
  
Abstract—This experimental study aims to apply the method of 

artificial neural networks with the multilayer perceptron for machine 
learning in pattern recognition and producing better retrieval results 
of unstructured data sets. The researchers used the Waikato 
Environment for Knowledge Analysis (WEKA) software as a toolbox 
to generate machine learning algorithms for data mining tasks. The 
main datasets were divided into five sub-datasets. The multilayer 
perceptron classification was applied to every group, but there were 
differences in word frequencies and sequences among them. After the 
experiment, it is found that the first sub-dataset provided the best 
overall results because of its learning performance of recognition. It 
implies that the application of artificial neural networks with the 
multilayer perceptron classification significantly improves the pattern 
of recognizing word meanings. This potential technique also 
reinforces an effort to develop a novel system of web information 
retrieval. 
 

Keywords—digital collection, information retrieval, multilayer 
perceptron  

I. INTRODUCTION 
NFORMATION technology plays on important role to our 
everyday life and the huge amounts of data increase rapidly. 

Information retrieval is an important tool for new researchers 
to find information, new ideas, and new topics for their works. 
It has become a challenge to a developer to create the effective 
tool for information retrieval in order to serve individual’s 
needs. Collections in the digital libraries are major resources 
for researchers, but the current system of information retrieval 
does not support semantic search patterns. It simply combines 
textual search with an important rank, relevant output and 
keyword appearance [1]. For this reason, the existing retrieval 
system usually generates many irrelevant results which 
information searchers do not want them. Time constraint is 
another hindrance.  
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General users cannot get appropriate results quickly 
because of hundred items found in each display. They decide 
to choose some results from only the first two webpages. 
Thus, the filtering process of desired information among a 
large number of results challenges digital library experts to the 
improvement of the information retrieval system.  

The digital collections or web pages can be undoubtedly 
discovered by search engines with specific keywords. The 
users, however, expect to get results showing anticipated 
meanings. In fact, many words have varied meanings and can 
be used in different parts of speech. The search engines cannot 
distinguish one from other homonyms. For example, “fly” 
(noun or verb) can be used in different parts of speech and 
various meanings. The users have to filter the results again by 
themselves and spend more time to extract the results 
precisely and suitably from the first few pages. This affects 
laypersons who have less experience to express their needs in 
exact keywords in any queries. The rationale behind this study 
is to apply the method of artificial neural networks with the 
multilayer perceptron classification for improving the retrieval 
system that provides semantic keywords found on web sites or 
in digital documents.  

II.   RELATED WORKS 
Whenever web authors want to compose their digital 

documents; it is unavoidable to meet the homonyms appeared 
in them. Retrieving these collections, it is necessary to have a 
useful aid to differentiate between search terms spelled the 
same on the basis of their true meanings to enable us to obtain 
information we need. In practice the searchers look at the 
context that comes before and after a word, phrase or 
statement to help find out its meaning [2]. In other words, the 
users select documents to match to their needs by considering 
the context of the documents relative to the search terms. 
Previous attempts at building the information retrieval systems 
for filtering relevant keywords in titles, abstracts, and 
paragraphs of full papers have been developed gradually. 
Later on, the concept of the machine learning process is 
introduced to simulate information extraction that resembles 
human recognition by displaying the precise search results 
with less time constraint. 

The evolution of retrieval system development in general is 
similar to the development of digital library systems in 
particular. Digital collections are the digitized format of 
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information resources delivered by information service units 
or organizations. These collections allow users to have a 
remote, online access according to topics in which they are 
interested. Examples of the digital collections include journal 
articles, electronic books, digital images, bibliographies, 
gazetteers, chronologies, directories and so on [3].  

Researchers in the study area of digital library systems 
apply some techniques in relation to machine learning and 
information retrieval approaches of webpages to the 
development of digital collection access. They are as follows: 
[4] 

1) Topic and event tracking  
2) New adaptive information retrieval methods based on 

training-language models for the collections and queries.  
3) Novelty detection  
4) Hierarchical text categorization  
5) Unsupervised clustering, including hierarchical 

clustering for discovering potentially useful ontologies; 
6) Cross-language information retrieval, tracking and 

clustering  
Recently, data mining has been employed to advance the 

digital library system. This technique is the process of using 
language-learning patterns to discover unknown, hidden, and 
meaningful information in databases. Its tasks consist of 
description, estimation, prediction, classification, clustering, 
and association of information to be searched [5]. The data 
mining field of research arises from the explosive growth in 
the number of digital information collections, information 
repositories, corporate memories, data warehouses, business 
intelligence, etc. There are many software packages developed 
to mine such data in the information technology sector [1], [6].  

The data mining applied to this experiment relies on three 
components – artificial neural network, multilayer perceptron, 
and back propagation. Each component has its own details. 

Artificial neural network (ANN) often called a neural 
network. ANN is a mathematical model or computational 
model based on biological neural networks. ANN represents 
an attempt at a very basic level to imitate the type of nonlinear 
learning that occurs in the networks of neurons found in 
nature. The most common activation function is the sigmoid 
function [5], [7]. ANN consists of an interconnected group of 
artificial neurons. The information processing uses a 
connectionist approach to computation. ANNs are usually 
used to model complex relationships between inputs and 
outputs or to find patterns in the given data [8], [9]. The output 
value is compared to the actual value of the target variable for 
the training observation. The error calculation is the difference 
between actual value and output value. Neural network model 
uses the sum of squared error in prediction measurement. The 
fitting of output predictions becomes the actual target values 
[6], [10]-[12]. 

Multilayer perceptron or multilayer feed forward neural 
network comprises multiple layers of computational units 
(input layer, hidden layer, and output layer). Each neuron in a 
layer directs connections to the neurons of a subsequent layer. 
It is usually interconnected in a feed-forward way [5], [7]. 
There are no cycles or loops in the network. The combination 

function of the structure of input layer nodes, hidden layer 
nodes, and output layer nodes produces a linear combination 
of the input node. The connection weighs into a single scalar 
value in term of “net” [1]. 

Back propagation is a popular method of training multilayer 
feed forward ANNs [7]. The machine learning process has two 
stages which are a training stage and a testing stage [6], [8], 
[9]. The training stage is used for supervising and training the 
designed multilayer perceptron in accordance with its training 
data. It is a pattern for the supervised test set. In the testing 
stage, the test set of calculated weights of neural network from 
the first stage. Its result is used to estimate the overall ranking 
of documents for new examples in this second stage. The test 
output used for estimating the values of the attributes for 
information corresponding to the desired output and its 
ranking in the normalized rank table. 

The back propagation algorithm uses the supervised 
learning to provide the network computation algorithm with 
the examples of the inputs, outputs, and errors, i.e. differences 
between the actual and the expected results [9]. The artificial 
neurons send their signals “forward” and then the errors are 
propagated backwards. The ANN contains many nodes with 
weights assigned to each connection. It can learn to work 
around noisy data or uninformative examples in the data set. 
Each connection between nodes has a weight associated with 
it. At initialization, these weights are randomly assigned to the 
values from zero to one. The training set and the test set 
include columns of input nodes and interconnections in a feed-
forward way.  

III. PROPOSED CONCEPT 
Enabling a computer to understand human languages 

remains to be done.  An alternative information retrieval 
system for digital collections, i.e. webpages, is proposed in 
this experimental study. It presents the system that can train 
and test the relative keywords derived from the context of 
digital documents or web sites. The interesting function is 
multilayer perceptron classification. It simulates the learning 
process for the retrieval model. It is also adopted in many 
previous works to calculate the vector of keywords [6], [13]-
[15]. This study reviews and compares the existing retrieval 
techniques and machine learning techniques currently used in 
the present. The investigators chose the simple word with 
several meanings to be the datasets for testing the learning 
processes. The word “house” was selected with the specific 
meaning as a building people living in, usually for one family 
[2]. There are two main dataset schemes: the training set and 
the test set prepared for data mining. Classification function in 
the data mining is one of the suitable choices in this research 
setting. Next, the application of the machine learning is 
employed in this study. It seems similar to humans’ decision 
making tasks encountered in everyday life. The process for 
grouping classes of data belongs to its feature by finding 
common traits or characters. The main objective of 
classification is to predict categorical class attributes for new 
samples [10]. Six steps conducted in this study are 
summarized below: 
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1) Get initial input data from webpages and databases 
through search engines 

2) Extract the data from each web or document containing 
the assigned term “house” by focusing on its frequency, order 
of appearances, and statistical data in each selected sample. 
Then consider the words to understand the structure of data 
representation in each input data.  

3) Group the data into the contextual types of the studied 
theme 

4) Create the sub-datasets with the input file format for 
learning classification and complete all missing values. 

5) Run the machine learning process with the multilayer 
perceptron function in both the training stage and testing stage 

6) Compare the output derived from the multilayer 
perceptron with other classification techniques. 

IV. METHODS 
From the above-mentioned concept, the study began with 

data preparation from the assigned keyword “house”. The data 
were gathered from webpages and databases. The 38 selected 
attributes relevant to “house” in terms of the learning pattern 
and testing were divided into four groups. The first group 
consisted of attributes with the same meanings or synonyms 
for “house”. The second group had thirteen types of related 
terms which were frequently found and rarely found. The third 
group was comprised of the compound words with “house”. 
The last group had five attributes which were nouns possibly 
relevant to the meanings of “house”. All scheme attributes are 
shown in table I and II. 

The second process was to build up the dataset from raw 
data. Each dataset had 250 training set in instances and 50 test 
set in instances. The actual value of the data was set to “1” if  
the relevant records were in the condition of correct meanings. 
Meanwhile, “0” would be set for the irrelevant records. There 
were five sub-datasets in the learning system. The selected 
data followed the sequential records and were categorized into 
each sub-dataset. The training set had 250 instances that could 
separate class “1” from class “0” in an equal number of 125 
instances per class. In the meantime, there were 25 instances 
of the test set per class. 

The datasets were stored in CSV format which were readily 
executed with the WEKA (Waikato Environment for 
Knowledge Analysis), an open source data mining program 
[7], [16]-[17]. The back propagation algorithm used the 
supervised learning pattern and its testing was calculated. All 
the attributes of the first training and testing round were 
executed one by one until every dataset was completed and 
sorted by the least error found in the evaluation results. The 
feed forward processing was also done through all the 
attributes to accomplish the learning pattern in the context of 
keywords regarding to the extraction of irrelevance. The 
learning and testing continued to show least error-ranking 
attribute+1. Remaining attributes would be new input nodes, 
and then lead to the next learning and testing loops.  

The training and testing sets were processed by the back 
propagation algorithm until the input attributes of both had the 
evaluation results that reached the least error and would be 

stopped the learning and testing [8]-[9]. The performance 
measures for numeric prediction were, therefore, used to 
assess results of the multilayer perceptron [6]. The predicted 
values on the test instances were 𝑝1, 𝑝2, …, 𝑝𝑛. The actual 
value sets were 𝑎1, 𝑎2, …, 𝑎𝑛. The measurements were 

 
 

TABLE I 
THE SCHEME ATTRIBUTES GROUP A AND GROUP B 

 
 
 
 
 
 
 
 
 
 

TABLE II 
THE SCHEME ATTRIBUTES GROUP C AND GROUP D 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Correlation coefficient  =  𝑆𝑃𝐴

�𝑆𝑃𝑆𝐴
           (1) 

Where,  
 𝑆𝑃𝐴 =  ∑ (𝑝𝑖−�̅�)(𝑎𝑖−𝑎�)𝑖

𝑛−1
            

 
 𝑆𝑃 =  ∑ (𝑝𝑖−�̅�)2𝑖

𝑛−1
              

 

 𝑆𝐴  =   ∑ (𝑎𝑖−𝑎�)2𝑖
𝑛−1

              
Which 𝑝𝑖  referred to the value of the prediction for the 𝑖𝑡ℎ test 
instance, and 𝑎� was the mean value over the test data. 

 

Group C Group D 

C1 house/home  builder D1 family 

C2 house/home  buyer/purchaser D2 housing 

C3 house cleaning/housekeeping D3 live/living 

C4 household D4 rent 

C5 house/home income D5 staying 

C6 homeless 
 

C7 house/homeownership 
 

C8 house/home price 
 

C9 housewife/homemaker 
 

C10 house/homework 
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Mean-absolute error  =   |𝑝1−𝑎1|+⋯+|𝑝𝑛+𝑎𝑛|
𝑛

       (2) 
 

Root mean-squared error  =  �(𝑝1−𝑎1)2+⋯+(𝑝𝑛−𝑎𝑛)2

𝑛
   (3) 

 
Relative-absolute error  =  |𝑝1−𝑎1|+⋯+|𝑝𝑛−𝑎𝑛|

|𝑎1−𝑎�|+⋯+|𝑎𝑛−𝑎�|
     (4) 

 

Root relative-squared error  = �(𝑝1−𝑎1)2+⋯+(𝑝𝑛−𝑎𝑛)2

(𝑎1−𝑎�)2+⋯+(𝑎𝑛−𝑎�)2
  (5) 

  
referred to “(4)” and “(5)”, 𝑎� was the mean value over the 

training data 
The final process was to make a comparison of the 

multilayer perceptron results with the other retrieval 
techniques. This study compared the results of F-measure [1], 
[7], [13], [18] with cosine similarity, euclidean distance, and 
extended jaccard coefficient [19]. F-measure became the 
harmonic mean of precision and recall. 

 

F-measure  =    2 × 𝑟𝑒𝑐𝑎𝑙𝑙 ×𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑟𝑒𝑐𝑎𝑙𝑙 +𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

         (6) 
         
=    2 × 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

2 ×𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
      

 

The new information retrieval model would be developed 
toward a novel system suitable for non-expert users who want 
to search for webpages and collections of digital libraries. 

V.  EXPERIMENTAL RESULTS 
The multilayer perceptron classifier of the learning model 

for every sub-dataset is accomplished. The contextual 
relationships of each sub-dataset’s learning output are as 
follow: 

1) Sub-dataset 1 consists of attribute A2, D2, A8, C7, C9, 
and C2. 

2) Sub-dataset 2 consists of attribute A2, D4, D2, C3, C7, 
A10, C4, C6, A8, C8, and B13. 

3) Sub-dataset 3 consists of attribute A2, D4, A10, A9, D3, 
and A4. 

4) Sub-dataset 4 consists of attribute A2, B2, D4, A7, C2, 
and C3. 

5) Sub-dataset 5 consists of attribute A2, A9, D1, C3, A4, 
D5, and C2. 

The expression of each sub-dataset output is relevant to the 
first attribute of every sub-dataset that is A2 home. There are 
combinations of keywords from three groups (A, C, and D) in 
sub-dataset 1, sub-dataset 3, and sub-dataset 5, which 
recognize the words from every group. These results indicate 
that there are relationships among the context of the words in 
these three groups. None of independent group can be found. 

The evaluation results of multilayer perceptron learning are 
summarized in table III. The sub-dataset 1 retrieves the best 
evaluation testing results in correlation coefficient 0.9978, root 
mean squared error 0.1004, and root relative squared error 
20.09%, whereas sub-dataset 5 has the worst overall 
measurement results.  

Table IV presents the percentage of the correctness 
prediction results in the multilayer perceptron learning. The 
test set in sub-dataset 1 completes the correct prediction in 
both classes. The sub-dataset 3 has the least correct prediction 
in class “1” 87.5%, whereas the sub-dataset 5 has the least 
correct prediction in class “0” 71.4%. 

 
TABLE III 

THE PERFORMANCE MEASUREMENT OF MULTILAYER PERCEPTRON 

 
 

TABLE IV 
THE PERCENTAGE PREDICTION RESULT OF MULTILAYER PERCEPTRON 

 
Table V shows the results of the F-measure comparison 

between the multilayer perceptron and the other methods by 
using cosine similarity, euclidean distance, and extended 
jaccard coefficient. The F-measure rate comparison of test 
data in sub-dataset 1 for multilayer perceptron is equal to the 
extended jaccard coefficient at 1. The outcome seems to 
provide the perfect correct prediction. The cosine similarity 
has F-measure poorest rate, especially in the test data in sub-
dataset 3 at 0.63. The highest rate of euclidean distance is 0.89 
in the test sub-dataset 2. In conclusion, the average of the F-
measures of all five sub-datasets test rates range from the 
multilayer perceptron and extended jaccard coefficient to the 
euclidean distance and cosine similarity respectively.   
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TABLE V 
F-MEASURE COMPARISON 

 

VI. DISCUSSION 
This experiment is undertaken with few cautions regarding 

to the provision of the dataset. The existing dataset aims to test 
in the basic search environment of general Internet users. The 
raw data are brought from the search results of three search 
engines — Google, Yahoo, and Bing. The selected items are 
not limited to the first page result because the higher ranks 
occasionally depend on Search Engine Optimization for 
competitive marketing reasons. Therefore, it causes the actual 
results ranking to sometimes disconnect the relevant or 
matched meanings from the search term. Several results have 
wrong linked or limited accessibility. The sample keyword  
“house” is chosen because it is a simple, generic term which 
can retrieve numerous search results. This word also has 
several appropriate for applying the learning condition based 
on it. To really cover digital collections, the dataset for the 
future study should come from open access journal articles or 
other databases subscribed to various digital libraries. 

VII. CONCLUSION 
The system learning applied in this study yields the 

satisfactory results. They illustrate the output attributes from 
five sub-datasets by emphasizing the attribute A2 home rated 
as the least error test. The unique result of the raw data A2 
home in every dataset has the highest degree of frequency 
differentiation of the actual value between correct class and 
incorrect class. This outcome implies that the proposed 
concept works for the function of keyword search and 
retrieval. This system generates filtered results with the 
contextual meaning like an information searcher does in 
practice.  The differences in attributes between these datasets 
can be described in detail relating to the meanings of words at 
the context. The multilayer perceptron classification provides 
the best overall test F-measure results in comparison with 
other techniques. The outcome of the study suggests that the 
multilayer perceptron can be an alternative to digital library 
experts developing the information retrieval system for 

discovering webpages or digital documents. 
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