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Abstract. The combination of clothing industry and crowdsourcing supply chain
(CSC) is becoming a research hotspot. For the clothing industry, “crowdsourcing”
is introduced into the traditional supply chain operation. Firstly, based on the
newsboy model, a basic ordering model (BM) is constructed. Then the optimal
pricing and ordering decisions under decentralized decision-making and central-
ized decision-making are compared and analyzed. Furthermore, in order to con-
tinuously obtain high-quality creativity, considering the participation incentive
of crowdsourcing designers and enterprise inventory risk avoidance, a positive
and negative incentive ordering model (PNI) for designers is proposed. Through
mathematical derivation and theorem proof, the optimal utility and optimal order
quantity of supply chain and crowdsourcing designers are obtained. Finally, the
optimal pricing order problem of the two policy models is solved through data
simulation, and further sensitivity analysis of the fabric consumption rate, order
quantity and other parameters are carried out. It is concluded that centralised
decision-making under BM is superior to decentralised decision-making, and PNI
has some practical value in improving supply chain profitability and expanding
order volumes for apparel retailers.

Keywords: Clothing industry · Crowdsourcing supply chain · Ordering
decision · Positive and negative incentives · Risk sharing

1 Introduction

The combination of crowdsourcing supply chain (CSC) and clothing industry is becom-
ing a research hotspot [1]. In order to satisfy the individual needs of consumers, com-
panies attract the community to participate in clothing design process with lower costs
and reasonable incentives by the Internet platform. The earliest application of CSC
in the clothing industry can be traced back to the Threadless [2], a crowdsourcing e-
commerce platform which mass-produced popular designs selected by experts. In addi-
tion, ZARA’s fast fashion model of “multiple styles and small batches” used the idea of
“crowdsourcing” to effectively reduce inventory. H&M fast fashion products also began
to build a crowdsourcing platform to try to develop private customization services.
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Although CSC has achieved initial effects in clothing industry, it has not yet received
much attention from industry practitioners and researchers. There are still two problems:
1) Unlike traditional large manufacturing enterprises (Haier, Dell, P&G, etc.), the diffi-
culties of design and crowdsourcing remuneration in clothing industry are so lower that
can not effectively incentivise designer participation.

2) To enhance supply chain profits, clothing crowdsourcing should improve incentive
mechanisms and risk sharing strategies in the production decision process.

At present, research is mainly focused on crowdsourcing supply chains based on
product design and incentives for contracting parties. Jizi Li et al. [3, 4] deeply coupled
crowdsourcing and supply chain, and built a hybrid online and offline custom design
production decision model. Chunling Liu [5] proposed the optimization of delayed pro-
duction in crowdsourced supply chains based on information updates. Xiuli Meng et al.
[6] constructed a crowdsourcing logistics service network model from the perspective
of optimizing the quality of crowdsourcing logistics services, considering the platform
penalty policy.

Bayus et al. [7] conducted experimental analysis on the transaction data of Dell’s vir-
tual crowdsourcing community, and made some strategic suggestions to maintain high-
quality creative ideas. Ming [8] studied the experimental data on Kaggle, and obtained
two factors that affect the participation of crowdsourcing designers: random factors and
level of effort, so as to optimize the incentive mechanism of competition design. Wang
[9] empirically investigated more factors affecting individual participation in crowd-
sourcing contests through the Kaggle platform. Tracy et al. [10] analysed Taskcn’s field
experiment data and proposed three comparative models: Contests, Ranked contests and
All-Paying auctions to find the most appropriate mechanism, which increases the partic-
ipation of the community at large. Shuchi et al. [11] proposed an optimal crowdsourcing
competition theory. Chen [12] analysed the effect of competition length on crowdsourc-
ing and added it to model building. Meng-Meng Wang [13] focused on the influence
mechanism of continuous participation of answerers. Liang [14] developed a mediated
mediation model to explain the interaction effect of internal and external incentives.
Ayaburi et al. [15] used Expectation-Confirmation Theory (ECT) to explain the dura-
tion and performance of the competition by building a model. Patrick et al. [16] further
analysed strategic decisions to improve crowdsourcing innovation performance. Philipp
et al. [17] investigated the link between customer investor participation in crowdfunding
and crowdsourcing related. Gerry et al. [18] focused on blockchain platforms relying on
token-weighted voting to obtain user crowdsourcing information.

In short, there are few cross studies on “crowdsourcing supply chain” and “contractor
incentive” in the existing literatures. Therefore, this paper firstly introduces the idea of
“crowdsourcing” into the clothing design process and establishes the basic model based
on actual production and operation problems of the clothing industry. Furthermore, this
paper constructs a positive and negative incentive strategy for crowdsourcing design-
ers, which encourages designer participation and constrains designer fraud at the same
time, and further discusses crowdsourcing supply chain design optimization and pricing
ordering decision optimization under the incentive mechanism.
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Fig. 1. CSC Structure

2 Basic Model

2.1 Problem Description and Symbolic Representation

As shown in Fig. 1, it is assumed that the supply chain consists of a fabric supplier, a
garment manufacturer, a garment retailer, a crowdsourcing platform, a number of crowd-
sourced designers and consumers. The garment retailer is the closest supply chain mem-
ber to the consumer, collecting consumer demand through the crowdsourcing platform’s
online community and translating it into design tasks on the platform. The designers
participate in designs based on the initial demand information of the design tasks. The
consumer can rate or order all the garment designs, the winning designs are selected for
production by the garment manufacturer, and finally the products are delivered directly
to the consumer by post.

Specific variables are defined as Table 1.
For the sake of generality, the following assumptions are made.

(1) Lead time for two-tier ordering and production time for garment manufacturers is
excluded.

(2) Only one winning design is produced for each design situation.
(3) Production operations in each custom design scenario have the same cost-benefit

analysis.
(4) pc > r > cm > μ > λ, cm + cs(pc) < pc, �pc ≥ r, There are no inventory costs.

2.2 Mathematical Models

Separate and centralised ordering decisions should be considered for garment retailers
and garment manufacturers respectively.

Manufacturer Basic Model (MBM).

After receiving the winning design from the crowdsourcing platform, the garment
manufacturer will order from the fabric supplier before ordering from the crowdsourcing
platform, whose profit function can be expressed as (1).

�m = r · min(n/θ, qr) − pl · n − cm · n/θ − λ · [
qr − n/θ

]+ (1)

The profit of garment manufacturers is composed of four parts: the first part is total
revenue, the second part is fabric ordering cost, the third part is production cost, and the
fourth part is out of stock penalty cost. The decision variable is qm.
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Table 1. Description of variables

Variables Description

k Customised product design contexts

Dk Consumer needs in each design context

cm Production costs per unit of product for garment manufacturers

r Wholesale prices for garment manufacturers

pc Retail prices of garment retailers

pl Fabric prices

qr Order volumes from garment retailers to garment manufacturers

qm Order volumes from garment manufacturers to fabric suppliers

n Actual number of fabrics supplied by fabric suppliers

n/qm Proportion of fabric supply from fabric suppliers, Exogenous random variables ν

θ Fabric consumption rate

n/θ Actual number of products available from fabric suppliers

μ Unit cost of lost sales opportunities for garment retailers due to stock-outs

λ Unit out-of-stock penalties imposed by garment retailers on garment manufacturers

Ω Discount coefficient

S Crowdsourcing designers

cs Crowdsourcing design remuneration, cs = f (pc)

Lemma 1 When the parameters satisfy certain conditions, for qr in the design scenario
k, there is an optimum q∗

m that maximises the manufacturer’s profit.

Certification Supposed that the exogenous random variable ν obey the uniform
distribution of U(0,1). (2) can be obtained by (1), with n = ν · qm.

�m = r · min(ν · qm/θ, qr) − pl · ν · qm − ν · qm · cm/θ − λ
[
qr − ν · qm/θ

]+ (2)

As known E(ν) = 1/2, g(ν) = 1(0 ≤ ν ≤ 1), and θ · qr/qm > 1, and (3) could be
get by expanding the expectation in integral form.

E(�m) = r
∫ θ ·qr/qm

0
ν · qm/θdν − λ

∫ θ ·qr/qm

0
(qr − ν · qm/θ)dν

− (plθ + cm)/2θ · qm (3)

The first derivative and the second derivative of (3) can be calculated as follows.

∂E(�m)/∂qm = 2λθq2r /q
3
m − (r + λ)θq2r /2q

2
m − (plθ + cm)/2θ (4)

∂2E(�m)/∂q2m = −6λθq2r /q
4
m + (r + λ)θq2r /q

3
m = θq2r

[
(r + λ)qm − 6λ

]
/q4m (5)
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According to the actual situation, ∂2E(�m)/∂q2m > 0. That is, when all parameters
meet the conditions ∂E(�m)/∂qm = 0, there is an optimal q∗

m maximize manufacturer’s
profit. Take qr = qm into the first derivative, it can be get ∂E(�m)/∂qm > 0 and
q∗
m ≥ qr .The certificate is completed.

From Lemma 1, it is clear that garment manufacturers will maximise their expected
profits by appropriately scaling up orders from garment retailers.

Retailer Basic Model (RBM).

Under this supply chain structure, the profit of clothing retailer can be expressed as
(6).

�r = pc min(n/θ,Dk) + �pc[min(n/θ,Dk) − Dk ]
+ + λ

[
qr − n/θ

]+

− rmin(n/θ, qr) − μ
[
Dk − min(n/θ, qr)

]+ − cs(pc) (6)

The profit of the clothing retailer consists of six parts: the first part is the revenue in
the normal sales period, the second part is the sales revenue in the off-season clearance
period, the third part is the penalty for the shortage of clothing manufacturers, the fourth
part is the ordering cost, the fifth part is the shortage cost, and the sixth part is the
crowdsourcing design cost.

Lemma 2 When n/θ = qr = Dk , the clothing retailer realizes the supply and demand
matching and eliminates the supply uncertainty of the clothing manufacturer and the
demand uncertainty of the end consumer. The maximum value of the objective function
can be obtained as (7).

E(�r) = −a · p2c + (qr − b) · pc − r · qr − c (7)

Certification When the demand is determined, the garment retailer orders prod-
ucts according to the demand of the end consumer, setting qr = Dk . The garment
manufacturer orders products according to the order quantity of the garment retailer,
setting qm = qr . When the supply is determined, the fabric supplier will supply prod-
ucts according to the manufacturer’s order quantity, setting n/θ = qm.Substitute these
equation relations into (6) to get (7). The first derivative and the second derivative of
Eq. (7) could be calculated respectively as (8) and (9).

∂E(�r)/∂pc = −2apc + qr − b (8)

∂2E(�r)/∂p
2
c = −2a (9)

When setting a > 0, there is an optimal p∗
c = (qr − b)/2a to maximize the profit of

(7). The certificate is completed.

Lemma 3 For clothing retailers, after selecting the optimal pricing, when only elimi-
nating consumer demand uncertainty, there is a minimum order quantity qm for garment
manufacturers to maximize the expected profits of garment retailers.
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Certification When only eliminating consumer demand uncertainty, qr = Dk ,
min(n/θ,Dk , qr) = min(n/θ, qr). Garment retailers do not have salvage items that
need to be sold at a discount, nor do they have their own out-of-stock penalties. (6) can
be rewritten as (10).

�r = pc min(n/θ, qr) + λ
[
qr − n/θ

]+ − rmin(n/θ, qr) − cs(pc) (10)

Due to the uncertainty of supply from fabric suppliers, garment manufacturers need
to increase their order volumes to try to meet the orders of garment retailers. However,
since consumer demand fluctuates in a stable range, even if the garment manufacturers
expand their orders indefinitely, the expected profit of the garment retailers can only be
maintained at a relatively stable level. The certificate is completed.

Lemma 4 For garment retailers, after selecting the optimal pricing, when only elimi-
nating the uncertainty of actual supply of garment manufacturers, there is still an optimal
retailer order quantity q∗

r to maximize their expected profits.

Certification When eliminating the uncertainty of actual supply of garment manu-
facturers, min(n/θ,Dk , qr) = min(DK , qr). Garment retailers do not have out-of-stock
penalties for garment manufacturers. (6) can be rewritten as (11).

�r = pc min(n/θ,Dk) + �pc
[
qr − Dk

]+ − r · qr − μ
[
Dk − qr

]+ − cs(pc) (11)

The first and second order derivatives of qr could be calculated, and it can be proved
in the same way as Lemma 1. The certificate is completed.

Centralized Decision Model (CDM).

Yi-Peng Li et al. [19] argue that under decentralized decision making, due to double
uncertainty, garment manufacturers will enlarge garment retailers’ order quantity to
maximize their own expected profit, and garment retailers will also appropriately enlarge
their order quantity due to the possible lack of capacity of garment manufacturers.
Therefore, the order quantity of garment manufacturers is often smaller than the order
quantity of garment retailers in an attempt to increase the order quantity of garment
manufacturers by initiating a centralized decision to maximize their expected profits.

Under centralized decision-making, members at all levels share information and
make ordering decisions with the goal of maximizing the global desired profit of the
supply chain. The global profit of the supply chain can be expressed as (12).

�s = pc min(n/θ,Dk) + �pc[min(n/θ,Dk) − Dk ]
+

− pln − cm · n/θ − μ[Dk − n/θ ]+ − cs(pc) (12)

Theorem 1 The expected profit of the centralized decision is a concave function with
respect to qm, and there exists an optimal q∗

m that maximizes the profit and outperforms
the decentralized decision.

Certification Expanding the expectation of (10) in integral form and calculating the
first-order derivative and second-order derivative for qm respectively, then it is proved in
the same way as Lemma 1. It is verified by arithmetic analysis 4.1 that q∗

m is increased.
The certificate is completed.
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3 Positive and Negative Incentive Strategies for Designers (PNI)

Consider designing positive and negative incentive contracts that incentivize crowd-
sourced designers while optimizing the global expected profit of the supply chain.
Positive incentives means increasing crowdsourcing compensation. Negative incentive
that considers the crowdsourcing designer risk compensation, the winning crowdsourc-
ing designer needs to sign a risk compensation contract with the crowdsourcing plat-
form. Products that have not been sold out after the discount clearance need contractual
compensation. The following new variables and assumptions are added as Table 2.

Assuming that M=NP (μ > pc), and crowdsourcing design remuneration is related
to M and qr , that is cs = ρ · qr + βM . The strategy is shown in Fig. 2.

Then the profit expression of supply chain global can be rewritten as (13).

�s = γ�pc[min(n/θ,Dk) − Dk ]
+ + (1 − γ )pb[min(n/θ,Dk) − Dk ]

+

+ pc min(n/θ,Dk) − pln − cm · n/θ − μ[Dk − n/θ ]+

− (ρ · min(n/θ,Dk) + βM ) (13)

For crowdsourcing designers, their own effectiveness can be expressed as (14).

Us = ρ · min(n/θ,Dk) + βM − (1 − γ )pb[min(n/θ,Dk) − Dk ]
+ (14)

For garment retailers, the profit function can be rewritten as (15).

�r = pc min(qr,Dk) + γ�pc
[
qr − Dk

]+ + (1 − γ )pb
[
min(qr,Dk) − Dk

]+

− r · qr − μ
[
Dk − qr

]+ − (ρ · min(qr,Dk) + βM ) (15)

Table 2. Description of new variables

Variables Description

pb Compensation price

γ Percentage of discounted promotional products

N Number of potential crowdsourced designers

M Number of actual participating crowdsourced designers

μ Crowdsourced designers’ product valuation of their own design work

Centralised 
decision-making

Increase supply chain profit

Product pricing Whether to attend

Valuation of 
potential designers

Base compensation 
settings

Supply Chain 
decision making

Enter
the competition

Participation of
the actual designer

Increase designer 
utility

Fig. 2. Schematic Diagram of Positive and Negative Incentive Strategies
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Theorem 2 Under the centralized decision, considering PNI, there exists an optimal
garment retailer order quantity that maximizes the profit of the garment retailer and an
optimal garment manufacturer order quantity that maximizes the global profit of the
supply chain.

Certification Expanding the expectation of (13) in integral form and finding the
first-order derivative and second-order derivative for qm respectively, then it is proved
in the same way as Lemma 1. When each parameter satisfies certain conditions, that is
∂�s/∂qm = 0 and ∂2�s/∂q2m > 0, there exists an optimal q∗

m that maximizes �s. The
certificate is completed.

Theorem 3 The global profit of the supply chain under the PNI is better than the BM,
and the order quantity of the garment retailer increases under the same condition, while
the optimal order quantity of the garment manufacturer remains unchanged.

Certification According to Theorem 2, solving the optimal garment manufacturer
order quantity and substituting it into (12) and (13) respectively, this paper obtains
significantly larger results under the PNI than the BM case. The details are verified in
Sect. 4.1. The certificate is completed.

4 Example Analysis

4.1 Model Comparison Analysis

On the basis of the above analysis, this section verifies all mentioned lemmas and the-
orems above. Using Matlab to generate 864,000 random demand and random supply
data simulating various data changes under one day per second views of the platform.
Assume that Dk is correlated with the number of second views on the platform. Among
them, the probability of the degree of views per second, the probability distribution of
product demand, and the proportion of random supply are shown in Tables 3, 4, and 5
respectively.

Using rand function to generate 86400*3 random data with 0–1 distribution. In
addition, without loss of generality, assign values to some of the parameters: pl = 30,
cm = 10, r = 60, pc = 100, λ = 5, μ = 10, � = 0.1, θ = 1.2.

Under decentralised decision making, Fig. 3 (Simulation time is about 2604s)
validates the Lemma 1 ~ 4.

For (a), under the condition DK = qr , there is an optimum q∗
m = 96 for the garment

manufacturer to maximize its desired profit, which is 462.33. For (b), to facilitate the

Table 3. Probability of the degree of views per second

Second browsing probability Views per second Cumulative probability

0.2 high 0.2

0.6 secondary 0.8

0.2 low 1
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Table 4. Probability distribution of product demand

Demand High Cumulative
probability

Medium Cumulative
probability

Low Cumulative
probability

40 0.03 0.03 0.10 0.10 0.44 0.44

50 0.05 0.08 0.18 0.28 0.22 0.66

60 0.15 0.23 0.40 0.68 0.16 0.82

70 0.20 0.43 0.20 0.88 0.12 0.94

80 0.35 0.78 0.08 0.96 0.16 1

90 0.15 0.93 0.04 1 0.00

100 0.07 1 0.00 0.00

Table 5. Proportion of random supply

Actual supply proportion Supply random number Cumulative probability

0.5 0.5 0.5

0.7 0.4 0.9

0.9 0.1 1

calculation, set cs = 0.1p2c +5pc +100. Under deterministic supply chain, n/θ = Dk =
qr , as qm rises, garment retailers’ profit rises and then falls, when p∗

c = 291, the garment
retailer maximizes its desired profit, which is 4309.9. For (c), when only eliminating
consumer demand uncertainty, under optimal pricing, the expected profit of the garment
retailer increases with qm until it reaches a more stable trend. There exists a minimum
qm = 260, which allows the garment retailer to maximize the expected profit 4288.2.
For (d), when only eliminating manufacturer’s actual supply uncertainty, under optimal
pricing, the expected profit of the garment retailer increases and then decreases with qr .
There exists an optimal q∗

r = 80, so that the garment retailer maximizes its expected
profit, which is 3499.7.

Table 6 (Simulation time is about 592s) shows the impact of different retail prices
pc on decentralized decision making. As pc increases, q∗

m stays the same and q∗
r shows a

small upward trend, and is always smaller than pc. The global expected profit rises and
then falls, and the maximum profit is achieved at 4058.1 with pc = 260. Due to the lack
of supply from fabric suppliers and fabric wastage, garment manufacturers will scale up
their orders to try to meet the orders of garment retailers.

Figure 4 (Simulation time is about 451s) validates the Theorem 1. Under the cen-
tralized decision, the global expected profit increases and then decreases with qm. There
exists an optimal q∗

m = 166, so that the supply chain maximizes its expected profit,
which is 3602.3. It can be seen that the order volume to fabric suppliers can be increased
under centralized decision making. This indicates that centralized decision making is
better than decentralized decision making.
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Fig. 3. Lemma 1 ~ 4verification diagram

Table 6. Impact of different retail prices on decentralized decision-making

pc q∗
r q∗

m Global profit

140 60 96 977.3

160 64 96 1552.0

180 70 96 2066.3

200 71 96 2600.2

220 75 96 3336.7

240 78 96 2651.6

260 81 96 4058.1

280 82 96 3915.8

300 79 96 3843.4

Further the new variables are assigned: γ = 0.8, N = 500, ρ = 0.2, β = 0.5,
pb = 50, μ ~ N (260, 502). Tables 7 and 8 verify Theorems 2 and 3.

Select the optimal pricing data in Table 8 for model comparison analysis, as shown
in Fig. 5.

From a comprehensive perspective, PNI significantly increases the global expected
profit of the supply chain, but reduces the crowdsourced designer utility. It is necessary
to find the equilibrium price so that the CSC supply chain and the crowdsourced designer
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Fig. 4. Theorem 1 verification diagram

Table 7. Profit and optimal order quantity (pc = 100) (Simulation time is about 1531s)

Policy model �r |q∗
r �s|q∗

ms Us|q∗
mu

BM 308.4|q∗
r = 60 874.2|q∗

ms = 120 1600|q∗
mu = 120

PNI 1640.9|q∗
r = 60 2216.8|q∗

ms = 120 262.2|q∗
mu = 290

Table 8. Profit and optimal order quantity (pc = 260) (Simulation time is about 1532s)

Policy model �r |q∗
r �s|q∗

ms Us|q∗
mu

BM 3421.4|q∗
r = 60 3602.8|q∗

ms = 152 8160|q∗
mu = 152

PNI 11328.0|q∗
r = 79 11621.0|q∗

ms = 152 137.4|q∗
mu = 237

game each other to a more stable level, and the positive and negative incentives work
best.

As seen in Table 9, there exists pr = 140 bringing the positive and negative incentive
effects to an optimal equilibrium level.

4.2 Sensitivity Analysis

To investigate the impact of relevant parameter settings on crowdsourcing supply chains
and crowdsourcing designers, PNI is used as the basis, supplemented by BM for
comparative analysis.

Figure 6(a)(b) shows the impact of θ on garment manufacturers and retailers. As θ

increases, the optimal order quantity and the maximum profit of the garment retailer do
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Table 9. PNI profit and optimal order quantity (Simulation time is about 9210s)

pr �s|q∗
ms Us|q∗

mu

100 2216.8|q∗
ms = 120 262.2|q∗

mu = 290

120 3314.2|q∗
ms = 135 461.3|q∗

mu = 288

140 4464.5|q∗
ms = 140 458.7|q∗

mu = 273

160 5631.0|q∗
ms = 143 452.2|q∗

mu = 286

180 6807.5|q∗
ms = 144 437.7|q∗

mu = 277

200 7996.2|q∗
ms = 144 410.6|q∗

mu = 292

220 9197.9|q∗
ms = 147 367.1|q∗

mu = 265

240 10401.0|q∗
ms = 147 307.3|q∗

mu = 292

260 11621.0|q∗
ms = 152 137.4|q∗

mu = 237

not change much, but the optimal order quantity of the garment manufacturer gradually
increases and the maximum profit gradually decreases, which indicates the technology
of garment production should be further refined to reduce the fabric consumption rate.
Figure 6(c) shows the impact of qm on CSC supply chain profit and crowdsourcing
designer utility. As qm increases, the crowdsourced designer utility remains basically the
same, while the supply chain profit gradually decreases. Since the number of potential
participants is larger, the crowdsourcing design payoff is more related to the number of
potential participants, and the order quantity has less influence on the crowdsourcing
design payoff. Therefore, it should increase the publicity of the crowdsourcing platform
to explore more potential participants in order to motivate the crowdsourced designers
to a greater extent. Figure 6(d) shows the impact of μ on CSC supply chain profit and
crowdsourcing designer utility. In practice, designers of different ability levels value
their design works differently. For some uncommon apparel such as wedding dresses
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Table 10. Impact of value convergence on profits

profit under PNI N (260, 502) N (260, 1002)

Crowdsourcing Designer 458.7 410.6

Crowdsourcing supply chain 4459.8 4493.4

and evening gowns, designers have more room to create and tend to have lower value
convergence.

Table 10 shows that when μ decreases, the designer utility also decreases, but the
supply chain profit increases. This correlates with the intensity of the competition, the
more intense the competition, the lower the probability of winning and the lower the
designer’s utility. However, the likelihood of obtaining high-quality creative designs
increases, and so does the supply chain profit.

5 Conclusions

The clothing industry, which mainly deals with fast fashion products, has encountered
bottlenecks in its development and is in need of transformation and upgrading. In view
of this, this paper establishes a basic production decision model for clothing companies
to reduce design cost and inventory risk. In order to obtain continuous high-quality
creativity and avoid crowdsourcing fraud, a positive and negative incentive mechanism
is constructed to optimize the supply chain design from the perspective of crowdsourced
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designers’ behavior, and a risk-sharing contract is developed to maximize the expected
utility of the crowdsourcing supply chain and crowdsourced designers. Finally, this paper
performs example analysis and concludes that PNI is better than BM, which improves
the supply chain profit and expands the order quantity of garment manufacturers.

However, this paper does not consider how to determine a series of parameter settings
such as crowdsourcing designer effort and experience value, and how to further circum-
vent crowdsourcing fraud. It is also necessary to set up reasonable ability assessment
mechanism and reputation scoring mechanism to effectively solve the above problems,
and these settings will be the direction of future research.
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