

= wyq"™ + » (2)

1—
()

1 wx
= SU-1=p"

= wyq"" +

It is easy to see that the bound above is quite efficient in some cases—here we point out the
two efficient situations. In the Example 11 we have a large alphabet comparing to the length of
an input.

Example 11 Assume that our input is very short, i.e. k = o(log 0). Then we have

E(X) < wy, <2 < o(0).

In the Example (ii) we have a dense set-trie comparing to the length of an alphabet.
Example 12 Suppose that our set-trie is quite dense, i.e. if p > € - (), for arbitrary small con-
stant € > 0. Then clearly E(X) < < O(c). We believe that many of the real-world datasets are

dense with respect to the criteria above. For example, an actual set of all words in English dictio-
nary consists of approximately a million words, where a standard 26-letter English alphabet is
used. Setting the appropriate values with o = 26, p = 0.0148 and e = 0.385, we expect the number
of sets visited by exisTsSUBSET(S, X) to be bounded around 68 or less, or even less when|X| is small.

While the analysis above mostly focuses on the expectation of the running time, observe
that the distribution of X is well-concentrated around its expectation—for instance, even Mar-
kov inequality implies w.h.p. that X’ does not exceed its expectation by a factor of log g, i.e.

< .
P[X > E(X)loga] < logomo

Since in our model all sets are chosen with uniform probability p—resembling a geometric
distribution, the type of the traversal algorithm does not play any role in this theoretical
model. However, in real-world situations, we suspect this is not the case—it may be useful to
consider various tree-traversal strategies depending on a letter-frequency, which is usually far
from uniform.

4.4 Analysis of supersets

Our goal is to estimate an average time complexity for method GETALLSUBSETS(S, X), and EXISTs-
SupErsET(S, X). Similarly as with subset-queries, since the length of output for GETALLSUBSETS(S,
X) is exponential in oy, we expect the obtained upper-bound to be exponential. For the func-
tion ExISTSSUPERSET(S, X) we observe that, as long as p and a4 are not very small and fairly large,
respectively, the expected number of visited nodes will not be large.

4.4.1 Analysis of getAllSupersets(S, X). When traversing the set-trie S, the algorithm vis-
its the nodes in a depth-search manner and visits only the branches that do not miss any mem-
ber of X. Let the random variable X represent the upper bound of the number of steps made
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when running the method existsSuperset(S, X). Since algorithm can only stop at aj-vertex, the
full-tree of size 2* is a trivial upper-bound of number of GETALLSUPERSETS(S, X). Using the
result from Proposition 7, we can obtain the upper-bound of the expected cardinality of the
set-trie on an alphabet of size oy, which can be reduced to

og—1 90—i
2+¢q
() < [ [f 0 |

i=0

The expression is clearly exponential in value of o, i.e. the rank of the maximal element in
X. Note that this bound is far from tight, as we do not consider the aspect of “branch pruning”
in GETALLSUPERSETS and assume that the algorithm visits all the vertices in S[0, .. ., ax — 1]. Non-
theless, in the Experiment 3 we will observe that input sets with low-ranked members perform
faster then these with high-ranked ones.

4.4.2 Analysis of existsSuperset(S, X). Using Bernoulli distribution, we now estimate the
number of needed steps for ExisTsSSUPERSET(S, X). Although many of them will not be present,
there is at most 2" ¥ possible positions of a-node in S, and at the encounter of any a;-node,
the algorithm stops immediately. If the algorithm failed to reach some potential o-node in S,
it needs to visit at most ¢, additional nodes to come to the next one (or determine that it does
not exist).

At any instance of ay-vertex, the algorithm stops with probability p’ = (1 — (1 — p)QHk) or
continues otherwise. If the algorithm does not stop after trying to visit all possible instances of

9%~k

ay-vertices, it returns False with probability (1 — p')"" = (1 — p)QH after making at most

2% . k steps. Let X’ be a random variable with the following distribution:

po(l—p) "t i 1<i< 2%k
PlX =ki] = {

(1-p)" " iz
It is easy to check that this is a proper probability space that sums to 1. Indeed,

P A —p) + (1 -p)
2ak—k

1-(1-p)

F-p) =1
T~y TP

:p’

Theorem 13 Let A be the expected number of visited nodes in the algorithm EXISTSSUPERSET(S,
X), where S is a set-trie that corresponds to W C 2%, and X € (i) Then A < X In particular,

A < g 27,

Proof 14 Let w/ = 27 %, let p', X be as defined above, and let ¢ = 1 — p'. Again observe, that

WX ) 1— wy+1
/Zi'q/z—ldq/ _ q +C.
i=0

1—-¢

The calculations of the expectation of random variable X' below are similar than in previous
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Fig 3. Experiment 1: Performance of existsSUBSET (S,X), and ExisTSSUPERSET (S,X).

https://doi.org/10.1371/journal.pone.0245122.9003

section:

= o w(l-p)'+
, o (1-(@a-p)"
P\ 1oa—p)
% (Y
= (1 (1—p) )

Again, notice that (1 — (1 — p’)w/) clearly lies in an [0, 1]. The obtained bound is useful
whenever p’ is not very small, but the reader should notice that, while both p and p’ are mem-
bers of [0, 1], it may often be the case that p’ >> p. For more intuition on the correlation
between p, p’ and ;—’,‘, and for easier correlation with Experiment 3, (see Fig 3), see some sample

values on Table 1.

One may observe that, as long as p and ¢, are not very small and fairly large, respectively,
the expected number of visited nodes will not be large. If, however, that would be the case, the
results may not be as promising. The behavior of the time efficiency of the algorithm with vari-
ous values of p can be observed in Experiment 1, while the relation with the value ¢ is dis-
cussed in Experiment 3.

5 Empirical evaluation

This section presents the empirical study of the data structure set-trie. The performance of the
set-trie is evaluated in a series of six experiments performed on the artificially generated and
real-world data. The aim of the experiments is two-fold.

Table 1. The correlation between p, p’ and :7’,‘, with X = {0, . . ,, 24} and various values of p and a;.

oy 12 6 17 24 5 14 24

P 107 10°° 0.03 0.08 0.0015 0.0015 0.0015

p’ 0.559 0.408 0.999 0.154 1.000 0.954 0.003

- 21 15 17 156 5 15 8006
https://doi.org/10.1371/journal.pone.0245122.t001
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The first three experiments are designed to provide insight into the time complexity of the
presented methods. The performance of set-trie is in these experiments measured by the num-
ber of nodes visited by the particular operation that we observe. As we measure the actual
access frequencies (instead of measuring the absolute running time), this removes an unneces-
sary noise and enables a more precise insight into how our algorithms behave under different
circumstances. The parameters and distributions for the random generation of our data aim to
reflect the asymptotic time complexity of our data-structure in a natural way. The first three
experiments are discussed in Section 5.1.

The last three experiments provide a real-world performance comparison between set-trie
and the inverted index [2]. The inverted index is considered to be the most efficient data struc-
ture for storing sets of sets [4, 32]. The data used in the fourth experiment is generated with
the data mining tool £dep. The last two experiments use the datasets msnbc and anony-
mous-msweb that contain the data about the access to the directory structures of two Web
servers. The datasets were obtained from the UCI Machine Learning Repository [33]. These
three experiments are presented in Section 5.2.

The data structure set-trie is implemented in the GNU C programming environment in the
form of a library [28]. The set-trie was first implemented in the system for the induction of
functional dependencies from relations fdep [26], also implemented in C, and, later, in the
program for the induction of multi-valued dependencies implemented in Sictus Prolog [45].

5.1 Experiments on artificial data

In the experiments on artificially generated data, we are analyzing the influence of the selected
parameters (e.g., the size of set-trie) on the performance of the data structure set-trie. The per-
formance of set-trie is in these experiments measured by the number of nodes visited by the
particular operation that we observe.

Let us present the basic terminology to be used for the description of the experiments. The
alphabet used for the experiments is X = {1, 2, . . ., g}, where ¢ is the size of the alphabet. The
set trie S is constructed from a set of sets W. Each operation is tested by using the sets X from a
test set of sets T of size M. The number of sets in a set-trie S is denoted by N. By the term den-
sity of the set-trie, we refer to the value of N/2°.

Three experiments on the artificially generated data are presented in this section. In Section
5.1.1, we first present the procedure for the generation of sets that we use in Experiments 1-3.
Experiment 1 is presented in Section 5.1.2. In this experiment, we study the influence of
changing the size of a set of sets W and the corresponding set-trie S to the performance of set
containment operations. The influence of the size of the alphabet X on the performance of the
set containment operations is studied in Experiment 2 presented in Section 5.1.3. Finally,
Experiment 3 presents the influence of the shape of the sets X € T, i.e., the selection of the ele-
ments from X in the test set of sets T, on the performance of set-trie. This experiment is
described in Section 5.1.4.

5.1.1 The description of generating procedure and related notions. We construct the
set-tries S from the collection of N subsets of X, where each subset is selected from P(Z) uni-
formly at random, each by a given probability p. In other words, we traverse through all subsets
of ¥ and add each set to S with probability p.

The test set T of size M is generated in a similar way to the generation of the set-trie S. How-
ever, we construct T'in a way that all lengths of the sets from T have approximately the same
number of instances. Note that the parameters p and M have a direct influence on the cardinal-
ity of a given set-trie or test set, respectively.
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5.1.2 Experiment 1. In the first experiment we observe the influence of the size N of the
set-trie S on the number of nodes visited in S by the operations EXISTSSUBSET, EXISTSSUPERSET,
GETALLSUBSETS, and GETALLSUPERSETS.

The size of the alphabet X is fixed to 25 so there can be at most 2°> = 33554432 sets con-
structed from 2. The number of sets N in the set-tries S are: 10000, 20000, 40000, 80000,
160000 and 320000. Each operation is tested with the sets X from the test set T of the fixed size
50000.

The results of Experiment 1 for the operation ExisTsSUBSET(S, X) are presented in Fig 3.
When the size of X is small, the algorithm visits a few nodes to decide if a subset of X exists in
S. The reason for this is in the small search space—only the elements of X need to be checked.
Similarly, when the size of X is close to 25, only from 30 to 120 nodes are visited. In this case,
most of the elements of X are included in X, and, therefore, some subset of X in S can be found
quickly.

The maxima of functions for the operation ExisTsSUBSET are around the sets of sizes 9-14.
The subset of X in § may not be covered by the first path generated by the algorithm—the
depth-first algorithm of ExisTsSUBSET may backtrack a few times until the subset is found. The
maxima for the set-tries S with the smaller number of sets, including from 10000 to 20000 sets,
are around the sets of the size 13-14. The maximum is around the sets of size 9-10 for the larger
set-tries storing from 160000 to 320000 sets. The shift of the peak to the left of the center is the
consequence of the increased size of S, as it is presented in more detail in the sequel.

The algorithm of EXISTSSUPERSET is, in a way, opposite to the algorithm of EXISTSSUBSET.
While the algorithm of ExisTsSUBSET searches among the elements of X, the algorithm of ExsTs-
SuperseT must include all the elements of X and searches among the elements that are not in X.
The set X in the algorithm of EXISTSSUPERSET, therefore, acts as a constraint—the path in S that
includes the superset of X must include all the elements from X.

The results of the operation ExisTsSUPERSET(S,X) are presented in Fig 3. The number of vis-
ited nodes is significantly smaller for the operation EXISTSSUPERSET in comparison to the num-
ber of visited nodes of the operation ExisTsSusseT. However, the number of visited nodes
changes with regards to the number of sets in S. After some initial threshold in the number of
sets in S, the performance of ExisTsSUBSET becomes better than the performance of EXISTSSUPER-
seT. This can be observed in Fig 3 where the performance of ExisTsSUPERSET and EXISTSSUBSETS
flips while changing |S| from 80000 to 320000. The flip is obvious from the results of Experi-
ment 2.

The peaks of the functions for ExisTsSUPERSET in Fig 3 are, in comparison to the results of
EXISTSSUBSET, moved slightly to the right of the center point 6/2—the peaks move further to the
right with the increasing size of S. The search for supersets is harder when the size of X is
slightly larger than /2. The operation ExiSTSSUPERSET can find supersets more quickly when the
size of S increases towards o.

The figures of ExisTsSUBSET and EXISTSSUPERSET can be seen as mirrored across the line
defined by /2. The explanation of this is the duality of the set operations subset and superset,
as they define dual partial orderings of subsets of the alphabet X. This phenomenon is further
studied in Experiment 3, where the duality of subset/superset operations is very obvious.

Fig 4 shows the performance of operations GETALLSUBSETS and GETALLSUPERSETS. The func-
tions in Fig 4 are represented on a logarithmic scale. All functions are either growing or decay-
ing linearly. This means that the number of visited nodes is either growing exponentially in
the case of operation GETALLSUBSETS, or decaying exponentially in the case of operation GETALL-
SuperseTs. The behavior of the functions can be easily explained by seeing that the number of
subsets in S grows exponentially with the size of X, and the number of supersets in S decays
exponentially with the growing size of X.
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Fig 4. Experiment 1: Performance of GETALLSUBSETS(S,X) and GETALLSUPERSETS(S,X).

https://doi.org/10.1371/journal.pone.0245122.g004

visited nodes

Subset existence

5.1.3 Experiment 2. In the second experiment, we study the influence of the size o of the
alphabet X on the performance of set-tries. The sizes o used in experiments are 14, 17, 20, 23,
and 26. For each particular case, the set of sets W is constructed, including 1.5% of all the sub-
sets of Z; for instance, in the case of 0 = 24, we have approximately 250000 sets. The con-
structed sets of sets W are the inputs for the construction of the set-tries S. Furthermore, the
test sets of sets T are constructed for each X to include 50000 sets.

First of all, let us note that because of the higher number of sets from S, the operation EXIsTs-
SUBSET visits fewer tree nodes than the operation ExisTsSSUPERSET. As we have described in the
presentation of Experiment 1, the flip point, i.e., the point where the performances of subset/
superset operations reverse, is, approximately, when there are 0.01 - 2° (1% of all possible sub-
sets of X) sets in S. Since in Experiment 2, we have 1.5% of all possible sets in all cases, the
results confirm the findings of Experiment 1.

The results of Experiment 2 for the operation ExisTsSUBSET(S, X) are presented in Fig 5. The
maximal number of visited nodes for the alphabets of sizes 14, 17, 20, 23, and 26 are from 55
up to 85. The maxima of functions are around the elements with the indexes from 7 to 9, mov-
ing slightly to the right with the increasing size of the alphabet X. In the same way as in Fig 3 of
Experiment 1, the peaks are actually moving slowly to the left of the central element with the
increasing size of the alphabet X. However, the increase of the alphabet size causes the maxi-
mum to stay around the indexes from 7 to 9.

The results of the operation ExiSTSSUPERSET(S,X) are presented in Fig 5. The operation EXIsTs-
SUPERSET visits more tree nodes than the operation ExisTsSUBSET, which is the consequence of
the increase in the number of sets in S. The maxima of functions are always on the right-hand
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Fig 5. Experiment 2: Performance of ExisTsSUBSET(S,X) and exisTsSUPERSET(S,X).

https://doi.org/10.1371/journal.pone.0245122.9005

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021

25/38


https://doi.org/10.1371/journal.pone.0245122.g004
https://doi.org/10.1371/journal.pone.0245122.g005
https://doi.org/10.1371/journal.pone.0245122

PLOS ONE

Data structure set-trie for storing and querying sets

visited nodes Find all subsets visited nodes Find all supersets

o " 108 b “ o

5 “g:l% 9 o o “a:l%

10°F [ o=1 o o=1
=20 o of % e =20

g veg =93 Q 10° * o wrg =93

10°F Joog =26 L ® e 00g =26
Q " o °
10* 104 | ., ® o
* % b o}
103 109 * e
* % o)
k-3 ° o
10? * °
10° | - ° o
* o

1 i (] °

10
*
: 10? ;
1 . 1 . length of input . . L . length of input
5 10 15 20 25 5 10 15 20 5

Fig 6. Experiment 2: Performance of GETALLSUBSETS(S,X) and GETALLSUPERSETS(S,X).
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side of the middle elements of the alphabet X. They are moving further to the right with the
increasing size of the alphabet X. The results are comparable to the results of Experiment 1,
presented in Fig 3.

Finally, Fig 6 shows the performance of operations GETALLSUBSETS and GETALLSUPERSETS.
Again, as in the case of Fig 4, the number of visited nodes of the operations GETALLSUBSETS and
GETALLSUPERSETS either increase or decrease linearly in the logarithmic scale, which means that
the number of visited nodes either increases or decreases exponentially with the size of set X.
This reflects the number of sets that are the results of the operations GETALLSUBSETS and
GETALLSUPERSETS.

5.1.4 Experiment 3. This experiment is designed to provide more details about the behav-
ior of operations when the input sets X include the elements from different ranges of the alpha-
bet X. We show through the experiment that the operation ExisTsSUBSET works faster if X
predominately includes the elements with higher indexes and works slower in the case X
includes the elements with lower indexes. The operation ExiSTSSUPERSET behaves oppositely:
operation visits only a small number of nodes if X predominately includes the elements with
lower indexes, and it visits a larger number of nodes if X includes the elements with the higher
indexes. The experiment clearly shows the duality of operations ExisTsSSUBSET and EXISTSSUPERSET.

Let us now present the experiment in more detail. The settings of the experiment are as fol-
lows. The size of the alphabet X is 25. We use 4 test sets T as the input of set containment oper-
ations. The test sets are named FIRST, LAST, MIDDLE, and sPREAD. Each of the test sets includes
exactly 25 sets.

Let k in this paragraph stand for an index from [0, 24]. The set FirsT includes the sets that
for all k contain the indexes from the interval [0, k]. The set LasT includes 25 sets that contain
the indexes from the interval [k, 24]. The set MIDDLE includes the sets that contain the elements
around the center index 12. Each of them contains the elements from the range [(12 - [k/2]),
(12 + | k/2])]. Finally, the set spReaD includes 25 sets, one for each of the lengths k. These sets
include the indexes that are spread as much as possible in the given range [0, 24]. The examples
of the sets of the size 7, for each of the set of sets presented above, are as follows.

rrst : {0,1,2,3,4,5,6}

ast ¢ {18, 19,20, 21, 22,23, 24}
mmore : {9,10,11,12,13,14, 15}
sereap : {0,4,8,12,16,20,24}
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The sets FIRST, LAST, MIDDLE, and SPREAD are tested on 20 different set-tries. The set-tries were
generated by using the uniform distribution of the set elements as presented in Section 5.1.1.
Each set-trie stores 1.5% of all possible subsets of [0, 24], i.e., approximately 500000 sets. The
results for the set containment operations applied to the parameter sets FIRST, LAST, MIDDLE, and

SPREAD, are presented as the four functions drawn in Figs 7 and 8. Note that each function

value represent an average of 20 measurements.

Fig 7 shows the performance of operation ExistsSuBseT. The maximal number of visited
nodes for the input set of sets FIrsT is for the sets of sizes from 12 to 16, where the number of
visited nodes is from 250 to 370. This is more than it can be expected from the results pre-
sented in Fig 3 of Experiment 1. The reason for this is in the shape of the sets from FirsT that

causes the depth-first search algorithm of ExiSTSSUBSET to search on the left-hand side of set-trie
where the largest number of sets is stored. The sets X from FIrsT do not include the elements
with higher indexes, so in many cases, X does not cover the complete set of S with its search
path. Therefore, the algorithm of ExisTSSUBSET may search the middle area from the leftmost
edge towards the center of the set-trie to find a subset of X. After the size of X is bigger than 16,
the algorithm finds a subset much easier in the left-deep part of set-trie since X, in this case,
includes more elements.

The results for the input set of sets LasT can be explained in the following way. When the
sizes of sets from LasT are from 1 to 15, the search of ExisTsSUBSET is performed on the sub-trees
from the right-hand side of the set-trie where the number of nodes in sub-trees fall exponen-
tially with the increasing index of the first element. The algorithm of ExisTSSUBSET needs to visit
a smaller number of nodes in smaller sub-trees. After the size of X is larger than 15, it is much
easier to find the subset of a larger set, as in the case of FIRST.
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The number of nodes visited by the algorithm of ExisTsSUBSET for the input set of sets MIDDLE
is actually in the middle between the results obtained for rirsT and LasT. Since the test sets X
include indexes centered on 12, the sub-trees searched by the algorithm are smaller than in the
case of the set of sets FIrsT. Therefore, operation EXISTSSUBSET visits fewer nodes when applied
to MIDDLE than when applied to rirsT. Finally, since the shape of the sets from sprReaD are close
to the random sets used in Experiment 1, the results for the input set of sets SPREAD are very
close to the results of Experiment 1.

Let us now present the results of the operation ExisTsSUPERSET. The results are presented in
Fig 7. Firstly, the results of the operation ExisTsSSUPERSET when applied to FIRST and LAST are the
opposite to the results of the operation ExistsSUsseT. The algorithm of operation EXISTSSUPERSET
visits more nodes when applied to LasT than when applied to FirsT. On the contrary, the opera-
tion EXISTSSUBSET visits more nodes when applied to rirsT than when applied to LAsT.

A large number of nodes visited by the operation ExisTsSUPERSET applied to LaST is the conse-
quence of the shape of the input sets X, and the nature of the depth-first search algorithm of
ExisTSSUPERSET. The input sets X include in all instances the elements with the highest indexes
{k, ..., 24}. To check such an input set, the algorithm has to climb to the branches of the tree.
Moreover, in the case that superset is not found, it has to climb into the next branch, etc. Since
the algorithm of ExisTSSUPERSET starts searching with the path including index 0 and then
extends the path in a depth-first manner, it necessarily searches first the deepest part of the
tree, progressing towards lower branches. Note that the path can include any element from
{0, ..., k — 1}. The performance of operation EXisTsSSUPERSET improves very quickly when the
indexes of the parameter set X are moved down towards 0.

The results of the performance of EXISTSSUPERSET on the parameter sets MIDDLE, and SPREAD
are similar to the results of Experiment 1. Indeed, the shape of input sets from MIDDLE, and
SPREAD are quite similar to the randomly generated input sets that are used for Experiment 1.

The case of FIRST is a degenerated case. The algorithm searches for the path that includes
all indexes in X, but it may include some other indexes that are not in X. In the case that
the indexes of the input set X are not far apart, the algorithm of EXISTSSUPERSET narrows the
search while trying to include all elements from X. Since the sets from rirsT are of the form
{0, 1, ..., k}, there is no need for searching, but the algorithm directly descends into some
node, if the superset exists, or cannot find some element from X if the superset does not
exist.

The performance of operations GETALLSUBSETS and GETALLSUPERSETS is presented in Fig 8.
The number of visited nodes grows exponentially with increasing the size of test sets X for the
operation GETALLSUBSETS, and, with decreasing the size of test sets X for the operation GETALL-
SuperseTs. However, the shapes of the functions are quite different to those in Fig 4 of Experi-
ment 1—they reflect clearly the results of the operations ExisTsSUBSET and EXiSTSSUPERSET shown
in Fig 7. The functions obtained for the operation GETALLSUBSETS are the inverse of the func-
tions obtained for the operation GETALLSUPERSETS. The functions of the test sets FIRST and LAST
represent the upper and the lower border for the operation GETALLSUBSETS, and, they represent
the lower and the upper border for the operation GETALLSUPERSETS.

5.2 Experiments on real data

In the three experiments on the real-world data, we compare the performance of set-trie with
the performance of the inverted index. The indexes are implemented as in-memory data struc-
tures. Both indexes are implemented in the GNU programming language environment. The
set-trie is implemented using the GNU C [28] and the inverted index in the GNU C++ [52].
The implementation of the inverted index is presented in Section 5.2.1.
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Data for Experiment 4 are obtained by using the data mining tool £dep [26]. We have
stored the sets that represent the intermediate results in the process of mining functional
dependencies from the relational data. The experiment simulates parts of the algorithm for the
induction of the functional dependencies where sets are used to represent the hypotheses. The
presentation of Experiment 4, including the detailed presentation of the data obtained from
fdep is given in Section 5.2.2.

Experiments 5 and 6 both use the data created by sampling and processing the logs from
the two different Webs sites, namely msnbc . comand microsoft.com. The sequences in
the datasets correspond to page requests of users during some period of time. The set contain-
ment queries inquire about the users that visited a given subset or superset of Web pages. The
data and the results of the experiments are presented in Section 5.2.3.

5.2.1 In-memory inverted index for storing sets of sets. The inverted index is imple-
mented in the programming language C++ using exclusively standard libraries [52]. The data
structure consists of two parts: dictionary and postings. In our case, the dictionary is imple-
mented with the unordered_map. This is an associative container that stores key-value
pairs with unique keys. The implementation of this container is guaranteed to have the average
complexity for search operation O(1). Each unique key in the dictionary is mapped to a list of
postings, which is implemented as a sorted vector. A single posting is a container for a set.
A set is represented as a binary, in particular, abitset of fixed length, such that the n—th bit
is equal to 1 if the set contains the element .

The set containment operations EXISTSSUBSET, EXISTSSUPERSET, GETALLSUBSETS and GETALLSU-
PERSETS are implemented as also proposed in [32]. Suppose that the parameter set is called X.
Each of the four operations requires first to retrieve the sorted postings for the elements of X.
The superset queries compute the intersection of postings obtained for the elements of X. The
sets Y obtained in this way have to contain all elements of X but can also contain additional
elements.

The subset queries are implemented by checking all sets Y that appear in one or more (pos-
sibly all) postings of X elements. The selected sets Y are the subsets of X only if the size of Y
equals the number of elements from X that include Y among their postings, i.e., Y C X. Note
that all elements of postings have to be processed in the case of retrieval queries (retrieving all
results) and in the case of the existence queries. The lengths of postings are used as a simple
heuristics that guide the algorithms for joining the postings by selecting at each point of deci-
sion the smallest postings first [1].

5.2.2 Experiment 4. This experiment uses the real-world data generated by the data min-
ing tool fdep [26] for the discovery of functional dependencies from relations. The datasets
Hepatitis and Lymphography from UCI Machine Learning Repository [33] is used as the
input to fdep. The generated set of sets are split into test sets and sets used to construct a set-
trie. The performance of the data structure set-trie is compared to the performance of the
inverted index. The time in nanoseconds spent for each of the set containment operations is
measured for set-trie and the inverted index.

Let us now present the setup and the contents of Experiment 4. First, the main features of
the data mining tool £dep are described. Second, we present the procedure that is used to
generate the sets of sets taken as the input of Experiment 4. Finally, we present the experiment
and discuss the results.

Datamining tool £dep. The data mining tool f£dep computes the set of valid functional
dependencies from the input relation by using a lattice of sets as the main framework of the
algorithms. In the basic algorithm, fdep enumerates the functional dependencies from the
most general one towards more specific functional dependencies. The validity of functional
dependencies is tested against the complete relation. The more efficient algorithm first
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computes from the raw relation the set of invalid functional dependencies. We refer to this set
as the negative cover. The set of valid dependencies is then computed by testing valid depen-
dencies against the negative cover. The set of valid dependencies is referred to as the positive
cover.

Generation of the input sets of sets. The data used as the input of Experiment 4 consists of
the unfiltered negative and positive covers generated by £dep from the datasets Hepatitis and
Lymphography. The unfiltered negative and positive covers are the sets of functional depen-
dencies that include redundant functional dependencies. For example, a functional depen-
dency Y — A from a positive cover is redundant if X — A is also in the positive cover and
XCY.

The generated negative NC and positive covers PC are further split into the disjunctive sets
based on the right-hand side attributes of functional dependencies. For a given dataset (e.g.,
Lymphography) with k attributes, we construct k disjunctive subsets PC; of the positive cover,
and k disjunctive subsets NC; of the negative cover, where i € [1, k]. To model precisely the set
containment operations that appear in £dep, we base the experiments presented in this sec-
tion on the sets of attributes that represent the left-hand sides of the functional dependencies
from the sets PC; and NC;. We refer to the generated sets of sets as nc; and pc;, respectively.

In Experiment 4, we use four datasets obtained from the positive and negative covers gener-
ated by £dep from the domains Limphography and Hepatitis. The four datasets are named
lymph.pc, lymph.nc, hepat.pc, and hepat .nc. Each dataset includes k sets of sets ¢;
for i € [1, k]. From each c;, we take 20% of sets and use them as a test set of sets. The rest is
used to construct a set-trie in one test run. For each c;, we measure the time spent by four set
containment operations of the set-trie and the inverted index. The presented graphs show the
average results for the k sets of sets from a given dataset.

Results of Experiment 4. Experiment 4 presents the performance of the set-trie in compar-
ison to the inverted index [2, 42]. The inverted index is considered to be the most efficient data
structure for storing sets of sets [4, 32]. The results of the comparison are presented in Figs 9
and 10. In each figure, we show the results for all four set containment operations for both
indexes, the set-trie and the inverted index.

The x-axis of the figures presents the sizes of the test sets used for measuring the time
needed by the set containment operations to compute the result. The y-axis presents the time
in nanoseconds (ns) needed on average to execute a given operation. The y-axis uses a loga-
rithmic scale to be able to see the details about the faster methods. We can see from Figs 9 and
10 that set-trie outperforms inverted index by 1-3 orders of magnitude in most cases. Let us
now give some comments about the behavior of the set-trie and the inverted index.
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The data structure set-trie provides very fast existence queries, i.e., EXISTSSUBSET and EXISTS-
SuperseT. From Fig 9 we can see that in most cases the existence queries need around 1 micro-
second (1000 ns) to complete. On the other hand, the queries that return all subsets or
supersets, i.e., GETALLSUBSETS and GETALLSUPERSETS, need around 1 millisecond to complete, in
the case of small test sets are the input to the operation GETALLSUPERSETS, and, in the case of
large sets are the input to the operation GETALLSUBSETS. In these two cases a large part of set-trie
has to be searched to answer the query.

Figs 9 and 10 show that the inverted index needs approximately the same time for the exis-
tence queries and for the queries that retrieve the resulting sets. In cases of subset or superset
existence operations, i.e., EXISTSSUBSET and EXISTSSUPERSET, the decision whether a superset exists
in the inverted index can only be made after all posting lists are processed. In the same point,
the operations GETALLSUBSETS and GETALLSUPERSETS can start with the enumeration of the results.
However, the computation time also depends on the size of the test set. If we search for the sub-
sets or supersets of a small set, then the intersections of postings need less time to be computed.

5.2.3 Experiments 5 and 6. In Experiments 5 and 6, we compare the set-trie with the
inverted index on real data obtained from the log files of two Web servers. Both data structures
are implemented in the GNU programming environment. The time measured in nanoseconds is
used for comparing the performance of set containment operations. Besides comparing the run-
ning time, we also study the influence of the skewness on the performance of the data structures.

The datasets msnbc and msweb store the data about accessing the pages of two Web serv-
ers by random users. The msnbc dataset includes sequences of page accesses for 989818 users
in a period of 24 hours. The Web pages of msnbc are classified into 17 categories that form
the alphabet of our sets. The sequences are converted to sets that are used in Experiment 5.
After the conversion to sets, there are only 10476 unique sets in the dataset. The original data-
set includes a large number of one-element sets (600K). The number of sets for a given set size
falls with the increase of the set size. In the original dataset, the average length of the sequences
is 5.7, but the average size of the all sets is 1.7. The average size of unique sets is 5.9. The fre-
quencies by which the elements of the alphabet are included in the sets in msnbc are relatively
uniformly distributed.

The msweb dataset was created by sampling and processing themicrosoft.comlogs.
The data represent access to 294 areas of the Web site by 37710 anonymous users. Each user is
represented by a set (not a sequence!) of visited areas (vroots). The area numbers from
msweb are mapped to the interval 1...294 that represents the alphabet of the set elements in
Experiment 6. The sets include from 1 to 35 elements. There are 9994 sets of size 1. The num-
ber of sets for a given set size falls with the increase of the set size. The dataset msweb also
includes repeating sets. There are 11233 unique sets in the dataset. In the original dataset, the
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average size of a set is 3. However, the average size of the unique sets is 5.2. The data in msweb
is skewed. The frequencies of the appearance of the alphabet elements (Web site areas) in the
sets are not uniformly distributed. For the details, see our statistics of the dataset given in [28].

The msnbc dataset is split randomly into 80% of sets that are used for the construction of
the set-trie, and 20% of sets that are the test sets of Experiment 5. The msweb is provided in
two parts: the data part consists of 32710 sets, and the test part includes 5000 sets. The data part
is used for the construction of the set-trie, and the test part for the test sets of Experiment 6.

The set-trie is a data structure for storing sets of sets. Therefore, only the unique sets are
stored in a set-trie. On the contrary, in the inverted index, each set has a unique identifier, and
the duplicate sets are stored in the inverted index separately. The inverted index treats dupli-
cate sets in the same way as any other set. Consequently, the inverted index has much more
work because of the duplicates, while the set-trie relies on the unique sets when searching for
subsets and supersets. To provide the conditions for a fair comparison, we use the unique sets
from both datasets to construct the set-trie and the inverted index in Experiments 5 and 6.

Let us now present the results of Experiments 5 and 6. The performance of the operation
EXISTSSUBSET on the datasets msnbc and msweb are presented in Figs 11 and 12, respectively.
In the set-trie, the operation needs around 100 nanoseconds to complete the task in Experi-
ment 5, and from 100 to 1000 nanoseconds to finish in Experiment 6. The reason for this is
that all possible single-element sets are stored in msnbc dataset, while the dataset msweb
includes 190 single-element sets in the set-trie. For any parameter set X, the operation EXISTs-
Susser immediately finds some single-element set included in X. In the inverted index, the
operation ExisTSSUBSET needs from 6 microseconds up to 10 milliseconds to complete the oper-
ation in Experiments 5 and 6.

The performance of the operation EXISTSSUPERSET is presented in Figs 11 and 12. Let us first
comment on the results of the set-trie. Fig 11 of Experiment 5 presents the time (in nanosec-
onds) spent by ExiSTSSUPERSET to find the first superset of a given parameter set X in the dataset
msnbc. The operation needs a constant time of around 500 nanoseconds to return the result.
The reason for this is a uniform distribution of the number of different sets for all sizes of sets.
Thus, a superset very similar to the parameter set X can be found easily in the set-trie. Fig 12 of
Experiment 6 presents the performance of ExiSTSSUPERSET on msweb dataset. The operation
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spends more time in the case that the parameter sets X are of smaller size. The reason for this
is in the larger alphabet (294 elements) and in the correlation among the alphabet elements.
The alphabet elements often appear in groups that are often visited together. For this reason,
the operation spends more time searching for very specific supersets that may be dispersed in
the set-trie. The operation ExisTSSUPERSET spends less time for searching supersets in set-trie
when the parameter sets are larger since there is a very small number of larger sets in the set-
trie. In the inverted index, the operation ExisTSSUPERSET needs from 1 to 5 microseconds for the
msnbc domain in Experiment 5, and from 4 to 12 microseconds for the msweb domain in
Experiment 6.

The performances of the operations GETALLSUBSETS and GETALLSUPERSETS in Experiments 5
and 6 are presented in Figs 13 and 14, respectively. The results show that the set-trie
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outperforms the inverted index in both experiments by up to 3 orders of magnitude better run-
ning time.

Finally, let us give some comments on the influence of the skew on the performances of the
set-trie and the inverted index. A dataset is skewed if the alphabet elements have significantly
different frequencies of appearance in the dataset sets. The inverted index is sensible to the
skewness [32, 46]. In the case that an alphabet element is a frequent member in sets, the
inverted list for this element can grow very large. As a consequence, the set containment oper-
ations can perform significantly slower in the presence of skewness. On the contrary to the
inverted index, the set-trie is robust to the skewness. The main reasons for this lie in the repre-
sentation of sets, as well as in the procedures used for searching sets in a set-trie. The sets in
the set-trie are represented as the sorted lists of set elements. The search involved in the set
containment operations is based on this original representation of sets. The set containment
operations search recursively among the neighboring sets stored in a trie. Therefore, the search
does not depend on the frequency of the alphabet elements in sets.

6 Concluding remarks and future work

The paper considers a data structure set-trie for storing and querying sets. The efficient algo-
rithms for the set containment operations are proposed. The algorithms are analyzed theoreti-
cally as well as empirically. The theoretical analysis gives some relevant upper bounds for the
complexity of algorithms. In the empirical analysis, we thoroughly studied the search space of
the proposed algorithms for set containment operations. The performance of set-trie is shown
to be efficient enough for the storage and retrieval of sets in practical applications.

Experiment 1 and Experiment 2 indicate some of the very intuitive properties of the data
structure set-trie. Experiment 1 shows that the number of the nodes visited by the set contain-
ment operations decreases roughly linearly with the exponential increase of the size of the set-
trie S. It is easier to find a subset or a superset in the case there are more sets in the set-trie.
Experiment 2 shows that, for the alphabet sizes 14-26, the number of visited nodes increases
approximately linearly with the linear increase of the alphabet size.

The theoretical analysis, backed by the Experiment 3, shows that the efficiency of the pre-
sented algorithm is correlated with the choice of input characters. In particular, the ordering
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of the elements in the alphabet X may play an essential role in the process of algorithm design
for the particular application. While the results of Experiment 3 may look very insightful, we
are aware that the structure of each of four given inputs (first, last, middle, spread) is generated
in a very artificial way. However, the results for the constructed test sets conveniently show
how to order the alphabet. For instance, if we would like to speed up the operation EXISTSSUPER-
SET, then the most frequent characters should be put at the end of the alphabet (see Fig 7).
More studies would be needed to determine the optimal ordering of the alphabet in a given
application environment.

The real-world datasets containing sets of low cardinality were used in three experiments
where we compare the performance of the set-trie with the inverted index. Both data structures
are implemented as in-memory indexes. Experiment 4 uses the sets generated while mining
the functional dependencies from relations. Experiment 5 uses the msnbc dataset and Experi-
ment 6 the msweb dataset. Both datasets contain sets of pages accessed by the visitors of a
Web site. The cardinalities of the alphabets of sets from Experiments 1, 2, and 3 are 19, 17, and
294, respectively. The average cardinality of the sets generated using £dep is 9. The average
cardinalities of unique sets from msnbc and msweb are approximately 6 and 5, respectively.
We observe that the set-trie can store and query sets with alphabets containing up to several
100 and even 1000 elements. Furthermore, the set-trie can efficiently manage the datasets with
very large alphabets only if the sets stored in the set-trie do not have a very large cardinality.

Finally, we noticed that the set similarity queries [20, 21, 25] can be implemented efficiently
in the set-trie. For instance, an operation GETALLSIMILAR(S, X, N) can be defined on the set-trie
S to search for the sets similar to X where we can skip some elements from X, add some ele-
ments to X, but the number of changed elements of X must be less than N. The depth-first
search strategy of the operation GETALLSIMILAR can be seen as the combination of the search
strategies of the operations GETALLSUPERSETS and GETALLSUBSETS restricted by the number N of
permissible changes of X. The search space of GETALLSIMILAR is smaller than in the cases of
GETALLSUPERSETS and GETALLSUBSETS since it is controlled by the parameter N. We plan to per-
form the experiments that will study the complexity of GETALLSIMILAR.

Acknowledgments

The authors would like to thank anonymous referees for helpful comments, and to the Plo-
SONE editorial board for the patience throughout the finalizing process of this paper.

Author Contributions

Conceptualization: Iztok Savnik, Mikita Akulich, Riste Skrekovski.
Data curation: Iztok Savnik.

Formal analysis: Matjaz Krnc, Riste Skrekovski.

Funding acquisition: Riste Skrekovski.

Investigation: Iztok Savnik, Matjaz Krnc, Riste Skrekovski.
Methodology: Iztok Savnik.

Project administration: Iztok Savnik, Riste Skrekovski.

Software: Iztok Savnik, Mikita Akulich.

Supervision: Iztok Savnik, Riste Skrekovski.

Validation: Matjaz Krnc, Riste Skrekovski.

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021 35/38


https://doi.org/10.1371/journal.pone.0245122

PLOS ONE

Data structure set-trie for storing and querying sets

Visualization: Mikita Akulich, Matjaz Krnc, Riste Skrekovski.

Writing - original draft: Iztok Savnik, Matjaz Krnc.

Writing - review & editing: Iztok Savnik, Mikita Akulich, Matjaz Krnc, Riste Skrekovski.

References

1.

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Manning C, Raghavan P, Schiitze H. Introduction to information retrieval. 1. Cambridge University
Press; 2008.

Zobel J, Moffat A. Inverted files for text search engines. ACM computing surveys (CSUR). 2006; 38
(2):6. https://doi.org/10.1145/1132956.1132959

Deppisch U. S-tree: A Dynamic Balanced Signature Index for Office Retrieval. In: Proceedings of the
9th Annual International ACM SIGIR Conference on Research and Development in Information
Retrieval. SIGIR’86. New York, NY, USA: ACM; 1986. p. 77-87.

Zobel J, Moffat A, Ramamohanarao K. Inverted files versus signature files for text indexing. ACM Trans-
actions on Database Systems (TODS). 1998; 23(4):453—490. https://doi.org/10.1145/296854.277632

Helmer S, Moerkotte G. A performance study of four index structures for set-valued attributes of low car-
dinality. The VLDB Journal. 2003; 12(3):244—261. https://doi.org/10.1007/s00778-003-0106-0

Mannila H, Toivonen H. Levelwise Search and Borders of Theories in Knowledge Discovery. Data Min-
ing and Knowledge Discovery. 1997; 1:241-258. https://doi.org/10.1023/A:1009748302351

Flach PA, Savnik I. Database Dependency Discovery: A Machine Learning Approach. Al Commun.
1999; 12(3):139-160.

Hoffmann J, Koehler J. A New Method to Index and Query Sets. In: Proc. of IJCAI; 1999.

Papenbrock T, Ehrlich J, Marten J, Neubert T, Rudolph JP, Schénberg M, et al. Functional Dependency
Discovery: An Experimental Evaluation of Seven Algorithms. Proc VLDB Endow. 2015; 8(10):1082—
1093. https://doi.org/10.14778/2794367.2794377

Forgy C. Rete: A Fast Algorithm for the Many Pattern/Many Object Pattern Match Problem. Atrtificial
Intelligences. 1982; 19(1):17-37. https://doi.org/10.1016/0004-3702(82)90020-0

Doorenbos R. Combining left and right unlinking for matching a large number of learned rules. In: Proc.
of AAAIL. AAAI; 1994. p. 451-458.

Blum AL, Furst ML. Fast Planning Through Planning Graph Analysis. Artif Intell. 1997; 90(1-2):281—
300. https://doi.org/10.1016/S0004-3702(96)00047-1

Melnik S, Garcia-Molina H. Adaptive Algorithms for Set Containment Joins. ACM Trans Database Syst.
20083; 28(1):56-99. https://doi.org/10.1145/762471.762474

Terrovitis M, Passas S, Vassiliadis P, Sellis T. A Combination of Trie-trees and Inverted Files for the
Indexing of Set-valued Attributes. In: Proceedings of the 15th ACM International Conference on Infor-
mation and Knowledge Management. CIKM’06. New York, NY, USA: ACM; 2006. p. 728-737.

Ramasamy K, Patel JM, Naughton JF, Kaushik R. Set containment joins: The good, the bad and the
ugly. In: Proc. of VLDB; 2000.

Jampani R, Pudi V. Using Prefix-Trees for Efficiently Computing Set Joins. In: Database Systems for
Advanced Applications, 10th International Conference, DASFAA 2005, Beijing, China, April 17-20,
2005, Proceedings; 2005. p. 761-772.

Luo Y, Fletcher GHL, Hidders J, Bra PD. Efficient and scalable trie-based algorithms for computing set
containment relations. In: 31st IEEE International Conference on Data Engineering, ICDE 2015, Seoul,
South Korea, April 13-17,2015; 2015. p. 303-314.

Yang J, Zhang W, Yang S, Zhang Y, Lin X. TT-Join: Efficient Set Containment Join. 2017 IEEE 33rd
International Conference on Data Engineering (ICDE). 2017; p. 509-520.

Luo J, Zhang W, Shi S, Gao H, Li J, Wu W, et al. FreshJoin: An Efficient and Adaptive Algorithm for Set
Containment Join. Data Science and Engineering. 2019; 4:293-308. https://doi.org/10.1007/s41019-
019-00107-y

Bayardo RJ, Ma Y, Srikant R. Scaling up All Pairs Similarity Search. In: Proceedings of the 16th Interna-
tional Conference on World Wide Web. WWW’07. New York, NY, USA: Association for Computing
Machinery; 2007. p. 131-140.

Xiao C, Wang W, Lin X, Yu JX, Wang G. Efficient Similarity Joins for Near-Duplicate Detection. ACM
Trans Database Syst. 2011; 36(3). https://doi.org/10.1145/2000824.2000825

Wang J, Li G, Feng J. Can we beat the prefix filtering?: an adaptive framework for similarity join and
search. In: SIGMOD Conference; 2012.

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021 36/38


https://doi.org/10.1145/1132956.1132959
https://doi.org/10.1145/296854.277632
https://doi.org/10.1007/s00778-003-0106-0
https://doi.org/10.1023/A:1009748302351
https://doi.org/10.14778/2794367.2794377
https://doi.org/10.1016/0004-3702(82)90020-0
https://doi.org/10.1016/S0004-3702(96)00047-1
https://doi.org/10.1145/762471.762474
https://doi.org/10.1007/s41019-019-00107-y
https://doi.org/10.1007/s41019-019-00107-y
https://doi.org/10.1145/2000824.2000825
https://doi.org/10.1371/journal.pone.0245122

PLOS ONE

Data structure set-trie for storing and querying sets

23.

24,

25.

26.

27.

28.

29.
30.

31.
32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

Deng D, Li G, Wen H, Feng J. An Efficient Partition Based Method for Exact Set Similarity Joins. Proc
VLDB Endow. 2015; 9(4):360-371. https://doi.org/10.14778/2856318.2856330

Mann W, Augsten N, Bouros P. An Empirical Evaluation of Set Similarity Join Techniques. Proc VLDB
Endow. 2016; 9(9):636—647. https://doi.org/10.14778/2947618.2947620

Wang X, Qin L, Lin X, Zhang Y, Chang L. Leveraging set relations in exact set similarity join. Proceed-
ings of the VLDB Endowment. 2017; 10:925-936. https://doi.org/10.14778/3099622.3099624

Savnik |, Flach P. Program for inducing functional dependencies from relations; 1999. URL: people.cs.
bris.ac.uk/flach/fdep/.

Savnik I. Index Data Structure for Fast Subset and Superset Queries. In: Cuzzocrea A, Kittl C., Simos
D.E., Weippl E., Xu L. (eds) Availability, Reliability, and Security in Information Systems and HCI. CD-
ARES 20183. Lecture Notes in Computer Science, Vol.8127. Springer; 2013. p. 134-148.

Savnik |, Krnc M, Skrekovski R. Data structure set-trie; 2016. URL: osebje.famnit.upr.si/savnik/set2-lib/.
Cormen TH, Leiserson CE, Rivest RL, Stein C. Introduction to algorithms. MIT press; 2009.

Rivest RL. Partial-match retrieval algorithms. SIAM Journal on Computing. 1976; 5(1):19-50. https:/
doi.org/10.1137/0205003

Rivest RL. Analysis of associative retrieval algorithms. Stanford University; 1974.

Helmer S, Robin A, Neumann T, Moerkotte G. Indexing Set-Valued Attributes with a Multi-level Extend-
ible Hashing Scheme. In: DEXA; 2007.

Dua D, Graff C. UCI Machine Learning Repository; 2017.

L Rivest R. Partial-Match Retrieval Algorithms. SIAM J Comput. 1976; 5:19-50. https://doi.org/10.1137/
0205003

Baeza-Yates RA, Gonnet GH. Fast Text Searching for Regular Expressions or Automaton Searching
on Tries. J ACM. 1996; 43(6):915-936. https://doi.org/10.1145/235809.235810

Charikar M, Indyk P, Panigrahy R. New Algorithms for Subset Query, Partial Match, Orthogonal Range
Searching, and Related Problems. In: ICALP; 2002.

Mamoulis N, Cheung DW, Lian W. Similarity search in Sets and Categorical Data Using the Signature
Tree. In: Proc. of ICDE; 20083.

Rantzau R. Processing Frequent ltemset Discovery Queries by Division and Set Containment Join
Operators. In: Proceedings of the 8th ACM SIGMOD Workshop on Research Issues in Data Mining and
Knowledge Discovery. DMKD’03. New York, NY, USA: Association for Computing Machinery; 2003.

p. 20-27.

Tousidou E, Bozanis P, Manolopoulos Y. Signature-based Structures for Objects with Set-valued Attri-
butes. Inf Syst. 2002; 27(2):93—121. https://doi.org/10.1016/S0306-4379(01)00047-3

Zhang C, Naughton J, DeWitt D, Luo Q, Luo Q, Lohman G. On Supporting Containment Queries in
Relational Database Management Systems. In: Proceedings of the 2001 ACM SIGMOD International
Conference on Management of Data. SIGMOD’01. New York, NY, USA: ACM; 2001. p. 425-436.

Bouros P, Ge S, Mamoulis N. Spatio-Textual similarity joins. Proceedings of the VLDB Endowment.
2012; 6:1-12. https://doi.org/10.14778/2428536.2428537

Zobel J, Moffat A, Sacks-Davis R. An efficient indexing technique for full-text database systems. In:
Proc. of VLDB; 1992. p. 352-352.

Pfaltz JL, Berman WJ, Cagley EM. Partial-match Retrieval Using Indexed Descriptor Files. Commun
ACM. 1980; 23(9):522-528. https://doi.org/10.1145/359007.359013

Savnik I, Flach P. Bottom-up Induction of Functional Dependencies from Relations. In: Proc. of KDD'93
Workshop: Knowledge Discovery from Databases. AAAI Press; 1993. p. 174—185.

Savnik I, Flach P. Program for inducing multivalued dependencies from relations; 1999. URL: people.
cs.bris.ac.uk/flach/mdep/.

Terrovitis M, Bouros P, Vassiliadis P, Sellis T, Mamoulis N. Efficient Answering of Set Containment
Queries for Skewed Item Distributions. In: Proceedings of the 14th International Conference on Extend-
ing Database Technology. EDBT/ICDT’11. New York, NY, USA: ACM; 2011. p. 225-236.

Andrade Ribeiro L, Harder T. Generalizing prefix filtering to improve set similarity joins. Information Sys-
tems. 2011; 36:62—78. https://doi.org/10.1016/}.is.2010.07.003

Mann W, Augsten N. PEL: Position-Enhanced Length Filter for Set Similarity Joins. In: Klan F, Specht
G, Gamper H, editors. Proceedings of the 26th GI-Workshop Grundlagen von Datenbanken, Bozen-
Bolzano, ltaly, October 21st to 24th, 2014. vol. 1313 of CEUR Workshop Proceedings. CEUR-WS.org;
2014. p. 89-94. Available from: http://ceur-ws.org/Vol-1313/paper_16.pdf.

Kimmel M, Axelrod DE. In: The Galton-Watson Process. New York, NY: Springer New York; 2002. p.
33-63. Available from: https://doi.org/10.1007/0-387-21639-1_3.

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021 37/38


https://doi.org/10.14778/2856318.2856330
https://doi.org/10.14778/2947618.2947620
https://doi.org/10.14778/3099622.3099624
https://doi.org/10.1137/0205003
https://doi.org/10.1137/0205003
https://doi.org/10.1137/0205003
https://doi.org/10.1137/0205003
https://doi.org/10.1145/235809.235810
https://doi.org/10.1016/S0306-4379(01)00047-3
https://doi.org/10.14778/2428536.2428537
https://doi.org/10.1145/359007.359013
https://doi.org/10.1016/j.is.2010.07.003
http://ceur-ws.org/Vol-1313/paper_16.pdf
https://doi.org/10.1007/0-387-21639-1_3
https://doi.org/10.1371/journal.pone.0245122

PLOS ONE Data structure set-trie for storing and querying sets

50. Feller W. An Introduction to probability Theory and its Applications, Band 1, 3. Auflage New York-Lon-
don-Sydney. 1968.

51. Johnson NL, Kemp AW, Kotz S. Univariate Discrete Distributions. Wiley Series in Probability and Statis-
tics. Wiley; 2005.

52. Akulich M. Implementation of inverted index adapted for storage of a set of sets; 2019. url: github.com/
nick-ak96/Invertedindex.

PLOS ONE | https://doi.org/10.1371/journal.pone.0245122  February 10, 2021 38/38


https://doi.org/10.1371/journal.pone.0245122

