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Crowdsourcing delivery is becoming a prevalent tool for tackling delivery problems by building a large labor-intensive service
network. In this network, the delivery personnel consist of a large number of people with a complex composition and high level of
mobility, creating enormous challenges for the quality of service and the management of a crowdsourcing platform. Hence, we
attempt to conduct a competence analysis to determine whether they can provide promised services with high quality, i.e., they are
competent for their job. To this end, the competence theory is introduced, and a multicriteria competence analysis (MCCA)
approach is developed. To illustrate the MCCA approach, a real-world case study is conducted involving a Chinese takeaway
delivery platform, where the Bayesian best-worst method is used to determine the weights of the criteria based on the data
collected from managers of the platform company. Also, the competence scores of the personnel involved are collected through
surveys and data sources of the company. Given the weights and the competence scores, we use additive value function to identify
the overall competence scores of them, which reflects the level of competence for their job. (e results show that Skills is the most
important competence, while Knowledge is the least important of the four competence dimensions. In subcriteria, four core
elements are identified such as punctuality, customer service awareness, responsible, and goods intact. In addition to the
importance of criteria, a ranking of a sample of personnel is provided, and almost half of the crowdsourcing delivery personnel’s
competence is below the average and vary significantly, while the relationship between the competence level and some other
variables is also discussed. Moreover, the developed MCCA approach in this paper can be applied to analyze the competence of
personnel in many other industries as well.

1. Introduction

(e prosperity of E-commerce and omnichannel retail
stimulates the surge of individual packages and delivery
vehicles [1] and brings great challenges to logistics operation.
With the rise of the sharing economy and crowdsourcing, it
is possible to reconstruct logistics operation scenarios [2].
Crowdsourcing delivery, as a successful combination of
traditional logistics activities and innovative crowd re-
sources sharing, is becoming a prevalent tool in practice.
More possibilities for solving delivery problems have been
provided by using the resources of the crowds [3] including
maximizing crowds’ utility [4], reducing infrastructure ex-
penses, enhancing efficiency in parcel turnaround time and

failure rate [5], and optimizing loading capacity [6], as well
as reducing traffic congestions and pollution using spare
capacity [7, 8].

Crowdsourcing delivery plays an increasingly important
role in the logistics sector, and the crowdsourcing delivery
personnel are an important link between the crowdsourcing
platform and the end customers. Crowdsourcing delivery
platforms embrace a large number of public and distributed
delivery resources and build a complex labor-intensive
service network to meet customer requests [9]. In this case,
the resources involved are utilized optimally by the
crowdsourcing platform. Despite the certain benefits it
brings to the platform and customer, this kind of delivery
also may prove precarious, since the people making up the
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crowds are with a complex composition and previously
unknown [10]. Even so, the crowdsourcing platform has
lowered the entry barrier and simplified registration pro-
cedures to encourage users to register [11]. Also, there are
potential risks, such as package damage, loss, and privacy
violations, which may affect the level of service quality and
subsequently customer satisfaction and end up jeopardizing
the reputation of the platform [9, 12]. Moreover, most of the
crowdsourcing delivery personnel only work part-time and
usually flexibly manage their schedules [11]. Accordingly,
their availability, service awareness, and service level for
upcoming orders are less clear, creating the uncertainty
concerning the operation process [13], which may, in turn,
affect the platform’s steady operation.

For the crowdsourcing delivery personnel, providing
services with promised quality is a concrete manifestation of
competence. (e importance of them being competent and
then achieving predetermined outcomes in their profes-
sionals is beyond doubt [14] that they are competent for the
crowdsourcing delivery job is a critical factor when it comes
to sustaining the platform’s health [11]. As such, we attempt
to connect the competence analysis to the new environment
of crowdsourcing delivery since it provides a way to de-
termine whether individuals meet the specified performance
criteria, that is, whether they demonstrate the professional
competence required [15].

Looking at the practical operations, we find that some
crowdsourcing delivery platforms have made endeavors to
boost the performance of the crowdsourcing delivery per-
sonnel. According to our survey, some crowdsourcing de-
livery platforms in China release the rider ranking and offer
monetary (cash) or nonmonetary (level up) incentives based
on the ranking. However, this ranking is not set for each
individual, and people below a certain level are excluded.
Besides, it is also simplistic to considering only the number
of orders being delivered, punctuality, and platform score, as
well as a certain period. Some other factors that may affect
personnel’s competence are not taken into account, such as
the necessary skills and knowledge [16], certain work ex-
perience [17], strong customer service awareness [9], average
delivery time [18], guaranteed goods condition [12], effective
customer feedback [19], and innate individual traits [20]. It
shows that not enough attention has been paid by practi-
tioners to those aspects, and, as yet, a comprehensive
competence analysis of crowdsourcing delivery personnel is
still lacking.

Consequently, both the theoretical backgrounds and
practical operations motivate us to conduct a comprehensive
competence analysis of crowdsourcing delivery personnel,
which is the main contribution of this study. To this end, the
competence theory is introduced, and on this basis, we
develop a multicriteria competence analysis (MCCA) ap-
proach, which is the generic framework and also another
contribution of this study. To further illustrate the proposed
MCCA approach, a real-world case study is conducted in-
volving a Chinese takeaway delivery platform, where we use
the Bayesian best-worst method to identify the weights of
criteria, and the key elements contributing to crowdsourcing
delivery personnel’s competence are identified as well.

Combining the acquired weights and collected data, we use
the additive value function to calculate the overall compe-
tence scores of the crowdsourcing delivery personnel.

(e remainder of the paper is organized as follows.
Section 2 provides an overview of the literature on
crowdsourcing delivery and competence analysis. (e de-
veloped MCCA methodology and the Bayesian BWM is
presented in Section 3. Section 4 contains a real-world case
study where a Chinese takeaway delivery platform is in-
volved. In Section 5, we analyze the weights of criteria and
the ranking of a sample of personnel and discuss the results
of the MCCA involving crowdsourcing delivery personnel.
Finally, the conclusions and suggestions for future research
are provided in Section 6.

2. Related Works

2.1. Crowdsourcing Delivery. Crowdsourcing is a shift of
work patterns that the work normally performed by des-
ignated agents is outsourced to an undefined and large pool
of people with an open structure [10]. Currently, it is gaining
increasing popularity, and different types of online
crowdsourcing platforms have emerged such as Didi
Chuxing and Uber (transport), iStockPhoto (picture),
Amazon Mechanical Turk (online staffing), (readless
(apparel design), and UberEATS, Meituan takeaway, and
Ele.me (online food delivery). In the crowdsourcing envi-
ronment, their functions are fully tapped for consumer
engagement, value acquisition, and information gathering,
as well as idea generation [12].

(e integration of traditional logistical activities with the
concept of crowdsourcing has given rise to the concept of
“crowdsourcing logistics.” In addition to the term “crowd
logistics,” other terms, like “crowdsourcing delivery,”
“crowd shipping,” “cargo hitching,” and “collaborative lo-
gistics” are also used. In this paper, we use the term
“crowdsourcing delivery.” It is defined as an information
network-empowered center that coordinates logistics service
demand with the supply of crowd resources with free time or
space and a willingness to provide the necessary services and
be compensated accordingly [21]. To illustrate the concept,
we use the Meituan takeaway delivery as an example and
divide the entire process into seven phases: (i) a customer
initiates an order request to the platform and pays; (ii) the
platform releases the order online; (iii) the registered
crowdsourcing delivery person receives the order; (iv) the
crowdsourcing delivery person goes to the merchant to wait
for the order to be prepared and then picks the order up; (v)
the crowdsourcing delivery person delivers the order to the
customer and clicks “Takeaway delivered” on the mobile
app; (vi) the customer receives the goods and evaluates the
crowdsourcing delivery person; (vii) the crowdsourcing
delivery person is paid by the platform. In this case, it is
possible to reconstruct logistical operation scenarios by
matching growth in consumer demand with underused
individual supplies via mobile applications and online
platforms [22].

Since the emergence of crowdsourcing delivery, it has
been the subject of various studies. At an individual level,
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Chandra et al. [3] pointed out that the resources of the
crowd, including people, objects, and entities, provided
more possibilities to solve delivery problems arising from the
surge of individual packages and delivery vehicles. In this
context, cyclists and pedestrians become temporary deliv-
erers due to their own delivery needs [6], and most of them
can switch between the roles of the deliverer and recipient.
By transporting parcels on the final leg of the delivery
process, their utility is maximized [4]. However, the most
direct factor that motivates people to register on a crowd-
sourcing platform is the potential economic advantage [23].
(ey are paid per order, and as such are rewarded for each
order they have completed.

As an intermediary, the crowdsourcing delivery platform
uses technological capabilities and information sharing to
enable crowds and customers to interact with each other
[12]. Bauer et al. [23] described information and commu-
nications technology (ICT) as an enabler and connector in
the entire value chain, including initiating crowdsourcing
requests, communicating, processing tasks, reporting solu-
tions and problems, and paying people. With the enormous
growth of ICT, paying people working in a crowdsourcing
environment has become more convenient than ever [24],
which has attracted many people to join the crowdsourcing
delivery sector. According to the report released by the
Meituan Research Institute, more than 2.7 million people
registered on the Meituan Crowdsourcing Delivery Platform
in 2018 [25]. Mladenow et al. [12] pointed out that
crowdsourcing delivery was essentially location-based
crowdsourcing (LBCS), and people could receive a wide
range of information and services for a better crowdsourcing
experience with GPS or WLAN positioning techniques.
Consequently, people who have registered on crowd-
sourcing platforms in China such as Meituan Crowd-
sourcing Delivery, Dada Express, and JD Crowdsourcing
Delivery have free access to smartphones and location-based
services to receive (delivery) orders.

Crowdsourcing delivery plays an increasingly important
part in the last mile delivery. More specifically on the
performance of crowdsourcing delivery, Castillo et al. [13]
have examined the impact of uncertainty related to
crowdsourcing delivery on the effectiveness of the logistical
process and suggested that the variables of time windows
and daily demand variability would be detrimental to the
logistical effectiveness of a crowdsourcing fleet compared to
that of a dedicated one. In contrast to Castillo et al. [13],
Devari et al. [26] demonstrated the broad application
prospects of the social network in the last mile delivery in
terms of reducing costs and emissions, while maintaining
delivery reliability. Also, Behrend and Meisel [27] integrated
item-sharing with crowd shipping on the same platform and
included three transfer modes, and the optimization solution
showed that a platform’s profits could increase dramatically
through crowd shipping in all three modes.

Concerning the exploration of an intelligent approach in
crowdsourcing delivery, Wang et al. [5] proposed an opti-
mization model that utilized a pool of urban crowds to
complete the delivery tasks, and the corresponding solution
could well optimize real-time delivery in the context of large-

scale mobile crowdsourcing. Kafle et al. [4] designed a cy-
clist- and pedestrian-based system to relay parcels from a
truck carrier using a tabu search-based algorithm, and the
final result showed a reduction in both delivery miles and
involved costs. Giret et al. [6] used multiagent system
techniques and complex network-based algorithms to design
an intelligent crowd-based approach to sustainable last mile
delivery, and the test showed that the approach significantly
reduced CO2 emissions and the use of trucks. Similarly,
Chandra et al. [3] developed a simulation framework by
leveraging crowdsourced big data to improve truck mobility
and realize a “smart freight” solution by avoiding down-
stream congestion in the delivery route.

Existing studies indicate the broad application prospects
of crowdsourcing delivery. Much attention has been paid to
the topics of individual utility, ICT, application effectiveness,
and intelligent approach. In most cases, the management of
the crowds or individuals, in particular about competence
analysis, is not included, even though it is vital for
crowdsourcing delivery personnel to be competent in their
jobs, simply because the quality of crowdsourcing delivery
service depends on it [5]. As a result, we attempt to connect
the individual competence with the crowdsourcing delivery
environment. To this end, the competence theory is
introduced.

2.2. Competence Analysis. (e concept of the competence
analysis was developed by McClelland [28], who argued that
traditional academic aptitude and knowledge tests did not
fully evaluate job performance or real-life outcomes and
were often biased against minorities, suggesting using re-
search methods that could identify unbiased “competency”
variables and elicit job performance instead. (e concept of
competence is a topic of ongoing discussion. Messick [29]
defined competence as what a person knew and could do
while embracing the structure of knowledge and abilities
under ideal circumstances, while Gonczi et al. [30] viewed
competence as a set of attributes related to professional
knowledge, skills, and attitudes, and Beaumont [31] stated
that competence was the ability to apply knowledge, un-
derstanding, and skills in performing the tasks and roles
required by a set of performance standards. Similarly, Kurz
and Bartram [32] argued that competence referred to an
individual’s specific attainment under the constraint of
multiple performance criteria, while also pointing out that
although the two words “competence” and “competency”
may be very similar, they conveyed different meanings: the
former was much related to the performance and attain-
ments, while the latter exhibited the antecedents under-
pinning outstanding performance. In the context of O2O,
Cheng et al. [11] defined competence as an offline entity’s
ability to provide services and complete the desired task at
the quality required. Based on these various definitions, it
may be clear that the concept of competence is multidi-
mensional and work environment-related [14].

As with the various attempts to define the concept of
competence, its connotation and extension are constantly
expanding and evolving. During this course, we have
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searched for articles in the databases of Web of Science,
Elsevier, Springer, and Wiley with the keywords “compe-
tence,” “individual competence,” and “competence frame-
work” and made a summary of the existing competence
frameworks (see Table 1).

Although the first three dimensions in Table 1 (cognitive
competence, functional/behavioral competence, and social/
ethical competence) are defined as different terms, they have
the same meaning as Knowledge, Skills, and Abilities (KSA)
[36]. As such, KSA provides the basic elements of compe-
tence. Other dimensions of competence, such as meta-
competence, qualification, motor skills, social skills, and
information, can still be attributed to the KSA classification
indicated above according to their components, while dis-
cretion, attitudes, and standards can be assigned to the
dimension of traits.

Based on the frameworks for individual competence,
there have been useful studies on competence assessment.
Gonczi [40] pointed out that competence cannot be ob-
served directly, but it can only be inferred from people’s
performance. Kurz and Bartram [32] also believed that
measuring competence in the workplace involves assessing
people’s performance using predefined occupational or
work-related standards. (erefore, under the performance-
based evaluation, the evaluator will assess whether an in-
dividual meets the criteria specified in the competence
standard based on that individual’s performance [14]. Wass
et al. [41] pointed out that multiple-choice questions, short
essays, and oral examinations can be applied to assess
clinical competence, which was following the pyramid
framework for clinical competence proposed by Miller [42].
McRobbi et al. [43] designed a competence grid for junior
pharmacists by inviting a steering group of clinical phar-
macists, academics, and clinical pharmacy managers to
develop three competency clusters, using a four-point scale
to assess the performance of junior pharmacists. (ey also
pointed out that this grid could be integrated into compe-
tence measures in other areas of practice and disciplines.
Concerning educational competence, Hartig et al. [44] de-
veloped a new service structure for technology-based as-
sessment, which as such provided strong support for
research projects by using IT tools to test and assess learning
competence and educational quality, while Shavelson [38]
proposed an assessment triangle (construct, observation,
and inference), in which the generalizability theory and
statistical theory were adopted for modeling, and applica-
tions were applied in education, business, and military to
assess people’s competence, and finally the dependability of
competence scores was verified. Safadi et al. [45] conducted a
cross-sectional survey to assess the level of competence of
nursing graduates in five competence dimensions (man-
agement, professionalism, problem-solving, nursing pro-
cess, and the knowledge of basic skills) and concluded that
nurse recruitment policies should consider individual
competence rather than innate characteristics. As a set of
valuable assessment instruments, some well-known com-
petence assessment frameworks, such as European Quali-
fications Framework, European e-Competence Framework,
Competence Assessment Information System

MyCompetence, Occupational Information Network
(O∗NET), and European Skills/Competences, Qualifica-
tions, and Occupations (ESCO), were developed and applied
to a broad range of users to provide general and compre-
hensive competence reference and outcome assessment [46].

(e abovementioned studies reveal that there has been
considerable and varied research, often with good results,
especially in terms of establishing some mature competence
assessment frameworks. However, the existing theoretical
research of individual competence focuses predominantly
on clinical, medical, psychological, educational, and other
areas. We also find that research in the area of logistics is
relatively scarce, which is why we apply competence
frameworks to that domain and conduct competence
analysis of crowdsourcing delivery personnel. Moreover,
there is no multicriteria approach provided for using these
frameworks in real-world situations, which is why, in the
next section, we present an MCCA methodology that helps
both researchers and managers to use these frameworks in a
practical setting.

3. Methodology

3.1. MCCA Methodology. (e previous section shows that
the existing frameworks consist of several main dimensions
and subdimensions, while each dimension describes the
specific job standards or performance criteria for the per-
sonnel involved. (is means that the frameworks include
several criteria that are used to evaluate a certain number of
personnel (alternatives), which implies that we could for-
mulate an analysis as a multicriteria decision analysis
(MCDA). If we take the dimensions as criteria (with some
subcriteria) and the personnel as alternatives, this type of
competence analysis can be viewed as a multicriteria
competence analysis (MCCA) and therefore provides a new
approach to evaluating the competence of personnel. MCDA
methods can be employed to implement the MCCA ap-
proach. In this case, in the MCCA approach, the main
components are the criteria and their weights and the
personnel and their competence scores. For MCCA, one
could select a framework from the previous section, in which
the occupations, the opinion of the managers, and the other
factors could play a role.

As a generic framework for evaluating the competence of
personnel, the steps of the MCCA approach are described as
follows.

3.1.1. Step 1. Determining the Objective of the Competence
Analysis and Defining the Scope of the Problem. (e MCCA
aims to identify the competence level of personnel. As such,
the first step is to define the goal of the analysis. Generally,
there are four different goals: (i) evaluation, where the aim
simply is to identify the level of competence of each indi-
vidual; (ii) selection, where the goal is to select personnel
based on their competence level; (iii) ranking, where the aim
is to rank several personnel members in a given work en-
vironment; and (iv) classification or sorting, where the aim is
to differentiate between different classes of personnel. It is, of

4 Complexity



Table 1: Frameworks for individual competence.

Framework Dimensions and their meanings

KSMTSS [33]

Knowledge: a usable body of facts and concepts, retention of information, whether technical, or a method of
communication

Skill: the ability to state a goal, list the action sequence, and think logically and systematically; problem-solving ability,
accurate self-assessment, interpersonal ability to manage or orchestrate the work of a team

Motive: a desire to achieve goals as a reflection of improving one’s performance
Trait: physical control, a disposition to take an initiative, risk orientation

Self-image: a person’s self-assessment of the values and personal characteristics
Social role: a person’s perception of a set of social norms, fit in the expectation of social groups

CFBE [34]

Cognitive competence: formal professional knowledge, tacit-practical knowledge, procedural knowledge, and
contextual knowledge as well as knowledge application

Functional competence: occupation-specific function, process management, mental and physical skills
Behavioral competence: confidence, persistence, independent thinking, emotional and stress control, listening skills,

task-centered awareness, interpersonal skills
Ethical competence: abide by the laws, the rule of morality, be sensitive to the needs of others and value, adopt

appropriate attitudes, abide by the professional code of conduct, self-regulation, environmental sensitivity, customer-
centeredness, moral judgment, acknowledge boundaries of own competence, keep up to date

KSEQ [32]

Knowledge: use data, facts, and information about things and processes and understand the rationale and why in
professional practice

Skills: identify problems, coordinate conflicting information, make a judgment in time and apply techniques and
procedures to the job

Experience: the history of accumulated job experience
Qualifications: requirements for individuals to engage in certain occupations such as professional license and

organization-specific training

CFPSM [35, 36]

Cognitive competence: technical/theoretical knowledge, procedural knowledge, informal tacit/practical knowledge,
contextual/background knowledge

Functional competence: “know how” things that an individual who works in a particular career field should be able to do
and demonstrate, such as directing subordinates, goal and action management, human resource management, focus on

others
Personal competence: Decisive action, ethical behavior, communication, focusing on results, influence others, self-

management, information searching
Social competence: ability and willingness to cooperate, interact responsibly with others, act in a team and relationship-

oriented manner
Meta-competence: ability to facilitate the acquisition of the other substantive competences or skills

KSAOs [37]

Knowledge: a body of various professional knowledge such as law, business, manufacturing, communications, arts,
health services engineering, and mathematics

Skills: content skills, process skills, resource management, social skills, technical skills, systems skills, and complex
problem-solving skills

Abilities: physical abilities like flexibility, balance, and coordination; cognitive abilities like verbal, memory, and
perceptual; psychomotor abilities like control movement, reaction time, and fine manipulative; and sensory abilities like

auditory and speech
Other characteristics: achievement orientation, interpersonal orientation, conscientiousness, adjustment, social

influence, and practical intelligence

APSRSI [38]

Ability: task performance, the potential for performance under certain situational supports and constraints
Performance: know-how ability to perform physically or mentally, or both

Standardization: required tasks or responses to elicit performance are identical, identical working conditions, same
administration for all test participants

Real-life: performance has to be observed in real-life situations
Standards: some level or standard of performance, such as “adequate,” “sufficient,” “proper,” “suitable,” or “qualified”
Improvement: competence is malleable, deliberate practice, education or some other environmental intervention can be

used as tools for improvement

KSA [14]
Knowledge: disciplinary knowledge, specific professional knowledge

Skills: working with artifacts, multitasking, processing information, instant decision-making
Attitudes: accuracy, coping with pressure, integrity, stress tolerance, feeling for specific jobs

KSASPDICL
[39]

Knowledge: disciplinary knowledge, knowledge base and cognitive competence
Skills: working with artifacts, functional competence, and perceptual motor skills

Attitudes: affective factors and meta-competence
Sociality: social skills, social interaction, and social role

Personal traits: individual merit
Discretion: mode of behavior, intuition, and revelation
Information: information processing and methodology

Context: specific situation and task, background, and culture
Learning: mode of learning, professional learning
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course, necessary to specify the work environment and
occupational attributes of the personnel involved before
conducting the following analysis because the MCCA ap-
proach is closely associated with the work environment. In
this step, for instance, the work environment could be a
logistics company, and personnel’s occupational attributes
could be defined by logistics managers. (e work envi-
ronment is a key factor in defining relevant criteria (Step 2).

3.1.2. Step 2. Determining the Evaluation Criteria for
Competence Analysis of the Personnel through Competence
Analysis Frameworks and Experts’ Opinions. In this step,
different occupational attributes determine the variation in
the criteria for evaluating the competence of personnel. For
example, evaluation criterion C for logisticians P could
involve several aspects: technology skills, transportation
knowledge, customer and personal service, coordination
skills, information ordering, deductive reasoning, commu-
nicating abilities, professional ethics, and work styles. (e
criteria present multidimensional attributes, which can in-
crease the difficulty of the determination process. (us,
based on the theoretical competence analysis frameworks, it
is also important to include the experts’ opinions of the
company in question to determine the evaluation criteria
[47]. Generally, an MCCA problem can be formulated as a
matrix as follows:

S �

c1 c2 · · · cn

p1

p2

⋮

pm

s11 s12 · · · s1n

s21 s22 · · · s2n

⋮ ⋮ ⋱ ⋮

sm1 sm2 · · · smn

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

, (1)

where C � c1, c2, . . . , cn  denotes a set of evaluation criteria
for competence analysis, P � p1, p2, . . . , pm  indicates a
group of personnel, and sij represents the corresponding
competence score of each individual i for criterion j.

3.1.3. Step 3. Collecting Competence Scores of Each Individual
for All Criteria from Various Data Sources. Competence
scores sij need to be collected from the department where
personnel are employed in various ways, like internal sta-
tistics, questionnaires, and interviews. Due to the variety of
data sources, for all criteria C, the competence scores sij may
use scales, like minutes, miles, money, and rates. To ensure
the criteria can be compared to each other and further
perform the MCCA [48], the competence scores need to be
normalized, for instance, using the following normalization
method:

s
norm
kj �

skj

max sij 
, for a positive criterion,

1 −
skj

max sij 
, for a negative criterion.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(2)

3.1.4. Step 4. Finding the OptimalWeights of All Criteria7at
Have Been Identified for the Competence Analysis. Given all
the predetermined criteria for competence analysis of per-
sonnel, finding the weight w∗ � w1, w2, . . . , wj  of all
criteria C is an essential part, for which, in this step, a
multicriteria weighting method can be applied, including
SMART (simple multiattribute rating technique) [49], AHP
(analytic hierarchy process) [50], ANP (analytic network
process) [51], and BWM (best-worst method) [52].

(is is an important part of MCCA, as the decision
makers could differentiate among the evaluation criteria.
While in particular cases, Knowledge may be a very im-
portant dimension of personnel competence, in other sit-
uations, Skills may be a more relevant dimension. (is step
incorporates the opinions of managers regarding the im-
portance of the criteria into MCCA.

3.1.5. Step 5. Finding an Overall Level of the Personnel
Competence with Aggregating the Scores. Determining the
overall competence level of the personnel is the final part of
MCCA. After determining the weights of the criteria, the
aggregated score for each individual i can be calculated. In
this step, the aggregation process can also assume different
forms, for instance, as an additive value function [53]. As
shown in (3), the aggregated score vi can be based on the
weight wj and snormij :

vi � 
n

j�1
wjs

norm
ij , ∀i � 1, 2, . . . , m, (3)

where wj ≥ 0 and 
n
j�1 wj � 1.

(en, for any occupation, the competence level of in-
dividual i is better than of i′ if and only if vi is greater than vi′
or

i≻i′⟺ vi > vi′ . (4)

(e MCCA approach developed here indicates a new
direction for assessing the competence level of personnel,
which integrates the comprehensive impact of multiple
criteria with an MCDA method. As such, the resulting
competence level is a more comprehensive measure of how
competent people are for their particular jobs. In addition to
the final scores of the personnel involved, the MCCA ap-
proach also shows the path to identify the key elements of
the criteria that have been identified on personnel compe-
tence level. With the help of the weights that have been
assigned to the criteria, the core requirements for the
competence of personnel can be determined. As a generic
framework, the MCCA approach can be applied to a variety
of occupations.

3.2. Bayesian Best-Worst Method. Given the MCCA meth-
odology, we need to select an appropriate method to im-
plement it. For our case study, we use BWM [52, 54] because
of its several attractive features: (i) BWM requires the DM
identifying the best and worst criteria (or alternatives) at the
very first before conducting a pairwise comparison, and it
enables the DM to have a more explicit vision of the range of
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the evaluation. Consequently, this allows for more reliable
comparisons, as well as better consistency of the compari-
sons [52]. (ii) It is possible tomitigate the anchoring bias that
arises during the DM’s pairwise comparisons in a single
optimization model by using two opposing references, the
best and the worst [55]. BWM is highly consistent with this
procedure, and this kind of consider-the-opposite-strategy
have been proven effective [56]. (iii) BWM better balances
the data and time efficiency in the structured pairwise
comparison-based method [55]. On the one hand, BWM
offers the possibility to check the consistency of the pairwise
comparisons provided. Compared to methods using a single
vector such as the Swing and SMART family, BWM bridges
the gap where pairwise comparison consistency check is not
available, despite the high data (and time) efficiency of such
single vector input-only methods. On the other hand, BWM
enhances data efficiency compared to full-matrix methods
such as AHP. While pairwise comparisons under the full-
matrix method offer the possibility of checking consistency,
it poses too many questions to the DM, which may lead to
confusion and inconsistency.

(e method has been applied to many real-world
problems, including logistics [57], IoT [58], water security
sustainability evaluation [59], energy technology selection
[60], manufacturing [61], supplier selection [62], airport
evaluation [63], and many more, see [64].

(ere are several extended versions of BWM
[52, 54, 65, 66], and in this paper, we use the Bayesian BWM.
Considering the decision makers (DMs) are a group, it offers
an ideal approach from a probabilistic angle to determine the
overall weights. (e Bayesian BWM is based on the original
BWM, so the input, i.e., the pairwise comparisons, is the
same. However, as for the output, there is a difference be-
tween the two methods. In the original BWM, the final
output is a concrete value of the weight, while the Bayesian
BWM provides a probability distribution. Specifically, the
Bayesian BWM includes the following steps:

Step 1. Determining a set of decision criteria
C � c1, c2, ..., cn .
Step 2. Determining the best (cB) and the worst (cW)

criteria from C. In this step, no pairwise comparison of
the DMs is required, and they only identify the best or

most important criterion and the worst or least im-
portant criterion.
Step 3. Conducting the pairwise comparison between the
best criterion and the other criteria using a number be-
tween 1 and 9. (e higher the number, the stronger the
relative importance between the criteria. (e resulting
Best-to-Others vector is AB � (aB1, aB2, ..., aBn), where
aBj denotes the preference of the best criterion cB over
other criteria cj ∈ C.
Step 4. Conducting the pairwise comparison between
the other criteria and the worst criterion using a
number between 1 and 9. (e resulting Others-to-
Worst vector is AW � (a1W, a2W, ..., anW)T, where ajW

indicates the preference of the criterion cj ∈ C over the
worst criterion cW.
Step 5. Estimating the probability distribution of each
individual optimal weight w1: K and the overall optimal
weight wagg given A1: K

B and A1: K
W , where k represents

the DM and k � 1, ..., K.

To this end, the joint probability distribution is used:

P w
agg

, w
1: K

A
1: K
B , A

1: K
W . (5)

Based on (5), the probability of each variable then can be
computed with the sum rule:

P(x) � 
y

P(x, y), (6)

where x and y denote two arbitrary random variables.
To build a Bayesian model, a probabilistic hierarchical

model is plotted, as shown in Figure 1, to clarify the rela-
tionship between the different variables.

It is clear that the variable wk depends on both Ak
B and

Ak
W, while wagg, in turn, depends on wk, while either Ak

B or
Ak

W is independent of wagg according to the direction of the
arrow. (is independence feature can be described as
follows:

P A
K
W

���� w
agg

, w
K

  � P A
K
W

���� w
K

 . (7)

Combining Bayes theorem with (5) provides the fol-
lowing equation:

P w
agg

, w
1: K

���� A
1: K
B , A

1: K
W ∝P A

1: K
B , A

1: K
W

���� w
agg

, w
1: K

 P w
agg

, w
1: K

  � P w
agg

(  

K

1
P A

K
W

���� w
K

 P A
K
B

���� w
K

 P w
K

‖ w
agg

 . (8)

To further compute the posterior distribution, the var-
iables in (8) have to be specified. As the input of BWM, Ak

B

and Ak
W can be modeled by multinomial distribution due to

the property of the integer, resulting in

A
k
W|w

k ∼ multinomial w
k

 , ∀k � 1, ..., K. (9)

Although it also applies to the vector Ak
B, the difference

between Ak
B and Ak

W yields the reverse weight, as follows:

A
k
B|w

k ∼ multinomial
1

w
k

 , ∀k � 1, ..., K. (10)

We then need to determine the weight w in the mul-
tinomial distribution, and the Dirichlet distribution will act
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as the prior distribution to model w because of its non-
negativity and sum-to-one properties:

Dir(w ‖ α) ∼
1

B(α)


n

j�1
w

αj−1
j , α ∈ Rn

. (11)

Equation (11) depicts the probability density function of
the continuous random variable w when it obeys the
Dirichlet distribution. (erein, B(α) is a multivariate beta
function, and B(α) � 

n
j�1 Γ(αj)/Γ(α0). Γ(α) is the gamma

distribution; αj is the dimensionless distribution parameter,
and αj > 0, j � 1, 2, . . . , n; α0 is the sum of the distribution
parameters, i.e., α0 � 

n
j�1 αj [67].

(en, for every individual weight wk in (9) or (10), when
wagg is given, it is expected to be in the proximity of wagg. For
this purpose, the Dirichlet distribution has to be repar-
ametrized regarding its mean and concentration parameter:

w
k

‖ w
agg ∼ Dir c × w

agg
( , ∀k � 1, ..., K, (12)

where wagg indicates the mean of the distribution and the
nonnegative parameter c denotes the closeness between wk

and wagg, i.e., concentration parameter. Also, c needs to be
modeled and the gamma distribution can be adopted:

c ∼ Γ(a, b), (13)

where a and b are the shape parameters of the gamma
distribution, and the values are both set to 0.1 [68] because
with such settings, the gamma distribution is similar to the
uniform distribution, thus it has minimum effect on the
posterior distribution [65]. Moreover, Bayesian BWM uses
estimation to get the weights of the probability distribution.
As such, when we do not know the valid values of certain
parameters, we use uniform-like distributions and let the
data skew the values. (is means that when only partial
knowledge about the unknown distribution is available, the
probability distribution that conforms to this knowledge but
has the maximum entropy value should be selected, which is
also the idea underlying the maximum entropy principle
[69].

Finally, we employ an uninformative Dirichlet distri-
bution to provide a prior distribution of wagg with the setting
of the parameter α to 1 [65]. (en, the aggregated weights
wagg can be can be described as

w
agg ∼ Dir(1). (14)

(e Bayesian model defined by the above equations does
not output a closed-form solution. (erefore, the Markov
chain Monte Carlo (MCMC) [70] is required to compute the
posterior distribution in equation (8) where the “just an-
other Gibbs sampler” (JAGS) [71] is used to generate the
random sample.

4. Case Study

To illustrate the MCCA approach, we conducted a real-world
case study where the goal is to analyze the competence of the
crowdsourcing delivery personnel in Chongqing, China. To
this end, a survey and the Bayesian BWMare adopted to assist
in the data collection and weight acquisition, respectively.(e
overall steps of the case study are outlined in Figure 2.

4.1. Criteria Determination. Competence measurement in-
volves the evaluation of workplace performance against a
number of predetermined occupational or job-related multiple
criteria [32]. Of the multiple criteria that are listed in the
competence analysis framework in Section 2, this paper does
not include the dimension of Qualification, mainly because
certain formal knowledge thresholds may be required, but not
all of them require initial qualifications [72]. It is also in ac-
cordance with the actual situation where some Chinese
crowdsourcing delivery platforms do not set a high entry barrier
or require strict qualifications for people who want to register as
crowdsourcing delivery personnel, as long as they have a valid
ID and health certificate (https://peisong.meituan.com/).

Combined with the competence analysis framework, the
main criteria involved are Knowledge, Skills, Abilities, and
Traits (KSAT).(e subcriteria are based on the interpretation
of KSAT’s components and the views of different scholars in
literature because they are rarely included in any studies into
competence in the area of crowdsourcing delivery. In addi-
tion, we consult with experts and include their opinions to
identify the final subcriteria. (e resulting MCCA framework
for crowdsourcing delivery personnel is shown in Table 2.

4.2. Data Collection. In line with the MCCA approach, we
need to obtain the competence scores. In this instance, we
collected data regarding the crowdsourcing delivery per-
sonnel from the Meituan takeaway platform in Chongqing,
China, combining the platform’s statistical data with tele-
phone interviews. First, the basic statistic data, like average
delivery time, total delivery mileage, and customer ratings,
were collected through the takeaway platform’s mobile app
from different users. However, some data, like total order
quantity, registration time, relevant work experience, etc.,
were still not directly accessible, which meant that, in the
second step, using the work telephone number displayed in
the mobile phone app, we conducted a 30-minute telephone
interview to collect the data from crowdsourcing delivery
personnel of the same platform. Based on the principle of
data availability and usefulness, we finally were able to
collect the data of 81 different people.

wagg

w1

A1
W A1

B AK
W AK

B

wK

Figure 1: Probabilistic hierarchical model of the Bayesian BWM.
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As for the data processing, the data of subcriteria
“Knowledge of crowdsourcing delivery,” “Previous job ex-
perience,” and “Customer service awareness” mainly reflect
the richness of knowledge and experience, and a 5-point
Likert scale (from very low 1 to very high (5)) [75] was used
to process the linguistics information acquired from the self-
reports by the crowdsourcing delivery personnel, after which
the method in (2) is used for data normalization.

Following the steps in the Bayesian BWM, question-
naires were sent to 15 site managers of theMeituan takeaway
platform. Based on their input, the daily duties of the site
manager can be summarized as follows: recruitment and
management of riders; statistics and analysis of site data;
promotion of site scale; organization of rider activities;
routine training of riders; management training and rela-
tionship management of cooperative merchants; supervising
service quality; and properly handling customer complaints
and various contradictions from delivery service. Of the
managers involved, twomanagers are fromKaizhouDistrict,
Chongqing, two managers are from Nan’an District,
Chongqing, two managers are from Jiangbei District,
Chongqing, two managers are from Wanzhou District,
Chongqing, and three managers from Shapingba District,
Chongqing. In addition to Chongqing, the rest of the site
managers are from Zhengzhou, Henan Province, two are
from Zhongyuan District, and the other two managers are
from Jinshui District. To ensure that all the site managers
have adequate information to conduct the comparisons,
some documents describing the Bayesian BWM and the
competence criteria of the crowdsourcing delivery personnel
are also provided.

5. Results and Discussion

In this section, we first present the weights of the criteria,
after which we discuss the credal ranking, which elaborates

the confidence of the rankings. Finally, we present a ranking
of the personnel based on the weights and competence
scores.

5.1.CriteriaWeights. (eoutput of the aggregated weights is
a Dirichlet distribution in the Bayesian BWM. Prior to
obtaining the final weights and calculating the competence
scores, the average of the Dirichlet distribution of aggregated
weights needs to be computed [65]. (e average weights of
the main criteria and subcriteria, as well as the overall
weights, are listed in Table 3.

Table 3 reveals that “Total mileage” has the lowest pri-
ority of all the 14 subcriteria, while “Punctuality” and
“Customer service awareness” are the most important. For
the crowdsourcing delivery personnel, the delivery radius is
about 4 km, while the delivery radius of dedicated delivery
personnel is 2.5 to 3 kilometers. (e delivery radius directly
affects their delivery mileage. Even with the same number of
orders per day, there can be a significant difference in de-
livery miles between the two groups. (erefore, the com-
petence or effective performance for the crowdsourcing
delivery personnel does not necessarily depend on the length
of the delivery miles, but more on the time within which the
order is delivered [7]. Crowdsourcing delivery is real-time
delivery, and unlike normal express delivery, goods have to
be delivered to customers within a very short period, so
timeliness and customer service awareness are particularly
important competence criteria. In addition to “Punctuality”
and “Customer service awareness,” the subcriteria “Re-
sponsible” and “Goods intact” rank very high as well. (ese
four subcriteria make up the basic requirements for the
competence of the crowdsourcing delivery personnel, which
means that they need to have a certain awareness of cus-
tomer service and deliver the customer’s goods intact and on
time in a responsible manner.

Case study ends

Obtain results and
further discussion

Data analysis

Experts that are
from companies

Data collection

Method adoption: Bayesian
BWM

Yes

No

Whether the criteria
are appropriate

Total order quantity,
registration time, relevant

work experience, etc.

Average delivery time,
total delivery mileage,
customer ratings, etc.

Collect data of pairwise
comparisons in line with

the Bayesian BWM

Collect data that are not
directly accessible

from phone interviews

Collect the basic
statistical data through

the takeaway
platform app

Literature review and
expert’s opinions

Determine criteria based on
competence analysis framework

Case study
starts

Figure 2: Case study flowchart.
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For the measurement of the relationship between a pair
of criteria, the Bayesian BWM introduces the concept of
credal ranking [65]. Compared to the traditional way, which
merely uses two figures to determine the confidence supe-
riority, it devises a Bayesian test to compute the confidence
of each credal ranking. By applying this principle to the real-
world case, the confidence superiority between different
pairs of competence criteria can be computed.

As shown in Figure 3, “Skills” is the most important of all
the main criteria. (is is mainly because for a specific job or
profession, the skill reflects people’s ability to perform the
tasks and roles according to the expected standards or re-
quirements [12]. (ey are required to be prequalified to
make sure that they have the necessary skills to perform at
the required quality [16]. Essentially, crowdsourcing delivery
personnel provide a more convenient service to various

Table 2: MCCA framework for the crowdsourcing delivery personnel.

Main criteria Meaning Subcriteria Measurement Source

Knowledge
(C1)

Accumulated relevant delivery knowledge
and experience of the crowdsourcing
delivery personnel through postentry

training and previous experience in the
logistics field as well as appropriate self-
assessment of their service awareness

Knowledge of
crowdsourcing
delivery (C11)

Level of knowledge of crowdsourcing
delivery after training since entering into
the crowdsourcing delivery platform

[16]

Previous job
experience (C12)

Level of previous related work and
accumulated experience in the field of
logistics owned by the crowdsourcing

delivery personnel

[17, 73]

Customer service
awareness (C13)

Degree of customer service awareness self-
reported by the crowdsourcing delivery

personnel
[9]

Skills (C2)

In a certain delivery environment, the
delivery personnel use certain transport
means (motorcycle, electric motorcycle,

balance vehicle, and on foot), complete the
order received from the takeaway platform
with smartphones within a certain period
while keeping the customer’s goods intact

Total mileage (C21)
Crowdsourcing delivery personnel’s total
delivery mileage as of the date of statistics [74]

Delivery order
quantity (C22)

Crowdsourcing delivery personnel’s total
delivery order quantity as of the date of

statistics
[37]

Average delivery time
(C23)

(e ratio of total delivery time to the total
number of deliveries [18]

Goods intact (C24)

(e ratio of all the customers who rate the
goods intact to all the customers who have
given their ratings to the crowdsourcing

delivery personnel

[12]

Abilities
(C3)

Job performance or the effective outcomes
achieved by the order completeness during
each delivery of the personnel and is mostly
manifested by the various feedbacks from

the customers

Negative ratings (C31)

(e ratio of all the customers who give
negative reviews like “slow delivery,”

“mismatched meals,” “overtime delivery,”
“poor attitude,” and “unfamiliar with

routes” to all the customers who have given
their ratings to the crowdsourcing delivery

personnel

[18, 19]

Punctuality (C32)

(e ratio of the number of orders delivered
on time (the early or late orders are

excluded) to the total number of orders
delivered

[18]

Extra reward (C33)
Numbers of all the customers who give extra
money reward to the delivery personnel

Our
team

Traits (C4)

Internal or external characteristics or
qualities displayed by the crowdsourcing
delivery personnel via completing each

customer’s order

Politeness and
warmth (C41)

(e ratio of all the customers who rate the
delivery personnel as being polite and warm
to all the customers who have given their

ratings

[39]

Instrument neat (C42)

(e ratio of all the customers who rate the
delivery personnel as being clean and tidy to
all the customers who have given their

ratings

[33, 37]

Responsible (C43)

(e ratio of all the customers who appraise
delivery personnel delivering the goods
even in bad weather to all the customers

who have given their ratings

[20]

Neatly dressed (C44)

(e ratio of all the customers who indicate
the delivery personnel are neatly dressed to
all the customers who have given their

ratings

[33, 37]
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customers. (erefore, the first and most important criterion
to assess whether they are competent as service providers is
for them to deliver goods to the right address at the right
time [76]. Although “Skills” is considered more important
than the other three criteria, a confidence of 0.71 between it
and the dimension of “Abilities” implies that somemanagers
believe abilities play a more important role, since the ability
is a powerful manifestation of individual performance [38],
with skill being a necessary tool to achieve it. (e dimension
of “Abilities” ranks in second place, which means that, in
absolute terms, it is still more important than “Knowledge”
and “Traits,” with a confidence of 1. Among the four main
criteria, it is not surprising to see that “Knowledge” is
considered to be the least important criterion, with even
“Traits” ranking higher with a confidence of 0.94. (is is in
line with the actual situation involving crowdsourcing de-
livery personnel in China because to attract more people to
the crowdsourcing delivery platform the entry barrier is kept
relatively low. Besides, the fact that “Traits” is not ranked the
lowest implies that personal qualities or characteristics are
also considered by experts to be essential elements in en-
suring the quality of service demonstrating personnel’s
competence.

As for the Knowledge dimension, Figure 4 shows that the
criterion “Service awareness” is considered the most im-
portant one, with a confidence of 1, which once again

confirms the importance of customer service awareness for
crowdsourcing delivery personnel, since customer demand
is met by the delivery service, and their service awareness to a
large extent determines the level of quality of the service
being provided [12]. Between previous experience and
training knowledge, the former is considered to be more
important than the latter, with a confidence of 0.67, which
indicates that the managers believe that people who have
previously worked similar jobs are more likely to perform
better in their new environment.

(e credal ranking for the “Skills” dimension in Figure 5
shows that the criterion of “Goods intact” is considered the
most important, with a confidence of 1 against “Total
mileage,” with a confidence of 0.99 against “Order quantity,”
and with a confidence of 0.76 against “Average delivery
time.” (e confidence level between “Goods intact” and
“Average delivery time” is the lowest, indicating that both
time and goods are highly valued by experts in assessing the
competence of crowdsourcing delivery personnel. Also,
“Average delivery time” is almost as important as “Order
quantity” and “Total mileage.”

Concerning the “Abilities” dimension, the criterion of
“Punctuality” appears to be the most important, as shown in
Figure 6, which is also reflected between the “Negative
ratings” and the “Extra reward” with a confidence of 1. (is
is in line with reality, as the additional reward shows the
customer’s superior satisfaction with the crowdsourcing
delivery service although this will not apply to every single
delivery. (e frequency with which it occurs will, in turn,
affect its importance in assessing the competence of the
crowdsourcing delivery personnel.

With respect to the “Traits” dimension, Figure 7
explicitly shows that the criterion of “Responsible” is
superior to the other three criteria, with a confidence of 1,
because the delivery time of crowdsourcing delivery
personnel is more flexible and the constraints are more
relaxed, compared to dedicated delivery personnel [11].
(erefore, the ability to deliver goods to customers in
extreme conditions reflects a responsible attitude and
professional dedication. Of all the criteria, “Politeness
and warmth” is considered to be the least important.

Table 3: Weights of main criteria and subcriteria.

Main criteria Weight Subcriteria Local weight Global weight

Knowledge (C1) 0.104
Knowledge of crowdsourcing delivery (C11) 0.197 0.049

Previous job experience (C12) 0.214 0.053
Customer service awareness (C13) 0.589 0.147

Skills (C2) 0.396

Total mileage (C21) 0.107 0.027
Delivery order quantity (C22) 0.244 0.061
Average delivery time (C23) 0.307 0.077

Goods intact (C24) 0.342 0.086

Abilities (C3) 0.366
Negative ratings (C31) 0.289 0.072

Punctuality (C32) 0.588 0.147
Extra reward (C33) 0.123 0.031

Traits (C4) 0.133

Politeness and warmth (C41) 0.153 0.038
Instrument neat (C42) 0.178 0.044
Responsible (C43) 0.466 0.117

Neatly dressed (C44) 0.204 0.051

Skills

Traits

Knowledge

0.
94

0.71

Abilities

1

1

1

1

Figure 3: Credal ranking for the main criteria.
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However, the relative importance between the criterion
of “Neatly dressed” and “Instrument neat” is not very
significant, with a confidence level of 0.78, which is the
lowest of all confidence levels.

5.2. Competence Analysis of Crowdsourcing Delivery
Personnel. Combining the weights and data discussed
above, the competence scores for crowdsourcing delivery
personnel (CDP) are calculated as shown in Table 4. To
guarantee the privacy of the crowdsourcing delivery per-
sonnel, their names are replaced with numbers.

Based on the competence scores for crowdsourcing
delivery personnel in Table 4, some statistic results can be
derived, as shown in Table 5.

Table 5 shows that, among all the crowdsourcing
delivery personnel, the highest competence score is
assigned to CDP 2, while the lowest score is assigned to
CDP 75. CDP 2’s competence score is more than twice
that of CDP 75. (e significant difference between them is

also reflected in the standard deviation, which is relatively
high, which also clearly illustrates the fact that the
competence of 81 crowdsourcing delivery personnel
varies significantly.

Moreover, we attempt to explore the impact of varying
length of registration time on the competence of crowd-
sourcing delivery personnel, dividing them into four groups
based on a three-month boundary: Group A (1 to 3 months),
Group B (3 to 6 months), Group C (6 to 9 months), and
Group D (more than 9 months). (e personnel numbers are
arranged in descending order accordingly. Similarly, some
basic statistical results can be obtained from different
groups.

Among the four groups in Table 6, the average com-
petence score of Group A is the highest and Group D is the
lowest, with Groups B and C somewhere in between. To-
gether with the overall average score, it can be concluded
that of the nearly half of the undercompetent crowdsourcing
delivery personnel, 42.5% are in Group A, 37.5% in Group B,
15% in Group C, and 5% in Group D. In this light, Group A
continues to be at the bottom of the competence ranking,
while Group D holds the top position, with the value of the
standard deviation distributing in the same order. (e
standard deviation of Group D is the highest and close to
that of the overall level in Table 5. By contrast, the standard
deviation of Group A is the lowest. (ere is a considerable
difference between the competence scores of the two groups,
with the competence of the personnel in Group A being
significantly higher and more stable than that of group
D. (e people in Group D have all worked for the platform
for less than 3 months, and most of them joined fairly re-
cently. As such, they do not have the time to gain the proper
experience, skills, and training, which explains the differ-
ence. On the other hand, there is much less of a difference
between the standard deviation of Groups B and C, who
represent the people that have worked for the platform for
more than 3 months, but less than 9 months, and their
overall competence is relatively stable compared with Group
D. Of these two groups, the people in Group C perform
better than those in Group B, as indicated by the four
statistical indicators presented in Table 6.

(e group comparison proves the positive impact of
registration time on crowdsourcing delivery personnel,
which means that, over time, they become more competent,
a conclusion that is also supported by Figure 8.

Punctuality

Extra reward

Negative ratings

1

1

1

Figure 6: Credal ranking for the “Abilities” dimension.
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Figure 7: Credal ranking for the “Traits” dimension.

1
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0.67
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Figure 4: Credal ranking for the “Knowledge” dimension.

10.93

0.76

Goods intact

Total mileage

1

1 Order quantity

0.
99
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Figure 5: Credal ranking for the “Skills” dimension.
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It is clear from Figure 8 that there is an upward trend
when it comes to competence levels. As time progresses, the
median of the competence scores of the four groups in-
creases, and the gap between the upper and lower limits
narrows. Especially, the fluctuation of the competence scores
of Group A is the most obvious, while Group D has minimal
fluctuation. (is intuitively demonstrates that the more
experienced crowdsourcing delivery personnel are not only
more competent but that their performance is the most
stable as well, with the highest competence score in the other
three groups being higher than the lowest score in Group D,
which indicates that there are some excellent performers
among the crowdsourcing delivery personnel who joined the
platform more recently and that they clearly have the
competence required. (ere are some implications for the
platform managers. (ey need to establish a comprehensive

competence evaluation system for the crowdsourcing de-
livery personnel and then identify the outstanding ones,
especially among those who joined recently. Apart from that,
because of the relatively large turnover in crowdsourcing
delivery personnel, some monetary and nonmonetary in-
centive plans need to be formulated to encourage the out-
performers to stay longer and provide better service quality.

6. Conclusions

In this paper, we conducted a comprehensive competence
analysis of crowdsourcing delivery personnel. During this

Table 4: Competence scores for crowdsourcing delivery personnel.

Number Competence scores Number Competence scores Number Competence scores
CDP 1 0.666 CDP 28 0.608 CDP 55 0.402
CDP 2 0.733 CDP 29 0.586 CDP 56 0.579
CDP 3 0.650 CDP 30 0.709 CDP 57 0.558
CDP 4 0.625 CDP 31 0.546 CDP 58 0.527
CDP 5 0.586 CDP 32 0.565 CDP 59 0.450
CDP 6 0.682 CDP 33 0.626 CDP 60 0.668
CDP 7 0.659 CDP 34 0.663 CDP 61 0.563
CDP 8 0.669 CDP 35 0.703 CDP 62 0.521
CDP 9 0.668 CDP 36 0.681 CDP 63 0.487
CDP 10 0.650 CDP 37 0.473 CDP 64 0.541
CDP 11 0.684 CDP 38 0.577 CDP 65 0.609
CDP 12 0.584 CDP 39 0.724 CDP 66 0.504
CDP 13 0.692 CDP 40 0.562 CDP 67 0.565
CDP 14 0.715 CDP 41 0.599 CDP 68 0.595
CDP 15 0.691 CDP 42 0.482 CDP 69 0.569
CDP 16 0.550 CDP 43 0.557 CDP 70 0.542
CDP 17 0.673 CDP 44 0.544 CDP 71 0.517
CDP 18 0.652 CDP 45 0.594 CDP 72 0.530
CDP 19 0.564 CDP 46 0.439 CDP 73 0.431
CDP 20 0.603 CDP 47 0.670 CDP 74 0.537
CDP 21 0.650 CDP 48 0.463 CDP 75 0.314
CDP 22 0.600 CDP 49 0.492 CDP 76 0.600
CDP 23 0.562 CDP 50 0.534 CDP 77 0.542
CDP 24 0.707 CDP 51 0.538 CDP 78 0.520
CDP 25 0.601 CDP 52 0.525 CDP 79 0.386
CDP 26 0.536 CDP 53 0.587 CDP 80 0.368
CDP 27 0.626 CDP 54 0.490 CDP 81 0.366

Table 5: Statistical results for overall competence scores.

Personnel N Mean Max Min SD
Overall 81 0.575 0.733 0.314 0.089

Table 6: Statistical results for different groups’ competence scores.

Group N Mean Max Min SD
Group A 20 0.502 0.609 0.314 0.082
Group B 21 0.536 0.670 0.402 0.068
Group C 21 0.615 0.724 0.473 0.064
Group D 19 0.652 0.733 0.550 0.049
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Figure 8: Competence scores of different groups.
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process, we developed a multicriteria competence analysis
(MCCA) approach as a new way to assess the competence of
personnel with the MCDA method embedded to implement
the MCCA approach. To illustrate the MCCA approach, we
conducted a real-world case study of a Chinese takeaway
delivery platform to perform the competence analysis of
crowdsourcing delivery personnel and applied the Bayesian
best-worst method to identify the weights of the criteria in
MCCA. Once the weights were obtained and the compe-
tence scores collected, the additive value function was used
to generate the overall competence level of the crowd-
sourcing delivery personnel. (e relationship between their
competence level and some other variables was also dis-
cussed, allowing us to draw the following conclusions.

6.1. 7eoretical Implications

(1) Combining the crowdsourcing delivery environment
with competence evaluation expands the extension
of the competence theory. To the best of our
knowledge, this is the first time that the competence
theory is applied in the field of crowdsourcing de-
livery. Besides, the developed MCCA approach
provides a new approach to the competence analysis
of personnel by considering the comprehensive
impact of multicriteria from an MCDA perspective.
As such, both the comprehensive competence
analysis of crowdsourcing delivery personnel and the
proposed MCCA approach enrich existing research
in the areas of competence, crowdsourcing, and
logistics.

(2) (e MCCA approach builds a generic analysis
framework to assess the competence of personnel,
while the real-world case study provides a solid
validation of its applicability. Furthermore, it is not
limited to the area of crowdsourcing delivery: as long
as the multiple criteria and corresponding scores for
the personnel are determined within a specific
working environment, the MCCA approach can
always provide reasonable results, which means it
can be used in other industries as well.

(3) Bayesian BWM serves as an effective tool for
implementing the MCCA approach. Given the
predetermined criteria in MCCA, it produces more
colorful results that reflect the preferences of DMs
and the relative relationships between the criteria
from a probabilistic angle. For instance, if we look at
the main dimensions of the proposed KSAT
framework, “Skills” is the most important criterion,
with a confidence of 1 over “Traits” and “Knowl-
edge,” in which case DMs’ preference of a criterion
could be confirmed explicitly with a certain confi-
dence level.

6.2. Managerial Implications

(1) In the tailored MCCA framework, “Skills” is con-
sidered the most important and “Knowledge” is the

least important, which indicates that it is important
for managers to consider certain job skills, not only
when hiring and promoting personnel, but also in
terms of job training, entry setting, and post-
screening for personnel. As for the dimension of
“Knowledge,” although it is considered the least
important in this particular case, it may be more
important in other scenarios. Moreover, there are
four critical criteria identified from the 14 sub-
criteria, indicating that a comprehensive competence
evaluation system needs to be established in which
core elements need to be prioritized when analyzing
the competence of the personnel involved.

(2) In the crowdsourcing delivery market, the delivery
personnel consist of a large number of people with a
complex composition and high level of mobility,
creating enormous challenges for themanagement of
a crowdsourcing platform. To keep the organization
healthy, the managers have to develop standardized
operating procedures, management systems, and
incentive plans to retain personnel, including the use
of ICT and social welfare policies. Also, the MCCA
can be seen as a learning tool rather than as a mere
grading system. It can help crowdsourcing delivery
personnel understand their strengths and weak-
nesses and allow them to improve in areas where
they are weaker, in a structured and targetedmanner.

(3) How long crowdsourcing delivery personnel have
been on the job has a significant impact on their
competence level and stability. A comparison of the
four groups shows that their competence levels
improve over time, while more pronounced fluc-
tuations reflect a shorter time on the job. At an
individual level, this provides some indication that
competence is an individual’s accumulated perfor-
mance in many aspects during a certain period,
which means that every dimension in the proposed
KSAT framework is indispensable when it comes to
the development of competence. Meanwhile, it
motivates platform managers to formulate attractive
human resource policies, provide convenient
equipment and facilities, and create a better working
environment for the crowdsourcing delivery per-
sonnel, persuading them to stay and thus sustain the
platform’s long-term development.

6.3. Future Research. In this paper, we performed the
competence analysis of crowdsourcing delivery personnel by
using the data collected from Chongqing, while the sample
size was also limited. Future research could collect more data
from different regions, possibly integrating big data analysis
techniques into the MCCA approach. Furthermore, the
developed MCCA approach was illustrated by a real-world
case study set within a specific crowdsourcing delivery
scenario. (ere are other delivery modes as well, like ded-
icated delivery and merchant’s taking care of the delivery
themselves, and future studies could compare these different
alternatives using the method set out in this paper. Finally,

14 Complexity



while we used additive value function as an aggregation
method, there are alternative methods as well, including
outranking methods, to aggregate the data being collected.

Data Availability

(e data used in this paper consists of two parts. For the
internal statistical data of the crowdsourcing delivery plat-
form such as average delivery time, total delivery mileage,
and customer ratings as well as the data obtained by con-
ducting telephone interviews with crowdsourcing delivery
personnel working on this platform such as total order
quantity, registration time, and relevant work experience,
they have not yet made available because these data belong to
the right of a third party, the crowdsourcing delivery
platform, so the authors can only use these data for academic
research, but have no right to publish data sources. For
another part of the data, the Bayesian BWM questionnaires
that were sent to the site managers are available by sending
an e-mail to the corresponding author at wx921@163.com.
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