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Abstract. Competition among consumer electronics enterprises reﬂects competition in
the supply chain. However, competitive advantages are derived from diﬀerences in the
value creation systems of the supply chain. This paper develops an interactive valueadding, data-driven model based on an optimized random forest algorithm for a ﬁnite
sample-oriented consumer electronics supply chain. Empirical results indicate that the
proposed model exhibits high forecast accuracy. In addition, this paper compares the
performance of the optimized random forest model to that of other methods. This paper
incorporates a random forest algorithm into supply chain management to build upon
the present understanding of supply chain management and supply chain value creation
theory. The ﬁndings of this study show promise in terms of their potential practical
applications and for improving the competitive advantages of the consumer electronics
industry in China.
Keywords: Random forest, Interaction, Consumer electronics supply chain, Value cocreation

1. Introduction. Economic globalization and market globalization have led to the prevalence of specialized industries, resulting in the emergence of new global competitive patterns. At present, the competition among enterprises has gradually transformed into a
competition among supply chains, and the competitive advantages of an enterprise depend on the competitive advantages of that enterprise’s supply chain. Thus, enterprises
now face the problem of designing an eﬀective competitive strategy that can promote the
overall competitive advantages of the supply chain.
In the literature, competitive advantages in the supply chain have been explored from
divergent and inconsistent perspectives, such as process-based supply chain integration
(SCI) or supply chain collaboration, IT-based capability, and enterprise resource planning
(ERP) systems. SCI or supply chain collaboration refers to process-driven strategic collaboration and coordination among suppliers and customers, as well as the management
of internal and external organizational processes [1, 2, 3]. When successfully implemented
and integrated, ERP systems and supply chain management practices show advantages
in terms of the planning, decision-making, execution, and performance-enhancement processes of ﬁrms [4]. Therefore, ERP is a key aspect of supply chain management practices
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that facilitates competitive advantages [5]. IT-based capabilities represent another important tool for gaining competitive advantages in the supply chain. Scholars believe that
IT-based capabilities are associated with ﬂexibilities in the supply chain [6, 7]. Other
researchers have investigated competitive advantages in the supply chain from the perspectives of information sharing [8] and closed-loop supply chain network design [9].
Although many studies have successfully identiﬁed ways to obtain supply chain advantages, they have focused mainly on the operational eﬃciency and beneﬁts of the supply
chain, on which the performance, knowledge generation, and competitive advantages depend. Nonetheless, the eﬃciency of the supply chain, which is the source of these competitive advantages, ultimately depends on the value creation system of the supply chain.
Therefore, the diﬀerences in competitive advantages are based on diﬀerences in the value
creation systems.
The consumer electronics industry is a fundamental, strategic, and large-scale supporting industry in many nations. The global consumer electronics market had a total revenue
of $262.7 billion in 2014 [10]. At present, consumer electronics enterprises face the problem of maintaining a substantial presence in an immensely competitive market. Although
the Chinese consumer electronics market earned a total revenue of $4,059.01 billion in
2014 (54.1% of the global share), China’s consumer electronics industry actually shrank
by 10.5% in 2014. The growth rate of this industry is beginning to decline [11] as a result
of the unprecedented reform of the consumer electronics industry. Moreover, the global
competition in the consumer electronics industry in terms of advertising has become increasingly aggressive because of the rapid pace of technological development. Recent such
developments include advanced information technologies, mobile Internet access, wireless
sensing networks, the Internet of Things, and cloud computing. Thus, consumer electronics enterprises must ﬁnd new approaches for improving their competitive advantages in
the supply chain in order to survive future market competition.
Traditional intelligent methods of machine learning generally include artiﬁcial neural
networks (ANNs) and support vector machines (SVMs). Based on self-learning, ANNs
have the ability to adapt to complex nonlinear and imprecise data. The ANN method
possesses strong robustness and fault tolerance but is sensitive to the initial weights used
and local convergence problems [12]. Based on the principle of minimized structural risk,
the SVM method has good generalization ability. The SVM method carries out regression to identify a ﬁnal model by treating it as a conventional optimization problem, and
it is guaranteed to ﬁnd the global optimum [13]. However, SVMs rely on user experience when selecting a kernel function for solving regression problems and are therefore
easily aﬀected by human factors; this characteristic may aﬀect the method’s precision
and robustness [14]. Moreover, the performances of both ANNs and SVMs are hampered
by high-dimensional feature data. The random forest algorithm overcomes the defects of
traditional machine learning methods when complex, nonlinear, and high-dimensional feature data are being processed. Without increasing the computational burden signiﬁcantly,
the random forest algorithm, which is currently regarded as one of the best algorithms,
yields improved forecast accuracy, is not sensitive to multivariate collinearity, provides
appropriate results for missing data and non-equilibrium data, and accurately forecasts
using functions including thousands of explanatory variables [15, 16]. Among the various machine learning algorithms, the random forest algorithm has received considerable
attention because of its high eﬃciency and accuracy, resulting in its wide application in
various industries [17, 18].
Many scholars have proposed improved random forest algorithms. For example, the
new algorithm, which works by incorporating best feature selection algorithm with the
random forest to give better accuracy, is proposed by Kalai and Jacob [19]. Mursalin
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et al. present a novel analysis method for detecting epileptic seizure from EEG signal
using improved correlation-based feature selection method with improved random forest
algorithm [20]. However, both the classic random forest algorithm and improved random
forest algorithms require large amounts of data to perform parameter selection. However,
this study, with the goal of promoting innovation, proposes an improved random forest
algorithm for use with small data sets and improves prediction performance.
A supply chain value creation problem is usually complex, involves multiple subjects,
has high-dimensional features and a limited sample size, and includes an unavoidable
multivariate collinearity problem in the value evaluation process. For example, the value
creation problem of the consumer electronics supply chain typically involves upstream
and downstream enterprises, consumers, closed-loop recycling merchants, one or more
governments, trade unions, and other actors. These subjects, which generate complex
value creation processes, are treated only indirectly by the random forest algorithm. Thus,
combining the supply chain value creation problem with the random forest algorithm is
a promising approach. To date, few scholars have applied the random forest algorithm
to studying supply chain management. Therefore, this study expands our knowledge of
research methods that can be applied in supply chain management.
In sum, this paper performs an in-depth investigation of value creation mechanisms in
consumer electronics supply chains by accomplishing two tasks.
First, a random forest algorithm is established based on value co-creation theory. A
data-driven model of a consumer electronics supply chain is built with the use of the
random forest algorithm, and the interaction is taken as a kernel to explore the iterative
value-adding system of consumer electronics enterprises. Interactions are expressed as
binary relationships, which is a result of explaining the relationships among subjects
from a layer of microscopic mechanisms. In essence, this work explores the interactions
between value creation bodies, which is equivalent to analysing the inner value creation
mechanisms or value creation rules of the supply chain value network. A supply chain, as
a special type of social network, operates through interactions between diﬀerent bodies
to co-create value.
In addition, this paper explores the value-adding points of the consumer electronics
industry by conducting feature selection to devise strategies that promote competitive
advantages.
The remainder of the paper is structured as follows. In Section 2, a number of previous
studies on value co-creation, supply chain value creation, and the random forest algorithm
are brieﬂy summarized and reviewed. In Section 3, the theoretical model is established,
and the measured variables are described. In Section 4, a random forest based on the
developed data-driven model is presented, and a ﬁnite samples-oriented optimized random
forest algorithm is proposed. An empirical analysis of the Chinese smartphone supply
chain is discussed in Section 5. In addition, a comparative study using four diﬀerent
forecasting models and a bootstrap test is also described in Section 5. The conclusion
summarizes the key points for managers and oﬀers suggestions for future studies in this
area.
2. Literature Review.
2.1. Value co-creation and supply chain value creation. Prahalad and Ramaswamy
proposed value co-creation theory, which states that value is co-created by the enterprise
and the consumers [21]. By applying value co-creation theory, enterprises have obtained
sustainable competitive advantages by co-creating value with their clients [21]. Moreover,
service-leading logic [22, 23] emphasizes that enterprises create and provide heterogeneous
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products and services to obtain competitive advantages, and the key to such an approach
lies in forming a close cooperation with consumers. In the literature, value co-creation
theory is mainly divided into goods-dominant and service-dominant logic. Productionleading logic is anchored on the principle that demand and preferences are known and
that the consumer participates in value creation activities in ways similar to the product
research and production processes conducted by the enterprise; in this way, the value
creating ability can be optimized, and the enterprise’s value output can be promoted [24].
Service-leading logic is based on the assumption that consumers use their own resources
to assist the enterprise in completing the value proposition [25, 26, 27]. Thus, value
co-creation theory is a breakthrough in traditional value creation logic that incorporates
consumers into the value creation process of the supply chain. Xiao et al. posited,
based on an e-commerce perspective, that a supply chain based on the collaboration of
cooperative partners should target the supply chain transformation of consumers [28].
They argued that the consumer is both the beginning and the end of the supply chain
value creation. Utilizing a new prosumer model, Meng et al. [29, 30] declared that, under
a double-subject logic, “enterprise alliance-consumer” value co-creation can elevate the
overall value of a supply chain.
In addition, Wan et al. [31, 32] highlighted that a number of oﬀ-chain value creators,
such as open innovations, are introduced in practice. Indeed, when a supply chain value
creation problem is considered, the inﬂuence of interested, participating parties on the
supply chain cannot be ignored, but rather should be emphasized. Thus, the subjects in
the supply chain value creation process should include enterprises, consumers, and other
relevant participants Wan et al. [31, 32]. To gain insight into supply chain value creation,
the co-creation of value among these subjects must be analyzed.
If value co-creation is a superﬁcial phenomenon of value creation, then what is its
essence? Prahalad and Ramaswamy [21] believed that the essence of value co-creation is
interaction, which is an eﬀective means of achieving enhanced supply chain value. Diﬀerent value creation subjects create value in various ways through heterogeneous interactive
behaviours [33]. Interactions and mutual eﬀects among value creation subjects are important in value co-creation. Thus, value co-creation and interactions can strongly reﬂect the
value creation relationships among supply chain value creation subjects. Value co-creation
theory explains the macroscopic performance of the supply chain value creation superﬁcially, whereas interactions explain the internal mechanism of the supply chain value
creation from a microscopic perspective. Moreover, interactions express a binary relation,
which is a result of explaining the relationships among subjects from the perspective of
microscopic mechanisms. Hence, the two theories provide good theoretical support for
exploring the value adding mechanisms of supply chains.
2.2. Random forest. The random forest (RF) method described by Breiman [16] is a
commonly used tool in various ﬁelds that is used for classiﬁcation and regression purposes,
as well as ranking measured variables. Random forests usually feature a high forecast accuracy, controllable generalization error, and a rapid convergence rate. Random forests
have been used in many applications involving high-dimensional data [34]. Through database retrieval in the last ten years, random forests have been extensively applied to solving
practical problems in ﬁelds such as risk evaluation and prediction, biomedicine, and ﬁnancial management. In risk assessment and forecasting, Wang et al. [35] proposed a highly
successful approach to ﬂood hazard risk assessment based on random forests. Jiang et al.
[36] investigated the identiﬁcation of traﬃc analysis zones (TAZs) with the help of the
random forest method. In addition, the selection of important variables was determined
using diﬀerent crash risks, based on variable importance analysis. RF has been used in
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the classiﬁcation of landslide hazard danger [37] and evaluation of ﬂood risk [38]. In the
ﬁelds of ﬁnance and management, Yasushi and Hiroyuki [39] investigated the evaluation
of credit risk in the energy market using the random forest method. Malekipirbazari
and Aksakalli proposed a risk assessment model using random forests in social lending to
predict borrower status [40]. Booth et al. proposed an expert system that used a novel
random forest algorithm to predict the price return of seasonal events documented in
the ﬁnancial economics literature, and then used these predictions to develop a proﬁtable
trading strategy [41]. Liu et al. used RF to conduct bulk-holding stock predictions [42].
Li et al. proposed a random forest model to identify protein complexes and to elucidate
the functions of protein complexes [43]. Vezza et al. used random forests to evaluate
biotic interactions in ﬁsh distribution models [44]. Zhou et al. demonstrated that the
feature-cost-sensitive random forest algorithm is able to select a low-cost subset with informative features, and achieves a better performance compared with other methods [45].
Because the method addresses nonlinearity, interactions, correlated predictors, and heterogeneity, random forests, as a nonparametric method, are widely applied in genetic
epidemiology [46, 47].
Although RF has been extensively applied in the previous literature, there are no
studies from the ﬁeld of supply chain management, particularly on supply chain value.
Supply chain value creation involves many subjects and measured variables; thus, the
problem of supply chain value creation is nonlinear and high-dimensional. However, given
that RFs show good performance in problems with these characteristics, RF provides an
opportunity to solve this problem.
3. Measure Variables and Data Analysis.
3.1. Theoretical model and measure variables. From the perspective of generalized
value co-creation and interaction, the enterprise, consumers, and other participants jointly
constitute the supply chain interactive value-adding system [31, 32]; it is believed that the
value-adding part of supply chain value creation consists of interactions among enterprises,
between enterprises and consumers, and among consumers, as well as their participation
in interactions with other participants (as seen in Figure 1).
On the basis of interactive value co-creation mechanisms, Wan et al. [32] used DelphiAHP integrated methods to build a supply chain interactive value-added index system

Figure 1. Theoretical model of interactive value cocreation mechanisms
(Wan et al., 2016a)
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consisting of 44 level-three indexes, 14 level-two indexes, and 4 level-one indexes that
represent four aspects, which are the interactions among enterprises, between enterprises
and consumers, and among consumers, as well as their participation in interactions with
other participants. The features used in our predictive models are described in Table 1.

B2 Interactions between enterprises and consumers

B1 Interactions between enterprises

Table 1. Interactive value-adding index system of consumer electronics
supply chains
C1 Supply Chain Relationship D1
D2
Quality
D3

Cooperation
Trust
Communication

C2 Supply Chain Learning Ef- D4
fect Level
D5

Communication and exchange of
knowledge
Transition from tacit knowledge
into dominant knowledge
Absorption of knowledge and construction of new knowledge

D6
C3 Supply Chain Collaborative D7
Eﬀect Level
D8
D9
D10
D11

Common plan
Shared decision making
Joint implementation
Long-term collaboration
Winwin cooperation

C4 Dialogue level between en- D12 Continuous, two-way, complete,
terprise and consumer
and real-time information exchange
D13 Open and positive information exchange
D14 Timely and eﬀective dialogue to resolve disputes
C5 Trust degree between enter- D15 Not using “asymmetric informaprise and consumer
tion” to deceive consumers
D16 Not using “asymmetric information” to bring potential risks to
consumers
C6 Quality of interactive chan- D17 Easy access to enterprise informanel between enterprise and
tion platform
consumer
D18 True information provided by the
platform
D19 Can interact with any supplier
through eﬀective channels
C7 Shared risk degree of enter- D20 Inform consumers of all possible
prise and consumer
risks
D21 Establish risk assessment and
avoidance mechanisms
D22 Establish damage compensation
system according to risk level
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B3 Interactions between consumers

Acquisition D23 Timely communication of information
D24 Inexperienced consumers can seek
advice and obtain information
D25 The information obtained can
avoid potential risks

C9 Information Sharing Level

D26 Share product (service) information and experience
D27 Share the psychological feelings of
using the product or service
D28 Information sharing enhances the
product’s use value (or satisfaction, brand image)

C10 Mutual Assistance Degree

D29 Close cooperation with each other
D30 Establish
special
friendships
through use of the same brand

C11 Innovation Level

D31 Consumer community provides (or
publishes) innovative information
or requirements
D32 Consumers use products or services in innovative ways, based on
their own knowledge or skills

B4 Interactions between other relevant participants

C8 Information
Level
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C12 Government
Level

Regulation D33 Promote a healthy and stable supply chain and a positive environment for enterprise growth (political, economic, social, and cultural
aspects)
D34 Provide guarantees for legal governance
D35 Encourage and fulﬁl supply chain
social responsibility
D36 Eﬀectively control the risks of supply chain emergencies
D37 Government participates in the design of incentive mechanisms for
closed-loop supply chains

C13 Industry Guidance Level

D38 Develop technical standards to
guide industrial development
D39 Mitigate the internal interest conﬂicts of the industry
D40 Enhance the corporate brand image
D41 Consider the interests and needs of
consumers
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C14 Open Innovation Activity D42 Open participation of innovative
participants in R&D
Participation Level
D43 Open participation of innovative
participants in product (service)
production
D44 Open participation of innovative
participants in corporate governance
Source: Wan et al., 2016a, b
3.2. Data collection. Senior executives or regional representatives at consumer electronics enterprises, which were included in the top ten of China’s market shares [48] in
the third quarter, were invited to perform a Likert scale 5-level grading of the index evaluation system in Table 1. These executives and representatives were based at company
headquarters at the provincial level or above.
From the perspective of supply chain practice, the market share of one brand represents the level of supply chain value creation of this brand to some extent. Hence, this
paper approximates the market shares of brands (Table 2) as representing the true value
of consumer electronics supply chain interactive value-adding system and takes it as a
−
→
dependent variable of the system model. This quantity is denoted as Yi . Thus, Y = (Y1 ,
Y2 , . . . , Y10 )T = (0.164, 0.162, 0.121, 0.102, 0.10, 0.088, 0.067, 0.048, 0.044, 0.027)T .
Table 2. Smartphone market in China (Quarter 3, 2015)
Brand identifier

Brand name

Market share

A
B
C
D
E
F
G
H
I
J

Xiaomi
Huawei
Apple
OPPO
Vivo
Samsung
Meizu
Coolpad
Lenovo
ZTE
Others

16.4
16.2
12.1
10.2
10.0
8.8
6.7
4.8
4.4
2.7
7.6

Source: HIS Technology, 2015
4. Methodology.
4.1. Random forest-based, data-driven model of consumer electronics supply
chains. Random forests, which is a type of non-parametric statistical method, were proposed by Breiman as early as 2001 [16]. The main idea of the random forest method is to
use the bootstrap sampling technique to form a group of regression tree integration models called the random forest. The expression {h(X, θt ), t = 1, 2, . . . , k} is used to express
a sequence of random variables. The regression tree {θt } is a random vector, which has
an independent identical distribution, and k expresses the number of regression trees in
the random forest. Given an independent variable X, a multiple linear regression model
is generated, and a predicted value is obtained from the random forest by calculating the
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arithmetic mean value of each regression tree, where the predicted value is a continuous
variable.
The data sets used in training the random forest are mutually independent, and the
error of the predicted value h(X) mainly possesses these two characteristics.
When the number k of random forests tends to be inﬁnitely great, EX,Y (Y − avk h(X,
k→∞
θk ))2 −→ EX,Y (Y −Eθ h(X, θ))2 , avk is an average value. This property indicates that the
random forest is built through the integrated learning of multiple regression trees formed
by bootstrapping. As the number of regression trees increases, the prediction error has an
approximate generalization error, which theoretically guarantees the convergence of the
algorithm.
It is assumed that, for all θ, the arithmetic mean value of each regression tree is given
by E(Y ) = EX h(X, θ). In that case, P E ∗ (f orest) ≤ ρP E ∗ (tree), where P E ∗ (tree) =
Eθ EX,Y (Y − h(X, θ))2 , ρ is the weighted correlation coeﬃcient among the residual errors
Y − h(X, θ) and Y − h(X, θ′ ), and θ and θ′ are mutually independent. This property gives
an upper bound on the accuracy of the regression forest, and it is related to the weighted
correlation coeﬃcient θ′ and P E ∗ (tree) with a large prediction deviation.
In this paper, the steps used in generating the random forest are based on the basic
interactive value-adding method of consumer electronics. The steps are as the following.
(1) Selection of random samples. First, we build a dataset {Xi , Yi }N
i=1 of N consumer electronics supply chains, where Xi ∈ Rp is the input variable of the value-adding
system of the ith supply chain, p is the input characteristic number, and Yi is the true
value of the corresponding market share. In the consumer electronics supply chain dataset
{Xi , Yi }N
i=1 , we extract n (n ≤ N ) as the training set DS and apply the bootstrap method
to randomly drawing k new bootstrap sample sets as it is put back. Subsequently, k
regression trees are built, and the undrawn samples constitute the out-of-bag data.
(2) Random selection of features. We set p features and then randomly draw Mtry
(Mtry < p) features in each node of each tree; Mtry is generally taken as p/3. We calculate
the information quantity contained in each feature and select one feature with division
ability from the Mtry features to conduct the node division. When the number of node
samples is less than or equal to the number of given threshold value nodes, then the tree
will not be divided.
(3) Building regression trees. We calculate the information quantity contained in
each feature using the CART algorithm. Classiﬁcation and regression tree (CART) is a
method to describe the relationship between a sample of independent variables (inputs)
and relative categorical outcomes (outputs) through a recursive algorithm [16, 17] and
random forest regression is a well-known ensemble method, consisting of a collection of
regression trees, each of which was built by CART algorithm.
(4) Voting prediction. For the value-adding regression tree {h(X, θt ), t = 1, 2, . . . , k}
of the consumer electronics supply chain, its leaf node is noted as l(x, θt ). For a new set
of data, the predicted value h(X, θt ) of single regression tree is the mean value of all leaf
nodes l(x, θt ). We obtain k regression trees after repeating the process k times to form a
regression tree sequence {h1 (X), h2 (X), . . . , hk (X)}, and obtain a random forest model.
We solve the arithmetic mean value of k trees and take the mean value as the predicted
value of the model, which can be expressed as:
1∑
h(X, θt )
HCESC (X) =
k t=1
k

(1)

where HCESC (X) is the predicted value of the value-adding system model of the consumer
electronics supply chain based on the random forest.
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Whether or not the data-driven random forest model can comprehensively describe the
problem in question or the systematic features of the object being examined depends
to a great extent on how accurately and comprehensively the selected training set can
express the system. However, this consideration does not concern the speciﬁc parameter
optimization of the random forest method, and the problem in this study has a ﬁnite
sample size. Hence, based on these assumptions and the type of problem being considered,
this paper conducts a selection with a sample combination and the parameters of training
set and test set and then conducts an optimization of the random forest.
4.2. Optimizing the random forest. To guarantee the reasonability of the model, the
ﬁnal error of the model is deﬁned as the mean value of the average relative errors of the
random forest model training set. Here, there are q samples in the test set and n samples
in the training set; the total number of samples is N = q + n, and the combined quantity
of “training set-test set” is CNq . The model then deﬁnes the sth “training set-test set”
and takes the default values of the random forest model parameters (the values of Mtry ,
node, and ntree are 5, 500, and p/3, respectively). In that case, the average relative error
of the training set model value and the true value is:
1∑
s
es =
(|Yj − HCESC
(Xj )| Yj )
n j=1
n

(2)

s
where HCESC
(Xj ) is the model output value for the jth sample in the sth combination,
and Yj is the true value of the jth sample.
In all combinations, we deﬁne the combination with the smallest average relative error
in the model value training set to be the optimal combination and record it as s∗ , and
the average relative error of the random forest model training set which corresponds to
this combination is expressed as:
q
e∗s = min{es }Cq+n

(3)

We then select the “training set-test set” combination s∗ with the smallest es∗ from
among all the “training set-test set” sample combinations.
On the other hand, for the random forest, aside from the inﬂuence of external factors
on the combined model based on the training set and the test set, the parameter values
represent an internal factor that determine the model’s ﬁtting performance and generalization ability. Hence, after determining the optimal combination s∗ , it is also necessary
to identify the optimal parameter values corresponding to this combination. Three parameters which are used to determine the random forest model’s ability are the feature
selection number Mtry , the regression tree split node ending number node, and the number of random forest regression trees ntree, where 1 ≤ M try ≤ p, 1 ≤ node ≤ r (r ≤ N ),
1 ≤ ntree ≤ d, and d is usually taken as 1,000. Based on a ﬁnite number of samples,
we traverse the value ranges of the three parameters, thus forming Cp1 Cr1 Cd1 = p × r × d
parameter combination sets, and record them as (Mtry , node, ntree)p×r×d . For each group
of parameters, according to steps (2), (3), and (4) in 4.1, we obtain prd random forest
models after training. Then, we obtain the average relative error es∗ (Mtry , node, ntree)i ,
i = 1, 2, . . . , p × r × d of the training set corresponding to this s∗ , through the use of Equation (2). Finally, we select a parameter combination corresponding to the combination
with the smallest relative error, which is the optimal parameter set, and its expression is:
∗
es∗ (Mtry
, node∗ , ntree∗ ) =

min

Mtry ,node,ntree

es∗ (Mtry , node, ntree)i , i = 1, 2, . . . , p × r × d (4)

∗
, node∗ , ntree∗ ) is recorded as the optimal parameter values of the model.
where (Mtry
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Hence, given the optimal test set-training set combination s∗ , we obtain the optimal
∗
parameter combination es∗ (Mtry
, node∗ , ntree∗ ), and the random forest model is ﬁnally
built.
4.3. Finite samples-oriented optimized random forest algorithm to describe
the consumer electronics supply chain. This paper obtains a ﬁnite samples-oriented
optimized random forest algorithm that describes the consumer electronics supply chain.
We set the number of samples in the test set as q and the number in the training set
as n. The total number of samples is N = q + n, and the number of combinations of all
training sets is given by pq = CNq . Mtry , and node and ntree are characteristic numbers
indicating the regression tree split node ending number and the number of regression
trees, respectively. Xi is the input vector of the interactive value-adding system of the ith
supply chain. Yi is the true value of the interactive value-adding system of the ith supply
chain.
Step1: Data description. A 5-point Likert Scale is used to quantify the input values
of all N supply chains, and Xi is then obtained. We then look up the true values Yi of
the interactive value-adding system of the ith supply chain, which constitutes the original
data set {Xi , Yi }N
i=1 of the random forest model of the consumer electronics supply chain.
Step2: Combination optimization. For all combinations s1 , s2 , . . . , spq , we take the
default values of the model parameters, Mtry = p/3, node = 5, and ntree = 500, to build
CNq random forest models. Then, we obtain the average relative error of each model as
e1 , e2 , . . . , espq after calculation and select the smallest error es∗ = min{e1 , . . . , espq }, with
its corresponding optimal combination being s∗ .
Step3: Parameter optimization. For the optimal combination s∗ , we traverse
the ranges of the model parameters, Mtry = 1, 2, . . . , p, node = 1, 2, . . . , r and ntree =
1, 2, . . . , d. Then, we calculate the average root of the test set under each parameter com∗
bination according to Equations (1)-(4), select the critical parameter values (Mtry
, node∗ ,
∗
ntree ), which correspond to the combination with the smallest total average error, and
substitute it for combination s∗ .
Step4: Establishing a single regression tree. For combination s∗ , we randomly
∗
select Mtry
features from all the features without removing anything. Then, we select a
∗
best split feature in Mtry
features according to the information quantity to successively
conduct node division until the number of node samples is less than or equal to node∗ .
This tree will then discontinue its division, and a single regression tree is formed.
Step5: Establishing a random forest. We repeat the last step ntree∗ times to
obtain ntree∗ regression trees and form a random forest model. We then obtain the ﬁnal
model predicted value according to Equation (1).
This algorithm (also shown as Figure 2) ﬁrst uses the system default value to conduct
an initial selection of parameters, and then uses an optimized random forest algorithm
to perform the optimization. Finally, an optimized random forest is built, which can
eﬀectively improve computational eﬃciency.
5. Experimental Results.
5.1. Optimizing the parameters. Wan et al. [31] and Zhang and Shetty [49] believed
that when the ratio of the training set to the test set is 3:1, a better training model could
be obtained, and the stability and robustness of the model could be improved. Wan et
al. [31] also proposed a method which determines the appropriate ratio between training
set and test set by establishing a ﬁnite sample status.
Because of the limited amount of data available from the object of investigation in this
paper, this paper selects the ratio of training set to the test set to be 7:3, when there
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Figure 2. Flowchart of the ﬁnite samples-oriented optimized random forest algorithm describing the consumer electronics supply chain
3
possible combinations of “training set-test set” at the time. According to the
were C10
algorithm in Section 4.3, we select a “training set and test set” combination with the
smallest relative error to determine the random forest model. We deﬁne the “training
set-test set” combination as s, and take the parameters of the random forest model to
be the default values (that is, the values of Mtry , node, and ntree are ﬁve, 500, and p/3,
respectively). According to Equation (4), we select the “training set-test set” combination
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s∗ with the smallest es∗ among all “training set-test set” sample combinations. s∗ is the
training set consisting of the supply chains of three brands, OPPO, SAMSUNG, and
MEIZU, and is expressed as {(Xα , Yα )} , α = 4, 6, 7; the supply chains of seven brands,
MI, HUAWEI, APPLE, VIVO, COOLPAD, LENOVO, and ZTE, constitute the training
set {(Xβ , Yβ )}, β = 1, 2, 3, 5, 8, 9, 10.
Based on Table 1, the value evaluation system exploring the consumer electronics supply chain consists of 44 indexes; hence, the feature selection number of the random
forest model is Mtry ∈ [1, 44]. Meanwhile, the split node ending number of regression trees is taken as node ∈ [1, 5], and the number of random forest regression trees
is ntree ∈ [1, 1000]. We traverse the value ranges of the three parameters and form a
parameter combination set {(Mtry , node, ntree)i |i = 1, 2, . . . , 220000}. For each combination of parameters (Mtry , node, ntree) in this parameter set, according to steps (2), (3),
and (4) from Section 4.1, we obtain 220,000 random forest models through training. Afterwards, we obtain the average relative error es∗ (Mtry , node, ntree)i , i = 1, 2, . . . , 220000
of the test sets of these random forest models under the optimal combination s∗ after applying Equation (2). Finally, we select the parameter combination
corresponding
to the
( ∗
)
combination with the smallest relative error, that is, es∗ Mtry
, node∗ , ntree∗ smartphone =
min
es∗ (Mtry , node, ntree)i = (37, 5, 467), i = 1, 2, . . . , 220000.
Mtry ,node,ntree

5.2. Empirical results. We build a random forest data-driven model based on the
∗
smartphone supply chain according to s∗ and es∗ (Mtry
, node∗ , ntree∗ )smartphone , as solved
in 5.1. We then obtain the values predicted by the model (as shown in Figure 3).
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Figure 3. Output values from CESC interactive value-adding, data-driven
model based on random forests and true values
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According to Figure 3, in terms of the data, the true value for test set Hi , the value
output by the model, and the relative error are, respectively, H4 (0.102, 0.103, 0.58%), H6
(0.088, 0.084, 0.42%), and H7 (0.067, 0.064, 0.39%). The average relative error is less than
0.0291 (0.03%). Hence, this model shows good accuracy. In terms of the eﬀectiveness
of the model, the model appropriately reﬂects the real circumstances of the consumer
electronics supply chain, and can help consumer electronics enterprises to conduct market
analysis and positioning research.
5.3. Comparative studies.
5.3.1. Comparison with the RF model using the default parameter values. As shown in
Table 3, when the ORF and RF models are compared using a stable standard deviation,
the mean errors are only elevated by one percent. However, based on the data sample and
the nature of the problem, if the accuracy of market share predictions increases by 1%,
this is enough to indicate that the ORF model has good prediction performance compared
with the original method.
Table 3. Comparison of accuracies of the RF and ORF models
Actual value from
the test set
Y4
Y6
Y7
Mean error
(Standard deviation)
A/B: A is the predicted value;

0.102
0.088
0.067
/

Predicted values (A/B)
RF
ORF
0.1072/0.0510
0.0866/0.0159
0.0646/0.0362

0.1026/0.0057
0.0843/0.0421
0.0644/0.0394

0.0344 (0.0213) 0.0291 (0.0203)

B is the relative error.

5.3.2. Comparison against existing methods. To compare the quality of RF to that of
other regression methods, we ﬁxed the proportion of the training set and test set as 7:3
and used the same combination of training sets. We then built SVM, ELM, and BP
models. The predicted values and relative errors of these models are shown in Figure 4.
Table 4. Comparison of the accuracies of four diﬀerent models
Actual value
from the test set
Y4
Y6
Y7

SVM

ELM

Predicted values (A/B)
BP
RF

0.1020
0.1071/0.0498 0.1038/0.018 0.1020/0.0000
0.0880
0.0955/0.0851 0.133/0.511 0.1091/0.2394
0.0670
0.0743/0.1091 0.058/0.134 0.0589/0.1213
Mean error
0.081 (0.029) 0.221 (0.258) 0.1201 (0.1197)
(Standard deviation)
A/B: A is the predicted value; B is the relative error.

0.1072/0.0510
0.0866/0.0159
0.0646/0.0362

ORF
0.1026/0.0057
0.0843/0.0421
0.0644/0.0394

0.0344 (0.0213) 0.0291 (0.0203)

It can be seen from Table 4 and Figure 4 that the ordering of mean errors in the
predicted values from the ﬁve models is ORF < RF < SV M < BP < ELM , where the
prediction accuracy of ORF is the highest, and the mean error and standard deviation are
0.0291 and 0.0203, respectively. Among the ﬁve models, the prediction accuracy of the
ELM model is the poorest. Hence, the model results show the considerable advantages of
the ORF model.
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Figure 4. Comparison of the accuracies of four diﬀerent models
5.4. Bootstrap test. The problem studied in this paper focuses on the problem of value
creation for supply chains in the area of consumer electronics, where the speciﬁc industrial
cluster and data samples are ﬁnite. However, the small sample distribution is not able to
represent the characteristics of the whole industry, and when training data are lacking, or
if over-ﬁtting occurs, these cases usually cause over-ﬁtting of the model. Dataset augmentation is an eﬀective means of avoiding model over-ﬁtting. DS augmentation requires that
more data are obtained, and the existing data should have an independent or approximately independent identical distribution. Common DS augmentation methods generally
include acquiring more data from data sources, copying the original data together with
the random noise and applying a resampling method, or estimating the data distribution
parameters according to the current DS and using this distribution to generate more data.
However, because of the limitations associated with real problems, this study is not able
to acquire more data from the source. Additionally, as the existing sample size is small,
the estimated data distribution parameters of the current dataset are not representative.
Hence, this section will use the bootstrap [50, 51] method to conduct an over-ﬁtting test
[52].
If Xi = xi , then Xi : i.i.d. F (i = 1, 2, . . . , n), Xi represents n sample values drawn
from an unknown distribution F , X = (X1 , X2 , . . . , Xn ) represents random samples, and
x = (x1 , x2 , . . . , xn ) represents the corresponding observed values, then we:
(1) Build an empirical distribution F̂ of X.
(2) Fix F̂ , draw n samples from F̂ and replace them; that is, Xi∗ = x∗i and Xi∗ ∼
i.i.d. F̂ (i = 1, 2, . . . , n); X ∗ = (X1∗ , X2∗ , . . . , Xn∗ ) represents the drawn random samples,
whereas x∗ = (x∗1 , x∗2 , . . . , x∗n ) is a bootstrap sample correspondingly drawn from x =
(x1 , x2 , . . . , xn ).
(3) Repeat step (2) to form multiple sample sets s∗ . The empirical distribution F̂
approximates the theoretical distribution F .
Here, the method is used to augment the sample data to verify the generalization
ability of the random forest model based on 10 samples (seven samples in the training
set) constructed in the last section. Generally, the greater the number of samples that is
included in the training set, the more accurate the model will be after training. Hence,
after the sample size is augmented to 500, we make new predictions. Further, we make a
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Table 5. Results of the Bootstrap test
Actual value from the test set

ORF Predicted Value (A/B)
Training Set = 7 Training Set = 500

Y4
0.1020
0.1026/0.0057
Y6
0.0880
0.0843/0.0421
Y7
0.0670
0.0644/0.0394
Relative error Mean
0.0291
Relative error SD
0.0203
A/B: A is the predicted value; B is the relative error

0.1065/0.0441
0.0896/0.0182
0.0620/0.0746
0.0456
0.0283

comparative explanation of the generalization ability of the ORF model, and we obtain
Table 5.
It can be seen from Table 5 that, when the number of training sets is increased to 500,
the predicted value of the test set and the original test set, the average relative error, and
the standard deviation remain stable. However, the average relative error of the predicted
values obtained by the ORF model is smaller with a smaller standard deviation. Thus,
although this study uses an ORF model that is trained using a small sample size, it has
good model generalization ability in that situations.
6. Conclusions. The main work of this study is to establish data driven model based
on the random forest method. Its purpose is to conduct detailed analysis for the “black
box” of supply chain interactive value added system from the micro level. However, in
the next study, we will start from the construction of supply chain value creation subject,
and explore the macro level value creation made by business alliance, consumer and other
relevant parties to each value creation subject. In addition, we will also explore how
consumers cross the core business of the supply chain, and conduct behavior and inﬂuence
of value creation with core business upstream suppliers. Finally, this paper makes a
conclusion that ﬁnite samples-oriented optimized random forest algorithm describes the
consumer electronics supply chain, and further adapts to other types of supply chain (not
limited to consumer electronics supply chain), in which the index system and its data
driven model we obtained are more general.
In general, this paper introduces a random forest algorithm into supply chain management, proposes an interactive value-adding creation system for the consumer electronics
supply chain to analyze the framework and basic competitive strategies, and enriches supply chain research methods to deepen supply chain value creation theory. Moreover, this
study is based on the consumer electronics supply chain; therefore, this study possesses
practical application value in improving the competitive advantages of China’s consumer
electronics enterprises.
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