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Under the premise of coordinated procurement bilateral and multi-issue negotiation, adaptive negotiation strategy has become
an essential factor for multiagent conflict resolution. This paper studies an adaptive negotiation strategy based on selective
integrated learning, which effectively improves negotiation. First, take the suppliers and purchasing companies in the
cluster supply chain as the research objects and analyze the characteristics of multilateral negotiation of collaborative
procurement. Secondly, the support vector machine algorithm performs adaptive learning for each evaluation data set to
estimate the concession range. On this basis, remove the few submodels that perform poorly, recombine the calculation
weights, and establish a multiagent clustered supply collaborative procurement negotiation model. The simulation
experiment proves the feasibility of the adaptive negotiation strategy and the effectiveness of the adaptive coordination
strategy based on selective ensemble learning proposed in this paper from the aspects of concession range prediction error
rate, prediction accuracy rate, and negotiation utility.

1. Introduction

In recent years, with the rise of new technologies represented
by artificial intelligence [1], blockchain [2], big data [3], and
mobile Internet [4], the global economy [5] and information
technology [6] have developed rapidly, and consumer
demand has been escalating. In an open and competitive
market environment, the industry’s uncertainty factors [7]
are multiplying day by day, and many companies cannot
respond quickly to changes in market demand. They cannot
face the complex and dynamic market environment alone. A
large number of traditional enterprises are facing a compet-
itive environment of industrial upgrading. Many companies,
especially manufacturing companies, have adjusted their
internal organizational structure, effective management,
and cooperation. The rationale uses its resources and other
methods to respond to dynamically changing market
demands. Although this kind of change of the enterprise
has achieved specific results, the actual effect is not signifi-
cant in the face of dynamic market changes, and it is not
the way of long-term survival and development of the enter-

prise. In order to quickly respond to the diverse needs of
customers, companies need to cooperate with supply chain
partners to develop relevant technologies, share information,
and complementary resources to seek long-term sustainable
and healthy development. Therefore, to adapt to market
globalization and fierce competition pressure, the collabora-
tion between upstream and downstream companies in the
supply chain and between industries is required, especially
in the procurement, production, logistics, and inventory
links between partners in the supply chain [8].

The emergence of industrial clusters [9] has promoted
the sound development of the regional economy. Industrial
clusters refer to the combination of companies and institu-
tions that are geographically concentrated and related to
each other in a specific field [10, 11]. Its organizational form
is the cooperation mode between enterprises in a fixed geo-
graphic space. Geographical aggregation can form a unique
credit advantage, effectively reducing transaction costs and
actively promoting the innovation and diffusion of knowl-
edge, in developed countries, such as the machinery industry
cluster in the Baden-Württemberg region in southern
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Germany, the jewelry industry cluster in the Arezzo region
of Italy, the electronics industry cluster in the US Silicon
Valley, and Highway 128 and in developing countries, such
as the information industry cluster in Bangalore, India, and
the electronics industry cluster in Baja California, Mexico.
Distinctive industrial clusters help the regional economy to
proliferate in the country.

The shortcomings of industrial clusters [12] promote the
development of the industrial cluster supply chain. Enter-
prises in the supply chain of an industrial cluster can collab-
orate to give play to the advantages of the industrial cluster’s
scale and reduce transaction costs. There are specific
restraint schemes and codes of conduct [13] among enter-
prises in the cluster supply chain to prevent conflicts of
interest between individual enterprises in the cluster and
the overall industrial cluster and pursue the industrial clus-
ter’s long-term development. Given the ever-changing inter-
active behaviors among cluster enterprises [13], the cluster-
type supply chain is also constantly changing. Based on their
different technical capabilities and market needs, the node
enterprises on the cluster supply chain will make targeted
crosschain connections to form an agile supply chain net-
work [14, 15]. In order to better adapt to rapidly changing
market demands [16], reduce user search costs, improve ser-
vice levels, and enhance customers’ overall understanding
and cognition of the cluster, business collaboration and
coordinated development between the supply chains of
industrial clusters are becoming more and more critical.

This article focuses on the research on collaborative pro-
curement in the supply chain of industrial clusters driven by
e-commerce. Procurement is the source of the production
and marketing process of the supply chain and a critical link
in the development of an enterprise. Statistics show that
every 1% saving in raw material procurement costs is equiv-
alent to an increase of 8% to 10% in sales. In the fiercely
competitive market environment, the traditional indepen-
dent procurement model faces low bargaining power, small
quantity discounts, high procurement management costs
and risks, inability to share information, and slow response
to customer needs. Procurement costs have remained high.
Cooperative procurement is a new procurement method
developed in recent years. The above problems can be solved
by establishing a complete information sharing mechanism
and setting up suitable incentive measures and target con-
straints. Collaborative procurement can save a lot of time
and economic costs for enterprises in the cluster and focus
their energy on developing new products, marketing, and
other business expansion.

This paper takes the suppliers and purchasing compa-
nies in the cluster supply chain as the primary research
objects, analyzes the characteristics and processes of multi-
lateral negotiation of collaborative procurement between
the companies in the supply chain, and establishes a clus-
tered supply chain based on multiagent solve the problem
of collaborative procurement. The negotiation framework,
combined with the objective constraint function of the best
supplier selection problem, constructs a multiagent clustered
supply chain collaborative procurement negotiation model
[16], adopts efficient and intelligent adaptive negotiation

strategies based on selective integrated learning, and effec-
tively resolves collaboration. During the procurement pro-
cess, the negotiation issues between the procurement
parties are conflicting. It assists the procurement enterprises
in the industrial cluster to quickly, effectively, and economi-
cally select suitable suppliers, finally, through the simulation
and function of the collaborative procurement adaptive
negotiation strategy.

2. Related Works

Simply speaking, collaborative procurement [17] transforms
the purchasing enterprises and suppliers from the traditional
simple goods transaction to a strategic decision that con-
siders the overall benefits of the cluster supply chain. Not
only must the self-interest of each member company be con-
sidered but also the help of the entire supply chain. In the
collaborative procurement process, PA and SA often conflict
due to their different preferences and needs. Negotiation
based on the relaxation of constraints is a meaningful way
to resolve conflicts between supply chain members. The crit-
ical issue of autonegotiation [18] is how to quickly and effec-
tively reach an agreement in an open and dynamic
negotiation environment [19, 20]. Multiagent adaptive nego-
tiation [21] can be regarded as a multistage decision-making
process [22]. Although there may be conflicting preferences
and goals between individual rational agents, to achieve the
design goals, accept a specific agreement and find the best
course of action. Agents participating in the negotiation
have good intelligence and adaptability to cope with the cur-
rent dynamically changing negotiation environment.
Although researchers have successfully implemented
technology-based multiagent systems [23], the agents in
the system can only negotiate according to a predetermined
negotiation strategy (or agreement). Multiagent intelligent
systems [24] need to develop effective negotiation strategies
suitable for autonomous agents. Negotiation strategies [25]
constrain the irrational negotiation behaviors of companies
participating in collaborative procurement, such as what
strategies to adopt, determine the range of concessions,
and maximize their effectiveness. In recent years, adaptive
negotiation has gradually become an active research field
in computing science, especially in e-commerce [26] and
multiagent systems. Adaptive negotiation means that the
agent adjusts stimulation parameters, assumptions, negotia-
tion strategies, etc., in time according to changes in the envi-
ronment, reduces manual intervention, and realizes
automatic negotiation and consensus among members of
the system. The critical issue of cluster supply chain collab-
orative procurement adaptive negotiation is how the multia-
gent system can reach an agreement in a dynamic and open
negotiation environment. Most of the negotiation strategies
proposed by previous scholars are carried out in a static
negotiation environment. Therefore, when the negotiation
environment is open and dynamic, the agent needs to pro-
vide a reasonable response in time according to the changes
of the environment, and an adaptive intelligent negotiation
strategy becomes particularly important.
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Since the 1990s, integrated learning [27] has become a
research hotspot in machine learning due to its good stabil-
ity and generalization performance and has been widely
used in text analysis, data mining, pattern recognition, and
intelligent prediction. Integrated learning uses multiple sub-
learners to improve the generalization ability of the entire
system and accurately classify or predict test samples as
much as possible. Jiang [28] pointed out that the traditional
self-adaptive negotiation based on a single learning machine
is ineffective. Integrated learning obtains better prediction
results by selectively combining multiple sublearning
machines. Selective ensemble learning [29] can speed up
the calculation speed, improve the algorithm’s performance,
and make breakthroughs in the research of machine learn-
ing. It has received extensive attention and interest from
researchers at home and abroad. At the same time, selective
ensemble learning [30] can improve the efficiency of adap-
tive learning and effectively improve the prediction accuracy
of ordinary ensemble learning [31]. It can be achieved by
eliminating some learning machines with poor prediction
effects in the sublearning model. The ensemble learning the-
ory is derived from the PAC learning model. This model is
used to explore the equivalence of weak machine learning
and robust machine learning algorithms. Integrated learning
is not a single machine learning algorithm but to build mul-
tiple learning models for the same problem to learn and
combine some rules to integrate the prediction results of
each sublearning machine to complete the learning task.
The integrated learning model is shown in Figure 1.

3. Method

For the low efficiency of a single learning machine in the
adaptive negotiation of collaborative procurement in the
cluster supply chain, we analyze the characteristics of mul-
tiagent negotiation in collaborative procurement in the
industrial cluster supply chain. It proposes a choice based
on K-means clustering and support vector machine algo-
rithm: an adaptive negotiation strategy for sexual ensemble
learning. In the negotiation, first, perform K-means cluster-
ing for each negotiation issue to find the k sample subsets
nearest to the current issue value; secondly, use the support
vector machine algorithm to learn from each evaluation data
set to estimate the concession range; third, using the root

mean square error as the screening criterion, directly delete
the submodels with unsatisfactory prediction results, recal-
culate the combination weights, and build a selective inte-
grated SVM model. Fourth, the utility function is used to
determine whether to terminate the negotiation process;
finally, the best supplier partner is selected based on the
objective constraint function of the collaborative procure-
ment strategy. The adaptive negotiation strategy is divided
into selective integrated concession range learning, utility
function optimization, and optimal cooperation.

3.1. Concession Range Learning Based on Selective
Integration. The k-means algorithm divides clusters based
on the distance similarity measure, which has the advantages
of fast search and efficient classification. In addition, it can
preprocess or analyze data. Among them, K represents the
number of clusters of the sample. In each iteration of K
-means clustering, the corresponding cluster center needs
to be updated again, and the mean value of all samples in
the cluster class is calculated. This paper uses European clus-
tering as the similarity measure, and the calculation formula
is as follows:

PD Pq, Pi

� �
=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
〠
i∈S

Pq − Pi

� �2
r

: ð1Þ

In formula (1), Pq represents the sequence to be negoti-
ated, Pi is the negotiation point of the data sample, and S
is the sample data set.

The support vector machine algorithm evaluates the data
set Pk and estimates the concession range. RMSE is used as
an evaluation criterion to select the best-performing k sub-
learning machines as the ensemble submodel of the negotia-
tion sequence Pq to be tested. The root means the square
error of the output of the ith sublearner is as follows:

Eij =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑k

i=1 A − cð Þ2
k

s

: ð2Þ

Among them, Aij is the predicted magnitude of the con-
cession of the ith learning model for j in the next round, and

Training set

Sample set 1 Sample set 2 Sample set 3 Sample set n

Sub-learning
machine 1

Sub-learning
machine 2

Sub-learning
machine 3

Sub-learning
machine n

Data layer

Learning layer

Integration result

Figure 1: Integrated learning model.
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Cij is the actual magnitude of the concession of j in the next
round.

According to the root mean square error value Eij, calcu-
late the combined weight of the ith submodel as follows:

ai =
1/Eij

∑k′
i=1 1/ 1/Eij

� �� � , ð3Þ

when all the training of the kth evaluation sample is
completed, the first k′ sublearning models with the minor
error are selected, the prediction range Cp/s

t+1,jof the conces-
sion of the purchasing enterprise Ap, and the supplier As in
the ðt + 1Þth cluster is obtained.

Cp/s
t+1,j = 〠

k‘

i=1
aiCij: ð4Þ

3.2. Utility Function Optimization. Utility orientation refers
to a standard theory that uses utility as a basis for deci-
sion-making, proposed by Canadian scholar Kwang. In the
agent negotiation process, agents exchange their intentions,
beliefs, and preferences with each other and make corre-
sponding assessments based on the utility theory to measure
whether they accept the current negotiation issues. The
adaptive negotiation strategy compares the two utility func-
tion differences before and after within the specified negoti-
ation time to determine whether to terminate the current
negotiation process, as shown in equation (5). Taking Ap

as an example, according to the prediction range Cp/s
t+1,j of

the concession of j by the purchasing companies in the clus-
ter in the previous stage (t +1), the Pp

t,j in the negotiation of j

in the tth round further predicts the Pp/s
t+1,j of the next round j,

as shown in the formula 6.

Ut = 〠
m

j=1
WjP

P
t,j, ð5Þ

Pp/s
t+1,j = Pp/s

t+1,j + Pp/s
t+1,j: ð6Þ

Wj is the weight of j: Combining formulas (5) and (6), we
can calculate the function difference between the predicted
utility value of the procurement enterprise ap for round t +
1 and the actual utility value for round t. After each round
of negotiation, the purchasing enterprise agent in the cluster
supply chain participating in collaborative purchasing must
pass its negotiated value to the IA through the improve mes-
sage with the difference ΔUt+1,t , and the IA will determine
whether the purchasing enterprise agent will continue to
increase the negotiation utility value. When the utility differ-
ence ΔUt+1,t>0, the utility has not been maximized, and the
next round of negotiation is continued; otherwise, the negoti-
ation is stopped. Within the stipulated negotiation time, the
procurement agent that has not reached a consensus can
choose the maximum effect in the previous negotiation pro-
cess to end the entire negotiation process.

3.3. Best Partnership Choice. After the adaptive negotiation is
over, according to the objective constraint function of col-
laborative procurement, we can use the utility function in
the second stage as the supplier evaluation satisfaction. The
purchasing enterprise agent in the industrial cluster com-
bines other procurement costs to select the best partner.
The objective constraint function is shown in Equation (7),
and the selection function is shown in Equation (8).

max F = α 〠
K

K=1
γ p, s, kð Þ + 1 − αð Þ β

∑K
K=1Ck

, ð7Þ

F = αUt + 1 − að Þ 1
Ck

: ð8Þ

4. Results

In this article, taking the secondary supply chain of multiple
parts purchasers and suppliers in a new energy automobile
industry cluster as the negotiation background, the cluster
supply chain’s relationship structure is shown in Figure 2.
The procurement enterprise agent in the industrial cluster
integrates internal requirements, determines the attributes
of procurement resources (such as price, quantity, and deliv-
ery time), develops a collaborative procurement plan, and

Purchaser 1

Purchaser 3

Purchaser 2

Supplier 1

Supplier 2

Supplier 3

E-commerce
platform

Upstream enterprise of
cluster supply chain

Downstream enterprise
of cluster supply chain

Figure 2: Supply-demand relationship structure of secondary cluster supply chain.
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publishes it to the e-commerce information service agent of
the cluster supply chain and has the supply of related
resources. Merchant agent negotiates multiple attributes of
procurement resources in a targeted manner based on its sit-
uation. All the attributes and issues of the procurement
requirements are met, the procurement parties reach an
agreement, and the collaborative procurement will be con-
sidered a successful negotiation. If there is no consensus on
an issue within the stipulated negotiation time, the entire
collaborative procurement negotiation will fail.

The experimental data comes from the dataverse net-
work platform. The original data is a double matrix of 150
× 5. Each sample has five attributes: price, quantity, delivery
time, warranty time, and defective rate. The experiment
selects the first 100 samples as the training sample set and
the last 50 samples as the test sample set. It is assumed that
the issue ranges and weights of suppliers and purchasers
participating in collaborative procurement in a cluster sup-
ply chain are shown in Table 1.

The maximum negotiation time for buyers in the cluster
supply chain is 2 minutes, and the maximum negotiation
time that suppliers can accept is 1.5 minutes. At the same
time, in the windows ten operating system, the processor is
Intel(R) core i5-9500M@3.4GHz, and the RAM is 8G. The
adaptive negotiation strategy of selective integrated learning
is realized.

In order to avoid the annihilation of the original data
and reduce the sensitivity of the abnormal data to the algo-
rithm, this article first normalizes the original sample data.
The experimental results show that the original sample data
is normalized, and support vector machine classification
accuracy reaches 93%. Secondly, perform K-means cluster-
ing on the normalized experimental sample data, continu-
ously iterate and update the cluster center, and repeatedly

adjust the cluster center position and parameter K . In addi-
tion, when k = 6, the clustering effect is the best. Figure 3
shows the result after normalization.

Construct six subtraining set matrices and then use the
SVM sublearning machine to make predictions. Using the
root mean square error as the criterion, recalculate the
combination weights, remove a few sublearning models that
perform poorly, and proceed to the next round of issue pre-
diction results. The training results of each sublearning
machine are shown in Table 2.

The main purpose of the cluster supply chain collabora-
tive procurement negotiation in this article is to assist the
purchasing enterprises in the cluster to economically and
effectively select the appropriate supplier and complete the
transaction as soon as possible. Therefore, to verify the effec-
tiveness of the adaptive negotiation strategy based on selec-
tive ensemble learning, this paper sets up a control
experiment. Specially selected 50 sets of test data sets for
suppliers and purchasers, compared the traditional single

Table 1: Buyer and supplier issues.

Parameters Buyer issue range Supplier issue range Supplier weight Buyer weight

Price [100, 150] [100, 130] 0.4 0.35

Quantity [800, 1000] [850, 1200] 0.25 0.3

Delivery time [1.5, 2] [1, 2] 0.2 0.2

Warranty time [17, 32] [14, 23] 0.1 0.05

Defective rate [80, 95] [90, 96] 0.05 0.1
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Figure 3: Data normalization result.

Table 2: Sublearning machine training results.

Sublearning
machine

Subtraining
sample

Operation
hours

RMSE
Combination

weight

1 12 0.86 0.0974 0.15

2 14 0.94 0.0845 0.17

3 16 0.93 0.0821 0.16

4 18 0.95 0.0785 0.16

5 20 1.027 0.0854 0.18

6 22 1.23 0.0812 0.2
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Figure 4: Comparison of the error rate results of the two strategies.
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learning machine model based on support vector machines,
predicted the opponent’s concession range and used negoti-
ation effectiveness as an evaluation indicator to resolve con-
flicts in collaborative procurement multi-issue negotiation.
Explore the practicality and effectiveness of the adaptive
negotiation strategy based on selective ensemble learning
proposed in this research.

After each round of negotiation, the purchasing enter-
prise agent in the cluster supply chain participating in col-
laborative purchasing must send its negotiation utility
difference ΔUt+1,t to the e-commerce information service
agent through the improve message, and the IA will deter-
mine whether the purchasing enterprise agent will continue
to increase negotiate the utility value. If the utility increases,
the next negotiation round will continue; if the utility
decreases or the maximum negotiation time Tp

max is
exceeded, the negotiation will be stopped immediately. Pro-
curement agents that have not reached a consensus can

choose the greatest effect in the previous negotiation process
to end the entire negotiation process.

The error rate of the adaptive negotiation strategy based
on selective ensemble learning and the common SVM single
learning machine adaptive negotiation strategy (referred to
as the common strategy) on the price issue’s concession
range prediction value is shown in Figure 4. It is not difficult
to see that, in most cases, in the collaborative procurement
process of the cluster supply chain, the error rate of the pre-
dicted value of the concession range based on the integrated
strategy is significantly lower than that of the ordinary nego-
tiation strategy. The specific analysis of the error rate of the
two strategies is shown in Table 3. Among them, the average
error rate of the negotiation strategy based on selective
ensemble learning is 11%, and the standard deviation is
6.35%, which outperforms the ordinary strategies of
15.66% and 8.56%. In addition, in comparing four essential
indicators, the maximum value of the adaptive negotiation

Table 3: Comparison of important parameters of two strategies.

Strategy Minimum Maximum Median Mean Standard deviation Accuracy

Common strategy 2.7 32.2 14.2 18.6 9.4 92.3%

Integration strategy 3.3 26.2 10.1 15.1 8.6 97%

Table 4: Comparison of negotiation utility value of two adaptive srategies.

Common strategy Integration strategy
S/N Utility value S/N Utility value S/N Utility value S/N Utility value

1 0.51 26 0.63 1 0.80 26 0.89

2 0.54 27 0.74 2 0.70 27 0.78

3 0.68 28 0.64 3 0.74 28 0.88

4 0.61 29 0.67 4 0.87 29 0.54

5 0.88 30 0.78 5 0.56 30 0.75

6 0.67 31 0.59 6 0.87 31 0.64

7 0.83 32 0.63 7 0.77 32 0.51

8 0.70 33 0.81 8 0.55 33 0.57

9 0.89 34 0.65 9 0.84 34 0.81

10 0.71 35 0.68 10 0.70 35 0.89

11 0.71 36 0.73 11 0.64 36 0.70

12 0.69 37 0.75 12 0.62 37 0.79

13 0.53 38 0.70 13 0.84 38 0.59

14 0.55 39 0.79 14 0.76 39 0.62

15 0.75 40 0.81 15 0.65 40 0.51

16 0.79 41 0.76 16 0.67 41 0.84

17 0.52 42 0.73 17 0.71 42 0.85

18 0.84 43 0.69 18 0.57 43 0.50

19 0.81 44 0.66 19 0.88 44 0.56

20 0.83 45 0.62 20 0.65 45 0.76

21 0.85 46 0.81 21 0.52 46 0.89

22 0.50 47 0.80 22 0.59 47 0.60

23 0.67 48 0.65 23 0.87 48 0.64

24 0.76 49 0.66 24 0.83 49 0.87

25 0.57 50 0.81 25 0.71 50 0.89
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strategy based on selective ensemble learning was reduced by
6%, the median was reduced by 4%, and the average was
reduced by 3.99%.

In the collaborative procurement adaptive negotiation
process of conflict resolution, the final detailed utility values
of the integrated negotiation strategy and the ordinary
negotiation strategy are shown in Table 4. After interval
processing, the statistical results of negotiation utility are
shown in Figure 5. The negotiation utility value based on
the integrated optimization strategy is mainly in the interval
[0.5, 0.75], while the common SVM single learning machine
negotiation strategy is mainly concentrated in [0.4, 0.7]. The
average utility value of the integrated negotiation strategy
is 0.641, and the utility value of 60% of successful agents
is higher than the average. In contrast, the relevant data
of the common negotiation strategy based on a single
SVM learning machine is 0.56 and 445%. The procure-
ment enterprise agent on the cluster supply chain accepts
the supplier agent’s proposal, selectively integrates and
learns the negotiation issues in the collaborative procure-
ment process, dynamically adjusts its negotiation strategy,
and makes appropriate concessions, which is conducive
to collaborative procurement—the successful negotiation
results in higher negotiation effectiveness and better nego-
tiation results. This article is aimed at realizing multiagent
adaptive negotiation to effectively resolve conflicts in the
collaborative procurement process. Since the original experi-
mental data does not involve procurement negotiation costs,
storage costs, goods costs, and logistics costs, it is temporarily
unable to select the final supplier based on the collaborative
procurement objective constraint function.

5. Conclusion

The industrial cluster supply chain is a new network organi-
zation formed by the coupling of industrial cluster and sup-
ply chain. It mainly meets the flexible and changing needs of
customers by dynamically configuring resources. Node com-
panies on the cluster supply chain can selectively connect
across chains according to their technical capabilities and
market needs, forming an agile supply chain network and

continuously improving the operational efficiency of the
entire industrial cluster supply chain. Therefore, industrial
cluster supply chain collaboration is a comprehensive man-
agement model. The member companies within the cluster
collaborate and coordinate with each other, give full play
to their respective strengths to achieve efficient information
sharing and resource optimization, and form a good trust
and cooperation relationship. This article is mainly to study
the problem of collaborative procurement in a cluster supply
chain. Procurement is the source of the production and mar-
keting process of the supply chain and a key link in the
development of an enterprise. In a highly competitive mar-
ket environment, the traditional independent procurement
model faces low bargaining power, small quantity discounts,
high procurement management costs, and slow response to
customer needs. Procurement costs have always been high.
Cooperative procurement is a new type of procurement
method developed in recent years. By establishing a com-
plete information-sharing mechanism and setting up sound
incentive measures, target constraints, etc., the above prob-
lems can be better solved.

Data Availability

The processed data required to reproduce these findings
cannot be shared at this time as the data also forms part of
an ongoing study.
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