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ABSTRACT 

A critical design decision for crowdsourcing platforms is the degree to which the platform mediator controls 
participant interactions. Platforms having a centralized model of mediation optimize for convenience, 
speed, and security in participant interactions, while platforms operating under decentralized control require 
greater user effort but offer them greater control and agency. The research described in this paper is a 
preliminary study using agent-based modeling to evaluate and compare the performance of crowd-shipping 
platforms with centralized/decentralized control over matchmaking of carriers and senders. Results indicate 
that centralized matchmaking protects the platform from premature failure when initial carrier/sender 
participation is low. Furthermore, when the platform’s assignment algorithm is designed to maximize 
platform revenue, subject to meeting carriers’ profit expectations, centralized matchmaking will tend to 
outperform decentralized matchmaking for both the mediator and the carriers. 

1 INTRODUCTION & BACKGROUND 

Crowdsourcing is the concept of seeking knowledge, goods, or services from a network of people (i.e., the 
crowd) to accomplish tasks that would otherwise require considerable resources or even be impossible for 
an individual or organization to undertake on their own. Owing to the sharing of the crowd’s underutilized 
capacity in exchange for money, crowdsourcing is also referred to as the “sharing economy”.  Since first 
being defined nearly two decades ago (Howe 2006), crowdsourcing has grown by leaps and bounds (Wazny 
2017), with the number of research publications on crowdsourcing and the sharing economy increasing to 
900 by 2015 (Ghezzi et al. 2018). 

Crowdsourcing relies on online platforms to facilitate user interactions and to collect, process, share, 
and monetize user data. The way in which these platforms operate not only impacts their growth and success 
but also influences people’s lives and societal organization (Dijck et al. 2018). To gain a better 
understanding of how crowdsourcing platforms impact society, much of the research on the sharing 
economy has focused on platform design. Ideally, platform mediators design their platforms to facilitate 
participant interactions in a way that generates value for all stakeholders (Kohler 2015), thereby attracting 
a network of users that grows and sustains itself over time (Wirtz et al. 2019). By contrast, poor design can 
result in low user adoption and retention, leading to early platform failure (Evans and Schmalensee 2010). 
Furthermore, if a platform is designed to pursue economic growth at the expense of stakeholder wellbeing, 
it may generate value for the mediator, but it can have negative consequences for society (Calo and 
Rosenblat 2017). 

One critical design decision for crowdsourcing platforms is the degree to which the platform mediator 
controls participant interactions. On one end of the spectrum, platforms having a centralized model of 
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mediation offer participants full automation with respect to key platform functions, including matchmaking, 
pricing, and payment. These platforms optimize for convenience, speed, and security in participant 
interactions. In return, the mediator acts as an “authoritative presence” that governs participants’ choices 
and interactions, as well as harvesting their data (Sutherland and Jarrahi 2018). Most well-known 
crowdsourcing platforms, including Uber and Airbnb, operate via centralized control. On the other end of 
the spectrum, platforms with a decentralized model of mediation tend to exert minimal control over 
participant exchanges. Participants have greater responsibility for performing platform tasks but maintain 
greater control and agency as a result. Such platforms, which include Freegle and Couchsurfing, leverage 
the resources and innovation of their users and rely on self-organization (Gerber 2021). The degree of 
control retained by the mediator can vary across different aspects of a platform. For example, it could offer 
automated and secure financial transactions (centralized control) but require participants to perform their 
own matchmaking (decentralized control). 

Determining the appropriate degree of platform mediator control over matchmaking is a particularly 
important design decision. Matchmaking involves connecting participants across the platform’s network 
based on what they are looking for and what they can provide. Matching occurs through two methods: 
algorithmic assignment, in which an algorithm assigns participants to one another (centralized control), or 
active searching and sorting, in which participants evaluate and select their peers (decentralized control). 
With algorithmic assignment, matching of supply and demand is optimized according to users’ profile data 
and ratings, as well as real-time data such as participant locations, service requests, and availability 
(Möhlmann et al. 2021). Algorithms may also employ mechanisms like surge pricing to facilitate matching 
by influencing and incentivizing participant interactions (Wirtz et al. 2019). Automated matching is 
convenient for users, allows them to connect with other users in real time, and can benefit society by 
connecting community members according to their interests or needs (Carroll and Bellotti 2015).  However, 
the logic underpinning matching algorithms may be entirely opaque to participants and can therefore 
subvert their autonomy (Möhlmann and Zalmanson 2017) or even run counter to their own interests, thereby 
encouraging some users to circumvent the platform to regain some control (Lee et al. 2015). 

By contrast, with active searching and sorting, users find and evaluate potential matches on their own, 
using information available via the platform, such as profile information and user reviews, or by 
communicating directly with other users. Decentralized control over matchmaking gives participants 
greater control over the process, allowing for greater democratization of the sharing economy (Scholz 2016) 
and enabling participants to efficiently self-organize (Gerber 2021).  Furthermore, by relying on user 
contributions rather than mediator-created algorithms, decentralized platforms can cost less to create and 
maintain, allowing them to charge users lower fees (Frenken 2017). Cost-efficient platforms can also be 
leveraged in the public sector to rapidly expand capacity to serve rare peaks in demand (e.g., during large-
scale events or disasters) with less public investment (Frenken 2017). However, decentralized matchmaking 
requires effort from participants, and the investment of time and energy into establishing relationships and 
trust with other participants can be prohibitive (Lampinen et al. 2015). Research has also shown that relying 
on profile information to inform matchmaking decisions can result in racial and socioeconomic 
discrimination (Schor and Attwood-Charles 2017). Additionally, emergent user self-organization is 
unpredictable and may lead to unexpected and undesirable system behavior (Gerber 2021). 

Most existing research on platform design has focused on well-known platforms that operate via 
centralized mediation (Ntouros et al. 2021). However, centralized platforms do not represent the 
community-oriented aspects of the sharing economy, nor do they accurately embody the concept of bottom-
up organizing, since the platform manages user interactions (Gerber 2021). There is a need for research that 
takes a broader human-centered view of optimization in the sharing economy (Dillahunt et al. 2017), and 
decentralized mediation may offer a better path forward in this regard (Light and Miskelly 2015). Thus, the 
design of decentralized platforms is a promising area for future research (Sutherland and Jarrahi 2018). 

The research described in this paper is a preliminary study to evaluate and compare the performance of 
crowdsourcing platforms with centralized/decentralized control over matchmaking. Agent-based modeling 
is used to simulate the behavior of an artificial crowd-shipping platform with different levels of mediator 
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control over matchmaking. Crowd-shipping (also referred to as “crowd logistics”) is the outsourcing of 
transportation and delivery of parcels or freight to occasional carriers drawn from a crowd of public and 
private travelers.  Crowd-shipping services are coordinated by a platform that connects participants in a 
two-sided market: “senders”, who want to ship items, and “carriers”, who are willing to complete the 
delivery in exchange for money (Punel and Stathopoulos 2017). By leveraging the crowd’s excess resource 
capacity, senders gain temporary access to asset (i.e., vehicle) ownership benefits at a reduced cost and 
receive service that can be faster, more efficient, and more reliable than conventional delivery and courier 
companies (Castillo et al. 2018). Despite its many potential benefits, however, most crowd-shipping 
initiatives fail to attract a critical mass of participants to provide reliable and convenient service (Rougès 
and Montreuil 2014). 

The most commonly used method for designing matchmaking logic in crowd-shipping platforms is 
optimization via mathematical modeling. Most models assume only the mediator’s point of view, with an 
objective(s) of minimizing total distance traveled, maximizing service levels, and/or increasing load 
utilization (Cleophas et al. 2019). For example, Le et al. (2021) used linear programming to evaluate how 
different pricing schemes impact optimal routing and matching of senders and carriers. Nieto-Isaza et al. 
(2022) used Bender’s decomposition algorithm to solve a two-stage stochastic transportation network 
design problem for a crowd-sourced last mile delivery system where the first stage of the decision was to 
locate mini-depots which allowed flexibility in matching demand to supply and the second stage allocated 
crowd carriers to specify delivery requests. A few models capture users’ requirements as well, such as 
ensuring a fair allocation of workload across all carriers (Chen et al. 2014) and allowing carriers to reject 
assignments that do not meet their criteria (Gdowska et al. 2018). 

By contrast, agent-based modeling (ABM) is well-suited to modeling the heterogeneous preferences 
and decisions of autonomous senders and carriers, as well as their interactions.  For example, Devari et al. 
(2017) used ABM to design a crowd-shipping system in which the carrier-sender network is derived from 
participants’ social networks. Westelaken and Zhang (2018) developed an ABM of a crowd-shipping 
platform to study how variables such as detour distance, carriers’ degree of flexibility, and the amount that 
carriers are paid for deliveries impact their decisions to participate in the platform.  Chen and Chankov 
(2017) created an ABM to determine how carriers’ flexibility in accepting delivery requests affects platform 
service levels. Mittal et al. (2021) used ABM to study the impacts of different levels of initial sender/carrier 
participation on a crowd-shipping platform’s performance over time.  However, none of these models has 
been used to study the effects of different levels of platform control over matchmaking. 

In the following sections, the crowd-shipping ABM is described in detail, and a set of experiments to 
test the impact of different degrees of platform mediator control over matchmaking is proposed. The results 
of these experiments are presented, and the implications of these results for platform design are discussed. 

2 MODEL DESCRIPTION 

The ABM has been developed using NetLogo 6.2.2 and is described using Overview, Design Concepts and 
Details (ODD) protocol (Grimm et al. 2010). 

2.1 Purpose 

This research describes an abstract agent-based model that is used to simulate a crowd-shipping network 
and understand the performance of the platform over time, given different levels of platform control over 
matchmaking and different assumptions about initial carrier and sender participation. Platform performance 
is captured with respect to its ability to survive initial launch, the number of senders and carriers 
participating in the platform over time, cumulative platform revenue, average carrier profit per delivery, 
and average sender savings per delivery. 
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2.2 Entities, State Variables and Scales 

Senders, carriers, and destinations are the three agent types. There are 250 potential senders and 250 
potential carriers, and it is assumed that agents are either one or the other and are not allowed to switch 
roles. Each time-step (tick) represents one day. There are a total of eight randomly-located delivery 
destinations whose location changes with every simulation run.  Each day, senders randomly select 1-2 
destinations and submit delivery requests to the platform.  
 Attributes of sender and carrier agents include: 

• Participation status of an agent on a given day. 
• List of number of delivery requests fulfilled (senders) or number of deliveries completed 

(carriers) in each tick. 
• Length of the list of IDs of agents who are “friends”; distributed N ~ (7,2). 
• Number of days after which a sender or a carrier agent evaluates its participation decision; 

distributed N ~ (5,2). 
• Average number of matches per day needed for the agent to continue participation or to join 

platform (assumed to be one match per day). 
 Sender-specific attributes include: 

• Number of pickup requests per day; distributed U ~ (1,2). 
• List of carrier IDs who matched with them in a given day. 
• Value of time spent on delivering a package (assumed to be 17% of the trip cost). 

 Carrier-specific attributes include: 
• Home location coordinates. 
• List of sender IDs that matched with the carrier in a given day. 
• List of destinations visited by the carrier in a given day. 
• List of distance traveled for each trip in the current day. 
• Limit on number of trips that a carrier is willing to complete each day. 
• Minimum required profit per day, as per the distribution described by Le et al. (2019). 
• Limit on the distance a carrier is willing to travel on a single trip (Le et al. (2019)). 

2.3 Process Overview and Scheduling 

At the beginning of each tick, agents whose evaluation periods have ended will evaluate their current 
platform participation. Agents that are currently participating will choose to discontinue if they have been 
unable to find a at least one successful match per day on average over the evaluation period. Similarly, an 
agent that is not currently participating would decide to join the platform if its friends have been able to 
find one match on average. Senders then submit their delivery requests (i.e., destinations) for the day to the 
platform, and carriers either select the requests they wish to fulfill, according to their level of profitability 
(decentralized control), or they are assigned to requests by the platform (centralized control). The carriers 
complete their chosen/assigned deliveries, and all participants update their participation history (i.e., the 
number of successful matches they experienced). 

2.4 Design Concepts 

2.4.1 Basic Principles 

A carrier will match with a sender if the delivery request does not exceed the carrier’s distance tolerance 
and the sender’s proposed payment amount meets the carrier’s minimum expectations for profit. These 
values were determined according to empirical research done by Le et al. (2019), who reported 65% of 
people are willing to travel at most 10 miles to deliver a package and the remaining 35% have a distance 
tolerance ranging from 20 miles to 50 miles. 
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2.4.2 Emergence 

The number of participants and the platform revenue may increase or decrease as time progresses and this 
depends on the interaction of the agents and the satisfaction levels of the agents as determined by their 
decision-making criteria. Carriers who are not participating are motivated to join if they see that enough 
senders who they can match with are on the platform and vice versa. This phenomenon is related to network 
effects and is closely related to having a critical mass of participants in the initial days of the platform so 
that it sustains and grows in the future (Gruenbaum 2015). Hence the platform performance metrics being 
considered in this research are all emergent properties because they are dependent on multiple interrelated 
causal relationships. 

2.4.3 Adaptation 

Participating senders and carriers keep track of their number of successful matches each day, and if they 
notice that they are not able to find enough matches, they leave the platform. 

2.4.4 Objectives 

Senders try to save time and money by outsourcing the task of delivering packages to potential carriers who 
try to make a profit by delivering packages on the sender’s behalf. If senders make the delivery by themself, 
then their distance traveled is twice the distance from sender location to the destination. If a carrier makes 
a delivery for a sender, the distance traveled by the carrier is equal to the sum of the distance from its current 
location to the sender’s location and the distance from the sender’s location to the destination. Senders and 
carriers both consider the basic cost of delivery to be a dollar for each unit distance traveled. Senders 
consider their total cost of a trip to be the sum of the basic travel cost and their value of time which is 17% 
of the basic travel cost. However, carriers each have a minimum pre-determined profit per trip as described 
by (Le et al. 2019) and this cost is added to their basic travel cost. The platform charges 5% of a carrier’s 
trip cost as its revenue. The sum of platform’s revenue and the carrier’s trip cost is the delivery cost. The 
delivery cost is compared with a sender’s trip cost, and if the delivery cost is less than or equal to the 
sender’s cost, the sender and carrier are matched.  Platform mediators try to increase platform revenue by 
helping carriers find matches. 

2.4.5 Interaction 

Participating agents interact with potential participants of their own type by sharing information about the 
number of matches they were able to find in the current day. If potential participants observe that the 
participating agents in their social network have been able to find one match on average, they decide to join 
the platform. 

2.4.6 Stochasticity 

Destinations are randomly positioned at the start of each simulation run.  For the senders, number of pickup 
requests can either be 1 or 2 and this value is uniformly distributed. The carriers have a different distance 
tolerance and profit expectation based on a distribution discussed by Le et al. (2019), however, their daily 
trip limit is normally distributed. Number of friends and the evaluation period is normally distributed for 
both the carriers and senders. 
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2.4.7 Observation 

Platform performance metrics are collected in each tick and include daily platform revenue, cumulative 
platform revenue, and number of successful deliveries. At the individual agent level, carrier/sender 
participation, utilization, and average profit/savings per tick are collected. 

2.5 Initialization 

At the beginning, 500 agents are created and half of them are senders and the remaining half are carriers. 
Eight destinations are created at random locations during each initialization; however, they remain at the 
same location throughout the simulation run.  Every agent is assigned initial attribute values. Then all the 
agents build their social networks by randomly choosing friends of the same kind i.e., senders choose 
senders as friends and carriers choose carriers as friends. All agents initially set their participation status to 
“No”; however, depending on the experimental setting, a predetermined number of randomly-selected 
senders and carriers are chosen to participate initially and these agents change their participation status to 
“Yes”. 

2.6 Input Data 

No input data is used to represent time-varying processes (Grimm et al. 2010). 

2.7 Sub-models 

2.7.1 Sub-model 1 – Join or Leave the Platform 

At the beginning of each tick, an agent evaluates whether to leave or join the platform if the number of ticks 
since its last evaluation is equal to its participation evaluation period. A participating agent would leave the 
platform if the agent, on average, is not matched at least once per tick during the evaluation period. On the 
other hand, if an agent is currently not participating, the agent will start participating if all of its friends 
were able to find at least one match on average in the current tick. 

2.7.2 Sub-model 2 – Matchmaking 

Depending on the experimental scenario, one of three different modes of matching carriers and senders is 
employed. In the decentralized matchmaking mode, there is no intervention by the platform in the matching 
process. A carrier is randomly chosen from the unassigned carriers list to try to match with a randomly 
chosen unassigned sender’s delivery request. The carrier will continue to seek a match until it finds one 
that satisfies its profit criterion. If the carrier is able to match with the sender, a new carrier is selected and 
the process continues as discussed before. If the carrier is unable to match with any sender, the carrier is 
removed from the unassigned carriers list.  To ensure that a participating carrier that reaches its trip limit 
or a sender that finds a match for all of its destinations is not selected again for matching by the algorithm, 
the respective agent is removed from the list of unassigned carriers or unassigned senders. 

In the modified decentralized matchmaking mode, the carrier is still responsible for evaluating and 
selecting a delivery request. However, the platform provides some guidance by restricting the carrier’s 
awareness of available senders to a specific radius from its current location. By doing this, each carrier only 
tries to match with a sender whose location is within that radius. The rest of the matchmaking process is 
similar to that of the decentralized process described above. 

In the centralized matchmaking mode, the unassigned carriers and unassigned senders lists are used to 
create a list of all possible carrier-sender-destination matches. The elements of this list are then used as 
variables to solve a linear programming problem where the objective is to maximize the platform revenue. 
As the carrier changes its position after each delivery, a new problem needs to be solved to look for other 
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possible matches and hence, in a given tick, the process of solving the problem continues until the solver 
fails to find any feasible solution, as shown in the algorithm below. 

 
Algorithm: Centralized Matchmaking 
 Input: Unassigned carriers and Unassigned senders lists 
 Output: Matched sender-carriers and completed trips 
1 Initializations: “Result” as an empty list 
2 While (length of “Result” ≠ 0) 
3  Create list of possible carrier-sender-destination matches (CSD) 
4  Write and solve a linear program as follows: 

5 

  
Maximize Platform revenue 

Subject to: 
Carrier trip cost ≤ Sender cost for all matches in CSD 

Carrier trip distance ≤ Carrier Distance tolerance for all matches in CSD 
Each carrier is assigned to only one sender 

Each sender-destination is assigned to only one carrier 
Non-negativity constraints 

6   “Result” is updated based on the solution of the linear program 
7  Carriers are matched to senders based on the “Result” 
8  Carriers execute trips assigned to them and stay at the destination location 
9  Remove carriers who reached their trip limit from “Unassigned carriers” list 
10  Carriers who reached their trip limit are sent back to their home location 
11  Remove senders who have zero pickup requests from “Unassigned senders” list 
12 end 

 

2.7.3 Update Participation History 

At the end of each tick, the participation history for each carrier and sender is updated: senders record the 
number of successful deliveries they experienced in the current tick and carriers record the number of 
deliveries made in the current tick. 

3 EXPERIMENTATION AND RESULTS 

To understand the impact of initial carrier and sender participation on the platform’s performance, three 
levels of initial participation were tested: 7, 18 and 30. This yielded nine possible scenarios, represented in 
the figures below by “(C, S)” where ‘C’ is the number of initial carriers and ‘S’ is the initial number of 
senders. These nine experimental scenarios were run for all the three levels of platform control over 
matchmaking for a total of 27 scenarios. Each of the 27 scenarios was run for 60 ticks for 30 replications. 
The run length was set to 60 ticks based on the observation that by the 50th tick, all performance metric 
values had stabilized. 
 Figure 1 shows the number of replications for each scenario in which the platform experienced 
sufficient participation from both carriers and senders to keep the platform operational for 60 ticks (i.e., 
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participation did not drop to zero). Results indicate that having enough participants initially (ideally 18 
carriers and senders) is crucial for the success of a platform, regardless of the mode of matchmaking 
algorithm being used. It is interesting to note that having fewer initial carriers than initial senders reduces 
the platform’s chances of success compared to the opposite situation because carriers cannot keep up with 
the number of delivery requests if they are fewer in number compared to senders. Hence, dissatisfied 
senders leave the platform and carriers will not find enough matches and they also leave the platform. 
However, the results suggest that centralized matchmaking somewhat protects a platform from early failure. 
For example, when there are 7 carriers and senders initially, the number of successful simulations for the 
decentralized algorithm was lowest at 13, while the modified-decentralized algorithm increased this number 
to 18. This is because the platform helps carriers by restricting their awareness of senders to a certain radius 
and this make it easier for them to find a match. However, centralized matchmaking outperformed the 
others by achieving 23 successful replications. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1: Number of successful replications in all scenarios. 

 To ensure equivalent comparison of the platform performance metrics, for the remaining analyses, data 
from unsuccessful replications (i.e., in which the platform failed before the 60th tick) were excluded. For 
successful replications, the average participation in the 60th tick for decentralized and modified-
decentralized matchmaking was 170 carriers and 180 senders, while centralized matchmaking yielded a 
final participation of 180 carriers and 200 senders, on average (where the maximum possible participation 
is 250 senders and 250 carriers).  
 The average cumulative platform revenue for each experimental scenario is shown in Figure 2. The 
centralized matchmaking model always provides the highest revenue for the platform, which is unsurprising 
because the objective of the matchmaking algorithm is to maximize platform revenue. The modified-
decentralized mode of matchmaking underperforms compared to decentralized matchmaking in most cases 
because the limited search radius reduces carriers’ ability to find a good match. It can also be noticed that 
the variation in the platform revenue decreases as the number of initial participants increase, which 
emphasizes the need to have enough initial participants. 
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Figure 2: Average cumulative revenue of the platform per simulation in all scenarios. 

 

 The results in Figure 3 indicate that carriers earn similar average profits regardless of the mode of 
matchmaking or the initial sender/carrier participation values. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 3: Average carrier profit per tick in all scenarios. 

  
 
By contrast, the results in Figure 4 show that senders on average save the most if the platform uses the 
modified-decentralized matchmaking mode because senders tend to match with a carrier closer to them 
because of the carrier awareness radius leading to higher savings. For a given destination, a carrier will 
charge a sender less fees compared to a match where the carrier is far away from the sender which could 
be a situation in a decentralized matchmaking because of the lack of a carrier awareness radius. With 
centralized matchmaking, the platform matches carriers to senders to maximize its profit, which is a 
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percentage of the fee that the carrier charges to make a delivery. Therefore, the platform will seek to match 
carriers such that they earn high income. The senders’ objective of saving money is not considered by the 
platform, and as a result, the platform’s matchmaking algorithm does not yield the best results for senders. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4: Average sender savings per tick in all scenarios. 

 

4 CONCLUSION 

This research used an agent-based model to study the impact of centralized and decentralized mediator 
control over matchmaking in a crowd-shipping platform.  Results from these preliminary experiments 
indicate that centralized matchmaking performs best overall in terms of maximizing platform revenue, 
protecting the platform from early failure when there are few initial participants, and increasing the total 
number of participating senders and carriers over time. The only disadvantage associated with centralized 
matchmaking that was observed in these experiments was slightly less average daily savings for senders. 
However, these results are based on the assumptions underlying the specification of the matchmaking 
algorithm. Specifically, the algorithm was designed to maximize platform revenue, subject to matchmaking 
that always met the carriers’ profit expectations.  In other words, the algorithm presented no downsides for 
the carriers. In reality, empirical research on crowdsourcing systems indicates that platforms do not 
necessarily consider the participants’ individual goals when making assignments, leading to matches that 
are profitable for the platform but potentially undesirable for the participants.  Ongoing development of the 
model described in this paper will include modifications to the matchmaking algorithm to make it more 
similar to those of existing centralized platforms, as well as incorporating human behavior data to inform 
more realistic behavior and decision making of the carrier and sender agents. Specifically, carrier and sender 
decisions to disintermediate (i.e., “go around” the platform when it assigns them to unfavorable matches) 
and the resulting impacts on platform performance will be interesting to explore. 
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