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Abstract. In today’s age of globalization, cultural awareness has become a 

challenge for designers of tutoring systems to include the cultural dimension in 

the tutoring strategy and in the learning environment. Nevertheless, cultural 

awareness is also a domain to be learned by a student, and a competency that 

can be assessed. Research on cultural intelligence has provided a new perspec- 
tive and presented a new way to alleviate issues arising from cross-cultural edu- 
cation. To date, no research on cultural intelligence has been empirically com- 
puterized with soft-computing technology. This research aims to invent a cul- 
tural intelligence computational model and to implement the model in an expert 

system through the use of artificial intelligence technology. The purpose of this 

study is to provide intercultural training for individuals to solve the intercultural 

adaptation problems they may be faced with in a variety of authentic cross- 
cultural situations. 
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1 Introduction 

We live in an era of globalization where international activities between dif- 
ferent cultures and intercultural communications and exchanges are becoming 

more common and are taking on much greater importance than ever before. 

Cultural awareness has become a challenge for designers of tutoring systems 

to include the cultural dimension in the tutoring strategy and in the learning 

environment. Nevertheless, cultural awareness is also a domain to be learned 

by a student, and a competency that can be assessed. Culture is an ill-defined 

domain [1]. Culture can play a significant role in the success or failure of 

face-to face encounters [2, 3], and because of cultural diversity, "Culture is 

more often a source of conflict than of synergy. Cultural differences are a 

nuisance at best and often a disaster" (Dr. Geert Hofstede). Moreover, cultur- 
al knowledge is generally represented by natural language, in ambiguous 
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terms, and it is difficult for traditional computing techniques to cope with 

these. In such a context, globalization and traditional computing techniques 

have encountered two major challenges: the first is, for human beings, how to 

adapt to cultural diversity, and the second is, for computers, the processing of 

soft data and the representation of human-like thinking. In the field of Cultur-

ally-Aware Tutoring Systems (CATS), several efforts have been conducted 

towards a declarative knowledge representation of culture as a phenomenon in 

order to foster and assess the awareness of cultural differences among human 

beings, and of their impact on behaviour and attitudes [1, 2, 3, 4]. The prob-

lem addressed in this paper is not how learning environments can adapt to 

culture, but how to assess human beings in terms of their level of cultural 

awareness, and make recommendations for their training.  

We became interested in the research on cultural intelligence, which 

provides a new perspective and a new way to alleviate cultural issues that 

arise in globalized environment. Following Earley and Ang [4], Cultural Intel-

ligence is thereafter called Cultural Quotient (CQ). The higher the CQ that 

people possess, the more effective their performance and adjustment will be in 

culturally diverse settings [5]. CQ can also be improved by training the people 

involved in such settings. The most important point to consider is how to pre-

cisely evaluate CQ and provide relevant suggestions to improve it. However, 

current studies on CQ have used traditional methods to measure users’ CQ 

and have relied primarily on questionnaires to find solutions to CQ problems 

traditionally confined to the work of culture experts and researchers. The best 

way to enable non-expert users to make use of CQ knowledge at the present 

time is to computerize CQ.  A great deal of CQ knowledge, however, is ex-

pressed as 'fuzzy data'.  Dealing effectively with these is beyond the scope of 

traditional computer technique. Research on CQ has never been empirically 

computerized to date. Additionally, in reference to cultural aware intelligent 

systems, researches concerning the Artificial Neural Network (ANN) and 

fuzzy logic technologies to CQ have not been used before. Up until now, ap-

plication of this soft-computing technology to CQ has not been found in lit-

erature reviews.  

This research attempts to provide effective solutions for the above-

mentioned problems. Based on advanced AI technologies, a CQ computation-

al model is invented and implemented in an expert system. This system has 

successfully manipulated linguistic variables, soft data and human-like rea-

soning.  

2 What is Cultural Intelligence?  

The definition of CQ relies upon an understanding and an interpretation of a 

definition of ‘culture’ itself. According to Hofstede [6], culture is ‘The collec-
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tive programming of the mind which distinguishes the members of a human 

group from another’. Sperber claims that culture can be understood as an epi-

demiology of representations [7], Kroeber and Kluckhohn [8], in their article 

‘Culture: A Critical Review of Concepts and Definitions’, inventoried a list of 

over 200 different definitions for the word ‘culture’. Moreover, when refer-

ring to someone’s ability to understand and adapt to different cultures, some 

authors use the term ‘Inter- cultural Sensitivity’ [9].  We adopted the defini-

tion proposed by Earley and Ang [4], who define CQ as the ability to collect 

and process information, to form judgments, and to implement effective 

measures in order to adapt to a new cultural context. Earley and Mosakowski 

[10] define CQ as a complementary intelligence form which may explain the 

capacity to adapt and face diversity, as well as the ability to operate in a new 

cultural setting. Earley and Mosakowski stress that people with a relatively 

high CQ level often appear at ease in new situations. They understand the 

subtleties of different cultures, so they can avoid or resolve conflicts early. 

Peterson interprets CQ in terms of its operation [11]. He believes that, for the 

concept of CQ, the definition of culture is compatible with the cultural values 

of Hofstede. Peterson also describes CQ as the communicative capabilities 

which improve working environments. In other words, all workers have the 

ability to communicate efficiently with customers, partners and colleagues 

from different countries in order to maintain harmonious relationships. Bris-

ling et al. define CQ as the level of success that people have when adapting to 

another culture [12]. Thomas describes CQ as the capability to interact effi-

ciently with people who are culturally different [13]. Johnson et al. define CQ 

as the effectiveness of an individual to integrate a set of knowledge, skills and 

personal qualities so as to work successfully with people from different cul-

tures, both at home and abroad [14]. Finally, Ang et al. [15] define CQ as the 

conceptualization of a particular form of intelligence based on the ability of an 

individual to reason correctly in situations characterized by cultural diversity.

Ang and Van Dyne [18] paid special attention to how a culturally diverse en-

vironment works. They refined the concept of Earley et al. [4] to consist of 

four dimensions of CQ: metacognition, cognition, motivation and behavior. 

This structure has been widely used in the following cultural research and 

studies.  

3 Data and Knowledge Acquisition in the Application Domain  

We collected data and CQ knowledge by reviewing books, documents, manu-

als, papers, etc., and by interviewing cultural experts. Among other potential 

applications, we identified the evaluation of CQ for application domains cov-

ered in our system.  
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Ang et al. [16] developed a self-assessment questionnaire which has 20 

items that measure CQ. This questionnaire was validated across samples 

(n=1564), time, countries and method of measurements. This questionnaire 

was used to collect data for studies on the test subjects regarding their capaci-

ty for cultural adaptation. The questionnaire is generally divided into four 

sections: metacognition, cognition, motivation and behavior. For example, 

one of the items is: "I am conscious of the cultural knowledge I use when I 

interact with people with different cultural backgrounds." Van Dyne et al. [17]

developed a version of the questionnaire from the point of view of an observer. 

It is also based on the 20 items of Ang et al. [16] in order to measure CQ in 

individuals. The questionnaire was adapted from each item of the self-

assessment questionnaire to reflect the assessment made by an observer rather 

than the user himself. As explained by Van Dyne et al. [17], these question-

naires allow for the effective assessment of CQ by cultural experts in practical 

applications. It is difficult to evaluate users only by these questionnaires with-

out any cultural experts present. Thus, we adapted the self-assessment ques-

tionnaire and the observer questionnaire to measure CQ in order to integrate 

the CQ experts’ knowledge, for the purpose of evaluation and recommenda-

tion functions offered by our system. Users can therefore be evaluated, and 

appropriate suggestions can be offered by the system.  

4 Cultural Intelligence Computational Model 

When processed by humans through questionnaires, CQ generally has two 

types of data: the first type is associated with "hard" computing, which uses 

numbers, or crisp values; the second type is associated with "soft" computing, 

which operates with uncertain, incomplete and imprecise soft data. The sec-

ond type is presented in a way that reflects human thinking. When we explain 

the cultural concept of cross-cultural activities, we usually use soft values 

represented by words rather than by crisp numbers. Traditional techniques, or 

"hard" computing, cannot treat CQ soft data. In order to enable computers to 

emulate human-like thinking and to model a human-like understanding of 

words, we use a hybrid neuro-fuzzy technology to invent a CQ computational 

model. This soft-computing technology is capable of dealing with uncertain, 

imprecise and incomplete CQ soft data.   

The hybrid neuro-fuzzy technology makes use of the advantages and 

power of fuzzy logic and the ANN. The hybrid technology represents the es-

sence of our computational model. The CQ computational model is based on 

the four-dimensional structure of Ang et al. [16]. The model is noteworthy 

because we clearly put forward and use that four CQ dimensions make up an 

integrated and interdependent entities. Essentially, the computational model is 

a multi-layer neural network with the functional equivalency of a fuzzy infer-
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ence process. This neural network is not a simple neural network due to all of 

the cultural rules embodied in these structure nodes. The neuro-fuzzy network 

is composed of six layers in our computational model. The model is shown in 

Fig. 1. This hybrid computational model has 20 inputs which represent the 20 

items of the questionnaires to measure CQ:  the metacognitive dimension 

(MC) has four items, the cognitive dimension (C) contains six items, the mo-

tivational dimension (M) includes five items and the behavioral dimension 

(BEH) consists of five items and has one output:  CQ.  

Fig. 1. Computational Model of Cultural Intelligence

Layer 1 - Input: No calculation is made in this layer. Each of the 20 neurons 

corresponds to an input variable. These input values are transmitted directly to 
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the next layer.  

Layer 2 - Fuzzification: Each neuron corresponds to a linguistic label. Fuzzy 

linguistic variables used in our model are triangular membership functions 

(e.g., High, Medium and Low), associated with one of the input variables in 

Layer 1. We have 60 neurons in this layer. 

Layer 3 - Fuzzy Rules: The output of a neuron at this layer is the fuzzy rules 

of CQ. For example, Neuron R1 represents Rule 1 and receives input from the 

neurons MC-Q1 (High) and MC-Q4 (High), etc. 

Layer 4 – Fuzzification: In this layer, the neurons receive the membership 

degrees as the inputs which are produced from the fuzzy rules layer. 

Layer 5 - Rule Unions (or consequence): This layer has two main tasks: 1) to 

combine the new precedent of rules; and 2) to determine the output level 

(High, Medium and Low) which belongs to the CQ linguistic variables. For 

example, R1 is the input of MC1 (High) and C1 (High), etc. It integrates the 

four dimensions of CQ to make a logical judgment in this layer by using 27 

CQ rules. 

Layer 6 - Combination and Defuzzification: This layer combines all the con-

sequence rules and, lastly, computes the crisp output after Defuzzification. 

This layer has three neurons: CQ-High, CQ-Medium and CQ-Low. The Cen-

ter of Gravity method is used to calculate the output.  

This multilayer neuro-fuzzy network can apply standard learning algo-

rithms (such as back-propagation) to train it. This mechanism is very useful, 

especially in those situations where cultural experts are unable to verbalize 

which knowledge or problem-solving strategy they use. To illustrate how the 

computational model learns, consider an example from this model shown in 

Fig. 2.  

Fig. 2. Learning in the Computational Model 
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Suppose we have collected five people's answers as input data, and get five 

corresponding CQ evaluation results from the output of the model as: y = [5, 

6, 7, 3, 2].  For any reason, the cultural experts gave five desired CQ output 

values as: yd = [7, 7, 6.5, 4.5, 7]. We then used these five pairs of input data 

and the desired values to train the model. After nine epoch training processes, 

our new output from the model was: y = [7, 7, 6.5, 4.5, 7]. The model’s output 

quite accurately corresponds to the CQ values provided by the cultural experts. 

In the future, the system should be trained with big data and calibrated conse-

quently.

5 Implementing the Model in an Intelligent System 

We would like the system, first, to be capable of acquiring, extracting and 

analyzing the new CQ knowledge of experts, and second, to serve as an effi-

cient team comprised of top CQ experts, able to provide both recommenda-

tions and explanations to users whenever required in culturally diverse set-

tings. Hence, we implemented the computational model in an expert system, 

called CQES (Cultural Intelligence Evaluation System). Fig. 3 shows the 

structure of the CQES.  

 

Fig. 3.  Structure of CQES

The CQES structure includes four main modules: 1) The CQ Computational 
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Model contains CQ knowledge that is useful for solving CQ problems. The 

soft-computing technology used in this model enables the system to reason 

and learn in an uncertain and imprecise CQ setting. It supports all the evalua-

tion steps in the system. This module connects with the Training Data Data-

base. The Training Data Database are sets of training examples used for 

training the neuro-fuzzy network during the learning phase. 2) The Cultural 

Intelligence Rules examine the CQ knowledge base, which is represented by 

the trained network, and produce rules which are implicitly built into and in-

corporated in the network. 3) The Inference Engine controls the flow of in-

formation in the system and initiates inference reasoning from the computa-

tional model. It also concludes when the system has reached a solution. 4) The 

Explanation explains to the user why and how the CQES reached the specific 

CQ evaluation results. These explanations include the conclusion, advice and 

other facts required for deep reasoning. Therefore, the following details ex-

plain how users can get two evaluations (self and observer evaluations) using 

the 20-item questionnaires (see the interface of the CQES in Fig. 4).

Fig. 4.  Interface of CQES 

For example, two different results of the self-evaluation questionnaire 

that evaluate the user's CQ are presented in the CQES as follows: 

Result 1: After inputting the answers to the 20 items in the CQES, the system 

provides the feedback. If a user’s evaluation achieves a high score (e.g.: more 

than 8), the system shows the following message: 

Result 2: When the evaluation results are below 6, the system accordingly 

gives useful suggestions for personal self-development as required. This pro-

cess permits the system to evaluate users so as to identify their problems in 

the CQ domain and then offers several precise recommendations to users 

based on the results of the evaluation. Moreover, the system uses natural lan-
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guage to give users recommendations in order to provide them with a stress-

free and friendly evaluation. The CQES presents some recommendations as 

follows:

Organizations could also use the CQES (both self- and observer evalua-

tions) to evaluate and train employees so that the latter may function more 

effectively in such situations. We envisage that CQES could effectively be 

integrated in a CATS to offer training in culture intelligence based on the as-

sessment provided by CQES. 

6 Conclusion  

This research is original and attempts to give a productive solution by replac-

ing or supporting CQ experts with computers for assessing and provide rec-

ommendations for training. This innovative research has managed to comput-

erize the underlying principles of CQ in order to help individuals to improve 

their ability to adapt to a new culture.  

The main contributions of this research are:  inventing a CQ computa-

tional model and implementing the model in an expert system called CQES.  

As a ‘culturally aware’ intelligent system, the CQES can be used to train indi-

viduals in CQ training by providing them with evaluation, and specific sug-

gestions to improve their weaknesses in the corresponding area. This point is 

of particular importance in modern learning theories.  
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