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Abstract: Social influence has a positive impact on the purchase intention for eco-friendly products
along with other subjective and objective aspects related to environmental attitude, product attitude,
and subjective and objective knowledge. Also, exposure to media has been proven to have a significant
positive affect on environmental attitude, with effect on the purchase intention. Several recent studies
have shown the importance of consumers’ influence in online social networks, underlying the role
played by the online environments over consumers’ attitude. As a result, the current research tries
to analyze the influence exerted on consumers’ decision to purchase eco-friendly products by their
activity in online social environments. Using a questionnaire, filled-in by 409 respondents, a series
of variables have been extracted with regard to the eco-friendly products. An agent-based model
has been created, fed with the values of the variables extracted from the questionnaire, and used for
simulations. As a result, it has been observed that an increase in online media exposure can have a
high positive impact on the eco-friendly product adoption. Depending on the type of product—soft or
durable good—different times for the eco-friendly product adoption have been determined relatively
to the considered variables. Last, the possible limitations of using an agent-based modeling approach
are discussed, along with possible extensions and improvements.

Keywords: agent-based model; consumers’ decisions; eco-friendly products; green products;
NetLogo 6.0.4; opinion influence; online social networks

1. Introduction

Environmental protection has attracted considerable attention worldwide due to the tremendous
economic and population growth recorded within the last century. The need to keep a clean
environment is widely acknowledge with academia and the papers analyzing the measures to be
done in this context are numerous [1–3]. Additionally, a series of papers have addressed consumers’
attitudes towards recycling and the adoption and use of eco-friendly products [4–6]. Among the causes
that might influence the consumers’ behavior in adopting the use of eco-friendly products, social
influence is mentioned along with other subjective and objective aspects related to environmental
attitude, product attitude, and subjective and objective knowledge, etc [7].
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Starting from the paper written by Chen et al. [7] which proves that social influence positively
affects the purchase intention in the case of green (eco-friendly) products and taking into account that
the exposure to media has a significant positive affect on environmental attitude, with an effect on the
purchase intention, the present study tries to analyze the consumers’ opinion influence in online social
media with the respect to the purchase and use of these products. This research aims to extend the
current approaches in the area of consumers’ influence by also considering the influence exerted by the
“friends” a person has in online social media over that person’s intention to buy a product. Figure 1
provides an example of a post published on Facebook related to a Mexican company which produces
plastic cutlery and straws from avocado seeds that are completely biodegradable in 240 days.
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Several recent studies have shown the importance of consumers’ influence in online social
networks [8–13]. In this context, the present study develops and validates a questionnaire for better
extracting the influence exerted by online social networks’ users on the consumers’ purchase intention
depending on the subjective characteristics of each person in terms of how easy to influence that person
is and how much he/she can further influence other peoples’ purchase decisions. Considering the
results gathered through a study which divides the purchased goods into durable and soft goods [14],
which underlines different purchasing behavior depending on the type of good (soft or durable), we
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have divided the eco-friendly products in these two main categories and we have extracted the possible
influence in each case. An agent-based model has been created in order to determine the adoption
of the eco-friendly products based on their type. Additionally, we have considered the presence of
different promoting campaigns for the use of the eco-friendly products in online social media and we
have analyzed how this can further influence eco-friendly products’ adoption time.

The paper is organized as follows: Section 2 presents a short literature review on both recycling
and eco-friendly product adoption, Section 3 presents the main characteristics of the agent-based
modeling along with some models developed in different fields using this type of modeling, Section 4
highlights some of the main questions used in the questionnaire, along with the answers received
and their interpretation. Also, the questionnaire’s validation is performed in Section 4. Section 5
underlines the agent-based model’s parameters and provides the simulation results. The paper ends
with concluding remarks, references and an annex containing the research questionnaire.

2. Literature Review

The global population growth recorded over the past century corroborated with the rapid
technological changes due both to the population growth and to the advancement made in the
electronics industry had a major impact on the increased amount of solid waste. As a result, throughout
the world, there have been recorded cities facing serious environmental problems. In this context,
reducing waste has become one of the major solutions proposed both by the literature and by the
every-day practice. Therefore, a series of researches have addressed the different types of waste and
have proposed different approaches in order to minimize it.

Food waste is another area which has attracted a series of researchers related to consumers’
behavior. Over time, it has been observed that there are cases in which the consumers are buying more
food than needed and are storing it incorrectly [15]. Mattar et al. [16] believe that employment,
education, number of household members, and income may affect food waste volume, while
Nikolaus et al. [17] analyzed the believes and behavior of young adults in relation with the food
waste and concluded that this category provides evidence of heterogeneity in perceptions, believes
and behaviors. Also, Corrado et al. [18] have shown that one third of the food produced globally is
wasted along the food chain, while a series of studies made over different countries in the European
Union, such as Italy, Germany, or Switzerland [19–22], have indicate that the households are the
main contributors to food waste [19]. The environmental impacts of food waste have been studied
by Scherhaufer et al. [23], while the importance of the food rituals in preventing food waste have
been analyzed by Revilla and Salet [24]. Thus, the general conclusion made here is that: food waste
matters [25] and environmental protection is a global concern [7].

As the volume of the studies dealing with the recycling problem is beyond a summarily literature
review, we encourage the reader interested in the recycling process to read some of the review
studies [26–30].

On the other hand, rather than focusing only on the recycling process, the consumers can also
be thought to manifest a positive attitude towards buying and using eco-friendly (green) products.
Although the literature has not reached a general consensus on whether consumers are considering
eco-friendly products’ attributes before buying them [7,31], or whether they are willing to pay more
for the eco-friendly products [32–35], these aspects are still one of the main research directions in the
field. Along with them, a series of papers have addressed several issues related to investigate the
factors that may influence the consumer decision over choosing the green products. Maniatis [31]
states that even if consumers are informed about the concept of eco-friendly products through green
marketing, green consumers are sophisticated buyers and the marketers need to pay an additional
attention when defining the product specification. In his study, the author has analyzed the indicators
determining the customers’ knowledge of the existence of green products and the general awareness
attached to these products. Among the key influencers of customers’ selection, it can be mentioned
the following: purchase price benefits, promotions, the product features, operating price benefits, and
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environmental awareness [31,36]. Thøgersen [36] carried a study on consumers in four European
countries and concluded that consumers value common benefits of the green products in addition to
their selfish benefits.

In a recent study, Chen et al. [7] analyzed the main triggers to purchasing green products
and concluded that environmental attitude, product attitude, perceived monetary value, and social
influence affect positively the purchase intention. The positive connection between the social influences
and the intention to purchase green products has been also underlined by [37,38].

With respect to the factors influencing consumer behavior related to the purchase of green
products, Khan and Mohsim [39] mentioned social value in addition to brand awareness, conditional
and functional value, and environmental and knowledge value. Social value is defined, in this
context, as “the perceived utility of product or service associated with specific social, demographic,
socioeconomic, or cultural groups” [40]. Sweeney and Soutar [41] believe that the social value of a
green product is related to self-image.

Other studies in the area of consumers’ intention to purchase eco-friendly products are the ones
conducted by Hussain et al. [42] and Akbar et al. [43], while a more in-depth analysis of the papers in
this area can be found in Khan and Mohsin [39].

3. Agent-Based Modeling

While a model is defined as a “simplified representation of the reality” [44], modeling is the
process through which one can create mathematical and /or conceptual frameworks for describing the
analyzed phenomenon / phenomena. In literature, there are basically two approaches with regard to
the modeling process: equation-based modeling (EBM) and agent-based modeling (ABM).

Over the time, the EBM approach has been extensively used in economic applications as it allows
a straight-forward causality in which some variables within the model directly influence or cause
another variable in the model. In this case, the interactions among the main actors within the model
were seen as continuous and the use of EBM has been strictly connected to a good knowledge of the
differential equations along with a good understanding of the aggregate behavior [45].

Recently, the ABM approach has received increasing interest in the area of economic modeling
as, through the means and tools it provides, if offers a proper framework for shaping the indirect
causation that might appear within a model due to the presence of the emergence phenomenon.
Another advantage brought by the ABM approach is that it only requires the knowledge of the
commonsense behavior of the entity under investigation and does not require an advanced calculus
knowledge. Regarding the type of interactions, these are discrete in the case of ABM and this can be
considered a plus brought by this type of modeling rather than as a disadvantage as it is considered to
better summarize the interactions from the real world [44].

The well-known “nano-wolf” problem is solved through the use of the ABM. This approach is
preferred instead of the classical use of EBM combined with the assumptions of large population size
and unimportant special effects [44,46–48].

Even outside academia, the importance and usefulness of ABM was acknowledged. In 2010,
Trichet, the former president of the European Central Bank said: “When the crisis came, the serious
limitations of existing economic and financial models immediately became apparent. Arbitrage broke
down in many market segments, as markets froze, and market participants were gripped by panic.
Macro models failed to predict the crisis and seemed incapable of explaining what was happening to
the economy in a convincing manner. As a policy-maker during the crisis, I found the available models
of limited help. In fact, I would go further: in the face of the crisis, we felt abandoned by conventional
tools. The atomistic, optimizing agents underlying existing models do not capture behavior during a
crisis period. We need to deal better with heterogeneity across agents and the interaction among those
heterogeneous agents. We need to entertain alternative motivations for economic choices. Behavioral
economics draws on psychology to explain decisions made in crisis circumstances. Agent-based
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dispenses with the optimization assumption and allows for more complex interactions between agents.
Such approaches are worthy of our attention” [44].

3.1. Examples of Agent-Based Modeling Applications

As the ABM models proposed over the time are covering a large array of research fields, we have
selected in the following only the papers which have created and simulated ABM using NetLogo.

The decision to present papers addressing only the use of NetLogo platform is strictly related
to the fact that the model developed in our paper is using the same platform. Nevertheless, there
are a series of other platforms both free and with payed license which can be used for this type of
modeling, each of them having a series of advantages and disadvantages. For a complete picture and a
comparison in terms of pros and cons of some of the most well-known ABM software, one can read
more in [44,49–52].

In the area of environmental sciences, West et al. [53] have analyzed the importance of cost
increase and revenue decrease in the case of agriculture and deforestation. The authors have presented
a case study on a land located near an old deforestation frontier in the Brazilian Amazon. As a result,
the authors have stated that without the payments, the land-use at equilibrium will show a complete
conversion of forest to agricultural land.

The dynamic of soil organic matter has been modeled and simulated in NetLogo by
Banitz et al. [54]. In their paper, the authors have considered the the mineralization of soil carbon and
nitrogen, with direct effects in increasing the understanding level in the field.

Other papers from the environmental sciences area have featured elements related to: agro
diversity in agro-ecosystems [55], indirect effect of climate change [56], complex human–aquifer
interactions in managed groundwater systems [57], relationship between industrial firms, high-carbon,
and low-carbon energy [58], modeling effectiveness of management practices for flood mitigation [59],
the fire effect on a forest ecosystem [60], studying the population–environment relationship in the
Galapagos Islands [61].

In the area of transportation management, ABM has been used by Gao et al. [62] for evaluating
the carrying capacity of a high speed railway and based on the simulations it has been determined
that using an adjustment strategy based on the delay times of each train, the carrying capacity of the
considered route, namely Beijing–Shanghai, can be increased from 55 to 77 trains per day. Riaz et al. [63]
have proposed a collision avoidance scheme for autonomous vehicles inspired by human social norms
which has underlined the advantages brought by the use of an autopilot. Also, related to the car
movement in a parking lot, Vo et al. [64] have proposed an ABM in NetLogo and have concluded
that pedestrians, drivers’ experience and expectations, parking location, speed limit, and maximum
parking duration have direct effects on the parking efficiency and safety. Airplane boarding techniques
have been studied extensively through a series of models developed in NetLogo [65,66].

Population dynamics is a common field in which the advantages brought by the ABM have
been intensively used. Some papers from this area are addressing the issue of: tsunami-evacuation
modeling [67], crowd and household evacuation [68–70], and classroom and hospital evacuation [71–73].

Other applications include: consumers’ behavior in online social networks [45,74] and consumers’
satisfaction [75], information diffusion in social networking [76], learning [77–84], management and
decision making [85], and resources allocation [86].

3.2. The Properties of the Agents

At the base of any ABM model, there is the agent, a computational entity that “possess the state
variables and values which enables it to act similar to the entities it models” [44].

According to Wooldridge and Jennings [87], the main properties of the agents can be summarized
through eight characteristics:

• Autonomy—the agents’ property of performing most of their tasks without human
direct intervention;
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• Social ability—the agents interact with other agents and humans;
• Responsiveness—the agents perceive the environment and act accordingly;
• Proactiveness—the agents should be able to exhibit goal-directed behavior and, if needed, they

should take action;
• Adaptability—the agents are able to modify their behavior in response to the changes

in environment;
• Mobility—the agents are able to explore the environment;
• Veracity—once created, the agents cannot communicate false information;
• Rationality—the agents act for achieving their goals.

Later on, Getchell [88] put under question some of the above properties and stated that rather
than a “rationality” property, the agents should have a “bounded-rationality” characteristic which will
allow them to act more “humanly”. Thus, the experimental evidence in different fields has showed that
the non-optimal decisions are often closer to reality [44] and, in order to increase the predictive power
of the ABM models, the agents should be constraint in “terms of resources or analytical ability” [44,88].

4. Consumer Influence

In order to build the agent-based model in NetLogo, a questionnaire has been conducted on the
purpose of extracting the humans’ characteristics which will allow us to make the model as close as
possible to the actual consumers’ behavior.

Briefly, the steps considered in the research have been:
Step 1: understanding the main triggers consumers are using when deciding the type of product

they are buying based on the current literature;
Step 2: creating and validating the questionnaire used for the extracting the consumers’ behavior

in the case of eco-friendly products;
Step 3: extracting and analyzing the data gathered through the questionnaire;
Step 4: determining the main characteristics of the agents based on the analyzed data in Step 3;
Step 5: creating, calibrating, and validating the agent-based model in NetLogo;
Step 6: simulating the consumers’ behavior using the agent-based model and analyzing the data

with respect to the types of eco-friendly products considered.

4.1. Gathering the Data Throught a Questionnaire

A questionnaire has been created and made available online in order to extract the needed data
for creating the agents in NetLogo. The questionnaire has considered the research conducted by
Chen et al. [7] which have used a questionnaire for exploring the Belt and Road countries customers’
intention to purchase green products. A series of questions presented in our questionnaire have
followed the guidelines proposed by Chen et al. [7], while others have been created from the scratch
on the purpose of better extracting the influence faced by the consumers from online social networks.

Besides the questions related to age, gender, social status, a series of questions related to perception
and attitudes towards eco-friendly products and environment have been addressed, along with
questions related to social influence in online environments.

The questions have been grouped in 7 categories: Knowledge Degree (KD), Environmental
Awareness (E-AW), Environmental Attitude (E-AT), Online Media Exposure (OME), Online Social
Influence–Power to Influence (OSI–PI), Online Social Influence–Susceptibility to be Influenced (OSI–SI)
and Buying Intention and Decision (BID). The Appendix A, at the end of the paper, is presenting
the questions from each of the mentioned category. For each question belonging to one of the seven
considered categories, the answers have been counted using a 5-point Likert scale (with 1 = strongly
disagree and 5 = strongly agree).



Sustainability 2019, 11, 1796 7 of 32

As mentioned at the beginning of the paper, we have divided the eco-friendly products into two
main categories: durable and soft goods, each one of these categories containing specific products
such as:

• Durable goods: electronics, intelligent lighting systems, intelligent heating systems, electric cars,
green houses, etc.;

• Soft goods: natural cosmetics, natural laundry, compostable cutlery, eyewear made from natural
materials, natural cleaning products, watches made out of sustainable materials, dish towels,
reusable coffee filters, reusable tea bag, rechargeable batteries, fabrics colored with vegetable dye
or with natural paintings, products made out of recycled material, etc.

Considering these two categories, the respondents have been asked to think of a product belonging
to any of them and to answer to the some additional questions as follows (this has been done in order
to extract the influences exhibited in each of the two considered cases): first, the respondents have been
asked to record how many times during a month they have been engaged in conversation on social
networks related to the eco-friendly products and how often in a month, on average, they read or see
advertises in online social space related to the use and advantages of the eco-friendly products. Second,
the respondents have been asked with how many friends (who advocate the use of a particular good
or service) they have to discuss, before they decide to buy that product and how many commercials or
articles related to a particular good they have to see before deciding to buy it. The answers to all these
questions are analyzed in the second part of this section.

A number of 409 valid questionnaires have been filled-in between 10 December 2018—20
January 2019.

For validating the questionnaire, a confirmatory factor analysis has been performed in IBM SPSS
AMOS 22.0.0. The construction under analysis is presented in Figure 2.
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The questionnaire has passed the content validity test as the measures within the questionnaire
are expressed in the same unit of measure (Likert-scale in our case) and they are in accordance with
the literature attached to this field [89].

The construct validity has been tested through a series of aspects as presented in the following:

• Uni-dimensionality—is tested through the values recorded for the standardized regression
weights. In order to validate the construct uni-dimensionality, all the values for these factor
loading should be at least 0.5. A value closer to 0.7 or greater is preferred. Table 1 presents the
values for the standardized regression weights. It can easily be observed that all the values are
greater than 0.5, most of them being greater than 0.7. Thus, the uni-dimensionality is fulfilled.

• Feasibility and convergent validity—is tested through the values determined for average variance
extracted (AVE) and construct reliability (CR). As IBM SPSS Amos 22.0.0 does not provide the
values for these indicators, we have determined them manually based on the formulas provided
by Spanos and Lioukas [90]. Usually, a CR greater than 0.7 suggests a good feasibility (in some
cases, even a value between 0.6 and 0.7 is considered acceptable) [91]. In our case, all the values
recorded for CR are above 0.877 (see Table 1), indicating a good feasibility. As for the AVE, a value
of 0.5 or greater indicates a good convergent validity. If the value is significantly under the
threshold of 0.5, then the error in each factor is greater than the variance explained by that factor
and the model does not present a good convergent validity. In our case (Table 1) the smallest
value recorded for AVE is 0.529, which is above the imposed threshold of 0.5, demonstrating a
good convergent validity.
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• Similarity validity—is performed through the goodness of fit (GOF). In order to validate the
similarity, first, the residuals covariances matrix is considered—all the values within this matrix
should be under the value of 4.0. In our case, the highest value in this matrix is 3.524, which is
below the threshold of 4.0, indicating a good validity. Second, the indicators listed by IBM SPSS
AMOS 22.0.0 under the “Model fit summary” output section are investigated in order to confirm
that the similarity validity is passed. Table 2 presents the values calculated for the minimum
discrepancy over the degrees of freedom (CMIN/DF). This value should be smaller than 5.0, a
smaller value being preferred. In our case (Table 2) the CMIN/DF is equal to 2.220 < 5.0, which
makes us believe that the model similarity is validated.

Table 1. Standardized regression weights, average variance extracted (AVE) and construct
reliability (CR).

E-AW E-AT OME OSI-SI OSI-PI BID KD

E-AW1 0.661

E-AW2 0.767

E-AW3 0.848

E-AT1 0.669

E-AT2 0.926

E-AT3 0.823

OME1 0.872

OME2 0.896

OSI-SI1 0.813

OSI-SI2 0.855

OSI-SI3 0.895

OSI-PI1 0.893

OSI-PI2 0.896

OSI-PI3 0.925

BID1 0.732

BID2 0.888

BID3 0.780

BID4 0.506

BID5 0.676

KD1 0.695

KD2 0.781

KD3 0.772

KD4 0.735

AVE 0.581 0.661 0.782 0.731 0.819 0.529 0.557

CR 0.877 0.909 0.931 0.938 0.963 0.900 0.897
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Table 2. Model fit summary—calculated for the minimum (CMIN). NPAR = number of parameters;
CMIN = minimum discrepancy; DF = degrees of freedom; P = probability; CMIN/DF = minimum
discrepancy over the degrees of freedom.

Model NPAR CMIN DF P CMIN/DF

Default model 90 464.080 209 0.000 2.220

Saturated model 299 0.000 0

Independence
model 23 5455.090 276 0.000 19.765

Also, the comparative fit index (CFI), which is an adjustment incremental index should be above
the threshold of 0.9 in order to validate the questionnaire. In our case, a value of 0.951 is recorded,
confirming the questionnaire validity (see Table 3). Additionally, the values of the normed fit index
(NFI), relative fit index (RFI), and incremental fit index (IFI) can be considered for double-check. As the
values of these indicators are approaching 1, it can be concluded that the questionnaire is valid. In our
case, we have good values for these indicators, namely 0.915, 0.888 and 0.951, underlying once more
the validity of the questionnaire (see Table 3). Brown [92] and Byrne [93] recommend a supplementary
analysis of the Tucker–Lewis index (TLI) which should be as close as possible to the value of 0.95. In
our case the TLI is 0.935, which is close to the recommended value and sufficient with regard to the
dimension of the questionnaire.

Table 3. Model fit summary—Baseline comparison. NFI: normed fit index; RFI: relative fit index; IFI:
incremental fit index; TLI: Tucker–Lewis index; CFI: comparative fit index.

Model NFI
Delta1

RFI
rho1

IFI
Delta2

TLI
rho2 CFI

Default model 0.915 0.888 0.951 0.935 0.951

Saturated model 1.000 1.000 1.000

Independence model 0.000 0.000 0.000 0.000 0.000

The last set of indicators from the goodness-of-fit category are represented by the root mean
square error of approximation (RMSEA) and the values of LO90 and HI90. According to Hu and
Bentler [94], Harrington [95], and Paswan [96] a RMSEA below 0.06 signifies a good model fit. In our
case, RMSEA is 0.055 < 0.06 (see Table 4), showing a good model fit. Even more, the confidence interval
for RMSEA (of 90%) is located between LO90: 0.048 and HI90: 0.061, none of these values overpassing
the threshold value of 0.085 imposed by Paswan [96].

Table 4. Model fit summary—root mean square error of approximation (RMSEA). LO 90 = lower end
of a 90% confidence interval on this estimate; HI 90 = upper end of a 90% confidence interval on this
estimate; PCLOSE = closeness of fit.

Model RMSEA LO 90 HI 90 PCLOSE

Default model 0.055 0.048 0.061 0.122

Independence model 0.214 0.210 0.219 0.000

Based on all the elements described above, we can conclude that the questionnaire is validated.
Next, we shall analyze some of the answers received to the questions.
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4.2. Analyzing the Data

Regarding the demographic characteristics of the respondents, 39.61% were male and 60.39%
were female, having the age between 18–30 (43.03%), 31–40 (31.54%), 41–50 (19.80%), and over 51 years
old (5.62%).

Considering the main constructions of the questionnaire, it can be observed that, on average,
65.83% respondents lacked sufficient knowledge regarding the eco-friendly products (38.69% of them
marking a “strongly disagree” or “disagree” answer, while 27.14% have no particular opinion over
this matter, marking the answers as “neutral”).

Figure 3 presents the distribution of the answers recorded for the knowledge degree component
of the questionnaire. It can be observed that a large number of respondents acknowledged the lack of
knowledge related to recognizing an eco-friendly product (77.26% of them marking “strongly disagree”,
“disagree”, or “neutral” as answers), along with the lack of knowing that some of the durable goods
can also be eco-friendly goods (76.28%) or knowing to provide an alternative eco-friendly product
to a non-eco-friendly one (77.51%). As for the last question, most of the respondents stated that they
are aware of the fact that an eco-friendly product can reduce the damage caused to the environment
(67.73%).
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For the environmental awareness (E-AW), most of the respondents believed that the human actions
are affecting the environment (69.93%). Also, the number of respondents believing that each human is
responsible of what happens to our planet (46.70%) surpassed the number of persons believing the
contrary (28.61%). The need for taking actions received a considerable number of positive reactions
(42.54%), while the persons having no opinion represented 28.12% of the respondents—Figure 4.
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The environmental attitude (E-AT) answers pointed out that 62.84% of the respondents believed
that it is important to take actions and to limit the damages caused to the environment, 66.99% of them
thought that an eco-friendly attitude towards environment is needed, while 63.81% said that it is very
important to promote the consumer’s attention to environmental issues through online social media
platforms. On average, a percentage of 25.92% took a neutral attitude towards the questions in the
E-AT section.

On the other hand, online media exposure (OME) recorded a high number of low values (“strongly
disagree” and “disagree”) for the questions related to how often the respondents see messages (54.03%)
or read posts (53.06%) written by friends in online social networks—Figure 5. Thus, only 20.05% of the
respondents affirmed that they often see messages in online and 19.56% of the respondents stated that
they read posts in online. As a result, we can conclude that the online media exposure with regard to
the eco-friendly products is relatively low and it can be enhanced through the use of the advantages
brought by the online social networks.
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The power to influence (OSI-PI) has been determined through three questions as presented
in Figure 6. Based on the collected answers, it can be observed that the number of persons which
share information or discuss about the eco-friendly products in online social networks is reduced
comparatively to the ones not taking any of these actions. On average, only 13.53% of the respondents
are actively promoting the eco-friendly products in online social networks.
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On contrary, the susceptibility to be influenced (OSI–SI) recorded high values for the interest the
respondents manifest in discussing in online social media about the benefits of the eco-friendly products
(60.64%), the interest in buying the products promoted by the friends in the online environment (60.88%)
and the interest to start reading about the eco-friendly products after seeing many advertisements in
social media (64.55%)—Figure 7.
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The buying decision (BID) recorded, on average, a rounded number of 287 respondents who
will read about/replace/buy eco-friendly products even though they are less appealing than the
non-eco-friendly products (representing 70.71% of the respondents), 52 are neutral related to this
decision (12.71%), while 70 (17.11%) believe that is unlikely or very unlikely to make this change.

As for the additional questions asked related to the frequency (in a month) of the conversations
had in online social networks related to the eco-friendly products, an average frequency of 0.214 for
the soft goods and an average of 0.107 for the durable goods has been observed, while the frequency of
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seeing advertises in online social space related to the advantages or to the existence of new eco-friendly
products, the average frequency was of about 0.166 for the soft goods and 0.077 for the durable goods.

Regarding the question “with how many friends they have to discuss, who advocate the use of a
particular good or service, before you decide to buy that product?”, an average of 1.12 friends have
been pointed out in the case of soft goods and 3.05 friends in the case of durable goods, while for
the question “how many commercials or articles related to a particular good you have to see before
deciding to buy it?” an average of 6.29 has been reached for the soft goods and 9.83 in the case of
durable goods.

5. Consumers’ Influence Model in NetLogo

In this section, the model’s parameters are presented in accordance with the data extracted
through the questionnaire and the simulations’ results are analyzed.

5.1. Model’s Parameters

Each agent within the model is seen as a heterogenous individual, having its own characteristics.
As the aim of building the agents was to keep in the model the characteristics of the respondents and
their way of thinking and interacting, we have used the percentages presented in Section 4.2. when
deciding how many of the agents possess a certain level for each characteristic.

As the answers received for the OSI-PI and OSI-SI differ among the two considered categories of
products, a chooser has been placed in the interface which allow us to run independent simulations
for each case.

Thus, in the simulation part we will consider 4 cases:

• Case 1: Soft goods—only interactions between agents;
• Case 2: Soft goods—both interactions between agents and online media exposure;
• Case 3: Durable goods—only interactions between agents;
• Case 4: Durable goods—both interactions between agents and online media exposure.

In terms of properties, each agent has its own value for the power to influence (PInf) and
susceptibility to be influenced (SInf) variables. In order to keep the population within the model as
much as possible similar to the respondents set, we have maintained the same numerical values (as in
the questionnaire) for each of these variables, namely, they can take integer values between 1 and 5.
As in reality the power to influence and susceptibility to be influenced are not limited to the 5 discrete
values in the Likert-scale (1, 2, 3, 4, and 5), we have decided that our agents can also have values
located near the designated integer value. For this, a random normal distribution has been used in the
program. This choice has been made considering the fact that it is in the human nature not to have
a perfectly constant opinion over a product as the opinion may slightly vary due to different other
subjective factors. Besides, even if two persons have both chosen the same answer to a question (e.g.,
4), it is very unlikely, in reality, that they have the same value for a particular indicator.

Another variable which is recorded for each agent is the intention and decision to purchase
the eco-friendly products (we have noted it as ID). The ID variable takes values between 0 and 1 (0
signifying that the agent has no intention to buy the product, while 1 shows the situation in which
it will buy for sure the product). At the beginning of the simulation, the considered population will
have the same structure as the respondents, namely 6% of agents have 0 for ID, 11% have 0.25 units,
13% will have 0.50, 48% will have 0.75 and 22% will have 1.00 (the values for the percentages are the
rounded values calculated based on the number of responses recorded, on average, for each variant:
“strongly disagree”, “disagree”, “neutral”, “agree”, and “strongly agree” of the BID construction).

The time step considered in the model is equal with one tick (the “tick” is the name of the time
unit in NetLogo) and it has been associated to a time period equal to one month. This choice has been
made in accordance to the questions we have addressed to our respondents.
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When running the model, at each moment of time, a set of agents are randomly selected from
the agent-set depending on the interaction frequency specified for each case (namely, 0.1 interactions
for the durable goods and 0.2 interactions for the soft goods—this values are extracted from the
respondents answers, which have indicated an active engagement with a period of one month of 0.107
conversations in the case of durable goods and 0.214 in the case of soft goods. These values have
been assimilated to 0.1, respectively 0.2 interactions). Randomly, the agents connect to each other and
based on the values they have for SI and PI, they may or may not change their opinion related to the
purchase of an eco-friendly product. The agents which are not selected to connect in a particular time
step remain with the same value for the intention to purchase.

For example, considering two agents noted through X and Y and noting the moment of time with
t, the intention to purchase will be determined as:

• For soft eco-friendly products:

IDt
X =

{
IDt−1

X , i f IDt−1
Y ≤ IDt−1

X or no interaction between X and Y agents

1, i f IDt−1
Y > IDt−1

X and SIn fX ∗ PIn fY > SIn fY ∗ PIn fX
(1)

• For durable eco-friendly products

IDt
X =

 IDt−1
X , i f IDt−1

Y ≤ IDt−1
X or no interaction between X and Y agents

min
(

IDt−1
X + 0.33, 1

)
, i f IDt−1

Y > IDt−1
X and SIn fX ∗ PIn fY > SIn fY ∗ PIn fX

(2)

The values within the formulas have been determined based on the average frequency recorded
in the questionnaires for the buying decision. For example, in the case of soft goods, the number of
friends to whom the buyer needs to talk before making his/her decision is 1.12 friends, which made
us conclude that after just one interaction with an “influencer” (a person having a higher value of the
product between the SI and PI than the current agent), the agent will decide to buy the product. On the
other hand, for the durable goods, an average number of 3.05 friends are needed, thus, a total decision
(equivalent to the value 1 for the ID) will be taken after 3 interactions, which made us add at each
interaction the value of 0.33 to the ID variable.

Once an agent reaches the value of 1 for the value of ID, this value can no longer increase. It
can also be observed that in the case of eco-friendly products an agent cannot influence negatively
the intention to buy an eco-friendly product as, to the best of our knowledge, there are little to no
negative messages with regard to the adoption of the eco-friendly products. The same assumption
will be kept even in the case of online media exposure as we will consider that all the advertises and
news related to the use of an eco-friendly product will make a buyer decide to move towards an
environmentally friendly approach. Figure 8 presents an example of a commercial on Facebook related
to an eco-friendly toothbrush and several examples of comments made upon that advertise. Based
both on the comments presented and also by considering the “reactions” expressed regarding this
commercial (using the emoticons), it can be seen that the general feeling over the use of the eco-friendly
toothbrush is positive.

For the case in which the agents are also exposed to the online media advertises and news (Cases
3 and 4), the program will randomly select at each time step some agents that will be exposed to online
media, which will have an effect in increasing the value of their ID by 0.052 in the case of soft goods
and 0.033 in the case of durable goods—this value has been determined by considering the answers
the respondents have offered regarding the number of commercials they need to see before deciding
to buy a particular type of product (4.29 in the case of soft goods and 6.83 in the case of durable
goods). The frequency of exposure to advertises or news is in accordance to the answers received in
the questionnaire, namely 0.166 for the soft goods and 0.077 for the durable goods.

The simulation stops when all the agents have an ID equal to 1.
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5.2. Simulation and Results

The model created in NetLogo 6.0.4 is configurable and one can easily specify the number of
agents considered, the percentages for the five types of influence levels and the percentages for the
five types of susceptible to be influenced levels. Also, the number of interactions between agents (for
both soft and durable goods) at each tick can be chosen using an input box. In the same manner, the
values for the number average media exposure in the case of soft or durable goods can be specified
using two other input boxes.

As a 100% percent adoption rate for the eco-friendly products is desirable in any of the four
considered cases, we are aware that this often cannot happen in real life due to the subjective
characteristics of the humans and their believes. Thus, we have added in the interface, a slider
(“Degree-of-eco-friendly-products-adoption”) which offers the possibility to select the desirable
percentage of the whole population who should purchase eco-friendly products and adopt an
eco-friendly attitude. We thought that in some cases, one can just feel comfortable with a 97% of the
population acting eco-friendly.

The graphical user interface (GUI) is presented in Figure 9. Along with the sliders, input boxes and
switchers one can use in order to setup his/her own parameters based on his/her own research, there
is also available a visual representation of the agents and the way they connect at each iteration (called
“world”). For this, we have used the classical “turtles” agents for drawing the customers interacting in
online social networks, represented through some small circles colored from dark red (persons with
no intention to buy eco-friendly products) to green (persons buying for sure eco-friendly products).
Along with the them, a series of agents called “links” have been used for an easy representation, at
each time step, of the agents who are randomly connected. After two agents are connected through a
link, the program is comparing the intention and decision to purchase (ID) for the two agents and only
the agent having the smallest ID can be influenced by the other agent regarding the purchasing of the
eco-friendly products. The decision is determined based on the formulas presented in Section 5.1.

An example regarding how the values for the ID are changing for a particular agent (agent 191)
is given in Appendix B (Figures A1 and A2). Figure A3 from Appendix B presents a screenshot
containing an instance in which the considered agent (agent 191) is connected with another agent
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(agent 38) having a higher ID and due to the higher value of PInf and lower value of SInf of agent 38,
compared to the ones of the agent 191, the latest is changing the valued for the ID.

Also, as we have considered a threshold of 98% of the agents to have a strongly agree opinion
related to purchasing eco-friendly products, a situation as the one presented in Figure A4 may appear.
Agent 12, highlighted in Figure A4, has a high value for the PInf (4.757) and a relatively small value
for SInf (1.742). Due to these values and maybe due to the small interactions with more powerful
agents, its opinion hasn’t changed much during the simulations (evolving only from 0 to 0.165). As this
situation might appear in real life (not all persons are adopting the eco-friendly products no matter the
number of discussions and advertises they take part of), we will maintain the degree of eco-friendly
products adoption at this rate (namely, 98%) in the simulations.

In the following, we shall analyse the simulations made in each of the four considered cases.
Given the fact that each simulation run can provide different results due to the agents’ interactions

and randomness, it is necessarily to run the simulations multiple times. In order to reduce these
differences and get an appropriate overview of the situation, we have decided to run 10.000 simulations
on each case. The BehaviorSpace tool provided by NetLogo has been used for running the experiments.
Figure 10 presents a screenshot from the simulations’ running process.
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Table 5 presents the maximum, minimum and average number of ticks over all the 40.000
simulated cases. In each of these cases, we have kept constant the population and the values retained
through the questionnaire. As mentioned before, a tick in NetLogo is equivalent in our case to a month.

Table 5. The maximum, minimum, and average number of ticks for the 40.000 considered cases.

Case
No. of Ticks

Min Max Average

Case1 280 699 484.19

Case2 53 83 73.32

Case3 572 1257 963.41

Case4 147 245 191.73

It can be observed that in the two cases in which only the interaction with friends in online social
media have been considered (Case 1 and Case 3) the amount of time is considerable higher than in
the other two cases in which the population has also been exposed to social media advertises (Case 2
and Case 4). Also, both average times obtained for the soft goods situations (Case 1 and Case 2) have
recorded smaller values than the situations considering durable goods (Case 3 and Case 4), underlying
the need to take action for improving the eco-friendly products adoption.

Comparing the average times obtained in Case 1 and Case 2 it can be observed that in Case 2 the
average time is with 84.86% smaller then in Case 1, while Case 4 records an average time which is with
80.10% smaller than the one obtained in Case 3. This might suggest that the efficiency of watching
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commercials in social media is higher in the case of soft goods than in the case of durable goods—this
result is consistent with the answers received from the respondents in which they were suggesting
that they need, on average, 3 times more friends to talk to in the case of durable goods than in the case
of soft goods before deciding to purchase the eco-friendly products, while the number of commercials,
the difference was not as higher between the soft and durable goods.

5.2.1. Sensitivity Analysis Related to the Number of Agents

For making a more in-depth analysis regarding the agent-based model, we have considered
different population sizes and we have tried to see if the size of the population has a major impact on
the time needed until most of the agents (98% of them) have decided to adopt the eco-friendly products.
Thus, we have simulated Case 2 for different population sizes: 100, 200, 400, 600, 800, and 1000.

As it can be observed from Table 6, small differences are encountered when different sizes of
population are chosen in the interface. Thus, we can conclude that the model has a small sensitivity to
the population size, which can enable us to simulate it on a reduced number of agents and draw the
conclusions to the population as a whole.

Table 6. The time comparison between different levels of population.

Case 2
Population (No. of Agents)

100 200 400 600 800 1000

No. of ticks 73.34 73.31 73.32 73.29 73.30 73.28

5.2.2. Sensitivity Analysis Related to the Average Media Exposure

As Case 2 and Case 4 are considering the presence of online media exposure, we have made
various simulations in order to observe the effect of social media exposure through commercials on
the eco-friendly products adoption time.

First, we have considered the case of the soft goods. The initial average media exposure (as
extracted from the respondents’ answers) has been 0.1626, meaning that at each moment of time (tick
for the agents and month for real persons) the probability of an agent/person to see such a commercial
or to read particular news related to an eco-soft good was 0.1626. In the simulations, we have gradually
increased the media exposure, starting from 10% more, until 100%. Basically, in the case of 100%, the
media exposure doubles. The results are presented in Table 7.

Table 7. The time sensitivity to increases in social media exposure—case of soft goods.

Case 2
% of Increasement in Social Media Exposure

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

No. of ticks 68.5 64.1 62.1 60.3 58.1 56.4 53.8 51.6 46.2 43.4

Time reduction (in ticks) 4.8 9.2 11.2 13 15.2 16.9 19.5 21.7 27.1 29.9

Time reduction (in %) 6.6 12.6 15.3 17.8 20.8 23.1 26.6 29.6 37 40.8

It can be observed that the increasement in media exposure has a positive effect in reducing the
eco-friendly products adoption time. As the number of ticks are equal to the number of months, it
can be observed that in the case of doubling the media exposure (100% increasement), the adoption
time decreases from 73 months to 43 months, recording a decrease of 40.8%, while maintaining the
same levels of agents’ interactions. Figure 11 presents the decrease evolution over different levels of
increasement in media exposure.
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6. Conclusions

The present paper tries to model the potential influence online social media has upon the
consumers’ decision to purchase the eco-friendly products.

For extracting the influence manifested by conversations with “friends” conducted in online
environments and by the frequency of media exposure related to this category of products, a
questionnaire has been created and validated using SPSS AMOS 22.0.0. A series of validation
criteria have been used, and, as a result, the questionnaire has been validated considering its
uni-dimensionality, feasibility, convergent validity, and similarity.

The data recorded for each respondent have been analyzed and the values for the variables
needed in the agent-based model have been extracted. Based on them, the agent-based model has been
built in NetLogo 6.0.4.

The model has been used for simulating different scenarios related to consumers’ exposure to
media in online environment. A sensitivity analysis has been conducted, showing the importance
of media exposure for the two types of eco-friendly goods that have been considered: soft and
durable goods.

The results have shown that an increasement in media exposure can have a positive impact on the
eco-friendly products adoption, in both cases, by doubling the current media exposure, the adoption
time is decreased by more than 37%. Knowing the characteristics of a population with respect to
their attitudes towards the use of the eco-friendly products, one can easily transpose them into the
agent-based model by changing the values of the variables through the use of the graphical user
interface. Then, by conducting the simulations, one can observe the needed time for the changes to
take place. Based on them, one can decide to increase the online social media advertises frequencies in
order to achieve earlier the desired results.

The model can be further improved by also considering other factors that may contribute to
consumers’ attitude and purchase decision, such as the intervention of the government. Besides, the
model’s parameters are configurable and the model can be used in the particular case in which one
wants only to see the online influence to a particular type of eco-friendly product. As mentioned above,
we have asked our respondents to think of such an eco-friendly product as we wanted to retain a
general opinion about the intention to purchase any category of soft / durable eco-friendly products.
In reality, one can only be interested on a particular type of product and based on the characteristics of
that product and target audience the results may vary.

Among the limitations of the study we have to mention the fact that the model is parametrized
based on the answers we have received from the 409 respondents and for a more in-depth analysis one
can select a larger number of respondents and, if interested, can limit the respondents to a particular
category based on their age, gender, region, etc. Also, the model considers only the influences
made in online environments and does not include other possible influences such as the product’s
characteristics, how easily it can be purchased, government’s influence, or other persons’ influence
(such as life partner, co-workers, etc.). We aim to address as much as possible of these limitations in
further research.

The NetLogo 6.0.4 model can be accessed at the following address: https://github.com/
liviucotfas/ase-2019-abm-eco-friendly.
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Appendix A. Research Questionnaire

Issue Acronym Questions Strongly
Disagree Disagree Neutral Agree Strongly

Agree

Knowledge Degree KD

I know how to recognize an eco-friendly product � � � � �

I know that even the durable goods can be
eco-friendly and I know how to recognize them � � � � �

I know to give an example of reusable-alternatives
to non-eco-friendly products � � � � �

I understand that using an eco-friendly product
reduce the damage caused to the environment � � � � �

Environmental
Awareness

E-AW

I think that the human actions are affecting the
environment � � � � �

I think that each human is responsible of what
happens to our planet � � � � �

I think that if no action is taken with respect to
protecting the environment, the situation would be
getting worse

� � � � �

Environmental Attitude E-AT

I think that it is important to take action and limit
the damages caused to the environment � � � � �

An environmentally-friendly attitude towards
environment is needed � � � � �

It is very important to promote consumers’
attention to environmental issues through online
social media platforms

� � � � �

Online Media Exposure OME

I often see messages of eco-friendly products on
online social media � � � � �

I often read posts written by my friends in online
social networks related to eco-friendly products � � � � �

Online Social
Influence—Power to

Influence
OSI-PI

I often share information related to eco-friendly
products on online social media � � � � �

I discuss with my friends from online social
networks about the need to adopt eco-friendly
products

� � � � �

I think that I can change my fiends’ attitudes and
thus, I engage myself in public topics on online
social media related to environment protection and
eco-friendly products

� � � � �

Online Social
Influence—Susceptibility

to be Influenced
OSI-SI

I am interested in discussing with the persons in
online social media about the benefits of the
eco-friendly products and upon these discussions, I
decide whether to buy the products or not

� � � � �

If my friends in online social media promote some
eco-friendly products, it is very likely to start
buying them

� � � � �

If I see many advertisements about some
eco-friendly products in social media, I start
reading about them and it is very likely to start
buying or to recommend them to my fiends

� � � � �

Buying Intention and
Decision

BID

In the future, I think I will read more about the new
eco-friendly products and, if I will be content about
their advantages, I will buy them

� � � � �

I will buy eco-friendly products even though they
will be more expensive than the normal products � � � � �

I will buy eco-friendly products even though, in
some cases, they will be less appealing than the
non-eco-friendly products

� � � � �

I will start to buy and replace the non-eco-friendly
products with their reusable-alternatives � � � � �

I plan to buy as many eco-friendly products as
possible � � � � �
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Figure A4. Example of agent (turtle 12) who remained with a strongly disagree opinion to purchase at the end of simulation. Figure A4. Example of agent (turtle 12) who remained with a strongly disagree opinion to purchase at the end of simulation.
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