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ABSTRACT
In the current information age, the dominant method for
information search is by providing few keywords to a search
engine. Keyword search is currently one of the most
important operations in search engines and numerous other
applications. In this paper we propose a new text indexing
technique for improving the performance of keyword
search. Our proposed technique not only speeds up
searching operations but also the operations for inserting
and for deleting keywords, which are particularly important
for the ever increasing and dynamic changing databases
such as that for search engines. We propose to partition all
keywords into search trees based on the first character and
the length of the keywords. Our partitioning scheme creates
a much more even distribution of keywords and results in a
32% speedup in the worst cases and a 1% speedup in the
average cases in comparing to one of the leading text
indexing techniques called burst tries. In addition, our
proposed technique stores document indexes only at the leaf
nodes of the search trees and results in efficient algorithms
for searching, insertion, and deletion of keywords. We
successfully integrated the technique into our Information
Classification and Search Engine system and showed its
potential and feasibility.
Keywords: Information System and the Internet, Search
Engine, Information Storage and Retrieval, Text Indexing

1.

spam words like “wxcscpsr”. The web pages with the spam
tokens take advantage of a loop hole and try to gain higher
ranking. Thus, when those web pages are removed from the
Web, the indexed words may also need to be deleted.
Owing to the size of the internet, the collection of
distinct words far exceeds 200,000, which does not even
taking into account of spam words and proper names [2].
Many text-based indexes were developed and various
techniques like hash tables and binary search tree have
given adequate results to the text search for small
compilations of words, but have their own limitations when
more words are added. Due to the collision of entries in
hash tables or the increase of nodes in search trees, as the
word count increases, the text search usually results in a
longer search time.
Besides the large number of words appeared in the
Internet, there is the problem caused by the uneven
distribution of words based on the first character of the
words (see Figure 1). For example, there are about 25,000
words started with character ‘S’ in comparing to about 400
hundred words started with ‘X’. Existing indexing schemes
build their search trees simply based on the first character or
first two characters of the words. Since searching a large
tree usually requires more time than a smaller one, these
results in more time required for searching common words.
In this paper, we propose a simpler solution. We
observed that words arranged according to its length depict
a parabolic shape (Figure 2). For example, the number of
words that have nine letters is more than 30,000 in
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The search engine has become a necessity for searching
information in the Internet. For a search engine to give
quick and relevant results, it must have an efficient inverted
index. An inverted index is a collection of distinct words,
each of which represents its existence in the documents by
maintaining a list of references to the documents. Beside
efficient searching operation, the indexing techniques for
search engines must also have efficient insertion and
deletion operations. As new words are constantly being
added into the Web, insertion operations are often needed.
Unlike other dictionary data structures, efficient deletion
operations are also needed for search engines. The delete
operation is important as many of the web pages introduce
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Figure 1: Pattern of the skewed distribution of English
Lexicon. The number of words starting with ‘s’ is nearly
25,000.
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Figure 2: The words arranged according to its length
depicting a parabolic shape. The number of 9 letter
words is more than 30,000.
comparing to a few words started with one or two
characters. We decided to combine two criteria for creating
a new partitioning scheme.
We propose to partition all words into search tress based
not only on the first character but also the length of the
words. Our technique, called hash tries, breaks down the
whole collection of distinct words into 517 trees and thus
reduces the character inspection by segregating the words
more uniformly. Our search algorithm begins by finding the
appropriate tree based on the first character and the word
length and then traverses the tree matching the query string
characters with the nodes visited. As the results, in
comparing to a leading indexing scheme called burst tries
[2], our search algorithm has 32% speedup in the worst
cases and a 1% speedup in the average cases. In addition,
our proposed technique stores document indexes only at the
leaf nodes of the search trees and results in efficient
algorithms for searching, insertion, and deletion of
keywords.

1.1

ORGANIZATION

This paper is organized into five sections. Section 2
provides related research on text indexing techniques.
Section 3 describes our proposed approach including our
searching, insertion, and deletion algorithms. Section 4
provides testing and performance results. Finally, Section 5
gives the conclusions and provides the future work.

2.

RELATED RESEARCH

Many indexing techniques has been introduced such as
binary search trees, hash tables, red black trees, splay trees,
AVL trees, and burst tries. The evolutionary process from
binary search trees (BST) to burst tries has been lengthy. A
binary search tree having datum and two child pointers in
each node has problem that if the data that is inserted is
already sorted then BST would become a linear link list.
This results in that its performance deteriorates and causes a
high searching cost. The shape of the BST is therefore
determined by the insertion order of the words. One variant
of BST is called AVL tree. This tree has a property that
limits the difference of heights of its left and right sub-tree
to not more than one, ensures rebalancing. Similarly, red-

black trees and splay trees [23], both variants of BST are
self-balanced for avoiding nodes forming skewed
distribution. However it has been shown that they are no
faster than the standard BST. Another disadvantage
comparing to BST, in case of splay trees, is that it requires
three comparisons at each level, and necessitates an
additional space for an extra pointer reference.
Hash tables [17] are faster than any tree structures, but its
performance comes with a price. The search can become
sequential if the data set is large and the hash table is
comparably small. This leads to a longer search time. Also,
if the hash table is proportionally larger than the dataset,
then it accounts for the wastage of memory. Moreover many
hash functions for strings are inefficient, thereby increasing
the complexity even more.
Tries [5, 7, 8] are tree structures that have nodes for each
character of a string. High memory requirements have led to
two main modification of tries: reduction in node size that
uses array or link list implementation, and reduction in the
number of nodes that is coupled with a technique called
Patricia [3, 4, 6, 12], in which the nodes that have no
branching are collapsed to form a single node for saving
storage space. LC-trie [7] and LPC-trie use level
compression in addition to the path compression used by
Patricia. Their maintenance, however, is complex. Burst
tries [2] is a data structure that has an access trie holding the
prefix of the words and the remaining string is stored in
BST or other data structures that befits as container. Burst
tries by employing heuristics and dynamically reorganize
the tree structure is currently one of the leading text
indexing techniques [2].

3. OUR PROPOSED APPROACH: HASH TRIES
Our proposed approach, called Hast tries, partition all
words into search trees based on the first character and the
length of the words. This results in creating 517 search
trees. The number of words contained in each of the search
trees is plotted in Figure 3 and a more detail look of the
search trees that start with character A is shown in Figure 4.
Among these search trees, the larger tree contains not more
than 4000 words. This is a significant reduction comparing
to the number of words starts with S is about 25,000.
Our partitioning scheme creates a unique and beneficial
property for each search tree. Since all the words in each
search tree have the same length, the number of leaves of
the tree represents the number of words and all leaves exist
at the same depth (see for example Figure 5). Thus, for an
inverted index, only leaf notes of the search tree contain
document indexes.
A search tree is created having each of it nodes contain
one character (see for example Figure 5). Each node also
contains two pointers, one for child node and another for
sibling node except for the root node that contains a child
node and a leaf node contains only a sibling node. As shown
in Figure 5, a child pointer is a pointer pointing downward.
A sibling pointer is a pointer pointing rightward.
Each path from the root node to a leaf node represents a
word that is formed by taking the first character from depth
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Figure 3: Forest formed by segmentation of words
according to its first character and length. Each stroke
in the alphabetical series is a trie tree. The highest
number of words that any hash trie tree has is not more
than 4000.
0 and second character from depth 1 and so on till the depth
at the leaf. For example, as shown in Figure 5, the left-most
path straight down forms the word “best”, and the word
“bear” is formed from taking ‘b’ from depth 0, ‘e’ from
depth 1, ‘a’ from depth 2, and ‘r’ from depth 3. Hereafter,
we will call this type of search trees as hash tries.
These structures of the search trees (hash tries) facilitate
searching, insertion, and deletion algorithms as described in
following.

3.1

SEARCHING

Searching a hash trie is a simple operation requiring
traversal along the sibling nodes and if any character
matches, it traverses along the child nodes. After
determining the length and first letter of query string, search
begins with locating an appropriate hash trie and then
traversing to the leaf. Referring to the example in Figure 5,
if the query string is “blue”, the hash trie having the ‘b’ as
root and depth of 4 is located. The search begins with
matching the characters of the query string with the nodes
visited. The nodes visited include “b → e → i → l → u →
e”. Each time a node matches with the query string
character, the search goes deeper. If there is no branching
then it’s a straight path downwards. For a successful search,
the least number of comparisons required is equal to the
query string length. The search continues till it traverses to
the leaf of the tree for a successful search and if any of the
characters of the query string is not found in the hash trie, it
returns back flagging its failure. The search strategy is
outlined as follows:
SearchHashTrie
Locate the hash trie tree based on the query string first
character and length. Because the first character always
matches with the root, the current node is the child of the
root and current depth is 1.
FOR i = 1 to n-1 //where n is the length of the query string.
IF query string ith character matches with the current node
THEN go one level deep
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Figure 4: A close look at the A-series depicts the
distribution of words and the maximum number of words
in A-series tree is not more than 2500.
ELSE traverse along the same level till it matches with
the sibling node.
IF query string ith character does not match with any of
the sibling node the search terminates, return false.
The successful search returns with the vector of document
indexes.

3.2

INSERTION

Insertion algorithm begins with finding an appropriate
hash trie by computing insert string first letter and its length.
It involves creating a new path from root to the leaf. If there
is no root then a root is created along with the path. A
pictorial example (Figure 6) showing the state of the tree
after the word “bear” is inserted. Since “be” is common, no
additional node is added. At the third level, a sibling node is
created, thus forming an additional path down to the leaf for
the new word “bear”. The strategy for inserting new words
is outline below:
InsertString
IF there is no tree then create a root along with the path to the
leaf with the input string, otherwise locate hash trie tree by input
string first character and length. Because the first character
always matches with the root, the current node is the child of the
root and current depth is 1.

FOR i = 1 to n-1 //where n is the length of the input string.
IF input string ith character matches with the current node
THEN go one level deep
ELSE traverse along the same level till it matches with
the sibling node.
IF input string ith character does not match with any
of the sibling node then create a path to the leaf with
the remaining characters of the input string.

3.3

DELETION

To delete a word from a hash trie, we first make sure the
word is there in the trie before the deletion process begins.
The deletion algorithm is first illustrated by two examples
as shown in Figure 7. To delete the word “bill” from the
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DeleteString
A path from current node to a leaf node is defined to be a
straight down path if each node along the path does not
have any sibling node.
Set current node to be the root node
Set previous link to be null
FOR i = 1 to n-1 //where n is the length of the query string.
IF query string ith character matches with the current node
THEN IF straight down path exist
THEN remove the straight down path and return
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Figure 6: The states of hash trie before and after
the insertion of the word “bear”. It creates a path
branching out at the third level.

Figure 5: An example of hash trie tree structure. All
words in this tree start with ‘b’ and have length of 4.
The number of leaves represents the number of words in
the tree and all leaves exist at same depth. The dotted
line is the search path to the leaf. Each leaf node has a
vector of document indexes.
hash trie (left tree of Figure 7), the path containing nodes, i,
l, and l is removed. The sibling pointer for node e in depth 1
is updated to point to node l. To delete the word “blue”, the
path containing nodes u and e is removed. The child pointer
for node l in depth 1 is updated to point to node o in depth 2.
Deletion algorithm maintains two states: current node,
and previous link. At the beginning, the current node is set
to the root node and the previous link is set to null. For
deleting the word “bill” as an example, the current node is
node b in depth 0. The algorithm checks whether the child
node of current node matches character i. In this case, the
child node is the node e at depth 1 and does not match
character i. Now, the algorithm updates the current nodes to
the node e at depth 1 and the previous pointer to the pointer
from node b to node e. It continues to find a node to match
the character i. Now, it follows the sibling pointer to node i
and updates the current node to be node i and the pervious
pointer to be the pointer from node e to node i. Since the
current node matches the character i, it check downward. It
finds that the child node of the current node does not contain
any sibling node. It continues to check downward and find a
leaf node. Thus, there is a straight down path from current
node to a leaf node. Now it can remove this path. It updates
the previous pointer to point to the sibling pointer of the
current node. It removes the current node and all the
descendent nodes to the leaf node. In this case nodes i, l, and
l are removed. The strategy for deletion is outline as
follows.

b

ELSE go one level deep
ELSE traverse along the same level till it matches with
the sibling node.
Update current node and previous link

4.
4.1

TESTING AND PERFORMANCE RESULTS
TESTING

Test data for our performance analysis contains 234,884
English words, which is downloaded from puzzlers.org [25].
The word distribution based on the first character of the
words is plotted in Figure 1. The number of words starts
with ‘S’ being the highest, followed by ‘P’, which is about
25,000 words. The word distribution based on the length of
the words is plotted in Figure 2. The top three entries are the
8, 9, and 10-letter words, each of which has about 30,000
words. The combined distribution based on the first
character and the length of the words is shown in Figure 3,
in which the highest is only about 4,000.
We designed our testing to compare the search
performance of our hash tries with that of one of the leading
text indexing techniques, called burst tries [2]. For our
performance analysis to be machine independent, we
counted the number of comparisons necessary to find a
word by using hash tries or by using burst tries. This is done
for the worst cases and on average cases in each search
trees. To insure fair comparisons, care has been taken to
ensure binary search trees used as containers of burst tries is
balanced; otherwise the trees would tend to form a linear list
if the data that is entered is already sorted.

4.2

PERFORMANCE RESULTS

The worst case complexity is calculated by finding a
word, for which a search takes the maximum number of
character comparison compared to all other words that
exists in a tree of the forest. The result, summarized in
Figure 8, is that on average, the maximum number of
character comparisons required by hash trie is 0.68 times the
average number of maximum comparisons required by burst
trie. Hash trie takes 31.69 character comparisons whereas
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Figure 7: The states of hash trie before and after
the removal of the word “bill” and “blue” resulting
in deletion of the path containing the string “ill”
and “ue”.
burst trie takes 46.45 character comparisons for the worst
case. So hash trie is 32% more efficient than burst trie in the
worst cases. It is observed that a hash trie forms 517 trees
whereas for the same dataset burst trie forms 358 trees. So it
can be argued that skewness still obstructs the burst trie
performance.
The burst tries stores all the words starting with ‘qu’ in
one single tree. There are few words which don’t start with
‘qu’ in the ‘Q’ series. This results in the maximum character
comparison required in the ‘qu’ tree being 77. However, the
overall average for ‘Q’ series dropped. Hash trie performs
better than burst trie in all cases where skewed distribution,
which is the characteristic of the English lexicon, is present.
Since hash trie takes in a word according to its first
character and word length, skewness is reduced as the words
with the same prefix but with different length, exist in a
different tree altogether.
Suppose a query is issued to find a particular word:
‘abcxyz’. We also assume that it is not present in the index
at all. The burst tries would search all the way to the leaf to
confirm that it doesn’t exist. However, the hash trie can flag
its non-existence whenever the character it is looking for is
not present. So each time a non-existent word is searched in
a burst trie, its performance is the worst.
The average complexity is calculated by finding the
average number of character comparisons that a search
requires to find any word that exists in a tree and then
finding the grand average of all the averages of the tree that

Figure 8: The hash tries worst case complexity is
32% more efficient than the burst trie.

Figure 9: The average case complexity of hash tries
and burst tries is nearly equal. Burst tries has twice
as much deviation as hash tries.
belong to a particular alphabetical series. On average both
techniques accomplish nearly equal performance
(summarized in Figure 9). Hash tries does perform
marginally better than burst trie. It takes about 0.99 times
the average number of comparisons required by burst tries.
Hash tries takes 20.893 character comparisons whereas
burst trie takes 21.109 character comparisons for average
cases.
Since the measure by average doesn’t show the result
distribution, standard deviation is taken into account. The
standard deviation, in this context, displays a variance in
search times. It is found that burst tries deviation is more
than twice that of a hash tries. Burst tries deviates from the
mean by 10.444 whereas hash trie deviates mean by 5.717
character comparisons. It is also inferred that the average
search of burst tries has more than twice as many instances
that fall above the mean than the hash tries. In other words,
the hash tries has a more consistent search capability in
terms of average cases.

5.

CONCLUSION AND FUTURE WORK

In this paper, we propose a new text indexing technique
called hash tries which reduces the character inspection by
distributing words according to its first character and its
length into 517 search trees. Experiments were conducted to
compare hash tries with burst tries on same dataset by
calculating the maximum number of character comparisons
required in the worst cases and in the average cases. The
results express that hash tries show a 32% improvement
over burst tries in the worst case comparisons. For the
average cases the hash tries is 1% better than burst tries. In
addition, searching a non-existence word in hash tries does
not go all the way to leaf as does the case for burst tries.
Hash tries is also simple in construction, where all
document indexes are stored in the leaf nodes. We also
have successfully used hash tries as indexing technique for
our Information Classification and Search Engine system
[25-30] and demonstrated its potential and suitability for
such applications.

We showed that partitioning techniques such as the one
proposed in this paper can improve the performance of text
indexing. However, new words, including spam words and
proper names, are constantly being created and put in the
Internet. To keep up with future load, additional criteria for
partitioning may be needed. The future research in this
direction is to introduce partitioning scheme that no only
use the length and the first character of the words, but the
length and the first two characters of the words. Since
keyword search remains one of the most important
operations in information retrieval, further research in this
area remains important.
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