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Abstract. Effective search of documents in documentation databases of 
companies every year turns into an increasingly complex task. The major reason of 
such a situation is the rapid growth of information and the emergence of new features of 
the data collections. Modern search engines constantly optimize their work, paying 
attention to the ranking of documents found according to their relevance to the request 

The object of this study is to analyse the effectiveness of document ranking 
algorithms in search engines that use artificial neural networks to match the texts. The 
purpose of the study was to inspect a neural network model of text document ranking 
that uses clustering, factor analysis, and multi-layered network architecture. The work of 
neural network algorithms was compared with the standard statistical search algorithm 
OkapiBM25. The result of the study is to evaluate the effectiveness of the use of 
particular models and to recommend model selection for specific datasets. 

System identification algorithm is proposed text search in documents databases of 
companies, including factor and regression data analysis. Factor analysis includes 
usage-based data clustering using Kohonen network. For regression analysis we 
suggest using one of two neural network models: based on the hybrid neural net-work 
or based on the multilayer perceptron. Algorithm test results show successful model 
training and low values for training and testing errors. Moreover, a model based on a 
hybrid neural network has learning difficulties if a large number of disjoint 
characteristics. 

The bottleneck of the algorithm is factor analysis method, allowing to identify 
significant factors. In addition to the proposed statistical method that identifies the most 
important factors, it is possible to use the Bayesian or fuzzy logic methods [18, 19]. 
Model modification using the weights of the characteristics that will influence the 
learning and results interpretation is also possible. Development may involve an anal-
ysis of the influence of complex non-linear factors and their combinations. 

Keywords: OkapiBM25, neural network, Kohonen network, perceptron, hybrid 
network, regression analysis 
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Анотація. Ефективний пошук документів у базах даних документацій 

компаній щороку стає все більш складним завданням. Головною причиною 
такої ситуації є швидке зростання інформації та поява нових особливостей 
збору даних. Сучасні пошукові системи постійно оптимізують свою роботу, 
звертаючи увагу на ранжування знайдених документів відповідно до їх 
відповідності запиту 

Завданням цього дослідження є аналіз ефективності алгоритмів 
ранжування документів у пошукових системах, які використовують штучні 
нейронні мережі для узгодження текстів. Метою дослідження було перевірити 
модель нейронної мережі текстового документа ran-king, що використовує 
кластеризацію, факторний аналіз та багатошарову мережеву архітектуру. 
Роботу алгоритмів нейронної мережі порівнювали зі стандартним 
алгоритмом статистичного пошуку OkapiBM25. Результатом дослідження є 
оцінка ефективності використання конкретних моделей та рекомендація 
вибору моделі для конкретних да-тасет. 

В алгоритмі ідентифікації системи пропонується пошук тексту в базах 
даних компаній, включаючи факторний та регресійний аналіз даних. 
Факторний аналіз включає в себе кластеризацію даних на основі використання 
за допомогою мережі Kohonen. Для регресійних аналізів ми пропонуємо 
використовувати одну з двох моделей нейронної мережі: на основі гібридної 
нейронної мережі або на основі багатошарового перцептрона. Результати 
тестування алгоритму показують успішне навчання моделі та низькі 
значення для помилок навчання та тестування. Більше того, модель, 
заснована на гібридній нейронній мережі, має труднощі з навчанням, якщо 
велика кількість непересічних характеристик. 

Вузьким місцем алгоритму є метод факторного аналізу, що дозволяє 
виявити значущі фактори. Окрім запропонованого статистичного методу, 
який визначає найважливіші фактори, можна використовувати байєсівські або 
нечіткі логічні методи. Можлива модифікація моделі з використанням ваг 
характеристик, які впливатимуть на навчання та інтерпретацію 
результатів. Розвиток може передбачати аналіз впливу складних нелінійних 
факторів та їх комбінацій.. 

Ключові слова: OkapiBM25, нейромережа, мережа Кохонена, перцептрон, 
гібридна мережа, регресійний аналіз 

 

Introduction 
Effective search of documents in documentation databases of companies every 

year turns into an increasingly complex task. The major reason of such a situation is 
the rapid growth of information and the emergence of new features of the data col-
lections. Modern search engines constantly optimize their work, paying attention to 
the ranking of documents found according to their relevance to the request [1]. 

To solve this problem, the systems of machine learning is actively used using the 
training sets and knowledge bases [2] or on the bases of statistical information [3, 4]. 
Such the approach allows to achieve high efficiency. However, it makes the ranking 
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algorithm a «black box», which leads to the problem of identifying the correlations and 
searching for its key elements [5]. Many researchers are focused on the problem of 
improving the quality of the search, little affecting the identification of the ranking algo-
rithm. The identification of the algorithm allows us to evaluate the behaviour of the ran-
king algorithm depending on different input data, identify anomalies in the algorithm 
and the possibility of improving quality by optimizing the use of individual factors. In 
addition to the scope of information retrieval, the results of solving this problem de-
manded in the field of Internet marketing in the direction of search engine optimization 
websites [6]. 

Previously, the ranking algorithms were based on the statistical analysis methods [7], 
which showed satisfactory results for explicit algorithms, such as the text ranking algo-
rithms of Meta, Yandex and others. With the beginning of the use of hidden algorithms, 
there was a need to change analysis methods and use machine learning methods. [8] 
suggested the usage of the algorithm for assessing the optimal values of some 
characteristics of documents using genetic algorithms, modelling method ranking 
algorithm using Matrix Net technology [9]. These methods made it possible to identify 
important features of the algorithm, but do not have the possibility of further training, 
which limits their applicability in front of the frequent changes of settings and training data. 
In this article, the task of analysing an algorithm ranking is solved using neural network 
retraining approach systems [10, 11, 12]. There are known examples of their successful 
application for other identification problems [13] and analysis of text documents [14]. 

 
Reserch objective representation 
The analysis of the hidden ranking algorithm is a data mining problem [15], for the 

solution of which it is necessary to identify factors that significantly affect the ranking 
result, and the dependence of the positions of documents on the values of these 
factors. The studied data are presented in vector form, where the components of the 
vectors correspond to the factors characterizing the documents and requests. Examp-
les of such factors are the length of the document, the citation of the document, the 
number of words in the request, and others. 

Search engine ranking algorithm makes a relevance function that maps to a pair 
of vectors (q,d) describing the document and text query, respectively, numerical 
relevance score rel [16]: 

                                                   >��, .� → @OG (1) 
Ranking algorithm identification problem solving is reduced to building a model 

that, given the vectors��, .�, determines the degree of relevance of the document . to 
the query �. The relevance level is defined as the rank assigned to document . when 
ranking for � query.  

In this article, we consider a special case of the identification task. It is required 
the factors identification and their values sufficient to determine if the document 
belongs to the class or not, which are relevant to the given query. Thus, only one 
degree of relevance is considered in the problem and solving the problem will allow 
answer the question what properties should possess a document relevant to a given 
query. Based on this statement of the identification problem, a request is made to the 
input to the system, and at the output, the system provides the values of the factors. 
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Data preparation 
The document and text query factors can be either numeric (such as the volume 

of the text of the document), and nominal (for example, the subject of the document). 
The goal of data pre-processing for neural network analysis is uniform them, which 
includes three stages [10, 12]: 

 Representation of inputs and outputs in numerical form for rated factors using 
binary coding, in which each the value of the factor is mapped to a vector whose 
components correspond to binary representation of the value number. 

 Exclusion of insignificant components of the vectors . and �. At this stage, the 
presence of correlations between characteristics of both input and output data 
separately with the subsequent exclusion of insignificant factors. 

 Data normalization using bipolar sigmoidal activation function [16] >�r� = tanh��r�, (2) 
where � is a given coefficient, r is the value of the factor. 
 
Neural network models 
The search engine analyses all known factors, however, in the actual calculation 

of relevance, only the most significant of them are used [2]. This makes it necessary 
to execute data factor analysis to identify significant factors. Often for different pairs �., �� the ranking algorithm uses various factors. In this article, factors are considered 
significant taking similar output values for similar input vectors. As input vectors are 
considered r-vectors of queries �, as the output N-vectors of the document characte-
ristics .. The part of the .-vector components could be included into the vector r, and 
the remaining part is the vector N. 

The factorial analysis algorithm proposed below uses the Kohonen network and �-means clustering method [10, 12]. The use of the Kohonen network allows to 
greatly reduce the learning efforts and use learning results for the regression analysis. 

 
Kohonen neural network 
Kohonen neural network consists of the output layer only (Fig. 1). 
The vector of input signals r = ¤r�, … , rf´ is sent to the inputs of the all output 

layer neurons. Output layer neurons are linear adaptive adders and are trained 
according to the Winner Takes All rule. Each neuron of the output layer corresponds 
to a certain cluster of space �. 

The Kohonen network training consists of selecting weights  U,z of the neurons of 
the output layer, where L = 1, … , I, ! = 1, … , !. 

The weights of the neuron responsible for the cluster are components of the 
vector  z, that is the centre of the cluster !. Neuron ! ∈ ¤1, … , !´ who won at training 
on some input vector, changes its weight according to the rule:              z�£ + 1� =   z�£� + ¦ ∗ âr �  z�£�å, (3) 
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Fig. 1 Kohonen neural network structure 

where  z is the vector of weighting coefficients of the winning neuron, ¦ ∈ ¤0,1´ is the 
learning coefficient, r it the input vector. Non-winning neurons are also subject to 
change their weights but with lower intensity. The farther the neuron is from the 
winner, the less its weights change: 

                    z�£ + 1� =   z�£� + ¦ ∗ ^�L, !� ∗ âr �  z�£�å, (4) 

where ^�L, !� is a function of the distance between the winning neuron ! and the given 
neuron L, for example: ^�L, !� =  OE 4�U,z�%�∗�% , (5) 

where .�L, !� is a measure of the distance between the weight vectors of neurons 
(.�L, !� = |" U � z"|), � is a given parameter. The output signal of neuron L is NU =^�L, !�, where L = ¤1, … , I´. 

 
K-means clustering 
Let a set of vectors ¤r�, … , rf´ ∈ �, where � is the vector space. It is required to 

partition this set into � clusters. For this purpose, the set of the cluster centres  z ∈ �, 
where ! = 1, … , ! minimizing the functional ^ = ∑ .�rU , z� U,z are to be found where .�rU , z� is a measure of the distance between the vectors rU and  z in the space �. 

 
Factor analysis algorithm 
The input of the algorithm receives the set of input vectors � and corresponding 

set of output vectors .. The factor analysis algorithm consists of two steps:  
 Perform multidimensional clustering of input vectors r using the Kohonen 

network. The number of ! output neurons (the number of clusters) to determine 
experimentally executing the training cycles as many times as needed. 

 For each cluster and each component Nz, ! = ¤1, … , !´ of the output vector of 
the Kohonen network, the r vector is split using �-means method. Based on the result 
of the partitioning and the given parameters # and �, we should decide on the 
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significance of the characteristic Nz according to the following rule: if the proportion of 
vectors, located in a smaller cluster exceeds � ∈ ¤0,1´, and: � .ÏrU , VÒ + #,U,V  (6) 

where  V, M = ¤1,2´ are the centres of two clusters, rU — factor value, L = ¤1, … , �´, � 
is the number of examples, .�r, � is a measure of the proximity of the vectors r and 
 , then recognize the characteristic Nz as insignificant. Using the parameters � and # 
allows us to distinguish between the one cluster and two closely located clusters. 

Upon completion of the factor analysis received: 
 The partition of the input vectors r into � clusters and the centres  z,  

! = ¤1, … , !´ of these clusters. 
 A list of significant factors for each cluster. 
 Kohonen trained network. 
 
Multilayer perceptron 
Every neuron the perceptron receives the input vector r = ¤r�, … , rf´ and gene-

rates an output signal: 

N = > è� UrU
\

U�Z ì, (7) 

where  U, L = ¤1, … , �´, � — custom weights,  Z is the threshold value and rZ = 1. In 
the case where the function is unipolar sigmoid: >�s� = 11 + OE$% (8) 

or bipolar sigmoid                                                              >�s� = tanh�¦s�, (9) 
where ¦ is a given coefficient, multilayer the neural network is called a sigmoidal. The 
one is used in this article. 

Many neurons of the multilayer neural network are divided into output and a 
certain number of hidden layers. Number of perceptron inputs forming the input layer, 
and output neurons layer is completely determined by the tasks, while the number of 
neurons of the hidden layers is determined experimentally. The neurons of each layer 
are usually associated with all neurons of neighbour layers. For example, in a sigmoid 
network shown in Fig. 2, neurons hidden layers are connected to all network inputs 
(input layer) and all neurons of the output layer. Network is unidirectional, that is, 
signals are transmitted from network inputs in the direction of the output neurons. 

Training a network neuron consists of selecting the weights of connections — 
coefficients  U. Neural network training is the task of optimizing the error function by 
varying the weight coefficients. The error function can be defined in various ways, for 
example, the square mean error function: 

                                           �� � = 0.5 ∗ ∑ ∑ �aUz � .Uz��zU , (10) 
where aUz is the component of the output vector produced by the !-th output neuron of 
the network in response to the L-th input vector, .Uz  are the components of the target 
vector for the L-th input vector. 
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Since the sigmoid function can be differentiated, it is possible to use gradient 
learning methods. In this article we use the conjugate gradient method [16]. The initial 
value of the neuron weights is randomly selected, the initial direction is selected as �Z = �∇�Z, and each subsequent step is made in a given direction:  

                                  ��� = �H�� + �� ��×E�×ØF,�×iF���×�×ØF,�×iF�, (11) 

where H�Z = ∇��Z, � = ¤0, … , �´, � is the total number of iterations. In this direction, 
the local minimum of the error function �� � will be found. 

 

 
Fig. 2. Sigmoid network with one hidden layer 

 
Regression analysis 
The regression analysis should find the optimal values of significant 

characteristics (factors). As the regression model analysis considered two designs 
based on a multilayer perceptron [10, 11, 12]. 

 
Hybrid neural network 
The hybrid network is a join of the Kohonen network and the multilayer 

perceptron [11]. Kohonen network determines significant factors in the input vectors. 
These factors form the input layer of the perceptron. The number of inputs of the 
perceptron coincides with the number of clusters allocated by the Kohonen network. 
The number of output neurons coincides with the number of factors, where each 
factor is significant for at least one cluster. The number of hidden neurons is 
determined experimentally. 

Hybrid network processes all clusters, but additional modification is required to 
filter out the non-significant factors not essential for some clusters. The modification of 
sample data consists of the zeroing those components of the output vectors that are 
insignificant for the cluster’s corresponding input vector. 

The disadvantage of a hybrid neural network is the complexity of its training. It is 
shown [17] that the presence of a large number of zero components in the sample 
data complicates gradient learning methods, since large flat regions appear on the 
surface of the neural network surface, which is a geometric interpretation of the error 
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function. The use of a hybrid network is relevant in case of a significant intersection of 
sets significant characteristics between clusters. 

 
Multilayer complex model neural network 
It is proposed to use a separate perceptron with one hidden layer for each input 

cluster vectors selected by the Kohonen network.  
The number of input perceptron neurons equals to the number of neurons in the 

Kohonen network, the number of hidden neurons is determined experimentally, the 
number of output neurons is determined by the number of significant factors of a cluster. 

This model allows us to solve the problem of zero values in the sample data for 
a hybrid neural network, but it is more complex, because of each cluster requires 
a separate approximating neural network. Such a model is relevant for a small 
number of significant characteristics of the clusters. 

The learning algorithm for neural network models has a number of features: 
 The quality of the result of each phase (cluster analysis, factor analysis, 

regression analysis) has a key impact on next phase. 
 If a large fraction of incorrectly recognized vectors falls into the cluster when 

using hybrid neural network models, the error function value decreases in the problem 
cluster, which is due to a small number of significant characteristics in that cluster. 

 The quality of training does not deteriorate if the number Kohonen network 
output neurons will exceed the number of clusters of input vectors. It is due to the fact 
that the partition of many similar vectors into smaller clusters does not negatively 
affects the phase of factor analysis. 

The features described above allow us to choose a regression analysis model 
based on the results of cluster and factor analysis: 

 In the case of weak intersections of sets of significant characteristics between 
clusters, it is preferable to use a model based on the multi-layered perceptron. 

 In the case of a large number of clusters of input vectors, it is preferable to use 
a model based on a hybrid neural network. 

 In the case of the allocation of a large number of clusters with weak 
intersections of sets of significant characteristics, it is possible to use a model based 
on a hybrid neural networks in which each hybrid network processes clusters with 
strong intersections sets of significant characteristics. 

Algorithm testing 
The initial ranking algorithm is Okapi BM25 [20] that ranks a set of documents 

based on the query terms appearing in each document, regardless of their proximity 
within the document. 

Given a query (, containing keywords ��, … , �f, the BM25 score of a document ^ is: 

                       �M?@O�^,(� =  � �^_��U� ∗ >��U , ^� ∗ ��� + 1�>��U , ^� + �� ∗ æ1 � � + � ∗ |^|JîH.Gç
f

U��    (12) 

where >��U , ^� is �U ’s term frequency in the document ^, |^| is the length of the 
document ^ in words, and JîH.G is the average document length in the text collection 
from which documents are drawn. Parameters are set to the default values �� = 2 
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and � = 0.75. �^_��U� is the Inverse Document Frequency weight of the query term �U, computed using the formula: 

                                          �^_��U� = log\Ef�,Ñ�Z.-f�,Ñ�Z.- , (13) 

where � is the total number of documents in the collection and I��U� is the number of 
documents containing �U. 

The training sample is based on the sample text collection and queries. Queries 
were selected from the set with the varying words number from 2 to 5, do not include 
numbers, misspelled words, unknown words and at the same time the text collection 
contains at least 5 documents, including all query words. Vector � consists of 
11 components, some of which may be zero. The first 5 pairs of components contain 
the values >��U , ^� and �^_��U�, which are factors describing the request, the last 
component determines the number of query words. 

The input vectors are � query parameters, output vectors are . document para-
meters having �M?@O = 1 using Okapi BM25. Vector . length equals to 6. Overall 
query volumes are — 141 queries with the length equals to 2, 158 queries with the 
length equals to 3, 157 queries with the length equals to 4 and 133 queries with the 
length equals to 5. Learning data is set to 80% of the vectors, while 20% is used for 
the tests. 

Error function is:                                                 �P� =  �\½ ∑ ∑ �NU,z � .U,z��½z��\U�� , (14) 

where � is the number of samples, � is the dimension of the output vectors, NU,z is the 
components of the output neural network vector, .U,z is the component of the 
expected output vector. 

The number of neurons in the Kohonen network was increasing, starting from 2 
and up to 8, based on the recognition quality. The quality is measured using �P� 
function. The further increase of the neurons number does not lead to the quality 
improvement but to the amount of computation. 

As a result of factor analysis, input vectors were divided into clusters by the 
number of words in the query. Optimal split obtained using 8 neurons in the Kohonen 
layer: 2 clusters corresponded to the request length 2, 2 clusters corresponded to the 
request length 3, 2 clusters corresponded to the request length 4 and 2 clusters with 
query length 5. For each cluster defined >��U , ^� and |^| for a large proportion of 
documents. The size fraction corresponds to a 75% share. 16 neurons were used in 
the hidden layer of the perceptron of the hybrid network, 8 neurons were used in the 
hidden layers of the perceptron. 

The response of a trained neural network at the input the query vector are the 
values of the components of the vector . that will ensure a high rank of the document 
on this request. The response of the neural network is considered incorrect if the 
relevance of the document is lower than that of the problem document vectors. 

Tables 1 and 2 represents the error rates using learning and test data of the 
8 clusters identified by the Kohonen network. Algorithm test results show successful 
model training and low values for training and testing errors. 
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Table 1  
Learning results based on the hybrid network 

 

Cluster # Learning data volume Error rate (learning) Error rate (test) 
1 50 0.0001 0 
2 64 0.0001 0 
3 57 0.0000 0 
4 60 0.0000 0 
5 65 0.0534 0.0313 
6 51 0.0003 0 
7 61 0.0002 0.0167 
8 64 0.0001 0 

 

 
Table 2  

Learning results based on the multi-layered perceptron 
 

Cluster # Learning data volume Error rate (learning) Error rate (test) 
1 50 0.0002 0.0589 
2 64 0.0001 0.0477 
3 57 0.0062 0 
4 60 0.0002 0 
5 65 0.0002 0 
6 51 0.0001 0 
7 61 0.0001 0.0167 
8 64 0.0001 0.0159 

 
Conclusion 
System identification algorithm is proposed text search in documents databases of 

companies, including factor and regression data analysis. Factor analysis includes 
usage-based data clustering using Kohonen network. For regression analysis we 
suggest using one of two neural network models: based on the hybrid neural network or 
based on the multilayer perceptron. Algorithm test results show successful model 
training and low values for training and testing errors. Moreover, a model based on 
a hybrid neural network has learning difficulties if a large number of disjoint 
characteristics. 

The bottleneck of the algorithm is factor analysis method, allowing to identify 
significant factors. In addition to the proposed statistical method that identifies the 
most important factors, it is possible to use the Bayesian or fuzzy logic methods [18, 
19]. Model modification using the weights of the characteristics that will influence the 
learning and results interpretation is also possible. Development may involve an 
analysis of the influence of complex non-linear factors and their combinations.  
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