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Introduction
Over the course of his investigation into the influence of cul-
ture on labour values, Hofstede conducted comprehensive study 
that included seventy different countries [1-3]. The model that 
he devised is comprised of six aspects, which are as follows: 
power distance, uncertainty avoidance, individuality against 
collectivism, masculinity versus femininity, long-term orienta-
tion, and indulgence versus restraint [4-7]. To determine whether 
or not an East Asian cluster is existent, the dimensions will be 
investigated. It is possible to quantify the degree to which in-
dividuals with less authority are willing to tolerate an uneven 
allocation of power via the use of the authority Distance Index 
(PDI). The study of uncertainty avoidance examines how dif-
ferent civilisations feel about their inability to predict what will 
happen in the future. Comparing individualism and collectivism 
is a method for determining the degree of interdependence that 

exists between individuals of a community. Contrast between 
masculinity and femininity in terms of sexuality Having a high 
Masculinity score indicates that the culture is characterised by a 
strong emphasis on competitiveness and achievement [8-10]. In 
societies that are dominated by matriarchy, the quality of life is 
highly valued and considered to be a tremendous accomplish-
ment. Long-term focus as a civilisation is one of Japan's most 
recognisable characteristics. It is not an inaccurate description 
to call the Japanese fatalists. Businesses in Japan place a higher 
value on quality, long-term commitments, and large investments 
in research and development than they do on attaining the high-
est possible profits. In spite of the fact that various new mathe-
matical functions have been introduced, the primary objective 
of this research is to solve the high nonlinearity that is present 
in cross-cultural management research via the use of soft com-
puting technique. It is possible to employ Artificial Neural Net-
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Abstract
During the last twenty years, cultural variations have had a considerable impact on the management of businesses via 
their effect. Across the globe, cross-cultural management is now a subject that is receiving a lot of attention in contempo-
rary business. The model developed by Hofstede is comprised of six factors that are utilised for the purpose of assessing 
cross-cultural implications and cultural features. These variables include power distance, uncertainty avoidance, in-
dividualism against collectivism, masculinity versus femininity, long-term orientation, and indulgence versus restraint. 
The primary purpose of this research was to investigate the impact that Hofstede's six-dimensional model has on the 
abilities of cross-cultural management to forecast outcomes. An adaptive neural fuzzy inference system, also known as 
an ANFIS, was used to the data in order to identify the most important and influential parameters in forecasting the 
fatality of a case. The ANFIS approach was used for the purpose of selecting variables in order to ascertain the primary 
elements that have an impact on the prediction of cross-cultural management.
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works (ANN) as an alternative to analytical approaches because 
they provide a number of benefits, including the fact that they do 
not need knowledge of the features of the underlying system and 
that they provide succinct solutions to issues that include several 
variables. The Adaptive Neuro-Fuzzy Inference System (AN-
FIS), which is a kind of artificial neural network, was utilised 
in the research project in order to determine the most important 
characteristics for making predictions using cross-cultural man-
agement applications. Because of its remarkable learning and 
forecasting capabilities, ANFIS is a potent instrument that may 
be used for the management of uncertainties inside any system. 
Many engineering systems have been employed by researchers 
in order to make use of ANFIS, which is a hybrid intelligent sys-
tem that is well-known for its capacity to learn and change on its 
own [12-15]. An extensive number of researches [16-27] have 
been conducted to determine whether or not ANFIS is suitable 
for estimating and detecting a variety of systems in real time.

Methodology
Twenty-two percent of the world's population lives in East Asia, 
which accounts for around twenty-eight percent of the Asian 
continent. In addition, various East Asian nations have been in-
fluenced by Chinese culture and have adopted Chinese writing, 

calendar, and beliefs as a result of this influence. Compared to 
other Asian nations, Japan is distinguished by Hofstede's cultur-
al dimensions as a society that has a moderate amount of power 
distance. This distinguishes Japan from other Asian nations. The 
power gap between Japan and Germany is more than that of Ger-
many, but it is less than that of China and South Korea. In addi-
tion to this, Japan has a degree of uncertainty avoidance that is 
very high. A decision-making procedure that encompasses many 
hierarchical levels and needs permission from top management 
should be implemented in order to avoid the misuse of power 
and the practice of making decisions unilaterally. It may be in-
ferred that Japan's society is characterised by collectivistic ten-
dencies since the country shows a modest level of individualism. 
Comparatively speaking, China and South Korea are far more 
collectivist than other nations. Despite the fact that collectivistic 
cultures are characterised by a concern for social reputation and 
a general interest in maintaining peace, the Japanese do not have 
substantial relationships to extended family members.

Statistical Data
Table 1 shows input and output parameters which are used in 
this investigation. All percentage numbers are converted in deci-
mal numbers during the ANFIS training procedure.

Table 1: Input and output parameters
Inputs Parameters description
input 1 Uncertainty avoidance  
input 2 Power Distance (PDI)
input 3 Individualism versus Collectivism
input 4 Masculinity versus Femininity
input 5 Long-term Orientation
input 6 Indulgence versus Restraint
output Cross cultural management 

ANFIS Methodology
MATLAB's fuzzy inference technology is used throughout the whole ANFIS training and assessment procedure. In Figure 1, an 
ANFIS network with two input variables is illustrated. 

Figure 1: ANFIS structure
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For the objectives of this research, the fuzzy IF-THEN rules of 
Takagi and Sugeno's class and two inputs for the first-order Su-
geno are employed:

    (1)

The first layer consists of input parameters MFs, which supply 
input values to the subsequent layer. Each node in this instance 
is regarded as adaptive node with a node function, whereas and 
are membership functions. Such example, bell-shaped member-
ship functions with a maximum value of (1.0) and a minimum 
value of (0.0) are chosen, where   is the set of parameters set. 
This layer's parameters are labeled as premise parameters. Here, 
and are the nodes' inputs. The second layer is the membership 
layer. It attempts to determine the weights of each membership 
function. This layer receives the receiving signals from the pre-
vious layer and then functions as the membership function for 
the fuzzy set representations of each input variable. Nodes in the 
second layer are not adaptable. The layer functions as a multipli-
er for the received signals and transmits the resulting data. Every 
output node displays the rule's firing intensity. The layer acts as 
a multiplier for the receiving signals and sends out the oucome 
in   form. Every output node exhibits the firing strength of a rule.

The third layer is known as the rule layer. Here, every neuron 
act as a prerequisite for aligning fuzzy rules, meaning the ac-
tivation level of each rule is established, with the quantity of 
fuzzy rules matching the number of layers. Every node com-
putes standardised weights. The nodes in the third layer are also 
considered non-adaptive. Normalised firing strengths are the 
outcomes of individual nodes determining the value of a rule's 
firing strength in relation to the sum of all rules' firing strengths 
in the system. The fourth layer is responsible for producing out-
put values through rule inference. This layer is also known as the 
defuzzification layer. Each node in the fourth layer is an adapt-
able node that performs a specific function. In this stratum, the 
variable collection is the focus. The variables are represented by 
the parameters above.

The final layer is referred to as the output layer. It sums together 
all the inputs received from the preceding layer. The technolo-
gy converts the fuzzy categorization results into a binary value. 
The single node in the fifth layer is not adaptable. This node 
calculates the total output by adding together all received sig-
nals. This node calculates the total output as the wholesum of all 
receiving signals,

 
                                          (3)

Hybrid learning approaches were employed to identify variables 
inside the ANFIS designs. Functional signals progress to the 
fourth layer where the hybrid learning process achieves success. 
The least squares estimate is used to calculate the subsequent 
variables. The error rates are iterated in reverse during the back-
ward pass, and the premise variables are synchronised in gradi-
ent descent order.

Results
Evaluating accuracy indices
The forecasting capabilities of the suggested model were provid-
ed as root mean square error, Coefficient of determination, and 
Pearson coefficient (r). These numbers are described as follows: 

1) root-mean-square error (RMSE)
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3) coefficient of determination (R2)
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where Pi and Oi are experimental and forecast values of, respec-
tively, and n is the total number of test data.

ANFIS Results
For the purpose of determining the set of the final optimal 
combination inputs (Table 1) that has the greatest impact and 
influence on the cross-cultural management output parameters, 
a comprehensive search was carried out on the inputs that were 
provided. In order to construct an ANFIS model, one must first 
create functions for every possible combination and then train 
those functions for a single epoch. Following that, the real per-
formance is provided for reporting. According to the informa-
tion shown in Figure 2, the input that had the greatest impact 
on the outcome of the prediction was identified and character-
ised right from the start. The input variable that has the least 
amount of training error has the most impact on the output that 
is ultimately produced. There are the fewest faults in the input 
variables that are located on the left, and they have the big-
gest influence on the power distance index (PDI). The results 
shown in Figure 2 demonstrate that the input parameter 2 has 
the most significant impact on the forecasting of cross-cultural 
management, whilst the input parameter 1 has the lowest Root 
Mean Square Error (RMSE). Input 5 has the biggest root mean 
square error (RMSE), which means that it has the least impact 
on the forecasting of cross-cultural management.
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Figure 2: Every input parameter’s influence on cross cultural management

Table 2 displays the numerical findings for the effect of all single factors on cross-cultural management. For further study, the 
chosen one-parameter combinations are extracted.

Table 2: Input parameters influence on forecasting of the cross cultural management
One input

ANFIS model 1: in1 --> trn=1.3986, chk=1.3143
ANFIS model 2: in2 --> trn=1.3827, chk=1.3366
ANFIS model 3: in3 --> trn=1.3901, chk=1.3299
ANFIS model 4: in4 --> trn=1.3910, chk=1.3116
ANFIS model 5: in5 --> trn=1.4035, chk=1.3400
ANFIS model 6: in6 --> trn=1.3938, chk=1.3474

Conclusion
Despite the fact that it provides a framework for examining 
groupings of countries, the Hofstede model does not give a 
full account of the phenomenon. It may be necessary to do 
more study in order to appropriately classify culture based on 
a limited set of characteristics. This is because the basic mo-
tivations of a civilisation are complex and multifaceted. The 
parameter power distance has the lowest error rate and is the 
most important for the result (PDI), according to the evalua-
tions that were performed on the forecasting procedures. The 
power index developed by Hofstede investigates the manner 
in which status is assigned and the allowable power distance 
in a community, a factor that had not been investigated be-
fore.

Because there are so many different components and elements 
that have an impact on cross-cultural management, it is difficult 
to make accurate predictions about its future. As a result, this re-
search presented a novel strategy for overcoming the limitations 
of cross-cultural management prediction by eliminating input 
factors that were not essential nor relevant.

For the purpose of predicting cross-cultural management, the 
ANFIS approach was used to pick the criteria that were iden-

tified as being the most relevant. For the purpose of converting 
complex and many performance characteristics into a unified 
multi-response performance index, the ANFIS model is em-
ployed. The approach of forecasting that is presented in this re-
search is advantageous in that it enhances various characteristics 
that were discovered in the analysis of cross-cultural manage-
ment.
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