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Abstract
The large amount of data accumulated by applications is stored in a database.
Because of the large amount, name conflicts or missing values sometimes
occur. This prevents certain types of analysis. In this work, we solve the
name conflict problem by comparing the similarity of the data, and changing
the test data into the form of a given template dataset. Studies on data use
many methods to discover knowledge from a given dataset. One popular
method is association rules mining, which can find associations between
items. This study unifies the incomplete data based on association rules.
However, most rules based on traditional association rules mining are itemto-item rules, which is a less than perfect solution to the problem. The data
recovery system is based on complex association rules able to find two more
types of association rules, prefix pattern-to-item, and suffix pattern-to-item
rules. Using complex association rules, several missing values are filled in.
In order to find the frequent prefixes and frequent suffixes, this system used
FP-tree to reduce the time, cost and redundancy. The segment phrases
method can also be used for this system, which is a method based on the
viscosity of two words to split a sentence into several phrases. Additionally,
methods like data compression and hash map were used to speed up the
search.
Keywords: association rules, word segmentation
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1 Introduction
1.1

Background
In modern society, computers are widely used. The large amount of data
accumulated by applications is stored in a database. In most cases, the
data is stored in a database come from different sources, which may cause
structure and name conflicts. For example, data from different sources
can use different expressions. Fortunately, sometimes the database can
provide a dataset, which can be regarded as a template. We can unify the
different data expressions by using this dataset. Sometimes, the data in
the database is incomplete, which prevents certain types of analysis.
Because of missing values, a company could lose customers, and/or lose
billions of dollars [1].
In complete-case analysis [2], missing values are discarded, which will
lead to a considerable loss of information [1]. Average value is always
used to fill in missing values. However, it does not suit non-numeric data
equally well [3].
In this thesis, we will use a complex association rules mining method to
find the association between different column items. By using this
method, we can find incorrect values.

1.2

Motivation and problem statement
Many patterns and a lot of knowledge are waiting to be discovered in the
data, which is the main task of machine learning. Machine learning is
closely related to statistics, databases, computer graphics and artificial
intelligence. Many machine learning techniques have been proposed, e.g.
classification, clustering, and sequence mode.
Association rules learning is one of the important technologies in machine
learning; it was first introduced by Agrawal [4] and has been widely used
ever since. The aim of association rules learning is to find interesting
correlations, associations or casual structures among sets of items in the
transaction databases or other data repositories. Association rules are
widely used in many areas of industry, such as risk management, market
and telecommunication networks, and inventory control [5].

1
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Association rules mining means to find association rules that satisfy the
minimum support and confidence. It is usually used in transaction
databases [5]. Association rules mining can be divided into two parts. One
is to find a frequent pattern, i.e. to find the item sets that appear more
than a given threshold times. The other is to find association rules in the
large data items that constrain the minimum confidence. Assuming that
there are large item sets L = {I1,I2, ... , Ik}, associations in the item sets are
{I1,I2, ... , Ik-1} => {Ik}, then the rules are filtrated by support. Other rules are
generated by deleting the last items in the antecedent and inserting it to
the consequent. Furthermore, the confidences of the new rules are
checked to determine their interestingness. Most research focus on the
second part [5].
However, most of the association rules that it finds are too simple. For
example A => B, A, B represents two regulations. At the same time, most
association rules are for a single table in the association rules table. The
association rules that we mined not only focus on simple item-to-item
association rules, but also prefix pattern-to-item and suffix pattern-toitem rules. In order to fill in the missing value in the test document, a
more complicated association rule mining method is needed.

1.3

Overall aim
We have a template dataset from the database, it includes different
columns and rows, we call it the training document. We also have datasets
from different data sources, each source can be regarded as a client. Each
of the datasets has its columns and rows, and these are called test
documents.
The overall aim of this work is to unify data from different data sources
by using a template provided by the database. Since the data is
incomplete, we need to fill in as many as possible of the missing values.
After unifying data and filling in missing values, we can store the datasets
from different data sources to the database. In this work, the training
document are trained once, and then the training result is uses to unify
and complete the test documents automatically. The structure of the work
is presented in Figure 1.1.

2

Efficient database management based on
complex association rules
Heng Zhang

2016-07-16

Figure 1.1 The aim of this work

As shown in Figure 1.1, we have several datasets from different clients.
This work aims to create rules from a given template from the database,
and then use these rules to transform the client data automatically. After
this transformation, we can store the data in the database.

1.4

Scope
In this work, the first aim is to unify datasets from different sources by
using a given template. In this first step, the only the amount of data that
can be unified is of importance, the efficiency of the step is, however,
ignored. After the data has been unified, we need to fill in the missing
value. In this step, we only deal with the number of missing values that
can be filled in, the efficiency of the algorithm is ignored.

1.5

Concrete and verifiable goals
To complete the first step, to unify the dataset, we need to find the relation
between the training document and test documents, and unify the test
documents by using the standard dataset, which will give the data in the
test documents the same expression as the data in the training document.
In order to complete the second step, to fill in the missing value, we need
3
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to build a model based on the training documents. This model is used to
fill in the missing value. The goal of the training model is to find patterns
in the training document. The patterns include the column pattern,
association rules, and the relational degree of two words in the training
document. The column pattern is a pattern that suits all the items in a
certain column. The relational degree is a probabilistic standard used to
measure the possibility that regards two words as a block or phrase; this
is called the viscosity of two words. After building this model, we can
find the association between different data. If we have data A, it can be
used to fill in data B by using the association rule between A and B.

1.6

Hypothesis
The test document that need to be recovered is incomplete. Fortunately,
we have a training document where all the data are correct. At the same
time, most data in the test document can be found in the training
document. We found that the cell data in the training document are
associated to some extent. This association can be used to fill in the
missing values. However, all association rules that have been found were
based on the form item-to-item. There are few numbers of this type,
insufficient to fill in the missing value. We find that there are some
associations between the prefix pattern, suffix pattern and items. We can
find the associations between prefix pattern-to-item and suffix-patternto-item, which can find more associations in the training document.

1.7

Contribution
A more complicated association rules learning is proposed. The system is
not only able to find item-to-item association rules, but also prefix
pattern-to-item and suffix pattern-to-item association rules. All methods
are integrated into one system. The user only needs to enter a training
document and test document and the system can label the error values
and unify the test document automatically.

1.8

Outline
The remainder of this thesis is organized as follows:
Chapter 2 defines fundamental concepts of machine learning, association
4
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rules, support, confidence and two algorithms used to find frequent items.
In Chapter 3, methods for the system are introduced. Chapter 4 described
the implementation of the method mentioned in Chapter 3. In Chapter 5,
the results of the system are discussed. Finally, in Chapter 6, the study is
concluded with a summary of the primary contributions of this work and
an outline of future work.

5

Efficient database management based on
complex association rules
Heng Zhang

2016-07-16

2 Theory
This section briefly introduces works related to association rules. The
concepts of machine learning are introduced first, followed by an
introduction of association rules and two algorithms used to mine
association rules.

2.1

Related work

2.1.1

Missing values
The problem of missing values has been widely studied in literature [22]
[23] [24]. For one attribute, some data could be lost; this data is called
missing values. Missing values could have a number of reasons, such as
somebody forgot to fill in the missing values.
There are many ways to solve the missing values problem. The traditional
way of dealing with missing values is to delete the records that have
missing values, which means only the records with full information will
be kept. This method aims to reduce the sample size to make the
information complete by dropping the incomplete information. However,
this method could impact the objectivity of the data and the correctness
of the result.
Imputation [29] is another popular method used to deal with missing
values. The core idea of imputation is to find likely values to fill in the
missing values. Imputation can be done in a number of ways, e.g. single
imputation and multiple imputation [30, 31, 32]. Single imputation is
method that uses a single value to replace the missing value, while in
multiple imputation, several values are used to fill in the missing values.
The most commonly used methods for single imputation are mode
imputation, average imputation, hot deck and cold deck [33, 34, 35, 36].
Common methods for multiple imputation are the trend scoring method
and the mean matching method [37].
The interpolation values method is too condensed, which will distort the
distribution of variables. Regression interpolation needs to find effective
secondary variables, which will have an impact on result.
In this work, we find a correlation between the values and the pattern of
values, which can improve the correctness of the result.
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Machine learning
Learning is an act of acquiring news from existing values, knowledge,
skills or preferences [38]. Machine learning is a way to simulate the
human learning process, which makes it possible to give the computers
the ability to learn without being explicitly programmed [7]. Instead of
writing custom code specific to the problem, machine learning builds its
own logic based on the data. Figure 2.1 gives a simple model of machine
learning.

training
document
training
predict

input

unknown attribute

new data
model

Figure 2.1 A simple model of machine learning.

Machine learning methods are used in many areas, e.g. pattern
recognition [8], data mining [9], and speech recognition [10]. Figure 2.2
gives two examples of machine learning. Figure 2.2(a) is the hand-written
characters system and Figure 2.2(b) is the spam recognition system.

7

Efficient database management based on
complex association rules
Heng Zhang

2016-07-16

"M"

Machine
learning
algorithm

"G"

"A"

(a) Application of machine learning in handwriting recognition.

Spam
Emails

Machine
learning
algorithm

Not spam

(b) Machine learning in a spam recognition system.
Figure 2.2 Two applications of machine learning.
Figure 2.2(a) is an example of machine learning using handwritten
characters; the input is the pictures of handwritten characters. After using
machine learning algorithms, the three pictures can be recognized as the
characters “M”, “G” and “A”. Figure 2.2(b) is an example of machine
learning spam recognition; the system can distinguish spam from nonspam.

2.3

Association rule
Association rules is a rule-based machine learning method used to
discover interesting relations between variables in a large database [11].
Following the definition presented in [12], we can find the definition of
association rule. Let I=I1, I2, … , Im be a set of m distinct attributes, T be
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transaction that contains a set of items such that T⊆I , D be a database
with different transaction records Ts. An association rule is an implication
in the form of X⇒Y, where X, Y⊂I are sets of items called itemsets, and X
∩Y =φ. X is called antecedent while Y is called consequent, the rule
means X implies Y.
The problem of mining association rules consists of two subproblems: one
is to find the frequent items whose supports are more than a given
threshold, the other is to use these items to find the association rule. For
example, if support(AB)/support(A) > minimum confidence, then the rule
A => B holds [16, 10].
There are two important measure for association rules, support and
confidence, which will be introduced in 2.2.1 and 2.2.2.
2.3.1

Item sets
Item sets are groups of items that appear in a single transaction. If the
database contains ‘n’ items, then there are 2n item sets [13].

2.3.2

Support
Support is an indication of the frequency with which an item set appears
[18]. The support for the association rule X->Y is the percentage of the
records that contain both X and Y; the equation is as follows:
Support ( X   Y ) 

Count ( X  Y )
Totalcount

(1)

According to the equation, support is a percentage calculated from the
number of records in the database [14]. For example, if Support(A) = 5%,
it means that there are five percent transactions that contain the item A.
In many frequent items mining algorithms like Apriori and FP-growth
[19, 20], if the support of one item is lower than the minimum support, in
most cases, this item will not be considered to generate association rules.
But sometimes the items with low support will be kept too. For example
commodities with poor quality or high price are not popular, the support
of the commodities will be low, but these commodities will still be
considered in the association rules mining step, because the association
rules of this type are also important to the retailers [14].
2.3.3

Confidence
Confidence is another association rule measure. For an association rule
9
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A->B, the confidence of the rule is the ratio of the number of records that
contains both A and B to the number of records that contains A.

Confidence( X   Y ) 

Count ( X  Y )
Count ( X ) .

(2)

The confidence can also be calculated by support.

Confidence( X   Y ) 

Support ( X  Y )
Support ( X )

.

(3)

For example, the confidence for association rule X->Y is 80%. This means
that for the transactions that contain X, eighty percent of the records also
contain Y. If X means that customers buy product X, and Y represents that
customers buy product Y, the confidence for rule X->Y is 80%, which can
be concluded as there is a high probability that if customers buy X, they
will also buy Y.
2.3.4

FP-growth
FP-growth is an algorithm that can find frequent item sets [15]. It adopts
a divide-and-conquer strategy, which can be divided into two parts. The
first is compress the frequent items into a frequent pattern tree, which can
maintain the association information. It then divides the compressed
database into a set of conditional databases [16]. The algorithm to build
an FP-tee is shown in Algorithm 2.1.

10
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Algorithm 2.1 FP_growth
Input:
D, a transaction database;
min sup, the minimum support count threshold.
Output: The complete set of frequent patterns.
Method:
1. The FP-tree is constructed in the following steps:
(a) Scan the transaction database D once. Collect F, the set of frequent items,
and their support counts. Sort F in support count descending order as L,
the list of frequent items.
(b) Create the root of an FP-tree, and label it as“null.”For each transaction
Trans in D do the following:
Select and sort the frequent items in Trans according to the order of L. Let
the sorted frequent item list in Trans be [p|P], where p is the first element
and P is the remaining list. Call insert tree([p|P], T), which is performed as
follows. If T has a child N such that N.item-name = p.item-name, then
increment N’s count by 1; else create a new node N, and let its count be 1,
its parent link be linked to T, and its node-link to the nodes with the same
item-name via the node-link structure. If P is nonempty, call insert tree
(P, N) recursively.

2.3.5

The Apriori Algorithm
The Apriori algorithm is a classical algorithm used to find frequent item
sets. It was developed by Agrawal [17], and has been quite significant for
mining association rules.
The Apriori algorithm can be divided into two steps: join and prune. In
the join step, in order to improve the efficiency, the algorithm first
arranges all item sets in lexicographical order, then uses Lk-1 join Lk-1 to get
Lk. In the pruning step, Ck is a superset of Lk, keep the item sets in Ck that
have a support count over the minimum support, and delete the item sets
that have a support count lower than the minimum support. Then the
remaining item sets in Ck are the frequent item sets. However, Ck can be
huge. In order to reduce the size of Ck, it uses a property that if k-itemset
is not frequent, then the corresponding (k+1)-item will not be frequent.
The Apriori algorithm is shown in Algorithm 2.1.

11
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Algorithm 2.2 The Apriori Algorithm
Input:
D, a database of transactions;
α, the minimum support count threshold
Output: L, frequent itemsets in D.
Method:
(1) L1 = find frequent 1-itemsets(D);
(2) for (k = 2;Lk−1 6= φ;k++) {
(3)
Ck = apriori_gen(Lk−1); // Generate Ck by Lk-1
(4)
for each transaction t ∈ D { // scan D for counts
(5)
Ct = subset(Ck, t); // get the subsets of t that are candidates
(6)
for each candidate c ∈ Ct
(7)
c.count++;
(8)
}
(9)
Lk = {c ∈ Ck|c.count ≥ min sup}
(10) }
(11) return L = ∪kLk;

Algorithm 2.2 provides the general steps for the acquirement of frequent
item sets. Table 2.3 gives an example of a dataset that has four transactions,
based on the Apriori algorithm. Figure 2.4 shows the execution of the
algorithm.
TID

List of item_IDs

1

I1, I3, I4

2

I2, I3, I5

3

I1, I2, I3, I5

4

I2, I5

Table 2.3 Transaction data
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Figure 2.4 The execution of the Apriori algorithm
As shown in Figure 2.4, Ck was generated first; it contains all candidates,
and after pruning, we got Lk .

2.4

B-Tree
Dynamic search trees include the B-tree, red-black tree, the balanced
binary search tree and the binary search tree [26, 27, 28]. The red-black
tree, balanced binary search tree, and binary search tree are typical binary
trees. The time complexity of binary tree is O(log2N), where N is related
to the depth of the tree. In order to reduce the time complexity, we need
to reduce the depth of the tree.
Our modern society needs storage for mass data. However, the number
of nodes that can store data is limited, which increases the depth of the
binary tree, and it will cost a lot of time for disk I/O read-write. In order
13
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to reduce the depth of the tree, we can use a multi-way tree structure.
The B-tree is one type of multi-way structure, where ‘B’ means balanced
B-tree, which was first proposed by Rudolf Bayer and Edward M.
McCreight [25] in 1970. For each node in the tree, if there are n[X] key
values in each interior node X, then X will have n[X] children. Figure 2.5
shows an example of a B-tree.

M

Q T X

D H

B C

F G

J K L

N P

R S

V W

Y Z

Figure 2.5 An example of a B-tree

As shown in Figure 2.4, the B tree has ten nodes. The node with one key
value has two children, while the nodes with two key values have three
children, and the nodes with three key values have four children. We find
that a node with X key values will have less than X+1 children.
2.4.1

The definition of B-tree
The B-tree is also known as balanced multipath search tree. The B-tree
with m order can be defined as follows:
(1) The count of children for each node is less than m (m >= 2);
(2) Except for the root and leaves, each node has at least [ceil(m/2)]
children, where ceil() is an upper bound function.

14

Efficient database management based on
complex association rules
Heng Zhang

2016-07-16

(3) If the root is a non-leaf node, it has more than two children.
(4) A non-leaf node with k children contains k-1 keys.
(5) For each non-leaf node with n key values (n, P0, K1 , P1, K2 , P2 , …, Kn ,
Pn). Where Ki(i = 1…n) are key values and all the values are in
ascending order, K(i-1) < Ki .
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3 Method
In this section, we will introduce a method that can be used to change the
incomplete test document into a complete document, based on a given
training document.
First, a match columns method will be introduced to find the similarity
between two columns.
In order to unify the test document by using the training document, this
thesis uses a uniform data method. This method aims to reduce the
redundant words of the test document. After the data has been unified,
most data in the test document will be in the format of the training data.
However, there are still some missing values in the test document. To fill
in the missing values, we will train a model by using the training
document, which will find association rules based on item-to-item, prefix
pattern-to-items and suffix pattern-to-items. Since the association rules
that have been mined before are based on item-to-item, our work can find
more types of association rules. This is called “complex association rules”.
To find the prefix pattern-to-item and suffix pattern-to-item association
rules, the first thing to do is to find the prefix and suffix. A method based
on the FP-tree is proposed to find rules.
After finding the complex association rules in the training document, we
will use the rules to fill in missing values in the test document.
After completing the above steps, we will complete and structure the test
document. Figure 3.1 shows the structure of our framework.
Finally, we will present measurements to evaluate the method in each
step.

16
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Figure 3.1 Structure of the framework.

3.1

Matching columns
The match column step aims to find a one to one map between the test
columns and training columns, which means that if most of the data in
the column in the test document can be found in the training column, the
two columns match. For column col1 in the training document and
column col2 in the test document, if most items in col2 are also in col1, we
can say that col1 matches col2. In order to increase the efficiency of this
step, we find the column patterns in training and test documents. We also
proposed a method called phrase segmentation to segment sentences into
phrases to improve the efficiency of the matching columns step.

3.1.1

Finding column patterns
A column pattern is a pattern that all the items in a certain column follow.
For example, all items in a certain column are numbers; in such a case,
numbers are the column pattern of the column.

3.1.2

Comparing column patterns
Having found the column pattern, the column patterns of the training
columns and test columns will be compared in pairs. If the column
patterns in these two datasets do not match, we will not compare the
similarity of the two columns, which will decrease the comparison times.
Figure 3.2 presents an example of a comparison of column patterns.
17
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test column patterns

Figure 3.2 Example of comparing column patterns.

On the left side of Figure 3.2, p1, p2 and p3 are the training column patterns,
while on the right side, q1, q2, q3 and q4 are the test column patterns. In the
column patterns step, the column pattern on the left side and pattern on
the right side are compared in pairs.
3.1.3

Segment phrase
Since the data in the test document has not been uniformed, there could
be redundant words. Before the operation of the test document, we need
to segment the sentences into phrases, then use the phrases for column
similarity. Phrases or sentences are combinations of words. Therefore, in
one text, the higher the frequency of two adjacent words, the more likely
they are to form a phrase. The adjacent frequency between two words can
reflect the probability that these two words can form a phrase, which is
based on the principle of word frequency statistics. There are many
different statistical principles of mutual information and we choose the
principle of mutual information.

Definition 1: Mutual information between two ordered words, word1 and
word2 I(word1, word2), can be defined as follows:

18
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(4)

Where P(word1) is the frequency that word1 appears, while P(word2) is
the frequency that word2 appears. P(word1, word2) is the joint probability
that word1 and word2 appears. I(word1, word2) can measure the close
degree of word1 and word2. If I(word1, word2) is over a given threshold,
word1 and word2 may form a phrase. I(word1, word2) can be called the
viscosity of the two words.
If n(word1) is the number of times that word1 appears, n(word2) is the
number of times that word2 appears. This gives us Formula(5)
P(word 1 ,word 2 ) 

n(word 1word 2 )
n(word 2 )
n(word 2 ) .(5)
,P(word 1 ) 
,P(word 2 ) 
n
n
n

(1) If I(word 1 ,word 2 )  0 , this means that P(word 1 ,word 2 )  P(word 1 )P(word 2 ). We
can conclude that word1 and word2 have a positive correlation, when
I(word1,word 2 ) grows, the correlation grows. If I(word1,word 2 ) is over a given
threshold, the two words can be regarded as a block.
(2) If I(word1,word2 )  0 , this means that P(word 1 ,word 2 )  P(word 1 )P(word 2 ),
and then these two words have no correlation.
(3) If I(word1,word2 )  0 , which means P(word 1 ,word 2 )  P(word 1 )P(word 2 ) ,
then word1 and word2 are mutually exclusive. We know that these two
words cannot be in a phrase.
The segment phrase step consists of two steps: generate phrase dictionary
and segment the sentence into phrases. The generate phrase dictionary
step involves generating a dictionary by using a given training dataset,
allowing us to segment sentences by using this dictionary.
A. Generating a phrase dictionary
To segment sentences into phrases, the first thing to do is to generate a
phrase dictionary. This dictionary stores all two consecutive words in the
training document, as well as the viscosity of the words. The viscosity of
two words is the probability that two words are regarded as a block.
B. Segmenting sentences into phrases
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After generating the phrase dictionary, we get the viscosity of adjacent
words in the training document. By comparing the viscosity of the words
with the given threshold, we can decide whether the two words should
be considered a block. This will help to segment a sentence into several
phrases. There are three steps in total.
Step1: Make a link list by using the words in the sentence, this can be in
the order of the words in the sentence.
Step2: Search the viscosity of adjacent words in the link list in the phrase
dictionary that was previously generated.
Step3: Divide the link list into several sub-link lists based on a given
threshold. If the viscosity of the two adjacent words is lower than the
threshold, the link between the two words will be cut.
This is an example to better explain the process. We have the sentence
“word1 word2 word3 word4 word5 ”
In the first step, we make a link list, the result is as shown in Figure
3.3(a). In the next step, we search the viscosity of adjacent words in the
dictionary, assuming that the viscosity for these words are 0.6, 0.02, 0.5,
and 0. The result is shown in Figure 3.3(b). Finally, in the last step, the
link list is divided into several sub-link lists. We assume that the given
threshold = 0.05. The result is shown in Figure 3.3(c).

word1

word2

word3

word4

(a) Make a link list for the sentence.

(b) Search the viscosity in the dictionary.
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(c) Divide the link list into sub-list lists.
Figure 3.3 An example of how to segment a sentence into phrases.
Following the above three steps, the link list can be divided into three
blocks: block(word1, word2), block(word3, word4) and block(word5). Each
block is a phrase. Finally, we obtain the phrases “word1, word2”, “word3,
word4” and “word5”.
3.1.4

Find column similarity
After having compared the column patterns of the training and test
columns, we can find pairs of columns in the two datasets that have the
same column patterns. Next, we will obtain the similarity of these pairs.
Definition 2: The similarity of two columns is defined as follows:
Similarity (coli , col j ) 

Count(itemsi  items j )
min( Count(itemsi ), Count(items j ))

,

(6)

where coli and colj are two columns from the training and test document,
itemsi is the itemset in coli, itemsj is the itemset in colj. Count(itemsi) is the
number of items in coli, while Count(itemsj) is the number of items in colj.
After obtaining the similarity of the columns, we choose the columns that
have the maximum similarity as matching columns.
After we segmenting the test data, we get the segmented test data. Next,
we need the search the segmented test data from the training data. In
order to improve the efficiency of the search, we use B-tree to speed up
the search. The data structure of each node in the B-tree is as follows:
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Struct BTNode{
Int keyNum;

/*the number of key values*/

KeyType *key; /*keyvalue pointer*/
PBTNode *child; /*pointer to childeren */
}
Since data could be repeated in each column of the training dataset, each
node in the B-tree is distinct, which may reduce the number of nodes.

3.2

Uniform data
Unifying data is a method used to unify the data between training and
test document. After the step map column in 3.1, several column mapping
relations will be obtained. For the columns in the relations, we can unify
the items in the test column with the items in the training column. To
unify the data, each sentence is segmented into several phrases in the test
columns. Then we search the phrases in the training column that map to
the test column. If we find the phrase, we will unify the cell value in the
test document with the phrase. An example of processing the sentence
“w1 w2 w3 w4 w5” is given in Figure 3.4.

“w1 w2 w3 w4 w5”
segment phrase
“w1 w2”, “w3 w4”, “w5”

search phrase
“w1 w2”

Figure 3.4 An example of the process of unifying data.
As shown in Figure 3.4, wi (i = 1,2,3,4,5) is a sentence word. First, the
method segment phrase is used. We obtain three phrases “w1 w2”, “w3
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w4” and ”w5”. Since the test column has mapped with the training column,
we search the phrases one by one in the training column. Assuming the
phrase “w1 w2” is found, we use the “w1 w2” to replace the original
sentence “w1 w2 w3 w4 w5”. This is called uniform data. The algorithm of
this method is given in Algorithm 3.1.

Algorithm 3.1 Uniform test document.
Input:
column map: map
training document: train_data
test document: test_data
output:
uniform_map from test document to training document
1) for train_column, test_column in map
2)
for value in test_data[test_column]
3)
if value in uniform_map[test_column].keys()
4)
continue
5)
segment_list = segment(value)
6)
for seg in sement_list
7)
if seg in train_data[train_column]
8)
uniform_map[test_column][value] = seg
9) return uniform_map

3.3

Training data
After the step where data is unified, we unify a part of the test document
using the training document. However, there are still some values
missing in the test document. To solve this problem, we proposed a
method based on complex association rules. It is called “complex”
because the association rules that we find have more forms than
traditional association rules. The association rules that have been mined
before are in the form of item-to-item, while the complex association rules
contain three types of association rules. First are the traditional item-toitem rules, these types of rules are aimed at finding the associations
between items. Prefix pattern-to-item rules is another one, which will find
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the association between prefix pattern and item. The last type is suffix
pattern-to-item rules, these rules find the association between suffix
patterns and items.
In order to generate complex association rules, the first thing we need to
do is to find the frequent elements. These elements contain items, prefix
patterns and suffix patterns. Next, we can generate the rules. The process
of generating the complex association rules is shown in Figure 3.5.

Figure 3.5 Process of generating association rules.
3.3.1

Find frequent elements
The traditional frequent items finding method does not consider the
order of items in a transaction. However, in the training document one
item may appear in different columns. Looking at each row in the dataset
as a transaction, the count of items in each transaction will be added
together. This is inaccurate, because items in different columns have
different meaning. So in this work, we search frequent elements column
by column.
A. Finding frequent items
In order to find the frequent items of each column in the training
document, we use the Apriori algorithm introduced in 2.2.5.
B. Find frequent prefixes
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In the prefix pattern-to-item association rules, we can find the association
between a prefix pattern and an item in two different columns. To find
this type of rules, we first need to find the frequent prefix patterns in each
column. The most direct way to find the prefix patterns is by pairwise
comparison of the items of the columns, then choosing the relatively
frequent one. However, this will require several items. The time
complexity of this method is O(n2). In this work, we use the items to build
an FP-tree, then search each path and find the continuously connected
nodes that have the same count. Meanwhile, the count needs to be over a
given minimum support. The algorithm to find frequent prefixes is given
in Algorithm 3.2
Algorithm 3.2 Finding frequent prefixes
Input: itemlist , list of items in a certain column
Output: fre_prefixset, set to store the frequent prefixes
1) buil_fp_tree(itemlist)
// each node is a character
2) for each path:
3)
if next_node exist and current_node_count>=min_support and
4)
current_node_count = next_node_count
5)
prefix += next_node
6)
current_node = current_node -> next
7)
next_node = next_node -> next
8)
else
9)
fre_prefixset.add(prefix)
10)
continue

C. Finding frequent suffixes
Finding frequent suffixes is similar to finding frequent prefixes. We start
by reversing all items in the same column, then we use Algorithm 3.2 to
find the frequent prefixes of the reversed items, which are the frequent
suffixes of the original items in the column.
3.3.2

Generating association rules
The formal expression of the rules item-to-item, prefix pattern-to-item
and suffix pattern-to-item are as follows:
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A. Item-to-item association rules
The formal expression of the item-to-item association rules is as follows:
(column = coli , item = value1)

=> (column = colj , item = value2)

where coli and colj are two columns in the training document, item is the
value of a cell in coli . The expression means that if the value in coli is value2,
the value in colj is value2.
B. Prefix pattern-to-item and suffix pattern-to-item association rules
Finding prefix pattern-to-item and suffix pattern-to-item association rules
is similar to item-to-item rules. The formal expression of this rule is as
follows:
(column = coli , prefix = pre1)

=> (column = colj , item = value2)

(column = coli , suffix = suf1)

=> (column = colj , item = value2)

where pre1 is the prefix of a certain item, and suf1 is the suffix of the item.
Having obtained frequent elements, including items, prefix patterns and
suffix patterns, we will update the training document with the frequent
elements, as shown in Algorithm 3.3. Finally, we use these patterns to
generate element-to-element association rules including item-to-item,
prefix pattern-to-item and suffix pattern-to-item. The algorithm is given
in Algorithm 3.4. In order to ensure reliability of the association rules, we
give the min_confidence = 1.
Algorithm 3.3 Updating the dataset using frequent elements.
Input: frequent_elementset
dataset, the whole dataset in the training document
Output: updated_dataset
1) foreach cell in a certain column:
2)
if cell_value in frequent_elementset[column]:
3)
change the cell_value into the element
4)
else
5)
change the cell_value into null
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6) return updated_dataset

Algorithm 3.4 Finding element-to-element association rules.
Input: updated_dataset, the dataset has been updated by using
Alogrithm 3.2
column1, column2, we need to find rules from these two
columns
min_confidence, the minimum confidence necessary to choose
the rule
Output: rules
1) foreach row in the updated_dataset:
2)
confidence(element[column1] -> element[column2])
3)
confident(element[column2] -> element[column1])
4)
choose the rule that the confidence is equal or more than
min_confidence
5)
rules.add(rule)
6) return rules

3.4

Filling in missing values
After the step where data is unified, we can unify the test document with
the training document. In the train data step, three types of association
rules are obtained. Figure 3.6 gives an example of the form of association
rules. By using the unified data and association rules, we can fill in some
of the missing values.
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column1

column2

element

value

Left part

Right part

Figure 3.6 Form of association rules.
As shown in Figure 3.6, the left part of the association rules includes the
column number and the element of an item in column1 . This element can
be item, prefix or suffix. The right part is the value of column2, which is
corresponding to the element of column1. According to this rule, we can
obtain the value of column2 if we find the element in column1. Using this
method we can fill in the missing values with the element of other
columns.

3.5

Evaluate the system
The main goal of this work is to change an incomplete test document into
a structured and complete document. Most important is the recovery rate
of the test document when using the training document. We define
recover_rate to represent the recovery rate of the test document.
re cov er _ rate 

Count(re cov ered )
Count(to _ re cov er ) ,

(7)

where Count(recovered) is the count of the recovered data and
Count(to_recover) is the total count of the error and missing data.
For the segment phrases step, we need to give a threshold to compare
with the viscosity of two words, in this way we can decide whether the
two words are a block. If the threshold is too high, it will result in false
positive results, while if the threshold is too low, it will result in false
negative results. Because of this, the threshold is important in segmenting
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sentences into phrases. We define accuracy for the segment result as
Accuracy 

Count(correct )
Count(correct)  Count(incorrect ) ,

(8)

where Count(correct) is the count of the sentences that are correctly
segmented, Count(incorrect) is the count of sentences that are not
correctly segmented.
In the step uniform data, we define uniform_rate to measure the result.
Uniform _ rate 

Count(uniformed)
Count(uniformed)  Count(ununiformed ) ,

(9)

where Count(uniformed) is the count of test document that can be unified
with the data in the training document, while Count(ununiformed) is the
count of test document that cannot be unified.
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4 Implementation
4.1

Dataset
There are two types of datasets in total. One training document and one
test document. For the training document, there are three attributes and
over six hundred thousand records, while for the test document, there are
six attributes and over six thousand records. We regard each attribute as
a column and the values for one attribute as column items. The data in
both training document and test document contains numbers, English
words, Swedish words, and special characters. The details of the datasets
are as follow:

4.2

Dataset

Table 4.1 Table for the dataset
Description
Number of Number
of
records
dimensions

dataset1

training data

600000

3

dataset2

test data

6000

3

dataset3

test data

400

3

dataset4

test data

1000

3

Platform and language
All experiments were conducted on a Intel(R) Core(TM) i7-4700HQ CPU
@2.40 GHz 2.40 GHz processor, with a 12.0 GB main memory. The system
for the experiment was Windows 7 ultimate. The language for the
implementation of this system is Python; the IDE for Python is on the
Pycharm. In addition, Python libraries are used, like the NumPy library
and Pandas library, we also develop our own library to segment sentences
into phrases, this is called zh_segment library.

4.3

Structure of the framework
The structure of the framework is shown in Figure 4.2. There are four
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steps in this work: match columns, unify data, train data and fill in
missing values.
Matching columns is a step aiming to find the map relation between the
training column and test columns. If most items in the test column are
also in the training column, the two columns are considered matched. To
find the match columns, we first find the column patterns of each column,
then compare the column patterns of the training and test document.
Next, we segment the test sentence into phrases. Finally, we use these
phrases to find the the column similarity.
In the unify data step which aims to unify the test document with the
training document in the matched columns that were found in the match
column step. This step can remove redundant words from the test
document. After the training document step we obtain the complex
association rules, which can find three types of association rules, called
item-to-item, prefix pattern-to-item, and suffix pattern-to-item. In order
to find the association rules, we need to find the frequent prefix patterns
and suffix patterns; the FP-tree method is used for this purpose.
After completing all of the above steps, the final step is to fill in the
missing values using the association rules that were generated in the train
data step and the data that was unified in the unify data step.
By using this method, we can recover a part of the data in the test
document.
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training document

test
documen
t

find column patterns

Match columns

compare column patterns
patterns
segment phrase
get column similarity

Uniform data

find frequent elements

Train data

generate association rules

Fill in missing value
Figure 4.2 The structure of the framework.

4.4

Implementation of matching columns
The match columns step is aimed to find the similarity between two
columns in the training and test document. The workflow is presented in
Figure 4.3.
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Find column
patterns
Compare
column patterns

Segment phrase

Get column
similarity
Choose
matched
columns

Figure 4.3 The workflow of matching columns.
4.4.1

Finding and comparing column patterns
A column pattern is the pattern all items in a certain column follows. Here
we use item type, so the column pattern can be string, number or none.
After finding the column pattern for both training and test columns, we
compare the column pattern of the two datasets; if the patterns are equal,
we obtain the column match pairs and save the pairs at the same time.

4.4.2

Segment phrase
A. Generate dictionary
The phrase dictionary stores each two consecutive words in the training
document as well as the viscosity of these words. The step where the
viscosity of two words is obtained is shown in Figure 4.4.
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Count(single word)
Count(word1 word2)
calculate

write
dictionary

viscosity (word1,
word2)

Figure 4.4 Steps for the generation of the phrase dictionary.
As shown in Figure 4.4, in order to generate the phrase dictionary, we
start by concatenating all the cell values together, then split the values
using special characters, like ‘;’, ‘_’ and ‘-’ . The result is called a word list.
Next, we will count the number of single words and each two adjacent
words; here we use word1 and word2 to represent two adjacent words.
Then we calculate the viscosity of two adjacent words by using Equation
(4) in Chapter 3.1.3, so the viscosity of word1 and word2 is as follows:

I(word 1 ,word 2 )  log2

P(word 1 ,word 2 )
P(word 1 )P(word 2 )

B. Segment phrases
In the step segment phrase, we can segment a sentence into several
phrases using the viscosity of every two words. If the viscosity of the
adjacent words in the sentence is more than a given threshold, we keep
these two words adjacent, or cut the link between the two words. The
threshold needs to be tested by the accuracy of the segmentation, which
is done by choosing the threshold that have the highest accuracy result.
4.4.3

Get column similarity
We calculate the similarity of the columns in the training columns and
test the columns by using Equation (6).
Having obtained the similarity of the columns in these two datasets, we
save the similarities in a column matrix; the rows and columns of the
matrix correspond to rows and columns of the training set. The matrix is
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shown in Table 4.5.

test_col1

train_col1
x

train_col2
x

train_col3
x

train_col4
x

train_col5
x

test_col2

x

x

x

x

x

test_col3

x

x

x

x

x

test_col4

x

x

x

x

x

Table 4.5 Column matrix.
In Table 4.5, train_coli (i = 1,2,3,4,5) is the column number of the training
document while test_colj (j = 1,2,3,4) is the column number of the test
document. We store the similarity in the matrix.
4.4.4

Choose matched column
Having found the similarity matrix between the columns in Table 4.5, we
will choose the most similar column pairs as the matched columns. For
each column in the matrix, for example train_col1, choose the maximum
similarity. If the similarity is over a given threshold, find the row of the
similarity, for example, test_col1, in which case the columns train_col1 and
test_col1 matched. At the same time, change all values in row test_col1 and
column train_col2 to 0. Next, we obtain several matching column pairs
between the training document and test document.

4.5

Implementation of unifying data
Unifying data aims to unify the test document with the training
document. The steps of this process is presented in Figure 4.6.

get
matched
F
columns

each test
column

each
sentence
get column
sentences

segment
sentence
phrases

uniform or
not
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Figure 4.6 Steps in the process of unifying data.
As shown in Figure 4.6, the columns that have been found in the step
match column are obtained; these are matched column pairs. Then we use
the column of the test document in the column pairs to find all the
sentences in the column. For each sentence in the test column, we segment
a sentence into several phrases by using the segment phrases method and
then search these phrases from the training document. If only one phrase
can be found, we replace the sentence with the phrase. Otherwise, we
mark the sentence error.

4.6

Implementation of the training document
The train data step aims to find the association rules between different
items in different columns in the training document. The process is shown
in Figure 4.7.

Figure 4.7 The detail of finding association rules.
As shown in Figure 4.7, to obtain the association rules from the training
document, we first need to find the frequent elements; these elements
contain items, prefixes and suffixes. Then we generate association rules
by using the elements. The steps are as follows:
Step 1:
For each column in the training document, we start by finding the
frequent items, prefixes and suffixes.
(1) For frequent items, we calculate the count of each item in the column,
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then we choose the items where the counts are more than a given
threshold (minimum support).
(2) In order to find the frequent prefixes, we build an FP-tree by using the
items in the column. We split each item into several characters, and these
characters will make up a path in the FP-tree. Figure 4.8 gives an example
how an FP-tree for the prefixes is constructed. Figure 4.8(a) gives a list of
strings, while Figure 4.8(b) gives the FP-tree structure, which is built by
the given strings.

Strings
deba
defh
de
den
deg
Figure 4.8(a) Strings used to find the suffix.
the suffix.

Figure 4.8(b) FP-tree for

Figure 4.8 Suffix tree structure.

Having obtain the FP-tree in Figure4.8(b), we can see that each node
contains two values; one is a character, the other is the count of the
character. Next, we traverse each path in the tree and find the
continuously connected nodes of the tree that have the same count, at the
same time the count needs to be above the minimum support. From the
FP-tree in Figure 4.8(b), shows that the frequent prefix is “de”. Finally, we
store the frequent prefix that we found in a set.
(3) Since prefix and suffix are common strings between different items,
the method of finding frequent suffixes is similar to the method of finding
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frequent prefixes. The process of finding frequent suffixes is shown in
Figure 4.9.

reverse each
item

find frequent
prefixes

get frequent
suffixes
Figure 4.9 Process of finding frequent suffixes.
As shown in Figure 4.9, in order to find the frequent suffixes, we first
reverse the name of each item in the column. Next, we use the method of
finding frequent prefixes, which allows us to find the frequent prefixes of
the reversed items, which are the frequent suffixes of the original items in
the column. Finally, we add the suffix to the frequent suffix set for this
column.
Step 2:
Having found the frequent items, prefixes and suffixes, we will generate
three types of association rules, item-to-item, prefix pattern-to-item and
suffix pattern-to-item association rules. All association rules are from
every two columns in the training document. Figure 4.10 shows an
example of finding the association rules.
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item1
column1

item2

prefix1

column2

suffix1
Figure 4.10 Example of finding association rules.
As shown in Figure 4.10, column1 and column2 are two columns in the
training document, for each cell value in column1, we transfer it into an
item, a prefix and a suffix. Item is the value of the cell, prefix is the prefix
of this value. If the prefix is not in the frequent prefix set of column 1, we
regard the prefix of this item as null. Item2 is the value of the cell that has
the same row number as item1 in column2. We calculate the confidence of
rule item1 -> item2, prefix1 -> item2 and suffix1 -> item2 from the two
columns using Equation (2). Then we choose the rules that have a
confidence that equals 1. Finally, we obtain the three types of association
rules.

4.7

A process for filling in missing values
After the step where data is unified, we can unify a part of the test
document with the training document. However, there are still missing
values. To solve this problem, we use the association rules that were
previously generated to fill in as many missing values as possible. The
steps are as follows:
Step 1: Find the row number row1 and column number column1 of the
missing value in test document.
Step 2: Find the columns in the test document where the item in row1 is
not null. For example, {column2, column3}
Step 3: Find the elements of the item in row1 and column2 or column3,
including the prefix, item value and suffix. Figure 3.6 shows that the
association rules can be divided into two parts, the left part and the right
part. The left part contains the column number of a known item and the
elements of the item, while the right part contains the item value, which
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has some associations with the elements of item in the left part. Here, if
the elements can be found in the left part of the association rules in
column2 to column1, or column3 to column1, the value of the cell in row1,
column1 can be obtained.
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5 Results
This work aims to develop a system that can transform incomplete data
into structured and complete data. This chapter presents the results of the
experiment.

Word segmentation
One hundred phrases were generated at random, next, the phrases are
used to generate two hundred sentences by adding redundant words or
special characters to the phrases. The accuracy of segmenting the
sentences into phrases by using different thresholds is given in Figure 5.1.
The threshold ranges from 0.01 to 1, which is a measure used to decide
whether we can regard two words as a block.

Threshold-accuracy line chart

accuracy

5.1

1
0.832 0.845 0.859 0.798
0.9
0.774 0.795
0.7490.751
0.732
0.8
0.684
0.654 0.689
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.05 0.01

threshold

Figure 5.1 Threshold-accuracy line chart.

Figure 5.1 shows that when the threshold is lower than 0.1, the accuracy
growth increases as the threshold increases. But when the threshold is
over 0.1, the accuracy decreases as the threshold increases. The reason
behind this behavior is that when the threshold is too high, words in
phrases are rarely regarded as a block, which are false positive values.
Within a certain limit, as the threshold decrease, the false positive values
will decrease, which leads to increased accuracy. But when the threshold
is too low, several single words will be regarded as a block, which are
false negative values. As the threshold decreases, the false positive values
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will grow, which means the accuracy will decrease.
For this dataset, the threshold that equals 0.1 shows the highest accuracy.

Association rules
Since the goal is to recover a test document based on the training
document, it is vital to find the correlation between two column values.
Since the order of the items in each of the records is important, we don’t
need to find k-itemsets where k > 1. Our work finds the frequent items in
each column. To insure the correctness of the system, the confidence of
the association rule should be 1.
In the association rules, frequent items, frequent prefix patterns, frequent
suffix patterns are found first, as shown in Figure 5.2. The following
Figure 5.3 shows the number of association rules.

support-frequent number histogram
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Figure 5.2 Support; frequent number histogram.
As shown in Figure 5.2, the horizontal axis represent the support of the
frequent elements. “Frequent” is determined by the minimum support, if
the count of the elements exceeds the minimum support, we call these
elements frequent elements. As the support increases, the number of
frequent elements decreases.
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Figure 5.3 shows the number of rules that are generated by the frequent
items, frequent prefix patterns and frequent suffix patterns.
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Figure 5.3 Support; association rule number histogram.
Figure 5.3 shows the number of association rules of each type. The blue
bar represents the prefix pattern-to-item association rules. If we know the
prefix of an item in a certain column, for example, column1, based on the
prefix pattern-to-item association rules from column1 to any other column,
e.g. column2, we can find the corresponding item in column2. In a similar
way, the red bar represents the suffix pattern-to-item association rules,
which means that if one determined item in a column has a specific suffix,
the item in the other column can also be determined. The gray bar
represents the item-to-item association rules, where the items has a one
to one map relation. In order to recover a dataset, the accuracy rate is the
most important factor. In our work, the confidence of each association
rule that has been generated equals 1. Figure 5.4 compares the total
number of association rules and the number of item-to-item association
rules.
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Figure 5.4 Support; number of association rules line chart.
Figure 5.4 shows the numbers of association rules. The red line represents
the number of item-to-item association rules, while the blue line is the
sum of the number of item-to-item, prefix pattern-to-item and suffix
pattern-to-item association rules. As seen in the figure, except for item-toitem association rules, there is a large number of other association rules,
which may have a great impact on the following data recovery.

5.3

Map columns
The aim of mapping columns is to find the columns that are the same in
the training document and test document, which will reduce the
comparison time in the step where data is unified. In this experiment, the
result of the column mapping has a 100% accuracy.

5.4

Unifying data
Following the map columns steps, we obtain several matching column
pairs in the test document and training document. Data in these pairs
have a lot of overlap. Since some values in the test column may have a
different format compared to the value in the training document, we need
to unify the test document before taking further steps. To unify data is to
transform irregular data into the forms found in the training document.
It can facilitate the search.
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When unifying data, the dictionary generated by the word segmentation
step is used. Table 5.5 shows the unifying rate before and after the use of
the segment phrases method.

uniform_rate

Before Segmentation
13.60%

Using Segmentation
66%

Table 5.5 Comparison of the uniform_rate when using word
segmentation and not using it.
As shown in the table, prior to the segment phrases method, the
uniform_rate of the test document is 13.6%, while after using word
segmentation, the uniform_rate increases to 66%, which is an increase by
52.4% .

5.5

Fill in missing value
After data mapping and unifying data, most of the data in the mapping
column of the test document will be correct. Data not found in the training
document will be marked as “not recovered”, while data that can be
unified will be marked “recovered” in the cell.
The final step in unifying the data is to fill in the missing value based on
the association rules that have been previously generated. If there is an
association rule between the “recovered” cells and “not recovered” cells,
the “not recovered” can use this rule to recover. Figure 5.6 presents the
recovery rate with different support.
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Figure 5.6 Support; recovery rate line chart.
As seen in the chart, with the increase of support, the recovery rate
decreases. The reason behind this behavior is that when the support
increases, the number of association rules that can be generated reduces,
which decreases the recovery conditions.
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6 Conclusion and future work
In this study, a data recovery system was implemented, which is a system
based on association rules. The input is two excel sheets, the first one is
the training document, which was used to train a model for the later
recovery. The other is the test document, which is used to test the model.
The output of the system is a recovered excel sheet. Data in the recover
sheet are all from the training and test document. For cells that have not
been recovered, it will be marked with yellow. The system is able change
the incomplete data into structured and complete one.
The data recovery system is based on association rules. Unlike previous
traditional item-to-item association rules, the rules in this system include
two more types of rules. Prefix pattern-to-value rules and suffix patternto-value rules are also generated. The association rules can help fill in the
missing values, since the confidence of each rule is 1, which makes the
results more reliable.
In order to find the prefix pattern and suffix pattern, a common method
is to compare every two items and find frequent prefixes and suffixes,
which will require a lot of time. In this system, the FP-tree [4] was used to
find frequent prefixes and suffixes. It first builds an FP-tree, then record
the prefixes or suffixes that have the same count. This method not only
retains the order of the prefixes and suffixes, but also reduces the
redundancy of them.
Since the test document has some associations with the training
document, before recovering the test document, a column mapping
between the training column and test column may facilitate reducing the
time required for the recovery. Column mapping is a method used to find
the one to one map between the training column and the test column,
which is a preparation for the unifying of the data.
Unifying data is a method used to remove redundant words from the test
document based on the training document, which can let the test
document be unified with the training document. The phrase
segmentation method was used to segment sentences into several phrases.

6.1

Ethics considerations
This work aims to turn incomplete data into complete and structured data,
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using complex association rules to fill in missing values. The input .xlsx
files training.xlsx and test.xlsx have been kept private during this study,
none of the Excel sheets were published.
The training.xlsx file is only used for training and finding the association
rules. The result of the association rules have been stored in a file so we
only need to train the training file for one time, which will save a lot of
time.

6.2

Future work
In future work, a more efficient method needs to be developed to reduce
the computation complexity of finding the association rules. A filtering
method to find interesting association rules is also needed.
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