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Introduction:Themain purpose of this study is to extract the rules and patterns

governing the behavioral intention of consumers towards the adoption of

genetically modified foods (GMFs).

Method: The proposed method is a combination of Rough Set Theory (RST)

and Flow Network Graph (FNG). Data was collected from 386 consumers to

extract rough rules. 13 rules have been chosen from 289 original rules that

were divided into three groups: low, medium, and high intention to use GMFs.

They were chosen because of the support values and other indexes that were

used in the RST. Eventually, to interpret the performance of the generated rules,

FNG were illustrated for each decision-making class, and seven patterns were

extracted.

Results: The findings confirm that corporate social responsibilities, consumer

concerns, occupational status, and consumer autonomy are more important

than other observed dimensions in consumers’ decision-making. Moreover,

the findings illustrate that combining Rough Set Theory and Flow Network

Graph could predict customers’ intentions and provide valuable information

for policy-makers in related active industries.

Discussion: Based on the analysis outcomes, the most significant factors that

a�ect consumers’ intention to use GMFs are: “consumer perception of CSR”;

“consumer concerns”; “occupational status”; and “consumer autonomy”. Thus,

managers and policymakers must pay more attention to these concepts when

they survey consumer intention behavior.

KEYWORDS

genetically modified foods (GMFs), Flow Network Graphs, Rough Set Theory, decision

analysis, intention

1. Introduction

Food security is one of the most challenging topics globally (Akbari et al., 2022a),

and genetically modified foods (GMFs) remain a contentious issue worldwide (Boccia

and Punzo, 2021) but the growing population of the world and the increasing demand

for food in recent decades have led to the use of new genetic methods in the production

of foods called GMFs (Erol, 2021; Ferrari et al., 2021; Owusu and Kwesi Ndzebah

Dadzie, 2021). GMFs refers to modifying or improving the genetic structures of foods
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by the application of modern biotechnological methods. GMFs

are applicable in many sectors, such as animal husbandry, the

health system, and especially the agriculture and food sectors

(Lefebvre et al., 2019; Guo et al., 2020; Erol, 2021). GMFs have a

production method that production method of GMFs resembles

natural foods. GMFs have a comparative advantage such as

resistance to pests and insects, high yield, better nutritional

value, etc., which are caused by changes in undesirable genes

(Erol, 2021; Ferrari et al., 2021; Hwang and Nam, 2021; Levi,

2022).

Although the utilization of new biotechnology for food

production has opened new opportunities for the food industry,

raised numerous questions about the potential dangers of

producing and consuming such foods (Ortega et al., 2022)

and have raised numerous questions about their potential

effects, such as allergenicity, increased resistance to antibiotics,

destructive environmental effects, and horizontal gene transfer

in society. Therefore, the acceptance of GMFs depends on

the consumers’ perception of the risks and benefits of these

food products (Boccia, 2016; Deng and Hu, 2019; Erol, 2021;

Hwang and Nam, 2021; Owusu and Kwesi Ndzebah Dadzie,

2021; Ortega et al., 2022). Therefore, despite the potential

perceived advantages and disadvantages of GMFs mentioned in

the literature, public opinion on GMFs remains largely skeptical

and controversial (Miles et al., 2005; Lusk, 2011; Varzakas and

Tzanidis, 2015; Boccia et al., 2018; Lefebvre et al., 2019; Guo

et al., 2020; Xu et al., 2020; Boccia and Punzo, 2021; Fozouni

Ardekani et al., 2021; Owusu and Kwesi Ndzebah Dadzie, 2021;

Levi, 2022; Ortega et al., 2022). This is the main reason why the

GMFs literature includes conflicting conclusions on consumer

response to gene technology and especially to GMFs (Xu et al.,

2020; Boccia and Punzo, 2021).

Various research has been done in the field of customer

behavior concerning GMFs with different perspectives

like consumer response, consumers knowledge, consumer

perception, consumer acceptance, consumer trust, risk

perception, and corporate social responsibilities (CSR; Deng

and Hu, 2019; Ardebili and Rickertsen, 2020; Xu et al., 2020;

Ferrari et al., 2021; Fozouni Ardekani et al., 2021; Hwang and

Nam, 2021; Vindigni et al., 2022). Although there are several

studies on GMFs that include some influential determinants

of consumer behavior, still the field of consumer behavior

toward GMFs is assumed to be uncertain and this uncertainty

makes it difficult to provide solutions for the development of

relevant industries (Rodríguez-Entrena and Salazar-Ordóñez,

2016; Guo et al., 2020; Erol, 2021). In this regard, the purpose

of this study is to investigate the acceptance of GMFs while

considering influential consumer behavior factors such as

corporate social responsibilities (CSR), Regulatory Focus

Theory (RFT), and Self-Determination Theory (SDT) in

order to assist the literature and related industry in clarifying

consumer behavior toward GMF. Hence, the combined model

of Rough Set Theory (RST) and Flow Network Graph (FNG)

is used to generate rules and demonstration that exist among

these factors.

This study provides a noticeable contribution to the existing

literature on GMFs. Consumers’ behavior is considered a

noticeable determinant for the future of GMFs and their

applications, but the number of studies conducted on this

subject is very limited in developing countries (Akbari et al.,

2019; Owusu and Kwesi Ndzebah Dadzie, 2021). So, we chose

Iran to enrich the related literature on this subject in developing

countries. Furthermore, the existing literature on consumer

behavior and GMFs includes studies that have investigated the

effects of one or some factors on consumer behavior toward

GMFs separately. With the means of RST and FNG, not

only influential factors were studied together, but also some

rules were extracted that have a meaningful role in predicting

consumer behavior toward GMFs. Regarding literature, the field

of consumer behavior toward GMFs is assumed to be uncertain

due to the different results of studies in this field, which makes

it difficult to provide solutions for the development of relevant

industries (Rodríguez-Entrena and Salazar-Ordóñez, 2016; Guo

et al., 2020; Erol, 2021). Here, using RST is a privilege since

it is a method that is known for its clear and straightforward

outputs, which are demonstrated through rules and show the

way. So, predicting consumer behavior toward GMFs by the

means of RST is important from a macro perspective since it

will help governmental policymakers, farmers, and agricultural

biotechnology firms make effective decisions for the future of

this industry. Finally, it is also worthwhile to mention that, to

the best of our knowledge, none of the previous studies on GMFs

used RST for their investigations.

This paper is organized as follows: Section 2 covers a

background on the consumers’ acceptance of GMFs. The

elaboration of RST, FNG, and their combinations are mentioned

in the methodology. Section 4 includes the results obtained from

the combined model of RST and FNG. Eventually, in Section 5,

the conclusion and recommendations for future studies will

be delivered.

2. Theoretical background of GMFs

Consumer behavior is one of the influential factors that

are important in product success and growth. In this regard,

consumer demand is also a key factor shaping the government

and firms’ strategies or policies and is a determinant for

GMFs’ acceptance in the market (Deng and Hu, 2019; Ortega

et al., 2022). According to Siegrist and Hartmann (2020), due

to the lack of knowledge about most novel food production

technologies, the term of “black box” is used for consumer

demand since it is influenced by simple heuristics and is unstable

in different situations.

In the GMF literature, there are plenty of studies that

investigate the attractiveness, or better to say acceptance of
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GMFs due to some determinants like culture, sexuality, age,

risks and benefits, concerns, CSR, and knowledge (Siegrist and

Hartmann, 2020; Boccia and Punzo, 2021; Fozouni Ardekani

et al., 2021; Pruitt et al., 2021; Rabbanee et al., 2021; Zheng

and Wang, 2021). Siegrist and Hartmann (2020) showed in

their study that cultural issues are related to the acceptance of

various risks. In that direction, Soroka et al. (2021) demonstrated

that consumer’s attitude is different from country to country

in the European market. A bulk of studies on GMFs found

that Asian consumers were unsure about how to use GMFs

because there were only a few studies about them (Siegrist and

Hartmann, 2020; Fozouni Ardekani et al., 2021). A study found

that education of students about GMF leads to improvement of

their scores of knowledge and attitude (Asadi et al., 2021).

According to Siegrist and Hartmann (2020), consumer

intentions are also influenced by food neophobia, disgust

sensitivity, and cultural values. It is not only true for

GMFs but also for novel food technologies. The findings of

Fozouni Ardekani et al. (2021) discovered that net benefit

and compatibility are significant antecedents of consumers to

accept GMFs. Additionally, self-efficacy has an indirect influence

on acceptance of GMFs. Akbari et al. (2019) found attitude

toward GMFs, trust in GMFs, concerns about GMFs, and CSR

the most significant variables of buying intentions for GMFs.

Another study confirmed the significant influence of CSR in the

relationship between trust in GMFs and consumers’ intention

toward such products. They have emphasized the role of attitude

which is considered the main predictor of intention. Also, they

concluded that Iranian consumers have a relatively negative

approach to GMFs. Furthermore, they found some differences

between males and females for their promotion focus, perceived

behavior control, and concerns about choosing GMFs. Attitudes

toward GMFs are also determined by environmental concern

and objective knowledge (Ferrari et al., 2021). Regarding

sexuality effects, Rabbanee et al. (2021) concluded that female

consumers in comparison to their male counterparts pose

relatively more favorable attitudes and repurchase intention.

GMFs, besides all their new opportunities for the food

industry, have led to concerns among consumers due to their

perceived potential dangers (Ortega et al., 2022) which have

raised numerous questions about their potential side effects,

such as allergies, increased resistance to antibiotics, destructive

environmental effects, and horizontal gene transfer in society.

So, the acceptance of GMFs depends on the risks and benefits

that consumers perceive (Boccia, 2016; Deng and Hu, 2019;

Erol, 2021; Hwang and Nam, 2021; Owusu and Kwesi Ndzebah

Dadzie, 2021; Ortega et al., 2022). Yet, consumers’ behavior

toward GMFs is vague due to the quite complex technology

behind their production (Deng et al., 2019; Palmieri et al.,

2020; Siegrist and Hartmann, 2020; Boccia and Punzo, 2021). In

this regard, an investigation revealed that a negative approach

toward GMFs is related to a lack of knowledge about genetic

modifications and their effects (Palmieri et al., 2020). In this

case, Ortega et al. (2022) reported that decreasing consumers’

fear of novel food technologies improves consumer valuation

and acceptance of GMFs.

Consumers would like to make an informed choice. Not

only does the existence of labels include product information,

but also the amount of time consumers spend reading label

information is an important aspect in determining consumers’

intentions. It helps consumers in their decisions to buy food

products (Macall et al., 2021). Within the scope of GMFs labels,

Zheng and Wang (2021) described using a labeling system for

differentiating GMFs as important since it is considered one

of the most influential factors that drive the buying intention.

Similarly, Pruitt et al. (2021) supported consumers knowing

that clear health benefits are more accepting of biotechnology

products. In addition, Ardebili and Rickertsen (2020) found that

information is an important factor that can change attitudes

toward GMFs and reduce resistance to these novel technologies

over time. To elaborate on the influence of knowledge, Hwang

andNam (2021) showed that higher education and income cause

overestimation of actual knowledge level, which subsequently

leads to higher risk perception, lower benefit perception, and

lower intention to use. Regarding risk perception, Hakim et al.

(2020) concluded that risk perception is being moderated by

social trust and perceived quality, and as a whole, willingness to

pay for GMFs is influenced by price (Hakim et al., 2020; Macall

et al., 2021). Finally, Deng and Hu (2019) in this field conclude

that safety issues are the main barrier to the acceptance of GMFs

by consumers.

Therefore, this paper aims to investigate the acceptance of

GMFs considering influential factors of consumer behavior like

socio-demographics, CSR, concern, promotion, and prevention

focus, autonomy, competence, and relatedness to help the

literature and related industry consequently in clarifying

consumer behavior toward GMFs. Hence, a combined model

of RST and FNG is used to generate rules and demonstrate

relations that exist among these factors. For this, the intention

to use GMFs was used to measure consumer behavior output

because intention influences willingness to fulfill a behavior

(Jiang et al., 2016; Fozouni Ardekani et al., 2021). The

independent variables cover the determinants of RFT, SDT,

and consumers’ concerns toward GMFs as psychographic

variables. Also, in this study, the determinants of CSR, including

social equity, environmental, economic, legal, ethical, and

philanthropic factors, determine the role of a social variable in

consumers’ intention to use GMFs.

As mentioned before, various studies have been

conducted in the field of consumer behavior toward

GMFs with different perspectives like consumer response,

consumer knowledge, consumer perception, consumer

acceptance, consumer trust, risk perception, and CSR

(Deng and Hu, 2019; Ardebili and Rickertsen, 2020;

Xu et al., 2020; Ferrari et al., 2021; Fozouni Ardekani

et al., 2021; Hwang and Nam, 2021; Akbari et al., 2022b)
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TABLE 1 Previous literature review.

References Title Determinants Method Main results Sample size

Akbari et al. (2019) An extended model of
Theory of Planned
Behavior to investigate
highly-educated iranian
consumers’ intentions
toward consuming
genetically modified
foods

CSR perceptions, trust in
and concerns about GM
foods, consumer
promotion, and
prevention focus

Structural equation
modeling

The intention to
consume GMFs is
influenced by trust,
concerns about the
health, environmental
impacts of GMFs and
corporate social
responsibility

Three hundred and
seventy-two highly
educated Iranian
consumers

Palmieri et al.
(2020)

Profiling young
consumers’ perceptions
of GMO products: a case
study on Italian
undergraduate students

Attitudes based on type
of education

Polychoric correlation
coefficient matrix
Hierarchical
cluster analysis

Education type
influences consumers’
perception

Two hundred and
forty-three
undergraduate students
from three Italian
universities

Rabbanee et al.
(2021)

Are consumers loyal to
genetically modified
food? Evidence from
Australia

Known brand, genetic
action, and price

Structural equation
modeling using AMOS

Awareness of benefits
and risks, situational and
social influences and
attitude and repurchase
intention are important
in consumer loyalty
toward GMFs

Four hundred and
sixty-four Australian
consumers

Siegrist and
Hartmann (2020)

Consumer acceptance of
novel food technologies.

Heuristics (affect
heuristic,
natural-is-better
heuristic, trust heuristic),
food neophobia, disgust
sensitivity, cultural
factors

Narrative review Heuristics (affect
heuristic,
natural-is-better
heuristic, trust heuristic),
food neophobia, disgust
sensitivity and cultural
factors are significant in
acceptance of novel food
technologies.

-

Fozouni Ardekani
et al. (2021)

Consumers’ willingness
to adopt genetically
modified foods.

Awareness of benefits
and risks, situational and
social influences, and
attitude and repurchase
intention

SEM-PLS modeling Net benefit and
self-efficacy impact
willingness to consume
GMFs indirectly through
perceived compatibility
toward these products

Two hundred and
forty-one
highly-educated
participants

Macall et al. (2021) Canadian consumer
opinions regarding food
purchase decisions

Price and place of origin SPSS Although consumers
declare they don’t trust
GMFs, their purchase
decisions are influenced
by price and origin as
important determining
factors.

Five hundred and six
English-speaking
Canadian consumers

Boccia and Punzo
(2021)

A choice experiment on
consumer perceptions of
three generations of
genetically modified
foods.

Net benefit, self-efficacy,
and compatibility

Random parameter
logit-error component
(RPL-EC) model

Perceive of generational
traits and consequently
nutritional qualities and
health benefits is
important in choosing
GMFs.

One thousand four
hundred and forty-four
respondents from three
European cities

Zheng and Wang
(2021)

Do consumers view the
genetically modified food
labeling systems
differently? “contains
GMO” vs. “non-GMO”
labels.

GMO, non-GMO labels Random utility model
framework

Objective GMF
knowledge leads to
higher concerns about
the GM foods’ health
effects, lower intentions
to buy GM foods.

Two hundred and
eighty-six observations
in the treatment group
and 296 in the control
group

Pruitt et al. (2021) Does physical activity
influence consumer
acceptance of gene
edited food?

Healthy behavior Spearman’s correlation
coefficient
A mixed logit model

there is no relation
between physical activity
and willingness for
choosing GMFs.

Two hundred and
eighty-two individuals in
the Southwestern
United States

(Continued)
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TABLE 1 (Continued)

References Title Determinants Method Main results Sample size

Ortega et al. (2022) Consumer acceptance of
gene-edited food
products in China.

Technology neophobia,
information

A mixed logit model Reduction in consumers’
fear of novel food
technologies can
substantially increase
consumer valuation and
market acceptance of
bioengineered food
products and reinforces
the need to consider
attitudes in measuring
acceptance of novel food
products.

Eight hundred and
thirty-five Chinese
consumer

and again as it is shown in Table 1, there are several studies on

GMFs that include some influential determinants of consumer

behavior but still the field of consumer behavior toward GMFs

is assumed to be uncertain and this uncertainty makes it

difficult to provide solutions for the development of relevant

industries (Rodríguez-Entrena and Salazar-Ordóñez, 2016;

Guo et al., 2020; Erol, 2021). In this regard, here we are going

to investigate the acceptance of GMFs while considering

influential consumer behavior factors such as corporate

social responsibilities (CSR), Regulatory Focus Theory (RFT),

and Self-Determination Theory (SDT) in order to assist the

literature and related industry in clarifying consumer behavior

toward GMF. For this, we used the combined model of

Rough Set Theory (RST) and Flow Network Graph (FNG) in

order to generate rules and demonstration that exist among

these factors.

3. Research methodology

To meet the purpose of this study, the proposed

methodology approach for this research combines RST

and FNG. Toward that direction, we consider questionnaire-

based survey research according to the practical concept of this

research problem that occurs in daily life. This part encompasses

(1) variables’ selection and item measurement; (2) population

and sample; and (3) analytical methods.

3.1. Population and sample

For conducting this survey, the population was consumers

in Tehran (Iran’s capital) who have experienced at least

once consuming GMFs. Since we have assumed the

approximate size of the population to be unlimited, the

sample size is determined by considering the confidence

level of 95% and the usage of the Cochran formula, the

sample size is 385. For selecting the study consumers, the

multistage stratified random sampling method was used for

selecting the study consumers. After pre-processing the data,

386 complete questionnaires in total were collected from

GMFs users.

3.2. Variables selection and item
measurement

First, based on the literature review, the most important

variables have been extracted. Then we assure the validity of

the selected variables by inviting experts to interview them,

including four university scholars and four industry managers.

These managers had an average of over 5 years of experience in

GMF firms. The experts were requested to identify influential

factors in choosing GMFs and evaluate the importance of

selected variables as the main criteria.

In the second step, decision and conditional variables, two

types of variables in RST logic, were determined based on the

extracted variables in the previous step. It is considered that

in RST we could be using both quantitative and qualitative

variables simultaneously, which is one of the most important

advantages of this approach (Wang et al., 2010). Hence, to

determine the rules of consumers’ behavior and performance

in the GMFs market, 12 conditional variables consisting

of demographic, social, and psychographic attributes were

considered. We also specified one decision variable (Table 2).

The intention to use GMFs was used to measure consumer

behavior output because intention influences willingness to

fulfill a behavior (Jiang et al., 2016; Fozouni Ardekani et al.,

2021). The independent variables cover gender, age, education,

occupation, and knowledge as demographic variables. Also,

promotion focus and prevention focus related to RFT;

autonomy, relatedness, and competence related to SDT;

and consumers’ concerns toward GMFs are considered as

psychographic variables. Also, in this study, CSR is defined as

a social variable in consumers’ intention to use GMFs.

In the third step, a questionnaire was designed based on

identified variables, and items measured concerning previous

studies. As emphasized by scholars (Pino et al., 2016; Alvarado-

Herrera et al., 2017), CSR was measured using 26 items by
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TABLE 2 Attribute specifications and their codes for GMFs consumer

behavior analysis.

Attribute
type

Name Values Value sets

Condition attributes

Gender (x1) Male; Female {1,2}

Age (x2) <30; 30–39;
40–49; 50–59;
>59

{1,2,3,4,5}

Demographic
variables

Education (x3) Diploma,
Bachelor’s
degree, Master’s
degree, Ph.D.

{1,2,3,4}

Occupation
(x4)

Students,
Self-employed,
Workers,
Retired/Pensioner,
Unemployed,
Housework

{1,2,3,4,5,6}

Knowledge
(x5)

Knowledgeable,
Not
Knowledgeable

{1,2}

Social variable CSR (x6) Low, Medium,
High

{1,2,3}

Concerns (x7) Low, Medium,
High

{1,2,3}

Psychographic
variables

Promotion
focus (x8)

Low, Medium,
High

{1,2,3}

Prevention
focus (x9)

Low, Medium,
High

{1,2,3}

Autonomy
(x10)

Low, Medium,
High

{1,2,3}

Competence
(x11)

Low, Medium,
High

{1,2,3}

Relatedness
(x12)

Low, Medium,
High

{1,2,3}

Decision attributes

Intention to
use GMFs (d)

Low, Medium,
High

{1,2,3}

considering social, environmental, legal, philanthropic, and

ethical dimensions. Using 15 items that borrow from previous

studies (Bett et al., 2010; Kikulwe et al., 2011; Montuori et al.,

2012), concerns about GM foods were assessed based on four

dimensions (health, ethics, equity, and environment). RFT

dimensions, including consumer promotion and prevention

focus on GMFs were measured by 10 items, which were

derived from Haws et al. (2010). SDT dimensions (autonomy,

relatedness, and competence) were measured based on previous

literature (Ilardi et al., 1993; Deci and Ryan, 2000; Gagné, 2003)

by using 21 items too. Finally, the intention to use GMFs was

assessed with a 6-item scale (Kim et al., 2014; Ghali-Zinoubi

and Toukabri, 2019). It is worth mentioning the questionnaire

dimensions, scored from number 1 (strongly disagree) to

number 5 (strongly agree). Moreover, experts verified the face

validity of the questionnaire.

3.3. Analytical methods

Finally, and in the last step, our data analysis consists of two

phases: (1) decision rules extraction based on RST analysis; and

(2) converting the decision rules into FNGs. In the following

sections, we offer a detailed overview of these two techniques

that we used in this study.

3.3.1. Rough Set Theory (RST)

The RST is based on an important mathematical logic

that deals with low-precision, inconsistent and incomplete

information and aims to control the inherent ambiguity and

uncertainty in decision making (Segovia et al., 2002; Chen,

2009; Ben Sassi et al., 2016; Acharjya and Ahmed, 2021). This

theory originates from a simple information model, and its

main idea is divided into two parts. The first part refers to

the formation of concepts and rules through the classification

of relational databases, and the second part refers to the

discovery of knowledge through the classification of equivalence

relations and approximations. The RST deals with ambiguous

information as one of the theories in the field of data analysis

and processing. In RST, two precise boundary lines are created

to describe inaccurate concepts, which makes the RST a

precise mathematical tool for solving ambiguous and uncertain

problems. RST is able to solve some noticeable concerns in

the research worlds like providing sets descriptions in terms

of property values, examining the dependencies (complete or

partial) between properties, reducing properties, analyzing the

importance of properties, and creating decision rules (Pawlak

et al., 1988; Tay and Shen, 2002). In the following, this study will

explain some important concepts of this theory.

3.3.1.1. Indiscernibility of objects

A basic concept of the RST philosophy is its ability in

knowledge classification. One of the important approaches to

classifying knowledge is indiscernibility, which is a means for

eliciting and finding facts from imperfect data through creating

discretized attributes and eliminating redundant and irrelative

ones. In the table IS = (U, Q, V, F), accept that Q = (C ∪ D)

and (C ∩ D) = ∅ , where C is a set of condition attributes, and

D is a set of decision attributes. Let P ⊆ Q which makes an

indiscernibility relation IND (P) is an equivalence relation for

any (Han et al., 1999; Wang et al., 2010; Zhang et al., 2016). The

indiscernibility relation IND (P) is defined as:

IND
(

p
)

= {(X,Y) ∈ U2 | f (x, a) = f
(

y, a
)

, ∀a,∈ P} (1)
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U/IND (P) = {C1, C2, . . . CK} is the partition of U

by P, and every Ci is an equivalence class. For∀X ∈ U,

the equivalence class for X in relation U/IND (P) can be

conceptualize as:

[X] IND(P) = {(y) ∈ U | f
(

y, a
)

,∀a,∈ P} (2)

3.3.1.2. Set approximation

As stated earlier, the purpose of applying RST is to extract

and define rules from vague and incomplete data. Thus, the RST

deals with two main concepts: Information system and upper

and lower approximations (Pawlak, 2002).

U is assumed to be a reference set defining a finite set of

other factors (actions). A also represents a finite set of non-

attributes (type of service), such that for each attribute a∈ A

there is a function a: U → Va in which Va is the sum of all

possible values of attribute a that extends to the domain a is

famous. Accordingly, the information system is S= (U, A). Each

subset B of A, B ⊆ A, defines a binary relation I (B) in U and is

described as:

(

x, y
)

∈ I (B) if and only if a (x) = a
(

y
)

for every a ∈ A

Where a (x) specifies the value of the attribute “a” for the element

“x.” Therefore, S= (U, A) is an information system in whichX ⊆

U and B ⊆ A. For each X ⊆ U, there are two approximations

under the heading of lower B ∗ (X) and upper B ∗ (X)

as follows:

B∗ (X) =
⋃

x∈U
{B (X) : B (X) ⊆ X}

B∗(X) =
⋃

x∈U
{B (X) : B (X)∩ 6= ∅}

3.3.1.3. Attribute reduction

At this stage, some attributes may be seen as redundant

in the information table, which means they are irrelative

or unnecessary, and their elimination won’t affect essential

classificatory information. Two noticeable concepts in this stage

are attribute reduction and core. Given A and B ⊆ Q a reduct

is a minimal set of attributes such that IND (A) = IND (B). The

intersection of all reducts, Core(A) = ∩ RED(A) is mentioned

as the core of A. The core includes a group of all the central

attributes in the decision table (Wang et al., 2010; Zhang et al.,

2016).

3.3.1.4. Decision rules induction

The decision table leads to two sets of attributes: condition

attributes C and decision attributes D. The decision table S

is the exact decision rule if C → D. The set of decision

rules that result from the decision table are considered the

entrants feeding the decision analysis. Regarding Pawlak (2004)

the process of capturing decision rules from a set of initial data

is known as induction. The formula for an induced decision

rule is: IF-condition(s)-THEN-decision(s). The decision rule

represents a relationship between a set of conditions and a

conclusion or a decision (Wang et al., 2010).

3.3.2. Flow Network Graph (FNG)

The FNG is an approach proposed by Fulkerson and Ford

(1962). The path-dependent relationship of each branch in a

flow network, which is produced by the decisions’ rules of

RST, is interpreted through FNG. Branches of the FNG are

considered as decision rules and describe a decision algorithm.

The resultant model is applied to capture and define the nature

of decision processes within FNGs rather than a description

of flow optimization (Pawlak, 2002). According to Pawlak

(2004), FNGs and decision algorithms’ relation can be explained

as follows.

An FNG is a directed acyclic finite graph G = (V ,β , h)

where V is a set of nodes, β ⊆ v2 is a set of directed branches,

h : β → R+ is a flow function, and R+ is the set of non-

negative real numbers. Although the flow of a branch (x, y) ∈ β

is donated by h(x, y): then x is an input of y is an output of

x. The input and output of a graph G are defined as I (G) =

{x ∈ V|J(x) 6= ∅ and (G) = {x ∈ V|O(x) 6= ∅ . For every

node x in the FNG, inflow is defined as h+(y) = 6x∈I(y)h(x, y)

and outflow is defined as is h−(y) = Similarly, the inflow,

and outflow of the whole FNG can be definite as h+ (G) =

6x∈I(x) h−(x). And h− (G) = 6x∈o(Gx) h+(x), respectively.

We assume that, for any node x in an FNG, G, h+ (x) =

h− (x) = h(G). The measure the strength of every branch (x,

y) in an FNG, G = (V ,β , h). We define the strength p
(

x , y
)

=

h(x, y)|r(G), where 0≤ p(x, y) ≤ 1. The strength of the branch

expresses the ratio of the total flow through the branch. Every

branch (x, y) of an FNG, G is associated with the certainty and

the coverage coefficients. The certainty and coverage of every

branch are outlined as cer(x, y) = p(x, y)|p(x) and cov(x, y) =

p(x, y)|p(y). Respectively, where p(x, y) = h(x, y)|h(G), p(x) =

h(x)|h(G), and p(y) = h(y)|h(G) are normalized through flow,

and p (x) 6= ∅, p
(

y
)

6= ∅ and ≤ p(x, y) ≤ 1. The certainty

coefficient shows the outflow distribution between outputs of a

node, and the coverage coefficient exhibits the quality of inflow

distribution between inputs of the node. These coefficients’ task

is to explain some properties of the flow distribution among

the branches in the whole FNG. That’s why FNG is considered

an important tool for modeling flow information derived from

a set of decision rules (Wang et al., 2010; Lin et al., 2011). At

the end of this section, Figure 1 presents the research design for

this study.

4. Results

Within the scope of RST, after preparing the data, an

information table can be constructed to carry out further
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FIGURE 1

Research design (authors’ representation).

analysis (Table 3). The first outcomes extracted from the
coded information table based on rough sets analysis were

the description of equivalence classes, the approximation of
the decision classes, and the quality of classifications. It is
considered that the classification accuracy is used to represent

the percentage of correctly classified and the approximation

accuracy is used to describe the degree of intention to use GMFs.

As illustrated in Table 4, our samples are categorized into
three classes, (1) low, (2) medium, and (3) high intention to

use GMFs. To display the rigor and robustness of results, the

accuracy of classifications has been shown for the three decision
classes. In this study, we have a total of 377 equivalence classes.
Furthermore, in terms of consumers’ intention to use GMFs, the

results indicate high accuracy equal to 1 for all three decision

classes. It means correct classification of all samples.

To get the reduced attribute sets and increase the
classification rate, the existing algorithms in RST analysis

are employed to determine the core attributes and reduce
conditional attributes. Due to the result of 1.0 for the value of

the positive region, the reduced set include all 12 attributes {x1,
x2, x3, x4, x5, x6, x7, x8, x9, x10, x11, and x12} and there is no

redundant attribute in our analysis. Furthermore, since the core
includes the essential and most influential attributes, our results

display the importance of these 12 variables in anticipating

consumer intent to use GMFs.

4.1. Decision-making rules extraction

Based on the analysis of the rough set, 289 logical rules

have been extracted from the informational table, of which

116 rules belong to the low intention class, 76 rules belong to

the medium intention class, and 97 rules belong to the high

intention class. But, many of these rules don’t have adequate

support factors with regard to their capability to distinguish

consumers’ characteristics amongst the decision-making classes.

Thus, based on the previous research (Wang et al., 2010; Lin

et al., 2011; Chen and Tsai, 2016; Mahavarpour et al., 2019) it

has been regarded as the threshold value for some indexes to find

the higher quality rules. For rule reduction, after consulting with

experts, we consider a threshold value with minimum condition

attributes ≥ 3. Also, we considered the percentage of training

data or support value ≥ 5% for each decision class. So, we only

interpreted 13 rules (7, 2, and 4 rules in the low, medium, and

high intention classes, respectively; see Table 5).

In the following, by exploring the relationships between

consumer factors and intention to use GMFs, we offer a

detailed overview of decision rules for consumers’ characteristics

regarding low, medium, and high intention to consume

GMFs (Tables 6–8, respectively). To emphasize the validity

of extracted rules, the coefficients of support, certainty,
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strength, and coverage associated with each rule are shown in

tables too.

The three top-ranking variables in the decision rules tables

consist of (1) CSR (x6) with frequency occurrences of 11 and

a percentage of 84.62%, (2) concerns (x7) with a frequent

occurrence of 9, and a percentage of 69.23%, and (3) autonomy

(x10) with a frequent occurrence of 7, and a percentage of

53.85%. In the following, we illustrate the main and priorities of

variables for each decision class (the three top-ranking variables

for each class; Table 9).

4.2. Converting the decision rules into
FNGs

An FNGwas used in this study to interpret the decision rules

and examine the influences of the dimensions and attributes

TABLE 3 Information table.

IF/THEN attributes R∗ 1 R 2 R 3 … R 386

IF

Gender (x1) 1 1 1 . . . 2

Age (x2) 1 1 1 . . . 2

Education (x3) 3 3 3 . . . 3

Occupation (x4) 1 3 1 . . . 1

Knowledge (x5) 1 1 1 . . . 1

CSR (x6) 2 3 3 . . . 2

Concerns (x7) 2 3 1 . . . 2

Promotion focus (x8) 1 3 3 . . . 3

Prevention focus (x9) 1 3 2 . . . 3

Autonomy (x10) 2 1 2 . . . 1

Competence (x11) 1 1 3 . . . 3

Relatedness (x12) 2 2 3 . . . 3

THEN

Intention to use GMFs (d) 2 1 3 . . . 1

R∗ means respondent.

listed in Tables 6–8. The cause-and-effect relationship between

variables and consumer intention to use GMFs is depicted in

Figures 2–4. The diagrams also show the important meanings

and how they influenced people’s desire to use GMFs.

Based on the descriptions and concepts of RST and FNGs

described in the former section, decision rules could be

displayed as flow graphs (Figures 2–4). It can be claimed that

each branch represents a decision rule in flow graphs or decision

algorithms (Lin et al., 2011; Chin et al., 2018).

Regarding the results of RST analysis and generated decision

rules, 116 decision rules that supported a low intention to use

GMFs were identified, which indicates the firms following these

rules may encounter a lack of consumers’ intention to consume

GMFs, which probably lead to their failure. In this study, 97

and 76 decision rules led to medium and high intentions to use

GMFs, which indicates that companies who use these rules in

their consumer engagement efforts can make people more likely

to think about GMFs.

Within the scope of the FNGs, the coefficients of support,

certainty, strength, and coverage explain some properties of

flow distribution among the branches. However, to simplify the

FNGs, we only show the support coefficients in Figures 2–4 and

omit the other coefficients.

The total inflow of the graph in the low intention

class is 119, which is the total of the supports related

to the decision rules in Table 5. Based on the FNG in

Figure 2, the importance of condition attributes could be

identified. According to the number of supports, the top-4

determinants of consumers’ low intention to use GMFs are:

(1) consumer’s concerns about GMFs are high (67 supports); (2)

the occupational status of the consumer is student (55 supports);

(3) consumer’s perception of CSR is low (52 supports);

and (4) the consumer’s autonomy to choose GMFs is high

(49 supports).

Looking at Figure 3, we find that in the low intention

class, the total inflow of the graph is 11. According to the

number of supports, the top-4 determinants of consumers’

medium intention to use GMFs with equal support (support

= 11) are: (1) the occupational status of the consumer is self-

employed; (2) the consumer’s perception of CSR is medium;

TABLE 4 Accuracy and quality of classification.

Intention to use
GMFs

Number of
objects

The number of eq. classes Accuracy of
classification

Quality of
classification

Lower
approximation

Upper
approximation

D - - - 1 1

Low 182 178 178 1 -

Medium 81 80 80 1 -

High 123 119 119 1 -
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TABLE 5 Decision rules of consumers characteristics to use GMFs.

No. Rules Number of
matching
consumers

% of training data
covered by the rule

(%)

Low intention to use GMFs

1 IF Concerns (3) and Competence (3) and Occupation (1)=> Intention (1) 24 13.19

2 IF CSR (1) and Concerns (3) and Promotion focus (3) and Autonomy (3)=> Intention (1) 20 10.99

3 IF Concerns and AND Education (3) and Occupation (1)=> Intention (1) 17 9.34

4 IF CSR (1) and Prevention focus (3) and Autonomy (3)=> Intention (1) 17 9.34

5 IF CSR (1) and Prevention focus (3) and Age (2)=> Intention (1) 15 8.24

6 IF CSR (2) and Concerns (3) and Occupation (1)=> Intention (1) 14 7.69

7 IF CSR (2) and Concerns (3) and Prevention focus (3) and Autonomy (3) and Relatedness (3)
and Age (2)=> Intention (1)

12 6.59

Medium intention to use GMFs

1 IF CSR (2) and Concerns (3) and Autonomy (2) and Occupation (2)=> Intention (2) 6 7.40

2 IF CSR (2) and Concerns (3) and Prevention focus (2) and Autonomy (2) and Occupation (2)
=> Intention (2)

5 6.17

High intention to use GMFs

1 IF CSR (3) and Concerns (2) and Prevention focus (3) and Competence (3) and Age (2)=>

Intention (3)
8 6.50

2 IF CSR (3) and Gender (2) and Age (2) and Education (1)=> Intention (3) 8 6.50

3 IF CSR (3) and Concerns (3) and Prevention focus (3) and Autonomy (3) and Education (1)=>

Intention (3)
8 6.50

4 IF CSR (3) and Promotion focus (3) and Prevention focus (2) and Autonomy (2)=> Intention
(3)

7 5.69

TABLE 6 Decision rules of low intention to use GMFs with minimum support value ≥ 12.

No. x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 d S∗ C∗ S∗∗ (%) C∗∗ (%)

1 1 3 3 1 24 1 6.21 13.19

2 1 3 3 3 1 20 1 5.18 10.99

3 3 1 3 1 17 1 4.40 9.34

4 1 3 3 1 17 1 4.40 9.34

5 2 1 3 1 15 1 3.89 8.24

6 1 2 3 1 14 1 3.63 7.69

7 2 2 3 3 3 3 1 12 1 3.11 6.59

Total times 0 2 1 3 0 5 5 1 3 3 1 1 - - - - -

S∗ means support value; C∗ means certainty; S∗∗ means the percentage of strength; C∗∗ means the percentage of coverage.

(3) the consumer’s concerns about GMFs are high; and (4) the

consumer’s autonomy to choose GMFs is medium. Finally, the

total inflow of the graph in the high intention class is 31, which

is the total of the supports related to the decision rules in Table 7.

Based on the FNG in Figure 4, the importance of condition

attributes could be identified. According to the number of

supports, the top-4 determinants of consumers’ high intention

to use GMFs are: (1) consumer’s perception of CSR is high

(31 supports); (2) consumer’s age is 30–39 (16 supports);

(3) consumer’s education is diploma (16 supports); and the

fourth triggering determinant for this class is: consumer’s

prevention focus toward GMFs is medium (16 supports).

5. Discussion and implication

This research used a new approach to predict consumers’

intention to use GMFs in a developing country by combining
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TABLE 7 Decision rules of medium intention to use GMFs with minimum support value ≥ 5.

No. x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 d S C S (%) C (%)

1 2 2 3 2 2 6 1 1.55 7.41

2 2 2 3 2 2 2 5 1 1.30 6.17

Total times 0 0 0 2 0 2 2 1 0 2 0 0 - - - - -

TABLE 8 Decision rules of high intention to use GMFs with minimum support value ≥ 7.

No. x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 d S C S (%) C (%)

1 2 3 2 3 3 3 8 1 2.07 6.50

2 2 2 1 3 3 8 1 2.07 6.50

3 1 3 3 3 3 3 8 1 2.07 6.50

4 3 3 2 2 3 7 1 1.81 5.69

Total times 1 2 2 0 0 4 2 1 3 2 1 0 - - - - -

TABLE 9 Top-3 ranking of the variables in three decision classes based

on frequencies and percentages.

Low Medium High

CSR (x6), concerns (x7)
(five times, 71.43%)

CSR (x6), concerns (x7),
autonomy (x10),
occupation (x4) (two
times, 100%)

CSR (x6) (four
times, 100%)

Prevention focus (x9),
autonomy (x10),
occupation (x4) (three
times, 42.86%)

Promotion focus (x8)
(one time, 50%)

Prevention focus
(x9) (three times,
75%)

Age (x2) (two times,
28.57%)

- Concerns (x7),
autonomy (x10),
age (x2), education
(x3) (two times,
50%)

RST and FNGs. The reason behind that is to respond to the

research gap that has been addressed by the scholars (Rodríguez-

Entrena and Salazar-Ordóñez, 2016; Guo et al., 2020; Erol, 2021)

to realize hidden information in consumer characteristics and

predict the decision rules of consumers’ intention to use GMFs.

This approach, is specifically useful for the classification of

multi-attribute problems, as well as suited for the problems of

business success or failure prediction (Dimitras et al., 1999).

Moreover, as emphasized by Cheng et al. (2013) the FNGs like

a bridge could connect the pathway of decision rules and the

degree of their interdependency. As such, this study utilized

these features to extract more influential factors and important

patterns of consumers’ intention to use GMFs.

By considering the results of the FNG, it was found

that consumers’ perception of CSR is the factor that has

been influential in all degrees of consumers’ intention to use

GMFs. Moreover, it can be claimed that consumers’ concerns,

occupational status, and autonomy are other sensitive factors

that affect consumer behavior toward GMFs. So, concerning the

results of the present study, these factors influence consumer

decision-making toward GMFs consumption more than other

influential factors. Additionally, the influence of consumers’

age, education, and prevention focus has been predicted to

reinforce consumers’ intention. A summary of these dimensions,

derived from the FNGs, is given in Figure 5. It is worth

noting that the lines represent the relationships between

the variables.

This study also discovered multiple interesting and

considerable patterns from our data as following:

Pattern 1: the greater the consumers’ perception of CSR, the

greater the chance that they will use GMFs (94 supports).

In this respect, other scholars (van der Wees and Moonen,

2011; Pino et al., 2016; Boccia and Covino, 2021) referred to CSR

initiatives that have a powerful effect on consumer decisions.

Furthermore, in many developing and developed countries,

the emphasis on biotechnological foods has recently increased

(Alphonce et al., 2020), which has led to the growth of social

problems. These social problems mainly focus on challenges

such as the environment, ethics, philanthropy, and the law.

Pattern 2: consumers with high concerns about GMFs

probably fall into the low or medium intention class of using

GMFs (78 supports).

With the evolution of the GMFs domain, one of the

vital concepts is consumers’ concerns about GMFs. The

influence of consumers’ concerns on the adoption of GMFs has

been studied in prior research to some extent. For example,

findings by scholars (Hakim et al., 2020; Davies et al., 2021;

Pakseresht et al., 2021; Zheng and Wang, 2021) reveal that

consumers’ concerns positively affect consumer adoption of

GMFS. Additionally, findings from Frewer et al. (2011) confirm

that those foods characterized as being “bioactive” boost
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FIGURE 2

Decision flow graph and rule-set of low intention to use GMFs class. x2 = 2 means that consumer’s age is from 30 to 39; x3 = 3 means that

consumer has master degree; x4 = 1 means that consumer is student; x6 = 1 means that consumer’s perception of CSR is low; x6 = 2 means

that consumer’s perception of CSR is medium; x7 = 3 means that consumer’s concerns about GMFs is high; x8 = 3 means that consumer’s

promotion focus toward GMFs is high; x9 = 3 means that consumer’s prevention focus toward GMFs is high; x10 = 3 means that consumer’s

autonomy to choose GMFs is high; x11 = 3 means that consumer’s competence to choose GMFs is high; x12 = 3 means that consumer’s

relatedness to choose GMFs is high; d = 1 means that consumer’s intention to use GMFs is low.

FIGURE 3

Decision flow graph and rule-set of medium intention to use GMFs class. x4 = 2 means that consumer is self-employed; x6 = 2 means that

consumer’s perception of CSR is medium; x7 = 3 means that consumer’s concerns about GMFs is high; x8 = 2 means that consumer’s

promotion focus toward GMFs is medium; x10 = 2 means that consumer’s autonomy to choose GMFs is medium; d = 2 means that consumer’s

intention to use GMFs is medium.

particular concerns, including ethical concerns, uncontrolled

use, and unpredictable effects.

Pattern 3: consumers with the occupational status of

students usually fall into the low intention class, while self-

employed consumers usually fall into the medium intention

class (66 supports).

One of the most fundamental elements of GMFs is their

focus on and interest in individuals with higher incomes. The

finding obtained by Chege and Groote (2008), Zheng andWang

(2021), andWaterfield et al. (2020), suggest that the high-income

category of consumers were more likely to purchase GMFs. The

reason behind this is consumers’ income levels could moderate

attitudes toward bioengineered food (Levi, 2022).

Pattern 4: the degree of autonomy is higher for low intention

consumers rather than for consumers with medium intention to

use GMFs (60 supports).

The SDT is one of the most important theories that

has imported the psychological concepts from the GMFs

literature to explore consumers’ characteristics toward

these biotechnological foods (Rubel and Streiffer, 2005;

Mwathi, 2015; Martinez-Ribaya and Areal, 2020). In

this study, the authors claim consumers’ autonomy to

choose GMFs has a greater effect on consumers’ adoption

compared to other elements in SDT. Similarly, Siipi

and Uusitalo (2011) support that consumers’ autonomy

will be a crucial driver for the adoption of GMFs.
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FIGURE 4

Decision flow graph and rule-set of high intention to use GMFs class. x1 = 2 means that consumer is female; x2 = 2 means that consumer’s age

is from 30 to 39; x3 = 1 means that consumer has diploma; x6 = 3 means that consumer’s perception of CSR is high; x7 = 2 means that

consumer’s concerns about GMFs is medium; x7 = 3 means that consumer’s concerns about GMFs is high; x8 = 3 means that consumer’s

promotion focus toward GMFs is high; x9 = 2 means that consumer’s prevention focus toward GMFs is medium; x9 = 3 means that consumer’s

prevention focus toward GMFs is high; x10 = 2 means that consumer’s autonomy to choose GMFs is medium; x10 = 3 means that consumer’s

autonomy to choose GMFs is high; x11 = 3 means that consumer’s competence to choose GMFs is high; d = 3 means that consumer’s

intention to use GMFs is high.

FIGURE 5

Extended map of the most important dimensions in three classes. H = high, M = medium. Means the relationships between

variables in each class. Means the relationships between the variables in di�erent classes.

Moreover, other patterns that have fewer support values

are listed below:

Pattern 5: consumers’ aged 30–39 are more likely to be in

the high intention class (16 supports).

Pattern 6: high intention consumers usually have a medium

level of prevention focus (16 supports).

Pattern 7: diploma consumers usually fall into the high

intention class (16 supports).

5.1. Theoretical implication

Given the growth of the GMFs topic, consumer behavioral

predictions in the form of decision rules and important patterns

that occur in this study could be noticed for their strength and

capability to represent the importance of variables. This research

contributes to the current belief among scholars (Chen and Tsai,

2016; Bai et al., 2019; Mahavarpour et al., 2021; Pelissari et al.,

2021) that the generated rules can provide favorable strategies

which can recognize consumers’ perception-based attributes. In

more precise terms, it provides insights into how relationships

are described by consumer characteristics and their behaviors.

However, this paper is the first effort to consider this direction

toward GMFs.

We also contribute to the GMFs literature by predicting the

degree to which consumer characteristics, such as demographic,

social, and psychographic variables, influence the consumer’s

intention to use GMFs. The findings illustrate that consumers’

perception of CSR plays a vital role in consumer decision-

making toward GMFs adoption. These results support preceding

literature that suggests CSR is associated with consumer reaction

toward GMFs (Pino et al., 2016; Boccia and Covino, 2021;

Rabbanee et al., 2021). Prior research on consumer behavior

toward GMFs mainly focused on the effects of one or a
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few rare factors separately (Deng and Hu, 2019; Jiang and

Zhang, 2021; McKenzie et al., 2021; Rabbanee et al., 2021;

Levi, 2022; Sleboda and Lagerkvist, 2022), while in this study,

important influential factors were studied together and the

analysis of their effects simultaneously to determine priorities.

Consequently, we point to consumers’ concerns, occupational

status, and consumer autonomy as other important aspects

of consumer decision-making toward GMFs. Furthermore,

this study adds to the current belief among scholars (Chen

et al., 2019; Pakseresht et al., 2021) that the “food-orientation”

function is an important direction for future research and it

would be beneficial to identify influential factors regarding

GMFs acceptance.

5.2. Managerial implication

The results of this study, especially the consumers’ intentions

illustrated in the FNGs would be useful for the GMFs firms

to understand how their marketing efforts are affected by

consumers’ demographic, social, and psychographic variables.

Concerning the findings, managers must take into consideration

that it is not only one characteristic that is related to a low

or high intention of using GMFs. As previously demonstrated,

there are relatively complex with significant interaction

relationships between variables that managers could realize

the entire conditions of the relationship among mentioned

variables from the consumer’s perspective and its effect on

a favorable decision making, particularly in the developing

countries context.

Based on the analysis outcomes, the most significant factors

that affect consumers’ intention to use GMFs are: “consumer

perception of CSR;” “consumer concerns;” “occupational

status;” and “consumer autonomy.” Thus, managers and

policymakers must pay more attention to these concepts when

they survey consumer intention behavior. In addition, GMFs

companies can use the combined RST and an FNG of their

CRM database to create an integrated system for predicting

consumer behavior in order to expand appropriate operations

and decisions.

6. Conclusion

This study combined the RST and FNG to construct

network graphs of consumers’ intentions to use GMFs. Current

research extracts decision rules from the initial data based

on RST. Moreover, by considering the extracted rules, non-

linear relationships to analyze the influence of consumer

characteristics on the intention to use GMFs have been provided

by the FNG. Therefore, in this study, the researchers, looked at

possible routes and useful information about how likely people

were to eat GMFs.

According to the analysis of RST, and considering the

support values and other indexes introduced in the Rough Set

Theory, 13 rules have been selected from 289 initial rules in

three segmented classes. Using the RST analysis, in the first class

(low intention to use GMFs), seven decision rules from 116

rules were selected; in the second class (medium intention to

use GMFs), two decision rules from 76 rules were selected; and

in the third class (high intention to use GMFs), four decision

rules from 97 rules were selected. Using the FNG approach,

the total inflow of the graph and the top-4 determinants

of consumers’ intention to use GMFs in all three decision

classes were identified and described. Moreover, by combining

these two methods and investigating all three classes, the

main rules and patterns governing the behavioral intention of

consumers toward GMFs adoption were identified. The overall

results confirm that corporate social responsibilities, consumer

concerns, occupational status, and consumer autonomy are

more important than other observed dimensions in consumers’

decision-making. Moreover, findings illustrate that combining

Rough Set Theory and Flow Network Graph could predict

customers’ intention and provide valuable information for

policy-makers in related active industries.

7. Limitation and future research

Like any other study, this research has some limitations

that we must acknowledge for the direction of future research.

(Christofi et al., 2021) use the term “tri-axial” including theory,

context, and methodology, to signify that future research is

positioned along these axes. Concerning the results of the

present study, we suggest fruitful areas for further advancement

of future GMFs research based on these three axes.

7.1. Axis 1: Theory

First, although a few theories (such as the Theory of Planned

Behavior, Innovation Diffusion Theory, Theory of Reasoned

Action, Social Representations Theory, and Theory of the Risk)

have been explored by previous scholars (Prati et al., 2012;

Kim et al., 2014; Li and Bautista, 2020; Fozouni Ardekani

et al., 2021; Rabbanee et al., 2021), the lack of a coherent and

explicit theoretical base by considering novel approaches feels in

GMFs research. This study examined a number of theory-related

issues during. Similarly, to find more attitudes about consumer

behavior in GMFs, we propose future research to investigate an

extended variety of theories like protected motivation theory,

theory of social power, uses and gratifications theory, social

interdependence theory, and other theoretical concepts from

different related disciplines such as sociology, psychology, and

economics, which lead to empowering GMFs literature in the

theory section.
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TABLE 10 Future research questions.

Axis Research questions

Theory How different theories (e.g., protection motivation theory) could affect adoption process of GMFs?

What is the relationships between critical factors within the pre-and-post consumption stages in GMFs?

How can an emerging concepts in corporate social responsibility such as sustainability play a vital role in the development of GMFs?

Context What are critical and complex aspects of the consumers adoption of the GMFs in different context?

How attitudes of consumers toward GMFs in developed and developing countries could be different?

Methodology How can develop new measure scales on the adoption of the GMFs?

How can approaches like neural networks or fuzzy logic aid in analyzing consumers’ behavioral intention to use GMFs?

Second, regarding the result of this study, future research

could explore the ways that firms could maximize the positive

consequences that occur from GMFs activity in society and

contribute to reinforcing insight toward corporate’s social

responsibility. In addition, according to the literature themes,

there is a lack of consideration on investigating consumers’

attitudes toward both pre-and-post GMFs consumption stages.

Thus, according to this gap, and considering that by exploring

the relationships between critical factors within the pre-and-

post consumption stages, deeper insight will be detected from

consumer behavior, we encourage future studies to investigate

this issue.

7.2. Axis 2: Context

Understanding the driving forces that can impact the

evolution of the present-day situation is vital for future research

on GMFs (Gurau and Ranchhod, 2016). Since society represents

the general framework in which these changes will happen,

these factors’ recognition must be accomplished through the

survey and analysis of human perceptions. As a result, other

researchers are encouraged to empirically examine and compare

the research model of this study in various geographical, social,

institutional, and economic conditions of human beings. Also, it

is valuable to compare the attitudes of consumers toward GMFs

in developed and developing countries with each other.

7.3. Axis 3: Methodology

As regards the methodology, this research is one of the first

to combine the RST and FNG to predict consumer behavior

in the GMFs section. According to scholars (Chen and Tsai,

2016; Li et al., 2018; Tsai and Yeh, 2019; Moghadam et al., 2021;

Pelissari et al., 2021), the application of RST at the decision-

making level is suitable for prediction and theory building.

Hence, we propose our methodology to other scholars too, to

use our method for different samples and compare the extracted

rules. Finally, future researchers are proposing to combine RST

with other approaches like neural networks or fuzzy logic.

To sum up, the lack of a coherent and explicit theoretical

base by considering novel approaches feels in GMFs research.

Also, understanding the driving forces of consumers’ attitudes

toward GMFs is vital for future research on GMFs which can

be accomplished through the survey and analysis of human

perceptions. Table 10 presents more future suggestions in the

form of research questions based on these three identified axis

in order to complete more the GMFs literature.
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