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Word-of-mouth in agent-based
simulation model of reverse
logistics

Alexandre Labelle1,2,3* and Jean-Marc Frayret1,2,3

1Département de Mathématiques et Génie Industriel, Polytechnique Montréal, Montreal, QC, Canada,
2Centre Interuniversitaire de Recherche sur le Réseaux d’Entreprise, Logistique et de Transport

(CIRRELT), Montreal, QC, Canada, 3Centre Interdisciplinaire de Recherche en Opérationnalisation du

Développement Durable (CIRODD), Montreal, QC, Canada

Agent-based modeling and simulation is a method well suited for studying

individual behavior and interactions amongmembers of a population connected

by social networks. Although the development of such simulation models can

be relatively complex, it is even more challenging to develop models that are

empirically valid. In the case of reverse logistics, the sophisticated and di�cult-

to-predict behavior of consumers must be modeled. In this paper, an agent-

based simulation model of consumer behavior and interactions was configured

to conduct a case study of the voluntary deposit collection program for wine

bottles in the Val-Saint-François region of Quebec. As this collection program

was o�cially launched in 2019, two empirical samples were obtained to test the

validity of the model and study how social interactions such as word of mouth

contributes to the success of the collection program. The first sample represents

the amount of glass collected during the last 26 weeks of 2019, while the

second sample covers the first 13 weeks of 2020. Having observed an increase

in collection rates between 2019 and 2020, word of mouth was introduced into

the model to explain this phenomenon. Statistical tests show that the model

is indeed valid with the inclusion of di�usion of awareness, as the simulation

results are significantly consistent with the empirical data. The validation of the

model demonstrates the viability of using multiple heterogeneous data-sources

to configure a simulation model based on the Theory of Planned Behavior

without using Structural Equation Modeling.

KEYWORDS

agent-basedmodeling and simulation, circular economy, word-of-mouth, wine bottles,

recycling, Theory of Planned Behavior

1 Introduction

Understanding and modeling consumer recycling behavior is a critical aspect of

designing reverse logistics networks for the collection of end-of-life products. It is

particularly critical for selecting the number, location, and capacity of drop-off points and

collection routes. There are many factors to consider when modeling consumer recycling

behavior. Individual attitudes, beliefs, socio-economic factors, cultural influences, and

the accessibility and convenience of recycling infrastructure all play an important role.

Previous studies have assessed the relationship between the location and number of

collection points and the amount of recycled material (Labelle and Frayret, 2018, 2023;

Tong et al., 2018). In this paper, we propose to assess the impact of certain types of social

interactions on the volume of recycled material.

Frontiers in Sustainability 01 frontiersin.org

https://www.frontiersin.org/journals/sustainability
https://www.frontiersin.org/journals/sustainability#editorial-board
https://www.frontiersin.org/journals/sustainability#editorial-board
https://www.frontiersin.org/journals/sustainability#editorial-board
https://www.frontiersin.org/journals/sustainability#editorial-board
https://doi.org/10.3389/frsus.2024.1264461
http://crossmark.crossref.org/dialog/?doi=10.3389/frsus.2024.1264461&domain=pdf&date_stamp=2024-07-05
mailto:alexandre.labelle@polymtl.ca
https://doi.org/10.3389/frsus.2024.1264461
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/frsus.2024.1264461/full
https://www.frontiersin.org/journals/sustainability
https://www.frontiersin.org


Labelle and Frayret 10.3389/frsus.2024.1264461

To do so, this paper presents a case study in reverse logistics

that aims to study the impact of social interactions on the

performance of a collection system, and more specifically on the

word-of-mouth effect regarding the spread of awareness of drop-

off points. This contribution is an extension of a series of models

previously published by the same authors (Labelle and Frayret,

2018, 2023) and briefly outlined in the literature review. The

interested reader is referred to the aforementioned published works

for more details on the agent-based simulation model used for

this research.

The case study, which focuses on the voluntary collection

program of glass containers (mainly wine bottles), consists

in analyzing two samples of data obtained with the valuable

collaboration of the Opération Verre-Vert (OVV) committee,

founders of the voluntary glass collection program of the Val-Saint-

François Regional County Municipality (VSF).

This paper is organized as follows. The next section presents

an analysis of the literature related to the impact of social

interaction on circular economy initiatives and consumer recycling

behavior. This section also introduces the simulation model

of glass container collection used in previous studies, which

is extended in this paper. The following section introduces

the case study and proposes a descriptive analysis of the two

data sets used to conduct this study. Section 4 then proposes

some adjustments of the original simulation model to study

the impact of agents’ drop-off awareness to justify the change

of the collection rates observed in the data. Finally, Section 5

presents the results of an analysis to quantitatively assess the

impact of simple social interactions on the volume of glass

containers collected. Section 6 discusses these results and Section

7 concludes.

2 Literature review

It’s been several years since the application of simulation for

studying reverse logistics has gained in interest (Kara et al., 2007),

but with the advent of agent-based modeling and simulation

(ABMS), which is particularly well-suited for reverse logistics

problems (Abid et al., 2019) and waste management (Alonso-

Betanzos et al., 2017), several researchers have chosen this approach

to study these problems (Walzberg et al., 2022; Tong et al.,

2023). However, in their systematic review of simulation and

optimization methods applied to the context of reverse logistics

(Abid and Mhada, 2021), the authors note that ABMS, while

offering many advantages, is used much less frequently than

other more popular methods such as Monte Carlo simulation,

discrete-event simulation and numerical simulation. Agnusdei et al.

(2019) reports similar findings in their review of modeling and

simulation tools used in the integration of forward and reverse

logistics, leaving plenty of room for new contributions in the

field of ABMS in reverse logistics. According to Peres et al.

(2010), agent-based models are not trivial to develop, as they

have to satisfy the balance between specificity and applicability,

and typically have a large number of parameters and degrees of

freedom. As a result, calibration and validation of these models

is a recurring challenge with this method (Walzberg et al.,

2023).

2.1 Agent-based models of glass container
collection and consumer recycling
behavior

This subsection briefly outlines the simulation model of glass

container collection and consumer behavior used in this study,

published in Labelle and Frayret (2018, 2023). The model is

mainly based on the Theory of planned behavior (Ajzen, 1991),

commonly used to model pro-environmental behaviors (Yuriev

et al., 2020). Because of its intrinsic ability to model the behaviors

of autonomous entities, researchers often integrate the TPB into

the ABMS in order to have a solid conceptual base on which to

build their behavior simulation models. This approach has been

applied to study the emergence of industrial symbioses (Ghali et al.,

2017), reuse and recycling of solar panels (Walzberg et al., 2021),

agricultural practices to manage water quality (Bourceret et al.,

2022), the circularity of hard-disks drives (Walzberg et al., 2022)

and post-consumer recycling (Tong et al., 2018, 2023). Although

Structural Equation Modeling (SEM) is often used with the TPB, it

requires in-depth survey analysis for the population studied, which

is not always feasible. Thus, the approach in this paper proposes to

use simulation instead.

In this paper’s model, agents have a choice of three end-of-

life options for their wine bottles: the garbage disposal, curbside

recycling, or taking the bottle to a voluntary drop-off point.

To decide, the agent calculates a score for each end-of-life and

performs the behavior that obtains the highest score. The score is

mainly determined by attitude and the perceived behavior control

(influenced by the distance between the agent and the drop-off

point). It is important to mention that these calculation parameters

are almost entirely based and calibrated from empirical data; they

are also different for each possible end-of-life and unique for each

agent (Dugundji and Gulyás, 2008). For this paper, a network of

connections has been added, enabling the exchange and diffusion of

information between agents, specifically awareness of the existence

of voluntary drop-off points.

2.2 Impacts of social interactions on
circular economy initiatives

A number of authors have examined the impact of the social

aspect in circular economy initiatives using ABMS. Although not

always modeled in the same manner, the findings are relatively

unanimous: the social impact on behavior is non-negligible in the

performance of circular initiatives. While the majority of authors

represent the social aspect as a consideration of the share of circular

behavior adopters in their networks (Byrka et al., 2016; Tong et al.,

2018; Walzberg et al., 2021, 2022; Bourceret et al., 2022), other

studies integrate social impact through the perceived opinion of

other network members (Tong et al., 2023).

Equally important in the field of innovation diffusion, the social

aspect is also often modeled as the diffusion of awareness, the

impact (positive or negative) of word-of-mouth and the proportion

of adopters in a stakeholder’s network (Kiesling et al., 2012). In

this paper, the social aspect will be integrated into the model from

the point of view of innovation diffusion, where it is the impact

Frontiers in Sustainability 02 frontiersin.org

https://doi.org/10.3389/frsus.2024.1264461
https://www.frontiersin.org/journals/sustainability
https://www.frontiersin.org


Labelle and Frayret 10.3389/frsus.2024.1264461

TABLE 1 Tons of glass collected via OVV’s voluntary drop-o� program.

Drop-o� 2019 (26 weeks) 2020 (13 weeks) Total (39 weeks)

Tons % Tons % Tons

Racine 10.86 12 5.04 6 15.90

Richmond 8.56 9 12.46 14 21.02

St-Denis-de-Brompton 44.55 49 36.72 41 81.27

Stoke 4.21 5 10.16 11 14.37

Valcourt 8.16 9 9.52 11 17.68

Windsor 14.26 16 15.41 17 29.67

Total 90.60 100 89.31 100 179.91

on the collection system of the diffusion of awareness by word-

of-mouth (Huete-Alcocer, 2017) which will be investigated. Future

work could focus on integrating the social norm into the model, see

section 6 for more details.

3 Case study

Following the successful initiative of the first voluntary drop-

off points for glass containers in the province of Quebec, VSF’s

voluntary collection programwas launched on a larger scale in 2019

with its 6 drop-off points in Racine, Richmond, Saint-Denis-de-

Brompton, Stoke, Valcourt and Windsor. Initially, VSF planned to

collect around 200 tons of glass per year, which Deloitte estimated

to be a return rate of around 40% (Deloitte, 2018). However, 183

tons of glass were collected in just 8 months, significantly exceeding

expectations and representing a 60% return rate.

It should be noted that two of these collection points, Racine

and Saint-Denis-de-Brompton, had been active for several years

before the official launch of the program. In fact, the first voluntary

drop-off point in the province was inaugurated in Racine in 2015.

Since then, the initiative has grown in popularity in Quebec, and

there are now more than 75 glass drop-off points managed directly

by municipalities, in parallel with the province’s regular residual

materials collection system. All collected glass is processed locally;

the 7650 tons of glass collected annually are first conditioned at

2M Resources and then 95% recycled at Owen Illinois, a glass

container manufacturer.

For this paper, two samples of empirical data on the quantities

of glass collected at each of VSF’s depots were obtained with the

valuable assistance of OVV. Table 1 shows the quantities, in tons of

glass, collected for the last 26 weeks of 2019 and the first 13 weeks

of 2020.

3.1 Statistical analysis of the 2019 and 2020
samples

While in Labelle and Frayret (2023) we used only one data set,

the 2020 sample, the addition of a second sample allows us to study

and analyze the evolution of the reverse logistics collection system

over time. Two statistical tests (t-test: paired two-sample formeans)

were therefore carried out to qualify the relationship between the

TABLE 2 Paired t-tests results for the distribution of glass across drop-o�

points (in percentages).

(Six observations, df=5) (2019) (2020)

Mean 16.67 16.67

Variance 266.93 158.21

Pearson correlation 0.95

t Stat 0

p-value 1.00

TABLE 3 Paired t-tests results for the rate of collection (tons/week) glass

across drop-o� points.

(Six observations, df = 5) (2019) (2020)

Mean 0.58 1.15

Variance 0.32 0.75

Pearson Correlation 0.95

t Stat −3.73

p-value 0.01

two empirical samples. In other words, the following two questions

were answered:

• Is there a significant difference in the distribution of returned

bottles between the depots?

The results of the t-test in Table 2 indicate that we can accept

the hypothesis that the percentage of glass collected per depot is

similar from 2019 to 2020 with a p > 0.05.

• Is the amount of glass collected constant?

The results of the t-test in Table 3 show that there is a significant

difference in the number of bottles collected per week between

2019 and 2020 with a p < 0.05. In fact, the average number of

tons collected per week in 2020 is much higher than in 2019, with

approximately double the amount (3.48 tons per week in 2019

compared to 6.87 tons per week in 2020).
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3.2 Increase in rates of collection between
2019 and 2020

What could explain this significant increase in weekly glass

collection? According to Recyc-Québec’s annual reports on the

management of residual materials in Quebec, there was indeed a

40% increase in glass generated by Quebecers between 2015 and

2021, from 158,000 tons to 220,000 tons generated annually (Recyc-

Quebec, 2020, 2023). However, the increase in Quebec’s volume

could not account for all of the variation between the two samples.

A change in citizens’ attitudes could also have been an

explanatory factor, but the second edition of Portrait des
comportements et attitudes des citoyens québécois à l’égard des 3RV
(SOM, 2021) does not mention of such a change in behavior.

Instead, the study notes a province-wide increase of almost ten

percent in the use of authorized collection points (e.g., voluntary

drop-off centers and eco-centers), as well as an increase in access to

residual materials management services.

Another important point to consider is that the first sample

for 2019 represents the official launch of the voluntary collection

program. It is therefore reasonable to assume that not all citizens

were aware of the existence of the program. The effect of

word-of-mouth and, although very limited, advertising (posters,

local newspapers, local radio) may have had an impact on the

dissemination of information about the locations of the containers

(drop-off points) placed in the VSF area. It is therefore reasonable

to assume that awareness of the drop-off points could be a factor

explaining the increase in weekly glass collection. Therefore, to

assess the impact of awareness on the performance of the collection

system in its start-up phase, the parameter of awareness was added

to the simulation model proposed in Labelle and Frayret (2023).

4 Implementing awareness in the
simulation model

The concept of awareness introduced in this article removes a

previous limitation of the model, which assumed that all agents are

aware of the existence and location of collection points. In practical

terms, this would mean that such systems are fully mature in terms

of awareness. Adding this parameter is critical to assess the need to

ramp up the capacity of the reverse logistics network and manage

capital expenditure. The inclusion of awareness in the model is

illustrated in Figure 1.

As shown in Figure 1, each agent has a vector of 6 binary

variables (Aid, where i is the agent and d is the drop-off)

representing its awareness of each drop-off point. If the value of Aid

is 0, the agent i is not aware of the drop-off point d and therefore

cannot return bottles to it. Conversely, if the value is 1, the agent i
can consider returning his bottles to d.

The drop-off point selection process is performed for each

bottle. The agent randomly selects a drop-off point from its list

of known drop-offs based on their attractiveness. The higher the

drop-off’s attractiveness, the more likely it will be selected, and

vice versa.

Considering that two drop-off points (Racine and Saint-Denis-

de-Brompton) were inaugurated a few years before the official

launch of the program, an initial awareness parameter was also

introduced into the model to represent the heterogeneity in the

degree of awareness for each drop-off point. In this way, it is

possible to model drop-off points that are more popular than

others from the beginning of the simulation. The value of these

parameters (i.e., Awareness and Initial Awareness) lies between

0 and 1, where a value of 1 means that the entire population is

aware of the existence of this drop-off point. Thus, at the start

of the simulation, all agents are assigned an awareness value of 0

or 1 for each drop-off point, depending on their respective initial

awareness values.

Given the complexity of measuring, or even estimating, the

level of awareness of the 34,000 inhabitants of VSF, in order to

assess the impact of this aspect on the performance of the voluntary

collection system, this paper presents an exploratory analysis of

awareness through the calibration of this parameter in different

social scenarios.

4.1 Impact of awareness on attractiveness

In preparation for the awareness calibration that is presented in

section 5, an analysis of the relationship between attractiveness and

awareness was performed to justify this case study experimental

design assumption that the attractiveness of drop-off points is

independent of the level of awareness. In the tourism and branding

literature, where the aim is to understand the motivations behind

choices of travel destinations or brand purchases, researchers are

proposing measurement scales for awareness (Yoo et al., 2000;

Sophonsiri and Polyorat, 2009) and attractiveness (Kim et al.,

2001). Generally, these two parameters are independent and

evaluated on the basis of 3 to 6 items, which are scored on a Likert

scale (Ye, 2012).

However, in the model presented in this paper, attractiveness

was instead calculated through reverse engineering with

calibrations against empirical data. It would therefore be

interesting to investigate further, with surveys, what might explain

the attractiveness values obtained for each drop-off. As far as

awareness is concerned, there is very little to know about a drop-off

point, apart from its location, unlike a travel destination. It was

therefore considered reasonable for the awareness parameter to be

binary for agents.

While the attractiveness calibrated in Labelle and Frayret (2023)

was calculated with 100% population awareness for all drop-off

points, a sensitivity analysis of the attractiveness calibration was

performed for 4 different levels (25%, 50%, 75%, and 100%) of

awareness for the entire population. Thus, in the experiments

presented in section 4, all agents have the same probability of being

aware of a drop-off point. For example, an agent would have a 25%

probability of being aware of each drop-off point individually. The

results are shown in Table 4.

First, attractiveness calibration results were obtained with

OptQuest using the attractiveness values calculated in Labelle and

Frayret (2023) as a starting point and the same empirical sample,

namely the first 13 weeks of 2020. As shown in Equation (1), the

goal of the calibrations was to minimize the sum of the absolute

differences between the simulation results and the empirical data
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FIGURE 1

An example of two agents being aware of two drop-o� points each.

TABLE 4 Attractiveness calibration results for awareness levels of 25%, 50%, 75%, and 100%.

Drop-o� Calibrated Attractiveness (2020) [0-100] Calibrated Attractiveness (2020) (normalized)

25%
aware

50%
aware

75%
aware

100%
aware

25%
aware

50%
aware

75%
aware

100%
aware

Racine 6 7 11 13 3 3 5 5

Richmond 24 30 32 33 12 14 14 14

St-Denis-de-

Brompton

100 100 100 99 48 46 43 41

Stoke 13 23 25 28 6 11 11 12

Valcourt 34 18 23 26 16 8 10 11

Windsor 30 39 40 41 14 18 17 17

Total 207 217 231 240 100 100 100 100

for the percentages of total glass collected via the various drop-

off points. The simulation results used for these calibrations were

the average of 5 to 50 repetitions per iteration to obtain a 99%

confidence interval and 0.1% error.

Min Z =

∑

d∈D

absolute(%simulationsd − %empiricald) (1)

Where, d ε D [Racine, Richmond, SDDB, Stoke,

Valcourt, Windsor].

Next, the calibrated attractiveness scores were normalized to

ensure that they could be properly compared according to their

relative attractiveness. Thus, attractiveness values calibrated at 25%,

50%, and 75% awareness were compared to attractiveness values at

100% awareness using paired t-tests. The attractiveness calibration
results are shown in Table 4 and the t-test results are shown in

Table 5. This statistical test allows us to accept the hypothesis

that the attractiveness calibration is independent of the general

awareness level of the population.

Whatever the awareness value of the population tested, i.e.,

25%, 50% or 75%, the attractiveness values calibrated for each drop-

off points are always statistically similar to the values calibrated

with 100% awareness. However, there is an increase in variance

and a decrease in the correlation coefficient as awareness decreases,

which is justified by the fact that the stochastic component is

more prominent in these cases. What’s interesting is that Valcourt’s

attractiveness is higher than that of Stoke and Windsor at an

awareness level of 25%, whereas this is not the case at other

awareness levels.

5 Potential impact of word-of-mouth
e�ect on collected glass containers

To study the impact of awareness on reverse logistics flows,

simple social networks were introduced in the model proposed

by Labelle and Frayret (2023). By randomly connecting agents at

the beginning of the simulation, agents can interact and exchange

information (Gilbert, 1959; Erdos and Rényi, 1960). The choice
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TABLE 5 Paired t-tests results for attractiveness calibration with normalized values.

(Six observations, df = 5) 25% aware 50% aware 75% aware 100% aware

Mean 16.67 16.67 16.67 16.67

Variance 265.84 232.53 187.61 159.72

Pearson correlation 0.97 1.00 1.00

t Stat 0.00 0.00 0.00

p-value 1.00 1.00 1.00

TABLE 6 Calibrated initial awareness values for varying social interaction scenarios.

Drop-o� Frequency of interactions (number of weeks between interactions)

2 4 6 8 10 -

10 connections per agents

Racine 0.0003 0.004 0.007 0.009 0.02 0.11

Richmond 0.00009 0.0007 0.003 0.007 0.01 0.06

St-Denis-de-Brompton 0.0004 0.005 0.02 0.03 0.04 0.3

Stoke 0.00001 0.0004 0.0009 0.0008 0.0009 0.05

Valcourt 0.0001 0.002 0.005 0.009 0.01 0.08

Windsor 0.00006 0.002 0.006 0.01 0.02 0.11

Average Z value 38.03 16.70 22.06 17.61 17.22 9.07

20 connections per agents

Racine 0.0001 0.002 0.008 0.007 0.02 0.11

Richmond 0.0001 0.0007 0.004 0.009 0.01 0.06

St-Denis-de-Brompton 0.0003 0.005 0.01 0.002 0.03 0.3

Stoke 0.0001 0.0002 0.0009 0.0007 0.0006 0.05

Valcourt 0.0001 0.0008 0.004 0.008 0.008 0.08

Windsor 0.00005 0.002 0.006 0.01 0.01 0.11

Average Z value 47.71 20.47 19.30 23.48 19.98 9.07

to connect agents randomly rather than in small-world (Travers

and Milgram, 1977; Watts and Strogatz, 1998), scale-free (Barabási

and Albert, 1999), or other types of networks provides a baseline

scenario and limits the degrees of freedom required to calibrate

the model. As highlighted by Bohlmann et al. (2010) in their

study, the authors conclude that random networks produce less

variable results than other types of networks, which is important

when calibrating a model efficiently. Although real-world networks

are generally more clustered than random generated networks,

the latter often have small diameters, which is a characteristic

that real networks generally have as well (Travers and Milgram,

1977). Random networks are also prevalently used in the study

of innovation diffusion via agent-based simulation (Kiesling et al.,

2012).

Therefore, a word-of-mouth information diffusion mechanism

is introduced into the simulation model. Periodically, agents meet

and discuss drop-off points with another agent randomly selected

from their network of contacts, and these agents interact with each

other to inform each other of their knowledge of the existence and

location of drop-off points. For example, an agent with knowledge

of two of the six drop points could interact with an agent who knew

of two others, and so after the interaction each agent would have

knowledge of 4 of the 6 drop points.

5.1 Experiments

The experimental design described in this paper to study

awareness consists of 2 steps. The first step is to calibrate initial

awareness of drop-off points for a series of social interaction

scenarios. In this step, only the 2019 sample is used, representing

26 weeks. A total of 11 calibrations were performed, representing

5 interaction frequencies and 2 network sizes. The interaction

frequency indicates the duration in weeks between two interactions

(2, 4, 6, 8, and 10 weeks), while the network size indicates

the number of connections (10 or 20 connections) that each

agent has. The eleventh scenario is the case where there is no

interaction between agents. Table 6 shows the results of these

calibrations. The objective of the calibrations was to minimize

the sum of the absolute differences between the simulation results
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and the empirical data for the percentages of the total glass

collected through the different redemption points, but this time;

the difference between what is simulated and the empirical data for

the total number of tons collected at the drop-off points was also

included in the objective function, as shown in Equation 2.

Min Z =

∑

d∈D

absolute
(

%simulationsd − %empiricald
)

+ absolute
(

total collected simulation

− total collected empirical
)

(2)

Calibrations were performed using the OptQuest module built

into AnyLogic. From 5 to 50 repetitions were performed per

iteration to obtain a confidence interval of 99% and a percentage

error of 0.1%. The average Z values calculated for the objective

function are shown in Table 6. It can be seen that the results

between 10 and 20 connections per agent are very similar, but

that the average Z values for the case of 10 connections per agent

are lower, indicating that the simulation results are closer to the

empirical values. For this reason, only the 10-connection case is

kept for the next step.

In the second step, simulations were run for the different

social interaction scenarios, using the initial awareness values

found in the previous step. The duration of the simulations in

this case was 39 weeks, corresponding to the duration of the two

samples, i.e., the last 26 weeks of 2019 and the first 13 weeks

of 2020. Therefore, the goal of these experiments is to assess

whether the awareness calibration using only the first sample (26

weeks) produces simulation results (i.e., tons of glass collected at

collection points) that remain valid when simulated for 39 weeks.

Valid results would indicate that the inclusion of awareness and

social interactions in the simulation model can approximate the

evolutionary dynamics of the system as observed with the first and

second samples.

For these experiments, 10 replications were performed, which

was sufficient to obtain results where the standard deviations of

the percentages for the different behaviors are <1%. The average

results for the 10 replications of the number of tons going to the

three possible end-of-life behaviors are presented in Table 7. The

disaggregated results for the collection behavior, i.e. the number of

tons collected at each collection point for each period (2019 and

2020), are presented in Table 8, and the differences between these

simulation results and the empirical data are shown in Figure 2

5.2 Results analysis

While the aim of this paper is to study the collection

phenomenon quantitatively using an agent-based simulationmodel

to gain a better understanding of consumer behavior and possibly

facilitate the design of collection networks, the results are very

encouraging. Indeed, the analysis of simulation results enabled the

rejection of social scenarios that were not statistically significant

when compared with empirical data. On the other hand, it was

possible to identify scenarios that are quite comparable to the

phenomenon observed. T
A
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TABLE 8 Simulation results of glass collected at each depot center for 6 social interactions scenarios with 10 connections per agents.

Drop-o� Collected glass in tons (simulation) Di�erence in tons (simulation - empirical)

2019 2020 Total 2019 2020 Total

2 weeks

Racine 9.47 4.88 14.35 −1.39 −0.16 −1.55

Richmond 11.63 11.08 22.71 3.07 −1.38 1.69

St-Denis-de-Brompton 46.74 37.45 84.18 2.19 0.73 2.91

Stoke 5.61 5.91 11.52 1.40 −4.25 −2.85

Valcourt 9.26 9.68 18.93 1.10 0.16 1.25

Windsor 14.49 15.60 30.09 0.23 0.19 0.42

Total 97.19 84.59 181.78 6.59 −4.72 1.87

4 weeks

Racine 12.13 4.67 16.80 1.27 −0.37 0.90

Richmond 6.49 11.26 17.75 −2.07 −1.20 −3.27

St-Denis-de-Brompton 45.56 35.61 81.18 1.01 −1.11 −0.09

Stoke 3.46 8.73 12.20 −0.75 −1.43 −2.17

Valcourt 10.51 9.13 19.64 2.35 −0.39 1.96

Windsor 15.49 14.71 30.20 1.23 −0.70 0.53

Total 93.65 84.11 177.76 3.05 −5.20 −2.15

6 weeks

Racine 9.25 4.95 14.21 −1.61 −0.09 −1.69

Richmond 6.57 10.28 16.85 −1.99 −2.18 −4.17

St-Denis-de-Brompton 53.09 39.46 92.55 8.54 2.74 11.28

Stoke 1.84 5.37 7.20 −2.37 −4.79 −7.17

Valcourt 8.87 9.03 17.90 0.71 −0.49 0.22

Windsor 14.01 14.90 28.91 −0.25 −0.51 −0.76

Total 93.64 83.99 177.62 3.04 −5.32 −2.29

8 weeks

Racine 7.76 4.90 12.66 −3.10 −0.14 −3.24

Richmond 8.87 10.33 19.20 0.31 −2.13 −1.82

St-Denis-de-Brompton 49.26 43.65 92.91 4.71 6.93 11.64

Stoke 0.13 0.32 0.45 −4.08 −9.84 −13.92

Valcourt 9.86 8.99 18.85 1.70 −0.53 1.17

Windsor 13.71 14.76 28.46 −0.55 −0.65 −1.21

Total 89.59 82.94 172.53 4.15 −8.25 −4.10

10 weeks

Racine 11.97 5.99 17.96 1.11 0.95 2.06

Richmond 8.70 8.78 17.47 0.14 −3.68 −3.55

St-Denis-de-Brompton 46.40 42.58 88.97 1.85 5.86 7.70

Stoke 0.74 0.99 1.73 −3.47 −9.17 −12.64

Valcourt 7.59 7.00 14.59 −0.57 −2.52 −3.09

Windsor 18.24 15.60 33.84 3.98 0.19 4.17

Total 93.63 80.93 174.56 3.03 −8.38 −5.35

(Continued)
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TABLE 8 (Continued)

Drop-o� Collected glass in tons (simulation) Di�erence in tons (simulation - empirical)

2019 2020 Total 2019 2020 Total

No interactions

Racine 10.87 5.47 16.34 0.01 0.43 0.44

Richmond 6.78 3.39 10.18 −1.78 −9.07 −10.84

St-Denis-de-Brompton 46.61 23.28 69.89 2.06 −13.44 −11.38

Stoke 5.27 2.65 7.92 1.06 −7.51 −6.45

Valcourt 8.81 4.43 13.24 0.65 −5.09 −4.44

Windsor 13.44 6.71 20.15 −0.82 −8.70 −9.52

Total 91.79 45.94 137.72 1.19 −43.37 −42.19

FIGURE 2

Di�erence between simulation results and empirical data for the tons of glass collected through drop-o�s per social interactions scenarios.

5.2.1 Unsuccessful model validations
As shown in Table 9, which presents the statistical results of the

comparison between the simulation results and the empirical values

for the distribution of tons collected at the drop-off points, three

statistical tests (paired t-tests) have a p < 0.05. This means that

scenarios with at least one of their p < 0.05 are not combinations

of parameters that accurately reflect the observed phenomenon

and we should reject, for these scenarios, the hypothesis that the

simulation results are similar to the empirical data. These scenarios

are as following: interactions every 4 weeks and the scenario

without interactions.

For the 2020 results with 4-weekly interactions, it is the only

case where the number of tons collected is lower than the empirical

data for all depots. Considering that the calibrations minimize the

absolute deviations, it is possible that the initial awareness values

calibrated with the 2019 sample are a combination of values that

on the one hand optimize the objective function, but which do not

satisfy the level of representativeness of the reality of the system

dynamics when the 2020 period is included in the simulation.

The fact that the total amount collected at the drop-off points is

also included in the objective function could make it possible to

obtain such a result (i.e., where the accuracy of the total would be

prioritized over the accuracy of the distribution of the tons collected

at the various drop-off points and vice versa).

For the results of the scenario without interactions, we note that

over a period of 26 weeks, the initial awareness seems sufficient to

support a number of tons collected comparable to what is observed

empirically. However, from 2020 onwards, there is an increase in

the rate of glass returned to depots that is clearly not captured in

the simulations, as shown by the low total amount of glass returned

to the collection points.

5.2.2 Successful model validations
Overall, the simulation model can produce results that are

comparable to what is observed in reality. However, the simulation

results seem to be valid only in cases where social interaction

actually takes place, i.e., when the p > 0.05. This finding

suggests that the word-of-mouth phenomenon, combined with

the basis that knowledge of the existence of drop-off points is
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TABLE 9 Paired t-test comparing simulations results to empirical data for the tons of glass collected at each drop-o� location.

(Six observations, df=5) 2019 (26 weeks) 2020 (13 weeks) Total (39 weeks)

Empirical Simulation Empirical Simulation Empirical Simulation

2 weeks

Mean 15.10 16.20 14.89 14.10 29.99 30.30

Variance 219.10 232.38 126.19 145.61 660.85 739.48

Pearson correlation 1.00 0.99 1.00

t Stat −1.73 1.05 −0.36

p-value 0.14 0.34 0.74

4 weeks

Mean 15.10 15.61 14.89 14.02 29.99 29.63

Variance 219.10 233.20 126.19 122.74 660.85 673.35

Pearson correlation 0.99 1.00 1.00

t Stat −0.77 4.80 0.44

p-value 0.47 0.00 0.68

6 weeks

Mean 15.10 15.61 14.89 14.00 29.99 29.60

Variance 219.10 352.97 126.19 168.79 660.85 1000.35

Pearson correlation 1.00 0.99 1.00

t Stat −0.30 0.87 0.15

p-value 0.77 0.42 0.89

8 weeks

Mean 15.10 14.93 14.89 13.82 29.99 28.75

Variance 219.10 302.57 126.19 237.57 660.85 1073.01

Pearson correlation 0.99 0.97 0.99

t Stat 0.13 0.49 0.37

p-value 0.90 0.65 0.73

10 weeks

Mean 15.10 15.61 14.89 13.49 29.99 29.09

Variance 219.10 260.25 126.19 225.46 660.85 965.23

Pearson correlation 0.99 0.97 0.99

t Stat −0.49 0.68 0.30

p-value 0.64 0.53 0.77

No interactions

Mean 15.10 15.30 14.89 7.66 29.99 22.95

Variance 219.10 243.79 126.19 60.66 660.85 547.66

Pearson correlation 1.00 0.94 0.99

t Stat −0.35 3.82 3.80

p-value 0.74 0.01 0.01

heterogeneously distributed, could explain some of the growth in

weekly return rates observed when comparing the two empirical

data samples (see Section 3.1).

According to the results in Figure 2 and Tables 8, 9, the

scenario that best represents the real situation is the one

with interactions between agents every 6 weeks. This is the

case with the smallest absolute cumulative difference between

the simulation results and the empirical data, and it is also

the case with the highest p-value for the total collected

after 39 weeks.
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5.2.3 Model inaccuracies
It’s worth noting that for all scenarios, the number of tons

collected in 2020 is systematically lower than the actual volume.

On the other hand, the opposite is true for 2019, where the

collected tons are overestimated. These results may suggest an

overestimation of initial awareness and an underestimation of

awareness diffusion, which could potentially be counterbalanced

by the introduction of an additional diffusion vector: advertising

(posters, newspapers, radio, etc.). The structure of the social

network could also be responsible. Indeed, as Delre et al. (2007),

innovation seems to spread more rapidly in more regular networks

than in random ones.

6 Discussion, limitations, and
opportunities

Given that the case study collection system is based on a

voluntary citizen initiative, the OVV program did not really have a

budget for advertising. According to OVV experts, word-of-mouth

was indeed the main vector for spreading information, so from a

qualitative point of view, the qualitative validation of the simulation

model in terms of its ability to reproduce expected observable

behavior is achieved.

Of course, like any simulation model, the one presented in this

paper has certain limitations. First and foremost, the small number

of empirical observations used to validate the model implies that

the results obtained are only preliminary, or rather exploratory,

and therefore the interpretation that can be made from them is

very limited. Also, the principle that the initial perception is general

for the whole population and independent of the agents’ location

is a blatant simplification of the real situation. To obtain a more

accurate model, it would have been interesting to ensure that agents

living close to a drop-off point are more likely to be aware of its

availability. Testing more types of social networks could also have

added a degree of finesse to the experiments, but it would have

also added degrees of freedom that would have had to be managed.

The random network with a fixed number of connections was

therefore the option that provided the necessary level of stability

to the results, given the exploratory nature of the analysis.

Other models of social interactions that are commonly used in

ABMS could have been considered, see section 2.2. Nonetheless, as

pointed out by Wood (2000), it is possible to influence and even

change the attitude of individuals toward a behavior through social

interactions, as opposed to influencing the intention to perform

a behavior. Two agent-based simulation models have used this

concept to include the influence of the social aspect (Kaufmann

et al., 2009; Rai and Robinson, 2015). To do so, they used the

Relative AgreementModel of Deffuant et al. (2002), which proposes

a model to reproduce the impact of social interactions on the

opinions of individuals. Given the continuous opinion spectrum of

the agents in this paper’s model, it would be interesting to see how

the Relative Agreement Model could be used to integrate the TPB’s

social norm into the model (Chen et al., 2020).

Despite the fact that the model was validated with data from a

specific case, namely the Val-Saint-François MRC’s voluntary drop-

off program, the model’s robustness should be tested with a case

study on other populations. Along this line, because the model can

be used for other products, it would also be interesting to validate

its ability to adapt to other products such as aluminum cans or

plastic bottles.

7 Conclusion

From the outset, the paper presents to researchers, experts or

anyone interested in the field of reverse logistics simulation; an

approach for the calibration, experimentation and validation of a

complex agent-based simulation of a reverse logistics collection

system. The peculiarity of the model is that it requires a significant

amount of data to be parameterized, including behavioral studies,

empirical studies for calibration and validation, socio-demographic

studies (census), non-public databases on residential address

geolocation, and more. On the other hand, this makes it a very

malleable, consistent and accurate model.

The model can also be used to estimate dynamic logistics

requirements for reverse logistics systems. That is, to try to answer

questions such as: how often do materials need to be moved from

depots to packers and/or recyclers?

The model could be adapted to include another information

dissemination channel, such as the media, to better estimate the

need for advertising campaigns tomatch investments with potential

gains in tons collected. It is also possible to reverse-engineer

the calibration of initial awareness, possibly in combination with

attractiveness, to assess which drop-off points would merit some

form of investment in either awareness or attractiveness, and

then use the simulation to evaluate potential gains and returns

on investment.

Although the model cannot determine which word-of-mouth

scenario actually occurred in the VSF, it can show that word-

of-mouth would be a reasonable explanation for the growth and

stabilization of the return rates. However, there are certainly other

factors that could explain this phenomenon, such as an increase

in the volume of residual materials produced by the Quebec

population or changes in citizens’ attitudes.

The rigorous approach outlined in the article clearly

demonstrates the ability of agent-based models to be configured

to complex socio-technological reverse logistics systems. The

particularity of these systems is that human decisions play a crucial

role in the distribution of material flows in the economy. To

produce simulation models that are valid and sufficiently accurate

to support decision making, it is therefore important to understand

consumer behavior and to be able to model it correctly.
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