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Abstract: Aiming at the problems of large prediction deviation and low
acquisition accuracy of consumer purchase behaviour in traditional online
marketing systems, a rough set-based consumer purchase behaviour prediction
method in online marketing system is proposed. By improving the accuracy and
recall rate of online consumer buying behaviour prediction methods, the
deviation of prediction results is reduced. The data of consumer purchase
behaviour in the region related to rough set are reduced to improve the
accuracy and recall rate, and the forecast bias is reduced by removing
redundant features in the e-marketing system. With the rough set theory, the
dimension of consumer behaviour vector is reduced, and a predictive model
framework is built. The simulation results show that the accuracy and recall
rate of this proposed method are higher than 95%, and the minimum deviation
of the prediction result is only 8.12%, which proves that the prediction result is
more reliable.
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1 Introduction

With the rapid development of the internet, consumers can obtain more resources and
information, and businesses can use richer marketing means and marketing models. At
the same time, it is more and more difficult for consumers to identify and screen
information. How businesses can stand out in diversified marketing and attract more
consumers has become the main problem at present. Consumer behaviour is not only a
dynamic influencing factor, but also an influential changing factor. In the process of
forming consumer purchase behaviour, there are external stimulating factors such as
merchant marketing and post purchase evaluation of other consumers. The era of ‘big
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data’ continues to promote the generation of these stimulating factors. The stimulation of
these stimuli in the ‘big data’ era includes merchant marketing and consumer post
purchase evaluation. Compared with the traditional physical shopping behaviour, the
shopping behaviour in the online marketing system is unstable, and consumers are more
inclined to choose independently (Liu et al., 2020). Therefore, e-commerce enterprises
need to more reasonably and scientifically mine consumers’ purchase characteristics,
accurately predict consumers’ purchase behaviour, and thus formulate more targeted
marketing methods (Lee and Lim, 2020). Consumer purchase behaviour prediction refers
to the prediction of consumers’ consumption ability and consumption level through
questionnaire survey, so as to provide a certain theoretical basis for product R&D and
marketing strategy formulation in the target market (Gillani et al., 2019). Therefore, it is
of great significance to design an effective network marketing system to predict
consumers’ purchase behaviour (Davydenko and Peetz, 2020). Relevant scholars have
also done a lot of research on it.

A reference-based method for predicting consumer behaviour (Ge et al., 2019) is
proposed. This method reduces the attributes of consumption behaviour through
difference matrix, and predicts consumers’ purchase behaviour based on an attribute set,
which has a good prediction effect. However, this method has the problems of low
accuracy and low recall. Song and Tang (2019) propose a consumer psychological
behaviour reflection and prediction method based on SOR model. The model studies
consumers’ shopping information clues, including price and perceived value, analyses the
influencing factors of consumers’ emotion, and thus judges and analyses the behaviour
affecting consumption intention. Using the method of questionnaire, this paper makes an
empirical analysis and research. However, this method has the problem of large deviation
of prediction results. Yong (2019) proposes a method for predicting consumers’ purchase
intention based on Markov chain. This method analyses the impact of product promotion
behaviour on purchase intention, takes skin care products as the experimental object,
simulates promotion activities, analyses the market changes before and after promotion,
and calculates the market share. The results show that promotional activities play a
certain role in improving consumers’ purchase intention. However, this method has the
problem of low recall.

In order to solve the problems of large prediction deviation and low acquisition
accuracy of consumer purchase behaviour, this paper proposes and designs a new
prediction method of consumer purchase behaviour in network marketing system. The
technical route of this paper is as follows:

1 In order to improve the prediction effect of consumer purchase behaviour, the
accuracy and recall rate of online consumer purchase behaviour prediction methods
are improved to improve the prediction accuracy of consumer behaviour. The
introduction of rough set theory has unique advantages in dealing with uncertain and
inconsistent information. In the upper and lower approximation domain, boundary
domain and negative domain of rough set, the amount of data of consumer purchase
behaviour can be reduced by control, and the accuracy and recall of prediction
methods can thus be fundamentally reduced to the amount of data of consumer
purchase behaviour.

2 It is based on improving the prediction accuracy of consumers’ purchase behaviour
and reducing the prediction deviation. By eliminating the redundant features in the
E-marketing system, the prediction deviation is reduced. Rough set theory is used to
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reduce the dimension of consumer behaviour vector, extract consumer purchase
behaviour indicators, and build a prediction model framework.

3 With the prediction accuracy and prediction deviation of consumers’ purchase
behaviour in the network marketing system as the comparison index, experimental
verification is carried out to compare the proposed method with methods of Ge et al.
(2019), Song and Tang (2019) and Yong (2019).

2 Rough set theory is used to deal with consumer purchasing behaviour
data

Rough set theory has unique advantages for the processing of uncertain and inconsistent
information. Therefore, this study can predict whether customers’ purchasing behaviour
will occur in the future by reducing the data of consumers’ purchasing behaviour.

In this study, the data of consumer purchasing behaviour is reduced by controlling the
upper and lower approximate domain, boundary domain and negative region of rough set,
so as to improve the accuracy and recall of the prediction method. Then on the basis of
the decision attribute set and the conditional attribute set, the prediction bias is reduced
by removing the redundant features of the online marketing system.

For any kind of conditional attribute k € K of consumption information, there exists a
function k: K— T}, and T is represented as the range of the attribute k. Each element in
W is called an individual, an object, or a row.

For any given subset of the star / — K and for any given individual x ¢ K, the
following information functions are satisfied:

In f; (x) ={(kk(x)): ke I} (1)

where the k(x) represents the data node. According to the above-mentioned results, the
network node concept X < W and the attribute subset / < K were the same, then the upper
and lower approximation domain definitions for concept X were obtained:

I(X) =TS, X)={x|(xe M)A ([x]; n X D)} o
1(X)=1(IS,X) ={x|(xe W) A([x]; " X)}

where (x € W) states the prediction parameters. The set IN;(X)=1(X)—I(X) denotes
the I boundary region of X;POS;(X)=1(X) denotes the / positive region of X;
NEG;(X)=W —1(X) is the I negative region of X (Toussaint et al., 2020). Schematic

diagrams of upper and lower approximate domains, boundary domains and negative
regions are shown in Figure 1.

The parameters in Figure 1 are used to reduce the data attributes of consumers buying
behaviour in online marketing system. Under the condition that the classification ability
of educational network data remains unchanged, attribute reduction is carried out, and
redundant attributes are excluded. Given a database M = (W, S) and an equivalent relation
family G € S in the database, for any H € G, if the following equation exists:

IND(G) = IDN (G- {H}) (3)
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Then, we call the online education network data H unnecessary in G, otherwise, we call
the data H necessary in G. If for each H € G, H is necessary in G, then G is called
independent; otherwise, G is called dependent or not independent, so as to achieve
attribute reduction of online education network nodes (Dong and Jiang, 2019).

Figure 1 Schematic diagram of upper and lower approximate domain, boundary domain and
negative region
1] — ¥

Rough set is a method to deal with uncertainty problems, so the uncertainty index
measurement is carried out to deal with the uncertainty of consumer purchasing
behaviour data in online marketing system. It was known that in the online marketing
system IS = (W, K) with a condition X < W, the supremum subset / K with respect to

the concept x € W were the same, and the way of membership calculation was expressed
as follows:

|[x]1 NX |
|[x]1|
where | | is the potential of set. It was assumed that in the marketing system

DS = (W, K, a), there was a conceptual condition X — W n, and the decision attribute a
depended on the condition attribute set K with degree 2(0 < & < 1), then there was:

o, X,x) = “

|POSk (a)|

h=AK,a)= T4

®)

where A represents the degree of dependence. According to this formula and formula (4),
the uncertainty index can be obtained as follows:

_ e | TX)
B=(,X)]1 e

Inh ©

K-

where « represents the influence factor of uncertainty degree index; f is the uncertainty
index of online marketing system (Das and Ramalingam, 2019). Based on fuzzy rough
set theory, the online marketing system attributes are eliminated and reduced. In view of
the uncertainty of marketing system, the uncertainty index is measured. Rough set
attribute reduction can be carried out as follows:
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Step 1

Step 2

Step 3

Step 4

Step 5

Step 6

D. Jia

Set the decision attribute set and condition attributes set to D and C,
respectively, calculate the conditional entropy H(D|C), get global condition
entropy. It belongs to the decision table 7.

Calculate the kernel attribute set CO of D in C, and place the attribute set that
does not belong to the kernel condition in Att(Att = C — CO).

Let B = (0. If |B|! = 0, then conduct the calculation to obtain conditional entropy
H(D|B), jump straight to process 6.

Calculate decision set D of different attributes of a; € A#t C, and calculate the
corresponding condition attribute set B U {a;} condition entropy
(H(D | Bwu {ai}).

In all conditional entropy H(D | B U {a;}, the minimum entropy value attribute
a; is selected. If the minimum value with multiple and value are consistent, then
with the reduction of attribute set the number of attributes combination B
minimum entropy is selected. Delete the selected attribute (A#f = Att — {a;}) in
Att and introduce it into B, B= B U {a;}.

If there is a H(D | B) = H(D | C), then B is changed into calculation results for
the reduction of collection, otherwise jump back to the Process 2.

Based on the above analysis, the attribute reduction process of rough set is shown in
Figure 2.

Figure 2 Rough set attribute reduction process
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To sum up, the rough set theory is introduced. According to the rough set upper and
lower approximate domain, boundary domain and negative region control, the consumer
purchasing behaviour data is reduced, the decision attribute set and the conditional
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attribute set are set, and the redundant features of the online marketing system are
removed.

3 Prediction of consumer purchasing behaviour in online marketing
system based on rough set

The prediction of consumer buying behaviour means that through the induction and
analysis of the known customer information data, there are data omissions and
acquisition errors in the acquisition process of customer data. When the customer features
are the same, there will be differences in purchasing behaviour, which leads to the wrong
prediction of customer buying behaviour. Rough set theory has a unique advantage for
the processing of such uncertain and inconsistent information. It can reduce consumer
data information and predict whether customers will purchase in the future.
The regression function in rough set theory calculation method is as follows:

£(x)=YT (K +2L,)" k(x) (7

where Y7 = s; K represents a Gram matrix, K = k(x;, x;); x; and x; are arbitrary two vectors
in the number S; I, represents the identity matrix; 4 represents the coefficient of the
identity matrix, and k(x) represents the kernel transformation vector of all vectors in x
and S. It is expressed based on Gaussian kernel function, and its formula is:

2
ko (x,x:) = exp(—MJ ©

20?2

The above process can complete the single dimensionality reduction of consumer
behaviour vector and eliminate the whole dimensionality reduction process, thus
effectively reducing the amount of computation.

Before calculating the index weight, the data of consumer purchasing behaviour
should be sorted out first. Since different consumer data have great differences, the
consumer purchasing behaviour data is processed in a standardised way (Lee et al.,
2019). Through KMO and Bartlett’s test, KMO = 0.661 > 0.5, and significance Sig. of
Bartlett’s test SIG = 0.00 < 0.05. Therefore, consumption behaviour data are suitable for
prediction index analysis.

The extraction and analysis results of consumer purchasing behaviour indicators are
shown in Table 1.

Table 1 Extraction analysis results of consumer purchasing behaviour indicators
L Variance Cumulative .
Principal component contribution rate contribution rate Characteristic value
F1 Click (PV) 29.49 29.49 4.72
F2 Purchase (BUY) 21.98 51.47 3.52
F3 Add to cart (CART) 8.88 60.35 1.42

F4 Like (FAV) 4.76 85.26 0.76
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In selection of indicators of consumer buying behaviour, the following rules should be
followed: eigenvalue >1 or variance contribution rate >0.85. Table 2 is the index initial
factor load matrix.

Table 2 Initial factor load matrix table
Principal component index FI 2 F3 F4
Cl Topic manager component 0.14 0.41 0.57 0.06
C2 Topic manager visibility -0.21 0.78 0.27 -0.37
C3  Topic manager activity -0.08 0.06 0.40 —0.45
C4 Network size 0.94 0.10 —-0.01 -0.10

Figure 3 Consumer buying behaviour prediction model frame diagram
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The index of consumption behaviour extracted above covers a wide range. Therefore,
based on Table 2, the parameters corresponding to each prediction index are calculated
according to rough set theory (Qiu et al., 2020). The calculation formula is as follows:

€

where 7; represents the j* eigenvalue standard vector of the original variable matrix; r;

is the original variable matrix; 4; denotes the j* eigenvalue (Ijabadeniyi and Govender,
2019).

The index weight is calculated according to the ratio of variance contribution rate to
cumulative contribution (Xu et al., 2020), and the expression of prediction impact
indicators is shown as follows:

F=03459x F1+0.2578x F2+0.1042x FF3+0.0851x F'4 (10)

The prediction model framework is built on the basis of the prediction influence index
expression obtained above. The framework of consumer purchasing behaviour prediction
model is shown in Figure 3.

In this study, the model parameters were accurately determined to achieve efficient
prediction of consumer buying behaviour. The parameter determination formula is:

-1

hiddennum = U—A* -Nindim+out dim +n
F-t; (1

D = (indim+1) - hiddennum + (hiddennum +1) - out dim

where hiddennum represents the consistency parameter; indim stands for attribute
determination of input data; outdim represents the output data attribute determination; n
denotes auxiliary parameters in the range.

The consumer behaviour is mapped to the low-dimensional manifold (Lee and Lim,
2020), and the consumer behaviour in the low-dimensional prevalence is assumed to be
Wi, then the Euclidian coordinates are (x,x;,--,X, ). m represents the dimension of a
low-dimensional manifold, and there are k& nearest adjacent points near W;, and H;
represents an arbitrary nearest adjacent point. Then the Euclide coordinate is
(xi,xb,-,xh,), and [ represents the nearest Euclide distance between two points, and its

expression formula is:

=3 () ); (12)

In the formula, the smaller the value of /, the more similar W, is to the nearest adjacent
point. The nearest adjacent point with the most similar value is marked as H™". The
prediction of consumer behaviour can be realised by the corresponding action of W;
according to H™n,
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4 Experimental study

4.1 Experimental scheme

The following experimental process is designed to verify the effectiveness of the rough
set-based prediction method of consumer purchase behaviour in online marketing system.

The experiment was completed on the Matlab platform, and the experimental data
came from the official data set of Alibaba Lab, including the data between December 1,
2020 and December 31, 2020. The original data set contains 987,568 consumers, with
4,253,561 items of goods and 9,653 categories of goods. The consumption behaviours
involved include Page View (PV), BUY (Buy), add to CART (CART) and Favourite
(FAV). An example of the raw data is shown in Table 3.

Table 3 Sample raw data

userlD GoodID GoodclassID Search Time

1 1531236 2865935 PV 2020-12-5, 09:22:25
1 3862536 4523658 PV 2020-12-10, 15:04:55
1 4425631 2635751 PV 2020-12-24, 21:22:02
1 4652356 2536554 PV 2020-12-26, 15:22:26

The behaviour of consumers in the original data set and the scatter graph of the category
of the product in which the behaviour is carried out are analysed. The relationship
between consumer behaviour and commodity categories is shown in Figure 4.

Figure 4 Consumer behaviour is associated with commodity categories (see online version
for colours)
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In the short term, consumers will make repeated purchases of the same kind of goods,
which proves that consumers have a high degree of interest in this kind of goods.
Consumers will like most of the same kind of goods, and they will not add to the
shopping cart. As shown in Figure 4, most of the behaviours generated before purchase
are click operations, which involve half of the number of commodity categories. In the
four kinds of consumption behaviours, the number of consumer behaviours is always
higher than the number of commodity categories generated by the behaviour. Before the
final purchase, consumers will conduct several repeated operations, including clicking,
liking and adding to the shopping cart, which is the most suitable for the purchase
operation, and clicking occupies a high proportion.

4.2 Research on performance indicators

1 Accuracy rate and recall rate of consumer purchasing behaviour demand acquisition.
Accuracy and recall are basic indexes. The higher the accuracy and recall are, the
higher the effectiveness of the prediction method will be.

Accuracy ratio P:

A
= 13
A+ B (13)
Recall rate R:
A
= 14
A+C (14

where 4 is positive class retrieval; B is negative class retrieval; C is the negative
class in the positive class retrieval.

2 Deviation of prediction results. The smaller the deviation of the prediction result, the
better the prediction effect.

Assuming that the data scale of consumers’ purchasing behaviour is N, the true value
is observed, and the predicted result is predicted. The deviation of the forecast results
shall be calculated through the following process:

Firstly, the mean square error is calculated using the mean of the sum of squares of
the numerical differences between the real value and the predicted result. The
calculation formula is as follows:

1 N . 2
MSE = ﬁZz:l (predicted, ,observed, ) (15)

The calculation method of root mean square error is as follows:

N
t=1

RMSE =~ MSE = \/%Z (prealictea’t,observedt)2 (16)

After analysing the deviation of the predicted values, the deviation of the predicted
results can be obtained as follows:
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1V .
MAE = NZ::J predicted, —observed, | a7

4.3 Results and discussion

In order to avoid too single experimental results, method of Ge et al. (2019), method of
Song and Tang (2019) and method of Yong (2019) were taken as comparisons to
complete performance verification together with Method of this paper.

4.3.1 Accuracy and recall test
1  Figure 5 shows the verification results of accuracy and recall of consumer behaviour

information by different methods.

Figure 5 Comparison of precision and recall of different methods, (a) accuracy ratio
(b) recall rate
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As shown in Figure 5, the accuracy and recall rates of Method of this paper on consumer
behaviour information are higher than those of the three traditional methods, and both of
them are higher than 95%, proving that Method of this paper has a good performance.
The main reasons for this results are as follows: Method of this paper uses rough set
theory to collect data related to consumers’ purchasing behaviour, with high collection
accuracy, which greatly improves the accuracy and completeness of mining users’
implicit demands.

4.3.2 Prediction result deviation test

First of all, RMSE changes were determined in the case of changing window size, and the
results were presented in Figure 6.

Figure 6 RMSE change curve diagram
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Table 4 Comparison of prediction results deviations by different methods (%)
Number of Method of this Method of Method of Method of
experiments/times paper reference [5] reference [6] reference [7]
10 10.23 20.13 19.23 31.02
20 9.56 23.10 12.03 33.01
30 8.12 21.00 16.46 31.46
40 9.12 26.54 12.97 34.16
50 10.03 24.10 23.16 35.05
60 11.03 29.56 22.10 31.00
70 11.00 23.16 23.46 32.00
80 9.45 20.12 25.19 3345
90 8.16 29.45 28.48 35.79

100 9.15 23.46 27.46 39.12
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According to the variation of RMSE in Figure 6, when the window is 10, RMSE is small,
indicating the predicted result and the actual result in this case, as shown in Table 4. See
Table 4 for details.

As shown in Table 4, the deviation of prediction results of Method of this paper is far
lower than that of the three traditional methods, and its minimum value is only 8.12%.
The main reasons for this result are as follows: Method of this paper introduces the rough
set theory on the basis of the influence index of consumer buying behaviour prediction,
which has a unique advantage in dealing with the uncertain and inconsistent information
of consumer buying behaviour. By reducing consumer data, it has a strong ability to solve
problems, and improves the prediction accuracy by determining the consistency
parameters.

5 Conclusions

To solve the large deviation of consumer purchase behaviour prediction and low
acquisition accuracy in the traditional online marketing system, a prediction method of
consumer purchase behaviour in online marketing system based on rough set is proposed.
The innovation of this method is that it reduces the data of consumer purchase behaviour
through the control of rough set, reduces the deviation of prediction results by removing
the redundant characteristics of network marketing system, and thus fundamentally
improves the accuracy and recall rate of prediction method. The experimental results
show that the accuracy and recall of this method are higher than 95%, and the minimum
deviation of the prediction results can reach 8.12%, which verifies the relative reliability
of the prediction results. The era of big data has a great impact on consumers, and more
changes will take place in purchase behaviour. The research results of this paper have
limited guidance for the prediction of purchase behaviour. The change of purchase
behaviour data in the short term is unlikely, so it is necessary to fully consider other
variables and fully analyse consumers in the long-term and regulatory changes.
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