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Abstract.     The approaches to the construction of a hybrid agent-based model (ABM) using artificial neural networks in 
the field of distance learning (DL). This is a theoretical model aimed at supporting computer simulations assessing trends 
of production and dissemination of knowledge participants in e-Learning the example of one of the universities. ABM is 
aimed at building an artificial society in which agents interact with three types: A1 – the authors of distance learning 
courses (DC), A2 – tutors to accompany the learning process, and A3 – the students, participants of the DC. Agents 
artificial societies behave quite independently, namely: make decisions, perform actions and interact with other agents. 
Actions of agents are their responses to changes in the environment and the actions of other agents. A key aspect – it is the 
interaction between the agents. For the implementation of any solution is enough agent. To implement the same interaction 
to be a group decision. Group decisions, as is known, accepted, subject to certain rules, which are necessary to specify in 
our case. Investigate the effectiveness of software to support the implementation of a hybrid produced by ABM: AnyLogic, 
a popular package for agent-based modeling, and a package of STATISTICA Neural Networks. 
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1 Introduction 
 
On knowledge as a special product that is unique and does not disappear after use (like information), written a lot, starting 
with the classic work by F. Machlup [1]. Especially emphasized that the measure of knowledge is not as simple as 
measuring the amount of conventional products [2]. One approach – a measure of cost, as is customary in measuring the 
cost of conventional products. Naturally, the full costs it is extremely difficult to obtain. Another approach - measuring the 
amount of knowledge on the results, for example, the number of people need to know. If knowledge is not used by 
anybody, it is logical to assume that its value (or utility) is zero. The more people use the knowledge, the higher its value.  

Note that the Internet dimension of knowledge is based on the results, to assess which are the most common citation 
indexes, the number of clicks or copies, and others [3]. With these methods of measurement can provide assessment of 
knowledge with specific actors in the field of distance learning (DL). 

In [4] reviewed and methodological approaches to the modeling of communicative interactions of three types of agents 
electronic learning: authors, tutors and students of distance learning courses (DC or DK). Environment of their 
communicative interaction is a virtual center of one of the higher education institutions [5]. Creating an agent-oriented 
model designed to support the computer experiments estimating the trends of production and dissemination of knowledge 
in e-Learning. 

Agent-Based Model (ABM) – these are new tools for extracting knowledge in various spheres of activity. With the 
development of ABM should adhere to the following basic requirements [6]: the autonomy of the micro-level agents, 
bounded rationality of their behavior (maximization of utility function, which allows for a wide range of possibilities is 
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excluded), functioning within a particular "environment". The ultimate goal of developing an agent-based models is an 
attempt to get an idea of some set of rules of conduct specific agents, representing an artificial (virtual) community. The 
encyclopedia "Wikipedia" is given to this concept the following definition: "Artificial Society – an agent-based model 
developed for computer simulations in social analysis". 

Among the software for the construction of ABM [7], we can allocate these most popular packages – SWARM and 
AnyLogic. The first package is open source collection of software libraries developed at the Institute of Santa Fe and 
available on its website [8]. Some of the libraries are written using the scripting language, providing the use of graphical 
tools (graphics, windows, etc.). AnyLogic – it's a commercial package, its special class library AnyLogic agent based 
library allows you to specify the required functionality from the agents of the model [9, 10]. 

The purpose of this article – to consider the methodological approaches to the construction of a hybrid ABM 
assessment of knowledge in the field of distance learning using neural networks, one of the areas of artificial 
intelligence. The creation of this hybrid model is aimed at support of computer experiments with the aim of estimating 
trends in production and dissemination of knowledge to the distance learning. The results of studies of software 
implementation of the hybrid ABM: AnyLogic and STATISTICA Neural Networks. 

 
 

2 Theoretical Part 
 
Specification of the task of designing a hybrid ABM is aimed at building an artificial society in which these interact 
with the main types of agents: A1 – the authors of the DC, A2 – tutors to accompany the learning process, and A3 – the 
students, participants of online courses. In other words, on the basis of the above definitions, we assume an artificial 
(virtual) community micro-level set of agents that are included in ABM. Agents artificial societies behave quite 
independently: make decisions, perform actions and interact with other agents. Actions of agents are their responses to 
changes in the environment and the actions of other agents. A key aspect - it is the interaction between the agents. For 
the implementation of any solution is enough agent. To implement the same interaction to be a group decision. Group 
decisions, as is known, accepted, subject to certain rules, which are necessary to specify in our case. 

Key assumptions in the development of the model are as follows: 
− terms of decision-making agents (participants) e-Learning moving in two dimensions and have a finite horizon of 

vision; 
− agents, distance learning interact in a virtual learning environment, according to certain rules, have a finite lifespan; 
− target's distance learning course (agent of the first type) – to produce more knowledge and transfer them to tutor 

and students, the goal of the tutor (agent of the second type) – to distribute knowledge among the largest possible 
number of students, and the target students (agents of the third type) – to use more knowledge. 

With a formalized description of the behavior of agents of distance learning (1) - (5) used the following notation: ai - 
number of the author DC; aj - the number of tutor; as - number of students; k(t, ai), k(t, aj), k(t, as) - the volume of 
existing (stored) knowledge, respectively, from the author of DC, tutor and student; w(t, ai), w(t, aj), w(t, as) - the 
amount of transferred knowledge to other agents by the author of DC, the tutor and student, respectively; x - coordinate 
along the horizontal axis (varies depending on the speed); y - coordinate of the y-axis (varies depending on speed); vx - 
the rate on the horizontal axis (can be changed when the agent saw the interlocutor - the maximum speed); vy - velocity 
along the vertical axis (can be changed if the agent saw the interlocutor - maximum speed, and after talking with the 
agent); d1, d2, d3, d4, d5, d6 - share transfer knowledge from agent to agent; La - the life of an agent a; Ki, Kj, Ks - the 
total amount of knowledge produced DC sponsors, tutors and students, respectively; K - total amount of knowledge in a 
virtual training center; pi, pj, ps - the probability of occurrence, respectively, the author of DC, tutor and student. 

The results of the simulation thus constructed ABM in SWARM given in [4]. 

Well, we want to investigate the effectiveness of the package AnyLogic to develop hybrid ABM estimates of 
knowledge participants in e-Learning based on neural networks – one of the new directions of artificial intelligence. 
Review of scientific papers devoted to this area, suggests that the results of neural networks, trained on a large number 
of observations are more consistent with reality than expert systems (in which predicates are computed from the 
knowledge base obtained by interviewing a small amount of experts) or a system of fuzzy logic (using the rules, which 
are also incorporated a number of people). 

Figure 1 shows the general scheme of hybrid ABM participants before. It is seen that in the process of creating a 
hybrid model, we consider three artificial society, each of which represents a set of decision makers to develop and 
spread in a virtual learning environment Moodle electronic knowledge. Support solutions provided by artificial neural 
networks. 
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For the creation of neural networks and their subsequent incorporation into the hybrid ABM, we used the data that 
characterize the activity of knowledge extraction agent before. After a number of records (clicks), published in the 
System event log Moodle, can be carried out annual monitoring (over the last 12 months) of basic actions of the 
participants of training: review, update, add, delete, resources and jobs in remote courses or on the main page analyzed 
the virtual training center. It should be noted that our study used four-month data characterizing 117 000 actions of 
more than 500 agents, distance learning, among which about 10% are the authors of distance learning courses, 
approximately 20% – tutors course, others – students. 

All data describing the clique in the system event log management for Online Learning Moodle, divided into such 
disjoint sets of data about clicks (activity): authors, tutors and students, members of the DC. 

On the basis of these data determined the number of clicks an agent j-th type )(~ jx  . Each group also 
includes a conditional reference value , which is defined within a specified range of variation of this parameter 

(between the lowest  and highest 

)3,2,1( =j
)(

0
~ jx

)(
min

~ jx )(
max

~ jx  possible value) and corresponds to a better quality. In this case, a conditional 
reference value may take expert assessment or specific performance standards. 

Offered for each analyte-specific indicator )(~ jx  )3,2,1( =j  of this transformation (*), which resulted in its domain 
of possible values  determined by the interval. In this case, the zero value of the transformed indicator  will 
mean the lowest quality of certain characteristics, and identity – the greatest. 
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Thus, if the indicators on the number of clicks specified under the above-defined group, then go to the normalized 
indicators  related to the input variables )( jx )(~ jx  by using the following conversion: 
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It is obvious that for each j-th group of the transformed (normalized) variable  can take values  
(corresponding to the worst quality) from to  (in the best quality). 

)( jx 0)( =jx
1)( =jx

On the basis of the conversion (*) can proceed to the construction of artificial neural networks. This issue is solved 
in two stages: 

1) the choice of the type (arch) network, 
2) selection of weights (learning) network. 

Figure 2 shows the stages of construction and application of neural networks for their subsequent incorporation into 
ABM. 

In the first stage, for each type (or group) agent to the need of different network architectures to choose effective. 
The most popular and studied architecture – a multi-layer perceptron, linear networks, probabilistic neural network, 
generalized regression neural network, and others. 

In the second stage should "educate" the selected network, to select such values of the weights of the network to 
work properly. For many architectures developed special learning algorithms that allow you to customize the weight of 
the network in a certain way (Tab. 1). 

After repeated presentation of examples of clicks agents e-Learning Network weights stabilized, and the network 
gives the correct answers to nearly all the examples from the database (figures clicks agents e-Learning). In this case we 
say that a "network of trained" or "network is trained". In software implementations, we can see that in the learning 
process, the error (the sum of squared errors for all outputs) is gradually reduced. When the error reaches an acceptable 
low level, are stopped, and the training network is considered trained and ready to use on new data. 

It is important to note that the information network has the task of estimating the trends of production and 
dissemination of knowledge agents in a test environment, is contained in a set of examples of clicks agents e-Learning. 
Therefore, the quality of the network training depends on the number of examples in the training set, as well as on the 
extent to which these examples describe the task. 

Among the software developed for the construction of neural networks, we have chosen a package STATISTICA 
Neural Networks, which lets you create any type of neural network architectures. The package has a tool for "Master of 
solutions, which provides for novice users design a set of neural networks with the best characteristics. You can also 
apply the "Design of networks" that provides the selection and training of neural networks with the requirements of 
advanced users. 
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Note also that the STATISTICA Neural Networks has a separate module - code generator, which adds to this package 
can create the equivalent of a trained network (nekompilirovanny) code or in the language C / C + +, or in Visual Basic. 
Each calculation and setting of artificial neural networks are open and accessible to the user for viewing, copying or 
alteration. Code snippet creates a user of the neural network can be embedded as a function for future use of code in 
other applications. The huge advantage of this opportunity that STATISTICA Neural Networks is not obliged to be 
installed on the computer where the generated code. 

Figure 3 shows examples of neural networks developed by means of STATISTICA Neural Networks for hybrid 
ABM. Note, they have the same architecture – the multi-layered perceptrons. The differences between these neural 
networks are composed in the number of neurons in the hidden layer, and some other parameters. 

Numeric values indicated in Fig. 3 parameters of neural networks is not as important as the emphasis in this work 
are made on the methodological approaches to the construction of hybrid ABM, and so we will now focus on the 
technical issues of realization of neural networks, simply list their main purpose for the generated model. 

 The neural network number 1 (NN#1) – determine the activity of agents of the first type on the basis of 
forecasting the possible number of clicks and thus, assesses the level produced and distributed knowledge of the authors 
of the DC. 

 The neural network number 2 (NN#2) – defines the activity of agents the second type based on the prediction 
of the possible number of clicks and thus, assesses the level extension’s tutors DC. 

 The neural network № 3 (NN#3) – defines the activity of agents the third type on the basis of forecasting the 
possible number of clicks and thus, assesses the level of consumption of knowledge by students, participants in distance 
learning. 

Consequently, the decision of agents of distance learning as it takes the corresponding neural network, receiving the 
input variables which characterize the increase in value (utility) of knowledge for the participants of the artificial 
society a certain type. The number of clicks measured taking into account the thresholds for the future, allows the 
hybrid ABM (Fig. 1) to assess trends in production and dissemination of knowledge by agents, based on the activity of 
each of the participants in distance learning. 

At present in the environment AnyLogic created a working prototype model to allow fragmented implement 
behavior agent to represented in Fig. 1, and analyze some of the parameters (finite lifetime agents). 

The behavior of agent to the notation AnyLogic described by active objects. Active object – an entity that 
encapsulates the object's attributes, methods, and the behavior of the object as a whole. The use of active objects is a 
natural means of structuring the production and dissemination of knowledge to the distance learning: an artificial 
society consists of a set of parallel functioning and interacting entities. Various types of these entities and represent 
different active objects. 

To create a model AnyLogic, you need to create classes of active objects (or use an object library AnyLogic). 
Determination of the active object sets the template and the individual objects, constructed in accordance with this 
template (copies of the active site) can then be used as elements of other active objects: avtorDK [..], tutor [..], student 
[..]. Always a class in the model AnyLogic is the root. For him, in our hybrid AOM generates one instance of a 
predefined named Main, he started AnyLogic system for execution. Each active object has the structure (the totality of 
the included active objects and their relations), and the behavior defined by a set of variables, parameters, steytchartov 
(state diagrams), etc. Each instance of active object in the working model has its own behavior, their values. It operates 
independently of other model objects, interacting with them and with the environment. 

Used to describe a hybrid model variables have the same structure. Fig. 4 is a diagram explaining the indexing 
variables. Symbol X denotes the action (click), carried out by agent before. Examples of such actions can be P – image 
resources and jobs in distant course, O – updating resources and jobs in DC, D – the addition of resources and jobs in 
DC, as well as U – removal of resources and jobs in DC. Usually clear from the context of what the action in question. 
The index c determines the distance learning course in which the agent acts. Number of distance learning agent is given 
an index i. Finally, j – the index, indicating the type of agent (A1 – author, A2 – tutor, A3 – student). 

It should be noted that the specifications of the behavior of agents analyzed hybrid ABM certain actions at the 
entrance to provide an indication of the code execution of an artificial neural network. 

The basic paradigm, adopted in AnyLogic in modeling, is a visual design – provides for the construction with the 
help of graphics and icons hierarchies of structure and behavior of active objects. 

Figure 5 shows an example specification of behavior of agents created a hybrid that reflects the interaction between 
the authors DC, tutors and students, participants in distance learning. As seen from Fig. 5, the line "Action at the 
entrance to" determine the interaction of agents using a neural network number 1 (NN#1), sends a message to forecast 
the number of clicks by the authors DC all related agents to distance learning, and thus assess the level produced and 
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distributed knowledge. As seen from Fig. 5, the line "Action at the entrance to" determine the interaction of agents 
using a neural network number 1 (NN#1), sends a message to forecast the number of clicks by the authors DC all 
related agents to distance learning, and thus assess the level produced and distributed knowledge. 

Effect in exit provides three situations: 

1. During the meeting, the two authors of DCs in both knowledge gain is proportional to the knowledge of the 
interlocutor. 

2. At a meeting with the tutor's rate of growth in knowledge is not happening, but the growth rate occurs, which 
characterizes the transfer of knowledge. I tutor is knowledge gain in proportion to the knowledge of the authorDK. 

3. During a meeting with a student from the author is an increase (significantly less than at a meeting with the tutor) 
transferred knowledge and the student – increase in consumption of knowledge. 

The behavior of the tutor (A2) and student (A3) in hybrid ABM reflected similarly by using respectively, the neural 
network #2, and neural network #3. 

For example, consider the flowchart (chart) action AvtorDK (Fig. 6). This code will be performed at every step of 
the agent. 

Consider the effect on each block separately. Figure 7 allocated block in which a variable "neighbor" neighbors are 
assigned the current agent, and checked whether they had, if any, it moves the entire array of these neighbors and they 
performed certain actions, for example: check this neighbor belongs to a group of agents and also to distance course. 
The following figure shows the algorithm to check its neighbor belonging to a particular type of agent and also to 
distance course, and depending on this, certain actions are performed. This unit also can be described with these words: 

1. If the neighbor is the author of this agent unit then proceed to 2 points, if not, go to the next block. 
2. If this neighbor is the same unit then go to step 3, if not, then this share is divided by the value of n, indicating 

the usefulness of this knowledge (larger n, so less useful knowledge, namely n = 2 helpful rather than n = 5). 
3. Some neighbors share knowledge goes this agent (Fig. 8). 
Variable of k_avtor indicates the number of knowledge from a neighbor. 
Similarly, other units are depicted in Figure 9 and Figure 10, except for algorithm knowledge transfer from the agent 

to the neighbor, as they are transmitted, depending on the type of neighbor (Tutor or Student). 
And finally completes flowchart checking whether the knowledge that any agent: if not, he fulfilled his mission, that 

is "dying". 
Convenient means of developing an animated representation of a hybrid model in the medium AnyLogic enable us 

to represent the functioning of the simulated process of production and dissemination of knowledge in the form of a 
living dynamic animation that allows you to "see" the behavior of the of agents of distance learning. 

Animation tools make it easy to create a virtual world (a set of graphic images of the analyzed agents), controlled by 
the laws of the model parameters defined by the equations and logic of the modeled objects. 

An agent-based model of the participants of e-learning makes it possible to visually observe their actions. To view 
specific variables of any agent using the system control panel to suspend the process simulation. Figure 11 of the model 
is clearly visible as the knowledge produced in total each group of agents, as well as knowledge produced accounted on 
average for each group of agents (pie chart). 

Fig. 11 top graph shows the dynamics of agents of each type. On the X-axis shows the training, the Y-axis number of 
agents. Graph that displays the number of middle knowledge produced by each type of agents in general. This produced 
a large number of student shown in the chart, due to the fact that many students (their starting number was 140 people, 
compared to the amount of tutors - 40 authors DK - 20), but all have pie chart shows the average number of produced 
knowledge each type of agents. 

You can also see statistics for the balance of knowledge in each of the agents after the computer simulations and the 
number of meetings with each agent (Fig. 12). 

Content interpretation of diagrams, which are presented in Fig. 12, is the following. Great chart shows the number 
of knowledge (variable k_avtor) for each agent type AvtorDK other smaller chart reflects the number of meetings each 
agent with other types of agents. For example agent A(3), for which the value k_avtor = 30.304, met in a computer 
experiment 0 times with other authors DC, 3 times with other tutors, and 14 times with students. 

Similar meetings chart based on the quantity of knowledge transferred in virtual learning environment can be 
observed for other agents through e-learning is presented in Fig. 12 tabs Tutor and Student. 

It should be noted that these figures can copy data and paste them into MS Excel or some other application. 
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2.1 Tables 
 

Tab.1. The main types of neural networks and algorithms for their learning. 

Multilayer perceptron (MP). 
The three-layered MP (there is 1 hidden layer) is almost 
simulates a problem of any complexity. MP network can 
be trained on the basis of such algorithms: 
- Conjugate gradient method, 
- Quasi-Newton, 
- Levenberg-Marquardt, 
- Converse and Rapid spread, 
- Delta-delta with a dash. 

Radial basis function (RBF). 
These networks have an input layer, hidden layer 
with radial elements and an output layer of linear 
elements. 
RBF relatively quick to learn on-the basis of linear 
optimization. 
You can also use the learning algorithms and MP. 
However, RBF is larger than the multilayer 
perceptron and therefore are slower. 

Linear network (LAN). 
LAN has only two layers: input and output, the latter has a 
linear post-synaptic potential function and the activation 
function. 
Linear network is better trained by the method of 
pseudoinverse. This method optimizes the last layer of any 
network, if it is linear. 

Bayesian networks (PNN, GRNN): 
- probabilistic neural network is used only in 
problems of classification, 
- the generalized regression neural network is used 
only in problems of regression. 
These networks are trained on the basis of cluster 
algorithms: k-means, etc. 

 

 
 
2.2 Figures 
 

 

Neural Networks 

А3 -  А2 -  

…

... 

…

А1 -  

 

Fig. 1. The general scheme of the hybrid model. 
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Data-
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Fig. 2. Stages of construction and application of neural networks. 
 
 

 Profi le : MLP s6 1:6-2-1:1 ,  Index = 14
Train Perf. = 0,615074 ,  Select Perf. = 0,671297 ,  Test Perf. = 0,594293

 
a) 

 Profi le : MLP s6 1:6-3-1:1 ,  Index = 15
Train Perf. = 0,851079 ,  Select Perf. = 0,738380 ,  Test Perf. = 0,842528

 
b) 

Fig. 3. Network architecture proposed by the Master of solutions 
STATISTICA Neural Networks. 
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Fig. 4. Designation of the variables in the ABM. 
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Fig. 5. Example specification of objects ABM. 
 
 

 

Fig. 6. Flowchart action agent AvtorDK. 
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Fig. 7. Block search "neighbors". 
 
 

 

Fig. 8. Block algorithm knowledge transfer – if the AuthorDK meets AuthorDK. 
 
 
 

 

Fig. 9. Block algorithm knowledge transfer – if the AuthorDK meets Tutor. 
 
 
 

 

Fig. 10. Block algorithm knowledge transfer – if the AuthorDK meets Student. 
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Fig. 11. The main window of computer experiments. 
 
 
 
 
 

 

Fig. 12. Charts balance of knowledge and meeting agents on the example of the 
authors DK. 
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2.3 Equations 
 
The state's author DC ai at time t is characterized by the following set of parameters:   x, y, ),,( iatk ),,( iatw ,xv  .  
Similarly, we define the state of tutor and student. 

vy

Meeting of the two authors DC: 

),,(1),(),0(
),,(1),(),0(

122

211

iii

iii

atkdatkatk
atkdatkatk

+=+

+=+
    (1) 

),(),,( 21 ii atwatw  remain the same. 

Meeting the author of DC and the tutor: 

),,(3),(),0(
),,(2),(),0(

ijj

iii

atkdatkatk
atkdatwatw

+=+
+=+

    (2) 

),(),,( ji atwatk  remain the same. 

Meeting the author of DC and the student: 

),,(4),(),0(
),,(4),(),0(

iss

iii

atkdatkatk
atkdatwatw

+=+
+=+

    (3) 

),( iatk  remain the same. 

Meeting of the tutor and the student: 

),,(5),(),0(
),,(5),(),0(

jss

jjj

atkdatkatk
atkdatwatw

+=+

+=+
    (4) 

),( jatk  remain the same. 

The meeting of two students: 

).,(6),(),0(
),,(6),(),0(
),,(6),(),0(
),,(6),(),0(

122

211

122

211

sss

sss

sss

sss

atkdatwatw
atkdatwatw
atkdatkatk
atkdatkatk

+=+

+=+

+=+

+=+

   (5) 

 
 

3 Conclusion 
 
However, some features create hybrid ABM estimating of knowledge of participants in distance education may receive 
further practical application. 

The results of these studies suggest the following conclusions and generalizations based perspectives. 

1. Agent-oriented models and artificial neural networks can be regarded as an effective means to support research in 
the field of e-learning. 

2. The results of computer simulations indicate a possible way of practical application created hybrid ABM to 
determine: 

− temporal parameters (for the object "Schedule" on the basis of characteristics such agents as the deadline for their 
lives) in the executable Open Source-project "Electronic Deanery", aimed at developing a module of type "block" in the 
management of distance learning Moodle [11]; 

− a rational structure of groups of participants of e-learning in which the amount produced and the spread of 
knowledge tends to the theoretical maximum value; 

− needs redesigning distance learning courses (DC or DK) and improve their quality through the development and 
implementation of adaptive mechanisms of interaction between the key agents of e-learning, for which the important 
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role played by the use of such active components of distance learning courses, as chats, webinars and panel discussions 
on the forums. 

3. In the future we intend to continue to explore effective ways to use the package for the construction of AnyLogic 
considered a hybrid of ABM in order to assess the production and dissemination of knowledge to the distance learning. 
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