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Abstract

The growth of online shopping is rapidly changing the buying behaviour of consumers. Today, there are challenges facing
buyers in the selection of a preferred item from the numerous choices available in the market. To improve the consumer
online shopping experience, recommender systems have been developed to reduce the information overload. In this paper,
a cognitive comparison-enhanced hierarchical clustering (CCEHC) system is proposed to provide personalised product
recommendations based on user preferences. A novel rating method, cognitive comparison rating (CCR), is applied to
weigh the product attributes and measure the categorical scales of attributes according to expert knowledge and user
preferences. Hierarchical clustering is used to cluster the products into different preference categories. The CCEHC model
can be used to rank and cluster product data with the input of user preferences and produce reliable customised recom-
mendations for the users. To demonstrate the advantages of the proposed model, the CCR method is compared with the
rating approach of the analytic hierarchy process. Two recommendation cases are demonstrated in this paper with two
datasets, one collected by this research for laptop recommendation and the other an open dataset for workstation rec-
ommendation. The simulation results demonstrate that the proposed system is feasible for providing personalised rec-
ommendations. The significance of this research is the provision of a recommendation solution that does not depend on
historical purchase records; rather, one wherein the users’ rating preferences and expert knowledge, both of which are
measured by CCR, is considered. The proposed CCEHC model could be further applied to other types of similar rec-
ommendation cases such as music, books, and movies.

Keywords Decision making - Expert system - Pairwise comparisons - Recommender system - Clustering

1 Introduction

Online shopping has already influenced the purchasing
behaviour of consumers. Today, buyers face an overload of
information to select the most preferred goods. Recom-
mender systems (RSs) are developed to recommend
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appropriate products to consumers on the basis of their
historical records. An effective RS service can boost sales
by building and increasing customer loyalty (Aggarwal
2016). Reviews of RS technologies can be found in (Ag-
garwal 2016; Haruna, et al. 2017; Adomavicius and Kwon
2015; Kunaver and Pozrl 2017; Kotkov et al. 2016; Zhang
et al. 2017; Ma et al. 2018). RSs are typically categorised
into three types: collaborative filtering, content-based, and
hybrid (Aggarwal 2016). Since these types are based on
user profiles including their historical ratings and purchase
records (Lika et al. 2014), the RSs have insufficient
information to learn the interests of new users. Lacking
information for newly joined users is known as the cold-
start problem, which is a critical challenge of RS (Kunaver
and Pozrl 2017; Lika et al. 2014; Volkovs et al. 2017;
Viktoratos et al. 2018). A discussion and review of the
cold-start problem can be found in Lika et al., (2014).
Cold start problems have significant influence on high-
end consumer electronics such as smartphones, laptops,
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game consoles, and audio-video equipment. Since their
electronic components and technologies are frequently
updated, recommendations based on historical purchasing
records could possibly not be applicable to new products.
The motivation of this research is to propose an expert
system for product recommendations that is based on the
current individual users’ preferences and expert knowledge
elicited from cognitive comparison rating (CCR) method.
The proposed model does not have such a cold-start
problem, as historical information is not used for the
recommendations.

The evaluation of expert judgments and user preferences
for products is complicated as numerous products such as
the aforementioned high-end consumer electronics consist
of different attributes. Multi-criteria decision making
(MCDM) methods, which can measure both user prefer-
ences and expert judgments for multiple product attributes,
have been used in RSs (van Capelleveen et al. 2019; Song
2018; Zhang et al. 2018). The analytic hierarchy process
(AHP), a classical MCDM, has been adopted to evaluate
user preferences for different product attributes (Hinduja
and Pandey 2018; Karthikeyan et al. 2017; Pamucar et al.
2018; Wang and Tseng 2013). CCR, an improved alter-
native to AHP, is introduced in this study for evaluating
expert judgments and user preferences. As an approach to
rectify the mathematical representation problem of the
perception of the paired differences in AHP, CCR is an
ideal method for weighing product attributes and defining
numerical values of nominal scales based on user prefer-
ences (Yuen 2009, 2012, 2014a; b).

To provide product recommendation services, the hier-
archical clustering (HC) method is used to group the
products based on the evaluation results of CCR. Different
clustering analysis methods have been applied to identify
groups of products that have similar attributes with respect
to consumer preferences (Nilashi 2017; Frémal and Lecron
2017; Katarya and Verma 2017; Selvi and Sivasankar
2019). HC (Murtagh 1983; Ward Jr 1963; Han et al. 2011)
is a popular clustering method; for example, HC has been
adopted in other RSs (Selvi and Sivasankar 2019; Gupta
and Patil 2015; Zheng et al. 2013; de Aguiar Neto et al.
2020). A hierarchical decomposition of a dataset can be
built by HC in the form of a tree graph (called a dendro-
gram). The major advantage of HC is that the dendrogram
can be easily interpreted since the distances between the
objects are directly presented. HC has limitations when
applied to product-recommendation cases. Firstly, the
attributes of products are equally considered; however,
different consumers can have different preferences for each
attribute. Secondly, the product attributes of nominal scales
cannot be directly used in clustering processes. To address
these limitations, CCR is used to weigh product attributes
and define numerical values of nominal scales with respect
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to user preferences. A novel system, cognitive comparison-
enhanced hierarchical clustering (CCEHC), is proposed to
provide product recommendations with respect to the cur-
rent individual user’s rating preferences. The new method
provides a solution to the cold start problem in RSs by
using the expert knowledge elicited from CCR instead of
the users’ historical data. In addition, non-specialized
consumers can express their references to interact with the
system.

This paper offers a significant extension of the previous
initial work (Guan and Yuen 2015; Guan 2018), especially
for the sections of methods, experiments, comparisons, and
discussions. The remainder of this paper is organised as
follows. Section 2 proposes the novel CCEHC system.
Section 3 demonstrates the validity and feasibility of the
proposed method using a laptop recommendation case, for
which the dataset was collected in this study. Section 4
discusses the advantages and limitations of the proposed
approach. Section 5 presents the application of CCEHC for
workstation recommendations using an open dataset.
Finally, Sect. 6 concludes the study.

2 Cognitive comparison enhanced
hierarchical clustering

The procedures of the CCEHC model are presented in
Fig. 1. In Steps 1 and 2, the attributes of the products are
structured as an attribute tree. According to the attribute
tree, a raw data table is collected from different sources. In

| Step 1: Attribute Specification

Attributes Tree

| Step 2: Data Preparation |

Step 3: Preferences Elicitation < -
‘ by CCR Raw Data Mamx)

CWeighted Data Matrix)—’{ Step 4: Data Normalization |

Qeighted Normalized Data MatrD

I Step 5: Data Fusion I

Product Values

‘ Step 7: Product Clustering ’

( Top-N List ) <Similar Products RecommendatioD

Fig. 1 CCEHC procedures

’ Step 6: Top-N List Generation




Granular Computing (2022) 7:637-655

639

Step 3, CCR is applied to measure the nominal attribute
values and attribute weights with user preferences. The
resulting table is normalised in Step 4. In Step 5, the values
of the products are produced by aggregating the normalised
table and attribute weights. In Step 6, a personalised top-
N recommendation is produced by ranking the product
values. In the final step, the products are clustered by HC,
and similar products can be recommended to the different
users.

2.1 Specifying attributes

Detailed product information can be obtained from differ-
ent sources including manufacturer websites, product
engineers, and retailers. A product is represented as a group
of attributes, {0;} = (01, d2,...,9;,...,0,), where J; is the
ith attribute of the product. Attributes can have sub-at-
tributes. For example, an attribute J; is represented by n;
sub-attributes, {(5,~J} = (5,-71,51;,2, e 0y .,(3,~7n[), where
0;; is represented by the jth sub-attribute of J;; the attribute
0;; is represented by n;; sub-attributes, {5,~’,-’k} = (5,-1,~,1,
0ij2s++ 0ijks -+ Oijn,)> Where &;; is the kth sub-attribute
of 0;;. The attributes of the different levels are structured as
an attributes tree. A sample of the laptop attribute tree is
presented in Fig. 2 in Sect. 3.

2.2 Preprocessing data
The leaf attributes, denoted as L, are attributes without sub-
attributes. The measurable values of leaf attributes are

collected from different sources, as mentioned in Sect. 2.1.
Product dataset D consisting of m products and [ leaf

Fig. 2 Attributes tree for

attributes is denoted as D = {d,g|Va € (1,...,m),Vp €
(1,...,0),}. An example of a laptop data matrix is pre-
sented in Sect. 3.2. D cannot be directly clustered since it
could contain nominal scales that do not have a natural
ordering. In the proposed CCEHC system, the nominal
scales are substituted by the numerical values measured
using the CCR approach presented in the next step.

2.3 Evaluating user preferences by CCR

The user preferences for different attributes and nominal
scales are measured using the CCR method. A sample of
the CCR interface is displayed in Fig. 3.

Table 1 is a typical measurement scale schema (R, X)
applied to CCR (Yuen 2009, 2014a). The space of the
linguistic labels N of the paired interval scales is {Equally,
Slightly, ..., Outstandingly, Absolutely}. The numerical
representation of the paired interval scales X is as follows:

X = {Xq:%NqE (—1,..,—1,0,1,...,7}, K>0}.
(1)

The subjective perception of the difference between
pairs is represented as the normal utility, x. By default, . is
set to max ()_() Denoting the number of linguistic labels as
7, the number of scales is 27 + 1.

To measure the user preferences in paired interval
scales, a pairwise opposite matrix (POM) is defined as
follows.

laptops with weights for User A CPU 6, (1)
0.)68 | Operating 5 (1) RAM 4, ¢
System 07500 0244 SSD &, @)
0Aas 550 Hard Drive 6,,[<_ =
‘ Storage &, v )
0.68 .
0491 o437 USA &, () Size 4,,, &)
Brand I, Asia 0,
0-056 sila 9, -
Laptop 0.563 : 0.4 Size 6;,, ()
Attributes 0.18
184 Display J; 0375

0.145

0.119

Prices &, (L)

0.563~ Resolutiond;, , (£,

0.625+ Graphics Card &, (Lu)‘

0.500] Weight §6;.I (&)
0508, Battery d,,(z,)

Portable J;
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E?é;acceofg;l:zzlﬁzg;iaﬁggp [Regarding the attributes of Laptop : « . .
attributes Processor (4, ), OS (6,), Storage (6, ), Brand (35, ), Display (5; ), Prices (), Portable (J,).«
Compare the relative preference for each pair, and circle the mark accordingly. -
Absolutely Highly Equally Highly Absolutely »
Processor- {8 7 6 5 4 3 2 1 0@ 2 3 45 6 7 8« OS-
Processor- {18 7 6 5 4 3 2 @ 01 2 3 4 5 6 7 8« Storage »
Processor- (18 7 6 5 4 3 2 1 0 1 2 3 4 5 6 @ 8.4 Brand»
Processor- (|8 7 6 5 4 3 2 @ 01 2 3 4 5 6 7 8« Display »
Processor- 8 7 6 5 4 3 2 1 02 3 45 6 7 8. Prices -
Processor- {8 7 6 5 4 3 2 1 0 1 2 @ 4 5 6 7 8e Portable -
0S. 8 765 4(Q 210123 456 7 8  Storages
0S- ST GANSINASEI D TN ORNIN 288 3 4@6 7 8 Brand »
oS- 8765 43@101 23456 7 8¢ Displaye
0S- S TNGINS A R3D 1@1 2 3 45 6 7 8- Prices
oS- 8 76 543210 1(Q)3 456 7 84 Portabler
Storage - 8 7 6 543 21012 3 45 6 @ 8 Brand »
Storage - 8 7 6 5 4 3 2 1@1 2 3 45 6 7 8¢ Display «
Storage - SN GEES T SRS S B O BT D @ 4 5 6 7 8¢ Prices«
Storagec 8 7 6 5 4 3 2 1 0 1 2 3 4()6 7 8:  Portables
Brand: 8()6 5 4 3 2 101 2 3 456 7 8:  Display-
Brand- 8 7 6 @ 4 321012 3 45 6 7 8a Pricese
Brand - 8 7 6 5 4 @ 21 012 3 45 6 7 8« Portable «
Display » 8 7 6 5 4 3 2 10 1@ 34 5 6 7 8¢ Prices e
Displayc 8 7 6 5 4 3 2 1 0 1 2 3()5 6 7 8:  Portable-
Prices 8 7 6 543 210 1@ 3 45 6 7 8 Portable »

Table 1 Measurement scale schema for CCR

Label (X) Paired Interval Scale (X)
Equally
Slightly 1 K/8
Moderately 2 2x/8
Fairly 3 3x/8
Highly 4 4x/8
Strongly 5 5k/8
Significantly 6 6x/8
Outstandingly 7 Tic/8
Absolutely 8 K
0 Vi — Vo Vi — WV,
vy — Vi 0 V) — Vp
B = [bij] : .
Vp— V] V,— V2 0
0 b - bu
by 0 b
=~ | . : S| = [b;j] = B, (2)
bnl bn2 0
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where B denotes a POM. v; denotes the priority value, and
b= [vi — vj] denotes the approximate comparison value
between objects i and j. The values of b;; are obtained from
a questionnaire. For example, b;3 = 3 means that the cus-
tomer considers the first object to be fairly more important
than the third.

To verify the validity of the POM, an Accordance Index
(AD) is defined in Eq. (3). Al =0 indicates that B is
absolutely accordant. If 0 < AI < 0.1, then B is recom-
mended. If AI > 0.1, B is unacceptable, the survey should
be rechecked.

l n n
AI:;ZZ

i=1 j=1

n

>

p=1

1

n

(3)

b\
- .

The priority values of objects are computed using the
row average plus normal utility (RAU) as follows:

<bip + by —

RAU(B, k) = {vi DV :1 E bj+ K, Vi€ {1,...,n}}.
n4
j=1
(4)

The RAU values are subsequently normalised as a
vector W as follows:
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W:{w,-:w,»zﬁ,Vie{l,...,
nK

n}},where Z Vi
= nk.
(5)

The vector W can represent a variety of items such as the
priorities of options, item utilities, weights of features, and
preferences for nominal values. In CCEHC, the weights of
the product attributes and nominal scales in raw dataset
D are substituted with their normalised RAU values.

2.4 Normalising dataset

Two equations are introduced to normalise the raw dataset
D. If a higher value indicates a higher preference for a leaf
attribute, the dividing maximal function A,,x defined in
Eq. (6) is used to rescale the column of raw attribute val-
ues, i.e, Df = {dip,...,dyp,...;dnp}. If a lower value
reveals a higher preference, the minimal dividing function

Anmin defined in Eq. (7) is applied. The normalised data

matrix is denoted as
D :{x%/;Wote(l, m),Vp € (1 ,...,l),}.
Xop = Amax(da/;) = . ,VOC S (1, ..,m),Vﬁ
max<D5>
€(l,...,0), (6)
min(Dg)
Xop = Amin(doc/)’) = Tava € (1, . .,m),Vﬁ
ap
el,...0). (7)

2.5 Fusing data

The product values {p@|Va € (1,...,m)} are the weigh-
ted summation of the product attribute values, where o is
the index of the product. Attribute values are the weighted
summation of their sub-attributes. The detailed calculations
of product/attribute are presented in Egs. (8)—(10), where
¥y Tij, and r;;, are the weights of &;, &;j, and 9y,
respectively. The leaf attribute values are obtained from the
normalised data matrix D'.

nij

555):Zrl,lk 51/k7Vi€(17 7n>7vj€(17 .,nj),VOC
k=1
e(l,...,m),
(8)
87 = rig- 8N € (1 om) Vo € (,.om), (9)
=1

Zr, ) Voce ..m). (10)

2.6 Generating top-N list

According to the product values, a personalised top-N list
consisting of the N highest value products in descending
order is provided to the user; the calculation details are
described in Algorithm 1. For different users, the top-
N lists are different since the product values are calculated
with respect to personal preferences.

Algorithm 1: Top-N list
Input:{p@},N
Fori=ItoN,
M = Max({p®@})
TopN[i]= M
{p @} = M/{p®3}, where / is a complement operator.
Output: TopN

2.7 Clustering products

HC is used to group products according to their product
values. The aim of HC is to iteratively combine the two
nearest clusters into a larger cluster until all the objects are
in one cluster or a preset termination condition is reached
(Han et al. 2011). Murtagh (1983) briefly described the
steps of hierarchical clustering methods. The steps of HC
applied to the CCEHC are described below.

Step 1: One product is an atomic cluster, C, = {p@}.
The distances between each pair of clusters are computed
in the following form:

dya = | — p“|,Va,Vd € (1,...,m), (11)

where d, , is the dissimilarity of product values for any
two different products p'@ and o).

Step 2: The two closest clusters, C; and C;, where (s, )=
argmin({d, }), are combined into a larger cluster, i.e.,
Cy = C; U C,, which means Cy is updated by merging C;
and C,. The distances between the updated cluster C; and
other clusters C_; are computed as the average distance
(Han et al. 2011) in the following form:

1
Z dp(") p(“ ) (12)

N5
sHms p(ﬂ)echp("/)ecw

davg(Cxa Cﬁs) =

where 7, is the number of objects in cluster C;.
dave(Cs, C-) updates the distances between clusters C and

Cy. d

@ (@) is the distance between products p(“) and
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p @), where p@ € C, and p\¥) € C_,. Step 2 is repeated
until all products are in one cluster.

Step 3: A dendrogram indicating the arrangement of the
merged clusters is produced. Two examples of dendro-
grams for similar laptop clusters are displayed in Fig. 4.
The products are grouped into different clusters by cutting
the branches at an appropriate height, which represents the
distance between the clusters. Clustering results can be
used for similar product recommendations. When a user
searches for product p@ such that p@ € C,, the other
products in Cluster C,, i.e., R, are recommended to the
user. R is defined as follows:

R= Cg/{p<“>},

where / is a complement operator.

(13)

3 Application of laptop recommendation

Laptops can be represented by a set of attributes. Con-
sumers search for a set of preferred product attributes when
searching for a laptop. To demonstrate the applicability and
validity of the proposed CCEHC system, a laptop recom-
mendation case for a consumer (denoted as User A) is
illustrated. For the cases in Sects. 3-5, a dataset of 27
laptop configurations was manually collected from the
websites of online retail shops and manufacturers in 2015.

3.1 Specifying attributes

A large number of laptop configurations can be found on
websites for selling, introducing, and comparing electronic
products. The majority of consumers are likely unfamiliar
with specific technical properties such as the wireless type
and video output details. Certain laptop components could
be unimportant to other consumers such as USB ports,

0.30
|

0.20
L

Height

0.10
1

0.05

0.00
L

%)
N
© o NooTwvy S o © © -
- - -e& ~ N ~

DVD/CD burners, and speakers. These attributes are not
considered in this recommendation case. The selected
attributes for choosing an ideal laptop are structured as a
3-level attribute tree, as indicated in Fig. 2.

The attributes in the first level of the tree are CPU (0,),
Operating System (J,), Storage (d3), Brand (d4), Display
(05), Portable (J¢), and Price (J7). Five of these have sub-
attributes. For example, Storage includes the Hard Drive
and Random-Access Memory (RAM). The sub-attributes
of the first-level attributes are structured in the second
level, including {RAM (d3 ), Hard Drive (d35)}, {USA
(04,1), Asia (d42)}, {Screen (ds), Graphics Card (Js2)},
{Weight (67,1), Battery (d72)}. The sub-attributes of the
second-level attributes are in the third level of the tree,
which are {SSD (531271), Size (53’272)}, {SiZC (55,111), Res-
olution (5,12)}.

3.2 Preprocessing data

From the attributes tree presented in Fig. 2, a laptop has 13
leaf attributes. A raw data matrix D of is obtained from the
laptop configurations as indicated in Table 15 of the
Appendix. The quantification approaches used to prepro-
cess leaf attributes are summarised in Table 2. For exam-
ple, the attribute values of the CPU and Graphics Card are
quantified by their performance scores (3DMARK 2015).
The SSD attribute has three nominal labels: SSD, which
indicates that the laptop has an SSD, No SSD indicating
that the laptop has no SSD and Hybrid indicating that the
laptop has SSD and another type of hard disk. The three
labels are respectively replaced by “2”, “0”, and “1”. The
screen resolution attribute is represented by the production
of the width and height pixels of the screen. The nominal
scales of the attributes OS and Brand are measured by CCR
in Sect. 3.3.

Height

0.00 005 0.10 015 0.20 0.25 0.30
1

Fig. 4 Dendrogram for clusters of similar laptops produced for User A (left) and User B (right)
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Table 2 Schema of laptop leaf attributes

Leaf attribute name Measurement scale

Quantification approach Normalization function

Ly CPU ¢, Nominal: CPU model 3DMark06 Score Amax
L, 0OS 0, Nominal: Linux CCR Amax
0S X
Windows 7
Windows 8
Ly RAM 63, GB GB Amax
Ly SSD 83,1 Nominal: SSD SSD: 2 Amax
Hybrid Hybrid:1
No SSD No SSD: 0
Ls Hard Drive Size 835, GB GB Amax
L¢ Brand (USA)d4 Nominal: Alienware CCR Amax
Apple
Dell
Microsoft
L, Brand (Asia)ds Nominal: Acer CCR Amax
ASUS
HP
Lenovo
Samsung
Lg Screen Size Js Inch Inch Amax
Ly Screen Resolution Js ; » DPI Width pixel x height pixel Amax
Ly Graphics Card Js, Nominal: Graphics Card model 3DMark06 Scores Amax
L Weight d¢ | Kg Kg Amin
L Battery d¢> Hour Hour Amax
L3 Price 07 RMB Thousand RMB Anin

3.3 Evaluating user preferences by CCR

The preferences of user were gathered from a CCR ques-
tionnaire. An example of a questionnaire using CCR is
presented in Fig. 3. The measurement scale schema defined
in Table 1 is used in this case, and x is set to “8”. The
POM for User A presented in Table 3 is obtained from the
questionnaire results in Fig. 3 based on Eq. (2). The Al for
the POM computed by Eq. (3) is less than 0.1, which

means that the POM is acceptable. Table 3 lists the weights
of the Ist level laptop attributes computed by Eqgs. (4) and
(5) within the detailed calculations steps. The POMs, Als,
and weights of the remaining sub-attributes are provided in
Table 4. All the attribute weights for User A are given,
including the attribute tree, in Fig. 2. The nominal attribute
labels for User A of Operating System (L,), Asia Brand
(L¢) and USA Brand (L7) are also measured by CCR. The
POMs and prioritisation results (called as preference

Table 3 Comparison matrices

for 1st level laptop attributes Bo o1 02 0 Oy 0 % 07 ZZ:I bij %Z_Z:l by vi= %Z;:l by +8 ri=wi= 7
(User A)

I 0 1 -1 7 -1 1 3 10 1.429 9.429 0.168

o —1 0o -3 5 -2 0 2 1 0.143 8.143 0.145

J3 1 3 0 7 0 3 5 19 2.714 10.714 0.191

o4 -7 -5 -7 0 -7 -5 =3 -34 — 4.857 3.143 0.056

Js 1 2 0 7 0 2 4 16 2.286  10.286 0.184

0 — 1 0 -3 5 =2 0 2 1 0.143 8.143 0.145

o7 —3 =2 -5 3 —4 -2 0 —13 — 1.857 6.143 0.110

Al =0.051
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Table 4 Comparison matrices

for 2nd and 3rd levels laptop Bs 03,1 932 3 Bs» 0321 0322 32, By 041 042 T4

attributes (User A) S1 0 0 05 S5 0 —6 0313 &5, O —2 0437
032 0 0 0.5 0322 6 0 0.687 042 2 0 0.563
Al =0 Al=0 Al =0
Bs 05,1 05 rs Bs 05,11 05,12 s Bg 06,1 062 T6,i
05,1 0 —4 0.375 05,11 0 -2 0.437 J6.1 0 0 0.5
552 4 0.625 510 2 0 0563 62 O 0 0.5
Al =0 Al=0 Al=0

values) are displayed in Table 5. The nominal attribute
values in raw dataset D can be substituted with their
preference values.

3.4 Normalising dataset

The suitable normalisation equations for the leaf attributes
are listed in Table 2. For example, a CPU (L;) with a
higher performance score is attractive. Ay, defined in
Eq. (6) is therefore applied to normalise the CPU attribute
values. Typically, consumers prefer a lower product price;
therefore, A, defined in Eq. (7) is used to normalise Price
(L13). The normalised data matrix D’ is provided in
Table 16 in the Appendix. Two samples of the normali-
sation process for the attribute values of CPU and Price for
laptop ID1 are given below.

d 3367

X110 = Amax (d11) :ﬁ&){) 060 = 0447, (14)
. DT 2

X113 = Amin(d1,13) 2%2720.285. (15)

3.5 Fusing data

For each laptop, the 2™ level attribute values are calculated
using Eq. (8), the weights in Tables 3 and 4, and the nor-
malised data matrix D’ in Table 16 in the Appendix. An

example of the calculation process for 53,2(1)
below.

is presented

2
Sya = raauediy = <r321 .35 1) + (&2,2 . 5?52)
k=1
= (0.313 ®x14) + (0.687 @ x;5)
= (0.313 @ 1.000) + (0.687 ® 0.169) = 0.429.

(16)

The value of attribute 5572<1) is computed as 0.556. The
Ist level attribute values are computed using Eq. (9). The

@ Springer

calculation process for o3
example.

is given in Eq. (17) as an

2
Jj=

= ryedy) = (rll . 5513) + (VS,z . 532)

=1
= (}’3’1 Oxl,s) + (}’312 ° 55%)

= (0.500 ¢ 0.250) + (0.500 e 0.429) = 0.340. (17)

The values of attributes 521), 5g1) and 521) are 0.563,

0.327 and 0.550, respectively. The laptop product values

are computed using Eq. (10). For example, the product

value of the first laptop is 0.448; the detailed steps are

presented in Eq. (18). All 27 laptop product values for User
A are listed in Table 6.

7
PV =>"ries

= .(rl 05(11)) + <r2 05
moéil ) + <r5ob

.5”)
(r605 )

)+
(r2 @212 —|—(r305 ) (m.ag”)
)

+(r5.5gl> (r6.5(61> =+ rz.xl 13
0.448.

") (s
(1)
:(rloxll)

(18)

3.6 Generating top-N list

The top-N list for laptops is produced using Algorithm 1.
According to User A’s preferences for laptop attributes, a
top-10 list of laptops is provided in Table 7. The infor-
mation and correspondingly web links of the laptops in the
top-10 list can be recommended to User A in descending
order after the user has completed the CCR survey.
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Table 5 Comparison matrices

for nominal attribute of Ly, Lg B, Linux OS X Windows 7 Windows 8 Preference value
and Ly (User A) Linux 0 —2 ~3 0 0211

OS X 2 -1 2 0.273

Windows 7 3 0 3 0.305

Windows 8 0 -2 -3 0 0.211

Al=0

Bg Alienware Apple Dell Microsoft HP Preference value

Alienware 0 1 3 4 4 0.260

Apple -1 0 2 3 3 0.235

Dell -3 -2 0 1 2 0.190

Microsoft —4 -3 -1 0 0 0.160

HP -4 -3 -2 0 0 0.155

Al =0.043

By Acer ASUS Lenovo Samsung Preference value

Acer 0 -1 -3 2 0.234

ASUS -2 3 0.266

Lenovo 0 4 0.320

Samsung -2 -3 —4 0 0.180

Al = 0.042

3.7 Clustering products

The details of the HC method are described in Sect. 2.7.
The HC method is used to cluster the similar laptop
products into different groups by measuring the dissimi-
larities between the product values calculated using
Eq. (11). After merging the two closest clusters, the dis-
similarities are updated using Eq. (12). The dendrogram
produced by HC for User A is displayed in Fig. 4a. By
cutting the dendrogram at height of 0.05, six clusters are
generated: {4, 18, 19}, {14, 13, 16, 20, 1, 5, 22, 3, 24, 6,
26}, {25, 27, 8, 11}, {7, 9, 10, 12, 21, 23}, {15} and {2,
17}. The clustering results are used for product recom-
mendations. For example, if User A browses the webpage
of Laptop 4, Laptops 18 and 19, which are in the same
cluster of Laptop 4, are recommended to the user. Simi-
larly, if User A browses Laptop 2, Laptop 17 is
recommended.

4 Discussions

Comparisons and discussions are presented in this section
to demonstrate the advantages of the proposed RS. To
demonstrate the advantage of providing personalization
recommendations, the recommendations for User B are
presented in Sect. 4.1. To demonstrate the differences
between CCR and AHP, the results produced by AHP

enhanced method are presented in Sect. 4.2. The limita-
tions of the proposed method are discussed in Sect. 4.3.

4.1 Personalization

User B completes the questionnaire. The rating scores are
presented in Tables 8, 9, 10; the rating scores of User A are
given in Tables 3, 4, 5. The product values for Users A and
B are listed in Table 6. The system produces personalised
top-10 laptop lists and laptop clusters with respect to the
two users’ preferences. Table 7 presents the top-10 laptops
recommended for User A; Table 11 lists the top-10 laptops
recommended for User B. The two dendrograms in Fig. 4
indicate the laptops clustering results for User A and B.

Comparing the preferences indicated in Tables 3 and 8§,
both users require a laptop with a high-speed CPU, large
storage, and acceptable graphics. Three differences
between the preferences of the two users can be sum-
marised by comparing Tables 3, 4, 5 with Tables 8, 9, 10.
Firstly, User A is not very price sensitive, whereas for User
B, the price is considerably more important. Secondly,
User A requires a portable laptop that is light and has a
long battery life; User B hardly considers portability.
Thirdly, User A has no strong preference for the brand,
whereas User B strongly prefers laptops produced by US
companies, especially Apple and Alienware.

From the laptop configurations presented in Table 15
and the two top-10 lists generated for Users A and B,
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Table 6 Laptop product values for 2 users

1D Product value (p(“)) for User Product value (p(“)) for User
(o) A B

1 0.448 0.392
2 0.553 0.479
3 0.465 0.347
4 0.403 0.398
5 0.447 0.443
6 0.459 0.431
7 0.507 0.503
8 0.660 0.661
9 0.478 0.507
10 0.476 0.437
11 0.662 0.609
12 0.475 0.423
13 0.427 0.382
14 0.419 0.374
15 0.603 0.548
16 0.431 0.408
17 0.535 0.377
18 0.380 0.386
19 0.378 0.356
20 0.431 0.361
21 0.488 0414
22 0.445 0.400
23 0.493 0.409
24 0.457 0414
25 0.643 0.658
26 0.462 0.512
27 0.676 0.680

Table 7 The top-10 laptops for User A

Rank ID () Product value (p*)
1 27 0.676
2 11 0.662
3 8 0.660
4 25 0.643
5 15 0.603
6 2 0.553
7 17 0.535
8 7 0.507
9 23 0.493
10 21 0.488

@ Springer

respectively, in Tables 7 and 11, it can be concluded that
the laptops in the two top-10 lists meet the common
requirements (high speed CPU, large storage and accept-
able graphics) of the two users. There are three issues for
the two users’ preferences leading to the top-10 lists
results. Firstly, the best laptop for Users A and B is the
same: Laptop 27. This laptop has almost all the best con-
figurations, yet is the most expensive. The product value of
Laptop 27 for User B is less than for User A. The main
reason is that User B is more price sensitive. Secondly, two
portable laptops, Laptops 21 and 23, are recommended to
User A, even though the other configurations of the two
laptops are not attractive. The main reason is that User A
prefers portable laptops. Thirdly, as User B is faithful to the
brands Apple and Alienware, all the laptops of the two
brands are recommended to User B in the top-10 list. The
laptop recommendations provided for the two users match
their requirements, and it can be concluded that the pro-
posed CCEHC method can provide personalized recom-
mendations with respect to user preferences.

4.2 Comparisons between CCR and AHP

CCR is based on the cognitive network process (CNP)
(Yuen 2009, 2014a). The CNP is proposed as an ideal
alternative to AHP to solve the rating scale problem in
AHP. The numerical definition of the AHP’s paired ratio
scale inappropriately represents the human intuitive judg-
ment of paired difference; CNP uses a paired interval scale
instead of a paired ratio scale. Detailed comparisons
between CNP and AHP can be found in Yuen (2009,
2014a).

This study uses the original version of AHP proposed in
Saaty (1980) for comparisons. To produce the AHP results,
the CCP rating scales are transformed to AHP scales. The
method employed is called AHP Enhanced Hierarchical
Clustering (AHPEHC). The transformation method of the
rating scale between AHP and CCR is given in Yuen

Table 8 Comparison matrices for 1st level laptop attributes (User B)

By o1 02 03 04 0s d6 07 T

o1 0 4 2 0 2 8 0 0.184
02 —4 0 -2 -3 -2 4 -4 0.115
03 -2 2 0 -2 0 6 -2 0.148
N 0 3 2 0 2 8 0 0.181
Os -2 2 0 -2 0 6 -2 0.148
06 -8 —4 -6 -8 -6 0 -8 0.041
07 0 4 2 0 2 8 0 0.184

Al =0.024 < 0.1
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Table 9 Comparison matrices _ _
for 2nd and 3rd levels laptop B; 03,1 032 3 B3, 0321 0322 30, B, 04,1 04 T4
attributes (User B) S3.1 0o 2 05625  d3a, 0 8 075 4 0 6 0.6875
032 -2 0.4375 0322 -8 0 0.25 042 L) 0 0.3125
Al=0 Al=0 Al=0
Bs 05,1 052 TS Bs 05,11 05,12 s, Bg 06,1 06,2 76
05,1 -8 0.25 05,11 0 -4 0.375 J6.1 -2 0.4375
052 8 0.75 05,12 4 0.625 06,2 2 0 0.5625
Al =0 Al=0 Al=0
Table 10. Comp .a rison matrices B, Linux OS X Windows 7 Windows 8 Preference value
for nominal attribute of L,, Ls
and Ly (User B) Linux 0 -8 ~1 -5 0.141
0Ss X 8 7 3 0.391
Windows 7 1 -7 0 —4 0.172
Windows 8 5 -3 4 0 0.297
Al =0
Bg Alienware Apple Dell Microsoft HP Preference value
Alienware 0 0 4 8 6 0.290
Apple 0 0 4 7 0.285
Dell —4 —4 0 4 0.195
Microsoft -8 -1 —4 0 -2 0.095
HP -6 -6 -3 2 0.135
Al = 0.059
B Acer ASUS Lenovo Samsung Preference value
Acer 0 -6 —1 0 0.195
ASUS 6 5 6 0.383
Lenovo 1 -5 0 1 0.227
Samsung 0 -6 -1 0 0.195
Al =0

(2009, 2014a). Table 12 presents the transformed rating
matrix and weights of the ratings listed in Table 3. The
product values and clustering results of the laptops com-
puted using AHP are shown in Table 13 and Fig. 5,
respectively.

The 27 laptop product values are displayed in Fig. 6. A
significant difference between the values computed by
CCR and AHP is that the product values computed by CCR
are considerably closer than those computed by AHP. The
results of CCR reflect that the recommendations for the
products are difficult to make, whereas AHP results reflect
that the problem is trivial. The reason for this difference is
that the paired ratio scales applied in AHP typically
exaggerate the human perception of the paired difference in

ratio. It can be concluded that CCR outperforms AHP in
reflecting the preferences of both expert and users.

4.3 Limitations

Regarding the limitations, as the proposed approach is
typically designed for recommendations of the latest
launch products, the datasets consider the latest products
(assuming that a consumer is not likely to buy an obsolete
product). As the obsolete products are not considered, the
data set should not be excessively large. The proposed
method is not designed for processing large-scale data; the
processing capability for large datasets is limited; however,
this is not typically a problem as it is rare that there are a
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Table 11 The top-10 laptops for User B

Rank ID (x) Product Value (pm)
1 27 0.680
2 8 0.661
3 25 0.658
4 11 0.609
5 15 0.548
6 26 0.512
7 9 0.507
8 7 0.503
9 2 0.479
10 5 0.443

Table 12 AHP comparison matrices for Ist level laptop attributes
(User A)

By o1 0 3 N s O 07 weight
01 1 2 172 8 172 2 0.168
0> 172 1 1/4 6 1/3 1 3 0.100
5 2 4 1 8 1 4 0.298
04 1/8 1/6 1/8 1 1/8 1/6 1/4 0.022
s 2 3 1 8 1 3 5 0.264
J¢ 12 1 1/4 6 1/3 1 3 0.100
07 1/4 1/3 1/6 4 1/5 1/3 0.048

large number of new products. The scope of the proposed
RS is not to address the problems solved by content based
and collaborative filtering RSs; in turn, the content-based
and collaborative filtering RSs are not designed to address
the research problem solved by the proposed approach. The
clustering validity of the proposed method is not discussed
as no ground truth class labels can be used to verify the
results. Internal clustering criteria, such as Davies and
Bouldin (1979) and Silhoette (Rousseeuw 1987) are nor-
mally used as references, although these do not necessarily
reflect real validity.

5 Workstation recommendation with open
dataset

The proposed CCEHC method can be applied to different
kinds of RSs. A workstation RS is developed to demon-
strate the usability of the CCEHC. As a special type of
laptop, workstation is designed for technical, scientific, and
other professional purposes. In general, the workstations
are more expensive than the laptops. Thus, users typically
spend more time selecting a suitable workstation. The RS

@ Springer

Table 13 Laptop product values

by AHP (User A) ID (o) Product Value (p®)
1 0.328
2 0.511
3 0.373
4 0.268
5 0.378
6 0.391
7 0.379
8 0.597
9 0.340
10 0.412
11 0.734
12 0.336
13 0.342
14 0.265
15 0.605
16 0.376
17 0.517
18 0.240
19 0.226
20 0.282
21 0.366
22 0.280
23 0.384
24 0.296
25 0.682
26 0.398
27 0.758

built by CCEHC with expert opinions and user preferences
could be helpful for workstation recommendation.

An open dataset for the characteristics and prices of
laptop models (Kaggle 2018) is used for the workstation
RS. The dataset contains 29 items related to workstation.
The characteristics and prices of workstations obtained
from the original datasets can be summarised as 13 attri-
butes organised as a two-level attributes tree, as displayed
in Fig. 7. The POMs are presented in Table 17 in the
Appendix. The weights of the seven attributes (By) in the
first level and three second-level attributes, Screen (B,),
Processor (B3), and Memory (B,), are evaluated by CCR.
In addition, the attributes, Company (L), Screen Type (L3),
Hard Disk Type (Lg) and OS (L), are nominal and eval-
uated by CCR.

To demonstrate the usability of the workstation RS, two
users, User C and D, use the CCEHC system to determine
what workstation would fit their purpose. The comparison
matrices of User C and D are presented in Table 17 in the
Appendix. The weights of the users are indicated in the
attribute trees presented in Fig. 7. To compare the results
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Fig. 5 Dendrogram for clusters of similar laptops produced by
AHPEHC

of CCR and AHP, both CCEHC and AHPEHC are used to
build the workstation RSs. The recommendations produced
by CCEHC and AHPEHC RSs for both users are displayed
as dendrograms with clusters in Fig. 8 and the top-10 lists
presented in Table 14.

By reading the preferences of the two users in Table 17
and Fig. 7, it can be determined that the preferences of
Users C and D are not significantly different. For example,

Fig. 6 Comparsion between 0.8
product values computed by
CCR and AHP
0.7
0.6
0.5
&
f
5 0.4

0.1

1 23

4 5 6 7

8

the two users both feel the memory and OS are important,
and the price and weight are less important. Their prefer-
ences for Memory in the second-level attributes are also
similar. The larger RAM and better type of hard disk (such
as solid-state disk) are more important; however, a large
hard disk capacity is less essential. The preferences of the
company and processor are different. User C has certain
preferences for the company of workstation, and feels the
CPU and GPU are equally important; User D is not overly
concerned with the company and feels the CPU is more
important than GPU. By comparing the four top-10 lists
produced by the two RSs for the two users, it can be
observed that the RS applying CCEHC produces similar
recommenders for the two users, whereas the RS applying
AHPEHC method does otherwise. The recommendations
produced by the two RSs are different for each user.

For the two users with similar preferences for the
workstation, the RS applying CCEHC provides similar
recommendations, whereas the RS applying AHPEHC
provides considerably different results. The results
demonstrate that the CCEHC can better reflect the user
preferences than AHPEHC. The reason for the different
results of CCR and AHP is the different mathematical
representation of human opinions. As mentioned in
Sect. 4.2, the paired ratio scales applied in AHP typically
exaggerate the human perception of the paired difference in
times; hence, the marginal difference in user preferences

—CPR
—AHP

9 101112131415161718192021222324252627
Product ID
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Ivaolzllfstli‘:io?slefotf ga]c?l user using Rank User C User D
CCEHC and AHPEHC CCEHC AHPEHC CCEHC AHPEHC
ID (x) PV (p™) ID («) PV (p®) 1D («) PV (p®) ID (x) PV (p™®)

1 1 0.860 6 0.896 1 0.852 10 0.874

2 6 0.850 13 0.895 6 0.837 0.874

3 13 0.829 10 0.892 10 0.818 0.873

4 10 0.829 12 0.871 13 0.812 0.872

5 9 0.819 5 0.863 9 0.810 13 0.870

6 12 0.815 15 0.862 15 0.805 15 0.862

7 15 0.813 2 0.854 12 0.795 12 0.856

8 23 0.810 0.850 5 0.794 5 0.854

9 5 0.807 19 0.815 19 0.786 7 0.854

10 19 0.797 8 0.804 7 0.784 18 0.826

can lead to considerably different results. The application
of workstation RS demonstrates that the CCEHC method
can produce reasonable personalized recommendations to
users.

6 Conclusions

RSs are helpful for consumers making choices among
different products. To address the limitations of current
AHC methods applied to RSs, this paper proposes a
CCEHC approach for providing personalised product rec-
ommendations. CCEHC consists of two major parts: CCR
and hierarchical clustering. CCR is used for user prefer-
ences elicitation. The user preferences elicited by CCR can
be used to weigh the multi-level product attributes and
quantify the nominal attribute values. The product values
can be calculated by considering the attribute weights and
normalised numerical attribute values. Hierarchical clus-
tering is used to group similar products according to their
product values. Recommendations can be produced
according to the product values and clustering results. The
applications of a laptop RS, where the dataset is collected
by this research, and a workstation RS with an open dataset
are demonstrated to confirm the validity and applicability
of the proposed method. In RS applications, CCEHC can
provide a top-10 list of products and similar products
recommendations to customers based on their preferences
provided.

The CCEHC method can be considered as an expert
system that serves the recommendation function. As CCR
can be used for expert judgments and user preferences,
product data with human input can be processed by the
clustering method and recommendations can be generated.
The experimental results demonstrated that the proposed
CCEHC method can provide personalised recommenda-
tions based on different user preferences. CCR outper-
formed AHP in reflecting the preferences of both
expert(s) and users.

There are several possible paths for future work based
on this research. Firstly, other clustering methods can be
considered. Secondly, the interfaces for user input and
recommendation output could be further improved for a
better user experience. Thirdly, the approach to addressing
missing values, such as user input data and the product
data, could be further investigated. Fourthly, regarding the
size of the data, the proposed method could be further
improved to process large scale of data. Finally, to extend
the application areas, the proposed CCEHC method could
be further applied to numerous other product recommen-
dation applications such as movie, music, book, cars, and
smartphones.

Appendix

See Tables 15, 16 and 17.
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Table 15 Raw matrix D of 27 laptops

ID Laptop model Ly L, Ly Ly Ls L¢ Ly Lg Lo Lo Ly L, L3
Lenovo Yoga3 14-IFI 3367 Win8 4 1 256 0 Lenovo 14 2,073,600 2385 1.6 6 7
Lenovo Y430p AT-ISE 6830 Win8 8 0 1000 0O Lenovo 14 1,049,088 4385 2.5 5
Lenovo ThinkPad E540 3882 Linux 4 0 1000 0O Lenovo  15.6 1,049,088 1848 244 6

20C60019CD
Dell XPS 11 (XPS11D-1508T) 2039 Win8 4 1 256  Dell 0 11.6 3,686,400 638 1.13 6 8

5 Dell Inspiron 15 (INS15UD- 3807 Win8 8 0 1000 Dell 0 15.6 1,049,088 1705 2.3 4 5

1748S)

6  Dell Inspiron 15 7000 3807 Win8 8 0 1000 Dell 0 15.6 1,049,088 1857 211 7 7

(Ins15BD-1748)
MacBook 256 GB 2589 OS 8 1 256  Apple 0 12 3,317,760 658 092 9 9
MacBook Pro 15’ 6990 OS 16 1 512 Apple 0 154 5,184,000 2543 202 9 17
MacBook Air (MJIVE2CH/A) 3393 OS 4 1 128  Apple 0 13.3 1,296,000 1333 135 9 7

10 ASUS A550JK4200 4361 Win8 4 0 1000 O ASUS 15.6 2,073,600 4385 235 4 5

11 ASUS GEX71JY4710 6980 Win8 16 0.5 1256 0 ASUS 17.3 2,073,600 12,632 4.8 3 19

12 ASUS U305FA5Y71 (8 GB/ 2503 Win8 8 4 256 0 ASUS 13.3 2,073,600 658 1.2 10 6

256 GB)

13 Acer VN7-591G-56BD 3367 Win8 4 0 500 O Acer 15.6 2,073,600 4385 24 4 5

14 Acer E1-470G-33212G50Dnkk 2229 Linux 2 0 500 O Acer 14 1,049,088 1213 2.1 4 2

15 Acer VN7-791G-78KL 7060 Win8 8 0.5 1064 O Acer 17.3 2,073,600 9840 3 3 8

16 HP Envy 15-k222tx 3367 Win8 4 0 1000 HP 0 15.6 1,049,088 4385 234 4 5

17 HP ProBook 440 G2 3420 Win7 8 0 1500 HP 0 14 1,440,000 1784 1.83 9 6

J7TWO6PA)
18 HP Pavilion 11-h112tu x 2 2071 Win8 4 1 128 HP 0 11.6 1,049,088 638 149 6 5
(GOAO7PA)
19  Samsung 910S3G-K04 1375 Win8 4 1 128 0 Samsung 13.3 1,049,088 638 144 5 4
20 Samsung 930X2K-KO01 2492 Win8 4 1 128 0 Samsung 12.2 4,096,000 658 095 7 8
21 Samsung 900X3K-KO1 3807 Win8 8 1 256 0 Samsung 13.3 5,760,000 968 1.07 6 10
22 Surface Pro 3(i3/64 GB) 1675 Win8 4 1 64 Microsoft 0 12 3,110,400 638 0.8 9 4
23 Surface Pro 3 (i7/512 GB/ 3249 Win8 8 1 512 Microsoft 0 12 3,110,400 1033 0.8 9 12
Profession)

24 Surface 3 (4 GB/128 GB) 2320 Win8 4 1 128  Microsoft 0 10.8 2,457,600 638 0.887 10 4

25 Alienware 15 (ALWI15ED- 6980 Win8 16 0.5 1128 Alienware O 15.6 2,073,600 9809 3.207 4 15
1718)

26 Alienware 13 (ALWI13ED- 3807 Win8 8 1 384  Alienware 0 13.3 2,073,600 5249 2.058 3 13
2708)

27 Alienware 17 (ALW17ED- 7060 Win8 16 0.5 1512 Alienware 0 17.3 2,073,600 12,632 3.78 3 21
2728)
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Table 17 Normalized data matrix D’ of 27 laptops For User A

D L L, Ls Ly Ls L Ly Lg Ly Lo Ly Ly, Li;

1 0.477 0.692 0.250 1.000 0.169 0.000 1.000 0.809 0.360 0.189 0.500 0.600 0.286
2 0.967 0.692 0.500 0.000 0.661 0.000 1.000 0.809 0.182 0.347 0.320 0.500 0.333
3 0.550 0.692 0.250 0.000 0.661 0.000 1.000 0.902 0.182 0.146 0.328 0.600 0.500
4 0.289 0.692 0.250 1.000 0.169 0.672 0.000 0.671 0.640 0.051 0.708 0.600 0.250
5 0.539 0.692 0.500 0.000 0.661 0.672 0.000 0.902 0.182 0.135 0.348 0.400 0.400
6 0.539 0.692 0.500 0.000 0.661 0.672 0.000 0.902 0.182 0.147 0.379 0.700 0.286
7 0.367 0.897 0.500 1.000 0.169 0.983 0.000 0.694 0.576 0.052 0.870 0.900 0.222
8 0.990 0.897 1.000 1.000 0.339 0.983 0.000 0.890 0.900 0.201 0.396 0.900 0.118
9 0.481 0.897 0.250 1.000 0.085 0.983 0.000 0.769 0.225 0.106 0.593 0.900 0.286
10 0.618 0.692 0.250 0.000 0.661 0.000 0.829 0.902 0.360 0.347 0.340 0.400 0.400
11 0.989 0.692 1.000 0.500 0.831 0.000 0.829 1.000 0.360 1.000 0.167 0.300 0.105
12 0.355 0.692 0.500 1.000 0.169 0.000 0.829 0.769 0.360 0.052 0.667 1.000 0.333
13 0.477 0.692 0.250 0.000 0.331 0.000 0.732 0.902 0.360 0.347 0.333 0.400 0.400
14 0.316 0.692 0.125 0.000 0.331 0.000 0.732 0.809 0.182 0.096 0.381 0.400 1.000
15 1.000 0.692 0.500 0.500 0.704 0.000 0.732 1.000 0.360 0.779 0.267 0.300 0.250
16 0.477 0.692 0.250 0.000 0.661 0.466 0.000 0.902 0.182 0.347 0.342 0.400 0.400
17 0.484 1.000 0.500 0.000 0.992 0.466 0.000 0.809 0.250 0.141 0.437 0.900 0.333
18 0.293 0.692 0.250 1.000 0.085 0.466 0.000 0.671 0.182 0.051 0.537 0.600 0.400
19 0.195 0.692 0.250 1.000 0.085 0.000 0.561 0.769 0.182 0.051 0.556 0.500 0.500
20 0.353 0.692 0.250 1.000 0.085 0.000 0.561 0.705 0.711 0.052 0.842 0.700 0.250
21 0.539 0.692 0.500 1.000 0.169 0.000 0.561 0.769 1.000 0.077 0.748 0.600 0.200
22 0.237 0.692 0.250 1.000 0.042 0.328 0.000 0.694 0.540 0.051 1.000 0.900 0.500
23 0.460 0.692 0.500 1.000 0.339 0.328 0.000 0.694 0.540 0.082 1.000 0.900 0.167
24 0.329 0.692 0.250 1.000 0.085 0.328 0.000 0.624 0.427 0.051 0.902 1.000 0.500
25 0.989 0.692 1.000 0.500 0.746 1.000 0.000 0.902 0.360 0.777 0.249 0.400 0.133
26 0.539 0.692 0.500 1.000 0.254 1.000 0.000 0.769 0.360 0416 0.389 0.300 0.154
27 1.000 0.692 1.000 0.500 1.000 1.000 0.000 1.000 0.360 1.000 0.212 0.300 0.095
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