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Abstract. Menu systems are key components in modern graphical user
interfaces (GUIs), either for traditional desktop applications, or for the
latest web applications. The design of interface layout must consider different aspects resulting in a trade-oﬀ between often conﬂicting requirements. This trade-oﬀ is aimed at making eﬀective use of interfaces in
order to meet user preferences and to conform to standard guidelines
at the same time. Assuming we are able to quantify such a trade-oﬀ,
the problem of ﬁnding a menu system able to maximize it ﬁgures as
a combinatorial optimization problem. In this paper we investigate the
application of genetic algorithms as a viable approach to identifying solutions that can be used as a starting point for further ﬁne-tuning.
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Introduction

At the time of their introduction, menu systems represented a major shift from
command-line interfaces. The early systems were very simple and not hierarchical in structure. Since then, they have been innovating continuously. Menu
systems have been evolved not only in structure, functionality and purpose. Today, the menu system is a component of fundamental importance for making
GUIs attractive and usable, and special care is paid to their design and implementation. This is not only related to traditional desktop applications. In
modern web applications, the menu systems still play a key role in helping the
user to navigate functionalities, especially after the advent of AJAX and Rich
Internet Applications (RIA) more recently. The menu system layout is a basic
ingredient for increasing productivity.
In designing a menu layout of good quality, engineers have to consider many
aspects including how eﬀectively functionalities are retrieved and activated, what
standard guidelines suggest, and what are the preferences of users. These aspects
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are translated into several design requirements, that often are conﬂicting. For
instance, although having ﬂat hierarchical structures improves accessability, a
limitation to the number of items is necessary in order not to have long lists.
At the same time, users could have preferences for the item order. A trade-oﬀ
between these diﬀerent requirements must be found in order to maximize the
menu system quality.
The problem of ﬁnding the layout that maximizes quality is combinatorial
in nature, as it depends on the arrangement of each item in diﬀerent positions
onto the menu structure, with no construction rules for building an optimal
solution. This suggests that the problem is NP-hard. Nowadays, this task is not
yet supported by search techniques, and it is left to the experience of engineers.
In this paper we investigate the application of genetic algorithms in exploring
the space of menu systems at the search of solutions that can maximize the
requirements trade-oﬀ. The remainder of this paper is organized as follows: in
Section 2 we introduce the issues related to menu system design and we formally
deﬁne the optimization problem; in Section 3 we describe the characteristics of
the genetic algorithm used in our experimentation; Section 4 is aimed to present
some experimental results; Section 5 outlines conclusions and future work.

Designing and Optimizing a Menu System

PR
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Although menu systems are components each user has widely experienced, for
the sake of clarity, it can be useful to deﬁne terms in order to disambiguate
deﬁnitions. In the remainder of this paper we will refer to menu layout as the
hierarchical structure by which the user gains access to application functionalities. A menu layout is made of menus; each menu is made of a list of items
referring to submenus or to actions. The ﬁrst are menus at lower level, the latter
are aimed to activate functionalities, thus they represent the menu system leaves
(i.e. terminals).
In designing a menu layout we have to take into the account:
– accessibility, as the ease of reaching desired actions.
– guidelines, as a set of best practices in organizing the menu layout
– preferences, as a wish list made explicit or implicit by the end user

As the menu system aims to quickly activate functionalities, we will consider
accessibility as the optimization driver, whilst we will refer to guidelines and preferences as optimization preferences (constraints, when mandatory). Therefore,
the problem solution relies on ﬁnding a menu layout that maximizes accessibility
and compliance to guidelines and user preferences.
Menu selection involves most aspects of human information processing. Indeed, the user is asked for visually inspect the menu, reading and comprehending
items in order to ﬁnd a path that will lead to the desired functionality; choosing
the best option until the action is not reached and task accomplished. The menu
system layout is expected to better support the user in this task.
So the main issue in designing a good menu system is about how to organize
menu items in the hierarchy in order to make actions and to easy accessible.
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In early stages, researchers focused on functional features a menu system is
demanded to have in order to improve accessibility. For instance, Walker and
Smelcer [1] investigated the relationship between the structure made of walking
menus or cascading menus and the time required by an user to reach the target action. In our work, we assumed this issue solved by the current standard
implementations, so our focus is mostly on the relationship between the menu
hierarchical structure (layout) and accessibility.
Various models for predicting the selection time have been proposed, and
research aimed to ﬁnd the structure that minimizes it. If items are sorted, e.g.
alphabetically, search time can be predicted by Hick’s Law [2], which states
that the time to locate an item is a logarithmic function of the menu size. When
menus are not alphabetically ordered, users have to scan them in a linear fashion
to locate an item. However, if the user has memorized the position of items in a
menu, search time becomes constant. Thus, selection times is reduced to the time
needed to reach the item position. Fitts’ Law [3,4] predicts the time required to
move the cursor to a particular item. It describes the movement time taken to
acquire, or point to, a visual target, stating that the movement time needed to
acquire a target is a logarithmic function of the ratio between the target distance
d and the target width w, known as the task’s Index of Diﬃculty (ID). According
to Fitts’ law, menu items that appear further down the menu have a greater ID.
As this model does not consider constraints in the motion trajectory, Fitts’ law
cannot accurately predict the movement time in cascading pull-down menus. If
the cursor has to be steered along a tunnel, movement time is better modeled
by Steering Law [5]. According to this law, movement time is determined by the
ratio between the tunnel distance td and the tunnel width tw.
Hollink and van Someren [6] reviewed the assumptions underlying prediction
models for the selection time, and proposed a method to validate these assumptions oﬀ-line. In their method, after the relationship between the path followed
through the menu system and the navigation time, this last is determined by
two structural properties of the path: the number of menu items a user has to
open and for each navigation step the number of menu items the user has to
read. Furthermore the prediction is based on the users’ choice strategy, the node
opening function and the node choice function.
Recently, Bernard [7] has presented a further model for predicting the selection
time. The Hypertext Accessibility Index measure (HHAI ) is deﬁned as

 L
 
log2 (bj + 1) log2 (dj + 1)
(1)
HHAI(x) = 
i=1 j∈Ni

where
–
–
–
–
–

x is the menu structure
L is the maximum number of levels of x
Ni is the set of menus and menu items at level i
bj is the number of children of j
dj is the depth of j, assuming for the root and all menu item d = 1

Optimization of Menu Layouts by Means of Genetic Algorithms

245

PR

EP

R

IN

T

It can be easily veriﬁed that HHAI ∈ [1, +∞): the lower HHAI is, the more the
menu items are accessible; when all menu items are assigned to the root menu
(i.e. no submenu is considered) HHAI = 1. An interesting characteristic of this
model is that HHAI index predicts the expected navigation time on the basis only
of the menu system layout. Bernard’s model shows that though broader trees in
general tend to have better search eﬃciency than deeper trees, topological shape
has also an important eﬀect. The HHAI metric has been validated by comparing
predictions with the empirical results found by others and Bernard himself.
Bernard’s ﬁndings are in accordance with results of other researchers. For instance, Botafogo et al. [8] found that imbalance might indicate a poorly designed
hypertext hierarchy, though this is sometimes unavoidable in some domains.
They propose two metrics for imbalance, namely the ”depth imbalance” and
”child imbalance”. The depth imbalance metric measures the variance in depth
of a node’s children; the child imbalance measures the variance in the number
of descendants (i.e. sections, subsections, pages, etc.) of a node’s children.
In the last years, other techniques have been introduced in order to improve
the selection time in cascading pull-down menus, focusing on the selection of
ﬁrst-level items. Shorter selection times have been reached by either decreasing
the distance to the menu items, or by increasing the size of the menu item.
A split menu adapts to user behavior and relocates the menu items according
to usage. Frequently selected items are moved into the top split of the menu
and seldom selected items are pushed downward, i.e. the distance to an item
depends on selection probability [9]. Ahlström [10] modeled and improved cascading menu selection times through the use of ’force-ﬁelds’, a variant of sticky
widgets, that attracts the cursor towards the cascading menu. The evaluation
did not investigate whether the technique caused an adverse eﬀect on selecting
non-cascading items.
Designers usually use guidelines to organize the menu structure. They provide
a collection of best practices in organizing and structuring the menu layout.
Examples are Apple’s Human Interface Guidelines [11] and Sun’s Java Look and
Feel Guidelines [12]. Guidelines are either too speciﬁc or too vague, so they do
not always apply to the problem at hand [13]. For instance an Apple’s Human
Interface Guidelines suggests putting on menu bar some particular menus that
an user expects to ﬁnd such as ”File”, ”View” and ”Help”. Guidelines say, as a
general rule, to avoid creating long menus, in fact they are diﬃcult for the user to
scan and can be overwhelming, from other side it has not to put many items in a
single menu and it needs to regrouping them in other menus. In most guidelines,
it is suggested not to go further two levels of cascading menus, although in some
cases it is convenient to violate this rule.
According to the current literature, building of menu hierarchy and optimization is a challenging task, whose applications go further the desktop and web
applications. However, building a quality menu system requires a large group of
users (e.g. focus groups) and a large number of trials in order to ﬁnd the best
way or structuring the menu layout. Search techniques, can provide a valuable
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support in screening alternatives and in providing starting point that can be
reﬁned more eﬃciently.

3

Algorithm
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The algorithm is inspired to the Simple GA given by Goldberg [14]. The structure
is outlined in Fig.1.

R

Fig. 1. Algorithm structure

After the problem is setup in terms of menu items and preferences, the algorithm is instanced and the initial population is randomly generated. The algorithm body is made of following stages:

EP

– evaluation: a ﬁtness score is assigned to each population individual.
– genetic processing: here individuals are genetically processed by selection,
crossover and mutation

PR

After K generations the best individual is obtained. Valid (i.e. legal) individuals
are compliant with mandatory preferences (constraints), invalid not.
Preferences are given as a set of relational and structural properties, each with
an assigned priority. In our case, we assumed priorities on a scale of ﬁve: 1- very
important, 2- important, 3- medium, 4- not important, 5- not very important.
Preferences are facultative. Besides them, we assumed mandatory preferences
(i.e. constraints), with priority 0- mandatory.
3.1

Chromosome Structure and Genetic Operators

Among the diﬀerent ways of representing a tree structure by a chromosome, we
choose a coding in which each gene represents the path from root to a menu
item as depicted by Fig.2.
The number of genes is not necessarily equal to the number of action (i.e.
terminal) items. In some cases, an action could be accessed by diﬀerent paths.
Therefore the chromosome is as long as the sum of allowed occurrences of each
action. For example, if an action is allowed twice, there is a need for two genes
to that action, each representing a diﬀerent path. The mapping between genes
and actions is kept by an association table. When the path is empty, the action
item is associated to the root (e.g. gene N in ﬁgure); if the path is null, that
action item occurrence is not considered in the menu layout (e.g. gene 1). Such a
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Fig. 2. Chromosome with mapping to the menu layout
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chromosome structure is more robust to genetic operations than others, allowing
a better control of action items, whose best placement in the menu layout is the
ultimate goal of the optimization algorithm. The algorithm is based on three
genetic operations:

R

– selection: a tournament selection has been preferred in order to be less sensitive to the ﬁtness scaling
– crossover: single point crossover
– mutation: gene mutation with a random choice of insertion, deletion and
modiﬁcation of single items.
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In particular, the algorithm adopts elitism by random substitution with the best
individuals. Tournament is implemented by selecting the best individual after t
pairwise comparisons, as described in [14]. Crossover and mutation are described
in Fig.3.

Fig. 3. Crossover and mutation

The menu layout is built by adding paths in the order they occur in the chromosome genes. So, the actual order of items in a certain menu depends on the
order they occur in the chromosome, given the same path to them. For instance,
if A-B-L precedes A-B-M, L will come ﬁrst in the menu A-B, otherwise the opposite. A permutation of the mapping entries would allow to obtain diﬀerent
placements. However, the mapping is ﬁxed and not processed by genetic operators. The reason is that the initial path building is purely random. Thus, diﬀerent
placement are considered by the initial production of alternatives. Considering
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the mapping permutation would not be beneﬁcial, adding only an additional
degree of freedom to control by the genetic algorithm.
3.2

Fitness Function

The ﬁtness function of an individual x is aimed to model the trade-oﬀ between
accessability and preference compliance. Thus it is deﬁned as convex combination

T

f itness(x) = σ · H(x) + (1 − σ) · C(x)

(2)

IN

where σ ∈ [0, 1], H(x) is the degree of accessability, and C(x) is the degree of
constraints’ compliance. In particular, H(x) is deﬁned as
H(x) = ek(1−HHAI (x))

(3)

R

where HHAI (x) is deﬁned by Eq.(1). The constant k controls the exponential
decay. Instead the degree of preference compliance is deﬁned as the weighted
mean
m

p¯i ci (x)
C(x) = i=1
(4)
m
p¯i
i=1

EP

where m is the number of preferences, p¯i = 1 − pi is the constraint importance,
and ci (x) is the compliance of x to the preference ci . Therefore, we assumed a
compensation between optimization criteria.
The problem of ﬁnding an optimal menu layout consists in placing all action
items by maximizing accessability and preference compliance. Preferences can
be of diﬀerent kinds. In our experimentation we considered the following types:

PR

– Path ordering (ancestor , successor ): deﬁnes a ordering relation between
ancestor and successor along a path
– Menu ordering (predecessor, follower ): deﬁnes a ordering relation between
predecessor and follower whenever they coexist within the same menu
– Number of menu items (menu, min, max ): deﬁnes the min and max
number of items present in menu
– Occurrence (item, min, max ): deﬁnes the min and max number of occurrences of item
– Level (item, min, max ): deﬁnes the min and max level for item
– Menu belonging (item, menu): item should belong to menu

Each preference has a priority pi ∈ [1, 5], where 1 is the highest priority (i.e. very
important), 5 the lowest (i.e. not very important). The degree of compliance of
x to each preference is computed as
ci (x) = 1 −

vi (x)
mvi (x)

(5)

with vi (x) giving the number of criterion violations of x, and mvi (x) the maximum number of possible violations.
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Fig. 4. Preferences. The top-left table provides the number of items at each level, the
middle-left table provides two path ordering preferences, the top-right table provides for
each menu the desired level and the number of occurrences, the bottom table provides
menu belonging preferences specifying the priority of each preference.

An Example of Application

R
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As an example of application let us compose a menu layout made of 25 action items Z1..Z25 and 12 submenus A..L. Layout generation is driven by 60
preferences, outlined in Figure 4. The algorithm was setup with standard parameters: tournaments = 1, crossover probability = 0.8, mutation probability =
0.02, elitism = 2.1 Figure 5 and Figure 6 show the layout of the best individual
respectively after 10 and 1000 generations. Figure 5 depicts a layout with ﬁtness
= 0.7949. Indeed, this structure does not satisfy some preferences. In particular,

PR

– the number of children in the root is more than 5
– the tree does not meet any level preference
– menus A and B should not have any repetition

On the other side, A, B and C are in the right order on the menu bar (at level
1) as expected. Instead layout presented in Figure 6 meets better the preference
set, thus its ﬁtness value is 0.9717.
When some preferences become mandatory (constraints), the problem becomes harder to solve. In Figure 7 we show a solution layout in this case. In
particular, all preferences with priority 2 have been considered mandatory.
The low ﬁtness value (0.566) is due to conﬂicts between constraints and some
other preferences, as it can be easily noticed by observing tables in Figure 4.
Obviously, when constraints are in contradictory, there is no solution to the
optimization problem. Therefore, it is important to choose the preference and
constraint set appropriately, in order to avoid conﬂicts and contradictions. This
is the situation depicted in Figure 8.
1

Parameters have been chosen by a simple qualitative analysis, according to common values adopted for them, without any in-depth quantitative analysis for their
optimization.
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Fig. 5. Layout of the best individual after 10 generations (ﬁtness 0.7949)
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Fig. 6. Layout of the best individual after 1000 generations (ﬁtness 0.9717)

Fig. 7. Layout with constraints (ﬁtness = 0.566)

Fig. 8. Layout with compatible constraint and preference sets (ﬁtness = 0.9952)
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In this case we deﬁned a legal individual when the menu bar has 4 or 5 items,
and A, B, C are on the menu bar with no repetition. Furthermore we imposed
that item Z1 has to be an action of menu A. These conditions are expressed
by 10 constraints: 3 level constraints, 3 occurrence constraints, 1 number of
children constraint, 2 path ordering constraints, 1 belonging constraint. The
algorithm run 500 generations on population with 1000 individuals. At the end,
legal individuals were 102 (i.e. 898 illegal). Fitness of the best legal individual
was 0.9952, with H = 0.9498.
We can note that action Z10 is in A, action Z21 in menu D as expected by
the menu belonging preferences. Furthermore, some menu (namely F ,G,H,I) are
allowed to occur more than once, whilst L no more than twice. We can verify
that in layout of Figure 8 these preferences are fully satisﬁed. In particular, F
and H occur once, whilst G and L never. Moreover, the number of children of
level 2 are between 2 and 5, and between 1 and 2 at level 3.
These performances are not episodic, as it could be argued. We run the algorithm several times with a diﬀerent number of preferences in order to study
quantitatively the convergence. In Figure 9, we report the median of best ﬁtness
with a diﬀerent cardinality of the preference set and population size (100, 200,
500, 1000 individuals). Preference sets of diﬀerent cardinality (15, 30, 45, 60
preferences) have been chosen with the same distribution of priorities, so that
analysis is independent on this factor.
We can notice that the algorithm reached high values of ﬁtness in all cases,
although the behavior diﬀers qualitatively according to the number of preferences
considered at a time, thus according to the problem diﬃculty. So, if in the case of
15 preferences, convergence is reached pretty soon, an increasing time is required

Fig. 9. Algorithm convergence
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Fig. 10. Algorithm convergence with priority shift

Conclusions and Future Work
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in the case of 30, 45 and 60 preferences. Also population size has an impact on
convergence when the number of preferences increases. Indeed, we can observe
how the algorithm is not able to converge properly in the case of 60 preferences
with 100 and 200 individuals. Another point of interest is the convergence of
the algorithm when priority changes. In Figure 10 is outlined the median ﬁtness
of the best individual when preference priority is increased (1-3) and decreased
(3-5) against the nominal case (2-4).
Obviously the ﬁtness value cannot be the same, as the priority ratios change.
However, we can notice how convergence is not heavily aﬀected by a shift of
priority, thus resulting robust tho this situation. This means that priority magnitude does not represent a sensible aspect to take into consideration.

In this paper we presented a genetic algorithm for optimizing the layout of a
GUI menu system, keeping into the account accessability, user preferences and
standard guidelines. The resulting solution can be used as a robust starting point
aimed to be reﬁned by software engineers. Experimentation provided very encouraging results, proving the ability of a simple genetic algorithm in converging
towards solutions with high ﬁtness, also in presence of mandatory constraints.
Moreover, the algorithm has been proven to scale the number of constraints,
and to be robust to constraint preference variations. However, we aim to investigate two main directions in the future. The ﬁrst is how to integrate mandatory
constraints into the solution generation, so there will be no illegal individuals
to deal with. Genetic programming seems to be a promising solution to this
problem. The second is about how to ﬁnd out implicit preferences by analyzing
the usage of generated menus, instead of forcing the user to make explicit all
her/his preferences. In this case, making the genetic algorithm interactive poses
additional interesting questions to be answered regarding to how to sample the
search space and to gather user feedback.
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