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Abstract. The paper proposes new modified multi-objective genetic algorithm for the problem of op-
timal TV advertising campaign generation for multiple products. This NP-hard combinatorial optimi-
zation problem with numerous constraints is one of the key issues for an advertising agency when
producing the optimal television mediaplan. The classical approach to the solution of this problem is
the greedy heuristic, which relies on the strength of the preceding commercial breaks when selecting
the next break to add to the campaign. While the greedy heuristic is capable of generating only a
group of solutions that are closely related in the objective space, the proposed modified multi-
objective genetic algorithm produces a Pareto-optimal set of chromosomes that (i) outperform the
greedy heuristic; and (ii) let the mediaplanner choose from a variety of uniformly distributed trade-off
solutions. To achieve these results, the special problem-specific solution encoding, genetic operators,
and original local optimization routine were developed for the algorithm. These techniques allow the
algorithm manipulating with only feasible individuals, thus significantly improving its performance
that is complicated by the problem constraints. The efficiency of the developed optimization method
is verified using the real data sets from the Canadian advertising industry.
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1. Introduction

Every year, an enormous amount of money is spent on advertising. In 2003, the total cost of adver-
tising the United States was about 200 billion dollars, and about 50% of this money was spent on
TV commercials. Since the advertising involves “big money”, media planners are responsible for
making the media plans as effective as possible, and increasing the efficiency of the mediaplanning
results in huge profits for advertising agencies and television networks. For example, Bollapragada
et al. (2002) describe the case where their effective optimization of the sales processes for the US

National Broadcasting Network (NBC) resulted in increase of revenues by over 15 million dollars
annually.

TV mediaplanning involves two major participants that are television networks (stations) and adver-
tising agencies, and can be briefly outlined as follows. After announcing program schedules, the TV
networks finalize their rating forecasts, estimate market demand and set the rate cards for the avail-
able advertising breaks. The rate cards contain one-second price and expected rating of a spot in a
particular TV show. Mediaplanning agencies buy advertising time for each of their clients from the
networks, and then produce advertising campaigns (media plans) for the products of clients.

Both networks and agencies face a number of time-consuming mathematical problems during this
planning process. The networks, on one hand, have to develop optimal program schedule, accu-
rately predict ratings of the programs and expected demand for the commercial breaks in the shows.
Besides, they are faced with a problem of optimal advertising breaks distribution between the agen-
cies subject to the required by the agencies constraints and limited advertising inventory restric-
tions. A simplified flow chart of the TV network planning process is given in Figure 1. In real life,
advertising agencies can buy commercial breaks by parts and negotiate with the network on the per-
centage of the spots that will be aired in the fist and in the last positions of the break. This creates
additional cumbersome problem of re-scheduling commercials during the last week before they are
broadcasted (Bollapragada and Garbiras, 2004).
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Figure 1. Simplified flow chart of the mediaplanning process for a TV network

The advertising agencies, on the other hand, develop their own buying strategies and intend to bring
their customers the most efficient media plans possible. They deal with a number of clients, with
each client having a set of products to be advertised subject to brand-specific restrictions. A simpli-
fied flow chart of the advertising agency planning process is presented in Figure 2. The first impor-
tant problem for the agency is efficient purchasing of advertising time. Besides, since major adver-
tisers (such as Proctor and Gamble, for example) buy hundreds of commercial breaks and decide on
the actual distribution of the breaks between the advertising products later, the agency meets a prob-
lem of optimal assigning breaks in pool purchased for a client to the client’s brands, subject to
budget, minimum impact and other constraints. This problem includes two sub-problems, both of
them being quite non-trivial. The first difficulty is to develop a model that would allow accurately
forecast impact efficiency for the future advertising campaigns. The second issue (that is a subject
of this paper) is generating optimal media plans (advertising schedules) for the client brands that
maximize the impact on the TV viewers while satisfying all the required restrictions.

Forecasting the efficiency of future advertising campaigns is a statistical problem that usually in-
volves longitudinal (panel) data analysis techniques. A number of papers were published on this
topic, a good review of the approaches proposed can be found in (Sissors and Lincoln 2002). Be-
sides, Weber (2002) published some encouraging results on application of neural networks to fore-
casting of viewing patterns based on German telemetric viewing data for specific target audiences.
Recently, Pashkevich and Kharin (2004) proposed a robust version of the beta-binomial model that
was successfully applied for increasing forecasting accuracy in case when the past exposure data
was available in binary form (a real data set from the German advertising market).

Optimization of advertising campaign efficiency is a NP-hard combinatorial multi-objective optimi-
zation problem that involves a number of complicated constraints. A classical approach to the solu-
tion of this problem is the greedy heuristic that relies on the strength of the preceding breaks when
selecting the next break to add to the campaign. Literature review presented in the following section
indicates that very little research was done on this topic. Besides, the proposed optimization algo-
rithms were developed either for generating campaigns for one advertising product or were based
on reducing the multi-objective optimization problem to a single-objective by the weighted sum ap-
proach (a common way to select weights is based on budgets of products being advertised) (Rust,
1986). This usually leads to discriminating the brands with smaller budgets, that is undesirable from
the media-planners point of view. Hence, there is a need for a true multi-objective optimization al-
gorithm that would provide the planner with a set of Pareto-optimal solutions and let him decide
which one should be used as a final solution, based on his expertise and experience.

In this paper, we propose to use the multi-objective genetic approach (Fonseca and Fleming, 1993)

to generate a set of Pareto-optimal solutions for the problem of the advertising campaign efficiency
optimization.
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For major clients, the agency buys advertising time from the networks for the total budget
defined by the client, and performs the actual distribution of the breaks between the brands
on a later stage. This problem is one of the key issues the agency has to deal with.
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Figure 2. Simplified flow chart of the mediaplanning process for an advertising agency

2. Related Works

A majority of literature on using the optimization techniques in mediaplanning deals with schedul-
ing programs for television networks in order to optimize audience ratings. The common method is
the “lead-in” strategy that relies on the strength of the preceding programs to boost the ratings of a
newly introduced one. This approach was successfully applied in a number of papers, for details see
Goodhardt et al. (1975), Headen et al. (1979), Henry and Rinnie (1984), and Webster (1985). Sev-
eral publications, such as Gensch and Shaman (1980), Rust and Alpert (1984) deal with individual’s
television viewing choice. A comprehensive review of the viewing choice models can be found in
(Rust, 1986; Danaher and Mawhinney, 2001). Rust and Echambadi (1989) developed a heuristic
algorithm for scheduling a television network’s program to maximize a network’s share of audi-
ences. Reddu, Aronson, and Stam (1998) developed an optimal prime time TV program scheduler
based on the mixed-integer near-network flow model that was successfully tested using the 1990
data from a US cable TV network. Several authors dealt with advertising scheduling strategies, a
review of this approaches is presented in Lilien, Kotler, and Moorthy (1992). Recently, Bollapra-
gada et al. (2002) developed an optimization system for the sales processes of the US National
Broadcasting Network (NBC). They used integer and mixed-integer programming techniques to
automatically develop schedules of commercials that meet all the requirements (Bollapragada and
Garbiras, 2004), and to schedule the commercials evenly throughout the advertising campaign (Bol-
lapragada et al., 2004).

Although the mediaplanning issues for the advertising agency and the TV network have much in
common, they essentially differ in mathematical formulation that opposes using common optimiza-
tion tools, including the mentioned above. In contrast to the network mediaplanning, the problem of
optimal campaign generation for the advertising agency received very little attention in scientific
literature, although a number of papers were published on audience perception forecasting (Cannon
et al.,, 2002; Weber, 2002; Kim and Leckenby, 2001). Classical approach to the optimal advertising
campaign generation utilizes greedy heuristic that selects the most promising admissible break (for
a particular brand campaign, step-by-step) (Sissors and Lincoln, 2002). The breaks are assigned to
brands one-by-one and can be ordered in different manner (randomly, depending on a distance to
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goals, etc.). Within this approach, the multi-objective problem is reduced to a single objective one
by the weighted sum technique, and the weights are calculated as normalized brand budgets (Good-
rich and Sissors, 2001). Being very simple to implement, this approach is not robust to the local dy-
namic restrictions, and usually uses some kind of rollbacks to overcome the violated constraints.

Recently, Pashkevich and Kharin (2001) proposed a multi-stage technique based on the hybrid ge-
netic algorithm for generating optimal advertising campaigns for multiple brands. Although this ap-
proach proved to be successful in real-world applications, it still relies on the weighted sum tech-
nique to improve the solution after all the goals are attained. To our knowledge, there were no re-

sults published on applying the multi-objective methodology to the problem of optimal advertising
campaign generation for multiple brands.

It should be noted that other advertising problems, that involve newspapers advertising and web-
page commercials, were also considered by the optimization research community. Merelo et al.
(1997) used the GA for optimal advertisement placement in different media. Naik et al. (1998) util-
ized the GA for developing the optimal pulsing mediaplans. Van Buer et al. (1999) considered solv-
ing the medium newspaper production/distribution problem by means of the GA. Collins and Harris
(1999) proposed to use the evolutionary approach to optimal generation of print and multi-media
advertising campaigns. Ohkura et al. (2001) employed an extended genetic algorithm for the Japa-
nese newspapers advertisement optimization. Carter and Ragsdale (2002) addressed the problem of
scheduling the pre-printed newspaper advertising inserts using the GA. Dawande et al. (2003) pro-
posed special heuristics for optimal advertisement scheduling on a web page. A lot of this research
was inspired by the paper (Hurley et al., 1995), which advocated using the genetic algorithms para-
digm for solving time-consuming marketing problems.

As follows from the presented above literature review, the single-objective genetic algorithms were
efficiently used to solve various mediaplanning optimization problems. Since the theory of multi-
objective genetic algorithms was efficiently evolving over the last decade, and had shown to be very
valuable for practical applications, the authors propose to rely on the multi-objective evolutionary
paradigm to solve the problem considered in this paper.

3. Problem Description

Before presenting a mathematical problem statement, let us give its informal problem description
focusing on some practical details. When an advertising agency buys commercial breaks for major
advertisers like Proctor & Gamble, Coca-Cola, etc., it sums the budgets of all the brands that the
client wants to advertise, and purchases common advertising time from the TV networks. Then, the
corresponding set of commercial slots bought, usually referred to as a pool, must be distributed be-

tween the brands, taken into a count a number of specific constraints and goals (as shown in Fig-
ure 3.) :

The major constraints associated with the brand are the maximum budget allowed to spend, the
minimum gross rating points (GRP), and the effective reach to be gained from broadcasting. There
are also several minor constraints, which can be divided into two types. The first of them, the
search space constraints, can be taken into account prior to the optimization by narrowing the brand
search space. Some common examples are the genre of a TV show, its day part and weekday, and
the commercial break length (since a brand commercial length must not exceed the break length).
Besides, it is prohibited to expose competitive brand commercials in the same TV advertising break
(Coca-Cola and Pepsi-Cola, for example). The second type, the solution space constraints, highly
depends on the mutual positions of the brand commercials in the entire adverting campaign plan.
They can be also subdivided into local and global ones, depending on the relationship between the
brands. Examples of the first subtype include minimum time interval between the successive brand
exposures, and maximum number of the brand commercials in the same TV show. The second




The pool of commercial breaks purchased for the client must be optimally distributed among the client's brands
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Figure 3. Generating optimal advertising campaigns for multiple brands
based on the purchased pool of the commercial breaks

subtype arises when separate advertising campaigns (for single brands) are combined together.
Relevant examples comprise maximum sum of the brand commercial lengths within the same TV
break, and taboo on exposing competing brand commercials in the same TV advertising break (for
instance, washing powders Ariel and Dash of Proctor and Gamble).

For each brand, the efficiency of an advertising campaign is measured by two performance indices:
(i) gross rating points (GRP), and (ii) effective reach (Reach). These indices are computed for a par-
ticular segment of the viewing audience (targer group) defined by the agency client. By definition
(Sissors and Lincoln, 2002), the GRP is the cumulative sum of audience percentages that watched
the brand commercial, which was exposed several times. It is obvious, that this index may overesti-
mate the commercial impact, since it duplicates (triplicates, etc.) the percentage of regular viewers,
who were covered by all the exposures. In contrast, the Reach index measures the unduplicated au-
dience and is defined as the percentage of the viewers that watched the brand commercial at least
once (twice, thrice, etc.). It should be noted that the Reach index saturates up to 100% as the cam-
paign size increases, while the GRP index is additive and may exceed 100%. An example of the cli-
ent requirements for a brand can be given as follows: (i) target group “Men 35+, i.e. males of age
35 years and older; (ii) contact class “2+”, i.e. only target group members who watched the com-
mercial at least twice are included; (iii) minimum Reach 65%; (iv) minimum GRP 240%.

The primary goals of the advertising campaigns optimization are achieving the best GRP and Reach
for each separate brand, while satisfying the lower bounds on both of them, as defined by the client.
Usually, media-planners optimize only one of these criteria (Reach or GRP), and use the second one
as a lower bound constraint. Nevertheless, these leads to multi-objective setting with highly com-
peting objectives for different brands and numerous constraints. It should be noted that when as-
sessing the efficiency of the mediaplan, the media-planners often rely on additional criteria that can
not be formalized and, therefore, embedded into the optimization algorithm in full scale. This may
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be caused by rapid changes on the advertising market or some short-term strategical issues that
make the planers partially rely on their intuition. For this reason, it seems prudent to propose to the
decision maker a set of Pareto-optimal solutions satisfying the formal goals and constraints and let
him make final decision relying on his expertise, experience and intuition. This motivates applica-
tion of the multi-objective genetic algorithms, which are capable to undertake such a problem.

4. Problem Formulation

Basic Notation, The following notation is used to formally introduce the problem.

the set of commercial breaks, B= {b\, by, ..., bm};

the number of commercial breaks;

an index of a commercial break;

the length of the commercial break b;, in seconds;

the set of products being advertised, P = {p|, ps, ..., pn};

the number of products being advertised;

an index of an advertising product;

the number of commercials for the product pj;

the set of commercials for the product p;, ;= {#,1;, sl } sorted in ascending order;
the length of the commercial v for the product p;;

the advertising budget of the product py;

the budget share of the commercial v for the product pj, 3.7 h =1;

the minimum time length between two consecutive commercials for the product py;
the maximum number of commercials in one show for the product p;;

the GRP goal for the product p;

the Reach goal for the product p;

the advertising price of one second in the break b; for the product pj;

the mxn matrix of the decision variables, X = {x;};

the commercial length if the product p; is advertised in the break b;, and 0 otherwise;
the advertising campaign for the product p;, X; = {x;, x2j, ..., Xuj};

the admissible breaks for the product p; after applying the search space constraints;

1 if the product p; can be advertised in the break b;, 0 otherwise, D;= (dyj, dyjs ..., dmj);
the Reach of the campaign X; for the product p;;

the GRP of the campaign X; for the product p;;

the set of commercial breaks grouped by TV shows, §= {s1, 52, ..., 5z}, I_[,"=| 5;,=B;
the number of distinct TV shows;

an index of a TV show;
the nxn binary symmetric matrix of competing brands constraints, F = {5}
1 if the products j; and j; compete, and 0 otherwise;

the absolute airing time of the break b,.




Problem Statement. The mathematical problem formulation may be presented as follows.

Optimize reach for each product

Bl il ot @
subject to the
e budget constraints:
L) xee, ShoM, j=12,.,n, v=12....9,; )
e goal attainment constraints:
RX)2R, G(X)2G,, j=12,..,n; (3)

commercial break length constraints:

" x, ST, i=12,..,m; )

=1
e minimum time length between two consecutive commercials constraints:
[1B)—t(B )1 (x, ;x, )<SA,, @iy =12,...,m, i|#i,; (5)
¢ maximum number of commercials in one TV show constraints:

Y 1)K, [=12000k, j=12,...m; (6)

competing products constraints:

ZZI Z:,ﬂ Z:z x'fl ' x‘h .fhfz = 0’ (7)

where I(x)={1 if x> 0, and 0 otherwise}, I,(x)={1 if x=y, and 0 otherwise}, and the functions are
applied componentwise in the case if x and y are vectors.

The objective function (1) simultaneously maximizes Reach index for all advertising products
{p1, P2, ..., Pn} that compete over the pool of commercial breaks {b,, by, ..., b}. Each product p; has
g; different commercials {fj1, (3, ..., 4 } available for it, and each commercial #, has a budget share

assigned (meaning that the sub-budget of this commercial is A;+M; ). Hence, the budget constraints
(2) for every product are formulated as a set of inequalities (one for each of the product commer-
cials). Goal attainment constraints (3) ensure that in the generated set of Pareto-optimal solutions,
every product gains at least minimum value of Reach and GRP indices. Commercial break length
constraints (4) guarantee that the total length of commercials placed into a break does not exceeds
its length. Equation (5) describes the constraints for the minimum time length between two con-
secutive commercials for the same brand, while formula (6) limits the number of commercials of a
brand placed to the same break. Competing brands constraints (7) make sure that only one of the
competing products can be placed to the same commercial break.

In addition to the hard constraints described above, there are additional soft problem constraints that
are not mandatory but are desired to be accomplished. The budget for each commercial length of
every advertising product should be spent as completely as possible. This requirement arises from

the practical aspects of the problem, since the profit of the media planning agency depends on the
advertising budgets of their clients.

The formulated mathematical problem is an NP-hard multi-objective optimization problem of high
dimension (usual values for n and m are 1500-125000 breaks and 30-75 brands for one month opti-
mization depending on a country). Hence, applying the branch-and-bound or other exact technique
does not seem prudent, and the problem is solved by means of metaheuristics. In this paper, a spe-




cially designed version of the multi-objective genetic algorithm (MOGA) of Fonseca and Fleming
(1993) is applied to solve the problem (1).

5. Multi-Objective Evolutionary Approach

The evolutionary computation employs biology concepts of natural selection and population genet-
ics to solve optimization problems that are hard or impossible to solve using traditional optimiza-
tion techniques (Michalewicz and Fogel, 2000). The major difference of the evolutionary algo-
rithms (EA) and other heuristical methods is that the EA rely on a population of solutions rather
then on a single individual in the decision variable space. This research direction was started by the
pioneer work of Rechenberg (1973) who proposed the Evolutionary Strategies to solve complex
optimization problems, and was followed by Fogel (1991) with the Evolutionary Programming, and
Holland (1975) with the Genetic Algorithms (GA). The theoretical results for the GA obtained by
Goldberg (1989), such as Schema Theorem, made them very popular search techniques, that re-
sulted in numerous applications and enhancements of this optimization paradigm (Man et al, 1999).

The genetic algorithms maintain a population of individuals that compete with each other for sur-
vival. After evaluation, individuals are given a probability of recombination that depends on their
fitness. Offsprings are produced via crossover, where they inherit some features from the ancestors,
and via mutation, where some innovative features can appear. At the next iteration, the offsprings
compete with each other (and possibly also with their parents), and etc. Population improvement
happens due to the repeated selection of the best parents, which are likely to produce better off-
springs, and elimination of solutions that have low performance.

The multi-objective genetic algorithms use the GA ideas to solve the multi-criteria optimization
problems. Historically, the population-based non-Pareto approaches were used to deal with this
problem to start with. The first version of this technique was proposed by Schaffer (1985), whose
vector evaluated genetic algorithm (VEGA) had modified selection procedure so that, at each gen-
eration, a number of subpopulations is generated according to each objective. Fourman (1985) pro-
posed to use the selection scheme based on the lexicographical ordering of the objectives according
to the user priorities. Another version of the Fourman’s algorithm consisted of randomly selecting
the objective to be used for comparison of individuals in the tournament selection. Kursawe (1991)
proposed a multi-objective version of the evolutionary strategies, with each objective used to delete
an appropriate fraction of the population during selection. Hajela and Lin (1992) combined the GA
with the weighted sum approach by explicitly including the weights into the chromosome, and us-
ing the fitness sharing to promote their diversity.

The Pareto-based multi-objective genetic algorithms use the concept of Pareto optimality to rank
the individuals in the population. The first version of the Pareto ranking was proposed by Goldberg
(1989), and was based on the consecutive computing the dominating sub-populations, thus assign-
ing the individuals the ranks according to the sub-population index. Fonseca and Fleming (1993)
proposed an extension of this approach, where a solution’s rank corresponds to the number of indi-
viduals in the current population by which it is dominated. Therefore, the non-dominating individu-
als are all assigned the same rank, while the dominated ones are penalized according to the density
of the population around them. The calculated ranks are then sorted and mapped into fitness, and
the Stochastic Universal Sampling (SUS) is used to perform the selection (Baker, 1987). Besides,
Horn and Nafpliotis (1993) proposed a modification of the tournament selection based on the Pareto

dominance. Cieniawski (1993) and Ritzel et al. (1994) used the tournament selection that relied on
the Goldverg’s Pareto-optimal ranking scheme.

The multi-objective genetic algorithm (MOGA) of Fonseca and Fleming (1993) was the first
Pareto-based evolutionary technique proposed for the multi-criteria optimization problems. In addi-
tion to the special ranking procedure described above, it relies on the niche-formation methods to
distribute the solutions uniformly over the Pareto-optimal region, with the fitness sharing performed
in the objective function space, and special method for the niche size calculation. Besides, the deci-
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sion maker (DM) can incorporate the goal attainment information into the ranking procedure. The
algorithm extensions proposed in (Fonseca and Fleming, 1998) also allow including to the ranking
the DM preferences for the objectives. The MOGA was successfully used to solve a number of ap-
plied problems, for example design of a multivariable control system for a gas turbine engine
(Chipperfield and Fleming, 1995), multi-objective optimization of ULTIC controller (Tan and Li,
1997), design of a coal burning gasification plant (Griffin et al, 2000), and other applications.

Other well-known versions of the evolutionary multi-objective algorithms include the niched Pareto
genetic algorithm (NPGA) of Horn and Nafpliotis (1993), and the non-dominated sorting genetic
algorithm (NSGA) of Srinivas and Deb (1994). In the late 1990-s, there was developed a number of
new methods for the considered problem, which focused on improving the selection-for-survival
aspect, including techniques for population density estimation. The developed techniques include
the strength Pareto evolutionary algorithm (SPEA) of Zitzler and Thiele (1998), the Pareto enve-
lope-based selection algorithm (PESA) of Corne, Knowles and Oates’s (2000), and the elitist non-
dominated sorting genetic algorithm (NSGA-II) of Deb, Pratap, Ararwal and Meyarivan (2002). It
should be noted that a more detailed review of the evolutionary approaches to multi-objective opti-
mization problems can be found in (Fonseca and Fleming, 1995; Coello, 2000; Purshouse, 2004).

This paper proposes an application-specific modification of the MOGA for the described above
mediaplanning optimization problem. The developed algorithm uses the original MOGA frame-
work, but employs the specially developed encoding procedure and genetic operators, as well as the
original local optimization routine. These modifications allow manipulating only with feasible solu-
tions on each algorithm iteration. The efficiency of the developed optimization technique is verified
using the real data sets from the Canadian advertising industry.

6. Developed Modified Multi-Objective Genetic Algorithm

The major challenge in developing the efficient MOGA for the problem of optimal advertising
campaign generation for multiple brands is effective constraints handling. A modification of the
multi-objective genetic algorithm of Fonseca and Fleming (1993) is proposed, which takes into ac-
count the problem specificity by using specially developed solution encoding scheme and related
genetic operators. Another innovation deals with the local optimization routine, which employs an
original approximation procedure for the problem objective functions.

To handle the constraints (2)-(7), they are divided into four groups and are processed in the follow-
ing way:

(1) The search space constraints {D;}, the commercial break length constraints (4) and the com-
peting products constraints (7), are taken into account by the solution encoding.

(ii) The solution space constraints, i.e. the budget constraints (2), the minimum time length be-
tween two consecutive commercials constraints (5) and the maximum number of commercials
in one TV show constraints, are taken in consideration via the genetic operators.

(iii) The goal attainment constraints are handled via special ranking procedure that is used to calcu-
late the solution fitness.

(iv) The soft budget constraints are accomplished by rejecting the solutions that have the commer-
cials with the budget surpluses more a user-defined threshold.

The authors believes that the “death penalty” approach used in (iv) is suitable here, since the large
budget overplus in a solution usually means ineffective handling of the commercial break length
constraints, and thus is not expected to contribute to the trade-off surface.

The following subsections describe in details the proposed solution encoding, initial population

generation, genetic operators, local optimization routine, as well as the fitness and population man-
agement used in the developed algorithm.
































































