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individuals (so-called grouped or proportions dal:a).11 More specifically, we have data that
are grouped at the ZCTA level. Accordingly, an observation in our analytical dataset is a

vector{N,,P,T,,X,}, i=1,.,N, where N, is the number of individuals living in ZCTA
i 7’: is the proportion of those individuals who are SR subscribers (so-called penetration
rate), T, is the number of TR signals in ZCTA J, andr,. is set of observable

characteristics that affect satellite radio pe:xletraticm.12 Specifically, we model the
——aggregate-probabilistic relationship between SR penetration and the number of TR
signals, accounting for other relevant factors, as a grouped-data probit:

P =0[g(T,,0)+ BX,]+5, 1)

where €D[] is the standard normal cumulative distribution, g{.) 1s a flexible
parameterization of the number of terrestrial radio signals, # and £ are parameters to be
estimated, and &, is an error term.”

In our baseline specification, Z consists of variables that we believe affect the demand
for SR:

o Median income and median income squared.

e The percentage of people commuting by car.

o The percentage of people who live in urban areas.

o The interaction of the percentage commuting by car and the percentage living
in urban areas.

o The percentage of females.
The variable of interest in this analysis is the number of terrestrial radio signals, T,. We

""" At the individual level, the decision to subscribe to SR is & binary choice. Penetration rates at the group
fevel are derived from the aggregation of individual choices.

" Satellite radio penetration is defined as number of [JJJEI subscrivers divided by total ZCTA
population. For the limited number of observations for which the computed penctration rate exceeds 100%,

we set the penetration rate equal to 100% for our econometric analysis. Out of a total of 31,437 ZCTAs in
o datases, IR Gccraly these ZCTAs also have small
popuiations and thus will have relatively small impacts on results given the weighting scheme, The results
are robusi to the exclusion of these observations.

> For a discussion of this grouped-data probit specification, see William H. Greene, ECONOMETRIC
ANALYSIS, 4% Edition (Prentice Hall, 2000), at 834-7. We note that the log likelihood function, as shown
on Greene, p. 836, explicitly includes & weighting scheme such that observations with larger populstions at
the ZCTA level are given greater weight. Moreover, we note that the use of aggregated data induces
heteroscedasticity because the variance of the error term is a decreasing function of population.
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use a flexible functional form for g(.) to impose minimal constraints on the way in which

the number of TR signals affects SR penetration. For our baseline specification, we
choose a fifth-degree polynomial:

gT.0)=6T +6,T + 6,1 +8,T;' +4,T; (2)

Consistent with standard probability models, however, the estimated cocfficients cannot
be readily interpreted as the marginal effect of a particular variable on SR penetration.
Our primary interest is the effect of the number of TR signals on predicted SR

penetration, holding constant other factors (in this analysis, at their median values).
Accordingly, we focus on the predicted SR penetration rate:

P(T)=0[g(T,6)+ AX] 3)

where 6§ and ﬁ’ are parameters estimated using maximum likelihood and X is the vector

of right-hand side variables (other than TR signals) evaluated at their median values."
We present plots of predicted penetration rates against the number of TR signals.

3. RESULTS FOR BASELINE SPECIFICATION

Figure A2, which corresponds to Figure B2 in our FCC paper, plots the predicted SR
penetration based on Equation (3).l5 As in Figure Al, there is a clear inverse relationship
between SR penetration and the number of TR signals, which is considerably more
pronounced in those areas that receive relatively few TR signals. We find that the
availability of TR signals has a substantial effect on predicted SR penetration, holding
constant other factors. Predicted SR penetration is [JJJJlJJlf in those ZCTAs with zero
TR signals and | with one TR signat; it | it six TR
signals and [l with nine TR signals.

4, ROBUSTNESS OF BASELINE SPECIFICATION

We now examine whether the results obtained using our baseline specification are
sensitive to the inclusion of additional explanatory variables or to alternative functional

" Tables at the end of this Appendix contain detailed regression results for all analyses discussed here.
For example, Table A2 contains detailed regression results for the baseline specification that is displayed in
Figure A2, Table A3 the results for the predicted penetration rates displayed in Figure A3, and so on. The

results plotted here and presented in Table A2 differ from those of Fi B2 and Table B2 of our earlier
FOC Report only because [N

1
* As noted above, predicted SR penetration is plotted holding all other variables constant at their median

values.
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forms.

a) ADDITIONAL EXPLANATORY VARIABLES

We first examine the sensitivity of the results of our baseline specification to the

inclusion of additional explanatory variables. We add to the baseline specification
variables measuring the following:

e Age composition by gender.”

o Educational attainment.”

e The percentage of people who commute more than 45 minutes but do not use
public transportation, interacted with percentage of population who go to
work by car.”

Based on the log-likelihood function values reported in Table A3, the inclusion of the

additional variables improves the overall fit of the mode!. ([} EGNGNGEGE

Figures A3 plots the predicted total penetration rate, setting the additional variables at
their median values, Each figure also plots SR penetration as predicted by the

¢ As discussed in the body of this report, Sidak claims that our earlier analysis fails to control adequately
for demographic heterogeneity. Sidak 3™ Supplemental at §30.

v As regressors, we use the percentage of pepulation who fall in each of the following gender/age

categories: (1) males 0 to 15, (2) males 16 to 21; (3) males 22 to 39; (4) males 40 to 66; (5) males older
than 66; (6) females 0 to 15; (7) females 16 to 21; (8) females 22 to 39; and (9) females 40 to 66,
‘Therefore, the omitted category is females older than 66.

® As Tegressors, we use the percentage of population who have a: (1) graduate or professional degree; (2) a
bachelor's degree; (3} a high school degree, some college, or an associate’s degree. Therefore, the omitted
category is the percentage of population with less than a high-school degree.

' In this specification, we drop the interaction of the percentage of people commuting by car and the
percentage of people who live in urban areas in favor of this interacted variable. We continue to include
the percentage of people who live in urban areas.

? As with standard probability models, the estimated coefficients of the grouped-data probit are not
marginal effects and cannot be compared directly across different specifications. We note that the
additiona! variables generally do not alter the sign and significance of the explanatory variable used in the
baseline specification.

A6




o

REDACTED

FOR PUBLIC INSPECTION

corresponding baseline specification. While the overall fit of the model improves, the
relationships between SR penetration and number of TR signals remain very similar to
those found using the baseline specification, which suggests that the basic empirical
finding in the FCC paper is robust.

b) FUNCTIONAL FORM

In our baseline specification, we parameterized the effect of number of TR signals on SR

__penetration as a fifth degree polynomial. We have confirmed that the finding of a
negative relationship between TR signals and SR penetration is not sensitive to this
choice of functional form. In this section, we present results based on a still more
flexible functional form that uses indicator variables rather than a polynomial. We
created a series of indicator variables for each area with zero to 65 TR signals, using a
single indicator (which is the omitted category) for those arcas with greater than 65
signals. Formally, we specify the function g(.) in Equation (1) to be:

[
g(T,0)=>6,T, @
k=0

where T, , is an indicator variable that takes on value one if the number of TR signals in

ZCTA is greater than k-0.5 and less than or equal to k+0.5, and zero otherwise. Other
regressors are the same as in the baseline specification. As before, the coefficients are
estimated using maximum likelihood.** Figure A4 plots the predicted value for total SR
penetration using the variables in the baseline specification at their median values. The
figure also plots the values predicted by the corresponding baseline (polynomial)
specification. As can be seen, the results of the revised and benchmark specifications are
very similar,

¢) ALTERNATIVES TO GROUPED-DATA PROBIT

Finally, we examine whether the finding of a negative relationship between SR
penetration and the number of TR signals is robust to our choice of statistical
specification and estimation technique. Frequently used alternatives are the grouped-data
logit and linear probability models. The grouped-data logit specifies the penetration rate
to be: '

E=cxp[¢(T,0)+ BX, )/ {1+exp[ (7, 0)+ X, |} +5, ®)

While the linear probability model specifies it to be:

2 Comparing the log-likelihood values in Tables A2 and A4, we note that the use of a more flexible
parameterization does not markedly improve the fit of the model.
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P =g(T.0)+fX,+¢ G)

The grouped-data logit mode! is estimated using maximum likelihood, while the linear
probability model is estimated using least squares. We have little basis to prefer the
grouped-data logit to the grouped-data probit, absent strong structural or distributional
assumptions. On the other hand, we tend to prefer both of these statistical specifications
to the linear probability model. In part, this is because the linear probability model can
predict probabilities that arc outside of the unit interval. More importantly, estimates of

the Tinear probability model may be biased and inconsistent.® To address the issue of
heteroscedasticity that is common to linear probability models, we estimate the model
using ZCTA population as weights.

Figure A5 plots the predicted penetration rate for total penetration using the logit and
linear probability models. Again, we have evaluated the variables at their median values.
Our basic findings are robust to these alternative statistical specifications.

? See William C. Horrace and Ronald L, Oaxaca, Results on the bias and inconsistency of ordinary least
squares for the linear probability model, ECONOMIC LETTERS, Volume 90, Issue 3, March 2006, pp 321-
327. .
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Table A1: Summary Statistics

/ariable Mean | Median Star_u!a.:trd
s Deviation

Satellite Ratﬁo- Penetration Rate

Number of TR Signals 19.4 15.8 13.3
Median Household Income 3#.7 36.3 16.2
% Go to Work by Car 394;5% 40.6% 9.1%
% Live in Urban Area 359% 0.0% 42.9%
% Go to Work by Car] * [% Commute 45 Minutes or More and do not Use Public Transportation] zfl% 22% 2.4%
% Female 50;2% 50.7% 4.5%
o Male Between Ages 0 and 15 11;?4% 11.5% 3.5%
o Male Between Ages 16 and 21 4 22% 3.9% 2.8%
% Male Between Ages 22 and 39 11.8% 11.4% 4.4%
% Male Between Ages 40 and 66 17.0% 16.7% 4.4%
% Male Age 67 ar Older 5.5% 5.0% 3.3%
% Female Between Ages 0 and 15 10{8% 10.9% 3.4%
% Female Between Ages 16 and 21 3{8% 3.6% 2.6%
% Female Between Ages 22 and 39 11/5% 11.6% 3.3%
s Female Between Ages 40 and 65 1710% 16.8% 4.2%
% Have Graduate Degree 4,3% 2.9% 4.7%
o Have Bachelor Degree 813% 6.7% 6.2%
’L/o HS Degree or Some College 46,0% 46.8% 9.1%

lata from U.S. Census 2000 State Geography Files. For technical documentation on mapping between Census Block, ZIP code, a

E

ZCTA, see Summary File 1, 2000 Census

H
jource: Temrestrial radio coverage and poputation data from BIA Research, inc. Data on XM and Sirius subscribers as of 4!25!200’?£Census, ZIP code, ZCTA, and population

f Population and Housing, Technical Documentation, Issued March 2005.Demographic data are from the U.S. Census 2000 American Fact Finder.
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Table A2: Relationship Between Predicted SR Penetration Rate and N%Pmber of TR Signals

Baseline

Probit Model

TR Signals

TR Signais+2

TR Signals*3

TR Signals*4

.|TR Signals*5
Income

Hincome*2

% Go to Work by Car
% Live in Urban Area
[% Go to Work by Car] * [% Live in Urban Area)
% Female

Constant

Observations

| Log-likelihood

Notes:

Coefficients are in bold, and t statistics are in brackets; * significant at 5%; ** significant at 1%. Standard errors|clustered by 3-digit ZCTAs.

Probit models estimated by maximum iikelihood.
Source: Source data for Table A1.
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Table A3: Relationship Between Predicted SR Penefration Rate and Number of TR Signals
Additional Explanatory Variables Included

Probit Model Probit Model: Additionat
Baseline Specification Explanatory Variables

Total

Total

TR Signals

TR Signats"2

TR Signals*3

TR Signals™g4

TR Signals*5
Income

Income~2

% Go to Work by Car
% Live in Urban Area
[*% Go to Work by Car] * [% Live In Urban Area]
% Female

[% Go to Work by Car] * [% Commute 45 Minutes or More and do not
Use Public Transpertation]

% Male Betwaen Ages 0 and 15

% Male Betwean Ages 16 and 21"
% Malo Between Ages 22 and 39"
% Male Batween Ages 40 and 66"
% Male Age 67 or Oider™”

% Female Between Ages 0 and 15/
% Female Between Ages 16 and 21"

% Female Between Ages 22 and 39"

% Female Between Ages 40 and 66

* Have Graduate or Professional Degree &

% Have Bachelor Degres &

% HS Degres or Some Collage

Constant

Observations
Log-likelihood

Notas:

Coefficients are in bold, and t statistics are in brackets; * significant at 5%; ™ significant at 1%. Standard errors clustered by 3-digit ZCTAs.
Probit models estimated by maximum bkelihood.

(1) Omitted category is "% Female Age 67 or Older.”

(2) Omitted category is "% Have Less than High School Degree.”

Source: Source data for Table Al.
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Table A4: Relationship Between Predicted SR Penetration Rate and Number of TR Signals

Coverage Dummies Approach

0 TR Signals "
1 TR Signals ™
2 TR Signals ™
3 TR Signals ™
4 TR Signals ™
S TR Signals "
& TR Signais ™

7 TR Signals ™

8 TR Signais ™

9 TR Signais ™

10 TR Signals ™
11 TR Signals
12 TR Signats ¥
13 TR Signais @
14 TR Signals
15 TR Signais ™
18 TR Signats "
17 TR Signais ™
18 TR Signals ™
19 TR Signats ™
20 TR Signais ™
21 TR Signals ™
22 TR Signais ™
23 TR Signals ™
24 TR Signals ™
25 TR Signats
24 TR Signais ™"
27 TR Signais
28 TR Signas ™
2% TR Signals ™
30 TR Signals @
31 TR Signais
32 TR Signais ™'
33 TR Signais "
34 TR Signats
35 TR Signals ™

36 TR Signats

Probit Model
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Table A4: Relationship Between Predicted SR Penetration Rate and Number of TR Signals
Coverage Dummies Approach

Probit Mode!

37 TR Signals ™
3t TR Signais ™
39 TR Signals "
40 TR Signals
41 TR Signais ™
42 TR Signats
43 TR Signals ™

j44 TR Signals ™

45 TR Signals @

46 TR Signals ™

47 TR Signals

48 TR Signats ™

49 TR Signais

50 TR Signals "

51 TR Signals ™

52 TR Signals 7

53 TR Signats

54 TR Signats ™

55 TR Signats ™

56 TR Signais ™

57 TR Signals ™

58 TR Signals ™

59 TR Signals ™

60 TR Signais "

§1 TR Signais ™

§2 TR Signals

53 TR Signais

84 TR Signals ™

85 TR Signals ™
Income

Income*2

% Go (o Work by Car
% Live in Urban Ares
[% Go to Work by Car] * {% Live i Urban Area]
% Female

Constant

Observations
Log-ikelihood

Notes:

Coefficients are in bold, and t statistics are in brackets; * significant st 5%, ** significant at 1%, Standand ermon clustared by 3-digh ZCTAS.
Probit modsis gatimated by maximum likelihood.
(1) Omitied category is "More than &5 TR Signals.”

Source: Source data for Tabla A1




Table A5: Relationship Between Predicted SR Penetration Rate and Nt:jmber of TR Signals

Logit & Linear Probability Models

i

|

Probit Model
Baseline Specification

TR Signals

TR Signais*2

TR Signals*3

TR Signals~4

TR Signals*$5
Income

Income*2

% Go to Work by Car
% Live in Urban Area
[% Go to Work by Car] * [% Live in Urban Area]
% Female

Constant

!

Logit Modei

Linear Model

Ohbselfvations

[Log-likelihood

Notes:

Coefficients are in bold, and t statistics are in brackets; * significant at 5%; ** significant at 1%. Standard errors cly
Probit and logit models estimated by maximum likelihood. Linear probability models estimated by population weig

Source: Source data for Table A1,

stered by 3-digit ZCTAs.
hted least squares.
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Steven C Salop

Professor of Economics and Law, Georgetown University Law Center
Senior Consultant, CRA International

| INTRODUCT TION

As explained in Section IV of this report, Sidak’s advertising welfare analysis is based on three
unreascnable assumptions. First, Sidak assumes that the merged firm might increase advertising
drastically (e.g., quintupling of the number of commercials). Second, Sidak assumes that a very
large fraction (e.g., half) of the value consumers place on satellite radio results from it being
commercial-free. Third, Sidak assumes that the merged firm would increase advertising without
also reducing the subscription price. Based on these three assumptions, Sidak’s model derives
the result that an increase in the number of commercials would iead to a reduction in the number
of subscribers and a reduction in consumer welfare.

In Section IV of this report, we explained why Sidak’s first two assumptions are unreasonable in
light of the facts. In this Appendix, we show that Sidak’s assumption of a constant subscription
price is inconsistent with profit-maximizing behaviour. More precisely, we show that a profit-
maximizing firm would reduce the subscription price following an increase in the number of
commercials. As a result of the lower profit-maximizing price, we find that the quantity of
subscriptions would rise, not fall. We also find that consumer welfare would rise, not fall, due to
the lower price and increased quantity of subscriptions.

Sidak’s assumption that the subscription price would remain constant is analytically incorrect.
As we explained in our initial report, an increase in per subscriber advertising revenue would
lead a profit-maximizing firm to reduce the subscription price in order to attract more
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subscribers. Sidak ignores this very important implication of his own model. In addition, in
Sidak’s model, an increase in the number of commercials would make demand for satellite radio
more elastic, which would give the firm an additional profit incentive to reduce the subscription
price. In Sidak’s model a profit-maximizing firm would reduce the price sufficiently to increase
the number of subscribers. These changes in turn would lead to an increase in consumer weifare.

This Appendix has three sections. First, it describes the model set out in Sidak’s submissions.”

—--Second, it demonstrates that an increase in-the number-of commercials would lead a profit-

~ maximizing firm to reduce its subscription price and increase the number of subscribers. Third,
it shows that the reduction in the profit-maximizing subscription price and increase in the

number of subscribers are sufficiently large to lead to an increase in consumer welfare, despite
the increase in the number of commercials.

2. SIDAK’S FORMAL MODEL

Sidak assumes that the demand for satellite radio has the following form:

P=(u~bQ)1-vtIT) S %))

Intuitively, if there are no commercials (i.e., # =), then the relationship between the
subscription price ( P) and the number of subscribers (@) reduces to P=u —bQ , where u
denotes the “choke price” (i.e., the price at which demand would fall to zero) and u/b is the
“saturation point” (i.e., the number of consumers who would subscribe if the service was free).
If instead the number of commercials was the same as on terrestrial radio (i.e., t =T'), then
Equation (1) would imply P = (¥ — bQ)(1—v), and thus the subscription price ( P) would have
to fall by a fraction v for the same number (Q ) of consumers to continue to subscribe. In other
words, the parameter v can be interpreted as the share of the value of satellite radio that
consumers attribute to the commercial-free nature of satellite radio.

" This is a standard result in two-sided markets where there are two revenue streams. The increase in ancillary
advertising revenues has exactly the same effect as a reduction in variable costs. Of course, here the demand curve
also shifis down. See CRA FCC Report at {150.

: Sidak refers to a formal model in at least three submissions: Sidak Supplemental at T§43-46; Sidak 3rd
Suppiemental at §70-76, and Sidak-Singer 10-8-2007 Ex Parte Letier. Although Sidak does not fully describe his
model, those references and the results reported in Figure 2 of Sidak 3rd Supplemental are consistent with the formal
model described in this Appendix.
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Sidak assumes that the saturation point of satellite radio does not depend on the number of
commercials. Therefore, an increase in the number of commercials reduces demand by pivoting
it around the horizontal intercept, as iliustrated in Figure B1.

Figure B1: Sidak’s model

u Demand when¢ =0

Demand when ¢ >0
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Sidak assumes that satellite radio faces zero marginal costs and considers a benchmark case with
no commercials (i.e., f = 0), a subscription price of $12.99 (i.e., P° =12.99) and 17 million
subscribers (i.e., Q° =17 ).Zf He assumes that terrestrial radjo listeners must “endure” 9.42
minutes of commercials per hour of listening (i.e.,T = 9.42) and considers three different
scenarios with respect to the amount of advertising that satellite radio listeners would have to
endure post-merger (ie., t=1,¢=3,and r=5 ).4 For each of these three scenarios, demand
pivots around the horizontal intercept as illustrated in Figure B1 N Thus, the horizontal intercept

? See Sidak Supplemental at §44 and Sidak 3™ Supplemental at §71-73. Under those assumptions, profit
maximization implies P° =% /2 and Q" = u/2b . This allows us to determine the values of the parameters u
and b. Thatis, ¥ =25.98 and b =12.99/17 = 0.76.

* See Sidak Supplemental at §43 and Figure 2 in Sidak 3™ Supplemental,

5
A larger amount of advertising impiies that the new demand curve is lower.
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does not change but the vertical intercept is lower when the amount of advertising is higher.
Specifically, the vertical intercept equals (1 —vOu, where v'=vt /T b As explained above, v is
the fraction of the value of satellite radio that consumers attribute to the fact that satellite radio is
commercial-free. Thus, if satellite radio were to air the same amount of commercials as
terrestrial radio (i.e., if £ =7T), then the value of satellite radio would decrease by a fraction v. If
instead satellite radic were to air one-half of the amount of commercials aired by terrestrial radio
(i.e., t =T /2), then the value of satellite radio would decrease by a fraction v/2 (i.e.,
v'=v/2). Thus, v' is the percentage reduction in value caused by an increase in the amount of
advertising; the magnitude of v' depends on the amount { of additional commercials and on the
magnitude of the preference parameter v. Sidak considers three different scenarios for the
magnitude of v (ie., v=10%, v=30%, and v="50%).

Sidak analyzes the effects of increasing advertising under the unrealistic assumption that the
subscription price would remain constant at P= P°®. As shown in Figure B1, under this
unrealistic assumption, the number of subscribers would decrease from Q° to @'. This in turn
would cause a reduction in consumer welfare equal to Area B in Figure BL.

In the next section, we will show that Sidak’s model implies that a profit-maximizing firm would
reduce the subscription price following an increase in the amount of commercials. As a result,
and in sharp contrast with Sidak’s results, the number of subscribers would increase. In addition,
consumer welfare would increase in the scenarios where the firm would find it profitable to
increase the amount of commercials.”

KX THE INCENTIVE TO REDUCE THE SUBSCRIPTION PRICE AND INCREASE
THE NUMBER OF SUBSCRIBERS

6 The actual form of ¥' is not reported explicitly in Sidak’s declarations, but it is consistent with Sidak’s results as
reported in Sidak Supplemental at §44 and in Sidak 3" Supplemental at 172 and Figure 2, '

" A larger value of v implies a larger reduction in demand following an increase in advertising.

! Tnitially, consumer welfare corresponds to the sum of Area A and Area B. After the increase in the number of
commercials (and holding the subscription price constant), consumer welfare corresponds to Area A. Thaus, in
Sidak’s model, the reduction in consumer welfare due to an increase in advertising is equal 10 Area B. (Sidak
estimates the reduction in consumer welfare vsing an approximation of Area B. His appmximaﬁon leads to an
overstatement of the actual area.)

] . . .
Some of Sidak’s scenarios assume a number of commercials that would lead o lower profits than having no
commercials. Such vnprofitable scenarios are irrelevant.
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