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Testing for input separability in the Canadian CAiRdustry: An application of
generalized additive mixed models

ABSTRACT

The nature of input relationships has importanisegpiences for regulatory policies since the
impact of rate-of-return regulation depends onekient of substitution that is offered by
production technologies which are adopted by regdléirms. The use of classical regression
analysis had been criticized for various reasamsh sighe linearity of regression functions in
predictors, the fixed-variance premise of the respaacross sample observations, the i.i.d. postnlat
the random error terms in addition to their nordiatribution, and non-complying data in real cases.
Instead, arlier research suggested the use of Generalizddi®el Models (GAMSs) that don’t
have the aforementioned problems. Neverthelesbgipresence of complex covariate effects
among data series, the use of Generalized Addilixed Models (GAMMS) is recommended.
A GAMM is a non-ad hoc generalization of a Genegdi Linear Mixed Model (GLMM) except
that an additive unknown combination of nonparamétnctions of covariates and random
effects replace the predetermined linear predicttine GLMM. We develop a nonparametric
cost function using GAMMs. First, we estimate thed®l parameters using general spline
smoothing technigues. Second, we apply residuaadeg analysis to test the separability and
complementarity between inputs. We use an unbatbpaeel of operating data from the
regulated Canadian cable television (CATV) firmanfir1990 to 1996. This period is of
particular interest to policymakers because thea@Gam CATV was a rate- and entry-regulated
industry prior to 1997.

Keywords: Generalized additive mixed models, generalized additive models, spline smoothing,
input separability, Canadian cable television industry.

JEL Codes: C13, C14, L51.

1. INTRODUCTION

One of the most challenges that researchers faagpied microeconomics is to identify
the nature of substitutability or complementarityangst inputs used in the production process.
For instance, in a noncompetitive market structieeknowledge of input substitutability
provides sufficient incentives for producers teegrate with their customers [1]. However, the
outcome of this integration will entirely dependtbe type of market structure. For example, in
a monopoly condition, it is unknown whether sudegnation increases the industry output or
reduces the total production. An important conéegroduction theory is output elasticity
which is defined as the percentage change of odipited by the percentage of an input when
input prices are held constant [2]. It is importiortresearchers to know how sensitive total
production is with respect to a change in the inpidges. When inputs are perfect complements,
all variable inputs are output elastic [3]. Thisang that for a given level of output, marginal
cost will raise in a rate more than average casafoincrease in input prices. Moreover,
previous studies showed that complementarity chariatics of factors of production could help
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downstream firms purchase intermediate goods frarious wholesale markets to make their
final products [4]. One of the industries that gisom using complement inputs is the
information and communication technology sector reHaowledge-based inputs are used in
combination with each other. The supermarket ingustanother example that offer bundle
products to reduce its customers’ acquisition cdstsa result, testing relationships among
inputs can have particular policy relevance for yniaaustries including the CATV industry
because the rate of return regulation can takereift forms [5]. This challenge becomes much
bigger when classical regression analysis is usedtimate parameters of the production/cost
function in econometric models. It has been a gdremsensus among practitioners for a long
time that classical regression analysis has baenasg the parameters of regression functions
in applied studies. In spite of being widely usigs method of analysis is not with major
drawbacks. Classical regression analysis had b@&erizing for various reasons, suchtas
linearity of regression functions in predictorse fixed-variance premise of the response acrosplsam
observations, the i.i.d. postulation of the randanor terms in addition to their normal distributj@and
uncomplying data in real casaghich might lead to lose the validity of these tymé models [6].
Alternatively, precedent studies suggested theoti€AMSs, proposed by [7] that don’t have the
aforementioned problems. The use of GAMs is nadmenended in the presence of complex
covariate effects among data series. Instead, uhdse circumstances literature suggests a
broader methodology, known as GAMMSs, proposed pyj8ich is a non-ad hoc extension of
GLMMs except that an additive unknown combinatibm@nparametric functions of covariates
and random effects replace the predetermined limeatictor in GLMM. A GAMM
encompasses GLMMs and GAMs as special cases.

To our knowledge no studies are available in tteediure to examine input relationships
in the Canadian CATV industry where the correlaomong covariates is predicted. In this
paper, we use the theory of GAMMSs and develop gammetric cost function to test input
separability amongst factors of production usethexmodel. First, we estimate the GAMM
model parameters using general spline smoothirmigoes. Second, we apply the residual
deviance analysis [9] to test either substituthbdr complementarity amongst the factors of
production. To do this, we utilize an unbalancedgv@f operating data collected from
regulated CATV firms between 1990 and 1996. Thisopes of particular interest to
policymakers because the Canadian CATV was a aaentry-regulated industry prior to
1997.

The rest of the paper is organized as follows.i8e& briefly presents a theoretical aspect
of GAMMs and demonstrates the residual deviandesstatest used to examine relationships
amongst input used in the mod®éction 3 provides the empirical results and thel fsection
concludes the study and outlines directions fahnrresearch.

2. GENERALIZED ADDITIVE MIXED MOELS

2.1 Model Specification

Generalized Additive Mixed Models (GAMMSs) are nomaetric extensions of GLMMs
of [10]. A GLMM is an extension of a Generalizechéar Model [11] in which covariate effects
are modeled by a parametric mean function throoglusion of random effects to the linear
predictor to estimate the parameters of the ecotrammeodel with overdispersed and correlated
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outcomes. Generalized Linear Mixed Models have lusexd widely in different fields, including
clinical trials and disease mapping, longitudirtabges, survey sampling, fisheries and
aquaculture, etc. [8,10,12,13]. The use of GLMMyhwer, is not without drawbacks. The
shortcoming of GLMMs relates to the prespecifieddiional form of the mean parametric
function that is used to model covariate effectse Knowledge of the true functional form is
always unknown to researches, and, as a resulbbuticeme variable would be varied had
different functional forms been selected. To cirgent the aforementioned problem, GAMMS
was proposed by [8], which are basically nonparametgression models with an unspecified
nonparametric mean function that can be incorpdrati® GLMMSs to provide more flexibility
and mitigate the dependency of outcome variablthercovariates.

A brief explanation of GAMMs is as follows [8]. Csider a standardized multiple
regression function with a series of predetermia@diom or non-random explanatory
variables (covariates) = [1, x4, ..., X1,,] associated with fixed effects anavax 1 vector of
predictorsg; independent variables associated with random sfteett projects collectively
variations in the response (dependent variagl@)ith i™ number of observations fromunit of
firms. Assumingy; to be conditionally and independently distributath the expected values of
E(y;lc) = uf wherec consists ofv x 1 vector of random effects and varianees (y;|c) =
85g;7ta(uf) that follow a GAM of whichs(-) shows a predetermined variance functignis a
specified weight, such as a binomial denominatwod,darepresents a scale parameter. Given the
above expressions, equation (1) specifies a GAMM:

s(ui) =ve + filx) + fo(02) + - + fin (i) + qiC (1)

in whichs(-) shows a twice differentiable monotonic link fulactj f;(-) represents a smooth
function that is twice-differentiated, i.e., the random effects are assumed to be ntyrmal
distributed with zero mean and varian®d®) where® is ad x 1 vector of variance
components [8]. The key element of equation (ihas there is na priori on the type of
relationship between response and the covariatesngtance, if it is linear, i.ef;(-) are linear
functions, then equation (1) changes to GLMMs. Uratdinary circumstances, the
nonparametric functions are used in equation (Exfress relationships amongst covariate
effects, and correlation among the sample datanadeled by the random effects component of
equation (1). According to [8] statistical inferenia equation (1) includes) ¢the estimation of
the nonparametric functiorfs(-), which, in turn, depends upon the choice of spagrek, also
known as the smoothing parameter [6], andtlie estimation of the variance componénty
using the marginal quasi-likelihood method. Intezdgeaders can find more about different
derivation of equation (1) in [14,15].

2.2 Statistical Inference

An inherent assumption in GAMMs is that covariedes additive separable. It was argued
that the concept of additively separable of theaciates in a production process might not be
always true [16]. When using either GAMs or GAMNtss recommended to examine additive
separability of the covariates [6,17]. To do thie use of the residual deviance analysis was
suggested, which is simply the logarithm of theliikood ratio (LR) that follows a chi-squared
distribution [9]. Equation (2) shows how the vahf@he deviance is obtained from taking the
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differences between the restricted and unrestricRdtatistic tests. In particular, the computed
value of deviancej

Devi(s; ﬁ) = —2{1(,0; s) — l(pmax; s)} (2)

in whichl(p; s) andl(pmqx; S), respectively, represent the values of the uricestr and
restricted LR. In equation (2Devi(s; p) has a degree of freedom approximately equal to the
differences in the dimensions between the twoindstt and unrestricted models, which is the
principle of examining input separability in thidiele [7].

3. EMPIRICAL ANALYSIS

To examine input relationships (i.e., substituigddomplementarity) among factors of
production in the econometric model, we utilized §ame dataset used in [18], which was
collected from the Canadian CATV industry betwe8@@.and 1996. The data were recorded
annually by the Canadian Radio-television Telecomigation Commission (CRTC); an
authorized organization for regulating the cableuvision during the period of the study in
Canada. According to [19], the CRTC had divided &kminto several zones, so-called licensed
service areas (LSAs), and given exclusive rightsatae television firms throughout the entire
country. The data included an unbalanced panelafdt®41 observations related to the 242
unique undertaking identification (UID) codes foartadian cable providers during the period of
the study. Each UID code was allotted to only o8& Ilshowing the number of individual cable
operations in the sample. Thus, each LSA in tha dais assumed to be one unit of CATV
service production. Assuming that the duality pisarholds [20], we specified a nonparametric
cost function within a GAMM framework and used #tatistical program, known &s(version
2.12.1.) to estimate the parameters of the modegugeneral smoothing techniques.

Table 1 shows the statistical description of thealdes used in the moddlhe dependent
variable was the total cost that was calculatechfioe summation of operating costs and the
user cost of capital for both basic and non-basigises. We subtracted total expenses from
those outlays incurred for programming to calcutaierating expenseshe covariates of the
model consisted of the total number of basic andmasic cable subscribers as output and the
prices of labor, capital, and materials as applbetthe industry. The data for each of the
covariates was separately calculated for both #séeckand non-basic cable subscribers. The first
group of subscribers received core channels, aechby the CATV operator that local television
stations would normally broadcast. The non-badissubers received more channels (e.g.,
movie, documentary, sports) than the first groupldi paying extra money for each tier. Total
payments made to all employees were divided bytimeber of employees that yielded the price
of labor [18]. The summation of depreciation anaficial rates was used to obtain the rental
price of capital. Finally, the price of materialasvobtained by computing the per unit
expenditure on intermediate inputs. To do this] Ei8ead total costs, excluding those payments
made for labor and capital, over a per cable kil@mand per channel basis for all subscribers
during the period of the study. To lessen any bssieteroskedasticity in the data, all variables
were calculated per unit of output and transforteeldgarithms.
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Table 1. Statistical description of the variables

Variable Mean S. D. Min. Max.

Total Costs ($ 000) 6,975.3 16,533.7 30.6 222,821.3

Price of Labor Shared in
Basic Subscribers ($) 40,388.3 16,275.1 487.6 163,872.6

Price of Labor Shared in
Non-Basic Subscribers ($) 30,790.8 18,458.6 90.3 177,500.0

Price of Capital Shared in
Basic Subscribers 0.3211 0.2604 0.1267 7.6618

Price of Capital Shared in
Non-Basic Subscribers 0.6045 1.3354 0.1202 40.8860

Price of Material Shared in
Basic Subscribers
($/km 000 per channel) 181.4 128.9 15.1 1,872.6

Price of Material Shared in
Non-Basic Subscribers
($/km 000 per channel) 161.3 143.6 10.2 1,655.9
Number of Basic Subscribers 28,004.0 58,747.0 91.0 586,606.0

Number of Non-Basic
Subscribers 19,581.0 51,744.0 14.0 573,420.0

Source: Sample data. Data also used in [18].

Given equation (1), we estimated the nonparametist function, specified in a GAMM, using
the spline smoothing techniques. We labelled gpexication as the restricted model and its
estimation results were shown in Table 2. The cdetpualues of the log-likelihood and the
Akaike Information Criterion were 211.67 and 388(iabsolute value), respectively. Among
all the coefficients of the model (except the ioggat) the price of labor shared in non-basic
subscribersg-value 0.0177), the number of basic subscribesga{ue 0.000), and the price of
capital shared in non-basic subscribgrsdlue 0.1157) were statistically significant. Treeck if
equation (1) conformed to the inherent premisedditeave separability of the covariates in the
model we utilized the statistical test that wascdesd in equation (2). In particular, we
examined if a change in one of the input pricedccbave any impact on the total cost through
the total numbers of basic and non-basic subs&ileiother words, we wanted to know if
changes in the wage rates shared by basic sehackany impact on the total cost of providing
services for non-basic subscribers. Furthermordgested whether the total cost changed as a
result of a change in the rental price of capit@red by basic services through non-basic
subscribers. To do this, we specified two unredanonparametric cost functions and estimated
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the parameters of these models using the same duodtigy as the restricted model was
estimated.

Table 2. Estimation results from GAMMs (restrictaddel)

Estimates Est. Error Non-parametric
Predictors t-value p-value
Fixed Effects:
Intercept 14.642 0.0062 2347.374 0.0000
Price of labor shared in
basic subscribers -7.293 10.435 -0.6989 0.4848
Price of labor shared in
non-basic subscribers -0.276 0.1163 -2.3767 0.0177
Price of capital shared in
basic subscribers -0.265 0.3317 -0.7996 0.4242
Price of capital shared in
non-basic subscribers 16.822 10.682 1.5748 0.1157
Price of material shared in
basic subscribers -6.046 15.923 -0.3797 0.7042
Price of material shared in
non-basic subscribers 0.131 0.1697 0.7769 0.4374
Number of basic subscribers 0.447 0.0908 4.9270 0.0000
Number of non-basic subscriber -5.666 16.0348 -0.3534 0.7239
Log-likelihood 211.6733 BIC -300.9235
AIC -387.3466 Number of observations 899
Degrees of Freedom 18

Source: Sample datBata also used in [18].

Table 3 presents the estimation results of thedmsestricted model in which a new
variable was obtained from the product of the potkbor shared in basic subscribers and the
number of non-basic subscribers. We hypothesizaidftthe number of non-basic subscribers
changes it might affect the amount of labor hiredasic subscribers, which in turn, might
change the total cost of operations. The compuaicevof the log-likelihood is 214.05 and the
Akaike Information Criterion (in absolute value)388.10. The coefficient of the rental price of
capital shared in non-basic subscribers was statiist different from zerogg-value 0.000) with
99 per cent confidence. The new variable (i.e.jiteraction between the number of non-basic
subscribers and the wage rates shared in basicridrs) was not statistically significant(
value 0.276).
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Table 3. Estimation results from GAMMs (unrestrittaodelf

Estimates Est. Error Non-parametric
Predictors t-value p-value
Fixed Effects:
Intercept 14.642 0.0061 2383.0539 0.0000
Price of labor shared in
basic subscribers -4.095 10.9623 -0.3736 0.7088
Price of labor shared in
non-basic subscribers -9.909 8.0792 -1.2266 0.2203
Price of capital shared in
basic subscribers -0.253 0.3282 -0.7716 0.4406
Price of capital shared in
non-basic subscribers 13.379 11.2192 1.1925 0.2334
Price of material shared in
basic subscribers -23.175 21.3500 -1.0855 0.2780
Price of material shared in
non-basic subscribers 0.151 0.1699 0.8940 0.3716
Number of basic subscribers 0.437 0.0905 4.8362 0.0000
Number of non-basic subscriber -0.606 16.8540 -0.0360 0.9713
Product of the number of non-basic
subscribers & price of labor
in basic subscribers -21.308 19.5545 -1.0897 0.2761
Log-likelihood 214.0513 BIC -292.0769
AIC -388.1026 Number of observations 899
Degrees of Freedom 20

Source: Sample datRata also used in [18].
4The interaction term is obtained from the prodddhe number of non-basic subscribers and
the price of labor in basic subscribers.

The estimation results of the second unrestrictedehare shown in Table 4 in which an
interaction term was defined as the product ofptfiee of rental capital shared in basic
subscribers and the number of non-basic subscridgsntended to examine if, for instance, the
number of non-basic subscribers increases, thedpéaation costs would also be increased due
to the changes in the amount of labor needed torbd for basic subscribers. The calculated
value of the log-likelihood is found to be 212.4®ldhe Akaike Information Criterion equals
384.49 in absolute value. Among all the coefficsenitthe model (except the intercept), the price
of labor shared in non-basic subscribgrsdlue 0.0203) and the number of basic subscrifpers
value 0.000) were statistically different from zefde coefficient of the new covariate (i.e., the
interaction between the number of non-basic subsigiand the rental price of capital shared in
basic subscribers) was not statistically signifiq@rvalue 0.285).
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Table 4. Estimation results from GAMMs (unrestrittaodel}

Estimates Est. Error Non-parametric
Predictors t-value p-value
Fixed Effects:
Intercept 14.642 0.0062 2347.5286 0.0000
Price of labor shared in
basic subscribers -3.865 10.9229 -0.3539 0.7235
Price of labor shared in
non-basic subscribers -0.271 0.1164 -2.3256 0.0203
Price of capital shared in
basic subscribers 8.674 8.3712 1.0362 0.3004
Price of capital shared in
non-basic subscribers 13.301 11.1849 1.1893 0.2347
Price of material shared in
basic subscribers -21.833 21.6913 -1.0065 0.3144
Price of material shared in
non-basic subscribers 0.114 0.1720 0.6677 0.5045
Number of basic subscribers 0.444 0.0908 4.8881 0.0000
Number of non-basic subscriber -0.331 16.8042 -0.0197 0.9843
Product of the number of non-basic
subscribers & price of capital
in basic subscribers -20.875 19.5312 -1.0688 0.2854
Log-likelihood 212.2478 BIC -288.4700
AIC -384.4957 Number of observations 899
Degrees of Freedom 20

Source: Sample datRata also used in [18].
®The interaction term is obtained from the prodddhe number of non-basic subscribers and
the price of capital in basic subscribers.

It is a general consensus that the incorporatighefnteraction term would add more
information to the specified model. This implieg thitial pair of covariate is not expected to be
additive separable. By simply applying the likeldoratio (LR) statistic test (i.e, equation 2), we
examined the null hypothesis of separability ambagdslitive predictors used in the model. For
each of the unrestricted model, we conducted théesR Table 5 presents the results of
statistical inference obtained from examining thé# hypotheses. The computed values of
deviance for both models were 4.7559 (model 1)1ahd90 (model 2), which were less than the
critical value of the chi-squared distribution @)8vith 95 per cent confidence and one degree of
freedom. Thus, the interaction term in both moeeds not statistically different from zero
implying that the addition of the new covariatete primal nonparametric cost function
(restricted model) would not be necessary as iedadub more information to the model. As a
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result, the additive separability assumption betwawvariates for cost estimation in the CATV
industry is valid.

Table 5. Statistical Inference from comparing te&tnicted and unrestricted GAMMs

New Predictor DF?® DevianceValue p-value

Mode€ 1:
Non-basic subscribers & Price of labor
shared in basic subscribers 20 4.7559 0.0927

Model 2:
Non-basic subscribers & Price of capital
shared in basic subscribers 20 1.1490 0.5630

Source: Source: Sample ddixata also used in [18].
@ Degrees of freedom

In summary, the result of this study helps polickera make proper decisions for the
industry. As it was argued, the concept of inpyasability could show how the marginal rate of
technical substitution would be changed by anyatiens made in other covariates through a
third dimension [5]. For instance, if the demanddapital for basic CATV services changes as a
result of a change in the number of employees Hlioedon-basic subscribers, the total
operational costs would not be changed. Nevertbeiles very important for stakeholders in the
industry to know which one of the covariates issaple from statistical perspective in the
production process. If this piece of informatioraisilable then suitable status is provided for
firms to make informed decisions.

4. CONCLUSION AND OUTLOOK

Whether an input has a substitute or complementagiationship with other inputs used in
the production process is a valuable knowledg@&iicymakers who are interested in
understanding better such relationship becaudteita the rate of return regulation. Prior to the
development of nonparametric and semiparametriessgn analyses, the most widely used
method of estimating the parameters of model waglgssical regression analysis. This type of
guantitative analysis, however, has been undergoitigisms for its rigidity on prespecified
presumptions, axioms, and postulations. To workaitelatively non-ad hoc method of
regression analysis, generalized additive modelggeneralized additive mixed models are
suggested. Generalized additive models are notlysaaommended when complex covariate
effects among data series exBbth modelscan be estimated using a series of iterating and
smoothing techniques such as the backfitting algari generalized spline smoothing
approaches, and the locally weighted scatterplaioghing [5]. This paper demonstrates one of
the applications of the generalized additive mixeztiels in testing substitutability or

8
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complementarity in the Canadian cable televisi@usgtry; a rate- and entry-regulated industry
prior to 1997. The result of this study showed thatindustry was characterized by separable
factors of production during 1990 to 1996. The edblevision industry in Canada is using a
highly labor savings type of technology. In additithe findings of the research help
policymakers to have an in-depth understandingiol @ network-based industry and its current
nature of providing services in the country.
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