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Abstract—Increases in the number of TV channels requires
users to spend more time to select their preferred channels
since the user interaction for browsing is practically limited
to the conventional remote control with a two-way scrolling
button. We formally define the problem to construct the
optimal channel ordering which minimizes the seek distance
in selecting channels and show this problem is NP-hard.
In addition, we present a reasonable heuristic to solve this
problem. The proposed method constructs an efficient channel
ordering by applying a hierarchical clustering algorithm based
on the frequencies of switching events between channels. We
demonstrate the feasibility of this method by applying a
number of well-known hierarchical clustering algorithms and
evaluating the number of user inputs required for selecting
channels. Our experimental results show that the proposed
method significantly decreases the number of user inputs
compared with the conventional methods.

Keywords-Channel Selection, Channel Clustering, User In-
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I. INTRODUCTION

According to a recent press release by the European

Commission [10], 1,033 TV channels have already been

established in the UK alone and more than 245 new channels

were launched in the course of 2009 in Europe. With the

ever increasing number of available channels (and programs)

for TV, either through terrestrial broadcasts, cable, satellite

or IPTV systems, selecting which channel to watch next is

becoming a tedious and time consuming task for the user.

Moreover, with the Internet becoming an increasingly impor-

tant mechanism for delivering media content, the number

of channels offered will expectedly increase even further

— for example, a number of video sharing services, such

as YouTube, have started to provide interfaces to browse

their content for TVs (see Fig. 1). Thus, the problem of

efficiently browsing channels is becoming a major issue for

TV services.

The most common way to browse TV channels is to

search linearly until finding something interesting from

bottom to top (or vice versa) [24] even if the intermediate

channels are not relevant to a user’s personal interest. Unlike

in a PC environment, the user interface to browsing is gen-

erally limited to the conventional remote control with a two-

way scrolling button. Thus, to efficiently navigate through

the myriad of channels available today it is important to

consider this variable. Another difficulty is that in practice

Figure 1. YouTube Leanback. This layout is designed for TV viewing.
Playback and browsing can be controlled by a small number of buttons
(e.g. a two-way scrolling button) in a remote control.

the browsing information of only a small number of channels

can be displayed on the TV screen at any one time. This

is mainly due to two factors: the human ability constraints

in processing visual information and the limited resolution

of TV screens. In addition, the extension of IP connectivity

into the realm of mobile and wireless domains where typical

devices have small screen sizes makes matters even more

complicated in these scenarios.

Our aim in this paper is to develop an efficient navigation

method assuming a two-way scrolling button to select a

specific channel. The objective is to minimize the seek
distance, which is defined as the number of user inputs (i.e.

the number of times the user presses the UP and DOWN
buttons) to select the requested channel. To this end we

propose a new channel ordering construction method for

two different types of structures: Linear and Circular. In

a linear structure, the channels are sequentially enumerated

from the first channel to the last channel. In a circular

structure the first channel is considered as the one next

to the last channel of a sequence. Currently, services such

as YouTube provide a linear structure of channels, while

a circular structure is more common in a TV setting. The

key insight behind our proposal is the observation of how

users switch between channels (by simply counting the

number of switching events between all pairs of channels)

and then the rearrangement of channel ordering with the

goal of minimizing the seek distance. For example, if a

user frequently switches from the “CBeebies” channel to
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the “BBC NEWS” channel, it is desirable to have these two

channels closely positioned.

The main contributions of this paper can be summarized

in the following points:

1) We formally define the Minimum User Interaction
Problem to minimize the seek distance in navigating

channels, and show this problem is NP-hard (Sec-

tion III).

2) We propose a method to construct an efficient channel

ordering by applying a hierarchical clustering algo-

rithm based on user watching history (Section IV).

3) We demonstrate the feasibility of our method by

evaluating its performance with several synthetically-

generated data traces that follow the Zipf distribution,

which is widely-used for channel popularity in related

studies [18], [17].

We tested three different cluster selection schemes,

namely, single linkage (or nearest neighbour) [16],

unweighted pair group method with averaging (UP-

GMA) [28], and weighted pair group method with averaging

(WPGMA) [27]. The experimental results (Section V) show

that the method based on single linkage significantly de-

creases the number of user inputs for linear structures while

maintaining a comparable performance to the best known

algorithm for circular structures.

II. RELATED WORK

There have been a number of studies into user behavior in

IPTV systems. Cha et al. [7] have analyzed a huge dataset

from an operational IPTV provider and discussed chan-

nel switching behaviors. In particular, they recommended

sorting channels based on their popularity (i.e. watching

frequency) to reduce unnecessary channel changes. By also

analyzing real data collected from a different nation-wide

operational IPTV network, Qiu et al. have modeled the

popularity of TV channels [23] and have investigated several

intrinsic characteristics of IPTV user behavior [22]. In the

latter the authors have also developed a synthetic IPTV

workload generator that captures both the probability dis-

tribution and the time-dynamics of user activities.

As the number of TV channels increases, providing chan-

nel recommendation services is becoming an essential func-

tional component of IPTV. Personalized Electronic Program

Guides (EPG) [9] are now usually part of the bundle of ser-

vices offered, helping users to easily find the programs they

want to watch. An overview of personalized EPG systems

can be found in [26]. These recommendation systems are

usually classified into the following two categories: content-
based recommendation and collaborative recommendation.

Content-based systems [21], [19] recommend programs that

match a user’s personal interest. For instance, programs can

be sorted depending on the similarity to the user’s preferred

programs in the past. Alternatively, collaborative methods

recommend the programs that similar users prefer. Collab-

orative recommendation filtering is a powerful technique;

there is no need of content description or sophisticated

analysis for the content itself. However, this approach does

not come without drawbacks. It involves a startup cost

associated with gathering enough profile information to

make accurate user-similarity measurements. There is also a

latency problem, which means that the recommendation of

new programs is delayed until these programs have been

positively rated by many users. To make matters worse,

user rates or feedbacks are often unavailable due to privacy

concerns and may be unreliable due to their laziness and

carelessness [4]. In order to complement the advantages

and disadvantages of these two recommendation approaches,

several hybrid systems were also proposed [3], [30], [5].

Recently, several frameworks were presented incorporating

social rating data into program content information to aid

users in program selection [13], [20]. In particular, the grow-

ing popularity of online social networks has encouraged new

research in developing practical collaborative recommenda-

tion systems by effectively collecting users’ preference on

contents through their social activities such as rates and

comments [15], [6], [12].

More directly related to the study presented here, Lee

et al. [18] presented a channel ordering method called

popularity-interleaved ordering which is suitable for systems

employing a circular structure of channels. In their proposed

algorithm, the most popular channel is fixed in the center,

channels with odd rankings are positioned on its left side,

and channels with even rankings on its right side, according

to their popularity. This generates an efficient channel list by

placing popular channels at adjacent positions for a circular

structure. Lee and Lee [17] proposed a different channel

navigation method. Instead of a sequence of channels, they

used a binary tree where the most selected channel is the

root of the tree, the second and the third most selected

channels are its children, and so forth. In tree view, however,

end-user education is additionally needed to memorize the

entire path from the root node to the terminal demand

node (i.e. demand channel) to select it properly. It is worth

mentioning that in [18] and [17] the performance of the

proposed algorithms may be overestimated since the same

training and testing sets were used in the experiments. Our

work is an extension to these approaches, with a focus on

the switching relationship between channels. Furthermore,

we also formulate the optimal channel ordering problem and

show this problem is NP-hard.

III. MINIMUM USER INTERACTION PROBLEM

To minimize the number of user inputs to select a par-

ticular channel with a two-way scrolling button, instead of

using a fixed channel ordering defined by a service provider,

in this paper we present a method to construct a user’s

personal channel ordering based on the user’s watching
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pattern. Here the efficiency of a channel ordering algorithm

can be measured as the seek distance (i.e. the number of

times the user presses the UP and DOWN buttons) to select

a sequence of channels. In this section we show that it is

not trivial to construct an optimized channel ordering that

minimizes the seek distance even if the user’s watching

pattern is completely predictable.

We need to define this optimization problem formally to

prove its intractability. We name this the Minimum User
Interaction Problem (MinUI). Given a sequence of m chan-

nels a user will watch in the future, F = (f1, f2, · · · , fm),
where fi ∈ [1 · · ·n] and n is the total number of chan-

nels, the goal of MinUI is to find a channel ordering

π : [1 · · ·n] → [1 · · ·n] that minimizes

MinUI(F ) =

m−1∑

i=1

|π(fi)− π(fi+1)|. (1)

=
∑

i,j∈[1···n]
i<j

cij · |π(i)− π(j)|. (2)

Here, cij is the frequency count of a pair (i,j) when (i =
fk and j = fk+1) or (i = fk+1 and j = fk) for 1 ≤ k < m.

We show that MinUI is NP-hard by using a reduction

from Minimum Linear Arrangement (MinLA) [25], which

is a well-known NP-hard problem. Given a weighted graph

G = (V,E) with V = [1 · · ·n], the goal of MinLA is to

find an ordering π of the graph nodes to minimize

MinLA(G) =
∑

(u,v)∈E

wuv · |π(u)− π(v)|. (3)

Here, wuv is the non-negative weight of the edge (u, v)
between nodes u and v (if (u, v) /∈ E then wuv = 0).

Theorem 3.1: There exists a polynomial transformation

from MinLA to MinUI.

Proof:
Let us consider an arbitrary graph G = (V,E) given as

an input of MinLA. The reduction takes a graph G = (V,E)
with V = [1 · · ·n] and constructs a graph G′ = (V ∪{ε}, E∪
{Eε}) so that G′ contains either zero or exactly two of the

nodes with odd degrees by adding the new node ε = n+ 1
and new edges Eε between ε and the other nodes properly

as follows: Add edges between all nodes of odd degree and

ε to transform the graph G into an Eulerian graph G′ since

there are no nodes of odd degree. Since the number of nodes

of odd degree is always even in the undirected graph, the

degree of ε is also even. Thus, we can find an Eular path

P = (v1, v2, · · · , vl) in G′. We set wεv = 0 for v ∈ V to

ignore the terms related to ε. This preserves the objective

function value in the original graph.

From G′, we can directly construct the instance of MinUI
with F = (v1, v2, · · · , vl). We also set cvivj

= 0 if vi = ε

or vj = ε as above. In this case, (2) and (3) are equivalent

since wxy = cxy = 0 if x = ε or y = ε.
So, since ε does not give effect to the computation of the

answer, a solution π for MinUI with F = (v1, v2, · · · , vl)
is a solution for MinLA with G.

IV. PROPOSED METHOD TO CONSTRUCT A

PERSONALIZED CHANNEL ORDERING

Since MinUI is NP-hard, heuristics are needed to solve

this problem efficiently. Moreover, since we cannot predict

the exact user’s watching pattern in the future, F , our

channel ordering algorithm is based on the observation of

the past (within a time window) under the assumption that

the future pattern is highly correlated with the past pattern.

The main idea of the algorithm is to position the pairs of

channels users switch between very frequently close to each

other. For example, if a user switches frequently from the

“CBeebies” channel to the “BBC NEWS” channel, these

will be closely positioned.

Given a sequence of the m channels a user watched

in the past, H = (h1, h2, · · · , hm), where hi ∈ [1 · · ·n],
we construct a channel ordering πH to minimize the seek

distance for future events by taking the following steps (see

also Fig. 2):

1) Construct a weighted graph GH (called watch-
ing graph) with a sequence of channels, H =
(h1, h2, · · · , hm) where hi ∈ [1 · · ·n], whose nodes

are the set of all possible channels, {1, 2, · · · , n},

and an edge (u, v) is added if there was at least one

channel switching event from the channel u to the

channel v. The weight of an edge (u, v) is assigned as

to be inversely proportional to the number of switching
events between u and v or v and u (i.e., the graph

is undirected). A small weight thus represents two

channels that should be close to each other. Otherwise,

the number of channels minus one (n− 1) is assigned

to the weight of the edge (u, v). The resulting running

time is O(m).
2) From the constructed weighted graph GH , find a

binary tree TH (a dendrogram) whose leaves are the

channels and whose internal nodes represent nested

clusters such that the (Euclidean) distance measure

is minimized within clusters and maximized between

clusters using an agglomerative hierarchical clustering

algorithm [14]. The hierarchical clustering algorithms

(single linkage, UPGMA and WPGMA) used in our

experiments run in O(n2) time and O(n2) space [29].

3) Generate an efficient channel ordering πH by finding

the optimal linear leaf ordering from the dendrogram

TH . We use the algorithm presented in [2] to find the

optimal linear leaf ordering. In most TV settings the

list of channels is circular (the channel next to the last

is the first). For such circular structures we simply

connect both ends of πH to be adjacent to each other.
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Figure 2. An overview of the proposed method. We construct a linear channel ordering from a user’s watching history by using a hierarchical clustering
method.

This step runs in O(n4) time. The total running time

of the whole algorithm is therefore O(n4 +m).

As explained above, for efficient grouping of the chan-

nels users switch between very frequently, we opt for an

agglomerative hierarchical clustering algorithm. This is be-

cause agglomerative hierarchical clustering provides a nested
sequence of clusters with a single and all-inclusive cluster

at the top and single-point clusters at the bottom, unlike

partition-based clustering techniques such as k-means [14].

This allows us to compute an efficient channel ordering

based on cluster relationships to minimize the sum of

distances between all pairs of channels using the optimal

leaf ordering algorithm [2].

A. Applying agglomerative hierarchical classification meth-
ods

The key parameter in agglomerative hierarchical clus-

tering algorithms is the clustering criterion function used

to determine the pairs of clusters to be merged at each

step. In most agglomerative algorithms, this is accomplished

by selecting the most similar (or closest) pair of clusters.

Many cluster selection schemes have been developed for

computing the similarity between clusters [16], [14], [27],

[11]. They mainly differ in how they update the similarity

between existing and merged clusters. In our study we

evaluated the following cluster selection schemes: single

linkage, UPGMA and WPGMA.

The single linkage scheme [16] measures the distance of

two clusters by computing the shortest distance between the

channels from each cluster. That is, the distance between

two clusters Cx and Cy is given by

ds(Cx, Cy) = min
chi∈Cx
chj∈Cy

{Δ(chi, chj)}

where ch represent a channel and Δ(chi, chj) is the mini-

mum user interaction number to switch the watching channel

from chi to chj or the reverse.

The main disadvantage of the single linkage scheme is

that while two clusters may be linked by this technique

on the basis of a single bond, many of the channels of

the two clusters may be quite far in terms of similarity.

This drawback led us to consider the other schemes, namely

UPGMA and WPGMA.

The UPGMA scheme [28] measures the distance of two

clusters by computing the average of the pairwise distance

of the channels from each cluster as follows:

du(Cx, Cy) =
1

nxny

∑

chi∈Cx
chj∈Cy

Δ(chi, chj)

where nx and ny represent the sizes of the clusters Cx and

Cy , respectively.

The WPGMA scheme [27] uses a recursive definition for

the distance between two clusters. If cluster Cx was created

by combining clusters Cx1
and Cx2

, the distance between

Cx and Cy is defined as the average of the distance between

Cx1
and Cy and the distance between Cx2

and Cy as follows:

dw(Cx, Cy) =
(nx1 · dw(Cx1 , Cy) + nx2 · dw(Cx2 , cy))

nx1
+ nx2
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where Cx1
and Cx2

are clusters to be merged, and Cx is the

cluster such that Cx = Cx1
∪ Cx2

. nx1
and nx2

represent

the numbers of the clusters Cx1 and Cx2 , respectively.

In this paper we use Single, Average and Weighted
to denote the single linkage, UPGMA and WPGMA

schemes, respectively.

B. An example

To give an intuition for the proposed channel or-

dering method, we consider an example which consists

of 8 channels. Given a sequence of channels, H =
(4, 6, 7, 6, 8, 4, 8, 4, 5, 7, 5, 7, 2, 3, 2, 7, 8, 1), we construct a

weighted graph GH as shown in Fig. 3. In this graph, an

edge (u, v) is added if there exists a channel switching from

u to v or the reverse and the weight of this edge is assigned

as to be inversely proportional to the number of switching
events between u and v. For example, in this graph, the edge

(2, 7) has weight 0.5 since there are two channel switches

between channels 2 and 7: one from 7 to 2, and other from

2 to 7.

Figure 3. The weighted graph GH constructed from H =
(4, 6, 7, 6, 8, 4, 8, 4, 5, 7, 5, 7, 2, 3, 2, 7, 8, 1). In this graph, each edge is
added if there exists a channel switching between them and the edge weight
is assigned as to be inversely proportional to the number of switching events.

From this weighted graph GH in Fig. 3, we find a

dendrogram TH whose leaves are the channels using an

agglomerative hierarchical clustering algorithm; in order to

compare performance, we applied Single, Average and

Weighted, respectively. The results are shown in Fig. 4.

In this figure, the dendrograms display the linkage distance

obtained through cluster analysis. For this example we use

a threshold value of (0.7 × the maximum edge weight of

TH ) to represent a cluster which is uniquely coloured in

Fig. 4. Single and Average identify two clusters while

Weighted identifies three clusters. Finally, from each of

these dendrograms we find the optimal linear leaf ordering

and use it as a new channel ordering πH .

Now, given a future sequence of channels, F = (7, 2,

7, 2, 6, 4, 1, 8, 4, 8, 2, 8, 4, 6, 2, 8, 1, 4), we calculate

the average seek distances (SD) per channel for linear and

circular channel ordering; this can be simply computed as

the sum of seek distances to select the channels in F by

dividing the size of F minus one (|F − 1|). Here we ignore

the initial cost (the number of user inputs to select the first

channel ‘7’ in F ) since the total cost is dominated by the cost

of selecting the next channels when the size of F is large.

The seek distance to select a channel fi in F is the distance

between the channel fi and the previous channel fi−1. The

experimental results of this example are shown in Table I.

For both linear and circular structures, Single produces

the best results (2.235 for a linear structure and 1.882 for a

circular one). In this example, we can see that the channel

ordering based on Single significantly decreases the seek

distance compared with the fixed channels (1–2–3–4–5–6–

7–8).

Channel Ordering SD for Linear SD for Circular
Single 3–2–6–7–5–4–8–1 2.235 1.882
Average 2–3–5–7–6–4–8–1 2.706 2.000
Weighted 2–3–5–7–6–4–8–1 2.706 2.000
Fixed 1–2–3–4–5–6–7–8 4.529 2.765

Table I
THE RESULTS OF CHANNEL ORDERING FOR

H = (4, 6, 7, 6, 8, 4, 8, 4, 5, 7, 5, 7, 2, 3, 2, 7, 8, 1) AND

F = (7, 2, 7, 2, 6, 4, 1, 8, 4, 8, 2, 8, 4, 6, 2, 8, 1, 4).

V. PERFORMANCE EVALUATION

To evaluate the efficiency of the proposed method, we

synthetically-generated several data traces of channel switch-

ing events. These traces follow the Zipf distribution [1] for

the popularity of channels, a distribution that was validated

by empirical analysis using two different IPTV datasets from

real IPTV usage [7], [23], and which is generally used to

evaluate the performance of channel ordering methods [18],

[17]. In this distribution, the frequency of the rth popular

channel is proportional to r−α where α (0 ≤ α ≤ 1) is the

Zipf rank exponent parameter that determines the degree of

popularity skew. When α = 0, all channel popularities are

equal, and the distribution gets skewer with α. We tested the

efficiency of the proposed method on the several datasets

by varying α from 0.2 to 1.0, the size of training samples

m = |H| from 1000 to 5000, the size of testing samples

l = |F | from 20 to 100, and the number of channels n from

200 to 1000. In order to decrease the bias associated with a

set of testing samples, we repeat the test for 200 randomly

chosen testing sets and measure the average performance.

We compared the performance of our methods (Single,

Average and Weighted) with those of the following

three methods:

• random ordering: A channel ordering is randomly

generated. A random channel ordering represents a

(fixed) conventional channel ordering. We randomly

generated 200 linear channel orderings and computed

the average value of them. We use Random to denote

this scheme.
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Figure 4. Dendrograms of the example. Each dendrogram is constructed by using agglomerative hierarchical clustering algorithms with three clustering
criterion functions: Single, Average and Weighted. For visualization, edges of each cluster are uniquely coloured.

• popularity-sorted ordering: Channels are sorted in

descending order of their popularity, since most users

are likely to switch more between popular channels.

We use Sorted to denote this method.

• popularity-interleaved ordering [18]: The previous

scheme has some limitations for circular structures.

This scheme is similar, with the channels sorted in

descending order of their popularity, but the structure is

different. The position of the most popular channel is

fixed, and then channels with odd rankings are placed

on its left side, and channels with even rankings on

its right side. We use Interleaved to denote this

scheme.
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Figure 5. The average seek distance per channel by varying the Zipf rank
exponent parameter α for linear structures, with l = 65, m = 5000 and
n = 1000.

First of all, we perform an experiment with l = 651, m =
5000 and n = 1000 in order to show the effects of the

Zipf rank exponent parameter α. The average seek distances

per channel via the channel ordering methods are shown in

Fig. 5 for the linear structure and in Fig. 6 for the circular

structure, respectively.

1The average number of switching events per user is around 65 per
day [8].
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Figure 6. The average seek distance per channel by varying the Zipf rank
exponent parameter α for circular structures, with l = 65, m = 5000 and
n = 1000.

In linear structures (see Fig. 5), the Single ordering

methods produced the best results — when α = 1.0
Single achieved an average seek distance of around 150

while the average seek distance in Random was above

300. On the other hand, for circular structures (see Fig. 6),

the results were somewhat inconsistent depending on α.

The performance of Single is almost similar to that of

Interleaved. Overall, the performance of all ordering

methods except Interleaved for linear structure im-

proves as α increases; the performance that can be achieved

with these ordering methods thus depends on the skewness

of channel popularity.

To illustrate the performance of the proposed channel

ordering scheme more clearly, we computed the ratio be-

tween the results for Single channel ordering and the

results of the other methods (Random, Sorted, and

Interleaved). The results are shown in Table II. For

linear structures, Single significantly reduces the seek

distance on average compared with Random and Sorted.

As shown in Table II, when α = 1.0, Single uses only

about 43.5% of user inputs of Random and 59.0% of user
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Linear Structure Circular Structure
Random Sorted Random Inter.

0.2 0.9491 0.9395 0.9911 0.9956
0.4 0.9084 0.8532 0.9804 1.0087
0.6 0.7676 0.7291 0.8962 0.9951
0.8 0.6302 0.6831 0.7540 1.0284
1.0 0.4353 0.5903 0.5434 0.9879

Table II
RATIO BETWEEN THE RESULTS FOR SINGLE CHANNEL ORDERING AND

THE RESULTS OF THE OTHER METHODS.

inputs of Sorted. However, for circular structures Single
produced results similar to Interleaved.
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Figure 7. The average seek distance per channel by varying the size
of training samples m for linear structures, with α = 0.55, l = 65 and
n = 1000.
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Figure 8. The average seek distance per channel by varying the size of
training samples m for circular structures, with α = 0.55, l = 65 and
n = 1000.

We now discuss how the performance of the different

channel ordering methods may change with the size of the

training samples m. To demonstrate this we fix α = 0.552,

l = 65 and n = 1000 (see Fig. 7 and Fig. 8). The average

seek distance of Single overall decreases with m, from

m = 1000 to 3000. When m = 3000, it is clear that

Single is better than the other channel ordering methods

even for circular structures. For these structures, when the

size of the training samples is large (e.g. m ≥ 4000),

Interleaved seems a better option. For linear structures,

Single produced the best results overall.
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Figure 9. The average seek distance per channel by varying the size of
the testing samples l for linear structures, with α = 0.55, m = 5000 and
n = 1000.
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Figure 10. The average seek distance per channel by varying the size of
the testing samples l for circular structures, with α = 0.55, m = 5000
and n = 1000.

We now move to the discussion on the performance of

these channel ordering methods when the size of the testing

samples l changes, by fixing α = 0.55, m = 5000 and n
= 1000 (see Fig. 9 and Fig. 10). The average seek distance

2This α value was derived from an empirical study using a set of real
IPTV traces [23].
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of all methods slightly increases with l similarly. Interest-

ingly, for circular structures Single is slightly better than

Interleaved at l = 20. This implies that we recommend

using Single even for circular structures when l is very

small.
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Figure 11. The average seek distance per channel by varying the size of
the number of channels n for linear structures, with α = 0.55, m = 5000
and l = 65.
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Figure 12. The average seek distance per channel by varying the size of the
number of channels n for circular structures, with α = 0.55, m = 5000
and l = 65.

Finally, we now discuss the effects of the number of

channels n with α = 0.55, l = 65 and m = 5000 (see

Fig. 11 and Fig. 12). From these figures, we can see that

the average seek distance generally increases and the gap

between the proposed methods and the conventional method

Random grows with n, although this trend appears to be

rather weak for circular structures.
It is important to make it clear that the proposed methods

do not come without drawbacks. They involve a possibly

resource-intensive training phase, where the software has to

analyze the user’s watching history in order to learn about

the switching relationship between channels. We showed

before that the total running time is O(n4 + m), with n
being the number of channels and m the size of the user’s

watching history. Moreover, users have to become familiar

with this newly constructed channel ordering, and learn to

select their preferred channels appropriately.

VI. CONCLUSION

Although the current remote controls provide various

features to select TV channels (e.g. restoring the last active

channel), previous research has shown that it is very com-

mon to switch up or down to the next TV channel linearly,

using a two-way scrolling button [24]. Considering this fact,

in this paper we propose a novel method to construct a list

of TV channels with the objective of minimizing the number

of user inputs to effectively navigate them.

We formally define the problem of finding this optimal

channel ordering and prove this problem is NP-hard. To

solve it efficiently, we present a new channel ordering

scheme. The main idea is to construct a sequence of channels

by applying a hierarchical clustering algorithm in order

to bring closer pairs of channels users tend to switch

between more frequently. We demonstrate the feasibility of

this method with several well-known clustering selection

schemes, such as single linkage, UPGMA and WPGMA.

For performance evaluation, we generated synthetic traces

of channel switching events based on a statistical distribution

which has been validated by previous empirical studies. The

experimental results showed that for linear structures the

method we propose based on single linkage significantly

decreases the number of user inputs on average, while

being comparable to the best known algorithm for circular

structures [18].

As future work, we plan to develop a working prototype,

integrate it with a real TV, and evaluate its usability through

a laboratory experiment involving real users. Moreover we

do not restrict our attention to the channel ordering problem

in TV, but will also extend it to other applications for mobile

devices with a horizontal (or vertical) scrolling operation to

select content. For example, we plan to apply the proposed

method to list-based selection interfaces for media library

applications in mobile devices such as the iPhone.
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