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ABSTRACT
Recommender systems have been widely used in e-commerce
platforms, such as Amazon and Taobao. Among the avail-
able recommendation algorithms, Item Collaborative Filter-
ing (ItemCF) Algorithm and Content Filtering Algorithm
have gained wide adoption because of various strengths. For
example, hidden interests can be digged so as to get fresh
recommendations, and highly individual recommendations
can be made. Despite their strengths and wide adoption,
there are still some weaknesses associated with them. One
representative weakness is the existence of duplicated, and
outdated recommendations due to the lack of purchasing
cycles, e.g., weekly or seasonal, of goods. We name such
cycles Commodity Purchase Cycle (CPC), and propose a
new recommendation algorithm based on CPC in this pa-
per. We leverage CPC attributes to modify the collabora-
tive filtering output rating matrix acquired by the ItemCF
Algorithm, and take into consideration both user behaviors
and commodity characteristics to make timely recommen-
dations. We utilize a realistic dataset from Taobao to verify
the performance of the proposed algorithm. Experimental
results demonstrate good performance of CPC algorithm.
Specifically, from the perspective of Root Mean Square Er-
ror (RMSE), the CPC Algorithm promotes the recommen-
dation accuracy by 15%-20%, compared with the state-of-
the-art ItemCF Algorithm.
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1. INTRODUCTION
In the era of big data, as the number of things connected

on the Internet explodes, the value of each individual shrinks
accordingly. It becomes more challenging and time-consuming
to dig value from the vastness of information. In the con-
text of e-commerce platforms, recommender systems have

been widely used to help end users choose the most appro-
priate goods [13]. For example, Taobao, Amazon, Jingdong,
Netflix, and Douban, all have their own specialized recom-
mender system. According to VentureBeat statistics, Ama-
zon recommender system has brought in 20% - 30% more
sales for Amazon [15]. Netflix also once provided millions of
dollars to reward the winners in their Recommendation Al-
gorithm Competitions [9]. From these data, we can clearly
see the value of recommender systems.

In the recommender systems of e-commerce, the base al-
gorithms widely used include Collaborative Filtering Algo-
rithm [17] and Content based Algorithm [16]. In general,
these algorithms demonstrate good performance. But in dif-
ferent application scenarios, there are still some problems.
For example, after browsing a goods from an e-commerce
platform, regardless of purchasing or not, the goods (or rel-
evant goods) will be recommended to the end user for a long
time. While some goods do not have strict time attribute,
i.e., suitable throughout the year, some others might have
purchasing cycles. For example, the purchasing cycle of mo-
bile phone recharge service is one month, especially at the
beginning of each month.

Keep this in mind, a proper recommender system needs
to fully consider different application scenarios and different
CPC attributes. After a comprehensive survey on academic
research work, including Sun et al. [8], Zhao et al. [11] and
He et al. [24], and representative commercial platforms, e.g.,
Taobao, Amazon, Jingdong, and Douban, we conclude that
the CPC characteristics have not been fully utilized in the
state-of-the-art recommender systems.

In this paper, we propose a recommendation algorithm
based on CPC attributes. It is based on the mixture of
ItemCF Algorithm and Content based Recommendation Al-
gorithm. The overall system works as follows. Firstly, we
use user logs to create a rating matrix. Secondly, we use
ItemCF to filter initial rating matrix in order to get a fil-
tered matrix as the input for the next step. Thirdly, we
use the CPC classification factors obtained by ID3 Decision
Tree Algorithm [3] and item lists to modify the filtered rat-
ings. Finally, we acquire the rating results. To verify the
performance of the proposed CPC algorithm, we leverage a
realistic dataset from Taobao for experiments. Experimental
results demonstrate the outperformance of CPC algorithm.
Specifically, compared with the state-of-the-art ItemCF al-
gorithm, the CPC Algorithm improves the recommendation
accuracy by 15%-20%.

The rest of the paper is structured as follows. In Section
II, we present the related work. In Section III, we introduce
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the design and implementation details of the CPC system
model. In Section IV, we focus on experimental evaluation.
In Section V, we discuss the CPC Algorithm. Finally, in
Section VI, we conclude the whole paper.

2. RELATED WORK
There are several representative recommendation algorithms

used in commercial recommender systems, including Con-
tent based Recommendation Algorithm [10], Collaborative
Filtering based Recommendation Algorithm [12], Associa-
tion Rules based Recommendation Algorithm [22], Knowl-
edge based Recommendation Algorithm [7], and Hybrid Rec-
ommendation Algorithm [5].

Amazon is a global e-commerce platform, and has its own
specialized recommender system. Its fundamental recom-
mendation algorithm is Collaborative Filtering based Rec-
ommendation Algorithm [17]. It is a widely used algorithm,
and can be divided into User Collaborative Filtering al-
gorithm (UserCF) and Item Collaborative Filtering algo-
rithm (ItemCF) [1]. According to Zhao [20], Amazon mainly
makes use of the ItemCF algorithm. The main idea of
ItemCF is“feather flock together, people in groups”. Namely,
among behavior characteristics from a large number of users,
the most similar users can be selected. Based on these user’s
behavior preferences, recommendations can be made for the
target user. ItemCF has various strengths, including in-
dependence of background knowledges, capable of digging
hidden interests, being able to acquire fresh recommenda-
tions [4]. Thus, ItemCF has been widely used in e-commerce
recommender systems. However, it also has several weak-
nesses, such as the recommended items are not intuitive,
the recommended reasons are not easy to explain, as well as
the overlooking of the influence on user behaviors [18].

Taobao is a e-commerce platform in China, whose trading
volume reached 10 Trillion in 2013 [23]. Its basic recommen-
dation algorithm is Content based Recommendation Algo-
rithm (CRA). Compared with ItemCF, CRA takes no con-
sideration of the similarity between user behaviors, but pays
more attention to the candidate goods themselves. The main
idea of CRA is that the user interested in one item may be
interested in some similar items. The obvious advantages of
CRA include higher level of personalization and better inter-
pretability of the recommendation results. Nevertheless, it
also has several weaknesses, including limitation from back-
ground content references [14], not able to dig user’s hidden
interests, not able to get fresh or creative recommendations,
and existence of repeated recommendations due to overlook-
ing of user behaviors.

In [8], Sun et al. constructed a time series based network,
which improved the recognition accuracy of the largest in-
fluence neighbor set for the current user (product). In [11],
Zhao et al. proposed to use time as the context information,
which is combined to the progress of collaborative filtering
recommendation. It then utilizes user behavior logs to gain
similarities among users, and makes use of the similarities
and time attenuation factors to get the recommendation re-
sults. Nevertheless, it is unreasonable to filter out or weaken
recommendation results simply based on the timestamp of
the user, because some items may have purchasing cycles.
For example, mobile phone recharge service has a purchas-
ing cycle of one month. At the beginning of each month, it
is the most appropriate time to recommend.

In [24], He et al. proposed a method to improve the Col-

laborative Filtering Algorithm based on user’s purchasing
records. To avoid getting too many duplicated recommen-
dations, it lowers the rating of the items which have been
purchased already. Nevertheless, filtering out the items sim-
ply because they have been purchased is not reasonable, and
may bring errors. Because even for the same type of goods,
a user may buy it again within a short period of time.

Based on the work mentioned above, we take advantage
of both ItemCF and Content-based Algorithm, and utilize
CPC Classification factors to improve the recommendation
results. The CPC-based algorithm clearly differentiates this
work from the state-of-the-art.

3. DESIGN AND IMPLEMENTATION
In this section, we first introduce the overall algorithm

flow and system model of CPC. We then explain the basic
principles and implementation details of the Item Collabo-
rative Filtering Algorithm. Finally, we propose the classifi-
cation method of CPC algorithm based on ID3 Algorithm.

3.1 Algorithm Flow and System Model
CPC algorithm takes the Taobao Logs as input of the

overall system. We first construct an initial rating matrix
based on the log files, then we execute the ItemCF Algorithm
to gain a filtered rating matrix. After that, we classify the
candidate items in the matrix using ID3 Algorithm, and get
a series of cycle-classify factors. By multiplying the filtered
rating matrix and the cycle-classify factors, we can acquire
a modified rating matrix, which is the final recommendation
result. The detailed algorithm flow is shown in Algorithm 1.

There are three sub-modules in the CPC recommenda-
tion model: information input module, processing module
and result output module, We mainly focus on the process-
ing module in the middle. The basic commodity trading
database can be used in the execution of ItemCF Algorithm.
The user database, goods database, and history database
can be used to classify the candidate items by purchasing
cycles. The output of ItemCF and the result of classifica-
tion are combined to calculate the final ratings. The detailed
CPC recommendation model is illustrated in Fig. 1.

Algorithm 1 Cycle-based-recommendation

Input: Taobao user’s behaviour logs;
1: Rateij = V iewtimesij ∗W1 + Collectij ∗W2 + Cartij ∗

W3 + Boughtij ∗W4;
2: M = createMatrix(Rate);
3: Mc = itemCF (M);
4: ItemRate = classfyID3(Mc);
5: Mr = Mc ∗ ItemRate;
Output: Revised-recommendation-matrix;

3.2 Acquisition of ItemCF Rating Matrix
There are two key steps when using the ItemCF algorithm

to acquire the rating matrix [6]: (1) finding the nearest user
and calculating the similarities among items; and (2) em-
ploying the similarities between items to predict the ratings
and getting the recommendation result [19][25].

3.2.1 Finding the Nearest Users
There are many methods to calculate similarity, such as

Cosine, Adjusted Cosine, Pearson and so on. The Mean
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Figure 1: The CPC recommendation system model.

Absolute Error (MAE) is the mean of deviation’s absolute
value from single reality value and the arithmetic mean of
them [19]. Under the four scales of datasets (100, 200, 500,
1000), our experiment makes use of Cosine, Adjusted Co-
sine, Pearson to calculate the MAE, respectively, in order
to choose the least error measuring method. The detailed
calculation of MAE is shown in Equation 1.

MAE =

n∑
i=1

| Ai − Âi |

n
(1)

Âi is the reality score, Ai is the estimated value gained
from the model [19]. The comparison is illustrated in Fig. 2.
From the figure, we can see that as the item numbers in-
crease, the MAE demonstrates a downward trend. Compar-
ing the three methods, we can conclude that the MAE of
Pearson Measurement is the smallest. Thus, we choose the
Pearson Measurement as the similarity measurement in the
rest of the paper.

Utilizing the Pearson Similarity Measurement, we can ac-
quire the similarity matrix among items. It will be used as
inputs of step 2.

3.2.2 Acquisition of User-Item Rating Matrix
In order to calculate a user’s score to an item, the main

principle is as follows: the more likely between the current
item and historical items that the user is interested about,
the more probably the current item will be ranked at the
front. Equation 2 can be used to calculate the rating from
user u to item j [21]:

Puj =
∑

i∈N(u)∩S(j,k)

WjiRui (2)

In this equation, Puj indicates the score from user u to
item j, N(u) indicates the set of items that the user is in-
terested in (i is one of the items user likes), S(i, k)indicates
the set of K items which are the closest to item i (j is an
item of the set), Wji indicates the similarity of item j and

Figure 2: Mean Absolute Error (MAE) comparison
from Cosine, Adjusted Cosine, Pearson Similarity
Measurement under the 100, 200, 500, 1000 four
scales of datasets.

item i, Rui indicates the rating from user u to item i [15].

3.3 Classification by Commodity-Purchase-Cycle

3.3.1 Commodity Purchase Cycle
In the scenarios described above, Item Collaborative Fil-

tering Algorithm has several weaknesses. Thus, a Commodity-
Purchase-Cycle (CPC) factor has been introduced. For some
costly high-end goods, such as household electric appliances
and digital products, when people purchase it once, they
may not purchase it again during a relatively long period of
time. So this kind of item is durable purchasing goods. For
some middle-price goods such as clothes, a user who once
purchases clothes of brand C and is interested in brand C,
he might purchase it again after a period of time. So this
kind of item is middle purchasing cycle goods. For low-price
goods such as food and daily necessities, it may be purchased
many times in a short time period, so this kind of item is



short purchasing cycle goods.

3.3.2 Classifying Goods by Purchase Cycle
The classify method based on purchasing cycles is real-

ized by ID3 Decision Tree Algorithm. A decision tree is a
simple but widely used classifier. Creating a decision tree
via training datasets can give the unclassified data a clas-
sification effectively. Decision tree is a predictive model,
which represents a mapping relationship between instance
attributes and instance classes [2]. Generally speaking, we
can build a decision tree from top to bottom. The first node
created is called the root node, as it has no parent node. Af-
ter that, intermediate nodes should be added corresponding
to the feature of a partition of the samples’ set. When using
the decision tree to perform classification work, we should
start from the root node of the tree, testing the root node
according to an instance attribute. Then according to the
tested attribute value, we move to one branch of the tree,
and test the root node of the sub tree at a lower level. This
procedure continues recursively until we encounter the leaf
node, we then give the leaf node a class to the test instance.

In the scene described above, we utilize the price of the
goods, whether it is purchased or not, and goods’ ordinary
classifications as three main attributes to predict the CPC.
We then make use of the training dataset in Table 1 to train
the decision tree until the expected classification results can
be obtained. After that, we utilize the decision tree to make
classification for the testing dataset (Table 1 is part of the
actual training data set).

Table 1: Part of Reality Training Dataset
Price BoughtOrNot Class BuyCycle
high yes digital long
high no electric short
high yes cloth middle
high no office short
high yes makeups middle
high no food short
low yes food short
low no jewelry short
low yes carmakes middle
low no bookradio short
low no bookradio short
low yes cloth short

middle yes addmoney short
middle no makeups short
middle yes baggift middle
middle no mum short
middle yes furniture long
middle no sports short

According to the classification result, the accuracy rate is
97.78%, which is considered to be acceptable.

Using the design and implementation introduced above,
we will perform experimental evaluation through Taobao
dataset in the next section.

4. EXPERIMENTAL EVALUATION
In this section, we first introduce the experimental dataset

used. We then explain the Root Mean Square Error (RMSE)

evaluation indicator. Finally, we show the final experimental
results and give explanation for the results.

4.1 Experimental Setup
Pretreated ↪ařlog dataset from 200 days’ Taobao user’s be-

haviors and ↪ařTaobao product category ↪aś dataset have been
used in testing CPC recommendation system model. There
are 660 thousands of behavior logs in the Taobao log dataset
from 110 thousands of users in 200 days, from which we can
get user history behaviors as well as commodity attributes.
In this paper, records from 100 active users have been se-
lected to constitute the initial rating matrix, and the initial
matrix’s fill rate is 6.2%. The ↪ařTaobao product category ↪aś
dataset is a list of classifications for Taobao goods, including
electric, cloth, makeups, i.e., 15 classifications in all, which
can be used in CPC Classifying. The influence attributes of
commodity purchase cycle include: ordinary classifications
of commodity, commodity prices, and whether purchasing
it or not. Taking these attributes as the basises of classi-
fication, commodities can be further divided into long pur-
chase cycle, middle purchase cycle and short purchase cycle
commodities, using the classification factors to revise the
collaborative filtering result in order to get the final ratings.

4.2 Evaluation Metrics
Root Mean Square Error (RMSE), which is the square

root of the ratio of the square of the predicted value and the
true value, can be used to evaluate the accuracy of recom-
mendation result [6]. The calculation formula is as Formula
3.

RMSE(T ) =

√√√√ ∑
(u,m)∈T

(r̂u,m − ru,m)2

|T | (3)

From which T stands for the test dataset, ru,m m indicates
the predictive score of item i to user u, r̂u,m indicates the
actual score of item m from user u [14].

4.3 Experimental Results
For final goods rating matrix Mr from CPC Algorithm

and output matrix Mc from ItemCF, calculating the RMSE
under the item numbers of 100, 200, 500, 1000 respectively,
the contrast of Mr and Mc are as follows in Fig. 3.

As it can be seen from the Table 3, with the increase of
the item numbers, the RMSE showed a gradual downward
trend overall. Compared with the result of ItemCF, the re-
sult of CPC has a reduction from 15% to 20% in RMSE.
The main reason for this reduction is that, after obtaining
the score results from ItemCF, classification factors are cal-
culated according to the purchase cycle, which has been used
to revise the original rating result, and then the final score
result can be more close to the actual score. Therefore, the
CPC model gains higher recommendation accuracy in the
applications of e-business, which greatly solve the problems
due to lack of considering for user behavior and commodity
characteristic which leading to continually appearance for
many repetitive, inappropriate recommendations.

5. DISCUSSION
Although the CPC Algorithm has taken into considera-

tion both user behaviors and commodity characteristics to
make timely recommendations and has improved 15%-20%



Figure 3: Root Mean Square Error (RMSE) com-
parison of ItemCF and CPC Algorithm under the
100, 200, 500, 1000 four scales of datasets.

recommendation accuracy in the experiment of Taobao logs,
there are some specail or unexpected conditions that not fit
for the CPC Algorithm. For example, after you bought a ex-
pensive mobile phone for yourself, you want to buy another
for someone else, but you will never get the recommendation
of this mobile phone anymore.

6. CONCLUSION
According to the characteristics of e-commerce platforms,

we proposed a CPC system model based on ItemCF Al-
gorithm, which introduces the Commodity-Purchase- Cycle
Classification attributes creatively. By considering user be-
haviors and commodity purchasing cycle characteristic, im-
proved the practical value of Collaborative Filtering Algo-
rithm in the application of e-commence. After experimen-
tal testing by dataset from Taobao, in the aspect of RMSE
evaluation indicator, the CPC recommendation model has
shown a better predictive accuracy compared with the state-
of-the-art Item Collaborative Filtering Algorithm. Thus,
it has great practical significance in the application of e-
commerce. In the next stage, we should utilize more de-
cision attributes to train the classification decision tree or
try some other classifiers in order to give each commodity a
more reasonable and detailed purchasing cycle classification
result.
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