
Consumer Heterogeneity and
E-Retailing Market Concentration: An
Agent-Based Approach
Teng Li1,2

1College of Economics and Management, Huazhong Agricultural University, No. 1 Shizishan
Street, Hongshan District, 430070, Wuhan, China
2Department of Sociology / ICS, University of Groningen, Grote Rozenstraat 31, 9712 TG
Groningen, Netherlands
Correspondence should be addressed to teng.li@rug.nl

Journal of Artificial Societies and Social Simulation 28(4) 3, 2025
Doi: 10.18564/jasss.5699 Url: http://jasss.soc.surrey.ac.uk/28/4/3.html

Received: 26-07-2024 Accepted: 10-07-2025 Published: 31-10-2025

Abstract: The phenomenon of high concentration in China’s e-retail markets remains not fully understood.
This study aims to explore its potential origins from the perspective of consumer types. By theoretically exam-
ining the impact of consumer type on market structure, this study assumes sellers to be homogeneous, while
categorizing consumers based on two dimensions: risk-taking tendency (preference for new products over old
ones) and pickiness tendency (likelihood to give negative rather than positive ratings). An agent-based simu-
lation model is developed to examine the trends of market concentration ratios under diverse conditions. The
simulation findings indicate that consumers’ risk-taking tendency influences market concentration and volatil-
ity. Specifically, higher risk preference tends to reduce market concentration, making the market more volatile.
Similarly, the higher the consumers’ pickiness tendency, the more it hinders market concentration. Addition-
ally, the relative weight of word-of-mouth (WoM ) on a product plays a crucial role in market dynamics. When
the weight of sales is greater, market concentration is more likely. However, ifWoM becomes more influential,
positive ratings enhance sales’ role in increasing market concentration, while negative ratings suppress it. In
other words, when picky consumers dominate the market, higher sales, which means more negative ratings,
can actually diminish the product’sWoM and subsequently reduce the product’s attractiveness. This prevents
any product from maintaining a sales advantage, making it hard to achieve high market concentration. By de-
veloping theoretical frameworks, this study advances the literature on market structure.

Keywords: Consumer Type, Market Concentration, Word-of-Mouth, Consumer Attention, Agent-based model-
ing

Introduction

1.1 Economists generally think that market concentration should be understood from supply-side factors such as
economies of scale, natural monopoly, industry admission policy, and technological or managerial innovation
(Anderson et al. 2012; Andrade et al. 2001; Chu et al. 2022; Laincz 2009; Long & Zhang 2012; Matraves & Rondi
2007; Pryor 2001; Ratnayake 1999; Kwon et al. 2024). These factors allow certain sellers to produce differenti-
ated products and create competitive advantages over their competitors.

1.2 In the recently booming online retail market, however, we observe a different form of market concentration. On
the same e-commerce platform, there may be hundreds of sellers all selling identical standard products, such
as electronics, books, etc. These products are almost homogeneous in terms of production, brand, perfor-
mance, model, price or consumer experience, etc. Traditional economic theory suggests that there would not
be high market concentration in this scenario because the conditions favor a market structure closer to perfect
competition, where rational consumers view the products as perfect substitutes. However, this is not the case.
For example, since the 1990s, there has been a notable trend of concentration in China’s e-retailing markets
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(Borsenberger 2015; Wei et al. 2023). On major e-retailing platforms such as Tmall.com or JD.com, it is common
for a select few leading sellers to hold a significant proportion of their industries, while the majority of others
are essentially ignored by online shoppers. According to the data in July 2023, the online smartphone market
in China on JD.com was dominated by just three major players: Apple, Xiaomi, and Honor. These brands held
a combined market share of nearly 47% in terms of online sales. 1 Similarly, the e-retailing market for sports
shoes offers another illustration of this concentration trend, with the market share of the top three brands in
China reaching 58.7% in 2020. (Zhou 2021). This begs the question: why are these seemingly identical products
so concentrated in a few e-shops?

1.3 Strictly homogeneous products, of course, do not exist in practice, and online sellers will differentiate them-
selves from their competitors by means of "virtual decoration" —a strategy that involves enhancing their prod-
uct listings with better images, detailed descriptions, customer reviews, and other online presentation tech-
niques, which promotes market concentration of standardized products. However, even if we disregard sellers’
attempts to differentiate themselves and assume identical offerings, can this market concentration be entirely
eliminated in theory?

1.4 Our answer is "no". In the e-commerce retail market, market concentration is not only caused by producers and
online sellers, but also by the opinion dynamics of consumers. Despite not having direct personal interaction,
online consumers can interact with each other through product sales records and reviews on shopping plat-
forms (Abedin et al. 2021). Past consumption records can influence future consumers’ decision-making. Even
if two sellers are objectively indistinguishable from each other, consumer interactions may still create "subjec-
tive" differences between them. We propose that this is an important aspect of understanding concentration
in e-tailing markets, which refers to the buying and selling of goods and services through online platforms.

1.5 Several models have examined the influence of consumers on market dynamics. For instance, Huotari (2017)
investigates the interactions between heterogeneous market participants, specifically consumers and differ-
entiated firms, and their reciprocal effects on platform performance, emphasizing the interplay between firm
strategies and consumer preferences. Fatas-Villafranca et al. (2019) explore co-evolutionary dynamics between
consumers and profit-maximizing firms, highlighting the importance of firm heterogeneity in shaping market
outcomes. Yanagita & Onozaki (2008), Yanagita & Onozaki (2010) relax the assumption of fully rational con-
sumers, incorporating a broader range of market actors. Their simulations demonstrate how sellers’ strate-
gies and consumers’ bounded rationality jointly contribute to the emergence of oligopolistic market structures.
Complementing these models are the CONSUMAT frameworks, CONSUMAT I (Jager 2000), CONSUMAT II (Jager
& Janssen 2012), and the recent HUMAT extension (Jager et al. 2025; Li & Jager 2023), which provide a be-
havioral perspective on market dynamics. These models effectively link psychological and social influences
to consumer behavior, thereby elucidating how bounded rationality shapes market structures. However, they
predominantly reflect a traditional economic perspective in which market concentration is primarily driven by
firm-side dynamics, offering limited insights into the extent to which consumer behavior, especially bounded
rationality and social influence, contributes to this process. In contrast, our study focuses explicitly on the con-
sumer side. By assuming homogeneous firms and identical product offerings, we isolate the impact of con-
sumer heterogeneity on market concentration. In particular, we examine how variations in consumer types
affect outcomes in e-commerce markets, offering a novel perspective on the role of demand-side dynamics in
shaping market structures.

1.6 Recent studies have highlighted the unique and intricate nature of market concentration in e-retailing. Goldma-
nis et al. (2010) suggest that lower search costs contribute to higher market concentration in e-retailing. When
search costs are low, consumers can gather information about sellers more easily, resulting in greater compe-
tition and weaker sellers being unable to rely on information asymmetry. Rhodes & Zhou (2019) demonstrate
that when search frictions are relatively high, meaning it is difficult or costly for consumers to gather information
and compare products effectively, the market tends to be dominated by large firms, leading to higher concen-
tration ratios. Hervas-Drane (2015) argues that word-of-mouth has an impact on e-market concentration and
improvements in this area can increase the concentration ratio under specific conditions. Additionally, studies
have been conducted to analyze the factors that influence online market concentration, including search en-
gines (Brynjolfsson et al. 2011), network externality (He et al. 2023), and network effects (Haucap & Heimeshoff
2014). These studies, despite different emphases, attempt to account for the concentration of online markets
using factors that pertain solely to e-retailing.

1.7 In this paper, we aim to investigate the theoretical possibility of market concentration in an e-retailing market
where all sellers are considered homogeneous, and particularly, theorize how heterogeneity of the population
in these micro-behavioral patterns affects the macro-level outcome of market concentration. Since consumers’
feedback has the potential to create subjective differences, this subjective differentiation could provide certain
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sellers with a competitive advantage, influencing consumers’ choices and, in extreme cases, leading to "winner-
takes-all" and high market concentration. We contend that, beyond objective factors such as quality, cost, or
technology, consumer behavior and their subjective beliefs about products can play a pivotal role in determin-
ing the concentration of the e-retail market. This perspective aligns with Drucker’s assertion that "consumers
define the product" (Drucker 1973), highlighting the significance of consumer behavior in shaping market dy-
namics. Consumers can be categorized according to their behavioral characteristics. For example, some con-
sumers may prefer purchasing familiar products over entirely new ones. Additionally, the diverse nature of
consumer types becomes evident in their evaluations of even identical products. While some individuals like
to provide positive feedback, others tend to be pickier, offering predominantly negative reviews. The conse-
quences of these varied consumer actions on the market level merit exploration. Understanding how different
consumer types interact with one another can shed light on the dynamics of market concentration.

1.8 Agent-based modeling (ABM) was selected as the primary methodology in this study due to its capacity to inves-
tigate the intricate dynamics resulting from the interactions of numerous interdependent individuals. ABM of-
fers a simplified depiction of individual psychological processes, modeling social interactions between individ-
uals and their environment whilst adhering to specified assumptions (Gilbert & Troitzsch 2005). Furthermore,
ABM enables systematic computer experimentation to examine how theoretical assumptions and contextual
conditions, as assumed in research, govern the frequently intricate social dynamics that emerge. Empirically,
there are many statistics and surveys that investigate factors that influence market concentration. However,
understanding the dynamic mechanisms driving consumer decision-making through empirical data collection
alone is challenging. While it is possible to establish relationships between factors and outcomes, the underly-
ing mechanisms by which these factors operate and produce observed results cannot be deduced solely from
data observations. In relation to this study, consumers who prefer new products may dampen the current mar-
ket composition because they move more readily to new products. However, if these consumers tend to give
negative reviews on their purchases, it may undermine the emergence of new brands and thus stabilize the
market structure. It is unclear how these mechanisms interact precisely, thus we need ABM to explore various
theoretical scenarios to facilitate the explication of empirical observations.

Conceptual Framework

2.1 To theoretically examine the impact of consumer interactions on market concentration, we categorize con-
sumers into distinct types based on their online shopping behaviors. Prior studies have delineated various
consumer typologies according to research contexts and objectives, including distinctions such as high and
low involvement (Bloch & Richins 1983), hedonism and pragmatism (Babin et al. 1994), and risk seeking and
aversion (Lusk & Coble 2005). This study adopts a classification framework that hinges on two dimensions
characterizing the consumer purchasing process. Firstly, consumers’ familiarity with a product shapes their in-
dividual preferences (Zhou & Nakamoto 2007). Some individuals prefer purchasing familiar/habitual products,
while others enjoy buying new ones (Pandey 2022; Shukla 2009).

2.2 Therefore, consumers are first categorized based on their pre-purchase attitudes toward new products. Risk-
taking consumers are more inclined to select novel products that they have not yet bought, used, or under-
stood. In contrast, conservative consumers prioritize products they have already purchased and are familiar
with. Second, consumers exhibit heterogeneity in their post-purchase rating behavior. Picky consumers tend
to leave negative ratings after making a purchase, while tolerant consumers are more likely to leave positive
ratings (Bondi et al. 2024; Cheng et al. 2021; Wu et al. 2016).

2.3 We refer to the first dimension as the consumer’s risk-taking tendency and the second dimension as the picki-
ness tendency. In extreme cases, consumers can be classified into four types (2× 2 matrix):

• Risk-taking and Picky (RP-type): These consumers always like to try new products and give negative rat-
ings after purchasing.

• Risk-taking and Tolerant (RT-type): These consumers always try new products and give positive ratings.

• Conservative and Picky (CP-type): These consumers always prefer familiar products and give negative
ratings.

• Conservative and Tolerant (CT-type): These consumers always prefer familiar products and give positive
ratings.
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2.4 Of course, both the risk-taking and pickiness tendencies vary in degree, and most consumers may not be at
the extremes but rather somewhere between extremely adventurous and extremely conservative, as well as
between extremely picky and extremely tolerant. Figure 1 illustrates the different types of consumers within
our model.

Figure 1: Consumer types based on two dimensions.

2.5 We aim to simulate how consumer behaviors, categorized by their types at the micro level, influence market
concentration at the macro level. Figure 2 illustrates the conceptual framework of micro-macro interactions
within a market.

2.6 At the micro level, we summarize the consumer purchase process into three stages, i.e. search, consumption,
and evaluation. It is worth noting that the actual consumer process may be more complex, but our model sim-
plifies it to focus on the research objectives of this paper. During the search stage, consumers begin searching
for information about available options to fulfill their needs. We primarily focus on the number of candidate
products that consumers can search for. Research indicates that consumer search sets vary in size (Bollen et al.
2010; Punj & Moore 2009), influenced by individual limited memory or attention (Shocker et al. 1991). The larger
the consumer attention, the more likely they are to search for more alternative products before making a pur-
chase, and vice versa. The second stage is consumption, where consumers decide to purchase the product
or service they perceive as offering the best value or meeting their needs most effectively. This stage is influ-
enced by consumer types; for example, risk-taking consumers prioritize new products within the entire set of
alternatives, while conservative consumers prefer familiar products. The third stage is post-purchase evalua-
tion. After making a purchase, consumers evaluate their satisfaction with the product or service based on their
experiences, often by providing online reviews. This behavior in this stage is also related to consumer types;
for instance, picky consumers are more likely to give negative reviews, while tolerant consumers tend to give
positive reviews.

2.7 Consumer-level actions and interactions give rise to macro-level market dynamics. Firstly, consumer purchas-
ing decisions directly affect changes in product sales volume, reflected in market share and market concentra-
tion. Secondly, consumer product evaluations influence the word-of-mouth of products, which in turn affects
the consumer purchase process, forming interactive feedback between micro-level mechanisms and macro-
level outcomes.
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Figure 2: Conceptual framework about micro-macro interactions in a consumer market.

The Agent-Based Model

3.1 ABM was employed to examine how consumer type affects market concentration, studying emergent phenom-
ena that arise from interactions between individual agents in a larger system. The model description follows the
ODD (Overview, Design concepts, Details) protocol for describing individual- and agent-based models (Grimm
et al. 2006), as updated by Grimm et al. (2020). The protocol helps to make model descriptions complete and
accurate, as well as standardize descriptions for the benefit of users and reviewers. The model itself was imple-
mented with NetLogo 6.0.4 (Wilensky & Rand 2015). A complete, detailed model description following the ODD
protocol is provided in Appendix 1.

Model elements

3.2 To start with, the population of Nc consumers is randomly distributed in a two-dimension space. We indepen-
dently select a random x and y coordinate from a uniform random distribution of coordinates. Subsequently,
we assign consumers to the randomly drawn x-y coordinate if the spot is empty.

3.3 The key attributes of consumers in our model are their risk-taking tendency, denoted as Ri, and pickiness ten-
dency, denoted as Pi, both of which range from 0 to 1. Specifically, Ri indicates the risk-taking tendency of
consumers, where Ri = 0 means the market consists solely of highly conservative consumers, and Ri = 1 sig-
nifies the presence of only highly risk-taking consumers. Values of Ri between 0 and 1 indicate varying levels
of risk-taking, with higher values corresponding to a more risk-taking nature. Similarly, Pi reflects the pickiness
tendency of consumers, where Pi = 0 represents a market entirely composed of highly tolerant consumers,
and Pi = 1 indicates that only highly picky consumers are present. Values of Pi between 0 and 1 represent dif-
ferent levels of pickiness, with higher values indicating a more picky disposition. To define the consumer type,
this model first considers the extreme cases, including extreme CT-type (Ri = 0 & Pi = 0), RT-type (Ri = 1 &
Pi = 0), CP-type (Ri = 0 & Pi = 1), and RP-type (Ri = 1 & Pi = 1). For a broader range of consumer types,
the Beta distribution is utilized to establish the initial distributions of Ri and Pi, denoted as x ∼ Beta(α, β),
where α (≥ 0) and β (≥ 0). The probability density function (PDF ) of the beta distribution, f(x), is defined as
Equation 1, where B(α, β) is the beta function used as a normalization constant to ensure the total probabil-
ity integrates to 1. We employ this function to generate a variety of shapes of initial distributions of consumer
preferences with constrained ranges. For example, if α is equal to β, the distribution of opinions is symmetric.
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If α is greater than β, the opinion distribution is left-skewed. Conversely, if α is less than β, the distribution is
rigth-skewed. This model allows us to simulate a wide range of consumer behaviors by adjusting the Ri and Pi

values, thereby capturing the diversity of consumer attributes in the market. It is worth noting that we assume
risk-taking and pickiness to be independent characteristics. This is because risk-taking pertains to pre-purchase
behavior, while pickiness pertains to post-purchase behavior. Consequently, the share of picky types can be the
same among both conservative and risk-taking consumers.

f(x) =
xα−1(1− x)β−1

B(α, β)
, 0 ≤ x ≤ 1 (1)

3.4 Another important attribute of a consumer is limited attention, which can be quantified by the parameter m.
The parameter m ranges from 1 to Ns (the number of sellers) and is treated as a constant for all consumers
in this study. The lowest value, m = 1, indicates that each consumer can search only one seller or product,
whereas the highest value, m = Ns, indicates that consumers can search all products in the market. Based on
prior research, it is well-established that consumers exhibit characteristics of bounded rationality, incomplete
information, and cognitive limitations (Li et al. 2025; Kahneman 1973; Simon 1978). In this study, we will refer
to these attributes as limited attention. This denotes that the consumer is not entirely rational and cannot
process all market information available; instead, they only access information about products from a restricted
number of sellers when making a purchase.

3.5 The market consists of Ns sellers who are located in the same two-dimensional space and produce identi-
cal products. The distinction between sellers lies in the consumer evaluations, measured by word-of-mouth
(WoM ), of their products, and sales. Sales refer to the volume of products actively promoted and delivered by
a company within a specified time period. In the context of this article, it represents the frequency with which
consumers elect to purchase products from a particular seller. Word-of-mouth refers to the verbal exchange of
information as a means of sharing knowledge (Schindler & Bickart 2005). It typically involves individuals sharing
their thoughts, personal experiences, or expertise about a specific product with others in their social or profes-
sional circles. In this context, we utilize WoM to represent the collective reviews of a seller by consumers, with
the extent of WoM dependent on the cumulative assessments provided by interconnected consumers regard-
ing a specific seller. To clarify, the information regarding a seller, including WoM and sales, is not accessible to
all consumers. Rather, it is only visible to those who are able to search for it. And both WoM and sales will be
normalized to the range of 0 to 1, as shown in Equation 4.

3.6 In our model, WoM measures the subjective evaluations of all consumers who have purchased from a seller.
Picky consumers tend to give lower ratings, while tolerant consumers give higher ratings, which directly affects
the seller’s WoM . In extreme cases, if all of a seller’s buyers are picky, the seller’s WoM will be the lowest,
making it harder for other consumers to choose that seller. Referring to the work of Cialdini & Goldstein (2004)
on informative and normative influence, the WoM here is more informative, encompassing both positive and
negative feedback. Sales primarily serve as a normative influence, indicating the number of consumers using a
product without reflecting their ratings. In the "evaluation" phase of the consumer purchasing process, a more
detailed explanation is provided regarding the formation and updating of WoM .

Consumer purchasing process

3.7 Previous research (Frasquet et al. 2015; Pizzutti et al. 2022) indicates that online shopping typically comprises
three stages: search, consumption, and evaluation. For searching products, consumers try to acquire relevant
information such as sales and feedback from others by browsing through product pages, and gradually nar-
rowing their focus to a few alternatives. In the consumption stage, consumers purchase the most appealing
product from the options they have considered. Finally, during the evaluation stage, customers leave feedback
on the products. What follows is a detailed description of these processes and the flowchart is given in Figure
3.
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Figure 3: Simulation flowchart of consumer purchase processes.

3.8 Search. When consumers enter a new market with asymmetric information, they lack past purchase experience
and are therefore forced to conduct random searches and purchases. Subsequent rounds provide consumers
with a historical record of their previous purchases, reflecting their shopping habits. Consumers aim to search
for as many online sellers as possible before making a purchase. However, their potential choices are restricted
due to their limited attention (Goldhaber 1997; Lanham 2006). In line with the bounded rationality concept,
attention is limited; therefore, a maximum consideration number denoted by m is defined, which is the same
for all consumers in the model.

3.9 In accordance with the concept of bounded rationality, consumers possess a limited capacity for attention,
which constrains the number of options they can consider. This maximum number of options, denoted by m,
constitutes the consumer’s consideration set (Gu et al. 2012; Shocker et al. 1991). This set represents the range
of product options that a consumer considers during the purchasing process. Consumers make their optimal
choice from this consideration set by evaluating each option based on the combined attraction of sales and
word-of-mouth. A parameter Wm, which ranges from 0 to 1, determines the weight a consumer assigns to
WoM , while (1−Wm) indicates the weight assigned to sales. Wm is set to be the same across all consumers.
The higher the value of Wm, the more importance the consumer places on WoM compared to sales.

3.10 The overall attraction of a product is quantified by a specific Equation 2. The optimal choice is the product with
the highest attraction, which is considered the best-found among the new products available

A = Wm ∗WoM + (1−Wm) ∗ S , Wm ∈ [0, 1] (2)

3.11 Where, A denotes the total attraction of the product; S ∈ [0, 1] represents the sales of the product, normalized
between 0 and 1; WoM ∈ [0, 1] denotes the word-of-mouth of the product, also normalized between 0 and 1;
Wm is the weight assigned to WoM , while (1−Wm) is the weight assigned to the sales S.
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3.12 Consumption. Once consumers have selected the best option (best-found) according to the attraction of prod-
ucts, they will compare this choice with the product they purchased last time (last-purchase) according to their
risk-taking tendency, that is, the level of Ri. This comparison will inform their current purchasing decisions. In
this process, they follow general behavior rules: (1) Conservative consumers are more likely to stick with their
established purchasing habits and therefore prefer previous products. They will only switch to the best-found
if it presents a significant advantage over their last-purchase. (2) For risk-taking consumers, on the contrary,
they prefer new products over familiar ones, thus buying from the best-found unless the historical choice is
significantly better.

3.13 The significant advantage here is determined by a threshold t, which can be called attraction difference toler-
ance. t is set to be a global factor, indicating it is the same for all consumers. This threshold indicates that when
consumers face the attraction difference between a new product and a historical product, their choices are in-
fluenced by their risk-taking tendencies before reaching this critical point. The larger the Ri, the more likely
they are to choose the best-found new product; the smaller the Ri, the more likely they are to choose the last-
purchase. Once this critical point is exceeded, consumers will rationally choose the product with the greatest
attraction, no longer influenced by personal preferences. The value range of t is from 0 to 1. When t = 0, all
consumers will only purchase the product with the greatest attraction; when t = 1, all consumers will choose
their purchase based solely on their personal risk preferences. Varying t may change a market from satisficers
to rational optimizers—optimizing on social dimensions in this case, not on product attributes. The decision
tree in Figure 4 shows how consumers make a decision.

Figure 4: The decision tree of consumers’ choice between best-found and last-purchase.

3.14 The following steps provide a detailed explanation of the Figure 4:
• Step 1: Start by calculating d, the difference in attraction between best-found (Abf ) and last-purchase

(Alp), denoted as d = Abf −Alp, (d ∈ [−1, 1]).

• Step 2: Check if the absolute value of d is within the threshold t.

– If |d| ≤ t: The decision is probabilistic:
* With probability Ri, choose the best-found product.
* With probability 1−Ri, choose the last-purchase product.

– If |d| > t: The decision is deterministic:

JASSS, 28(4) 3, 2025 http://jasss.soc.surrey.ac.uk/28/4/3.html Doi: 10.18564/jasss.5699



* If d > 0, choose the best-found product.
* If d ≤ 0, choose the last-purchase product.

3.15 In general, when the difference in attraction |d| is small (i.e., within the threshold t), the decision is probabilistic.
The consumer chooses the best-found product with probability Ri and the last-purchase product with proba-
bility 1−Ri. When the difference in attraction |d| is large (i.e., greater than t), the decision is deterministic. The
consumer prefers the product with higher attraction if d > 0 or sticks with the last-purchase if d ≤ 0.

3.16 After each consumer makes a final purchase decision, the seller who sold the product increases its sales by one
unit accordingly. Market concentration in turn makes a difference at the end of each purchase period.

3.17 Evaluation. This process concerns post-purchase behavior whereby consumers provide their feedback on pur-
chased products based on their pickiness traits (Pi). In general, picky consumers prefer to leave negative ratings
after buying products, whereas tolerant consumers provide positive ratings. Specifically, after each purchase, A
consumer will give a negative rating with a probability equal to their pickiness traitPi, and each negative rating
decreases the product’s rating by 1 (rating − 1). With probability 1− Pi, the consumer gives a positive rating,
increasing the product’s rating by 1 (rating + 1). This can be formulated by Equation 3.

Ratingnew =

{
Rating − 1 , with probability Pi

Rating + 1 , with probability 1− Pi

(3)

3.18 This setting reflects how the pickiness trait Pi influences the feedback process, where a higher Pi indicates a
greater likelihood of negative ratings, and a lower Pi suggests a higher chance of positive ratings.

3.19 Once ratings from different types of consumers have been collated for a given product, the product’s WoM
score is updated accordingly. Our model simplifies the process of updating WoM by normalizing the total
ratings obtained to a value between 0 and 1, which is then treated as WoM . The normalization process is
shown in Equation 4. Sales are also normalized to between 0 and 1 using the same method as in Equation 4.

WoM =

{
0.5 if ratingmax = ratingmin

rating−ratingmin

ratingmax−ratingmin
otherwise

(4)

3.20 Where, WoM ranges from 0 to 1, representing the normalized rating, where 0 corresponds to the minimum rat-
ing and 1 corresponds to the maximum; rating is the individual rating to be normalized of a product; ratingmax

is the highest rating among all sellers given so far; ratingmin is the lowest rating among all sellers given so far;
and if ratingmax and ratingmin are the same, report a normalized score of 0.5 (a mid-point value when all
ratings are equal).

3.21 One full cycle of exchange between buyers and sellers is recorded as a time step. After each time step, the mar-
ket calculates the current sales, ranks all sellers, and produces concentration levels. Meanwhile, consumers
update their purchase history, and sellers receive new consumer feedback and sales will be updated by adding
the newly acquired sales. The model then proceeds to the next time step, initiating a new round of trade. Con-
sumers continue to randomly search for m products in the market, evaluate the best option, compare it with
the last purchased product, and finally make their purchasing decisions. In this model, consumers are unable
to access all sellers’ full rating information. However, they are able to view comprehensive information for the
m sellers they find through their searches, including sales figures and the overall ratings provided by other con-
sumers. There are no direct local social links between consumers; interactions occur through the online ratings
that others have provided for sellers and the sales of sellers.

Simulation Experiments and Results

4.1 The main outcome of the model is the degree of market concentration. Market concentration refers to the extent
to which a relatively small number of sellers dominate a particular market, indicating the distribution of market
share among the sellers operating in a specific market (Bykova 2017; Jadlow 1981; Wesman 2005). This study
employs the Concentration Ratio (CRn) to quantify the degree of market concentration. CRn represents the
combined market share of then largest firms in the industry. A higherCRn value indicates a more concentrated
market structure. To achieve a more granular assessment of market structure, this research utilizesCR1 as the
primary indicator.
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4.2 Firstly, while CR3 and CR4 are commonly employed in empirical studies (Sexton 2000; Duranovic & Filipovic
2021; Sharmin & Arman 2020), CR1 offers a sharper distinction, particularly in oligopolistic markets. While all
three indices may converge in monopoly scenarios, oligopolistic structures can exhibit significant discrepan-
cies. For instance, in a duopoly (market with two dominant firms), both CR3 and CR4 would reach 100%,
while CR1 would necessarily be lower. Secondly, some studies have indicated that as n increases, the effec-
tiveness of CRn in measuring market concentration decreases (Kwoka 1981; Sleuwaegen & Dehandschutter
1986). One deficiency shared by all CRn indices is that they can only indicate the proportion of the top-selling
party/parties in terms of market share, without revealing whether the leading seller’s identity shifts. CR1 can
remain constant in two successive periods, even though the leader in the later period is not the same as in the
previous period. Therefore, we will examine in our model whether the top seller remains consistent throughout
the market process.

4.3 It is worthwhile noting that the concept of market concentration in the realm of e-commerce diverges from
the conventional understanding. In traditional markets, stability in concentration arises from the relative con-
stancy of factors such as quality and price advantages. However, in this digital landscape, the driving force
behind market concentration is not solely anchored in the traditional determinants of product quality and pric-
ing. Instead, customer attention has arisen as an emerging and critical element. The e-commerce environment
is characterized by a potentially unstable concentration, which differs from the stability seen in traditional fac-
tors. This concentration is influenced by the ebb and flow of consumer attention, resulting in a more dynamic
environment.

4.4 As explained earlier, consumers are classified into four single groups (RP , RT , CP , CT ) based on two dimen-
sions. However, real markets are much more complex, where different consumer types can coexist in any pro-
portion. Therefore, we carried out multiple rounds of simulation to examine market concentration ratios in
different scenarios, with each round focusing on a particular consumer combination. The initial artificial mar-
ket consisted of 300 consumers and 30 sellers randomly distributed in the space. The consumer attention was
set tom = 3, implying that each consumer could only remember up to 3 sellers per transaction. The experiment
was conducted in each round with 20 repetitions, and the outcomes were averaged to guarantee reliability. In
each repetition, the simulation model was run for 150 time steps, which correspond to 150 rounds of market
transactions. A period means that all consumers have completed one purchasing activity once, and the market
concentration ratio would stabilize around this point.

Simulation experiment 1: Extreme-type consumer markets

4.5 We start with four "pure" markets, each of which has only one extreme type of consumers, which includes CT-
type (Ri = 0 & Pi = 0), RT-type (Ri = 1 & Pi = 0), CP-type (Ri = 0 & Pi = 1), and RP-type (Ri = 1
& Pi = 1). Investigating these pure situations helps understand how each consumer type may affect market
concentration and is thus a natural starting point. The fundamental aim of this experiment is to investigate
under which conditions the market concentration becomes high or low with a single type of consumer in the
e-tailing context.

4.6 Considering the first dimension of consumer classification, namely the tendency to purchase new products, a
key factor is the threshold for attraction difference (t). This threshold measures the intensity of this dimension.
Within this threshold, consumer choices are shaped by their risk-taking or conservative inclinations. However,
once this threshold is surpassed, consumers make rational decisions based on the most appealing product,
irrespective of their personal preferences. The second dimension of consumers, the tendency to leave negative
reviews after purchasing a product, relates to another key factor affecting market concentration: the weight of
word-of-mouth (Wm). This is because a seller’s attractiveness to consumers is determined by both word-of-
mouth and sales; the larger the Wm, the more significant the impact of positive or negative reviews on market
outcomes. Conversely, if Wm is zero, market outcomes are determined solely by sales.

4.7 Figure 5 compares the market concentration in these extreme situations. The four subplots in the first row show
market concentration under different t values, withWm maintained at 0.5. In the scenario where all consumers
exhibit conservative and tolerant (CT -type), preferring products they bought last round and tending to give
positive reviews after using the products, we observed markedly different results with different t values. First,
when t takes the maximum value of 1, CR1 rapidly reaches the lowest equilibrium of approximately 5%. This
is because, when t = 1, conservative consumers only buy whatever they previously purchased, regardless of
the availability of superior new products. Consequently, consumers are locked onto their initial random pur-
chase choices, resulting in a low level of market concentration. However, when t decreases to 0.7 or 0.6, the
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market concentration will rise high withCR1 exceeding 80%. The mechanism behind this is that although con-
sumers still predominantly choose products based on their conservative preferences, there is still a consider-
able chance (0.3 or 0.4) for them to switch to more attractive new products and give positive ratings. Therefore,
some sellers who gained a slight advantage at the beginning due to random factors are likely to maintain or
even expand their market share, accumulate higher sales and more positive reviews, and eventually become
an oligopoly with absolute dominance.

4.8 In contrast, when the market is dominated by risk-taking and tolerant consumers who are excited about buying
new products (RT ), the market concentration remains low (around 10%) when t = 1. Unlike the CT mar-
ket, however, the RT market exhibits greater volatility. This is primarily due to the dynamic nature of market
share dominance, where no single product consistently maintains a leading position. Due to the high mobil-
ity of customers, a product that was patronized by the majority in the previous period may be patronized by
fewer people in this period, and therefore market concentration does not increase cumulatively. This situation
remains unchanged when t is reduced to 0.7. But further reduction of t to 0.6 leads to rapid market concen-
tration. The reason for this is that at this point, consumers do not just blindly explore new products, but also
consider familiar products that are more attractive. When the attractiveness of a product is strong enough, its
consumer base becomes fixed and gradually expands, and this process is accelerated by the tolerant nature of
consumers.

4.9 Next, if the market is populated by consumers with picky traits (CP or RP ), market concentration is generally
low, regardless of the value of t. In the CP -type market, consumers tend to repurchase products they bought
last time (maybe out of a pure habit) but give negative reviews after consumption, resulting in “the curse on
the winner”: the higher the sales of a product, the poorer its review record, and the less the likelihood it being
picked up by potential consumers. Therefore, market concentration will be low because sellers cannot leverage
the volume-of-sales advantage.

4.10 As for theRP -type consumer market, consumers constantly switch to new products and leave negative reviews
wherever they go, leading to a general deterioration of product reputation in the market. In this situation, even
products with relatively high sales can lose consumers due to poor reviews, so each product can only maintain
an average market share.

4.11 In summary, when t takes the maximum value 1, the market is not concentrated because consumers make
choices based not on product attractiveness, but solely on personal prescribed inclination. Adventurous con-
sumers keep exploring the market for a new product, while conservative consumer keeps purchasing a familiar
one, regardless of the product’s reputation and sales volume. Only when the value of t is less than 1 can this sta-
tus quo be broken by tolerant consumers to achieve higher market concentration. The simulation results also
indicate that picky consumers reduce market concentration because they are always dissatisfied with the prod-
ucts they buy, and the larger the sales volume, the worse the reputation of the product, therefore, no seller can
maintain a high level of attractiveness. The results also show that the equilibrium in the risk-taking consumer
market exhibits greater volatility than the conservative consumer market.

4.12 Having gained a preliminary understanding of the effect of t-values on market outcomes, we now fix t at 0.7 (if
t = 1, the market will stay unchanged), and focus on the effect of the weights of word-of-mouth and sales (Wm)
on market concentration. The four subfigures in the second row of Figure 5 show the results when the weight
of word-of-mouth, Wm, takes the maximum values of 1 (i.e., product attractiveness is entirely determined by
word-of-mouth) and the minimum value of 0 (i.e., product attractiveness is entirely determined by sales). In
the CT market, market concentration is high in both cases, indicating that the magnitude of Wm does not
affect the market outcome. This is because sales volume positively contributes to market concentration. If a
product is purchased by more consumers, it will become more attractive, and will more likely be shopped for
by other consumers. Since consumer ratings in this market are positive, the same effect exists for word-of-
mouth, i.e., the more consumers buy a product, the better its word-of-mouth and the easier it is to develop a
cumulative advantage. Both mechanisms, individually or in combination, contribute to the accumulation of
product attractiveness, ultimately leading to a high degree of market concentration.

4.13 In the CP market, however, different Wm values show distinct effects on market concentration. When Wm =
1, i.e., the difference in product attractiveness depends only on word-of-mouth and not on sales, the market
concentration remains at a very low level (about 5%) despite some increased volatility. This is because all the
ratings in that market are negative, i.e., higher sales, leading to more negative ratings, can actually diminish
the product’s WoM and subsequently reduce the product’s attractiveness. As a result, no seller can develop
a cumulative advantage to conquer the market. Conversely, when Wm = 0, i.e., negative ratings no longer
play a role, and product differentiation is determined by sales alone, the product initially most purchased will
maintain a sales advantage, resulting in a rapidly concentrating market.
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4.14 We now turn to the risk-taking market (RT and RP ). When consumers consider only word-of-mouth while
ignoring sales volume (Wm = 1), market concentration stays low, which is in line with the results of the first
row (the orange line). However, when the effect of sales volume is taken into account and even plays a decisive
role, market concentration experiences a slow increase. This is because, on the one hand, sales volume adds a
cumulative advantage to the product and causes concentration, on the other hand, the risk-loving characteristic
of consumers counterbalances this cumulative advantage to some extent, and therefore concentration occurs
but not as quickly as in the CT market.

Figure 5: Evolution of concentration in a single type of consumer market with different t (rational choice thresh-
old) and Wm (weight of WoM ). CR1 averaged across 20 repetitions, 95% confidence interval shown.

4.15 In summary, the simulation experiment of homogeneous markets reveals the micro-mechanisms by which each
of the four consumer traits affects market concentration. It has been discovered that different consumer char-
acteristics influence market structure differently, and the final level of market concentration depends on the
interplay of those mechanisms. In the next simulation experiment, we will explore the result of mixed con-
sumer types.

Simulation experiment 2: Markets with different distributions

4.16 In this experiment, we use beta distributions to represent the mixture of consumer types and explore how they
affect market concentration. We analyze the outcomes of three typical unimodal distributions of each type,
with most values distributed around 0 (achieved by Beta(1, 10)), around 0.5 (achieved by Beta(10, 10)), and
around 1 (achieved by Beta(10, 1)). The default t in this experiment is set at 0.7, and Wm is set at 0.5.

Tolerant consumer market (Pi = 0)

4.17 For a market full of extremely tolerant consumers (Pi = 0) who are generous with their positive reviews, we
investigate situations with different distributions of risk-taking consumers. The results are shown in Figure 6
(top-left), withRi around 0 representing most consumers are extremely conservative,Ri around 1 representing
most consumers are extremely risk-taking, and Ri around 0.5 representing most consumers are in the middle
without strong preferences for new or old products.

4.18 As illustrated by the Figure 6, when most Ri is around 0, CR1 rapidly increases to the highest level, a trend
similar to the single CT -type market in Experiment 1 (orange line), and can be attributed to similar reasons.
The subtle difference between the two is that the market concentration achieved in the current experiment is
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slightly higher (nearly 100%). This is because in this experiment, although the majority of consumers under
the single RT -type distribution are ultra-conservative, there is a small minority whose conservatism is less ex-
treme and who keep exploring new products, thus giving them a better chance of finding the most appealing
ones and further contributing to market concentration. When most consumers’ Ri is around 1, the equilibrium
level of CR1 suddenly drops to less than 20%, similar to the single RT -type market in Experiment 1 (orange
line). The reason is that adventurous consumers, who like new products, dominate the market, making it diffi-
cult for the cumulative advantage of the product to be formed. When most consumers’Ri is around 0.5, market
concentration rises slowly and eventually reaches a higher level. This shows that when the proportion of con-
servative and adventurous consumers is close to each other, the former has a slightly stronger effect on market
concentration than the latter.

Picky consumer market (Pi = 1)

4.19 Suppose all consumers in the market are extremely picky type (Pi = 1), which means they like to give negative
reviews to whatever products they buy. Results in Figure 6 (top-right) show that regardless of how much they
are risk-taking or conservative, CR1 remains lower than 10%. This result is similar to the CP or RP situation
in Experiment 1 (orange line) and further confirms that more picky consumers make market concentration less
likely to happen, regardless of the proportion of risk-taking/conservative consumers.

Conservative consumer market (Ri = 0)

4.20 Now consider the effect of the distribution of the propensity to be picky (Pi) on market concentration. When
the mode of the Pi unimodal distribution is around 0, it means that most consumers are extremely forgiving
and tend to give good reviews; when the mode of thePi distribution is around 1, most consumers are extremely
picky and are inclined to give bad reviews; and when the mode of Pi is around 0.5, most consumers are equally
likely to produce good and bad reviews.

4.21 Figure 6 (lower-left) depicts the extremely conservative consumer market, where consumers prefer to choose
previously purchased products rather than new products. When Pi is distributed around 0, which means most
consumers are also extremely tolerant, market concentration quickly rises and stabilizes at a high level (nearly
100%). The reason for this is similar to the tolerant market, in that conservative and tolerant traits predomi-
nate, and together they contribute to the cumulative advantage gained by the initially attractive product that
eventually captures the market. The 95% confidence interval shows that the conservative market is slightly
more volatile than the tolerant market.

4.22 When most consumers’ Pi is around 1, i.e., extremely picky consumers account for the majority, the market
concentration can only reach and stabilize at a minimum level (about 5%). The reason for this is that the larger
the sales volume, the more negative reviews the product receives, therefore, no cumulative advantage can be
created. When Pi is around 0.5, that is, the probability of most people giving good reviews and bad reviews is
about the same, we see a slight increase in the concentration of the market, stabilizing at about 20%. This seems
to imply that, under the same conditions, positive reviews (Pi = 0) promote market concentration less than
negative reviews (Pi = 0) inhibit it, such that when the two are similar (Pi = 0.5), the market concentration
that eventually arrives is pretty low.

Risk-taking consumer market (Ri = 1)

4.23 Risk-taking consumers prefer to buy new products. In other words, they have a low degree of brand loyalty.
Similarly, according to their pickiness in giving reviews, three representative scenarios are investigated where
peak Pi = 0, peak Pi = 1, and peak Pi = 0.5, respectively, with results shown in the lower-right pane of Figure
6. It can be seen that if all consumers are risk-taking, no matter whether the value of Pi, CR1 remains lower
than 20%. The reason for this is that risky consumers are always exploring new products (as can be seen from
the turbulent curve), which is not conducive to realizing a cumulative advantage for a given product unless the
intensity of riskiness is further reduced (e.g., by setting t = 0.6) or the weight of sales volume is increased (e.g.,
by setting Wm = 0).
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Figure 6: Evolution of market concentration in different consumer markets. CR1 averaged across 20 repeti-
tions; 95% confidence interval shown. Parameter settings: t = 0.7, Wm = 0.5.

4.24 The above experiments have permitted a preliminary understanding of the mechanisms by which different
consumer preferences affect market concentration. For example, it can be observed that the greater the con-
sumers’ risk preference tendency (Ri), the less likely the market is to concentrate, and the more volatile it be-
comes. Similarly, the higher the consumers’ pickiness tendency (Pi), the more it hinders market concentration.

4.25 Additionally, the relative impact of word-of-mouth on sales (Wm) is a significant factor in market dynamics.
Typically, the smaller theWm, or the greater the weight of sales, the more likely the market is to achieve concen-
tration. However, when Wm becomes larger, whether the market becomes concentrated depends on whether
positive or negative ratings dominate. When positive ratings are in the majority, word-of-mouth strengthens
the role of sales in promoting market concentration, because products with more sales receive more positive
reviews, which in turn attracts even more consumers. Conversely, when negative ratings are more prevalent,
word-of-mouth suppresses the role of sales in promoting market concentration. This is because products with
higher sales receive more unfavorable reviews, making it more challenging to build cumulative advantages and
reducing their attractiveness.

Simulation experiment 3: Markets with heterogeneous consumers

4.26 In this simulation experiment, we aim to investigate how market concentration evolves when different types
of consumers coexist. This enhances our understanding of market complexity and dynamics. To achieve this,
more generalized markets are designed in this experiment, in which consumers neither exhibit extreme risk-
taking nor extreme conservatism, nor do they display extreme pickiness or tolerance. Instead, the majority
of individuals exhibit a preference that is situated somewhere between the two extremes. Consequently, we
set Ri and Pi to follow a unimodal distribution around 0.5, which is achieved by Beta(10, 10). Furthermore,
consumers are neither excessively rational nor irrational, thus the rational choice threshold t is set at 0.7. This
implies that within a certain range, consumers make choices based on their own type (e.g., a conservative con-
sumer will buy the familiar product, while a risk-taking consumer does the opposite); only beyond the range
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do they choose based on product attractiveness. Based on this, we explore three different scenarios: prod-
uct attraction determined solely by sales (Wm = 0), solely by WoM (Wm =1), and equally by both factors
(Wm = 0.5).

4.27 Figure 7 illustrates the evolution of the market concentration ratio. In general, market concentration grows
rapidly and reaches a high level (nearly 100%) when Wm = 0 (blue line). This further indicates that if product
differentiation is determined solely by sales, the product initially purchased by the majority will accumulate
a sales advantage, attracting even more consumers. When Wm increases to 1 (orange line), the market con-
centration fluctuates around 20%, with rises and falls. This is because half of the market tends to give positive
reviews, while the other half tends to give negative reviews (peak of the unimodal distribution of Pi = 0.5),
leading to overall minor differences in product attractiveness. Market fluctuations occur because the product
receiving the most positive ratings changes constantly with each purchase. Once a product receives the most
positive ratings, market concentration rises. However, this increased visibility makes it more likely to attract
picky consumers, leading to more negative ratings and a subsequent decline in market concentration. Thus,
markets continuously oscillate in this dynamic balance.

Figure 7: Evolution of market concentration in the four-type consumer markets. CR1 averaged across 20 repe-
titions; 95% confidence interval shown. Parameter settings: Ri = 0.5, Pi = 0.5, t = 0.7.

4.28 When Wm = 0.5, we see a market with maximum volatility. In contrast with the other two scenarios, this is
also the most complex market. There are both risk-taking and conservative consumers who may give both pos-
itive and negative reviews. At the same time, they are concerned with the sales ranking of the product and
also assess the word-of-mouth about the product. Different mechanisms push and pull market concentration,
with each time step’s outcome depending on which force prevails. Specifically, at a given time step, some con-
sumers will contribute to market concentration by purchasing the most popular product and/or leaving positive
reviews. Simultaneously, other consumers will reduce market concentration by exploring alternative products
and leaving negative reviews for the best-selling product.

4.29 To observe the complex dynamics and balance of forces in this market more clearly, Figure 8 presents five ran-
dom runs for each scenario, with each line representing a typical market concentration evolution process. We
observed similar mechanisms of change: when forces promoting market concentration dominate, the market
quickly concentrates to its maximum; when forces inhibiting concentration take effect, the concentration level
decreases. Ultimately, the market exhibits a dynamic evolution. The results also demonstrate that the complex
interactions between factors previously studied in isolation can lead to significantly different outcomes when
combined. This highlights the intricate market behavior that emerges from the interplay of various consumer
types, providing deeper insights into how consumer properties interact to influence overall market dynamics.
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Figure 8: Evolution of market concentration in the four-type consumer markets with 5 typical runs. Parameter
settings: Ri = 0.5, Pi = 0.5, t = 0.7.

4.30 It is important to note that, in theory, the final market equilibrium in this experimental scenario would result in
CR1 reaching 100% if given sufficient time. This is because consumers make purchases at each time step, and
with various balancing mechanisms in place, it is always possible for one product to gain a significant advantage
(in terms of sales or positive reviews) and eventually dominate the market. For instance, in the middle graph
of Figure 8, we can see that the uppermost red and purple lines have stabilized at market equilibrium. This
indicates that a particular product has gained a dominant advantage, monopolizing the entire market, thereby
preventing other products from challenging its position. The green and blue lines in the middle exhibit the
most fluctuation, suggesting that there is a significant possibility of a shift in the future, ultimately leading to
a monopolistic market. The bottom orange line remains stable at a lower level amidst fluctuations. Although
it is theoretically possible for it to reach the equilibrium point of CR1 = 100%, it is foreseeable that it would
require a much longer time. The precise time required to achieve equilibrium was not investigated. Firstly,
a mid-term perspective enables the observation of more intriguing market fluctuations, which aligns better
with the research objectives of this study. Secondly, the mid-term perspective has empirical significance, as
real purchasing behavior rarely occurs under conditions that allow the system to reach long-term equilibrium.
Real-world social systems may be influenced by external disturbances, internal structural changes, or other
uncontrollable factors, making equilibrium a hypothetical state.

4.31 In summary, the fluctuation of market concentration is a sign of the complex dynamics between different con-
sumer traits in shaping the market structure. For example, a certain seller may become popular within a time
step, but this popularity can be its own downfall as it attracts more picky consumers. This results in more neg-
ative reviews for the seller’s products in the next time step, causing the seller to lose their dominant position in
the future.

4.32 The scenarios presented in this study primarily serve as a proof of concept, illustrating the model’s flexibility and
capacity for further experimentation. To gain a more comprehensive understanding of the interaction between
key parameters, we also conducted additional simulations in which both t and Wm were varied continuously
over the interval [0, 1]. This allowed us to explore their combined influence on market concentration. The
results of these extended experiments are provided in Appendix 2.

Discussion

5.1 The prevalent academic research regarding the causes of market concentration centers around sellers, and
typically disregards the consumer perspective. This study fills this gap by investigating how consumer types
can impact market concentration, even in scenarios where the sellers are homogeneous. Using the agent-based
modeling method, we conducted simulation experiments to explore how and under what conditions market
concentration arises from the interactions between heterogeneous consumers.

Experiment results

5.2 The results from Simulation Experiment 1 show that, if the threshold for optimal choice is substantial (t = 1),
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market concentration will not happen, as consumers make their shopping decisions based solely on their pre-
scribed inclinations, e.g., to always buy new or habitual products. Therefore, conservative consumer markets
(CT and CP ) quickly lock into the initial status quo with unchanged sales ranking. By contrast, risk-taking
consumer markets (RT and RP ) demonstrate more complex dynamics, where consumers keep buying new
products and bigger sellers cannot enjoy the advantage of sales.

5.3 When t decreases (e.g., 0.7) to allow more rational purchases, only the conservative and tolerant (CT ) con-
sumer market displays a constant trend toward substantial concentration, such as monopoly or oligopoly. The
CT -type consumers can be labeled as “content consumers”, since they are reluctant to switch from previously
bought products (conservative), and are willing to give positive reviews after consumption (tolerant). In market-
ing terminology, these consumers show a high degree of brand loyalty. The positive feedback that they produce
reinforces repeat purchases, leading to higher concentration ratios. This explanation also applies to the high
concentration in two-type consumer markets where CT consumers constitute the majority.

5.4 In contrast, there is little concentration when risk-taking and picky consumers (RP ) dominate the market. We
can call them "impatient consumers," driven by a passion for new things and a dislike for the familiar. Fur-
thermore, they are inclined to provide negative reviews of products, which will discourage repeat purchases.
Products with high sales volume may easily attract risk-taking consumers, however, the picky character of these
consumers brings in more negative reviews, so it is hard for these sellers to retain their initial advantages. Simi-
lar mechanisms exist for the conservative and picky (CP ) consumer market, where continuous negative reviews
make it difficult to achieve market concentration.

5.5 Finally, risk-taking and tolerant (RT ) consumer markets generally experience low concentration and volatility.
While forgiving consumers usually leave favorable reviews about sellers, their tendency to constantly seek out
new products makes it difficult for sellers to build up an advantage. Remarkable market concentration can only
appear at a lowered t threshold (e.g., 0.6).

5.6 Simulation Experiment 1 also examines the influence of the weight of word-of-mouth relative to sales (Wm)
on the above mechanisms. Overall, the more consumers value sales over word-of-mouth, the more likely the
market will become concentrated. Interestingly, when only word-of-mouth is considered, concentration occurs
solely in the CT market. The underlying mechanism is that consumers consistently select products they have
previously purchased and provide positive reviews, thereby facilitating the initial popular product to accumu-
late a reputation advantage. In other types of markets, either consumers’ nature of risk preferences reduces
product loyalty, or their tendency to give negative reviews damages the product’s word-of-mouth, making it
difficult for any product to dominate.

5.7 The results from single-type markets and their underlying mechanisms help us understand market dynamics
under more complex conditions. Simulation Experiment 2 confirms a general rule in the model: a higher preva-
lence of negative online ratings correlates with lower market concentration. When negative ratings dominate,
concentration ratios decrease. Conversely, when negative ratings are less prevalent, concentration ratios in-
crease. This feedback effect is attributed to positive ratings giving high-selling sellers an advantage, creating a
virtuous cycle, while negative ratings create a vicious cycle by diminishing sellers’ advantages.

5.8 While exploring single-type or two-type consumer markets may be thought-provoking, the reality of e-retail
markets is far more intricate and encompasses multiple types of consumers. Simulation Experiment 3 on mar-
kets with different consumer types indicates that counterbalancing mechanisms are complex and interdepen-
dent and that the resulting market concentration ratio depends on the impact of each factor. When factors in
favor of market concentration, such as consumer tolerance, become dominant, a highly concentrated market
structure is likely to emerge. On the other hand, if factors that discourage market concentration, such as pick-
iness, take reigns, the result will be a low-concentration market. Agent-based modeling (ABM) proves a useful
tool in untangling the effects of each mechanism in this complex system by offering valuable insights into un-
derstanding the dynamics of complicated societies and economic structures.

Assumption of product uniformity

5.9 The assumption of product uniformity in our model is not intended to disregard the importance of price or qual-
ity, but rather to control for supply-side variables in order to isolate the effect of consumer behavior, particularly
social interactions, on market concentration. In digital retail environments, consumers are exposed to a multi-
tude of information sources, and price or quality is often just one among many influencing factors. In fact, due
to the ease of comparing similar products online, price and quality may not always be the most salient criteria in
decision-making. While it seems intuitive that market concentration would result from all consumers choosing
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the lowest-priced or highest-quality products, this does not fully reflect reality. Consumers are influenced by
social dynamics, such as word-of-mouth in our model, which affects their choices in ways that go beyond pure
economic rationality. The assumption of product homogeneity in our model allows for a controlled focus on un-
derstanding how consumer behavior, rather than product differentiation, contributes to market concentration
and avoids any objective differences between the products.

5.10 This assumption also serves to simplify the model and to maintain a clear analytical focus on demand-side
mechanisms. Introducing quality heterogeneity at this stage would introduce supply-demand interactions that
could obscure the causal processes we aim to uncover. That said, we believe our core results are unlikely to be
weakened by the introduction of product differentiation. On the contrary, the presence of quality variation may
in fact reinforce our findings. As suggested by (Van de Rijt 2019), following the "gold will shine" principle, high-
quality products may initially be overlooked due to social influence dynamics but are likely to gain prominence
over time and ultimately dominate market share. This relies on an implicit assumption that higher product
quality leads to better word-of-mouth, which in turn facilitates greater market share—an effect consistent with
the mechanisms observed in Experiment 2.

Empirical implications

5.11 This paper categorizes consumers along two dimensions: conservative/risk-taking and picky/tolerant. Although
this is a theoretical simplification, it holds some practical significance.

• CT Type: Consumers with stable shopping habits who are satisfied with existing products or unwilling
to expend effort searching for new ones. This group includes some elderly individuals and high-income
earners, who usually do not spend too much time shopping (Punj 2013; Weiss 2003).

• CP Type: Consumers dissatisfied with existing products but unwilling or unable to change their choices
for various reasons. This type of consumer has been empirically demonstrated to exist, as evidenced by
the continued use of e-commerce platforms despite the experience of disappointing services due to the
existence of switching barriers (Widyastuti et al. 2024).

• RT Type: Curious consumers who enjoy trying new things and are easily satisfied. This category is similar
to the “fickle consumer” who is seeking alternatives despite being satisfied (Ok 2023). Another empirical
study finds that half of the “satisfied” customers are predisposed to switching service suppliers (Mittal &
Lassar 1998).

• RP Type: Consumers with high-quality demands who find it difficult to be satisfied and continually
search the market. This group includes enthusiasts of professional products, such as electronics and
sports equipment, who are able to distinguish subtle differences between products (Cheng et al. 2021).

5.12 A key assumption in this study is that consumers compare different products based on two primary indicators:
sales volume and reviews. The varying weights assigned to these two indicators contribute to market dynam-
ics and, along with the diverse consumer types, shape the overall market structure. This assumption kind of
accurately reflects the characteristics of online shopping. A significant challenge of online shopping is that con-
sumers are unable to examine products up close as they would in a physical store. Consequently, they must
rely on alternative means for making purchasing decisions. These alternatives include the seller’s online pre-
sentation, product descriptions, and advertisements. However, due to information asymmetry and incentive
compatibility issues, the reliability of such information is often questionable. In this context, the sales volume
and review information recorded by e-commerce platforms may become the primary objective indicators for
consumers to assess product quality because they can learn from other consumers. An interesting point is that
the varying importance of these two indicators can lead to complex consumer interaction mechanisms online.

5.13 The above discussion highlights the practical relevance of the primary assumptions in this study. Next, we will
discuss how some of the main findings of the simulation model relate to reality. It must be acknowledged that
the absence of comprehensive data precludes the possibility of conducting a rigorous empirical validation of
the aforementioned discussion. Instead, the discussion offers some preliminary observations. As e-commerce
continues to develop, there is a general trend towards increasing market concentration in online retail. How-
ever, the degree of concentration varies across different product categories. For instance, the market concentra-
tion for consumer electronics (e.g., printer, CR1 = 22% on JD.com) is generally higher than that for food (e.g.,
casual snacks, CR1 = 7% on JD.com) 2. This phenomenon lends support to the concentration mechanisms
discussed in this study. In comparison to casual food, printers are more standardized in terms of craftsman-
ship and quality, leading to higher approval rates. According to the mechanisms revealed in this study, positive
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reviews promote market concentration while negative reviews inhibit it. Therefore, higher approval rates help
electronics gain cumulative advantages, resulting in higher market concentration.

5.14 One of the mechanisms identified in this study is the positive feedback relationship between sales and positive
reviews, which promotes market concentration. Conversely, there is a negative feedback mechanism between
sales and negative reviews, often leading to fluctuations in market share and hindering concentration. This
negative feedback mechanism might help explain the common phenomenon of the rapid rise and fall of "In-
ternet celebrities" (Ding et al. 2020), even though this is not strictly related to online shopping. The sudden
popularity of certain online personalities can be understood as an accumulation advantage in sales, similar to
a snowball effect—the larger the snowball, the more snow it gathers. However, this accumulation advantage
can contain self-destructive elements. As the audience grows, negative reviews increase correspondingly, and
the risk-taking nature of Internet celebrity followers, who are constantly looking for new alternatives, can make
Internet celebrities go out of fashion particularly quickly.

Limitations and future work

5.15 This study focuses on the e-commerce market, which offers a distinctive context for exploring social influence
and word-of-mouth dynamics due to the high visibility of peer reviews and the rapid dissemination of infor-
mation on digital platforms. However, when extending the model’s insights to broader market contexts, such
as offline markets, additional factors and mechanisms must be considered. Offline consumer behavior is in-
fluenced by physical proximity, local social networks, and direct interactions with sales personnel, which may
shape decision-making differently from online environments. Moreover, in offline markets, spatial constraints
and geographical accessibility play a crucial role in consumer choices, potentially limiting the reach of dom-
inant firms and moderating market concentration trends. Future research could extend our approach by in-
corporating these offline-specific factors into the modeling framework. Although our current model does not
explicitly account for these offline-specific mechanisms, it provides a foundation that can be extended. Future
work could adapt the framework to incorporate spatial and social structures characteristic of offline settings,
enabling a more comprehensive understanding of consumer behavior across diverse market environments.

5.16 As online platform algorithms increasingly influence the network landscape, we acknowledge that interpreting
these algorithms solely as mechanisms for generating sales and review metrics may soon prove insufficient. To-
day, across the pre-purchase, purchase, and post-purchase stages, platform algorithms act in a more “aggres-
sive” manner. Their product recommendations, based on detailed consumer profiles, can be highly targeted
and, in many cases, alter consumers’ original decision-making processes (Gawer 2011). However, incorporat-
ing these complex algorithmic influences poses two challenges: first, these factors are extremely complex, and
it isn’t easy to specify their overall impact clearly; second, incorporating these additional dynamics would ob-
scure the primary objectives of our study. Therefore, our findings should be interpreted with this limitation in
mind, and future research is needed to integrate a more nuanced examination of algorithm-mediated consumer
interactions.

Conclusion

6.1 In conclusion, this study examines theoretically the impact of different types of consumers on market struc-
ture. Our model assumes that while some consumers prefer to buy previously used products over new ones or
give bad reviews, others do the opposite. It is investigated how heterogeneity of consumers’ micro-behavioral
patterns affects the macro-level outcome of market concentration.

6.2 This research highlights the significant influence of consumer factors on market concentration, complement-
ing traditional market structure theory. It also encourages industrial policy-makers to consider the impact of
consumers on market concentration in the future. We recognize that this study is a preliminary theoretical
assessment, and its findings require empirical validation. Moreover, the categorization of consumer types in
this investigation is provisional and requires further refinement. Building on the knowledge obtained from this
study, there are numerous promising research directions for the future. ABM facilitates the understanding of
complex market dynamics by examining how market concentration emerges from interactions of heteroge-
neous consumers, specifically through mechanisms such as word-of-mouth and sales. In ABM, agent behaviors
and interactions are often simplified representations of reality. This simplification is a deliberate strategy to
enable a focused examination of specific mechanisms. For instance, our model includes perfect control over
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seller similarity and features an extreme market scenario with only a single consumer type for theoretical explo-
ration. A notable strength of ABM is its capacity to systematically experiment with and relax these assumptions,
thereby allowing the analysis of more complex markets by introducing distributions of consumer types.

6.3 However, increased realism does not always equate to better outcomes, as it can render a model less transpar-
ent, more difficult to understand, and more prone to errors (e.g., the necessity to estimate more parameters
when applying the model empirically, which exceeds the scope of this study). Despite this, we hope that our
model’s results will inspire new empirical research on market concentration. For example, validating the pre-
sented findings empirically could be a promising direction for substantiating the theoretical basis of consumer-
oriented market concentration.

6.4 Achieving this would require large-scale data analysis as well as case studies centered around real-life e-commerce
markets to more comprehensively scrutinize the correlation between consumer conduct, assessments, and
market concentration. Consumer surveys can also be used to understand the consumption behavior charac-
teristics of different groups, or behavioral experiments can be employed to simulate the formation of market
structures.
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Model Documentation

The model was implemented with NetLogo 6.0.4. The full code and model are openly available on the CoMSES
Computational Model Library at: https://www.comses.net/codebase-release/6947ba9b-aad6-4a9a-b
91b-12e19bc6fa24/.

Appendix 1: Agent-Based Model Applying the ODD Protocol

Overview of the model

Purpose

The purpose of the model is to investigate the underlying factors contributing to the high concentration ob-
served in China’s e-retail markets, with a specific focus on consumer heterogeneity. While previous research
has identified various structural and behavioral determinants of market concentration, the potential influence
of consumer types has remained underexplored. This study addresses this gap by examining how distinct con-
sumer behaviors—namely, risk-taking and pickiness tendencies—affect market dynamics and concentration
levels. By integrating these behavioral dimensions with the dynamics of sales and WoM feedback, the simula-
tion seeks to generate insights that not only advance theoretical understanding but also offer practical implica-
tions for e-retailers and regulatory administrators. Specifically, we carry out simulation experiments to analyze
different scenarios that are designed by different target mechanisms. In the first scenario, "pure" markets are
examined, each of which contains a single extreme type of consumer. The second scenario focuses on vari-
ous distributions of each dimension and analyzes how they influence market concentration. Finally, the third
scenario investigates the evolution of market concentration in the presence of mixed consumer types.

JASSS, 28(4) 3, 2025 http://jasss.soc.surrey.ac.uk/28/4/3.html Doi: 10.18564/jasss.5699

https://www.comses.net/codebase-release/6947ba9b-aad6-4a9a-b91b-12e19bc6fa24/
https://www.comses.net/codebase-release/6947ba9b-aad6-4a9a-b91b-12e19bc6fa24/


Entities, state variables and scales

There are two types of entities in the model, consumers and sellers. Below, we introduce their characteristics,
state variables, and scales. Additional parameter settings used in the model are summarized in Table 1, which
shows the main parameters, their definitions, value ranges, and dynamic states regarding their roles within the
model.
Consumers.
Population and spatial Distribution: The model comprises Nc consumers. Nc is a model parameter to be
adjusted by the modeler. Consumers are placed on a two-dimensional continuous space by independently
drawing an x and y coordinate from a uniform random distribution. Each consumer is assigned to a coordinate
provided that the location is unoccupied.
State variables: Consumers are characterized by a set of state variables that define their behavior: risk-taking
propensity during purchases, which reflects their willingness to buy new products when buying products, and
pickiness during online commenting, which indicates their tendency to be critical or positive when leaving re-
views. These two variables collectively define consumer types. Additionally, consumers exhibit limited atten-
tion, which measures the extent of their online search or exploration before making a purchase decision.

• Risk-taking tendency (Ri). a) A continuous variable defined in the interval [0, 1]. b) Ri = 0 indicates a
fully conservative consumer who buys only familiar products, while Ri = 1 represents a fully risk-taking
consumer who buys only new products. Intermediate values represent varying degrees of risk-taking
behavior. c) Ri is initialized using a Beta distribution Ri ∼ Beta(α, β).

• Pickiness tendency (Pi). a) A continuous variable defined in the interval [0, 1]. b) Pi = 0 represents a
highly tolerant consumer who gives positive reviews, while Pi = 1 denotes a highly picky consumer who
gives negative reviews. Intermediate values reflect different levels of pickiness. c) Pi is initialized using a
Beta distribution Pi ∼ Beta(α, β).

• Consumer type classification. Extreme consumer types are defined by the combinations of the bound-
ary values: a) CT-type: Ri = 0 and Pi = 0 (conservative and tolerant), b) RT-type: Ri = 1 and Pi = 0
(risk-taking and tolerant), c) CP-type: Ri = 0 and Pi = 1 (conservative and picky), d) RP-type: Ri = 1
and Pi = 1 (risk-taking and picky).
For a broader representation of consumer behaviors, the initial values of Ri and Pi are generated from
a Beta distribution, x ∼ Beta(α, β). This approach allows for various distribution shapes: a) Symmetric
when α = β, b) Left-skewed when α > β, c) Right-skewed when α < β.

• Limited attention (m): A discrete parameter quantifying the consumer’s ability to search for sellers/products.
It ranges from 1 to Ns (the total number of sellers), where m = 1 implies that a consumer can search
only one seller/product and when m = Ns indicates that a consumer can review all available products.
This parameter encapsulates bounded rationality and incomplete information processing in consumer
decision-making.

Sellers.
Population and spatial distribution: The market consists of Ns sellers, each located within the same two-
dimensional space as the consumers.
State variables: a) Product Homogeneity. All sellers produce identical products. The differentiation among
sellers arises solely from consumer-based evaluations. b) Sales. Sales are defined as the frequency with which
consumers purchase products from a seller during a given time period. This variable is normalized to the inter-
val [0, 1] to facilitate comparisons and to capture the normative influence of widespread product adoption. c)
Word-of-Mouth (WoM ). WoM aggregates the subjective evaluations provided by consumers who have pur-
chased from a seller. Given that picky consumers tend to assign lower ratings and tolerant consumers higher
ratings, the WoM serves as an informative metric reflecting both positive and negative consumer feedback.
Like sales, WoM is normalized to the interval [0, 1]. Importantly, information regarding a seller’s WoM and
sales is only accessible to consumers who can search for it (as determined by their limited attention m).
Scales.
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Spatial scale. Consumers and sellers are embedded in a shared two-dimensional continuous space, with lo-
cations assigned via uniformly distributed coordinates to ensure random spatial distribution. Sellers remain
stationary after initialization, while consumers are mobile. Following a purchase, consumers move closer to
the seller they bought from. The specific movement rules (e.g., distance, speed, proximity) are detailed in the
submodels section.
Temporal scale. The simulation advances in discrete time steps. At each time step, interactions between con-
sumers and sellers occur, and state variables (e.g., sales and WoM ) are updated according to the model dy-
namics.

Parameter Description Values Dynamics

Nc Number of consumers Integer (model-defined) No
Ns Number of sellers Integer (model-defined) No
Ri Risk-taking tendency [0, 1] No
Pi Pickiness tendency [0, 1] No
m Limited attention Integer from 1 to Ns No
S Seller’s sales volume Normalized to [0, 1] Yes

WoM Seller’s word-of-mouth Normalized to [0, 1] Yes
Wm Weight of theWoM in defining the

product attractiveness
[0, 1] No

A Product attractiveness Yes
Abf Attraction level of the best-found

product at the current step
[0, 1] Yes

Alp Attraction level of the last-
purchased product in the last step

[0, 1] Yes

d The difference in attraction be-
tween Abf and Abf

[-1, 1] Yes

t Threshold of tolerance for attrac-
tiveness differences

[0, 1] No

α and β Shape parameters for the Beta dis-
tribution used to generate Ri and
Pi

α, β ≥ 0 No

Table 1: Parameters used in the model.

Process overview and scheduling

The consumer purchasing process in the model unfolds over discrete time steps, with each cycle representing
one complete round of interaction between consumers and sellers. The purchasing process consists of three
sequential stages: Search, Consumption, and Evaluation, mirroring the typical phases of online shopping iden-
tified in previous research. A flowchart summarizing these processes is provided in Figure 3 in the main text.
Search stage. The stage represents the initial phase of the consumer purchasing process, where consumers
gather information about sellers and products to identify potential purchase options. This stage is influenced
by consumers’ limited attention and their historical purchase data. Specifically, at the start of each time step,
consumers enter the market with asymmetric information. Initially lacking any purchase history, they conduct
random searches for sellers and products. Consumers are motivated to explore the market to obtain informa-
tion on product attributes, including sales and aggregated consumer feedback. However, their exploration is
limited by a fixed attention span, quantified by the parameterm. This parameter restricts each consumer to con-
sider at most m sellers during the search phase, reflecting the bounded rationality and information-processing
constraints observed in real online shopping behaviors. As the simulation advances over multiple time steps,
consumers accumulate a record of past purchases, which in turn informs subsequent search behavior.
Consumption stage. Consumers decide which product to purchase, the last-purchased product or the new
product, based on the information gathered during the search stage. Firstly, consumers identify the best-found
product (highest attractiveness) among the m sellers they evaluated. Secondly, they compare the best-found
product with their last-purchased product (historical choice) using the following rules: Conservative consumers
(with lower Ri) prefer to stick with their last-purchased product unless the best-found product offers a signifi-
cant advantage; Risk-taking consumers (with higher Ri) prefer to switch to the best-found product unless the
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last-purchased product is significantly better. Lastly, after the comparison, consumers make their purchase
decisions and update their purchase history (last-purchased product).
Evaluation stage. Consumers provide feedback on the purchased product, influencing the seller’sWoM . Con-
sumers evaluate the purchased product based on their pickiness tendency (Pi): With probability Pi, the con-
sumer leaves a negative rating, decreasing the product’s rating by 1; With probability 1 − Pi, the consumer
leaves a positive rating, increasing the product’s rating by 1 (see Equation 3). This feedback mechanism cap-
tures the dual influence of consumer evaluation, where the collective ratings, in conjunction with sales, shape
the attractiveness of each seller in subsequent time steps.
Scheduling and model iteration. Each full cycle of Search-Consumption-Evaluation constitutes one time step.
At the end of each time step, the model updates the market environment. a) Market updates. Sellers’ sales and
WoM are updated based on the latest purchases and feedback. The market calculates sales rankings and
concentration levels (e.g., market share distribution). b) Consumer updates. Consumers update their purchase
history (last-purchased product). c) Seller updates. Sellers receive new consumer feedback and update their
sales and WoM . With these updates, the system transitions seamlessly into the next time step, and the entire
process repeats.

Design concepts

This section outlines the key theoretical and conceptual foundations of the model that capture the micro-to-
macro linkages in online retail markets, including emergent phenomena, agent adaptation, decision-making
processes, and other design principles. The following points outline the underlying ideas and mechanisms.
Basic principles. The model simulates a market where consumer heterogeneity, specifically in terms of risk-
taking and pickiness, drives market dynamics. Sellers are assumed to be homogeneous in terms of the products
they offer, with differentiation arising solely from consumer-generated feedback (sales and word-of-mouth rat-
ings). This design isolates the effect of consumer behavior on market concentration, emphasizing the role of
individual decision-making processes in shaping aggregate outcomes. The model is grounded in theories of
bounded rationality and consumer behavior, particularly in the context of online shopping.
Emergence. Macro-level phenomena, mainly market concentration and dynamics, emerge from the repeated
interactions of individual consumers with sellers. The aggregation of purchase decisions, influenced by con-
sumers’ risk-taking and pickiness traits, leads to evolving sales and word-of-mouth scores. For example, some
sellers may dominate the market due to higher sales and better WoM (Market Concentration), and positive or
negative feedback from consumers can amplify or diminish a seller’s reputation over time (Feedback Loops).
These emergent market patterns reflect the cumulative effect of local decisions and feedback loops, demon-
strating how micro-level behaviors can lead to unexpected macro-level properties.
Adaptation. Consumers adapt their purchasing decisions over time based on their past experiences. With each
time step, they update their purchase history (last-purchase), which then informs the comparison with newly
discovered options (best-found). This adaptive behavior is modulated by each consumer’s risk-taking tendency.
Conservative consumers tend to adhere to their established purchase patterns unless presented with a signif-
icantly superior option, whereas risk-taking consumers are more inclined to switch to new products. Simul-
taneously, sellers’ WoM and sales are updated dynamically based on consumer feedback, influencing their
market position. This adaptive decision-making process enables the model to capture the dynamic evolution
of consumer preferences and market structure.
Objectives. The primary objective for consumers is to maximize their satisfaction by selecting products that
best meet their preferences, as indicated by the attractiveness of products (a function of sales and word-of-
mouth). For sellers, while there is no explicit decision-making process, their performance (as measured by
sales and WoM ) serves as a proxy for market success.
Learning. Although the model does not incorporate an explicit learning algorithm, consumers indirectly "learn"
from their purchase history. Their evolving last-purchase record reflects accumulated market experience, guid-
ing future choices in a manner consistent with bounded rationality. Over time, this historical record influences
their search and consumption decisions, thereby mimicking a form of experiential learning.
Interaction. Interactions in the model occur indirectly through market signals rather than direct communica-
tion among consumers. Two primary forms of interaction are represented. The first is consumer−seller inter-
action: a) Consumer evaluations (through WoM ) and seller performance (through sales) serve as the conduits
of interaction. b) Sellers’ WoM and sales are influenced by consumer behavior, creating a feedback loop. The
second is consumer− consumer interaction: Consumers interact indirectly through WoM , as their collective

JASSS, 28(4) 3, 2025 http://jasss.soc.surrey.ac.uk/28/4/3.html Doi: 10.18564/jasss.5699



feedback influences the ratings and attractiveness of sellers’ products. Such indirect interaction framework al-
lows the model to capture the influence of social feedback mechanisms, such as the spread of word-of-mouth,
on market dynamics without modeling explicit social networks.
Stochasticity. Several elements of the model are stochastic. The spatial distribution of consumers is deter-
mined by random draws from a uniform distribution. And they randomly selectm sellers to evaluate during the
initial search stage, introducing variability in their decision-making process. Additionally, the initial distribu-
tions of the risk-taking and pickiness tendencies are generated using a Beta distribution, allowing for varied and
probabilistic representations of consumer preferences. The evaluation stage introduces further stochasticity,
as each consumer leaves a negative rating with probability Pi and a positive rating with probability 1− Pi.
Observation. The aggregated effects of individual actions, such as cumulative sales and word-of-mouth, form
the basis for the emergent market structure. Sellers are ranked based on these collective measures, and over-
all market concentration is observed as a macro-level outcome. Although individual consumer decisions are
made in isolation, collective behavior is observable through market-level indicators, enabling the assessment
of phenomena like market concentration and dynamics. Specifically, the model tracks and outputs the follow-
ing metrics: a) Sales Concentration: The distribution of sales across sellers. b) WoM Dynamics: Changes in
sellers’ aggregated ratings over time. c) Market Evolution: Changes in market structure and seller rankings over
time.

Details

Initialization

The simulation market is initialized with a predefined number of consumers and sellers, each assigned specific
behavioral traits and constraints. The key initialization parameters are as follows.
Population setup. a) The market consists of 300 consumers and 30 sellers, randomly distributed in space. b)
Consumers enter the market with no prior purchase history, requiring them to engage in random searches in
the initial steps.
Consumer attention (m). a) Each consumer has a limited attention span and can only remember up to three
sellers per transaction (m = 3). b) This constraint reflects bounded rationality in online shopping, as consumers
cannot evaluate all available options but must instead rely on a limited consideration set.
Consumer traits (Ri andPi). a) The behavioral tendencies of consumers, including their risk-taking propensity
(Ri) and pickiness (Pi), are initialized using Beta-distributed random values. b) The specific parameter settings
for these distributions are given in Table 2. c) The distribution type determines whether most consumers ex-
hibit risk-taking (left-skewed), symmetric unimodal distribution (centered around 0.5), or less risk-taking (right-
skewed) behaviors.

Parameter Setting α β

Left-skewed 10 1
Unimodal distribution centered 0.5 10 10
Right-skewed 1 10

Table 2: Beta distribution parameter settings for two dimensions of consumer type.

Market experimentation and replication. a) Each simulation experiment consists of 20 repetitions, and re-
sults are averaged across repetitions to ensure statistical reliability. b) One full trade cycle (including search,
consumption, and evaluation) constitutes a single time step, with the market iterating over multiple time steps.
Seller initialization. a) All sellers start with neutral ratings and zero initial sales, ensuring that early market
dynamics emerge from consumer decisions rather than preset seller advantages. b) The attractiveness of sellers
evolves based on consumer evaluations and cumulative sales performance over time.

Input data

The model does not use input data to represent time-varying processes.
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Submodels

Consumer traits. The heterogeneity of consumer behavior in the artificial market is captured through two key
traits: risk-taking (Ri) and pickiness (Pi). These traits are initialized using Beta distributions (as shown in Equa-
tion 1), which allow for flexible modeling of diverse behavioral tendencies among consumers, parameterized
as Ri ∼ Beta(α1, β1) and Pi ∼ Beta(α2, β2).
The implementation in the model follows three steps: a) At the start of the simulation, each consumer is as-
signed a unique Ri and Pi value drawn from the appropriate Beta distribution. b) These traits remain constant
for each consumer throughout the simulation, ensuring persistent behavioral differences in decision-making
and feedback tendencies. c) The selected parameter values allow for experimentation with different market
conditions, where populations may be predominantly, e.g., risk-averse, risk-neutral, or risk-seeking.
Normalization function. This submodel describes how Word-of-Mouth (WoM ) and Sales are normalized to
the range [0, 1] to ensure comparability across sellers. The normalization of WoM is calculated using the for-
mula in Equation 4. The same normalization process is applied to Sales according to Equation 5:

Snorm =

{
0.5 if Salesmax = Salesmin

Sales−Salesmin

Salesmax−Salesmin
otherwise

(5)

Where, Snorm is the normalized sales value between [0, 1]; sales is the total number of units sold by a specific
seller. Salesmax andSalesmin are the highest and lowest sales in the market, respectively. If all sellers have the
same sales (Salesmax = Salesmin), the normalized sales value is set to 0.5 to avoid division by 0. Otherwise,
sales are linearly scaled between 0 and 1, where sellers with higher sales receive a higher normalized score.
Market concentration. To evaluate the structure of the market and detect potential dominance by leading
sellers, a concentration ratio (CR) is used. This metric quantifies the degree of market concentration by aggre-
gating the market shares of the top n sellers in the market. In this model, we employ the concentration ratio of
the largest seller (CR1) as an indicator of market concentration. CR1 specifically captures the proportion of
total market sales controlled by the single largest seller at each time step. The CR1 is computed as follows: a)
Aggregate sales. For each time step, the total sales of all firms are summed to determine the overall market size.
b) Identify the largest seller. Among all firms, the one with the highest sales during the time step is identified.
c) Compute CR1. The market share of the largest seller is calculated by dividing its sales by the total market
sales, as shown in Equation 6:

CR1t =


0 if

N∑
i=1

Salesi,t = 0

Salesmax,t
N∑

i=1
Salesi,t

otherwise (6)

where, Salesmax is the sales of the largest seller at time t;
∑N

i=1 Salesi,t is the total sales of all firms at time t;
CR1t ranges from 0 to 1, with higher values indicating stronger market dominance by a single seller.
Product attraction. The attraction of a product determines consumer preferences and purchasing behavior.
It is computed based on word-of-mouth and sales, both of which are normalized between 0 and 1. The total
attraction of a product is given by Equation 2. The purpose of attraction calculation is to provide a unified
metric for evaluating products, combining both reputation (WoM ) and popularity (Sales), and guide consumer
decision-making in the consumption stage, helping consumers identify the most attractive product.
Consumer movement. After purchasing a product, consumers adjust their position in the market space, mov-
ing closer to the seller from whom they made the purchase. This movement is designed solely for visualization
purposes, to illustrate market concentration more clearly and vividly, but it does not influence any future inter-
actions or decision-making processes.
The movement mechanism follows these rules: a) Facing the seller. Consumers turn to face the seller they pur-
chased from. b) Movement step. Consumers move 1.5 distance units toward the seller after each purchase. If the
consumer is already near the seller, they remain in their current location. c) Location update. The consumer’s
new position is recorded but does not influence their future decisions.
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Appendix 2: Supplementary Experimental Results

To gain a more comprehensive understanding of the interaction between the threshold of attraction difference
tolerance t and the weight of word-of-mouth Wm, and their influence on market dynamics, we conducted an
additional simulation experiment. This experiment employed the same setup as Experiment 3, with the key
distinction that both t and Wm were varied continuously over the interval [0, 1]. The results are presented in
Figure 9. For each parameter combination, the market concentration ratio (CR1) was averaged over 150 time
steps and across 10 independent simulation runs.

Figure 9: Market concentration (CR1) across varying values of Wm and t. The color scale represents the degree
of CR1, with blue indicating the lowest concentration and yellow the highest. Values shown are averaged over
10 simulation runs.

First, Figure 9 reveals substantial market volatility, as evidenced by the irregular and diverse distribution of
color patches in the heatmap. This volatility arises from the inclusion of all consumer types in the simulation,
resulting in complex interactions among heterogeneous agents. As previously discussed in Experiment 3, such
dynamics can lead to significant market fluctuations. Here, with both t and Wm jointly manipulated, these
fluctuations become even more pronounced due to the increased dimensionality of influence factors.
Second, despite the high level of volatility, certain regularities emerge. Overall, higher levels of market con-
centration (indicated by the prevalence of yellow areas) tend to occur when t is relatively low, regardless of the
value of Wm. Conversely, lower concentration ratios (represented by dark blue areas) are primarily observed
when t > 0.8. Moreover, the market concentration appears relatively stable when t approaches its minimum
or maximum values, irrespective of changes in Wm, suggesting that t exerts a stronger influence on market
concentration than Wm under these conditions. In contrast, when t takes on intermediate values, market con-
centration becomes more sensitive to variations in Wm, without exhibiting a clear linear trend.
In summary, this supplementary experiment provides deeper insights into the dynamics of market concentra-
tion under the joint influence of behavioral parameters. The results underscore the complex and nonlinear
nature of market responses when driven by multiple interacting forces.
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Notes

1Source: Jingcanmou E-Commerce Database. Available at https://baijiahao.baidu.com/s?id=17767
20729087545828&wfr=spider&for=pc.

2Source: Jingcanmou E-Commerce Database. Available at https://www.sohu.com/a/741502637_12108
2779 and https://blog.csdn.net/jingcanmou_data/article/details/132859689
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