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Abstract

The effectiveness of product recommendations is previously assessed based on rec-
ommendation accuracy. Recently, individual diversity and aggregate diversity of
product recommendations have been recognized as important dimensions in eval-
uating the recommendation effectiveness. However, the gain of either diversity is
usually at the cost of accuracy and the increase of one diversity does not guarantee
a significant improvement in the other. A few attempts have been made to achieve
reasonable trade-offs either between recommendation accuracy and individual diver-
sity or between recommendation accuracy and aggregate diversity. Little attention
has been paid to obtain a balance among the three important aspects of product
recommendations. To address this problem, we propose an adjustable re-ranking
approach that incorporates two new ranking criteria for improving both diversities.
Three ranking lists are generated to guarantee recommendation accuracy, individual
diversity, and aggregate diversity, respectively. The three ranking lists are finally
merged with tunable parameters to generate a recommendation list. To evaluate the
proposed method, experiments are conducted on a data set obtained from Alibaba.
The results show that the proposed method achieves much higher improvements in
both diversities than the baseline methods when sacrificing the same amount of rec-
ommendation accuracy.
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1 Introduction

Recommender systems are widely used in electronic commerce to help customers
find products. A recommender system learns customers’ preferences and recom-
mends products that customers are likely to purchase. Studies have consistently
shown that product recommendations can increase the sales and profits of electronic
commerce [1, 2]. The effectiveness of a recommender system is usually assessed by
the accuracy of recommendation results, i.e. how well a customer’s preference on
a product is predicted by the system. Accuracy is no doubt of great importance in
evaluating the recommendation effectiveness, which can be exemplified by a large
pool of studies dedicated to improve the accuracy of recommendation methods
[3-7]. Recently, recommendation diversity has been recognized as another impor-
tant aspect for increasing customers’ satisfaction and the sales of electronic com-
merce [8-11].

There are two types of recommendation diversity, namely individual diver-
sity (ID) and aggregate diversity (AD). ID refers to the diversity or dissimilar-
ity of products in a recommendation list for a customer. Recommender systems
are expected to recommend diverse products to meet the needs of a customer. A
diverse set of products also leads to more serendipity in recommendations. There-
fore, ID is important regarding customers’ satisfaction [12, 13]. AD is the diversity
or dissimilarity of products across all recommendation lists for all customers. Low
AD indicates that only a small portion of products is recommended to customers,
which will exacerbate the long tail phenomenon in online marketplaces. Increasing
AD, therefore having a higher possibility to recommend more products in the long
tail, has great potential for gaining higher profits since products in the long tail are
extremely abundant. From this point of view, AD is significant to ecommerce busi-
ness [14, 15].

Although recommendation accuracy and diversities are important, product rec-
ommendations are facing the dilemma between high accuracy and high diversities.
The increase of either diversity comes with a decrease in recommendation accuracy
[16]. In addition, increasing ID does not necessarily lead to a significant improve-
ment in AD, and vice versa [8, 15, 17]. For example, high ID can be obtained by rec-
ommending the same diverse set of products to all customers, but AD still remains
low. A few methods have been proposed to achieve reasonable trade-offs between
recommendation accuracy and diversities, such as ranking-based techniques [18, 19]
and optimization-based approaches [20, 21]. However, previous methods focus on
maintaining the balance either between accuracy and ID or between accuracy and
AD. Little effort has been made to maintain the balance among the three aspects.

In this paper, we propose an adjustable re-ranking approach to address the above
problem. Specifically, we first obtain a candidate list using accuracy oriented recom-
mendation methods. Two copies of the candidate list are re-ranked based on product
pairs’ distance in the concept hierarchy of products and products’ degree centrality in
the co-purchased network of products, respectively. The distance of product pairs is
used to guarantee high ID while the degree centrality is used to guarantee high AD. To
obtain reasonable levels of recommendation accuracy, ID, and AD, the three ranking
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lists are merged with tunable parameters (i.e. the weight assigned to each list). Top N
products from the merged list are then recommended to customers. Experiments are
conducted on a real-world data set obtained from Alibaba, the largest ecommerce com-
pany in China. The experimental results demonstrate that the proposed method can
produce different trade-offs between recommendation accuracy and both diversities by
changing the length and the weight of the three lists. The results also show that the
proposed method achieves much higher improvements in both diversities than several
baseline methods when sacrificing the same amount of recommendation accuracy. To
summarize, this paper proposes two novel criteria to guarantee ID and AD respectively,
i.e. the distance between products in the concept hierarchy and the degree centrality
of products in the co-purchased network. A re-ranking approach is designed to obtain
adjustable balances among recommendation accuracy, ID, and AD. Experiments are
also conducted to demonstrate the effectiveness of the proposed method.

The rest of this paper is organized as follows. The second section reviews accu-
racy oriented recommendation methods, accuracy and diversity measures, and studies
on maintaining the trade-offs between recommendation accuracy and diversities. The
third section introduces the proposed re-ranking approach. The fourth section provides
details of the experiments and the experimental results. The last section concludes this
study with major contributions and possible future research.

2 Related work
2.1 Accuracy oriented recommendation methods

Most existing recommendation methods are designed with the goal of high recom-
mendation accuracy. These methods can be classified into three categories, namely
collaborative filtering (CF), content-based filtering (CB), and hybrid method [22, 23].
For a given customer, CF recommends products that his or her like-minded customers
have liked before, and CB recommends products with features liked by the customer.
Hybrid method can combine both types of methods in different ways, such as switch-
ing mechanism, cascade mechanism, and feature augmentation [24]. A recommender
system generally takes two stages for recommending products to customers. The first
one is to estimate customers’ preferences on products using certain recommendation
algorithms. Based on the estimated preferences, the second stage is to select and rec-
ommend products that maximize customers’ satisfaction. The proposed adjustable re-
ranking approach is used at the second stage and it can be combined with any accuracy
oriented recommendation method. To illustrate and evaluate the proposed re-ranking
approach, we combine it with the most popular accuracy oriented method, i.e. the user-
based CF [25]. Given a set of customers U, a set of products /, and a rating matrix
R representing customers’ preferences on products, the user-based CF estimates the
unknown preference of customer u on product i as follows:

ZiEI(u,u’) R(ua l) . R(M,, l)
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Zu’eN(u) Sim(u’ u,) : R(I/t,, l)

R*(u,i) = —
Zwena |simu, u)]

@

where I(u,u’) is the set of products rated by both customer u and u’, sim(u,u’) is
the similarity between customer u and u’, and N(u) is the set of neighbors nearest to
customer u.

2.2 Accuracy and diversity measures

Different measures have been proposed to evaluate recommendation accuracy and
diversities. To select suitable measures for evaluating the proposed method, we
review the most commonly used accuracy and diversity measures in this subsec-
tion. There are two popular types of accuracy metrics, namely predictive accuracy
metrics (such as Mean Absolute Error and Root Mean Square Error) and classifica-
tion accuracy metrics (such as Precision, Recall, and F measure) [26, 27]. Predictive
accuracy metrics measure how close the predicted preferences are to the true cus-
tomer preferences. They are used when preferences are scalar value. Classification
accuracy metrics measure the percentage of correct predictions about whether or
not a customer likes a product. They are used when preferences are binary value. In
the context of electronic commerce, customer preferences are usually expressed by
binary value, such as viewing or not viewing a web page, clicking or not clicking a
link, and buying or not buying a product.

ID is measured by the average dissimilarity or distance of all product pairs in
one recommendation list [13, 27]. Previously, the dissimilarity or distance between
products is calculated based on the ratings given by customers [28]. However, the
obtained diversity may not be explicitly sensed by customers because products with
similar features could have very different rating patterns. For example, two smart
phones with similar design and functions may get totally different ratings from the
same set of customers due to the difference of brands. Therefore, we propose to
measure ID by the average distance between products in products’ concept hierar-
chy which explicitly shows the diversification of products. The proposed criterion is
introduced in Sect. 3.

AD is measured either by the number of distinct products recommended to all
customers (e.g. Diversity_in_top_N) [19, 20] or the distribution of recommended
products among all recommendation lists (e.g. Gini_diversity) [14, 15]. Diversity_
in_top_N favors recommending more products, but it does not consider the distri-
bution of recommended products. Consequently, recommended products could
have high Diversity_in_top_N while bearing an unbalanced distribution. For exam-
ple, recommending every possible product to a different customer and filling the
remaining recommendation lists with the same set of products could produce high
Diversity_in_top_N. But the product distribution among all recommendation lists is
unbalanced. To compensate for this drawback, Gini_diversity is proposed to meas-
ure how evenly the products are recommended to all customers. This metric is also

@ Springer



An adjustable re-ranking approach for improving the individual... 63

important to product recommendations because it ensures a more even amount of
exposure for each of the recommended products.

2.3 Accuracy-diversity trade-off

According to the stage where diversities are taken into account, previous methods
balancing recommendation accuracy and diversities can be categorized into two
types. The first type of methods considers the diversities at the stage of preference
estimation. For example, Niemann and Wolpers [29] improved the rating predictions
for niche items by considering their jointly consumed items when measuring item
similarities. Gan and Jiang [16] identified the adverse effect of item popularity and
proposed to adjust user similarity through a power function for more correct rat-
ing predictions, and thus for higher recommendation accuracy and AD. Gan [30]
balanced recommendation accuracy and AD by calculating discriminant scores for
items using a random walk with restart model on a user similarity network. These
methods try to identify problems that lead to the lack of recommendation diversities
and therefore propose corresponding solutions to enhance diversities. Although such
methods can increase diversities at the stage of preference estimation, they provide
no control over the extents of recommendation accuracy and diversities.

Another type of methods guarantees recommendation diversities at the product
selection stage. Such methods predict customers’ preferences on products using pre-
vious accuracy oriented methods and then select products based on the predicted
preferences and diversity oriented criteria. For instance, several studies [14, 21, 31]
formulated the accuracy-diversity trade-off problem as a multi-objective optimiza-
tion problem with certain constraints and proposed corresponding solutions to solve
the optimization problem. It is possible for optimization methods to adjust the trade-
offs between recommendation accuracy and diversities by setting certain parameters,
but it is very difficult to find the optimal solution [32, 33]. Some studies proposed
new ranking mechanisms to generate balanced recommendation lists such as param-
eterized item-popularity-based ranking approach [19] and graph-based re-ranking
approach [15]. Compared to other methods, ranking methods are more efficient
and can easily adjust the balance between recommendation accuracy and diversi-
ties through tunable parameters. However, previous methods aim at achieving a fair
trade-off either between recommendation accuracy and ID or between recommenda-
tion accuracy and AD. Little attention has been paid to balance the three important
aspects at the same time. This paper addresses this problem by proposing an adjust-
able re-ranking approach which is employed at the stage of product selection.

3 The proposed re-ranking approach
In this section, we introduce the proposed re-ranking approach for improving the
individual and aggregate diversities of product recommendations.

Figure 1 shows the framework of the proposed re-ranking approach and illustrates
how to improve ID and AD while keeping acceptable recommendation accuracy.
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The proposed method has three steps. The first one is to predict customers’ prefer-
ences and generate an accuracy oriented ranking list by accuracy oriented recom-
mendation methods. The second step is to make two copies of the accuracy oriented
ranking list and re-rank them to produce ID and AD oriented ranking lists respec-
tively. The final step is to merge the three ranking lists and obtain the top N recom-
mendation list. Details are introduced in the following subsections.

3.1 Accuracy oriented ranking list

The generation of an accuracy oriented ranking list is the same as that of previ-
ous recommender systems. Customers’ preferences on products are first estimated
by accuracy oriented recommendation methods. For each customer, the list is then
filled with products that are of the highest estimated preferences and have not been
consumed by the customer. For the sake of re-ranking efficiency, only top k prod-
ucts with the highest estimated preferences are included in the accuracy oriented
ranking list. To leave space for improving ID and AD, k should be larger than the
intended number of recommended products. Specifically, given a customer and his
or her estimated preferences p, the accuracy oriented ranking list for the customer is
as follows:

LiStaL'curacy = {11712’ T ’Ik} (3)

where p; > p; > -+ > p; and k is larger than the intended number of recommended
products.

3.2 Individual diversity oriented ranking list

To show ID in a way that can be explicitly sensed by customers, we propose to re-
rank products based on the distance of product pairs in products’ concept hierar-
chy. A concept hierarchy is a tree-like structure that organizes concepts from groups
of low-level and specific concepts to several high-level and general concepts, and
finally to one universal concept [34, 35]. Due to the explicit representation of rela-
tionships between concepts, concept hierarchies have been widely used in applica-
tions that require measuring relationships between objects, such as segmenting cus-
tomers [35], recommending documents [36], and finding similar patients [37]. In the
context of electronic commerce, products are related to certain product concepts that
are well organized as a concept hierarchy. Figure 2 shows part of the concept hierar-
chy on clothing products.

Given such a concept hierarchy, the distance between two products can be calcu-
lated by a commonly used measure [38, 39] defined below:

2 X N,

dis(I,L) =1—- —————=
ls(’ f) N, + N, +2XN, @)

where N, and N, are the numbers of edges from the lowest-level concepts related to
I; and Ij to their least common subsumer, i.e. the lowest-level ancestor that includes
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Clothing(A01)

Male clothing(A0101) Female clothing(A0102)

[ Cape(A010201) ] [ Jacket(A010202) ]

Leather jacket Jean jacket Quilted jacket |
(A01020201) (A01020202) (A01020203)

Fig.2 Part of the concept hierarchy on clothing products

both concepts. N5 is the number of edges from the least common subsumer to the
root of the concept hierarchy. For example, if /; and I, are products that belong to
category A01020201 and A010201 respectively in the concept hierarchy shown in
Fig. 2, then their least common subsumer is category A0I02. Therefore, N;=2,
N,=1, N;=1, and dis(I},1,) = 1 — 2+Ti;xl = % There are other types of products,
such as digital products and food. Different types of products belong to different
sub-hierarchies, and all sub-hierarchies constitute the concept hierarchy that con-
tains all types of products. Therefore, the distance between products of any catego-
ries can be calculated within the same concept hierarchy.

Since ID is measured by the average distance between products in a recommenda-
tion list, it can be improved by positioning the product pair with the largest distance
in the first and second places of the list, and continuously putting in the next place
the product that has the largest average distance to the existing products in the list.
Therefore, to guarantee certain level of ID, we copy the accuracy oriented ranking
list and re-rank the copied list according to the proposed mechanism. Specifically,
the ID oriented ranking list can be represented as follows:

Listy, = {I|.1I},....I'} (5)
where dis(1},15) > dis(1,17) for ¥i.j <k and 25 Bypeq . ydis( 1)) = 2
Z]{e{lg,lé,...,l;_l} dis(I,, I}) for VI, € {I], .1}, .
determined by their estimated preferences, i.e. the product with larger estimated
preference is ranked first.

., I }. The positions of /! and I/, are

3.3 Aggregate diversity oriented ranking list
Previous studies have shown that recommendation agents can lower AD of product

recommendations since they are usually made based on products’ co-purchased pat-
terns [8, 40]. It is thus reasonable to conjecture that re-ranking products against their

@ Springer



An adjustable re-ranking approach for improving the individual... 67

r | 1200301
| 1627194 ' g

1 . [
1 N2 ZN\

1298002 |
I%g\\}\.y!{l‘,nk__u

1109833

1231007

RTINS
I~ 1620091
1351427
| 1250104 1200134
1310018 ‘ﬁ‘

» AN 2 v 1382019

/e X177, L 2292252 | 1230098

RSNGAN | |

=\

1310019 | 1201983

1541187

Fig.3 An example of the co-purchased network

co-purchased relationships can improve AD. Co-purchased relationships among prod-
ucts can be constructed as a co-purchased network in which products are represented
by nodes and co-purchasing relationships between products are represented by links
between corresponding nodes. In graph and network analysis domain, degree central-
ity represents the number of links incident upon a node [41] and indicates the co-pur-
chased frequency of products in the context of the co-purchased network [42]. We con-
jecture that ranking against the degree centrality can increase AD. An example of the
co-purchased network is presented in Fig. 3. In the example, numbers beside the links
refer to the co-purchased frequency between two products.

Formally, the degree centrality of products in the co-purchased network is defined as
follows:

degree_centrality(i) = Z fij ©)

JEI

where f;; refers to the co-purchased frequency of product i and j. To examine our
conjecture, we empirically investigated the correlation between the degree centrality
and AD by increasing the average degree centrality of products in recommendation
lists and observing the resulted AD. The empirical results shown in Fig. 4 verify
our conjecture, i.e. Gini_diversity and Diversity_in_top_N are negatively related to
the average degree centrality of products in all recommendation lists. Therefore, to
improve AD, we copy the accuracy oriented ranking list and re-rank the products in
non-descending order of the degree centrality in the co-purchased network. The AD
oriented ranking list is then represented as follows:

Listy, = {1, 1},....1''} 7)
where degree_centrality (Ilf’) < degree_centrality (I o )-
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3.4 Merging of ranking lists

After obtaining the three ranking lists, the balance among recommendation accu-
racy, ID, and AD can be achieved by merging the three lists. Rank aggregation is a
well-studied area and many aggregate functions have been proposed to generate an
aggregated ranking list from multiple ranking lists. Among existing aggregate func-
tions, Borda’s method has gained wide popularity because of its effectiveness and
simplicity [43]. Therefore, Borda’s method is employed to merge the three ranking
lists in this paper. Borda’s method works by assigning a score to each position of a
ranking list and sorting products according to their total scores calculated based on
their positions in different ranking lists. In this study, the score assigned to a position
is set to the ranking of the position. Consequently, the higher a product scores, the
lower it ranks. Traditionally, all ranking lists are treated equally in Borda’s method.
To make the balance among recommendation accuracy, ID, and AD adjustable, we
adapt Borda’s method by assigning different weight to the three ranking lists. Given
an item and its rankings in the three lists, the integrated ranking score obtained by
the adapted Borada’s method is as follows:

faceuraey B x Rankingll.‘m”’ +y X RankingustAD ®)

i

. Lis
Score; = a X Ranklngil

where Rankingl.“” is the ranking of item i in the corresponding ranking list, «a, S,

and y are weight assigned to corresponding ranking lists, 0 < a,f,y <1 and
a + f +y = 1. After merging the three ranking lists, the final recommendation list
can be represented as follows:

Recommendation_list = {1}, 1)’ ..., IV} 9)

o4
where Score(I") < Score(ll.’jr’l).

4 Experimental evaluation
4.1 Dataset

To evaluate the proposed re-ranking approach, we conduct experiments on a real-
world data set obtained from Alibaba, the largest ecommerce company in China.
The original data set' contains more than one hundred million consumer-product
interaction records. Without compromising the evaluation, we randomly select
50,000 transaction records from the original data set. Each transaction record con-
tains one customer and at least one product. Each product belongs to at least one
product category. A product category can range from the most general level to the
finest level in the concept hierarchy of products. The statistical description of the
selected data set is provided in Table 1.

! https://tianchi.aliyun.com/datalab/dataSet.html?spm=5176.100073.0.0.6£363 5eezHHOtK &datal
d=649.
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Table 1 The statistical

description of the selected data Data field Value

set #Transaction 50,000
#Customer—product purchase record 146,998
#Customer 16,260
#Product 95,416
#Product category 3658
#Co-purchased product 82,540
#Co-purchased product pair 272,164

4.2 Experimental design

The selected data set is randomly divided into training and testing sets with an
80:20 split. Specifically, 40,000 transaction records are used to tune the parameter
of and then used as the input of the accuracy-oriented recommendation method (i.e.,
the user-based CF). The remaining 10,000 transaction records are used to test the
recommendation results re-ranked by the proposed method as well as the baseline
methods. In our experiments, customers’ preferences are binary value (i.e. purchas-
ing or not purchasing a product). Therefore, we use the following classification
accuracy metric to measure the accuracy of recommendation results:

_ 2 X Precision X Recall

F
Precision + Recall

(10)

BRI ecail = HAST
mended to customers, and TS represents test set, the set of products that customers
actually like. Precision measures the percentage of products in the recommendation
set that are actually liked by customers, Recall measures that of products in the test
set that are recommended to customers, and F is the harmonic mean of both Preci-
sion and Recall [23, 26].

To measure ID, Individual_Diversity metric defined below is used because it
explicitly shows the diversification of products.

where Precision = , RS is the set of products recom-

1
Individual_Diversity = ———— dis(i,)) 11
NN -1 i;&“jel;ﬁﬁi (i

where RS is a recommendation list, N is the number of products in the recommen-
dation list, and dis(i, j) is the dissimilarity or distance between product i and j as
defined by Eq. (4).

In terms of measuring AD, both Diversity_in_top_N and Gini_diversity are used
in our experiments. The two metrics emphasize different but important aspects of
AD as discussed in Sect. 2.2. They are defined as follows:

Diversity_in_top_N = U RSy (1)

uel

(12)
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0 .
e |I|+1—z> rec;
Gini_diversity = 2 [( X < ) (13)
; 1]+ 1 total

where N is the number of products recommended to one customer, RSy(u) is the
set of products recommended to customer u, i refers to the index of a product in the
product set I, rec; is the number of customers to whom product i is recommended,
products in [ are arranged in non-descending order of rec;, and total indicates the
total number of recommendations across all customers.

For a target customer, the user-based CF is applied to estimate his or her pref-
erences on products. Ranking approaches are then used to rank and thus recom-
mend suitable products to the customer. Three ranking approaches are used as our
baselines, namely the standard ranking approach [25], the enhancing ID approach
[44], and the enhancing AD approach [19]. The standard ranking approach
arranges products in descending order of the estimated preferences and then rec-
ommends the top N ranked products to the target customer.

The enhancing ID approach first selects a candidate list S which contains &
candidate products with the highest estimated preferences. The candidate prod-
ucts are then re-ranked according to the re-estimated preferences defined below:

Score; = 0 X R*(u,i) — (1 = 0) X r}le%x sim(i, J) (14)

ZaeA Wu(a) X Sima(i’j)
max(wu) X |A|

sim(i, ) = (15)

where 6 is ranging from O to 1 and controls the balance between recommendation
accuracy and ID, R*(u, i) is the estimated preference of user u on product i, sim(i, j)
is the similarity between product i and j, sim,(i,j) is the similarity between product
i and j on attribute a, A is the collection of product attributes which are defined as
product categories in this paper, and w,, is the importance of attribute a to user u
and is decided based on the number of products previously purchased by the user
and his or her propensity towards diversities on attribute a. The latter one is meas-
ured through Shannon’s entropy. Further calculation details can be found in [44].

Similarly, the enhancing AD approach selects candidate products whose esti-
mated preferences are higher than a predefined threshold T,. The selected candi-
date products are then re-ranked based on the following mechanism:

rank(i, TR) — { rankmndom(l)’ UC R (M, l) € TR’ Tmax] (16)

514 + rankstandard(i)7 lf R*(u? l) € TH’ TR]
(i)and I,(Ty) = {i € I|R*(u, i) > Ty }. Simply put,
candidate products with estimated preferences higher than the re-ranking threshold
Ty, are re-ranked randomly, while products that are lower than Ty are ranked using the

where 6, = maXes (7, 1ank ., qom
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standard ranking approach. Besides, all candidate products which are above Tj get
ranked ahead of all candidate products which are below T}. This is ensured by §,,.

4.3 Experimental results and analysis

To show the ability of the proposed method in balancing recommendation accuracy
with ID and AD, we conduct a series of recommendations by varying the values of «,
p, and y. Figure 5 shows the resulting recommendation accuracy, ID, and AD when a,
p, and y are ranging from O to 1. In the experiment, the length of the recommendation
list (i.e. N) is fixed at 5, and the length of the accuracy oriented ranking list (i.e. k) is
fixed at 10, 20, 30, 40, and 50 respectively. And « is changing from 1 to O with step
decrement of 0.1 while f =y = (1 — a) /2.

There are many other possible combinations of @, f, and y, but we are not interested
in enumerating all of them. The combinations in Fig. 5 are used to illustrate that the
proposed method can be adjusted to obtain different trade-offs between recommenda-
tion accuracy and diversities. The results also demonstrate that varying k results in dif-
ferent trade-offs. For a specific combination of a, f#, and y, higher k leads to higher
diversities and lower accuracy. Thus, the proposed method allows electronic commerce
platforms to achieve expected trade-offs between recommendation accuracy and diver-
sities by setting suitable values for a, g, v, and k.

We also calculate the changes of F, lidividual_diversity, Gini_diversity, and
Diversity_in_top_N respectively when decreasing a from 1 to O and setting
p =y =(1—-a)/2. Table 2 presents the results which show that the proposed method
can significantly improve ID and AD at the cost of only a small decrease in recom-
mendation accuracy. For example, the proposed method achieves 13.00%, 12.56%,
and 16.43% increases in Individual_diversity, Gini_diveisity, and Diversity_in_top_N
respectively with only a 4.08% decrease in F by changing « from 1 to 0.8 when k=10.

To show the superiority of the proposed method further, we compare the proposed
method with the enhancing ID approach and the enhancing AD approach in terms of
the changes in F, Individual_diversity, Gini_diveisity, and Diversity_in_top_N. In
this experiment, the length of the recommendation list (i.e. N) is fixed at 5, the length
of the accuracy oriented ranking list (i.e. k) is fixed at 20, and the recommendation
performance of the standard ranking approach is used as a comparison standard. The
parameters of the enhancing ID approach, the enhancing AD approach, and the pro-
posed method are tuned to improve recommendation diversities at the cost of certain
decreases in recommendation accuracy. The extents of the changes compared to the
standard then can be calculated. The results are shown in Fig. 6. They demonstrate
that the proposed method achieves higher improvements in Individual_diversity, Gini_
diveisity, and Diversity_in_top_N than the enhancing ID approach and the enhancing
AD approach when sacrificing the same amount of F.
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Table 2 The changes of the performance of the proposed method

Fl% Individual_  Gini_diver- Diver- Fl% Individual_  Gini_diver- Diver-

diversityl%  sityl% sity_in_ diversityl%  sityl% sity_in_
top_NI% top_NI%

k=10 k=20

—-01.90 0493 07.27 08.56 -03.99 0891 04.75 13.65

—04.08 13.00 12.56 16.43 -07.85 1193 10.02 27.54

-06.36 25.05 20.04 31.94 —-10.96 20.28 17.29 39.81

-08.31 37.07 27.49 40.74 —13.84 28.24 25.59 55.78

—11.14 45.14 30.93 55.78 —-16.21 4224 30.83 75.23

—-13.09 53.22 35.79 70.37 -17.09 52.02 35.18 85.64

—-15.18 6531 43.75 82.63 -20.39 6523 43.55 104.39

—-16.58 6845 49.47 95.13 —22.66 7557 51.48 121.29

-20.15  71.79 57.51 111.34 —-2554 84.12 58.78 133.79

—23.03  79.99 64.25 123.14 —28.65 95.74 67.36 153.00

k=30 k=40

-05.99 07.83 06.00 18.05 -06.78 1241 09.28 2291

-09.33  17.10 13.02 35.87 —-11.56 25.01 15.79 45.83

—-11.89 28.99 20.24 50.46 —-13.09 35.04 19.89 69.21

—1542 41.05 27.85 70.60 —-16.25 40.05 28.31 87.96

—-17.18  52.02 34.13 85.87 —18.43 52.82 36.88 109.25

—-20.34  65.19 40.47 108.10 —22.24  63.72 44.03 131.94

—-2271 73.26 48.63 124.53 -26.38 7195 51.64 155.78

-2591 85.08 55.66 148.37 -30.65 87.98 58.89 179.86

—28.61 9232 61.35 167.59 —34.64 9940 66.49 204.62

—30.65 103.93 69.19 183.56 —38.59 111.97 74.33 224.30

k=50

-07.94 17.58 10.70 31.71

-12.03 29.15 18.11 59.72

—-16.34 42.64 28.28 86.11

—-19.97 5441 35.79 117.12

-25.03 6042 44.08 142.36

-29.26 71.87 53.21 167.59

-33.76  86.35 64.28 196.06

—-3790 95.38 70.99 224.53

—41.66 108.55 80.46 248.84

—4542 120.48 87.07 268.75

5 Conclusions

In this research, we propose an adjustable re-ranking approach for improving the
individual and aggregate diversities of product recommendations. This approach bal-
ances recommendation accuracy with both diversities at the product selection stage.
To improve ID and AD while keeping acceptable accuracy, three ranking lists (i.e. the
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accuracy, ID, and AD oriented ranking lists, respectively) are produced. The accuracy
oriented ranking list consists of top k products with the highest ratings estimated by
accuracy oriented recommendation methods (e.g., the user-based CF). The ID oriented
ranking list copies the accuracy oriented ranking list and re-ranks the copied list by
maximizing ID of the sub list with top N products. Similarly, the AD oriented ranking
list copies the accuracy oriented ranking list and arranges the products in non-descend-
ing order of the degree centrality in the co-purchased network of products. The three
lists are merged by a rank aggregation method, i.e. Borda’s method. Experiments are
conducted on a real-world data set. The experimental results demonstrate that the pro-
posed method can achieve different trade-offs between recommendation accuracy and
diversities by changing the length and the weight of the three lists. Compared to the
baseline methods, the proposed method can generate much higher improvements in
both diversities when sacrificing the same amount of recommendation accuracy.

The contribution of this research is twofold. First, two novel criteria are proposed to
ensure ID and AD of product recommendations respectively, i.e. the distance between
products in the concept hierarchy and the degree centrality of products in the co-pur-
chased network. Second, a re-ranking approach is designed to balance recommendation
accuracy with both diversities for product recommendations. Experimental evaluation
demonstrates the advantages of the proposed approach. With the proposed method,
ecommerce platforms can better balance recommendation accuracy with ID and AD.
The proposed method may be adapted for recommendations in other contexts, such
as expert recommendation and literature recommendation. In terms of expert recom-
mendation, a researcher looking for cross-discipline collaborations may expect recom-
mended experts with different discipline backgrounds, and a platform may want to bal-
ance the collaboration workload of experts. In this situation, a discipline classification
tree can be used to ensure ID and a collaboration network can be used to guarantee
AD. In the context of literature recommendation, an author writing a research paper
may expect recommended citations covering different topics of the paper, and a plat-
form may want to disseminate as many publications as possible. In this case, a research
domain classification tree can be used to ensure ID and a citation network can be used
to guarantee AD. Future research will investigate the generalizability of the proposed
method in these recommendation contexts.
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