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ABSTRACT

This paper develops a simple framework for supporting deesson whether and when
to cancel a television program. The framework uses reabogttheory to maximize the
profits a TV program will earn. A station or network programigndirector can limit down-
side losses on an unsuccessful program by being flexibledieggthe number of episodes
to be shown and reviewing its continuation once it has beemclaed and uncertainty about
viewers’ reactions has subsided. The framework was aptdieell data from the Chilean
television market, generating decisions on the contionatir cancellation of TV series

that would have resulted in an increase in profits actuallgeghon these shows of 12.4%.

Keywords: Decision making/process, Planning and control, Real optidelevision

audience, Linear mixed model, Case study, Simulation.



RESUMEN

Este articulo desarrolla un método de apoyo simple pasalidesi cancelar o no un
programa de television en un momento dado. El método us#atee opciones reales
para maximizar las utilidades que un programa de TV puedergenEl director de pro-
gramacion de una cadena o canal limita las pérdidas de siblpdracaso siendo flexible
y revizando, luego del lanzamiento de un programa y con reészaa de su recepcion
por parte del publico, el nUmero total de capitulos. Etodo se aplica a datos reales
pertenecientes al mercado de television Chileno, gedesandecisiones sobre la con-
tinuidad o cancelacion de series de television que hab@sultado en un incremento de

las ganancias reales en estos programas de 12.4%.

Palabras Claves:Toma de decisiones/proceso, Planeamiento y control, @esio
reales, Audiencia televisiva, Modelo linear mixto, Casaedtudio,

Simulacion.



1. GENERAL INTRODUCTION

This thesis contains the text of an article submitted to adeamic journal. The abstract
is the same for both documents. The article is introducecenti@®n 2. Section3 presents
a simplified real options framework to illustrate the reqdielements and the method of
calculating expected profits when flexibility is presentci®m 4 applies the whole real
options framework to the actual Chilean television maréey the last section presents our

conclusions on the use of the proposed framework and itswalyes.



2. INTRODUCTION

Spending on television advertising in the United Stateshred $71.8 billion in 2011,
4.5% more than the $68.7 billion spent in 2010 and 12.7% grehain the $63.7 billion
paid out in 2009 arketing charts2012. Spot television rates are a direct function of net-
work ratings Gensch & Shamari980, an indicator of the performance of TV programs
that measures the average percentage of households orviewtbe potential audience

who are tuned in to a particular program at a given time.

An important characteristic of the television industry listt it is awinner-takes-all
business. Having the top few shows can create domino efédictse way down a net-
work’s lineup. An analysis of TV ratings in USA reveals thatmnost weeks, the network
with the number one program also has the week’s highestgeeedings Anand 2002.
Thus, the advantage of the market leader may be much moiefthgn is apparent from
market share data. If the leading show changes (and it oftes)dit is highly probable
that the leading channel will too. This is what lies behind kiigh volatility of program
ratings. Network Programming Directors (PDs) must therefyive careful consideration
to decisions regarding when a TV program is successful analdlbe continued and when
it is not and should be canceled. This is particularly trugrae-time programs, whose

performance has a major impact on a channel’s overall rexenu

An increasingly influential tool in management practicesdecision making under
uncertainty is real options analysiBrénnan & Schwartz1985 Cortazar & Schwartz
1993. Framing real investment decisions as analogous to finhopiions, real option
theory argues that value can be created by breaking oneilargstment decision into a
series of smaller ones. Spreading investments over tinogvglinanagers to respond to
unfolding contingencies. By investing in flexibility, magexrs can take advantage of upside

(gain) outcomes and avoid downside (loss) outcorviligr & Waller, 2003.

The problem of making flexible decisions under uncertaisipgreal options has been
studied for different areas such as natural resource extna@addock, Siegel, & Smith
1988 Tourinhg 1979 Brennan & Schwartz1985 Cortazar, Schwartz, & Casass@801),



real estateTitman, 19859, facilities planning KicDonald & Siegel 1985, environmental
investmentsCortazar, Schwartz, & Salina$998, manufacturingKulatilaka 1988 Ku-
latilaka & Trigeorgis 1994 Bengtsson & OlhageR002 and the retail tradel(sai & Hung
2009. However, in other decision areas closer to marketing pamticularly in television,

the literature is sparse.

Applying real option models to a problem in television pammming necessarily means
incorporating uncertainty. This in turn implies the needftoecasting of both the average
and the variance of a program’s ratings. The process ofisadevratings forecasting has
received considerable attention, specially in the 1980enghat any purchase of television
advertising time involves buying a predicted audience tlyetrecent literature on ratings
forecasting remains limited to a few papeldapoli, 2001, Danaher, Dagger, & Smith
2011, Gensch & Shamari980).

Though ratings forecasts can be used in deciding whethestdorcancel a show, ap-
plying them directly underestimates expected profits bee#uey do not take into account
the flexibility management has to cancel a show earlier thamngd. The variance of the
ratings should also be carefully considered given that ¥peeted profit will be biased
if the relationship between earnings and ratings is noalindhere have been efforts to
solve this issue through a partially observed Markov denigirocess@ivon & Grosfeld-
Nir, 2008 but no academic contribution, that we are aware of, hashatied to solve the

problem using real options.

The purpose of this article is to design a simple and adaptall options framework
(ROF) for calculating the expected profit of a TV program taaplicitly considers the
value of flexibility. The development of this design is coemplented with a case study that

uses real data from Chilean television.

The remainder of this paper is organized into three sectid@ection3 presents a
simplified real options framework to illustrate the reqdirdements and the method for

calculating expected profits when flexibility is presentci®m 4 applies the whole real



options framework to the actual Chilean television maréey the last section presents our

conclusions on the use of the proposed framework and itswayes.



3. A REAL OPTIONS MODEL FOR MAXIMIZING PROFITS OF A TV PRO-
GRAM

Though high ratings are by no means the only objective pdrbya@etwork broadcast-
ers, they are obviously a central one and have major finameications Horen 1980.
In all previous studies on maximizing a TV program’s profittwihe exception oGivon
and Grosfeld-Ni(2008, the number of episodes of a program is considered fixedrand t
main objective is to increase profits by gaining audienceesbeer the other networks. To
accomplish this, they focus on two widely used approachigsereproduce more popular
shows than the other networks or design optimal schedutebdonvhole season by using
different competitive scheduling strategi€3afiaher & Mawhinney2001;, Horen 198Q
Henry & Rinne 19843. This paper proposes a third approach in which the number of
episodes of each program is considered to be variable amtimined to respond, in an
already running schedule, to continual changes in progedimgs by extending successful

programs and thus increase profits or canceling unprofitaide to reduce losses.

To formulate our real options model, we assume that a proggamitially designed
to have 0, 1, 2 or 3 episodes and that its ratings follow a disdoinomial tree as shown
in Figure3.1, where each node represents a possible rating outcome epdatbability of
increasing or decreasing the rating on the next episodehisgrexample, the relationship
between profits and ratings i8rofit = 4 x Rating — 60. We further assume that the
Programming Director (PD) is able to cancel the program apthce it at any moment by
another one that neither wins nor loses money. Finally, ifopBcity we also assume that

the discount rate is 0%.

In Trigeorgis(1996 the author notes that the standard net-present-value ) KR&
cannot capture management’s flexibility to subsequenthptdnd revise the NPV-based
decisions in response to unexpected market developmeniltugtrate how the amount of
flexibility to review decisions affects a program'’s expelcpeofit, we define three possible

scenarios using the example in Figaré:



Episode 1 Episode 2 Episode 3

FIGURE 3.1. Three-episode discrete binomial tree. Each nodesept® a possi-
ble outcome of the corresponding episode with its respecttingr and profitp.
In this example, the impact ratings have on profiPis fit = 4 x Rating — 60

(i) Number of episodes is fixed: The decision in this case istivér to air all three
episodes of the program or none at all. The expected profélalated using
the NPV under uncertainty technique according to which tiegmmm should be
shown if its NPV is positive. In our example, the program’s\NB $5 so the PD
should air it.

(i) Number of episodes is variable but precommitt@agsive P The decision
here is whether to air 1, 2 or 3 episodes or not show the progitaali. The
choice is made by comparing the NPVs of the four alternat(@esl, 2 or 3
episodes) and choosing the one whose NPV is highest. In aun@e the NPV
is $2 for 1 episode, $6 for 2 episodes and $5 for 3 episodegestigg the
number of precommitted episodes should be only 2.

(i) Number of episodes is variable but flexible in an alngaghning scheduleactive
PD): In this situation the PD must decide whether or not to chiheesubsequent
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episodes each time an episode has been aired and its radipgadi information
comes available. Although at any given moment managemesdsnenly to
commit to the current decision (whether or not to releaseéxt episode), there
is an intrinsic dependence between the current choice anldtir possibilities.
Because of this relationship, the extra value must be ctiedlby solving the
uncertainty tree starting from the end (the right side) amdking backwards,
computing the optimal decision in each state in order to firedest strategy. In
our example, this would mean that after node 6 the PD wouldeddhe program.
Conditional on this, and rolling back at node 3, the expeptefit for it $4. The
upper branch of the tree does not change and its expectet gooélitional on
being at node 2 is $16. Adding the possible profits of episoaledithe expected

profits of episodes 2 and 3, we obtain a value for the prograi af

The third scenario has greater flexibility and thus highgreexed program profits,
and is the one we will apply here. The flexibility to cancel awhn a running schedule
could imply new costs (e.g., writing a second script, higiiering production costs, loss
of audience loyalty) that must be compared with the valueeddzy the option to cancel.
In our example the option’s value is $6, which is the differeetween having passive

PD and anactive PD

The real options framework we develop in what follows inedvthe same three steps

as the simplified model just presented, namely:

(i) Define the possible cancellation times (Constraintsgh&nnel may be unwill-
ing or unable to cancel a program at certain times becausentfactual obliga-
tions to the cast, reluctance to interrupt a plot line inuadva well-known actor,
etc.

(i) Model the rating’s stochastic process (Definition o thncertainty): As in the
above example, ratings are reported at discrete pointsii@ (episodes); how-
ever, in real life they are not described by a binomial treigilner a continuous

random variable with interdependencies within a program.



(iif) Estimate the impact ratings have on profits (Definitiointhe financial impacts

of possible outcomes).



4. CASE STUDY AND DISCUSSION

In this section we apply the Real Options Framework (ROF)éteismine whether
or not to continue an already running program. The same palres framework, which
was illustrated in Sectio8, is developed in detail and applied using data from the @hile
television industry. We also discuss, and quantify witH deda, how the decision policy

generated by the framework increases channel revenue if@asa.

4.1. Chilean television industry

The free-to-air TV market in Chile is dominated by four chalsn(Canal 13, Tele-
vision Nacional (TVN), Megavision (Mega) and Chilewisi(CHV)), all of which exhibit
the industry characteristics described in Seciodomino effects, fragile competitive ad-

vantages and volatile program ratingel Sol 2009.

In Chile, soap operas (known locally &sleseriesare high-risk bet prime-time pro-
grams whose performance greatly affects overall chanmehtes. The channel broadcast-
ing the leading soap is very likely to have the highest masketre for the entire season.
Thus, each channel tries to come up with innovative soapsfwheans large investments
in publicity campaigns, scripts, directors and castinge pfrograms usually turn out either
to be great successes or colossal failufésavez 2017). In what follows, we apply the

real options framework to Chilean soaps.

4.2. Data

The database constructed for this study contains uniqueravibusly unexploited in-
formation on the revenues and viewers of all TV programsdizast during the three-year
period 2006-2008 by the four major Chilean channels anddktsof every program shown
by one of the channels, Canal 13. Raw viewer data was obtainedminute-by-minute

basis and includes information on the number of viewersdueiach channel’'s scheduled
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periods, which totaled 4,996,159 minutes for the 4 chancaisbined: A program’s rat-
ing is the ratio of the number of its viewers to its potentiadleence Time Ibope 2012).
Potential audience information was not available in thedata but can be calculated using
the publicDaily top 10 programsiatabase published on ti@ne Ibope(2012 website.
The method of computation is briefly explained in the heaglriotTable4.1. With the
number of viewers and potential audience figures for eacrpno we were able to obtain
the minute-by-minute ratings, and taking the average afdlvee arrived at the program rat-
ings. Values were derived for the three-year period for 94 &pisodes of 2,050 different

programs.

TABLE 4.1. The top ten programs of February 6, 2006. The daily pateau-
dience of viewers is computed as the average of the ratiogeafevs to program

rating for the various programs Potential Audieaggozios= 1% x (‘gzgz’;l +

%ﬁ;j 4.+ %), or 6,097,048 persons. The potential audience of the

year is calculated as the average of the daily potentiakagdis.

N° Channel Program start Program End Program Viewers Rating
1 Canal13 20:22 20:59 GATAS Y TUERCAS 437.920 7,2
2 Mega 21:58 00:29 HUMORANDE 437.240 7,2
3 Canal13 21:00 21:56 TELETRECE 371.480 6,1
4 TVN 21:00 21:56 24 HORAS CENTRAL 324.830 5,3
5 TVN 22:03 23:30 MEA CULPA 316.860 5,2
6 Canal 13 19:57 20:21 GATAS Y TUERCAS (RESUMEN) 302.280 5,0
7 Mega 00:30 00:44 CERO HORAS 294.150 4,8
8 CHV 22:00 23:48 LA ESCLAVA ISAURA 293580 4.8
9 Canal13 21:59 23:36 LA CASA 286.980 4,7
10 TVN 20:23 20:58 AMOR EN TIEMPO RECORD 256.510 4,2

The raw cost data for Canal 13 were broken down into licensg (e.g., for screen-
writers), marketing and other expenses. The cost data (abteshown here) has 7,065
rows for each program episode and 535 summarizing the cbstsiltiple episodes of a
single program (soap operas are in this second group). Memue generated by every

program was calculated using the advertising rates of 10834television spots.

1Scheduled periods usually exclude the early morning hobeswo regular programming is broadcast. Of
the 4,996,159 minutes, Canal 13 accounted for 1,335,028, fbv1,190,377, Mega for 1,206,739 and CHV
for 1,264,020.
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4.3. Estimation of a profit function (Definition of the financial impact of possible out-

comes)

The profit earned on a program episode is the difference legiis revenue and its
costs. In line with the literature we model profit assuminggreie and cost are independent
of each otherGivon & Grosfeld-Nir, 2008. From the data just described (Sect#8) the
average episode cost of Canal 13’s soaps can be estimaté8 gidkisand, figure which
we will use in our model. As Canal 13 and TVN are the historieatlers in Chile’s soap
opera wars, we may reasonably assume that they have sirodts. cOn the other hand,
Mega and CHV participate less systematically in thesedsaéthd their soaps usually have
lower ratings (see Figuré.1), suggesting their operating costs are also lower. Thus, fo
these two channels an assumed cost similar to the cheapeait T3asoap ($50 thousand)

is also reasonable.

An advertiser’s willingness to pay for time on a given showeleds on the program’s
target audience angach For estimating the revenue function, the complicatiorsepdy
the existence of different rates for different target andes can be controlled for by using
only soap opera data for the analysis (i.e., relying on thienilarity (Frank, Becknell, &
Clokey, 1971)). Thereach effectefers to the fact that a program with a rating of, say, 40
points brings in more revenue than two programs each withgsbf 20 points. The reason
is that some viewers of the two 20-point programs may be theeggersons, meaning that
an ad placed on both shows will be watched by some persones amid their combined
reach will therefore include some double-counting. Thigiobisly does not occur with an

ad placed on a single 40-point program.

To incorporate the reach effect, we modeled the relatigniseiween a program’s av-
erage revenue and its rating by a quadratic function, asshowigure4.1 The result of

the quadratic regression is the expressiencnue = 1.84 x Rating + 2.26 x Rating?.

If this expression is combined with the cost estimates ferdtthannels we have the

following channel-specific profit models:

11



+ Canal 13 x TVN # Mega - Quadratic regression of revenue over ratings

400

300 -

200

100

Revenue (thousands dollars)

FIGURE 4.1. Quadratic regression of soaps revenue on ratingsvenue =
1.84 x Rating + 2.26 x Rating?.

Profit = 1.84 x Rating + 2.26 x Rating® — 65} For Canal 13and TVN  (4.1)

Profit = 1.84 x Rating + 2.26 x Rating® — 50} For Mega and CHV

4.4. Modeling the rating’s stochastic process (Definitionfthe uncertainty)

In the example of Sectio we assumed a discrete binomial tree with 50% of prob-
abilities of going up or down to model ratings. In this seatiwe will construct an im-
proved model by considering ratings as a continuous randuoable with interdependen-

cies within a program.

A number of TV forecasting models have been proposed, oflwdeweral of the more

significant ones are compared@anaher et al(2011). The authors found that the linear

12



mixed effects model (LMEM) was the most accurate at preatictatings and is therefore

the one chosen for our application.

The distinctive feature of an LMEM is that the mean respossmadeled as a com-
bination of: (i) fixed effects, which are population chagatdtics assumed to be shared by
all individuals and are described below in Sectiba.1, and (i) random effects, which are
subject-specific effects unique to a particular individaurad are described in Sectidm.2
The inclusion of the two effects is what prompted the use @ténm "mixed” Fitzmaurice,
Laird, & Ware 2004. The actual LMEM ratings model summarizing all the effeatsl

defining the stochastic process is presented in SedtibR

4.4.1. Fixed effects

The fixed effects can be divided into two groups of covari@ienaher et al.2017),

time-based and program-specific. In what follows we diseash one in turn.
4.4.1.1. Time-based fixed effects

Gensch and Shamgi980 show that in the United states, total network audience
is strongly influenced by the availability of non-televisigiewing activities and is thus
related to the season, day of the week and hour of the dayrdsi¢2 and4.3suggest these
factors influence Chilean ratings as well. We model seaggneth a linear combination
of trigonometric functions that represent annual, semnitah quarterly and three other
cycles of shorter length as i@ensch and Shamgi980. With respect to the day of
the week we use dummy variables for each one. Time in the mgasirepresented by
10 dummy time slot variables of half an hour edcfilhe data we use are restricted to
the period 6 pm-11 pm, in line with the most recent studies, @my cover weekdays,
when all Chilean soap operas are aired. With these contstraitiotal of 25,994 program
episodes are included in the analysis. By also incorpayatitinear trend we control for a
possible long-term decline in television as the primary imegvice Helm, 2007 Gensch
& Shaman 1980.

°Note that each program is coded into a single slot varialflthel show stretches across two slots, the one
containing the larger part of the show is used, and if eactadmman equal part, the first one is chosen.
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Moving Average (30 days)

— 6pm
—— 730pm
— 9pm

Rating

FIGURE 4.2. Ratings of Canal 13 programs broadcast at 6 pm, 7:30 on9.80
pm as 30-day centered moving averages. Note that later shemerally have
higher ratings, and winter ratings (June to September istlhern hemisphere)
are higher than summer ones.

4.4.1.2. Program-based fixed effects

Although the time-based analysis does suggest some safreasability, the ratings
furnish evidence of much greater variation. For examplewing behavior shows that
audiences prefer some content styles over otHeamdher et al.2011;, Henry & Rinne
1984h Frank et al. 1971, Rust & Alpert 1984). Genres were coded into six categories:
light content(comedy, variety, game shows, music, children’s programymeducational
programming),serious contenfcurrent affairs, magazine, documentaries, drama, news,
science, travel, religion, cultureyports movies soap operasindreality TV. Length of the
program (in minutes) can also be an important explanatartpofa A program episode’s
status as a first run, rerun, or trafl@an also influence ratings and is captured by a dummy
variable. A channel’s identityAnhand 2002, which builds loyalty and a viewer baseline,
is represented by a separate dummy variable for each chafimelly, dummy variables
were also added for the first and last episodes of every soaa dgecause they usually

have greater variability and higher ratings.

3Though strictly speaking TV program trailers are not epésodior present purposes they are included under
this heading.

14



Mean 4.9‘ 4.9 ‘ 5.1 4.8 ‘ 4.3
T T T T T

Monday Tuesday Wednesday Thursday Friday

FIGURE 4.3. Canal 13 ratings, 2006-2008. Note that ratings at tliecéreach
working week tend to be lower. Symbols used in figure: Box =Bt (Q1 - Q3)
Quartiles.4 = Mean. Line inside box = Median. Whisker length = Highesteal
= Figure is clipped at 8 rating points.

4.4.2. Random effects

Random effects usually represent random deviations framalationships described
by fixed effects {Vest, Welch, Ga, & Crc2007). The forecasting model tries to capture
the unobserved unique program effects by adding two progevific variables: a ran-
dom interceptDanaher et al.2011) and an episode-wise random trend that controls for
variations in a program’s level of popularity. For exampglee motivation for watching
a specific program increases with the number of personsafmitpit (Leibenstein 195Q
Katz & Shapirg 1985. Given that the number of episodes vary greatly betweewskhae

use the logarithm of the episode number for modeling thedtren

The programs were divided into three clusters, with separatiance parameters for
the random effects and errors for each one (see AppehiliXOne cluster contains the
Canal 13 and TVN soaps, another the Mega and CHV soaps artdritherie the remaining

programs of all channels.
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4.4.3. Stochastic process of program ratings

The various elements described in Sectiérk1.] 4.4.1.2and4.4.2for modeling the
rating of an episode-} of a program ) are all incorporated into a simple general formula,

given below as Equatioh.2* 3 is used for fixed effects andande for random effects.

R(p,e) = Rating(ne)s = [i+

-1 Birrcos(gt) + Byrrsin( G )+
ﬁ14M0n(p_’e) + ﬁ15Tue(p_’e) + ﬁlGWed(pye) + ﬁwThU(p_’e)-f—

ﬂ18630PM(p,6) + ﬂ197OOPM(p,€) + ﬂ20730PM(p7e)—|— Time-based
5218OOPM(,,,6) + ﬂ22830PM(p,6) + ﬂ23900PM(p7e)—|— fixed effects
ﬂ24930PM(p,6) + 5251000PM(1,,6) + 5261030PM(1,,6)+

Bart+

BagLight, + PagMovie, + [39Sport, + (31 Reality, + B32Soap,+
BagProgramLength, o)+

B340riginal , o) + B35 Repetition, o)+

BaeUcaty, + BarT'nacy, + B3z CHV),+

BsgSoapStart y ¢y + BaoSoapEnd, ¢+

S(1.p) + S(2.p)episode, o+ } Program-specific random effects

Program-based
fixed effects

€(p.e) } Errorterm
(4.2)

The terms on the right-hand side of the equation start wighiritercept, followed

in blue by the time-based fixed effects (seasonality, dah@ftorking week, hour
of the day, trend), and then in red by the program-based fikedte (content

style, program length, episode status, channel, firséjgistodes status), followed
in green by the program-specific random effects (intercegtteend), ending with

the error term in cyan.

Equation4.2 can be written as Egt.3, which is obtained by stacking the former over
the episodes of a specific program. In this abbreviated foredjnear relationship between
the covariates and the ratings in the LMEM is clearly revéale,, andZ,, are the design
matrices of the fixed and random effects, respectively,asgmting the known values of
the covariates described in Equati2. The index 1 represents the data from the actual

sample (already aired episodes). Vectazontains the fixed effects parameters apthe

4The number 365 in Equatiof.2 is used for common years; for leap years, 366 would be usésthe
number of days between the date of the episode release amarydrst, 2006.
SA logit transformation was applied to the rating data to petheir use with the linear model.
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program-specific random effects parameters. Fingjlyis the disturbance vectowest et
al., 2007).

R, = {R@.e) : e € already-aired episodgs= Xp, B+ Zp, 3, + &), (4.3)

Upon fitting the model to the available data we obtain a catdd multivariate nor-
mal distribution that models the behavior of a program’sngg. The result is shown in
Equatiord4.4.

R, ~ N(4i1,%41) (4.4)

In our context of forecasting TV ratings, the idea is thatri@del predict the ratings
of episodes that have not yet been broadcast as accuratebssible. LettingR;;2 repre-
sent as-yet unaired episodes of the same progxaime joint distribution ofR_,;1 and R_,;2

(Harville, 1985 (see Appendi) is given by

R, i 3 =
fl N /11 7 11 - 12 (4.5)
sz H2 21—2 22

According toSearlg(1971), the conditional distribution ok, / R,, can then be written

as

Ry, Ry, ~ N(jia + E150H Ry, — fin), a2 — 31,571 512) (4.6)
4.5. Results

Having already defined the stochastic process of the raéindsheir financial impact

on profits, the only element remaining to be defined is theiplessancellation times. Two
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cases are worked out to illustrate how the model functionsnithe number of episodes is
variable but flexible in an already running schedule. In tret iase, developed in Section
4.5.1, the PD has the option to cancel the soap opera following @lesiiixed episode

number, while in the second case, analyzed in Sectiér?, the PD has the option to

cancel following either of two fixed episodes.

There are many ways of calibrating the model to validatdattisg from the simplest
method which is simply to have the PD use his experience tmat the co-variance pa-
rameter values. Various statistical approaches could &g, bsit given the small number of
prime-time soap operas aired in the three-year period weectwocalibrate the model using
different in-sample (IS) data for every soap on which data axailable. More specifically,
to estimate the stochastic process followed by all the egisof a given soap after thé"
one, we leave out-of-sample (OOS) all the data between thefthen'” episode and the
last one. The calibration is performed using the data foofathe programs so that the

covariates are statistically significant (see Appenf)x

4.5.1. Option to cancel after a single fixed episode number

Assume that aften = 25 episodes the PD has the option to cancel the soap or let it
continue until episode 100In this case, the key measure for making a decision is simply
the expected profit on the remaining 75 OOS episodes (givesltart time horizon, a 0%
discount rate is assumed for simplicity). The expected pi®ttomputed using a Monte
Carlo simulation with Equatiod.6and the 25 episodes &Ql, applying the profit function
4.1to each rating’s trajectory. The parameters for all the $atons carried out were such
that the expected profits had a percentage of error of no rmare.5% with a probability
of approximately 95% (see AppendB). Table4.2 presents the results of the simulation
along with the observed profits obtained by applying the pfafiction to the observed
ratings (Columns 2, 3 and 4) as well as the interpretationaanadysis of the results. The
interpretation of the simulated OOS profit (Column 4) is tleeidion of cancel the soap

or let it continue after episode 25 and is shown in Column 5e &halysis of the ex-post

5We will assume that all soaps were initially designed to HE®@ episodes.
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accuracy of the decision (i.e. if signs of Columns 2 and 3 gu&b is shown in Column 6.
Finally the impact that using ROF has in the total profit isshdan Column 8, comparing
the percentage difference between Column 2 and 7.

TABLE 4.2. Summary of simulation results for the 13 soap operas anly 25
in-sample episodes. Whether or not to continue broadgp&idecided using the
OOS expected profit showed in Column 4 (soaps not continuechighlighted
in bold). Only 15% (out of 13 soaps) of the recommendationsew®t optimal
ex-post (Column 6). Profits are presented in thousandsrdolla

(2]

= < > 8 T E%

§€ 3 3 § £e 50 5%

=2 2 3 5~ 5c S8 »§g

~ =5 & & & g8 L2 of
— L o Qo =~ X = (o — [T O 4

w <= = oL Y Zo Q2 S 3 n c
gL 5% 8% 8% £§ 5% B% 3t
A 0% 05 0608 38 S£ 68 P&
DESCARADO 4188 2810 1242 Yes Correct 4188 0%
COMPLICES 18862 12689 18434 Yes Correct 18862 0%
CHARLY TANGO -2332 -1500 -1382 No Correct -831  64%
FLORIBELLA 7779 4587 6176 Yes Correct 7779 0%
VIVIR CON 10 -2971 -2216 -1820 No Correct -755 75%
CORAZON DE MARIA 12292 8592 14453 Yes Correct 12292 0%
PAPI RICKY 6074 4074 7306 Yes Correct 6074 0%
FORTUNATO -1449 -1694 -382 No Correct 245 117%
AMOR POR ACCIDENTE 912 80 -354 No Incorrect 832 -9%
LOLA 5975 2694 16 Yes Correct 5975 0%
MALA CONDUCTA -826 -676 43 Yes Incorrect -826 0%
DON AMOR 2432 2107 938 Yes Correct 2432 0%
VIUDA ALEGRE 2742 1708 3934 Yes Correct 2742 0%
Total 53679 85% 59010 10%

Using ROF instead of just continuing the soaps for the prarodted total number of
episodes results in a profit increase of almost Y0&ote, however, that the PD can also
make ex-post erroneous decisions using the proposed frarkelwo types of errors can
be defined. A Type | error occurs when the PD continues runaisgap that should have
been canceledala Conductaand a Type Il occurs when the PD should have continued
running a soap but cancels it inste@ar(or por accidente A Type | error does not reduce
total profits compared with non-model-based decision pdithat continue the program

until the end, which in effect present the same error. Whenauool is used to decide

"This measure incorporates the profits of the 25 first episodeish in both cases are equal. Not including
them does not change the decision, but does obscure thiésaifaaking more time to decide.
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whether or not to cancel a program, there is a potential fpeTyerrors. A simple way of
reducing them would be to check whether the probability obsive OOS profit is high
enough before canceling. This is easily calculated with ROF

4.5.1.1. Sensitivity analysis: One optimal review point

One of the assumptions of the example given in Se@ioms that after each episode,
the PD was able to review the continuation of the soap. If ihisot feasible because,
say, a certain number of episodes must initially be filmedkvéew point must be defined
ex-ante, for example, we assumed 25 episodes in FaBleAn approximation to the op-
timal reviewing point can be found using Figutel, which compares the profit increase
by using ROF instead of the non-model-based proceduredfatedtit review points (i.e.,
different numbers of IS episode3. The figure shows a lot of noise in the first 25 episodes
with a few local maxima, mainly because 13 programs are nmigmdata to get a smooth
curve. Using the smoothing technique presentedsiar¢ig 2010, we find that the max-
imum of the smoothed values occurs after the 6th episodeeniaerobtain a 8.5% profit
increase (non-smoothed, actually earned profits). In tes the ROF recommends cancel-
ing Charly Tango Vivir con 10andAmor por accidenteWith only 13 programs, our best
estimate of the optimal review point is after 6 episodes. fIgi@ vertical axis in the figure
shows the progression in the percentage of ex-post errgngetisions. As expected, it

decreases to 0 as more information about the soap is captured

4.5.2. Option to cancel after either of two fixed episode nundrs

This section develops the multi-stage example of Se&iassuming that the PD will
review the continuation of the soap after each of two fixed@gesz; andn,. The extra
cancellation timen, means that a decision to continueratis less dependent on high
ratings compared with Secti@h5.], the reason being the possibility of reviewing the PD’s
decision later when there is less uncertainty regardingtiag®’s success. The convexity
introduced by the quadratic profit function also limits tleguirements om,. This is so
because the potential downside losses resulted from bmdjsadre less than the upside

potential gains resulting from good ratings.
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FIGURE 4.4. The left vertical axis shows the profit increase using-R@tead of
letting soaps continue. The black dots represent the resase (e.g., 10% with
25 in-sample episodes, as shown in Tabl® while the black dashed line is the
smoothed curve. The right vertical axis shows the ex-pastgoeage of inaccurate
decisions if the ROF had been used (e.g., 15% with 25 in-saepsodes, as shown
in Table4.2).

We begin by arbitrarily assuming that = 6 andn, = 25. As in Sectior4.5.], the
expected profit will be used to decide whether or not to catieekoap after 6 episodes.
This is an American real options problem where we want to kiidws optimal to exercise
atn,; having the option of postponing the decision until This type of problem is com-
plex and several approaches for approximating the decisga been proposed, including
the populatongstaff and Schwart2001) method applied to a real options problem by
Cortazar, Gravet, and Urz§a008. In this case it is particularly complex given the multi-

dimensionality of the ratings vect(ﬁp and implementations of the models just cited will
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be explored in future articles. As an approximation, we ustaadard simulation method
in which the first step is to simulate the trajectories in @iégs for episodes 6 to 100. The
second step is a backward induction in which the profitabditeach trajectory is calcu-

lated by first evaluating the profit between episodes 25 to Ooy if this is positive will

it be added to the profit between episodes 6 to 25, and the niaxinetween this and $0 is

then the corresponding profit for each trajectory. The axprated value of the option at

episode 6 is the average over all paths, indicating thatdap should continue if the value
is positive. A rigorous simulation solution would first sifate ratings between episode 6
and 25 and then conditionally simulate episodes 25 to 108doh of the trajectories, thus
increasing quadratically the number of trajectories ndedehis, however, would be too

demanding for personal computers, even if variance reglutéichniques were used.

In results not shown, for the 13 soaps the ROF indicates thlgt@harly Tangoand
Vivir con 10should be canceled at the 6th episode whildunatoandAmor por Accidente
should be canceled at the 25th episode. The two to be canatlib@ 6th episode are
different from those so indicated with a single 6th episaaiecellation option (see Section
4.5.1.) illustrating the relatively lower dependency on ratinggerred to above. These
cancellations generate a 12.5% profit increase comparezht;aing them until the end,
as opposed to the 8.5% increase with the single option (nwwethed values). This result

highlights the importance of a having a second review point.

4.5.2.1. Sensitivity analysis: Two optimal review points

Section4.5.1.1presented the case in which a single episode had to be chefme b
the soap started as the point for reviewing its continuafidre same situation is analyzed
in this section, except that this time two reviewing points ehosen. One approximate
way of finding the optimal points is to calculate, for each bamation ofn; andn,, how
much of the soap’s profit using ROF would have been obtainatpaoed to the observed
soap’s profit without using ROF. The contour lines of the sthed curve Garcig 2010
are presented in figure5. As can be seen, the maximum of the smoothed values occurs

when the first decision is taken after 5 episodes and the deafter 42 where we obtain a
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12.4% profit increase (non-smoothed, actually earned gyofithis is our best estimate of

the optimal reviewing points for the above case.

12
11
10

Q= N W R 3~ o

20 40 60 80
n1

FIGURE4.5. Contour lines of the percentage increase in total revéy applying
the decision model with different cancellation decisiondsn1 andn2.
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5. CONCLUSIONS

This article presents a simple framework based on real ogtibeory that supports
decision-making under uncertainty by active managersandlevision industry. The real
options framework (ROF) is used to maximize the profits ofl@vision program by opti-
mizing the number of episodes. No existing studies, thatweaaare of, have used real
options in this market where value can be created by cagitglion favorable future op-
portunities and on canceling programs with low ratings togate losses. To illustrate the
functioning of the proposed decision framework we appltaasing real rating, cost and
revenue data from a Chilean TV channel database never psdyiexploited. The use of
the Monte Carlo method for simulating ratings ensures tAmé&work is highly adaptable
and could be readily extended by adding factors such as iti@ investment, a cancel-
lation price, different profit functions for different pragns, more possible cancellation

times, a revenue discount rate or different stopping caiter

The results of our real application are encouraging evemfemall TV market such
as Chile’s, demonstrating that networks could make sigamtisavings by adopting a well-
designed program cancellation decision policy. Applyihg ROF to the data with the
single option of canceling a program after the 6th episodeeased the total profit of all
channels by 8.5% while the option to decide if canceling drangrogram after 5 episodes,
and then again after 42, increased profit by 12.4%. Thesewmds are interesting be-
cause they highlight the applicability of real options gsé to industries where it has not

previously been employed such as media and other markdtslata not yet exploited.

The modular structure of the proposed framework facilggtarallel efforts to develop
better models of the ratings’ stochastic process, imprbeeratings profit function and
enhance the implementation of real options valuation ustage-of-the-art advances in

these areas.

The framework could also be used to help networks sell telewicommercial time.
Advertisers typically aim to achieve a target number of gmaging points (GRPs) over the

duration of an advertising campaign. The literature on tligext has focused on accurate
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prediction of future ratings given that over- or underachiaent of the target GRPs will
result in financial losses. Predicting not only the expegtdde of the GRPs but also their
variance would enable spots where forecasting errors asedestly to be scheduled in

programs with greater variance.

The availability of additional data would facilitate sifjoant improvements to the
framework as presented here. A more detailed breakdown tlaanel’s expenditures
into categories such as initial investment, actors’ feegpsdevelopment and so on would
allow for a formulation that more closely specified the cosicture. Also, a larger sample
of soap operas than was included here would result in smootinees for determining the
points at which cancellation decisions should be reviewekdout the need for additional

techniques.

Overall, the ROF results represent a promising step towhadsffort to increase prof-
its by investing in flexibility. The empirical findings pralé a solid baseline against which
future models for supporting decisions on whether and wbeamcel a television program

may be compared.
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APPENDIXA. LINEAR MIXED RATING MODEL

A.l. Linear mixed effects model and estimation of out-of-saple observations

A linear mixed effects model (LMEM) is a parametric linear aebfor clustered, lon-
gitudinal, or repeated-measures data that quantifies ugoreships between a continuous
dependent variable and various predictor variables. An MMBay include both fixed-
effect parameters associated with one or more continuousitegorical covariates and
random effects associated with one or more random factioistHis combination of fixed
and random effects that the "mixed” in the model name refersWhereas fixed-effect
parameters describe the relationships of the covariatéiset@lependent variable for an
entire population, random effects are specific to clustersubjects within a population.
Consequently, random effects are used directly for modehe random variation in the
dependent variable at different data levels. For a detallsdussion of data types, see,
for example West et al(2007). This appendix does not contain an in-depth explanation of
how the LMEM was built, focusing instead on the constructibthe specific statistics used

here, namely, the conditional expected value and co-vegiamtrix of the predictions.

Linear mixed models take the following form:

R=X(+1Z5+¢ (A.1)

wheref is a vector of parameterX, andZ are known matrices anglands are unob-

servable and uncorrelated random vectors.

LMEMs assume the following:
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We divide vector into two parts: one, denotefd; , for the in-sample episodes and
the other, calledz,, for the out-of-sample episodes. We assume that we do net Kho
which are the episode rating to be forecast. The same notailbbe used withX, Z and

E.

Ry =X+ 275+ ¢ (A.2)
Ry = Xof + Zy5+ & (A.3)
Using the same notation,
i= (T ") (A4)
\% \%
V= ”T 12 (A.5)
V12 V22
The variance ofz, is thus
Var(}?l) = V11 = ZlGZI -+ K11 (A6)

The variance of?; can be modeled by specifying the structureGoaindK. In the
present case, fdx we use a variance components (VC) structure, in effect assutinat
the two random effects are uncorrelated, while owe use a first order autoregressive
moving-average (ARMA(1,1)) structure (see, eBrockwell & Davis 1991 2002, re-
flecting our assumption about the correlation between tleeerThe following are exam-
ples of aG variance component matrix with two mixed effects arld anatrix with only 4

episodes of a program.
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ARMA(1,1) = K = ¢

Estimates oiG and K are usually obtained using maximum likelihood (ML) or re-
stricted maximum likelihood (REML); for further details aninimizing these functions,
see, e.g.SAS Institute INnq2008. As was observed in Secti@n5, a specific pair of these

matrices exists for each program cluster, and in partidolathe soap opera clusters.

Once the algorithm has generated the estimat& afdK, which are denote@ and
K, we can derive estimates 6fand§ by solving themixed model equationsee, e.g.,
Henderson1984).

XK X,  X{Ki'Z 3 XK Ry
S| = . (A.7)
ZIK Xy Z]K{1Z,+G1) \3 Z'Ki R,
The solutions can be written as
Vll — Z1GZI + Kll (A8)
B= (XIvﬁle)_XIVllﬁl (A.9)
§=GZ{ V(R - X:p) (A.10)

The ™~ sign in the equation denotes the generalized inverse. NatéXTV‘lX)‘ is
the co-variance matrix of. In the SAS procedure of mixed linear models (PROC MIXED)

it is known as the COVB matrix; hereafter it will be denoted The 5 estimates are not

34



directly affected by chronologically future ratings butirectly through the co-variance
matrices. The rest of matri is also known because we haye ands?. Using properties

of matrix variance and co-variance we fiNg, andV;, as follows:

V22 = Var(ng+ Z2§—|— 53)
= 74 Var(5)Zy + Var(e,)

=7,GZ) + Ky, (A.11)

V22 - ZzGZ;— -+ Kzz (AlZ)

V12 = COV(Xlg—}— Z1§—|— €_i, ng—‘— Z2§—|— 53)
= COV(Z1§, Zzg‘) + COV(gi, E_é)

=7,GZy + K (A.13)

vlz - Zl(A}Z; -+ K12 (A14)
Using elementary properties of the multivariate normatritigtion, the conditional
distribution of B, given R, (see, e.g.Searle 1971) is found to be
Ry|Ry ~ N(fiz + V{3Viy (By — i), Vaz = V{; Vi Vi) (A.15)

This is the distribution of the out-of-sample episodes Vit knowledge of the in-

sample ones. Using the estimators obtained for the variaratex and adding a factor
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for the indeterminacy oﬁ (see, e.g.Harville, 1990 we obtain the following multivariate

normal distribution, which is used to forecast the out-afiple episodes.

Ro|Ry ~ N{giy + VI, ViR, — jiv),
Vaz = Vi, ViiVia + (Xo — VL, Vi X)C(X2 — Vi, ViiXi)")
(A.16)

wherei; = X, 3 andi, = Xa}.

A.2. Statistical significance of fixed and random effects

The statistical significance of the fixed and random effectssted using the approxi-

mate co-variance matrix ¢  3), given by

XTKX:  X(K'Z
- Tie-1 Tie-1 A1 (A.17)
Z, K1 Xy Z,Ki1Z,+G™

~

Following SAS Institute Inq2008, consider any estimable linear combination of the

following form:

If L is a single row, a general t statistic can be constructefbbows:

W oy

t=L——L
LMLT
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The statistic is approximately t-distributed and its degref freedom must be approx-
imated. One way of accomplishing this is to use rank(X;), wheren is the number of

observations.
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APPENDIXB. QUANTIFICATION OF THE ERROR IN THE EXPECTED
PROFIT

The stopping criterion for the simulation of an estimateatedmined by the accuracy
requirement, which in turn depends on the estimate’s irgdrapplication. Stopping the
simulation before the criterion is reached would mean forgg potentially necessary in-
formation, while running it longer would simply waste contipg time (Heidelberger &
Welch, 1981). In our case we want to obtain a point estimate and a confelarierval
for the expected profit. = E[Profit] of a given soap opera. Followirgoss(2006, we
maken independent replications of the out-of-sample episodgsigs and then transform
them using the profit function described in Sectibf@into n independent replicationg(,
P,, ..., P,) of the soap’s profit. An unbiased point estimat&(#)) and an approximate

100(1«) percent( < a < 1) confidence interval for. is given by

P(n)=>)_ P, sample mean (B.1)

) 5%(n)
v v

wherez, /, is the(1 — a,/2)100th percentile of the standard normal distribution and
(n) = Z?:l(Pi—P("))Q_

n—1

P(P(n) — 242 <p < P(n)+ zas )~ 1l—a

the sample variance 15

Using EquatiorB.1 we can define the half-width and relative half-width of thefto

dence interval as follows:

$%(n)

Whalf-width = Za/27 (B.2)
_ Whalf-width
Wrelative half-width = W (B.3)

The stopping criterion we use is to continue simulatingluhé relative errofP(n) —
|/ falls below a pre-defined. At that point, P(n) will have a relative error of at most

~ or the percentage error iR(n) is at most 109 percent with a probability of — .
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To reach this criterion we choose initial values foand~ and continue generating data
until Wreiative haif-widtn is less thany /1 + . ThenP(! (| )| 4 < 4) > 1 — a. Following the

demonstration iLaw and Kelton(2000, we have

S0 S
/2 \/ﬁ /2 \/ﬁ

= P(P(n) — whattwidth < & < P(n) + What-width)

1 —a=P(P(n)— < p < P(n)+

) (B.4)

=P(|P(n) — p| < Whatt-width)

— [t]  Whalf-width
< == )
|P(n)|

3

I
=

| < Wrelative half- Wldth)

= 1+7

= p(|P(m) - p < 1 (7"1’;5”')

< P(IP() =l < (1P =l + )
= P(P() — pl(1 = 172) < 7 D)

= P(IP(n) ~ il = < Tzl

= P(UB(T)TF“' <7)

The half-width and relative half-width may also be used aping rules (criteria) to
control the length of the simulatiorR(ibinstein & Kroesg2007). The stopping rule in
these cases is simply a matter of choosing an initighlue and a required half-width or

relative half-width and continue generating data umtilor w, meets the criteria.
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