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Abstract. Current practical experience in measuring the effectiveness of organ-
izational development activities is largely based on the evaluation of surveys. In
this paper we present an approach based on an artificial neural network with el-
ements of a fuzzy approach and a genetic algorithm to control organizational
development. Based on genetic algorithms, the organizational development
measures are initiated, selected, combined or mutated with the goal of finding
the best possible solution for each concrete case. Since many variables have the
uncertain set of their values, the use of a hybrid neuro-fuzzy mechanism makes
it possible to analyze the behavioral components up to the combinations of
needs and thereby select the appropriate organizational development measures.
The system is designed to ensure the long-term effectiveness of organizational
development measures. We supplement the previously known measures of or-
ganizational development with technology-based in order to increase the degree
of automation in practice. This article is intended as an orientation for other sci-
entists who are researching the same topic and are interested in the current state
of the art, as well as for companies who want to ensure compliance with inter-
nal company rules using digital tools.

Keywords: neuro-genetic hybrid system, organizational development, fuzzy
logic.

1 Introduction

Organizational development is a long-term continuous, planned process of optimizing
attitudes and behaviors of organization members to achieve organizational goals. This
process requires tremendous methodological knowledge of the participants and the
commitment to change. Since changes in the state of the object of organizational de-
velopment are often not clearly measurable over time, the genetic application with
elements of fuzzy logic is particularly beneficial. Several already published studies
offer approaches for management organizational change in general [1, 6, 8, 16, 18],
employee performance [4], behavior [2, 15] using the technologies of artificial intelli-
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gence. These indicate high-quality approaches, some of which could also be applied
to goals defined by us, but do not cover the entire range of the problem. Based on
artificial intelligence, we have developed a model with three modules for organiza-
tional development. The first module is used to diagnose and record the current state
of the organization, analyze the received data, and determine long-term measures for
organizational development. The second module gradually monitors the results of the
implemented measures, introduces and implements corrections. The third module has
the main function of managing the system. The functions of the first two modules
were realized through hybrid neural networks, partly with fuzzy weights. We apply
the genetic algorithm to determine the behavior of individual (especially immaterial)
multi-level variables. The reason for using the neurofuzzy system is on the one hand
partially non-linear dependencies of the variables (their weighting), and on the other
hand we implement the genetic approach to reach the system's ability for learning and
adaptation. Although organizational development is primarily concerned with the
behavior of organization members, the variables we measure are more than directly
related to people. In this article, we limit our scope to the neuro-genetic hybrid sys-
tem and present an example of just one functionality of the system that serves as the
basis for in-depth behavioral correction.

2 Methodology

Neuro-genetic hybrid systems are mainly used for complex systems that, for example,
map human behavior (subsystem investigated by us). These have a multilevel ap-
proach to capture, analyze and predict various processes or to offer a solution for a
specific case [10-12, 14, 17, 19]. In our system for management of organizational
development, we consider several subsystems, ranging from corporate performance
and standards system to group behavior or individual motivation. In general, the neu-
ro-genetic hybrid system works according to the following principle (Fig. 1):

e Genetic algorithm: the current element population receives three types of sequen-
tial rules of genetic operations to form the next generation of elements. A distinc-
tion is made between selection, crossover and mutation (Fig. 2). According to the
first rule, a parent element from which the child elements follow is defined. The
second rule defines the parent pairs that will create the respective children. The
third rule determines the random changes to each parent element for the later crea-
tion of the child elements. Artificial neural network: The child elements enter the
artificial neural network model as an input variable. In the artificial neural network
model, the input data is analyzed and the option is outputted.

e Decoded strings from the current population enter the fitness calculation with the
prediction results.

e The optimum variables are determined from the fitness evaluation.

¢ In case of non-conformity (data no longer correct or sufficient), the procedure is
repeated.
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Since the majority of the variables are linguistic variables with multiple meanings,
we use fuzzy logic to describe the relations in the system.

3 Results

The primary goal of organizational development is to ensure the long-term evolution-
ary improvement of the human factor as an organizational component to achieve or-
ganizational goals i. a. by influencing behavior. The individual is a member of a
group within an organization and is therefore considered in connection with other
group members (the individual is the lowest level in the organizational chain). At the
same time, the group is a part of the department/area/the whole organization (the
middle level in the organization chain). Thus, within the development of the organiza-
tion, the group is also considered a member of the organization with all its connec-
tions. Since the form of the organization and the number of levels vary, we break the
chain of organization after the third, the highest level - the organization itself (the
departments, units and divisions are excluded, as they are considered as organizations
within organizations). Consequently, the organizational development measures are
focused on the single elements of the organizational system, their internal and exter-
nal relationships, and the organization as a whole. Since the planned improvements
are intended to be irreversible, the organizational development measures per se have
the learning character. Most known methods of organizational development are lim-
ited to such motivation and behavior controls, that influence employees and groups
directly or indirectly live, from print or digital media (meetings, workshops, employee
information, leaflets, intranet contributions, etc.). Our approach refers to the control
of motivation and behavior by providing timely actual information and assistance,
where wrong behavior or work performance is excluded. This can be achieved
through the digital assistant systems.

Since our organizational system is very complex, we have established several sub-
systems with complex structures [9, 18]. The neuro-genetic hybrid system, which is
designed as a heuristic algorithm for searching the solution for optimization and mod-
eling by selecting and combining of variables. In this case the neural network search-
es the potential solutions of multi-level fuzzy sets for further use by the genetic algo-
rithm. The genetic algorithm consists of initialization, selection, cross-over and muta-
tion. Fig. 3 shows the principle of the system. In the context of organizational devel-
opment, certain measures are performed, for example, informing employees about the
new corporate values. After a certain period of time, the employee or group of em-
ployees shows behavior that does not correspond to the expected behavior. In the
system, the behavior is split up into corresponding components. These are analyzed in
steps and new corrective measures are offered. The employee or group of employees
executes the measures. If the second measure is better than the first one, it is selected
as one of the most effective measures in the measure pool. The next step is to improve
the behavior of the employee or group of employees. To do so, the measures from the
measure pool are combined or modified. If the behavior is not successful after the
implementation of new measures, the process starts again.
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Input variables are collected in two ways: through video, audio or text recording
mechanisms (self-developed, based on Microsoft tools) and from the connected per-
formance measurement systems. In the first way e.g., emotions and modus operandi
are recorded, in the second way e.g. work productivity and error rate are measured.
The incoming information is analyzed in a fragmented way. For example, facial ex-
pressions with different voice positions or gestures are interpreted differently.



Furthermore, an example for the application of the neuro-genetic hybrid subsystem
is presented.

The company is positioning itself as diversity-oriented. Cosmopolitanism and ac-
ceptability belong to the organizational values. During a conversation between em-
ployees in a working group, our system several times detects racist context (unac-
ceptable words) that is offensive to human dignity. This resists one of the organiza-
tional goals, the stabilization of organization-compliant behavior of employees (in this
case focused on behavior with colleagues and superiors, employee as part of the com-
pany, individual performance for overall goal).

The conversation is recognized as an emotional act. The variables of the act are the
type of activity (conversation, by voice recognition), quality (in this case unsatisfacto-
ry, because of the recognized context), duration (in this case medium (2 < x < 30
minutes)), and iterations (in this case multiple), see Table 1. In this case, certain con-
text components (unacceptable words) are recognized as hints. The hints serve as
markers for variable values and indicate the allowed limits. The captured emotion is
analyzed as happiness (through few iterations of smiles by face and voice recogni-
tion). Such behavior is declared as neutral conversation with unacceptable words.

Table 1. Act variables

type of activity quality duration iterations
conversation exemplary brief one
monitoring activity desirable medium few

writing activity good long multiple
manual activity satisfying very long combination
coordinating activity unsatisfying

specific activity bad

In the case described, we refer to a certain type of activity. In other cases, for exam-
ple, when the performance data of the person (speed and quality of the assembly, skill
level of a working step) is collected externally, other variables will be input into the
system. The goal of our system is to evolutionize the activity in small steps and to
achieve the learning effects by applying appropriate measures. In other words, we
intend the gradual implementation of the measures, not only to avoid unacceptable
activities, but also to direct the underlying motives and needs to the benefit of the
company. Here the fitness value correlates with the desired state of the act. Therefore,
the first population refers to the quality, duration, iterations on the one hand, and emo-
tion on the other hand.

The variables of the current acts flow into the neural network. This is necessary to
select the optimal measures in the neural network by defining the corresponding mo-
tives and needs. The motivation and accordingly the needs are mainly derived from
the type of activity, its quality and the hints. Kotlyarov [7], Petrenko and Taba-
harnyuk [13] in their model of motivational space for organizational education, guid-
ed by Draker's theory, propose a three-dimensional vector space (expediency, result,



effect) to describe the motivational strategy of an organization, group and individual.
We have partially adopted and expanded their approaches.

Special attention should be given to the phases of the motivation need cycle, as
these are directly related to the motivation optimum and therefore activate the motiva-
tion behavior subsystem [5, 20]. In the described scenario, the person is in the phase
of actualization of the need, which is combined with an increase in emotional tension,
a feeling of lack, a desire to do something, a desire for activity that is not directed. In
this case, the measures proposed and applied by our system must correct the behavior
of the person according to the organizational values and change the phase from the
need-motivational cycle, either in the direction of the search phase or in the direction
of the latent phase.

Thanks to the neural network, the system learns to manage special complex prob-
lems. The main layers refer to behavior components, motivation and needs.

e The behavior in our model is represented as a set of activities with defined vectors
of acts and emotions. The act, in turn, is defined by the function of weighted mo-
tives. As a result, scalars of actions can acquire positive and negative integer and
fractional values:

pe Q; E = {pr-.pnd Ljn= L%t n=o™; g @

e Weighting G is a complex function of dependence of key indicators, such as the
value of expected result, target density, resources spent, external oppressive or
binding factors, opportunities, etc. on their correlation ratio. These determinants re-
flect the views of H. Heckhausen's theories as well as those of J. V. Brem and E.
Heckhausen. A. Self [3] and depend on activity type (are defined individually).
Since this model investigates not only personal but also environmental factors, they
are considered as an indicator of the influence on the force of the motive.
Weighting takes the form of a vector of positive scalars of integers or fractional
numbers:
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e Motive M is a function of need: the total number of appropriately prioritized needs
reproduces the motive vector. Since a motive is not always positive, its individual
scalars can be negative fractional numbers (c is a need dimension function). The
mathematical content of a motif is expressed as follows:

M€ Q; M = {mi..mn}; My =t X2 cha, (3)

¢ Need a in mathematical context is a positive integer. Needs that define a motive are
represented as vector A:

a€eN; A={a ... an} 4



Our system is based on the combined approach of motives and needs. Selection of
needs for motivation combinations is based on the theories of Maslow, McClelland,
Alderfer and Herzberg. In the described case, the act is based on the motivations of
identification, authority, prosocial motivation and consequently the fundamental
needs of self-affirmation, acknowledgment, authority and security with corresponding
degree of involvement. The degree of involvement shows how deeply the need is
present in the motivation.

The concrete IF THEN rules for the motivation-need relationship are shown in Ta-
ble 2 (IF “need 1” = “degree of influence x” AND ’need n” = “degree of influence y”
THEN “motivation 1” AND “motivation n”). In most cases, the behaviour is due to
the combination of several motivations and therefore depends on multiple needs.

Table 2. Overview of dependencies in motivation-need relation on employee level
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Each level of neural network has its componets, with the generalized form
(Momuaka! /Ixepesio MoCHJIAHHS He 3HAIEHO..):



— The abstract element E (in our case need/motivation/act etc.) has the following
form:

Lf(x) = e (5)

— Therefore, the rule b becomes the general form:

{6’=E1/\E7AE2 (6)

— and the output is accordingly:

\0 =E'(B) (7

— The total system output is expressed by the formula:
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Fig. 4. Part of the artificial neural fuzzy network for an element level (e.g. motivation)

In general, individual layers can be described as follows:

1. Initial layer: The outputs of the nodes are degrees in which the given inputs satisfy
the functions associated with these nodes.

2. Rule layer: Each node calculates the intensity of the rule. All nodes are marked
with T and can be selected to simulate logical AND.

3. Normalization layer: Each node normalizes the intensity of the rule:
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4. Neuron output layer: Neuron output is the product of normalized rule intensity and
individual rule output:

L'no‘n = My E’{_l(B‘n) (10)

5. Total output layer: Single output neuron calculate the network output:

lOn = Yoziln Oy (11)

The neural network consists of such elements, where the output of one level corre-
sponds to the input of the other level. In case one of the variables does not occur, it is
still recorded with minimum value.

In the case of usage of unacceptable words, different measures are implemented
one after the other, in the order of information - warning - sanction. In this case, the
first step is general information (as a voice reminder or on the display screen): "In this
company such phrases are not being used”. Next is "Please use the following words
instead of (unacceptable words)...". The employee is subsequently warned of the fol-
lowing "Any unacceptable words will be punished by (certain measure)”. If these
measures do not work, the sanction will follow. At the same time, measures are being
taken to adopt new behavior patterns in order to achieve the organizational goal of
long-term stabilization of employee behavior.

The following system can not only be applied to commercial and public organiza-
tions, but can also be used for integration projects of diverse groups.

4 Conclusion and Discussion

The system we describe should only be seen as part of the overall organizational de-
velopment system, which cannot be described within an article because of its com-
plexity. The whole system offers the monitoring of organizational development at all
levels of the company and therefore provides continuous improvement.

The main strength of neuro-genetic hybrid systems with fuzzy neurons and rules is
that they are universal approximators. Nevertheless, this method also has disad-
vantages in the implementation of organizational development, such as very long
processing time and uncertain convergence. Furthermore, the limitations of the sys-
tem proposed by us include the complexity, high data volume and preparation effort
on the organization side, as the system depth and organizational development
measures have to be created individually by each company.

The main motivation for the use of such systems is the timely integration of appro-
priate measures in order to achieve the organizational goal in an optimal way.



I would like to express a special thanks to the two unknown reviewers who have
high-lighted the open issues and allowed me to formulate the article in a more com-
prehensive way.

Special thanks to Oleksandr Marchuk for his professional support during the de-
velopment of the theme.

The survey was supported by the Ministry of Education and Science of Ukraine
and performed the results of the project “Modeling and forecasting of the socio-
economic-political road map of reforms in Ukraine for the transition to a sustainable
growth model” (registration number 0118U003569).

References

1. Arazmjoo, H., Rahmanseresht, H.: A multi-dimensional meta-heuristic model for manag-
ing organizational change. Management Decision 58(3), pp. 526-543 (2019). DOI:
10.1108/MD-07-2018-0795

2. Atta-ur-Rahman, Dash, S., Luhach, A.K., Chilamkurti, N., Baek, S., Nam, Y.: A Neuro-
fuzzy approach for user behaviour classification and prediction. Journal of Cloud Compu-
ting 8(1), pp. 17 (2019). DOI: 10.1186/s13677-019-0144-9

3. Brehm J. W., Self E. A.: The Intensity of Motivation, Annual Review of Psychology. Vol-
ume 40, pp. 109-131 (1989). DOI: 10.1146/annurev.ps.40.020189.000545

4. Escolar-Jimenez, C.C., Matsuzaki, K., Gustilo, R.C.: A neural-fuzzy network approach to
employee performance evaluation. International Journal of Advanced Trends in Computer
Science and Engineering 8(3), pp. 573-581 (2019). DOI: 10.30534/ijatcse/2019/37832019

5. Hebb D. O.: Drives and the C.N.S. (conceptual nervous system). Psychological Review,
62, pp. 243-254 (1955). DOI: 10.1037/h0041823

6. Krichevsky, M.L., Martynova, J.A.: Selecting an enterprise development strategy using
machine learning methods. International Journal of Engineering and Advanced Technolo-
gy 8(4), pp. 1091-1096 (2019). https://www.scopus.com/record/display.uri?eid=2-s2.0-
85067895840&origin=resultslist&sort=plf-
f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7 &sot=a&sdt=sisr&s
I=23&s=SOURCE-
ID+%2821100899502%29&ref=%28%22Selecting+an-+enterprise+development+strategy
+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm= Mai
15, 2020

7. Kotliarov I.: Mathematical Modelling of Human Motivation: A Vector Hypothesis, Pano-
rama Socioeconomico Afio 24 (33), pp. 66-74 (2006).
https://biblat.unam.mx/hevila/Panoramasocieconomico/2006/n033/6.pdf Mai 15, 2020

8. Kuzior, A., Kwilinski, A., Tkachenko, V.: Sustainable development of organizations based
on the combinatorial model of artificial intelligence. Entrepreneurship and Sustainability
Issues 7(2), pp. 1353-1376 (2019). DOI: 10.9770/jesi.2019.7.2(39)

9. Leonov, S.V., Vasilyeva, T. A., Shvindina, H. O.: Methodological approach to design the
organizational development evaluation system. Scientific bulletin of polissia 3, pp. 51-56
(2017). DOI: 10.25140/2410-9576-2017-2-3(11)-51-56

10. Luengo F., Iglesias A.: Framework for simulating the human behavoir for intelligent virtu-
al agents. Part I: Framework architecture. Lecture Notes in Computer Science (including
subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics).


https://psycnet.apa.org/doi/10.1146/annurev.ps.40.020189.000545
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://www.scopus.com/record/display.uri?eid=2-s2.0-85067895840&origin=resultslist&sort=plf-f&src=s&nlo=&nlr=&nls=&sid=516a75a875dd81902dfa51003dff86f7&sot=a&sdt=sisr&sl=23&s=SOURCE-ID+%2821100899502%29&ref=%28%22Selecting+an+enterprise+development+strategy+using+machine+learning+methods%22%29&relpos=0&citeCnt=0&searchTerm
https://biblat.unam.mx/hevila/Panoramasocieconomico/2006/no33/6.pdf%20Mai%2015

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Volume 3039, pp. 229-236 (2004). https://link.springer.com/content/pdf/10.1007%2F978-
3-540-25944-2_29.pdf ai 15, 2020

Luengo F., Iglesias A.: Framework for simulating the human behavoir for intelligent virtu-
al agents. Part Il: Behavioral system. Lecture Notes in Computer Science (including subse-
ries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics). Volume
3039, pp. 237-244 (2004). https://link.springer.com/content/pdf/10.1007%2F978-3-540-
25944-2_30.pdf Mai 15, 2020

Palmes, P.P., Hayasaka, T., Usui, S.: Mutation-based genetic neural network. IEEE Trans-
actions on Neural Networks, 16 (3), pp. 587-600 (2005). DOI: 10.1109/TNN.2005.844858
Petrenko V. P., Tabakharniuk M. O.: Model of motivational space of organizational for-
mation as a basis of development of strategy of motivation of its personnel. Scientific Bul-
letin of the National Technical University of Oil and Gas, 2(3), pp. 100 — 106 (2002). Iler-
penko B.II., Tabaxapuiok M.O.: Moxenb MOTHBAIiffHOTO TPOCTOPY OpraHi3amiifHOro
uionanpHoro Texuiunoro Yuisepcurery Hadru i Tasy, 2(3), pp. 100 — 106 (2002).
https://core.ac.uk/download/pdf/73903641.pdf Mai 15, 2020

Sivanandam, S. N., Deepa, S.N.: Principles of soft computing. 2nd edn. Wiley India Lim-
ited (2007). Printed edition

Skrynnyk O. V.: Model of motivational-behavioral subsystem of artificial intelligence for
implementation of measures of organizational development. Internauka: electronic scien-
tific journal 47(129/2), pp. 90-98 (2019). Ckpunuuk, O. B.: Mojeab MOTHBAI[HHO-
MOBEIHKOBOI MiICHCTEMH IITYYHOTO iHTENEKTY IJIs IMIUIEMEHTAIi Mip OpraHi3auiifHOro
po3BuTKY. VHTEepHAyKa: 3JIEKTPOHHBIA HaydHbIA kypHan 47(129/2), pp. 90-98 (2019).
http://internauka.org/journal/science/internauka/129 Mai 15, 2020

Soni, U., Singh, N., Swami, Y., Deshwal, P.: A comparison study between ANN and
ANFIS for the prediction of employee turnover in an organization. 2018 International Con-
ference on Computing, Power and Communication Technologies, GUCON 2018 Article
no. 8674886, pp. 203-206 (2019). DOI: 10.1109/GUCON.2018.8674886

Srinivas, M., Patnaik, L.M.: Genetic Algorithms: A Survey. Computer, 27 (6), pp. 17-26
(1994). DOI: 10.1109/2.294849

Tiruneh, G.G., Fayek, A.R.: A framework for modeling construction organizational com-
petencies and performance. Construction Research Congress 2018: Construction Project
Management - Selected Papers from the Construction Research Congress 2018-April, pp.
712-722 (2018). DOI: 10.1061/9780784481271.069

Yao, X., Liu, Y.: A new evolutionary system for evolving artificial neural networks. IEEE
Transactions on Neural Networks 8 (3), pp. 694-713 (1997). DOI: 10.1109/72.572107
Yerkes R. M., Dodson J. D.: The relation of strength of stimulus to rapidity of
habit-formation. Journal of Comparative Neurology and Psychology 18 (5), pp. 459-482
(1908). DOI: 10.1002/cne.920180503


https://link.springer.com/content/pdf/10.1007%2F978-3-540-25944-2_29.pdf
https://link.springer.com/content/pdf/10.1007%2F978-3-540-25944-2_29.pdf
https://link.springer.com/content/pdf/10.1007%2F978-3-540-25944-2_30.pdf
https://link.springer.com/content/pdf/10.1007%2F978-3-540-25944-2_30.pdf
https://core.ac.uk/download/pdf/73903641.pdf%20Mai%2015
http://internauka.org/journal/science/internauka/129%20Mai%2015

