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Abstract – A massive database contains a large volume of 
data. Therefore, how to efficiently search data in a massive 
database has been a challenge. This paper proposes token list 
based data searching scheme (TLS) which abstracts tokens 
from the database, and clusters the data based on their tokens. 
Query only needs to be conducted on a small group of data 
records, rather than all the records in a database.  Experiment 
is conducted on a database by using TLS. The experiment 
results show that TLS is an efficient database searching 
scheme in terms of memory consumption, search latency and 
accuracy in locating data.    
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1 Introduction 
 The rapid growth of information nowadays leads to the 
increase of the size of a database, which has posed a 
challenge for scalable information retrieval for desired data. 
Imagine a person is in a large library that holds millions of 
books. If he does not know the book number or the name of 
the book, he probably needs to search the entire library for the 
desired book. However, if the books have been classified into 
different categories, he only needs to work in the certain 
category to find the desired book. Book classification saves 
him searching time.  

 Proximity information search is to search information in 
a database similar to a query. Many websites supply 
proximity information search. For example, Google can not 
only search the exact information on the web according to the 
keywords supplied by a user, but also find proximity 
information which contains the specified keywords. 
Therefore, an efficient classification method can reduce the 
searching time in a massive database and locate most of the 
data related to the query. One approach for data searching is 
to cluster similar data. There are many clustering methods 
such as K-means clustering [1] and fuzzy c-means clustering 
[2] [3]. Some of these clustering methods are built on tree-
structure and they rely on distance measurement like 
Euclidean Space Distance measurement, which contains 
complex multiple operations: minus, square and root sum 
square, these operations increase the query latency. In 

addition, the maintenance of tree-structure brings about a cost 
of high overhead.   

 This paper presents a token list based data searching 
scheme (TLS) that avoids using tree-structure and distance 
measurement. By classifying records base on token list, TLS 
shortens query time, reduces memory consumption and also 
works for different dimensional data sets. TLS saves all the 
unique tokens contained in the records into a token list. Then 
it groups records according to their tokens. When query a 
record, TLS directly map the query to the groups which have 
the query record’s tokens. 

 This paper analyzes the potential of TLS for information 
searching in a database and details the design of TLS. The 
paper also discusses the process for data insertion and 
deletion in a database. We applied TLS on a database to 
evaluate its performance in comparison with other 
information searching schemes. The experimental study 
shows that TLS is effective in categorizing data and searching 
proximity information in a massive database. TLS also 
achieves high accuracy on searching proximity information, 
and requires much less memory and query time. 

 The rest of this paper is structured as follows. Section 2 
presents a concise review of representative methods for 
information searching. Section 3 describes the design of TLS. 
Section 4 evaluates the performance of TLS in comparison 
with other searching schemes. Section 5 concludes this paper. 

2 Related work 
 There are many proximity information searching 
methods. The simplest one is linear search. It compares a 
query with all the source records in a database one at a time. 
Therefore, linear search leads to long query time. Another 
method for proximity information searching relies on tree-
structure [4, 5, 6, 7, 8], such as kd-trees, BDD-trees and vp-
trees. Tree-structure proximity information searching method 
reduces the searching scope of linear search method since 
only partial records need to be compared with query record. 
However, tree-structure incurs high maintenance cost. 

 Clustering methods have been proposed to accelerate the 
relevant information searching speed in a database. Generally, 
there are two categories of clustering methods [18]: 



hierarchical clustering [9] and partitional clustering methods 
[1, 2, 10, 11]. 

 Hierarchical clustering algorithm [9] establishes a 
dendrogram tree in which each individual element, i.e. record, 
is a leaf. The elements are grouped into a cluster according to 
a distance metric. The new parent cluster consists of close 
elements in distance. This process returns a combination of 
clusters, also known as a tree, that contain all the elements as 
the root. Cutting a tree at different heights will return 
different clustering combinations [18]. 

 Unlike hierarchical clustering algorithm, partitional 
clustering algorithms determine all the clusters at once. 
Examples of partitional clustering include K-means clustering 
[1], fuzzy c-means clustering [2], QT clustering [10] and 
locality-sensitive hashing [11]. 

 K-mean clustering [1] method assigns each point to the 
cluster whose center is the nearest to the point. First, it 
decides the number of clusters; second, it randomly generates 
the specified number of clusters, and gets the centers of 
clusters; third, it assigns each point to the nearest cluster 
center and recomputes the cluster center. It repeats the 
processes until the assignment doesn’t change [1, 18]. The 
advantage of K-mean clustering method is dataset fast 
clustering. Its disadvantage is that it cannot ensure that the 
result has a global minimum of variance [9, 18]. 

 Fuzzy c-means clustering [2] is very similar to k-mean 
clustering algorithm. In fuzzy clustering, a point has a degree 
of belonging to a cluster. According to this degree, each point 
is assigned to a number of clusters. The degree is calculated 
after the assignment. When the difference between degrees of 
two iterations is no more than a given threshold, the 
clustering completes. Fuzzy c-means clustering has the same 
problem as K-mean clustering algorithm [18]. 

 Heyer et. al. [10] proposed quality threshold (QT) 
clustering which does not require specifying the number of 
clusters as a priori. It is used for gene clustering. QT 
clustering method lets the user choose a threshold diameter 
for clusters, and then builds a candidate cluster for each point 
by including the closest points, until the diameter threshold is 
met. The largest candidate cluster, with the user-specified 
minimal number of points, is selected as a QT cluster.  After a 
QT cluster is generated, QT clustering method removes all 
the points in the QT cluster from the consideration of the next 
QT cluster’s generation, and repeats the process with the 
remaining points. As a result, a set of QT clusters are 
generated, and the points that do not belong to any QT 
clusters are grouped together as “unclassified” group [10, 19]. 
LSH [12, 13, 14, 15, 16, 17] can also be used for clustering; 
therefore, using a set of hash functions to group similar points 
into groups. 

3 Token list based searching scheme 
 Token list based searching scheme (TLS) is designed for 
finding proximity information in a massive database. TLS 
first builds a token list to collect all the unique tokens in the 
records. Then, TLS maps each record to the token list 
according to its component tokens, and records the record’s 
index at each token in the token list. A record’s index 
specifies the location of the record in a database. In searching, 
TLS maps a query to the token list based on the query 
record’s tokens, and retrieves all indices of records having 
one of the query’s tokens. By classifying records base on 
token list, TLS can shorten query time, reduce memory 
consumption and also work for different dimensional data 
sets.  

 

Figure 1: An example of TLS process. 

3.1 TLS description  
 Figure 1 shows the process of TLS. The id in the figure 
presents the index of a record. Each row in the token list 
consists of a unique token in the database and indices of 
records having the token. To build the token list, TLS reads 
all the records in the database, and derives the unique tokens 
into the token list. At the same time, TLS saves the indices of 
records into the token list according to their component 
tokens. To search a query, TLS directly goes to the row of 
each of the query’s tokens in the token list. The records 
whose indices are in the rows of the query record’s tokens are 
returned as the similar records of the query records. 

 An example is used to explain the TLS information 
searching process. Assume that the records in a database are 
as follows: the index of record id1 is 1; the index of record id2 
is 2; the index of record id3 is 3; the index of record id4 is 4. 

id1: Ann Johnson | 16 | Female | 248 Dickson Street  
id2: Ann Johnson | 20 | Female | 168 Garland 
id3: Mike Smith | 16 | Male | 1301 Hwy 
id4: John White | 24 | Male | Fayetteville | 72701 

 Using the token list construction method, TLS reads the 
records id1, id2, id3 and id4, and builds a token list table as 
shown in Figure 2. As a result, all records are grouped by 
their tokens. That is, the indices of records having a common 
token are grouped in one cluster. For example, the indices of 
the records id1 and id3 are clustered based on the token “16”. 
Therefore, those records are considered as similar records to a 
certain degree. 



 

Figure 2: An example of building token list table. 

 Next, we will introduce how TLS processes a query. 
Assume a query record is: 

q: Ann Johnson | 20 | Female | 168 Garland  

 Because the query record q has token “2”, “168”, 
“ANN”, “FEMALE”, “GARLAND” and “JOHNSON”, TLS 
checks the collections under “2”, “168”, “ANN”, 
“FEMALE”, “GARLAND” and “JOHNSON” tokens. Figure 
3 shows the collection1(C1), C2, C3, C4, C5 and C6 are the 
groups of records which have one token in record q. Then, 
TLS unions these collections: 

SimilarRecord 654321 CCCCCC ∪∪∪∪∪=      (1)  

 
Figure 3: An example of searching token list. 

 The records with id1 and id2 are returned since their 
indices are linked with the tokens of q in the token list. 
Therefore, records with id1 and id2 are similar records to q. 

3.2 Data inserting and deleting operations 
 In addition to data searching, inserting and deleting are 
two important operations in a database. Insertion operation is 
to store a new record into a database; Deletion operation is to 
remove a record from a database. 

 When inserting a new record into a database, the new 
record’s tokens will be scanned. If a token of the new record 

has been stored in the token list, the index of the new record 
will be linked with the token in the token list. Otherwise, the 
new token will be added into the token list. At the same time, 
the index of the new record will be also linked with the new 
token. 

 When a record needs to be deleted from a database, TLS 
scans the record and locates the tokens of the record in the 
token list. TLS then deletes the index of the record linked 
with the tokens. If the index of the record is the only one 
linked with a token, the token is also deleted from the token 
list to release the space taken by the record. As a result, there 
are no indices of the record in the token list. The record is 
completely deleted from the database.  

4 Performance evaluation 
 We implemented the proposed TLS system, and 
conducted the experiments on TLS. Our testing data set is a 
set of synthetically generated names and addresses that 
imitates the properties of actual customer data in a database. 
There are 20,591 unique tokens in the database. There are 
totally 10,000 source records in the database. We randomly 
selected 97 query records from source records. Each record 
has a different number of tokens, the average number of the 
tokens in a record is 10. 

4.1 Memory consumption 
 In this experiment, we compared TLS with LSH in 
terms of memory consumption. We used E2LSH 0.1 [14] for 
LSH simulation. E2LSH 0.1 is a simulator for the high 
dimensional near neighbor search based on LSH in the 
Euclidean space developed by MIT. 
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Figure 4: Total memory consumption of LSH versus TLS. 

 Figure 4 plots total memory requirement of LSH and 
TLS. From Figure 4, we can see that LSH incurs much higher 
memory consumption than TLS. LSH uses Vector Space 
Model (VSM) [13] to transform each record to a 0/1 binary 
number identifier. Because the number of unique tokens is 
20,591, the length of the binary number string is 20,591 for 
every record. LSH can only process record identifiers rather 
than strings. Moreover, it requires that all the binary number 
identifiers must have the same dimension (i.e. 20,591). In 
contrast, TLS does not have the requirement of the same 



numbers of tokens. The average number of the tokens of a 
record is 10. Therefore, in TLS, the number of index saved in 
the token list for a record is 10 on average. This leads to 
much less memory for storing the source records. In addition, 
LSH generates a number of hash tables, while TLS only has 
one hashed token list table. Therefore, LSH’s memory 
consumption is significantly higher than TLS’s. 

4.2 Time consumption 
 Figure 5 shows the query times of linear searching, kd-
tree searching, and TLS versus the number of query records, 
respectively. We can see that the query time of the linear 
searching method is the highest, and TLS leads to faster 
similar record searching than kd-tree method. Given n pieces 
of records in a database, traditional methods based on tree 
structures need O(log n) time for a query, and linear searching 
methods need O(n) time for a query. TLS need O(T) time to 
locate all the similar records, where T is a constant related to 
the number of tokens contained in a query record. Because 
the value T is much less than the value of n, the total query 
time of TLS is much less than linear search and kd-tree 
searching. 
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Figure 5: Total query latency of linear searching, kd-tree 
searching, and TLS. 

4.3 Effectiveness 
 False positive results are those records that are located 
as similar records but actually are not. An effective method 
should return fewer false positive records.  

 Figure 6 presents the number of records returned by a 
query. In the figure, the data for “actual similar records” is 
gotten from linear search. We compared each query record 
with every record in the database to decide if the source 
record is the similar record of query record. From Figure 6 we 
can observe that TLS can cluster the similar records 
according to their tokens and it also can find all the similar 
records of the query record. There is no false positive in the 
returned records of TLS. Because TLS uses the tokens of 
query records to query the corresponding position of the 
tokens in the hashed token list table, it ensures that the 
returned records are all true similar records of the query that  
have at least one token the same as a token in the query.  
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Figure 6: Number of returned record. 

4.4 Accuracy 
 An important metric for a searching scheme is accuracy, 
which is used to measure how many actual similar records a 
scheme will miss in searching. A scheme with higher 
accuracy misses less similar records. Figure 6 shows that TLS 
can return 100% of similar records for each query. Because 
the query is conducted by searching the tokens of the query 
record in the token list, only the records having the same 
token as the query record can be returned. Therefore, TLS has 
high accuracy. 

 Another accuracy experiment is conducted on TLS. We 
randomly chose one record from the 10,000 records, and 
changed one token of the selected records every time to make 
a new record as the query record. Therefore, every generated 
record will have different similarity from 1.0 to 0.1. The new 
generated query records are inputted into TLS to search the 
similar records in the 10,000 source records to test if they can 
find the original selected record. The result is shown in Table 
1. If the original selected record can be found, “Y” is marked, 
otherwise, “N” is marked. 

 From Table 1 we can see that TLS can find all the 
original selected record even their similarity as low as 0.1. 
The reason is that TLS groups records according to their 
token. 

Table1: Data searching accuracy. 

Similarity TLS 
1.0 Y 
0.9 Y 
0.8 Y 
0.7 Y 
0.6 Y 
0.5 Y 
0.4 Y 
0.3 Y 
0.2 Y 
0.1 Y 

 



 From the experiments, we can get the conclusions: 

(1) TLS improves the search speed of linear search 
and tree structure search. 

(2) TLS outperforms LSH in terms of memory 
consumption. Compared to LSH, TLS consumes 
much lower memory. 

(3) TLS has high accuracy; it can locate all the similar 
records of a query.  

(4) TLS does not have requirement on the dimension 
of the datasets. All the records in the database can 
have different number of tokens. 

5 Conclusions 
 In order to reduce the overhead and query latency of 
proximity information searching in a database, this paper 
presents a token list based proximity data searching scheme 
(TLS) that can successfully and efficiently search proximity 
information in a massive database. TLS builds a token list 
contains all the unique tokens in the records. It groups the 
records having the same token together. A query is only 
mapped to the groups linked to the query’s tokens. 
Experiment results show the high performance of TLS 
compared with other searching schemes. TLS achieves high 
efficiency and effectiveness in terms of memory and time 
consumption, and searching accuracy. 
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