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Abstract. The recommender systems have been widely applied in
numerous applications that support online retailers, video sharing web-
sites, medical systems, etc. Similar measures are essential in providing
valuable recommendations to users in such systems. This work presents
a novel approach, namely Ball-Sim, with a new similarity metric using
a balltree structure for recommender systems. Furthermore, we want to
leverage the tree structure to determine the closest k nearby users to
improve the recommender systems’ efficiency. The work’s experimental
scenarios outlined the steps of building a balltree and identifying nearby
users based on the tree structure. Besides, the work also evaluates the
implemented recommender system by comparing the recommender sys-
tem’s results based on the balltree-based spatial partitioning with the
recommender system using the default parameters. The data used in the
experiments is the Movielens dataset, a web-based film recommender
system, and an important data source for evaluating the studies, with
100,000 samples, including ratings from 943 users for 1,664 movies. The
results show that the recommender system with a balltree-based simi-
larity metric can improve the accuracy compared to a commonly-used
measure such as the cosine metric.

Keywords: Balltree + Similarity measure - Movielens - Recommender
systems - Spatial partitioning

1 Introduction

Recommender systems research is a field of machine learning with broad appli-
cations in e-commerce, entertainment, and education. The system seeks to pre-
dict the “products” for the appropriate “user”. In e-commerce, the advisory sys-
tem helps buyers find suitable goods, helps sellers find potential customers, and
boosts sales. The system recommends items according to the user’s preferences
in entertainment and education. Consulting system opens up research potential
to build practical systems to assist users in making decisions. A balltree [19]
is a binary tree structure that supports a multidimensional spatial partitioning
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algorithm, distributing data points to find an efficient separating superspace.
In addition, the balltree applies a close neighbor search algorithm to find the
required data. Selecting a recommender system model is a problem in building
an effective advisory system. The algorithm for finding the nearest user to pre-
dict a ranking value for current users’ items is also quite complicated. Questions
to be addressed: Which recommender system model is used? How do we find
the users closest to the user needing advice? How do we evaluate whether the
model is being used effectively or not? The work uses a collaborative user-based
filtering system with a balltree spatial partitioning algorithm to find the nearest
neighbors effectively from the questions raised. The work proposes a new app-
roach: using a balltree structure to store users’ lists and then searching for the
closest user with the k-neighbor algorithm. Then, after the most recent users are
available, use the rating system to calculate the average rating for the current
user, suggest items, and finally rate the model.

This study proposes an approach, namely Ball-Sim, leveraging the balltree
structure and building the balltree-based k nearest neighbors search method to
provide a recommender system with a novel similarity measure. We also present
detailed examples of using balltree for the recommender system. Our approach
performs better than the recommender method with cosine measures on Movie-
lens data, including about 100,000 samples.

2 Related Work

Recommender systems are software and engineering tools that provide prod-
uct recommendations for users to use [1,2]. In the recommender system, three
objects need to be considered: users (users), items (items - collectively called
news items, or e-commerce sites such as Amazon, items are recommended prod-
ucts for users). Moreover, user responses to the item (called reviews or ratings).
The recommender system is based on many different methods and algorithms
but can be divided into three types of approaches [1,3-5]: Content-based Rec-
ommender system, Collaborative Filtering Systems, and Knowledge-based rec-
ommender systems.

2.1 Content-Based Recommender Systems (CBF)

The systems need to learn to suggest similar items that the user has liked in the
past. The emphasis technique analyzes the content (attributes) for prediction.
For example, if users often read articles related to Linux operating systems or
comment on software engineering-related content, the system will make recom-
mendations based on history and recommend similar content. A content-based
advisory system matches one or more characteristics compared to user profiles to
determine the relevance of that item to a particular user. Therefore, the advisory
process determines which products are most suitable for the user’s preferences.
A list of product features can be given, such as product name, price, color,
etc., and other product-related information that the user can find attractive.
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Although the recommender model based on content filtering has been success-
fully applied in many areas [6-8], there are some disadvantages to this method
[6]. The first one may be expertise Focus, where Content-filtering recommender
models tend to recommend products similar to what users previously rated. For
example, mothers who breastfeed or buy diaper products for their babies regu-
larly review and search for mothers’ sites also suggest products about diapers
and milk. However, shopping needs may also be related to household gadgets,
kitchen utensils, or fashion related by age, but these products are not consulted.
The second may be a characteristic citation problem where Content analysis is
limited by techniques on the content that require items to be described clearly.
This problem will be more difficult when selecting complex content features for
multimedia data such as graphics, sound, images, and video. New User Problem
[6]: Content filtering recommender models are helpful when users rate or buy a
relatively large number of products. However, new users have very few ratings,
so the system will not recommend suitable products for users.

2.2 Collaborative Filtering Systems (CF)

Collaborative filtering-based recommender systems recommend products to users
based on similar product measurements evaluated by other users. These systems
work by building a huge database of information about the user’s behavior and
preferences (user-item matrix) and predicting what the user will like based on
the similarities and comparisons. Collaborative filtering is considered the most
common technique in the suggestion system. Collaborative filtering techniques
work well when there is enough assessment information. Therefore, the recom-
mender model based on collaborative filtering depends entirely on user rating
data for products. For example, in the collaborative filtering recommender model
to introduce movies to viewers, the model finds groups of viewers with similar
interests as viewers who need previous advice. Then the model introduces movies
that this group of viewers appreciates to those who need advice. The collabora-
tive filtering methods [6,7,9] are divided into two main branches: memory-based
and model-based. The authors usually use Memory-based approaches to utilize
all assessments, products, and users stored in the system, to base these evalua-
tions to render private lists.

2.3 Knowledge-Based Recommender Systems

Knowledge-based recommender systems are helpful in case items are not fre-
quently used, for example, in e-commerce, real estate-related products, and car
tourism-related products. However, the user’s rating matrix is not informative
enough to suggest since most users only buy the product once with different
detailed requirements. Therefore, it is not easy for the model to collect enough
evaluation information about a product. On the other hand, the user’s pref-
erences about the product may change over time. Therefore, the system may
combine user ratings, product attributes, and historical knowledge of the simi-
larity between user requirements to suggest matches [10-12].
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3 The Proposed Recommendation Method Based
on Balltree Structure

3.1 Preliminary on Balltree Algorithm

One data structure to speed the finding of neighbors is the balltree structure.
Balltree structure is beneficial in cases where the amount of data is consider-
able. It can be built for data modeling, supporting adding and deleting data,
and processing with multidimensional space. This algorithm is also applied in
many fields, such as robots, computer vision, speech processing, and graphics. A
balltree is a binary tree with a hierarchical structure. Start with 2 clusters (each
is a ball) to be created. Since it is a multidimensional space, each ball is called
a matching super-sphere. Some points in a multidimensional space will belong
to one cluster, not all. The points will belong to the cluster with the shortest
distance. Each ball will include two sub-clusters, and each sub-cluster becomes a
ball. This sub-cluster is further divided into the next sub-clusters until a certain
depth. Each ball in the balltree contains a node-set of points in Euclidean space.
Each balltree node can be either the root node (containing all the original data),
the intermediate node (containing the set of points), or the leaf node (one data
point). Each node consists of 2 components: center and radius. A node can define
parent, left, and right child nodes. If it is a root node, there is no parent. If it is
a leaf node, there is no child. Each node in the tree identifies the smallest ball
containing all the data points in its subtree.

A) ®) ©
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Fig. 1. The steps of building a Balltree.

This study builds the balltree to store user vectors as the recommender sys-
tem’s original data according to a top-down algorithm.

Figure 1 exhibits the steps of building a Balltree where (A) is a set of data,
(B) is a root node of the tree, (C) is from the root node divided into two children
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nodes, (D) is each child node is divided into the underlying child nodes, and (E)
is a balltree with the nodes of D, E, F, G considered as the leaf nodes.

The whole top-down algorithm’s complexity when building balltree is O(n *
log®n). The top-down method of balltree construction is a recursive pro-
cess that starts at the root node, then the intermediate nodes, and finally,
the leaf nodes. For example, calling pi the initial node, dividing pi into
two subnodes consists of four main steps [13] (as shown in Algorithm 1).

Algorithm 1: Create a balltreee structure: create-balltree(D)
Result: A balltree
if If D only has a point then

create a leaf node B as a point in D ;

return B;

else
Call L, R are two child leaves which will be created from the

considering node;

Create B with 2 children with steps as follows:;

Calculate the radius r of the circle (the distance from farthest point f
to center c) ;

Center = ¢ (Determine center c);

B.radius = r (Determine the farthest point f in the data set from
center c);

B.leftchild = create-balltree (L) ;

B.rightchild =create-balltree (R);

return B;

end

— Step one: choose the point farthest from the center of pi, the point piLi (left).
Step two: choose the point farthest from pil,, the point PIR (right).

— Step three: assign the data points closest to piL or piR.

Step four: divide the node pi into 2 subnodes viLi or vil,, and calculate the
center and radius for these two subnodes. The algorithm ends when vilL and
vili are a point in the original data

Figure 2 shows the process of clustering data with Balltree. The blue line
is the super-flat line that divides the initial node into two children. The above
process is recursive until each leaf node contains an original data point. After
constructing the tree structure or the construction of the balltree, perform an
efficient search of the constructed structure using k-nearest neighbors (kNN)
based on the magnitude and distance between the original data.

3.2 Determining the Closest Neighbors in the Balltree

Defining the query object is complicated and time-consuming from a large
amount of data. However, among the algorithms built to query data, k-Nearest
neighbor (k-NN - nearest neighbor) is quite efficient and straightforward. The



Balltree Similarity: A Novel Space Partition Approach 117

®  Furthest points /’
= = = Connecting line ’
o — 06 Separating hyp. /
: o ! ’
" ° 04 /
;e .
x ! .
[ —— /
0.2 T~ ! -
© .. T ~— o 2,
S, S o s 2
] 0 St el N T
. I3 . . . ‘e
. o @ e e et
\ - . 1.. -~ .
| e o ° \ A R
| -0.2 o ot J
. | -
\ /
-04 ¢ "
[ ] /
L]
‘e
-04 -02 0 0.2 04 06

Fig. 2. An illustration of clustering data with Balltree [13].

data structures are applied to k-NN, such as balltree, k-d tree, Principal Axis
Tree (PAT), Orthogonal Structure Tree (OST), Nearest Feature Line (NFL),
and Center Line (CL). The balltree structure is chosen because it is efficient in
multidimensional space. In the multidimensional space, we denote V as a set
of data points (user set is the rows considered in the matrix), ) contains the
neighbor points of query q in V, and K is the latest number of users to search for
a new user. Q contains the k users closest to query q if and only if the maximum
distance from the query point q to the points in Q.

The maximum possible distance from the query point q to the points in B is
calculated by the formula 1.

D:{m if|Ql <k Q)

mazzcqle —q| if|Q <k

Likewise, the maximum possible distance from the query point ¢ to the points
in B is calculated by the following formula 2:

(2)

Do — maz(|lq — T.centroid| — T.radius, Dg parent) T # root
g max(|qg — T.centroid| — T.radius,0) T = root

The algorithm starts the search from the root node. During the search pro-
cess, the algorithm recalculates Q. At each node B, the algorithm performs one
of three cases and returns Q containing k positions with the same closest query
condition of query q (detailed in Algorithm 2). Case one: if the distance from
the query point q to the considered node T is more significant than D, ignore B
and return Q. Case two: if T is a leaf node, go through all the points and update
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Q. Case three: if T is an inner node (ball, not a leaf node), call recursive search
algorithm for B’s two children: left and right.

Algorithm 2: The algorithm to search a subtree in a balltree: searchBall-
Subtree (k, q, Q, node)
Result: A balltree
if Dg < D then
‘ return Q ;
else
if B is a leaf then
while z in B.Points() do
if |z — ¢| < D then
add x to Q;
if |@Q| =k +1 then
remove the furthest neighbor from Q;
Update D;
end

end

end

else

let child1 be the child node closest to q ;

let child2 be the child node furthest from q ;
searchBallSubtree (k, q, Q, childl) ;
searchBallSubtree(k, q, Q, child2) ;

end

end

We consider an example, including the proposed steps to illustrate the Ball-
tree structure’s use to determine k-neighbors and similar users. To illustrate
the balltree structure, we assume that we have 8 points in the set M: M =
{X;},j = 1..8, with each point having coordinates (x, y). We have a matrix M
with eight rows and two columns, as shown in Fig. 3.

F1 F2

X1 1 ] .

X2 2 3 21 :

X3 3 2 v o .

X4 20 —

X5 16 24

X6 3 6 s

X7 5 8 . T T T T T
X8 5 11 20 -10 0 10 20

Fig. 3. An example including 8 points, their coordinates, and their visualization.
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Building the Balltree from the Given Points. We need to identify the
center and radius of nodes from the center in this stage.

Step 1: Determine the center and radius of the parent node of 8 given points:

The center — (1+2+3+13+11+5+5+5 1+3+2+20—§16+6+8+11) (6,8). X4 is the
farthest point in set A relative to the center (using the formula for calculating
the distance between 2 points in the coordinate system). From X4 to the center,
we have the radius computed by /(13 — 6)2 + (20 — 8)2 ~ 13.5.
Step 2: The algorithm expands the root node A to two child nodes, B and C.
In set A, X4 is the farthest point from the center of root node A, while X1 is the
farthest from X4. We consider X1 and X4 as two points of two sub-circles, B and
C, where B=Node(A).child1 = X1, X2, X3, X6, X7, X8 and C = Node(A).child2
= X4, X5. At this time, the center and radius of the circle B are computed by
the Center of B is A.childl = (2!, 31)~(3.5,5), X8 as the farthest point in set B.
Center of C = A.child2 = (24/2, 36/2) = (12, 18), determine X4 as the farthest
point in set C with the radius C = A.child2=2.23.
Step 3: We continue to divide node B and C into their child leaves of D, E, F,
G with C.childl = F = X4, C.child2 = G = X5, B.childl = D = X1, X2, X3,
and B.child2 = E = X6, X7, X8
Step 4: We continue to divide nodes D and E into their child leaves of H, I, K,
and L, respectively. At the node D: the Center of D = ((1 + 2 + 3)/3, (1

2)/3) = (2, 2). Determine the point X2 or X3 is the farthest point in D. The
radius of a circle D = 1. At the node E: The center of E = ((5 + 5 + 5)/3, (6
+ 8 + 11)/3) ~ (5, 8.3). Determine the point X8, which is farthest from the
center in D, and the Radius of the circle D = 2.7. We have D.childl = H = X1,
D.child2 =T = X2, X3, E.childl = K = X8 and E.child2 = L. = X6, X7

At this step, I and L can be divided into child nodes, but we only consider k=2
nearest neighbors in this example. It should be considered that the algorithm
ends. After splitting the nodes, the model shows the binary tree as Fig. 4.

{X1, X2, X3, X4, X5, X6, X7, X8}

{Xd, X5}

HFHEWO@Sgwm s W

Fig. 4. The Balltree structure illustration to represent the 8 given points.

Determining Neighbours on the Balltree. Suppose that we have a new
point, q(7,4). Based on the tree structure constructed in the above steps, we
search for the k=2 nearest points to q. The process includes steps as follows.
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Step 1: Initialize the values: K = 2, determine the 2 nearest neighbours for
q with V = X1, X2, X3, X4, X5, X6, X7, X8 and Q = () (the set of nearest
neighbors of q is initially empty), D=0, since at the beginning, T is initially as
the root node.

Step 2: T is the root node, so Dy = 0,Q = . Continue to consider 2 child
nodes, B and C.

Step 3: Calculate the distance from (7, 4) to the center of B (3.5, 5) and C
(12, 18), we obtain Dyp = ¢B = D,c = v/13.25, so B is the closest one to q
while C is the farthest from q. B is the intermediate node. The recursion can be
applied to the left and right child nodes D and E, and update Q = X1, X2, X3,
X6, X7, X8.

Step 4: Consider 2 child nodes of B: D = X1, X2, X3 and E = X6, X7, X8.
We calculate the distance from q to center D and E: Dy;p = ¢D = V29 and
Dyg = qE = /224, so E is closest to q, and D is farthest from q. E is the
intermediate node, the recursion is applied to E, and update Q = X6, X7, X8.
Step 5: Consider 2 child nodes of E: K = X8 and L. = X6, X7 and calculate
the distance from q to center K and L. The Center of K: X8 = (5,11). The
center of L: ((5 + 5)/2, (6 + 8)/2) = (5,7), and distances between q and K, L
is computed by Dyx = ¢K = /53 and Dyr, = ¢L = v/13. From the obtained
results, we determine that L is the nearest point to q while K is the farthest from
q. L is the intermediate node. We perform the recursion on L’s left and right
children and update Q = X6, X7. With k = 2 nearest neighbors, the algorithm
stops with the return values, including X6 and X7 (Fig. 5).

{X1, X2, X3, X4, X5, X6, X7, X8}

S

Fig. 5. The red curve covers the branch which is included to exhibit how to determine
k = 2 nearest neighbors (X6, X7) of q. (Color figure online)
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3.3 Modeling the Problem of Measuring the Similarity of Users
in a Recommender System Based on Balltree Structure

Collaborative filtering techniques can be divided into memory-based and model-
based approaches. Memory-based techniques include user-based and item-based
techniques based on the user’s historical or past items’ data. This technique con-
sists of three main steps: representing the ranking matrix, Calculating similarity
between users or between items, predicting ratings, and making suggestions. We
use data mining and machine learning techniques for Model-based techniques
to build predictive models based on data collected in the past. These tech-
niques analyze user-item matrices to identify the relationships between items;
These relationships are used to compare the list of top-N suggestions. This tech-
nique also includes three main steps: Form the ranking matrix, Build models
by machine learning method (training phase), and Predict actual data based
on the learned model (predictive period). Based on the model, the proposed
recommendation method based on balltree spatial partitions is classified into a
collaborative filtering group. This study leverages the balltree spatial partition
to store the user vectors, calculate their similarity, and predict the result.

Balltree is a complete binary tree data structure built for data modeling,
instrumental in multidimensional spatial processing. Balltree is applied in numer-
ous different fields. In this study, the balltree is considered a method to determine
the similarity of the user list. Based on a built-in balltree structure, the recom-
mender system determine the closest neighbor to a particular user and ultimately
finds advisory values for a new user. Based on the theory of balltree structure,
we propose a novel approach in the recommender system with balltree spatial
partitions as follows: input data is a matrix, and here is a rating matrix of the
user set U = uq, ug, us, ..., U, for the set of products - items I = iy, 42,13, ..., m.
Users are considered a dataset in m-dimensional space, proceeding to build a
balltree structure based on that data set. During building a balltree, the two
parameters of a node are stored as the node’s center and radius (exhibited in
Fig.6). After the balltree has been built, we determine the closest user with the
closest k-neighbor algorithm for a given user. At this point, the node’s center
and radius parameters are used to identify a list of nodes close to the new node
using the distance formula.

Fig. 6. An illustration of solving the problem with the clusters generated by the balltree
approach.
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Information Matrix. In a recommender system (RS), the function r is written
as follows (Formula 3):
r:UxI—R (3)

The goal of RS is to find a function 7+ : U x I — Rx* such that «o(r, r+) satisfies a
certain condition. For example, « is a function that estimates the Mean Absolute
Error (MAE) (Formula 4). It must be minimal.

1
MAE = lew — 7 | (4)

where |T| is the total rating of the original data set, r; ; is the rating of user w;
for item 4; while rx; ; is the rating predictions of user u; for item ;. Creating
recommendations using user-based collaborative filtering can be done as shown
in Fig. 7.

Fig. 7. Suggesting recommendations from the informational function matrix with the
k = 3 nearest neighbors.

Providing Recommendations. When a list of users is similar to a user need-
ing to predict, we combine their ratings to generate predictive value. Usually,
the predicted results are the average of the values of similar users.

For users who need u, advice, we determine the results in places that have
not yet been validated (question marks are positions that need to be valid).
Recommendation results using the predictive function calculate the average value
from users similar to u,.

4 Experimental Results

4.1 Movielens Dataset and Settings for the Experiments

Our method is evaluated on the movielens dataset proposed by grouplens®. The
dataset includes about 100,000 samples with movies rated by 943 users for 1,664

! https://grouplens.org.
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movies (with 99,392 samples, including ratings of values ranging from 1 to 5). It
is organized in a matrix format of 943 rows, 1,664 columns, and 1,569,152 cells
containing users’ ratings for movies. However, as we know, not all users watch all
movies. In the rating matrix, there are only 99,392 user ratings for the category of
movies, including 19 genres of movies (action, adventure, animation, children’s,
comedy, crime, documentary, drama, fantasy, film-noir, horror, musical, mystery,
romance, scifi, thriller, war, western).

We assume that each node stores one user vector (one row of data in the initial
evaluation matrix). After the tree has been built, the leaf nodes’ similarity to a
new node is calculated as the data to be predicted. The next step is to find k
neighbors to find n users closest to the new user. Finally, calculate the advisory
results for this new user.

The performances in Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), and Mean Square Error (MSE) are measured by the average results on
5-fold-cross validation.

To build a recommender system based on Balltree, we use recommendarlab?
tool package and install additional functions to build a recommender system
based on balltree structure: build balltree in recommendarlab package and com-
pute user similarity according to balltree structure combining some functions of
sklearn [18] (sklearn. neighbors.BallTree) in python.

Taking examples for scenarios in the following sections, we randomly extract
a small 10 x 10 dataset in the Movielens set after the normalization process
(exhibited in Table1). Then, we divide it into a training set and a test set. For
samples used in the examples, we assume that at the i-th repetition of a 5-cross
evaluation, there are us and ug in the training set, and the remaining is in the
test set.

4.2 Scenarios

Three scenarios are presented to show how the proposed method works. In the
first one, the system receives input data and defines nodes in the balltree struc-
ture. Then, we calculate the similarity of the user vectors by finding neighbors
through the balltree tree to determine a list of users similar to new users. The
last one identifies the value of reviews and advises new users.

Scenario 1. The system receives the data and defines nodes in the balltree. The
considered nodes include root, intermediate, and leaf nodes. Next, we transform
the dataset into user vectors where each user is one vector from the original
dataset. Finally, the N A values are replaced by the value 0.

2 https://cran.r-project.org/web /packages /recommenderlab /index.html.
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Table 1. Experimental samples for scenarios presented in a matrix of 10 x 10 where
each column represents movies i, (n = 1..10) and each row represents ratings of the
user um, (m = 1..10) corresponding to the movie.

t1 |42 |43 |44 |45 |ie |47 |is |%9 |i10
ur |5 3 3 4 1 5 2 b) 5 5
uz |4 |NA|NA|/NA|NA| NA|NA|NA |4 |4
us | NA|NA|NA|NA | NA|NA | NA NA | NA | NA
ug |4 3 NA|NA NA NA NA NA NA NA
us |4 NA NA |2 4 4 NA |4 2 5
us | NA|NA |5 5 5 5 3 5 NA  NA
u7 |[NAINA|NA |3 NA NA 3 NA NA NA
ug |4 NA |4 4 NA |4 4 5 3 NA
ug |NA|NA|NA | NA |4 5 2 2 NA  NA
uio | NA|NA |5 NA NA NA NA NA NA NA

5334152555
4000000044
0000000000
4300000000
0003003000
4044044530
0000452200
U1 0050000000
N

The test set is illustrated as: Z%) = <3 8 g § ;l g g ;l (2) g)
Step 1: Determine the center and radius of the parent node. From the training
set with A = w1, us, us, uq, ur, ug, ug, 410, we determine the center by:

(2.125 0.751.51.3750.625 1.751.375 1.5 1.5 1.125)

Determine the farthest point in set A to the center from the result obtained

above, and using the formula to calculate the distance between n points in the
n-dimensional coordinate system, we obtain wu;.
Step 2: We have root node A as the first step. We divide the root node A into
two child nodes of B and C. In set A, u; is the farthest node from the center
of root node A. We obtain ug, which is the farthest one from u;. We consider
us and uy as the center of two sub-circles, B and C where B = Node(A).child1
= Ug,U3,Uq,U7,ug,u1g and C = Node(A).child2 = uq,ug. At this time, the center
of child node B is identified as follows. The center of B = A.childl is computed
with the result:

(1.34 0.50.83 0.5 0.67 0.83 0.83 0.34 0.67 0.67)

ug is found as the farthest point in set B. The same way is applied to B as C.
However, since C only has two children and suppose to determine two neighbors,

The training set is illustrated as:

|SLSI5LELELSLEL
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there is no need to decompose C. In the balltree structure, we draw the root node
A and its two child nodes of B and C.

Step 3: We continue to divide the node B into the child nodes where B.childl =
D = ug,us,us (ug is the farthest point from the center of D) and B.child2 =
E = uz,ug, u1g (ug is the point farthest from the center of E).

Step 4: We continue to divide node D and E into the child nodes where
D.childl = F = us, D.child2 = G = uz,uq, E.childl = H = ug, E.child2 =
I = uy,uq9. The balltree is structured after 4 steps, as exhibited in Fig. 8.

{u1, u2, u3, u4, u7, u8, u9, u10}

{u1, u8}

D) & ©

Fig. 8. The structured balltree as an example.

Scenario 2. In this scenario, we calculate the similarity of the user vectors and
display a list of the most similar users for the given user.

Taking us as an example, with us = (40024 4 0 4 25), the list of users who
has the similarity to us as determined as follows.

Step 1: Initialize the values: K = 2, determine 2 neighbors which is the closest
to ub with initialized values of V = A = uy, us, u3, ug, ur, ug, ug, w19, @ = 0, the
set of neighbors closest to u5, and Dp = 0, since T is initially the root node.
Step 2: Consider T is the root node, so we have Dp = 0,Q = ). Continue with
the two child nodes of B and C.

Step 3: To calculate the distance from wus to the center of B =
Ug, U3, Ug, UT, Ug, U1 and C = uy,ug, we compute the distance from us to cen-
ter of 2 child nodes B (u3) and C(ul) where Dy, = (u(5)B) = 9.85 and
Dy55c = (u(5)C) = 6.8. From the obtained results, we see that C = uy, ug is
closest to ub, B = usg, us, ug, w7, ug, uig is the farthest node from u5. Since C
has only 2 children wu, ug and we set the neighbors K = 2, the algorithm stops.
The needed list includes uq and ug.

Scenario 3. In this scenario, we calculate the usage of the recommendation and
provide suggestions to the new users. We suggest items for the new users from
the pre-stored list of user vectors.

Provide ratings for items for the us based on its 2 closest neighbors, u; and
ug. The results obtained from scenario 2 for this Scenario include u; and ug. u; =
(5 3341525 55) ,Ug = (4 0440445 30). ug is determined by calculating the
mean of u; and wug, the values of 0 are not included in the evaluation formula
us = (4533541453545).
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4.3 The Experimental Results on 100,000 Samples of Movielens
Dataset

The work processed the Movielens matrix before being put into the recom-
mender model. First, data are filtering advancement: each user watches at least
50 movies, and each movie has at least 100 users viewing and rating. After
filtering data, the matrix result consists of 560 rows and 332 columns. Data rep-
resentation using a Heat chart in R shows the user’s rating in the Movielens set
after filtering the data. Proceed to divide into the training data set and test data
set. If dividing the data by 80% division is training set, and 20% is test set, the
training data set results include 463 users (463 x 332 = 45248 reviews) and a
test set of 97 people used (97 x 332 = 10050 ratings).

The balltree-based recommender results of the model are exhibited in a
matrix format with a structure of 10 x 111 (each column is one user, and each
cell is a movie selected to present to the user in the corresponding column). For
example, Fig. 9 shows consultation results for the first four users, with each user
choosing the ten highest-ranked movies.

2 11

1,] "Blade Runner (1982)" 1,] "star wars (1977)"
2,] "silence of the Lambs, The (1991)" 2,] "Godfather, The (1972)"
3,] "schindler's List (1993)" 3,] "L.A. confidential (1997)"
4,] "casablanca (1942)" 4,] "secrets & Lies (1996)"
5,] "Raiders of the Lost Ark (1981)" 5,] "Leaving Las vegas (1995)"
6,] "Monty Python and the Holy Grail (1974)" 6,] "Titanic (1997)"
7,] "Big Night (1996)" 7,] "Trainspotting (1996)"
8,] "Boot, Das (1981)" 8,] "Good will Hunting (1997)"
9,] "Amadeus (1984)" 9,] "Raiders of the Lost ark (1981)"
10,] "Twelve Monkeys (1995)" [10,] "Apt Pupil (1998)"
38 49
1,] "star wars (1977)" 1,] "Godfather, The (1972)"
2,] "Fargo (1996)" 2,] “eraduate, The (1967)"
3,] "Good will Hunting (1997)" 3,] "Big Night (1996)"
4,] "silence of the Lambs, The (1991)" 4,] "Leaving Las vegas (1995)"
5,] "shawshank Redemption, The (1994)" 5,] "Alien (1979)"
6,] "Postino, I1 (1994)" 6,] "Boot, Das (1981)"
7,] "Leaving Las vegas (1995)" 7,] "Taxi priver (1976)"
8,] "secrets & Lies (1996)" 8,] "Dr. strangelove or: How I Learned -
9,] "Boot, Das (1981)" 9,] "Rear window (1954)"
110,] "usual suspects, The (1995)" [10,] "secrets & Lies (1996)"

Fig. 9. An illustration of suggesting 10 movies for the first 4 users.

We compare the accuracy of the proposed model with the balltree to the
cosine measure (the similarity between 2 users of u and v is computed by Formula
5), a widely-used method in recommender systems [15-17]. The results in Table 2
show that applying a tree structure to a collaborative human-based filter model
can improve the model’s accuracy.

U xu
sim(u,v) = cos(V, W) = = (5)
7] = 12|
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Table 2. Performance comparison in average RMSE, MSE and MAE on 5-fold-cross
validation between two approaches

RMSE MSE MAE
UBCF _Balltree | 0.9625551 | 0.9774664 | 0.7708005
UBCF _Cosine |0.9693691 | 0.9863076 | 0.7727980

The figure below shows results comparing the two models’ accuracy. The
results show that RMSE, MSE, and MAE of User-based collaborative filtering
with the Balltree (UBCF_BALLTREE) model are better than these indica-
tors on the User-based collaborative filtering method using Cosine Similarity
(UBCF _Cosine).

5 Conclusion

The work focuses on proposing a novel measure that can improve the recom-
mender system’s efficiency by combining the recommender system under the
user collaborative filtering model based on the balltree binary tree structure.
Experiments with Ball-Sim on Movielens dataset have achieved a promising
performance compared to a commonly-used similarity measurement as cosine.
The work also introduced numerous scenarios with detailed steps.

Besides the achieved results, the study’s next development direction is to
build a recommender system based on numerous different datasets to compare
results. Also, there are many algorithms for building balltree trees; the article is
expected to begin further studies on balltree-based recommender systems with
more diverse algorithms.
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