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AKU Search Engine: An Integrated Architecture
for Domain Specific Search Engines
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Associate Professor Graduate Student

Amirkabir University of Technology
Abstract

| purpose search engines are unable to cover and index half of this information. A small fraction of '
this information represents a topic or domain. Domain specific search engines are suitable '
approach to reach a high precision and recall. However, these approaches suffer from querying '
. mechanism.
: In this paper, the current problems of search engines in querying mechanism is surveyed and an
: integrated architecture for domain specific search engines, called AK Usearch Engine, has been
. introduced, which its goal is to improve querying mechanism of users through automatic expanding
i of users’ queries and learning from past searches using Case Based Reasoning (CBR). To expand !
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! the users’ query automatically and with related information, a new concept called ""domain specific
concept hierarchy" is introduced and an algorithm for learning this hierarchy from specific
| domains is designed, implemented and evaluated. The result of using this concept hierarchy in the
| proposed architecture shows a significant improvement in comparison to the original architecture.
| The implementation results show that this architecture is effective in preventing from repetitive
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| searches and presenting results with better quality to the user.
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AC- DSCH Algorithm (H, N, M, P} : H'

AC-DSCH: Automatic Construction of Domain Specific Concept Hierarchy
H: A predefined concept hierarchy in which the baskets of nodes are empty
N: Number of words to be selected from TFIDF process
M: Number of word pairs to be selected from pairs with highest co-occurrence weight
P: Number of phrases to be selected with highest occurrence weight (probability)
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Crawling and Pre-Processing:
Crawl the selected hierarchy

Pre-process the documents

- If current node is a non-leaf node then
o Add the name of next level nodes to the basket of the node
- Ifitis aleaf node, crawl all of the documents in it (HTML) and store them

- Remove HTML Tags
- Remove constant texts of all the pages such as fixed header, footer,....
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First Process (Words with highest TFIDF words)
Calculate TFIDF weigh of each of the words in documents of each node
- In a document d, the frequency of each word stem s is f; , the number of
documents having stem s is 7;, and the highest term frequency is called fanax.
In one such TFIDF scheme [35] a word weight wy is calculated as:

(0.5+0.5 S ds Y(log ND)

Wyes = dmaj( -
4 Np.2
J}:jed((o.sw.s fdm) (log nf) )

Where Np, is the total number of documents.

- Select N words with highest TFIDF weights for each node and add them to
the basket of the node
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Second Process (Word Pairs with highest Co-occurrence Weight)
- For each node, find co-occurrence weight of word pairs (It is available as an option in
Rainbow from Bow package) for documents in that node
- Select M word pairs with highest co-occurrence weight and add them to the basket of

the node

Third Process (Finding phrases instead of single words)
- For each node, find all of (2-word and 3-word) phrases and calculate their probability

of occurrence in documents of that node where
P = probability of, p;/= phrase i, d; = j™ document in the node,

nd) f(p;/d;)

=D
P(p;)= n(d)

frequency of all phrases in d;, and n(d) number of all documents
- Select P (2-word and 3-word) phrases and add them to the basket of the node

- fir/d) is frequency of occurrence of p; in d;, f(dj) is
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Word Weight Word Weight Word Weight
Data 0.0483205 proceedings 0.0108792 Classification 0.0062527
mining 0.0460734 algorithm 0.0102841 Trees 0.0062364
Rules 0.0335740 conference 0.0077680 Sigmod 0.0062189
databases 0.0300237 | machine 0.0076521 | Acm 0.0060270
knowledge | 0.0290816 | research 0.0075528 | Relational 0.0053060
association | 0.0260618 | ieee 0.0074293 | Intelligence | 0.0049911
discovery | 0.0247404 | decision 0.0074105 | Induction 0.0047303
Large 0.0184948 | information | 0.0072554
learning 0.0141196 | spatial 0.0066830
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Wordl Word2 Co o Wordl Word2 Co o
Weight Weight
Aggregation Data 0.0629474 geographic Data 0.0693333
Aggregation mining 0.0589019 geographic mining 0.0609187
Association mining 0.0571912 integration Data 0.0642788
Baskets mining 0.0591086 query Data 0.0587437
Custering Data 0.0590085 relational Data 0.0589771
Clstering mining 0.0586942 spatial Data 0.0683995
Correlations mining 0.0609724 spatial mining 0.0621446
Cubes Data 0.0736354 technology Data 0.0620216
Cubes mining 0.0668675 Tools Data 0.0602633
Dbminer Data 0.0901771 Users mining 0.0583686
Dbminer mining 0.0783960 warehouse Data 0.0950729
Dimensional Data 0.0743458 warehouses mining 0.0794421
Dimensional mining 0.0716238
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Word 1 Word 2 Co o Word 1 Word 2 Co_o Weight
Weight

classification controlling 0.0000210 induction generalizations 0.0000254
classification Syntactic 0.0000210 trees controlling 0.0000261
induction controlling 0.0000224 frees syntactic 0.0000261
induction Syntactic 0.0000224 induction occurrences 0.0000265
induction Levelwise 0.0000242 decision |- levelwise 0.0000266
decision controlling 0.0000247 method levelwise 0.0000266
decision Syntactic 0.0000247 attribute controlling 0.0000268
Method controlling 0.0000247 attribute syntactic 0.0000268
Method Syntactic 0.0000247 clustering controlling 0.0000268
Acm Inconclusive 0.0000249 clustering syntactic 0.0000268
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Term Weight Term Weight Term Weight
association rule 0.0023453062 | spatial data | 0.0003791043 mining 0.0002056159
application
large database 0.0018312665 | Interesting | 0.0003469768 Level 0.0002056159
rule association
data mining 0.0014907152 database 0.0003469768 attribute 0.0002056159
system oriented
Relational database | 0.0009895264 machine 0.0003212748 | base mining | 0.0001991904
learning
decision tree 0.0006618261 multiple 0.0002827218 learning 0.0001927649
level algorithm
knowledge 0.0006232731 large set 0.0002698708 inductive 0.0001927649
discovery learn
relational data 0.0005461672 spatial 0.0002570199 | discovered | 0.0001927649
database association
Mining association | 0.0005140397 data cube 0.0002248924
base system 0.0004369338 data set 0.0002120414
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Term Weight Term Weight
mining association rule 0.0000012981 attribute oriented induction 0.0000003407
Multiple level association 0.0000005192 data mining system 0.0000003083
level association rule 0.0000005192 generalized association rule 0.0000002758
discovered association rule 0.0000004868 object oriented database 0.0000002434
spatial data mining 0.0000003732 data mining techniques 0.0000001947
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