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ABSTRACT

L-1.6 is a program designed to deal with the specification of the functional form in the generalized single-
equation regression model when the functional form of the heteroskedasticity of the residuals, which may also
be autocorrelated, is fully analysed. Fixed or estimated parameters in the Box-Cox transformations can be
associated with the dependent and groups of independent variables, which may be simultaneously modified by a
chosen autocorrelation structure in which the autoregressive parameters are estimated, and by a selected functional
form of the heteroskedasticity in which the different parameters can be either fixed or estimated. The asymptotic
covariance matrix of all the parameter estimates of the system is computed. A number of useful outputs, including
elagticities of the first three moments of the dependent variable (expected value, standard error and skewness),
marginal rates of substitution (and their elasticities) among the moments, and among the independent variables,
as well as forecasts made by ssimulation and maximum likelihood techniques and their elaborate statistics, can
aso be obtained.

Keywords: Box-Cox Regression, Generalized Heteroskedasticity, Multiple order Autocorrelation, Maximum
Likelihood Estimation, Time series, Cross-sections, Elasticities, Skewness, Marginal Rates of Substitution,
Maximum Likelihood Forecast.

RESUME

Le programme L-1.6 est destiné a I'éude de la forme fonctionnelle du modele de régression multiple
lorsque la forme de I’ hétéroscédasticité des erreurs, qui peuvent aussi étre autocorrelées, doit aussi étre analysée
en profondeur. Le programme permet de fixer ou d’estimer les paramétres dans les transformations Box-Cox
appliquées a la variable dépendante et aux groupes de variables indépendantes, d’estimer conjointement les
paramétres d’ une structure d'autocorréation choisie et finalement de fixer ou d estimer les différents paramétres
associés a la forme de I’ hétéroscédasticité des erreurs. La matrice de covariance asymptotique des estimations
de tous ces parametres est calculée. La procédure permet aussi de faire un certain nombre de calculs utiles, dont
celui des élasticités des trois premiers moments de la variable dépendante (espérance, écart-type et coefficient
d asymétrie), celui des taux marginaux de substitution (et de leurs élasticités) entre les moments, et entre les
variables indépendantes, ainsi que celui des prévisions obtenues par des méthodes usuelles de simulation et par
une nouvelle méthode du maximum de vraisemblance.

Mots-clés: Régression avec Box-Cox, Hétéroscédasticité généralisée, Autocorrélation d' ordre multiple, Esti-
mation du Maximum de Vraisemblance, Séries chronologiques, Coupes transversales, Elasticités, Coefficient
d asymétrie, Taux marginaux de substitution, Prévision par Maximisation de la vraisemblance.

ZUSAMMENFASSUNG

L-1.6 ist ein Programm, das es erlaubt, die Spezifikation der funktionalen Form im verallgemeinerten
Eingleichungsregressionsmodell gleichzeitig mit der funktionalen Form der Heteroskedastizitat der Residuen,
die auch autokorreliert sein konnen, vollstandig zu untersuchen. Fixe oder geschatzte Parameter der Box-
Cox Transformation konnen der Abhangigen und Gruppen unabhangiger Variablen zugeordnet werden. Diese
lassen sich zugleich innerhalb eine vorbestimmten Autokorrelationsstruktur verandern, wobei die autoregressiven
Parameter und die Parameter einer ausgewahlten funktionale Form der heteroskedastizitét fixiert oder geschatzt
werden. Die asymptotische Kovarianzmatrix aller Parameterschatzer des Systems wird berechnet. Esist moglich,
eine Anzahl zweckmagiger Ergebnisse, einschlieslich Elastizitdten der ersten drei Momente der abhangigen
Variablen (Erwartungswert, Standardfehler und zwischen den unabhangigen Variablen auszuwerten. Ebenso
koénnen Prognosen auf Grundlage von Simulation und Maximum-Likelihood-Techniken und der zugehorigen
Statistiken durchgefiihrt werden.

Schlisselworte: Box-Cox-Regression, verallgemeninerte Heteroskedastizitéat, Autokorrelation multipler Ordnung,
Maximum-Likelihood-Schatzung, Zeitreihen, Querschnittsreihen, Elastizitat, Schiefe, Grenzrate der Substitution,
M aximum-Likelihood-Prognose.
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The L-1.6 program for BC-GAUHESEQ regression 1

1. INTRODUCTION AND STATISTICAL MODEL

1.1 Introduction?

In applied regression analysis, the most important aspect in model specification is the choice
of the functional forms of the dependent and independent variables. As Zarembka (1968) has
noted, economic theory rarely indicates the appropriate forms under which the variables should
appear, except for the signs of the regression coefficients which are expected to be positive
or negative according to the assumptions made on the economic behavior of the dependent
variable with respect to the changes of the explanatory variables. The three classical forms often
encountered in econometric studies are the linear, semilog and log-linear forms due to their
computational ease with a standard regression computer package. One way of letting the data
determine the most appropriate functional form is the use of a class of power transformations
considered by Box and Cox (1964). The main advantage of this approach is that statistical tests
can be performed on the Box-Cox parameters to discriminate the estimated functional forms
against the classical forms which al appear as specia cases of the Box-Cox transformation.
Early applications of this transformation can be found in various fields of economic analysis:
monetary economics [Zarembka (1968), White (1972), Spitzer (1976, 1977)], income analysis
[Heckman and Polachek (1974), Welland (1976)], production theory [Appelbaum (1979), Berndt
and Khaled (1979)], and transportation [Kau and Sirmans (1976), Hollyer et al. (1979)].

The assumption originally made by Box and Cox (1964) that the transformation, in addition
to its main purpose of choosing the appropriate functional form, also renders the distribution
of the transformed dependent variable nearly norma and homoskedastic may be unredistic,
since in the case where the residuals are heteroskedastic, Zarembka (1974) has shown that the
estimated Box-Cox parameter on the dependent variable will be biased due to the effect needed
to make the transformed dependent variable more nearly homoskedastic. To dea with this
problem, models which estimate the flexible functional form by allowing for the simultaneous
correction of heteroskedasticity have been proposed by Gaudry and Dagenais (1979) and Egy
and Lahiri (1979). Another important case is the problem of autocorrelation of residuals which
usually exists with time-series datac Savin and White (1978) have considered the simultaneous
estimation of the functional form and the first order autocorrelation, and Gaudry and Wills (1978)
have extended the approach to multiple order of autocorrelation.

Generalizing the procedure for a first autocorrelation order outlined in Gaudry and Dagenais
(1979) to incorporate a higher autocorrelation order simultaneoudly in the estimation of the

1 TheNatural Sciences and Engineering Council of Canada (NSERC) and the Fonds Québécois
de Recherche sur la Nature et |es Technologies (FQRNT) have supported this profoundly modified
version of the L-1.5 agorithm usually referenced as: Liem, T.C., Gaudry, M., Dagenais,
M. and U. Blum, “LEVEL: The L-1.5 program for BC-GAUHESEQ (Box-Cox Generalized
AUtoregressive HEteroskedastic Single EQuation) regression and mutimoment analysis’, in
Gaudry, M. and S. Lassarre, eds, Structural Road Accident Models: The Internationa DRAG
Family, Elsevier Science Publishers, Oxford, Ch. 12, 263-324, 2000. This document is
complemented by a user guide for the program: Tran, C.L., and Gaudry, M., “L-1.6 Program
user guide with databases, examples and Tablex outputs’, Publication AJD-106, Agora Jules
Dupuit, Universite de Montréal, April 2008.
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2 The L-1.6 program for BC-GAUHESEQ regression

functional form and heteroskedasticity, this computer program performs for a single regression
equation the maximum likelihood estimation of the functiona forms of the dependent and
independent variables with the Box-Cox Transformation (BCT), and the functional form of
heteroskedasticity with the Inverse Box-Cox Transformation (IBCT) in which the variables used
to explain the error variance are themselves subject to BCT. Further details of the generd
procedure for a higher autocorrelation order are aso given in a working paper by Gaudry and
Dagenais (1978).

The program gives a number of useful outputs such as the elasticities of the first three moments
of the dependent variable (expected value, standard error and skewness), the marginal rates
of substitution and elasticities of substitution among the moments, and among the independent
variables, as well as forecasts made by simulation and maximum likelihood techniques. An
application of the analysis of marginal rates of substitution and elasticities of substitution among
moments of the dependent variable is found in Blum and Gaudry (1999).

1.2 Log-likelihood function

A. Model

Following the approach considered above, for a sample of » observations the regression equation
with a flexible functional form of the dependent and independent variables and a generalized
structure of heteroskedasticity and autocorrelation of the residuas can be written:

K
(1) v =3 mx i b (=10
k=1
) w = vf(Z)",
(3) Vg = Z PLvt—g + wy,
=1
where

(i) the dependent variable Y; and the independent variables X;;'s are subject to the BCT which
is defined as a power transformation with a parameter A on any positive real variable V;:

A _ [P =1/ i a#o,
“) Yi _{mvt if A=0,

with the corresponding “Box-Cox-Gaudry” BCG or inverse function IBCT:

1/2
) yT { {Avt(” n 1} if \ £ 0,
exp (Vi) if A =0,

where the expression in sgquare brackets must be positive. Note that in (4), if A = 0, then
Vt(k) = (V) —1)/Aa=0 = 0/0, which is an indeterminate form. Using L’Hospital’s rule

(A) — lim a(Vt _1)/3)\ _ }\H% ‘/t)\ln‘/t — hl‘/ta

ives lim V, —
g A—0 t A—0 a)\/a)\
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The L-1.6 program for BC-GAUHESEQ regression 3

(i) the first-stage vector of residuals © = {uy} is assumed to be heteroskedastic with mean
E(u) = 0 and covariance matrix E<uu> =0 = diag(wit,...,wnn) Where wyy = E(uj) =
E(v?) f(Z;) and f(Z) is afunction of a vector of M variables, Z; = (Zut, ..., Zpt), used to
explain the variance of «;. Note that these variables can be chosen from the set of independent
variables X;;'s or totally exogenous;

(iii) the second-stage vector of residuals v = {v,;} is assumed to follow a stationary autoregressive
process of order r, with mean E(v) = 0 and covariance matrix E(vv') = o2V, where
ol = E(wj) and ¥ is a symmetric matrix of order n, whose element can be expressed

in terms of the p/’s,

(iv) and the third-stage vector of residuals «w = {w;} is assumed to have a mean £ (w) = 0 and
a covariance matrix E(ww') = o2 1, where o2 is the variance of w; and I,, is an identity
matrix of order n.

In (1) it is clearly understood that some of the Xj,’s, such as the regression constant, the
dummies and the ordinary variables not strictly positive, cannot be transformed by BCT. In (2)
the functional form of heteroskedasticity for f(7;) is assumed to be an IBCT with a parameter
Ay applied to a linear combination of the variables 7,,,;’s which are themselves subject to BCT:

1/
+1}

Hence the variance of u; associated with a typical diagona element of {2 can be expressed as:
E(U%) = Wt = @bzf(zt)

1/
(7) :¢2{Au ‘|‘1}

where the expression in curly brackets must be positive since it is associated with a variance.
The constants ¢ and > are necessary to preserve the invariance with respect to changes in
measurement units of the 7,,;’s [Schlesselman (1971)]. The form (7) is quite general since it
includes a great number of specia cases encountered in empirical studies and fully discussed
in Judge et al. (1985):

(i) Setting A, equal to zero yields a first form of heteroskedasticity:

M
o+ > SmZig™)
m=1

(6) f(Z) = {)\u

o+ S 2 Pem)

(8) Gy = P exp = P2 f(Zy)

S0+ mZiym

= &2 exp [Z 5mZ1(75\tzm)

where @Zz — o exp (6y) and f(Zt) = exp [E 5mZ1(7jtzm)] )

This form is commonly called “multiplicative" heteroskedasticity since f(Z;) can aso be

MODEL TYPES, Version 6.0 L-1.6 April 2008



The L-1.6 program for BC-GAUHESEQ regression

(i1)

expressed as a product of M exponential functions, or equivalently the logarithm of the variance
wy 1S a linear combination of the Z( “")’s

0 0”5 Lo

m

(10) & InGu = In o + Z‘S 720 =80+ Y bmzin)
m
where 6y = Iny? = Iny? + 6 .

Harvey (1976) considered a specia case of (9) - (10) where every A.,, is set to one:
~ ~2
(11) G = ¥? H exp [bm(Zme — 1) = H exp (omZmt)

m

(12) = hl&?tt = 50 + Z 5m(th — 1 S + Z OmLmit

~2 ~ % .
where 1» = ¢? [T exp (—ém) and ép = 6o — Y 6, . Another special case of (9) - (10) can
be obtained if evnéry Azm IS Set equa to zero:m

(13) Wy = ;Zz H exp (dmInZmt) = ;ZZ H ZSZ?
m m
(14) GGy =0+ Smln Zni =060+ > bmln Zpy

which was considered by Dagum and Dagum (1974). The univariate case (M=1) has been
often used in practice, for example in Geary (1966), Park (1966), Kmenta (1971) or Glejser
(1969) who has proposed in his test for heteroskedasticity specific values of 6; such as 2, 1,
1/2, -1/2 and -1 to give what he called “pure” heteroskedasticity.

A second form of heteroskedasticity corresponds to the case where A, # 0. An important
case found in the literature [Hildreth and Houck (1968), Theil (1971), Goldfeld and Quandt
(1972), Froehlich (1973), Harvey (1974), Amemiya (1977)] corresponds to the special case
where )\, and every )., are set equal to one, i.e. where the variance wy; is assumed to be
a linear combination of the Z,,;’s.

00 + Z o Zmt — 1)
(15) = ¢p? (50 —) bt 1) + ) m Zme

= 50 + Z szmt

;b

where 50 = ¢2 (50 - E Om + 1) and Sm = ¢’25m.

MODEL TYPES, Version 6.0 L-1.6 April 2008



The L-1.6 program for BC-GAUHESEQ regression 5

For the univariate case (M=1), Glgser (1969) considered the cases where A, = 1 and 2 with
A.1 = 1, and aso the subcases which he called “mixed" heteroskedasticity corresponding to
Ay = 1 and 1/2 with A,; = 61 = 1. Due to the positivity constraint on the diagonal elements
of Q in the special form (15) as well as in the more general form (7) with A\, # 0, it is hard to
estimate the ¢-coefficients and A-parameters without violating the constraint, as experienced in
preliminary tests with an earlier version of our computer program. Therefore, in this program
version, we will only consider the first form of heteroskedasticity (8) with A, = 0 which still
includes a great number of interesting cases.

B. Likelihood function

Before considering the likelihood function for the observed Y;'s, it is convenient to rewrite the
model (1)-(2)-(3) into a more compact form where various expressions which will be frequently
used throughout the manual will be defined. The equation (3) for the residuals v;’s can be
expressed as a function of the residuals u;'s given in (2):

Ut

16 _ _ W=
(19 f(Zt)1/2 zz:pﬁf(zt—z)l/2+ t

where f(Z;) = f(Zt) = exp {25 Z )] following (8). Replacing w; which is derived from

(1) as y M) — > B =) and uy_¢ by an analogous expression in ¢ — ¢ yields:
! k

Y()‘y) X()‘mk) ()‘ )‘mk)

: —Zﬂkikt :Z/’ 1/2 Zﬁkzpf 7 T

an @'t Tz

=D BXE =) PZYt_z - Z Ok Z Psz,t_g + wy
K ¢ K ¢

where V' = VM) r(7)"* and X7, = X))/ £(2,)/*. The corresponding expressions for
t — ( are obtained by replacing ¢ by t — ¢. The resulting form (17) can be more compactly
rewritten as:

= eV = B (X,;; - sz,:,t_,g> +wy
¥4 k ¥4

= > X} 4wy
k

(18)

where Y;* = Y} — ;mt*_,g and X}F = X}, — ;M;?,t_z-

Assuming that the residuals w,’s are independently and normally distributed N (0,2) and
dropping the first » observations to simplify the procedure for higher order autocorrelation,
i.e. assuming that the first observations on Y; are given, the likelihood function associated with
the last n — r observations on Y; can be written as follows:

MODEL TYPES, Version 6.0 L-1.6 April 2008



6 The L-1.6 program for BC-GAUHESEQ regression

n

. 1 w? 8wt

=147 270y,

[N

where the residual w; is given by (18) as Y;** — > ;. X/, and the jacobian of the transformation
k

from w; to the observed Y; is. |0w¢/0Y| = Yt&’_l/f(Zt)l/2 . The corresponding log-likelihood
function is:

2
Ow

(20) L:—gln(gmg)—Qizwf—%Zlnf(zt)ﬂxy—mz:lnyt
t 1 1

where N = n — r and the index ¢ for the summation runs from 1 + r to n. No;[e that this
function depends on all the parameters of the model: I = <6', 02 Ay A Ao 6 p') where o2

and \, arescalars, and 3, A;, A., ¢ and p are the column vectors associated with the 3;'s, A.1’s,
A.m'S, 6m’S and pg's respectively.

C. Concentrated log-likelihood function

Since the model (18) rewritten in terms of the transformed variables Y;** and X;}’sisjust linear
in the 3-coefficients, we can concentrate the log-likelihood function on the 3;’'s and o2 by
setting the first derivatives of the function with respect to these parameters to zero and solving
for their values which will be replaced in (20). In matrix notation, the compact form (18) can
be expressed as:

(21) Y* = X8 4w

wherein view of (19) and (20), Y** isa column vector containing the last N observations, X** is
an (N x K) matrix, 3 isa (K x 1) vector of coefficients and w isan (N x 1) vector of residuals.

Using (21) to replace > w? in the log-likelihood function (20) by w'w, the first derivatives of
t

the function with respect to 3 and o2 are given by:

oL 1 duw'w 1 oY+ — x*g)
—_— e **_X**
22) 3 202 0 ) a3 o 9)
1 sk’ 1 dok Hok 1 sk’ ¥ Hok sk kok
= Xy ﬂ):g@( Y- XX )
oL _ N1 o1,
A T
(23) O-’LU Jw Jw

1 1
= ) (—N—I— a_2w w) )

w

By equating these two derivatives to zero and solving for 3 and «2,, we obtain:

MODEL TYPES, Version 6.0 L-1.6 April 2008



The L-1.6 program for BC-GAUHESEQ regression 7

(24) B = <X**/X**> _lX**/Y**

1

1
(25) oo = ﬁwlw = W(Y** — X**ﬂ)I(Y** — X*0)

Replacing 3 by 3 in (25) gives a value of o2, in function of 3:

w

1 N

(26) . ﬁ(w* oy 5) (Y** oy B) '

2
Substitution of 3 and &2 in L yields the concentrated log-likelihood function:

(27) L= —%[1 +1n (27)] — glnaa — %Zlnf(Zt) + (=1 Iy
1 1

_ A
which now depends only on I = (Ay,)\x,)\z,é ,p) .
1.3 Computational aspects
A. Maximization procedure

The Davidon-Fletcher-Powell (DFP) algorithm [Fletcher and Powell (1963)] is used to maximize
the concentrated log-likelihood function L with respect to II = <)\y, )\x, )\Z, § ) P ) The gradient
of L which is used in DFP can be written as:

1 aw aln 8()\y —1)
(28) —, = 5—2 zt: Wi — — Z aﬁ zt: 1n }/t

w

where

MODEL TYPES, Version 6.0 L-1.6 April 2008



8 The L-1.6 program for BC-GAUHESEQ regression

(299 _ oo pe 7Y
DAy f(Zt)l/z DAy - f(Zt—Z)l/z DAy
a  Ow B B 2 i g OX)
a)\xk B ’ f(Zt)l/z a)‘xk 7 f(Zt_g)l/z a)\xk
(31) G __L w9z petie V2l
Ohem 20z Pem G (2 Ohom
Jwy Uy (Aem) POULC (Ao
32 == ZUem) N7 PR ()
0bm 2 f(Zt)l/z t %: f(Zt—f)l/z it
Owy Ug_y
3 5 =-—5
Dpe [(Z)'?
0 . if TI; % Aoy and 61,
o J(2) oz
(34) oIl Om D if II; = AL,
7 if 11 = 6

DAy —1) [0 if I # A,
(35) o1, _{1 if T = ).

The derivatives 9Y;*) /), in (29), 9X ") /02, in (30) and 92 /9., in (31) and (34)

mt

as well as their lagged expressions are computed by the generic formula:

(36) oN

vV { Lvdmvi—v®] it 2o,

1n*V; if A= 0.
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The L-1.6 program for BC-GAUHESEQ regression 9

B. Asymptotic covariance matrix of the parameter estimates

At the maximum point of L, hence L, the asymptotic covariance matrix of all the parameter
estimates 11 is evaluated by the method of Berndt et al. (1974). The log-likelihood function
L in (20) can be rewritten as a sum of NV individual log-likelihood functions associated with
each observation ¢:

1, 1

1 2
(37) L = zt:Lt = zt: [—iln (270y,) — Hwt — §lnf(Zt) +(Ay—1)InY;

where L, is the log-likelihood function corresponding to the observation t and is equal to the
expression in square brackets. The asymptotic covariance matrix of II is given by:

dL, 0L,y

(39) Var(ﬁ) = |2 5o

II=II

where the column vector dL;/911 has the following form:

Ly 1 dck 19(wifol) 10lnf(Z) 9(hy —1)
(39) g0 2290 2 a2 em T om MM
with
o2 0 ifll # o2,
(40) L.
! 1 ifIl; = o2,
2wy Owy . ' 9
a<w?/aa> gaﬂi Il 7 o,
(1) o ) w?
! ——i if 1I; = U’L207
Jw
6wt . =
— if 1I; = 11;,
(42) Qwe _ ) g
oll;

—Xi Tl = e

Note that the derivatives dw,/dIl; in (42) for the typical elements of II are already given in
(29)-(30)-(32)-(32)-(33). Since f(~;) is afunction of the A.,,’s and é,,’s only, the derivative
dln f(Z;)/011; is also given in (34) for 1I; = II; = M., and &,,. Finaly the derivative
d(Ay —1)/011; is equal to zero if 1I; # A, and one if II; = A, asin (35).

MODEL TYPES, Version 6.0 L-1.6 April 2008



10 The L-1.6 program for BC-GAUHESEQ regression

C. Scaling of the variables

Although at theinitial and final steps of the maximization of L, all the outputs are given in terms
of the origina units of the variables Y;, X;; and Z,,;, an automatic scaling of these variables
is performed during the iterations to avoid numerical problems which can slow down or inhibit
the convergence process. Each variable V; is scaled as follows:

(43) Vi = s,V

where V; represents Y;, Xj; or Z,,; in their original units, and s, is the scaling factor of the

— |log [ max |V;
form 10 { g< ¢ v in which the square brackets indicate that the greatest integer is being

taken for the expression inside.

In genera, the 3 and 4-coefficients and their unconditional t-values computed from (38) are not
invariant with respect to the scaling of Y;, X;; and Z,,;, due to the fact that the 3-coefficients
depend on the measurement units of Y; and X;;’s, and the é-coefficients depend on those of
Zmi'S. In contrast, the Ay, A, A, and p-parameters as well as their unconditional t-values remain
invariant, since these parameters are pure numbers, i.e. do not depend on the measurement units
of the variables. Note that the concentrated log-likelihood function L, hence L, and the error
variance o2 are affected by the scaling of Y; only. Therefore the concentrated log-likelihood
values which are listed in terms of the scaled units of Y; during the iterations would not be the
same as if they were in the original units of Y;, unless the scaling factor of Y; happens to be
equal to one for a particular data set. When a test for stability of the 3-coefficients over various
data sets is performed in terms of the log-likelihood values or the error variance estimates, these
quantities must be in the original units of Y;, or more generally in a system of units which is
common to all data sets used.

Table 1 summarizes the relationships between the original 5 and ¢ and the scaled B“ and &, aswell
as the original and scaled log-likelihood functions L and L due to the scaling of the variables Y;,
Xi'sand Z,,;'s, when each variable is transformed by Box-Cox. For the dependent variable,
due to the Box-Cox transformation, all the 5-coefficients including the regression constant, as
well as the log-likelihood function, will change. For the independent variables, only a strictly
positive variable X;; or a quasi-dummy (), which is defined as a nonnegative variable in
Section 2.6, can be transformed by Box-Cox. An associated real dummy Dy, is always created
for each quasi-dummy (), since the null observations of (); cannot be transformed by Box-Cox.
The main difference between X;; and @, when they are scaled, is that due to the Box-Cox
transformation, there will be a shift in the regression constant /3, for X; and in the 3-coefficient
of the associated real dummy, 3p,,, for @4, in addition to the usual changes in the 3-coefficients
of X;; and @ themselves. The log-likelihood function will not be affected by the scaling of
Xt or Q. For the heteroskedasticity variables, only the é6-coefficient associated with each 7,
will change. There will be no effect on the regression constant and the log-likelihood function.

MODEL TYPES, Version 6.0 L-1.6 April 2008



The L-1.6 program for BC-GAUHESEQ regression 11

TABLE 1 Relationships between the original (3,4, L)
and scaled (3,6, L) for Box-Cox transformed variables.

Variable Regression constant 3 or é-coefficient Log-likelihood
Dependent
i/tzsyx/t g _Syyﬂo—l-S Ay) gkzsg))yﬂk for al k's Z:L—Nlnsy
Independent
* Strictly positive
(invariant)

* Quasi-dummy
Qt = sQQ1 By = By (invariant) = Bolsy L=1

50 —Bp —s Q)ﬂQ/S (invariant)

Q Q

Heteroskedasticity

th = S;mZmt g() = %30 (invariant) gm = 5m/8éfnm Z =L
(invariant)

D. Constraints on the p-parameters

Strictly speaking, the autocorrelation parameters p,’s in (3) must satisfy a very large number
of conditions to ensure stationarity in an autoregressive process of order r. For simplicity,
a constraint —1 < py < 1 on every p, is implicitly introduced by using the Fisher's z-
transformation:

I 1
(44) zg==1In P
21—y

(—o0 < zp < 0)

with the corresponding inverse transformation py = tanh z,. This parameter change from p, to
z¢ implies that the maximization of L is performed with respect to the z-parameters. Therefore,
during the iterations the z-values are listed instead of the p-values which are only given at
the convergence of L when all the estimated parameters of the model Il are printed with their
standard-errors and t-statistics. The derivative of L with respect to each z-parameter is computed
as follows:

oL 0L dp;

45 = —
(45) Ozp  Opg0zy

where 9L/ dp, isaready givenin (28) and (33), and dp, /92 = sech’zy = 1 —tanh® zp = 1—p?.
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12 The L-1.6 program for BC-GAUHESEQ regression

1.4 Model types
Four types of Box-Cox regression models can be specified using the different options available:

BC. This model type only includes the Box-Cox (BC) transformation on the dependent
and independent variables in the regression equation (1) without considering the problems
of heteroskedasticity and autocorrelation for the residuals «;'s and v;'s respectively. The
parametersinvolved are 3, 02, Ay and A, where the variances of ¢, v; and w; are al identical;
BC-HE. This model type extends the previous one to the case where the functional form

of HEteroskedasticity (HE) of the first-stage residuals u's, f(Z:) = exp |32 émZi|,

is specified simultaneously with the BC transformation on the dependent and independent
variables. The additional parameters to be considered are the A. and é-vectors which are
involved in f(Z;). Since the problem of autocorrelation of the residuals v;’s is not considered,
the variance of w; remains identical to the variance of v;, but the latter is different from the
variance of wuy;

BC-GAU. This model type allows for a Generalized AUtoregressive (GAU) structure of the
second-stage residuals v;’ s, to be estimated jointly with the BC transformation on the dependent
and independent variables, while the first-stage residuals «;’ s are assumed to be homoskedastic.
Only the p-parameters are added to the set of parameters already included in the BC model.
Hence the variance of w; is different from the variance of v;, but the latter is identica to
the variance of wy;

BC-GAUHE. This model type corresponds to the general case where the first-stage residuals
uy'S are assumed to be heteroskedastic with a functional form f(Z;) and the second-stage
residuals v;’s follow a stationary autoyegrve process of order r. All the parameters of the

!

model, IT = < I,Uzu,)\y,)\x,)\lz,5/,pl> , are simultaneously estimated. Therefore the variances
of uy, vy and wy; are dl different.

The BC-GAUHE model type includes al the first three as specia cases provided that:

(i) The same set of dependent and independent variables, Y and X, is used for the estimation of
the parameters, with the same set of A, and X, -parameters being estimated or fixed across
the four model types. For example, if A, or some of the A,-parameters are fixed at zero,
then the same constraints should be retained across all the model types,

(if) The same set of variables Z is specified in the functional form of heteroskedasticity for both
BC-HE and BC-GAUHE, with the same set of A, and é-parameters being estimated or fixed
in both model types. For instance, if every \.,, is set to one, then the same constraints
must be used in both;

(iii) The same structure of the autoregressive parameters is estimated for both BC-GAU and
BC—-GAUHE so that the simpler model type is nested in the general model type. For
example, if BC—GAU includes three estimated p-parameters of orders 1, 4 and 12, then the
same structure should be preserved in BC-GAUHE.

Note that the BC-HE and BC-GAU model types are completely different since they are based on
different assumptions on the structure of the residuals, hence they cannot be compared between
each other, athough the smpler BC model type is nested in both provided that the condition
(i) is satisfied.
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1.5 Model estimation

Since the four model types presented above are by increasing degrees of nonlinearity in the
parameters as the specification of a model under study is allowed to be more and more general
by relaxing the constraints on the parameters of heteroskedasticity or autocorrelation or both
with respect to the BC model type, a normal procedure to succeed in estimating al the four
model types can be suggested as follows:

Start the estimation of the model with the BC type. If the number of independent
variables is too large to allow for a distinct BC transformation on each variable, regrouping all
the variables which can be transformed by Box-Cox into afew main categories and specifying one
A -parameter for each category of variables will reduce the number of estimated ), -parameters.
The program includes two types of constraints on the A, and A, -parameters:

(i) Ay and any \.-parameter can be fixed at a constant value instead of being estimated. This
type of constraint permits specialy the estimation of the classical functional forms such as
the linear, semilog and loglinear forms: for example, setting A, equal to zero and every
Ag-parameter to one yields the semilog form;

(i) A, can be set equal to one of the estimated A, -parameter. This type of constraint is useful
in particular for the case where the model is specified with only one estimated \-parameter
common to all the dependent and independent variables. This form can then be compared to
the linear and loglinear forms considered above.

To improve the specification of the model, three special options are available:

(iii) Detection of multicollinearity among the independent variables X with the correlation matrix
and specialy with the regression coefficient variance decomposition proportions based on the
spectral decomposition of X' X in terms of the original and Box-Cox transformed variables
(Section 3.1);

(iv) Graphical analysis of the estimated residuals «; which are plotted by increasing values against a
variable Z,, that is thought to explain the variance of u+ in the case of heteroskedasticity which
can arise not only with the cross-section data but can also be induced by the BC transformation
on the dependent variable even with the time-series data (Section 3.2);

(v) Statistical tests of the estimates of the autocorrelation function and the partial autocorrelation
function at different lags of the residuals u;'s for large time-series samples in order to detect
the most significant orders of autocorrelation (Section 3.3).

Proceed with estimation according to the results of the previous analyses:

(i) If the problem of severe multicollinearity among a group of independent variables exists,
then it should be first treated before considering the problems of heteroskedasticity and
autocorrelation: some of the variables must be dropped from the regression equation (1)
or replaced by their proxies, i.e. the variables which are used to explain essentialy the same
phenomena as the original variables, but which are less collinear among themselves. The
model with a new specification of the variables is reestimated following Step 1. The whole
process is repeated until a satisfying set of independent variables is obtained.

(i) 1If only the problem of heteroskedasticity is the most serious, then different types of the
“multiplicative” form of heteroskedasticity in (8) can be tried using the BC—HE model type
since the program alows the \.-parameters and the ¢-coefficients in f(Z;) to be estimated
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or fixed at a constant value. At the end of each estimation, the first specia option can be
used again to detect multicollinearity among the Box-Cox transformed independent variables
corrected for heteroskedasticity X, and for time-series data, the third special option can also
be used to analyze the structure of autocorrelation of the estimated residuals v¢’s. This will
allow us to proceed further with the estimation of the model using the BC-GAUHE type if
autocorrelation is present.

(iii) If only the problem of autocorrelation is important, then using the BC-GAU model type is
sufficient to improve the specification of the model.

Note that at the end of each estimation with the BC-GAU or BC-GAUHE model types where
the correction for autocorrelation has been applied with a chosen set of estimated p-parameters,
a further check on the estimates of the autocorrelation and partial autocorrelation functions will
indicate whether the estimated residuals w; behave approximately as a white noise or other
autocorrelation orders remain to be corrected for.

2. ESTIMATION RESULTS

2.1 Definitions of moments of the dependent variable

In a standard linear regression model where the dependent variable Y; is not subject to a Box-
Cox transformation, the calculated value of Y; is equal to the expected value of Y;. In constrast,
in a Box-Cox regression model where Y; is transformed by Box-Cox, this property no longer
holds. In this case, the expected value of Y; is more relevant than the calculated value of Y;.
Moreover, we know that the use of the Box-Cox transformation on the dependent variable will
affect the standard error and the skewness of the distribution of Y;. In this section, we will
define these four elements, namely the calculated and expected values of Y3, the standard error
and the skewness of Y;.

A. Calculated value of the dependent variable Y}

Using the equation (18), the calculated value of the transformed dependent variable Y;** is
obtained by replacing al the parameters of the model by their maximum likelihood estimates:

N

(46) Vi =) BeXi
k

where
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Uk vk Ak
Xir= X5 = heXi
i

it = x5z "

A As — 1/2
Xl)ck,t—ﬁ = X,E,t_’})/f(Zt_z)

(47)

m—

f(7Zy) = exp Z Ser,gizm)

— e ()]
FZ) =exp |3 buzlr)
m

Replacing th** in the left-hand side of (46) by its expression given in (47), we solve the resulting

equation for the calculated value of the origina Y;:

1+ (Sad + S )]% i3y £0

N

(49) Yi=

— 1/2 A '
exp [f(zo (gm ¥ +§ﬁkx,;;*>} if 4, =0

it

B. Expected value of the dependent variable Y;

Following our approach in which the dependent variable Y; is assumed to be censored both
downwards and upwards, ¢ < Y; < v, where ¢ and v are respectively the lower and upper
censoring points common to al observations in the sample, the generalization of Tobin's model
(1958) to a doubly censored dependent variable yields the following expression for the expected

value of Y;:
wi(e) we(v) 00
(49) E(Y;) =« / w)dw + / Yi(wy)e(w)dw 4+ v / e(w)dw
—00 we(e we(v)

where ¢(w) is the normal density function of w with zero mean and variance o2

1 w?
(50) p(w) = = exp (—- 2)7

2rof, 20y,

Yi(w) is a function of w:

1/Ay
[1—|—)\yf Zt (EPZY*(+Eﬂkat —I—w)] if Ay, #0,

(61)  Yi(w)=

exp

InY; .
( ) (E )f/Z + Zk:ﬁk)(kt + w)

¢ f(Zi—

if A, =0,
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and the generic formula for w¢(s) and wy(v) is:

r—1 :
7—2/)41@*_[—26&;‘ if A, #0,
B A
(52) U)t(f) — ylﬂ(f t) ln}/t ‘

_ o=t X if A\, =0.
10 T ) Zﬂk o

Depending on the sign of the BC parameter A, distinct cases can be derived for £(Y;):

1. If & and v tend towards O and oo respectively, following (52) the limits of w;(¢)
and w(v) can be obtained as:

(53) wy = limwy(e) =
t e—0 yf Zt 1/2

Z oYy — Z B Xt

and lim w(v) = oo. This expression is used in the program to compute w; automatically and
V—00

cannot be changed by the user, in contrast to the upper limit in case 3 below, in order to avoid

negative values for some observations in the square brackets found on the first line of (51).

Whence the first and last terms in (49) disappear and the expected value of Y; reduces to the
second term which can be written as:

o0

(54) B = [ Yitwyptu)de

2. If ¢ and v tend towards O and oo respectively, then 1in% wy(e) = —oo and
lin% wi(v) = oo. Hence the first and last terms in (49) disappear and the expected value of
Y; reduces to the second term which can be written as:

(55) EYy) = / Yi(w)e(w)dw.
3. If ¢ tends towards O, then lin% wi(e) = —oo, and the first term disappears. Before

taking the limit of w;(») as v tends towards oo in the last two terms of (49), the expected value
of Y; can be expressed as.

we(v) 0
(56) ) = [ Yitwetwdo+v [ el
-0 we (V)
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If » tends towards oo, the limit of w;(v) has a finite value:

(57) Jim wi(v) = ————7 me (- me
yf (Zt)
o0
Hence lim v | ¢(w)dw does not exist and £(Y;) does not have afinite value. In this case, it
V—00

is still possible t(o )obtai n an approximation of £(Y;) for every observation ¢ provided that the user
selects a large value of v, say v, such that the probability that Y; exceeds this upper limit v will
be negligible, i.e. given the values of Y;*, X and Z; in wy(v), the value of I/(Y;) will be much
smaller than v. The value of v can be chosen very approximately without affecting the numerical
precision of F(Y;). By default, the program will generate a value of v determined as follows:

(58) v = min m?XE—I—l()(ry,( 0.80,A )1/)‘

where o, isthe sample standard error of Y; and o, and A, are evaluated at their estimated values.
Note that if A, is fixed at a certain value in an estimation run, then this value will be used.
For the three cases of A, the integrals corresponding to the second term in the general expression
of E(Y;) are numerically computed using the Gauss-L egendre 32-point quadrature. As a sample
measure of the degree of numerical approximation of £(Y;) for thetwo cases A\, > 0 and A, < 0,
the mean probability of Y; in the sample to be at the lower limit = if A, > 0 or at the upper
limit » if A, < 0 is also computed:

(59) Pr(Y,<e) = %Z / p(w)dw
L

and

(60) Pz =+ [ etonte
1

where the integrals involving just the normal density function ¢(w) are computed with the
formula 26.2.17 in Abramowitz and Stegun (1965). A value of Pr(.) lower than 1% indicates
that the sample contains practicaly no limit observations.
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C. Standard error of the dependent variable Y;

The standard error of Y; is defined as the square root of the variance of Y; which is also known
as the second moment of Y; centered about the mean E£(Y;):

(61) oY) = VNa(vy) = B — B = \E(E) — (B0

where the first and second noncentral moments £(Y;), » = 1,2, are given by:

?OYtT(w)cp(w)dw if Ay >0

(62) BY) =4 | Y (w)e(w)dw if Ay =0
we(v) 00

J Y (w)ew)dw +v" [ o(w)dw if Ay <0
- w(v)

D. Skewness of the dependent variable Y;

Skewness is a measure of asymmetry of a distribution. It indicates how the data are distributed
in a particular distribution relatively to a perfectly symmetric one. Several types of skewness
can be defined, but the most usual one is the Fisher Skewness defined as:

(63) v=45=5
Ho

where 12 and p3 are respectively the second and third moments centered about the mean of the
distribution, and 4,/* = & is the standard error of the distribution. Note that the third moment
(s is expressed in cubic units. In order to compare the results from one distribution to another,
the skewness is expressed in standard units, i.e. as the third moment divided by 3. It does not
depend on the units of measurement of the variable considered in the distribution. For example,
the skewness of a normal distribution is zero because it is symmetric about its mean, whereas
a lognormal distribution has positive skewness, i.e. the right tail is longer than the left one.
Conversely a negative skewness indicates that the left tail is longer than the right one. Usually
a distribution is considered to be:

Slightly asymmetric, if |y| < 0.5 .
Moderately asymmetric, if 0.5 < |y| < 1.
Highly asymmetric, if |v| > 1 .
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Using the definition of the skewness in (63) applied to the distribution of the dependent variable
Y, v(Y:) can be written as:

(64) v(Y3) =

where 13(Y;) = E[Y: — E(Y})]® is the third moment of Y; centered about the mean /(Y;)
and o(Y}) is the standard error of Y; defined in (61).

The third central moment x3(Y;) can be expressed as a function of the first three noncentral
moments of Y;:

(65) ps(¥i) = B(7) — B {3E(7) —2B00)])

where the first three noncentral moments £(Y;"), » = 1,3, have the following forms:

?Ytr(w)@(w)dw if A, >0

(66) By S Y (w)pw)dw if \y =0
we(v) 00

[ Y7 (w)e(w)dw +v" [ olw)dw if Ay <0
- we(v)

2.2 Derivatives and elasticities of the sample and expected values of the dependent variable

Two types of elasticity are computed in the program:

The first type of elasticity, denoted as ni(ﬁ, is defined in terms of the sample value of Y;: it
measures the percent variation of the dependent variable Y; due to a percent variation of an
independent variable X, given all the other independent variables X;,’s as well as all the
variables Z,,;'s (Zmi # Xji, Vm) in f(Z;) fixed at their observed values.

The second type of elasticity, denoted as ng(ﬁ, which is more relevant since the model is
nonlinear in Y%, is defined in terms of the expected value of Y; derived in Section 2.1.

When heteroskedasticity is present, two types of elasticity, namely » and 7 , can also be
computed with respect to a heteroskedasticity variable 7,,; specified in the function f(7;). Two
specifications of the variable 7,,; should be considered:

The variable Z,,,; specified in f(Z;) is aso used as an independent variable X ;.
It is only specified in f(Z;), not elsewhere.
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A. Derivatives and Elasticities of the Sample Value of Y}

The sample value of Y; has the same form as Y;(w) in (51), but with w replaced by w;. The
derivative and the elasticity of the sample value of Y; with respect to an independent variable
Xj¢ can be written as:

D, = 88)5(3‘1: B Ytif—l <61X$$]_1 T XﬁlGXﬁ>
(67)
where
0 if £(Z;)is not afunction of X,
(68) Gy, =

%5,7123;’” f(Zt)l/zAt — ij ﬁlegtA”) if f(Z;) contains one Z,; = Xt
and Ay = YgpeY)" , + X 3. X[ . Similarly, the derivative and the elasticity of the sample value
of Y; with respect to a heteroskedasticity variable 7,,; which appears only in f(7,;) are:

—1
DS — aX/t — th Gth
Lt ath S/t)\y —1

(69)
S _ ai/t th _ Gth
N = 0Zmt Vs - Y;:)\y

where Gz = bonZi | f(20) 4 — X gpx O]
k

B. Derivatives and Elasticities of the Expected Value of Y;

Using £(Y3) in (54)-(55)-(56) depending on the value of ), the derivative and the elasticity of
the expected value of Y; with respect to an independent variable X;; can be written as.

. JE(Y?) 1-A, Aay —1 —1

D, = Gy~ / V() 3,00 X L ()| () de
R,

(70)

_OB(Y) X 1

T T TaNG BV B / Vi)' (8557 + Hox, ()] o)
R,
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where R,, is the integration domain of w : [w], o], [—00, co] and [—oo, w(r)] if Ay > 0,1, =0
and A\, < 0 respectively, and

0 if f(Z;)is not a function of X,

(7)) Hx,(w) = _ _
156,,12213"‘ [f(Zt)l/z(At +w) — Zk:ﬁkXﬁ”) if f(Z:) contains Z,,; = Xj;.

Likewise, the derivative and the elasticity of the expected value of Y; with respect to a
heteroskedasticity variable 7,,; which appears only in f(7;) are as follows:

OE(Y; _
= 0 = 7t [ iz, ()l
R,
(72)
e _OEMN) Z 1 1-A,
77th - ath E(S/t) - E(S/t) /D/t(ll))] Hth(w)cp(w)dw

w

where Hy, ,(w) = L6, 2 | F(Z0)( Ay + w) = 3 mxlﬁi“”] |
k

C. Derivatives and Elasticities for the Linear and Logarithmic Cases of Y;

The most usual forms of the dependent variable Y; encountered in pratice are the linear (A, = 1)
and logarithmic (A, = 0) cases:

For these two cases, the explicit forms of the sample value of Y; and its derivative and
elasticity are given in Table 2, depending on the presence or absence of heteroskedasticity.
To be completely general, autocorrelation is considered in these forms which can be further
reduced in the absence of autocorrelation by setting all the autoregressive coefficients p;’'s
included in A; equa to zero.

Similarly, for both cases, explicit forms of the expected value of Y; and its derivative and
elasticity — whenever possible due to the integrals which cannot be reduced to closed forms
— are summarized in Table 3.

MODEL TYPES, Version 6.0 L-1.6 April 2008



22 The L-1.6 program for BC-GAUHESEQ regression
TABLE 2 Explicit forms of the sample value of Y; and its
derivatives and elagticities for the linear and logarithmic cases of Y.
STATISTIC CASE HOMOSKEDASTICITY HETEROSKEDASTICITY
(No f(Z,) involved) Xt # Zs Xjt = Zmt
SAMPLE
VALUE
A =1 1+ 4, L+ f(2,)* A,
Yy
Ay =0 exp (Ay) exp {f(Zt)l/zAt]
DERIVATIVE
Ay =1 BX BXT 4 25 G,
D}jt
A =0 XN, (8 X7 + 251G, ) Y
Ay =1 Not applicable 711Gy, . Same as above
%mt
Ay =10 Not applicable Z1Gy, Vi Same as above
ELASTICITY
A =1 B X5 Y, (B0 + G ) 7
X0
— s e Axj Azj
/\y_o ant:antzﬁjXﬁ] 67Xjf]+Gth
Ay =1 Not applicable Gz, Y, Same as above
N7
Ay =0 Not applicable Gy, Same as above
where A, = 3" p Y7, + S B XiF and Gz, = L6, 2 f(Zt)l/ZAt - Eﬁszgizk) .
4 k k
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TABLE 3 Explicit forms of the expected value of Y; and its
derivative and elagticity for the linear and logarithmic cases of Y;.

STATISTIC CASE HOMOSKEDASTICITY HETEROSKEDASTICITY
(No f(Z;) involved) Xjt # Zme Xjt = Dme
EXPECTED
VALUE
Ay =1 E(Y) = [ Yi(w)p(w)dw
where Y, (w) = 1 + A, + w where Y, (w) = 1+ f(Z)" (A, + w)
E(Y) wl}inm B(Y,) =1+ 4, LMITCASE] lim  E(Y;) = 14 f(Z)% 4,
Ay =0 E(Y)= [ Yi(w)p(w)dw
where Yi(u) = exp (4 +1)  where Yi(u) = exp [£17)"*(4, 1 )
DERIVATIVE
PO N Same as left column
y — D%jt = 6]XJ;-‘J J; gp(w)dw —|—D€th (Ay = 1)
X LMt cAse] lim Dy = Bijf\fj_l LIMIT CASE wzlin_loo D, =
GXTT 4 251G
: Same as left column
— e _ o yhei—l
/\y =0 Dth —6]th E(Yt) _I_Deth(/\yzo)
Ay =1 Not applicable Dy (A, =1) Same as above
D%mt
Ay =0 Not applicable Dy (A, =0) Same as above
ELASTICITY
Azj no same as left column
A7 :1 e —_ BiX; ’
Y Mx;p = ;7(3]/1) J;@(w)dw +ngz (A, =1)
X0 . t B,X % LIMIT CASE
! LimitcasE] lim  n% , = =4 5X % LGy
wF——o0 7 t : e _ Pad gy mt
! wt*li,n_loo Tx; = 1+ (7072 A,
y =0 . ey Same as left column
v = i,y = 1, = 5 1, (A = 0)
Ay =1 Not applicable ng...(Ay = 1) Same as above
N7
Ay =0 Not applicable ny, (Ay =0) Same as above

where A, = S oYy, + S Be Xir, Gy = Lo Z0am [f(Zt)” TA =B X
{ k k

Dy, (A =1)=25, [ Hy, (w)p(w)dw, Dy (A, =0)=Z; [ Yi(w)Hz,,, (w)e(w)dw,
w{; _OOOO
W Oy = 1) = b [ Hy (w)p(du, By, (3 = 0) = 5 [ Yi(w)H,, (w)p(w)du,

*
7l)t

and i, (1) = 36, 205 [f(sz“(At ) - mxliif“] |
k
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2.3 Derivatives and elasticities of the standard error of the dependent variable

The concept of elasticity can be extended to the standard error of the dependent variable Y7,
o(Yt), to give a measure of the percent variation of the standard error of Y; due to a percent
variation of an independent variable X;; or a heteroskedasticity variable Z,,: specified in the
function f(7;). Like for the derivatives and elasticities of the sample and expected values of Y7,
two cases of heteroskedasticity can be distinguished for the derivatives and elasticities of o(Y;):

The heteroskedasticity variable 7,,,; is also used as an independent variable X ;.
It is specified only in the function f(7;), not elsewhere.

A. Derivative and elasticity of o(Y;) with respect to an independent variable

The derivative and the elasticity of the standard error of Y; with respect to an independent
variable X;; are given by:

., Oo(Yy) 1 |0E(Y?) IE(Yy)
e T ax, T 20M) | 0Xgy
s _ 00(Yy) Xy
X0 = Tax5 o (V)

(73)

where the derivatives of the first and second noncentral moments £(Y;"), » = 1, 2, with respect
to X;; arel

(74) el = o [ [0 X )

w

Note that Yi(w), Rw and Hx, (w) are aready defined in (51), (70) and (71) respectively,
and that Hy,(w) includes the first case of heteroskedasticity where X;; appears also as a
heteroskedasticity variable 7,,,; used in f(7;). After some algebraic manipulations, the derivative
and the elasticity of the standard error of Y; with respect to X;; can be expressed as:

D%, = gy [ D ™ i) = BR[04 X, () )

Rw

(75 |

g _ 1-Ay _ . %‘EJ
e = Ty | D) Vi) = BR300 + i, ()] )
B. Derivative and elasticity of o(Y;) with respect to a heteroskedasticity variable

Since the first case of heteroskedasticity has been previously treated, only the second case where
Zmt @ppears only in f(7;) is considered here The formulas for DY andny  are anaogous

to D%, and %, without the terms 3,.X7, A1 and 6]X  respectively:
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(76)

o = Gy | D) T i) = B0, (w)pte)do.
R

where Hy  (w) is dready defined in (72).

C. Standard error of Y; for the linear and logarithmic cases of Y;

In Table 4, explicit forms of o(Y;) are given for the linear and logarithmic cases of Y; depending
on the presence or absence of heteroskedasticity. As in Tables 12.2 and 12.3 for the sample
value Y; and the expected value F(Y;) respectively, autocorrelation is considered in these forms
which can be further reduced in the absence of autocorrelation by setting all the autoregressive
coefficients py’s included in A; equal to zero.

Linear Case (Ay =1)

» Homoskedasticity: o(Y;) varies sightly depending on the value of the lower bound of inte-
gration w; except if w} tends towards —oo, o(Y}) is constant and equal to the standard error
of the residuals w;’'s :

o 2) 2
Iim o(Y;) = lim /Yt( w)dw — /Yt
W} ——00 w}——00
— {(1 + At)z / e(w)dw + / wch(w)dw +2(1+ Ay) / we(w)dw
(77) —o0 o oo
o0 00 201
(1+ Ay) / e(w)dw + / wc,a(w)dw] }
— {/ wzap(w)dw] = ow
where Y;(w) = 1+ Ay + w, f w)dw =1, fwc,a dw—()andfwch (w)dw = o2,

* Heteroskedasticity: in contrast a(Yt) vanesfor each observation ¢ even if wy tends towards
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N

In this case, o(Y;) changes proportionally to f(7;)

ﬁ@mdﬁﬁyﬁﬂm!ZW@%me_ Z“Wwwmw22
_ { 1+ F(2)2 A 2_7 p(w)dw + f(Zt)_f o)
(78) voi4 [0 Al r(z} 71099 (o
_ _{1 + i) _7 o) +f(Zt>%_7 wso<w>d“’] 2};

f(Zt)/wch(w)dw] = f(Zy)2 0y

— 00

where Yy(w) = 1 + F(Z1)7 (A +w) .
Logarithmic Case (A, =0)
» Homoskedasticity: o(Y;) varies proportionally to exp (A;):

(79) ammmo/m@wwm/wmww@

NI

Heteroskedasticity: o(Y;) is a nonlinear function of A; and f(Z;)
(80)

NI

0 oo 2
o(Yy) = exp {f(Zt)%At} / exp {Qf(Zt)%w}ap(w)dw — |:/ exp {f(Zt);w}ap(w)dw]

D. Derivatives and elasticities of o(Y;) for the linear and logarithmic cases of Y;

In Table 4, explicit forms of the derivatives and the elasticities of o(Y};) with respect to X ;; and
Z e for the linear and logarithmic cases of Y; are given in terms of an observation ¢ to show

how both statistics vary with each observation.
a. Derivative and Elasticity with respect to X

1. Linear Case (\y =1)
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Homoskedasticity: thederlvatlveD" ., andthe elaticity 77X vary slightly depending
on the value of the lower bound of mtegratlon wy, but are both equal to zero as wy

tends towards —oo, since *hm f [Yi(w) — E(Yy)]e(w)dw is equa to zero.

’LU

Heteroskedasticity (X ; # th) thls case is identical to the previous one since the
heteroskedasticity function f(7;) does not include any Z,,; which is used aso as an
independent variable X ;.

Heteroskedasticity (X;; = Z,,,¢): both D% and 5§ %,. include two components: one
resulting from the variation of X, aone and the other from the variation of 7,,;. In
the limit case where w; tends towards —oo, only the second component remains.

2. Logarithmic Case (A, =0)

Homoskedasticity: the derivative D% is a function of X;; and o(Y?), but the
elagticity 1% is a function of X only and it is identical to both elasticities 77X
and 3.

Heteroskedast|C|ty (Xt # Zmt): this case is identical to the previous one since the
heteroskedasticity function f(7;) does not include any Z,,; which is used aso as an
independent variable X ;.

Heteroskedasticity (X;; = Zn,¢): the derivative Dg(]t and the eladticity ng(]t depend
on X]t, Loty O (E/t)a}/t( ),E(i/t) and Hth.

b. Derivative and Elasticity with respect to Z,,;

1. Linear Case (\y =1)

Homoskedasticity: since f(Z;) is not involved in this case, the derivative D% ~and
the elasticity »7 ~do not apply.

Heteroskedasticity (X;; # Zn:): the derivative and the elmticity depend on
Wi, Zmt, 0 (Yy), Yi(w), E(Y;) and Hg,,. If w} tends towards —oo, both statistics
have the same limits as in the case A 1 with heteroskedasticity ( jt = Zmt) SiNce
only the heteroskedasticity component remains.

Heteroskedasticity (X;; = Z,,;): this case is identical to the case A.1 with het-
erOSkedaSUCIty ( gt = th)

2. Logarithmic case (A, = 0)

Homoskedasticity: since f(Z:) is not involved in this case, the derivative D% ~and
the elasticity »%  do not apply.

Heteroskedasticity (X;; # Z,,;): the derivative and the elasticity depend on
Zmt, (Y1), Yi(w), E(Y;) and Hy,,

Heteroskedasticity (X;; = Z,,): this case is identical to the case a2 with het-
eroskedastlmty ( gt = th)
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Table 4 Explicit forms of the standard error of Y; and its derivatives
and eladticities for the linear and logarithmic cases of Y;.

STATISTIC CASE HOMOSKEDASTICITY HETEROSKEDASTICITY
(No f(Z:) involved) Xje # D Xje = Zpu
STANDARD
ERROR
2y 1/2
Ay =1 Ty
oY) =4 | Y (w)e(w)dw - m o (w)duw
wi
where Yi(w) =14+ A +w WhereYt( ) =1+ f(Z)Y? (A + w)
a(Y}) . 121100 oY) =ow lim (V) = F(Z) e,
i wi——o0
' 2y 1/2
Ay =0 oo
o(v) = [ Ye(whelwidw— | | Yi(w)e(w)de
where Yt(w) = exp (At + w) WhereYt(w) = exp {f(Zt)lh(At + wﬂ
DERIVATIVE
Ay =1 ﬂJXAfj_l oo Same as left column
D%, = W ]* [Yi (w) — E(Y2)]p(w)dw +D7... (A =1)
D%, Jlim D% =0 Jim D%, =
w¥— wy——
gam,zgztm—lf(zt)l/%w
Ay =0 D% =4, X Az] (Y) Same as left column
Xy — t
r +07,,,(0 =0)
Ay =1 Not applicable Dy (A, =1) Same as above
D%mt
Ay, =0 Not applicable Dg (A, =0) Same as above
ELASTICITY
\ 1 ﬁ AIJ o same as left column
= o J o
Y Mxj = j (Yt)] ( )d’w +772mt()\y = 1)
%0 ’ Jim 9%, =0
Wi e Jim  p%, = = L8, 20
wt ——00
A =0 . . . AI] Same as left column
¥y — ant = ant = nX]t ﬁ] +17%mt ()\y = 0)
Ay =1 Not applicable nz,., Ay =1) Same as above
NZ
Ay =0 Not applicable n%,., (A, =0) Same as above
where Ay =5 pe Y/, + Z Br X5,
£
_1 ]
Dg,. (A =1) = 225 J [Ye(w) = B(Y:)]Hz,, (w)p(w)dw,

t
Z—l

D%, (A =0) = Z&L ] Yi(w)[Ye(w) = E(Ye)Hz,, (w)p(w)duw,

We R = 1) mf Vi) = BV H o, (0)p(w)deo,
Vo by = 0) = ygiy S Velw)lVi(w) = BV, (o)

and Hz,, (w) = £6m Z05m | f(Ze) P (Ae + w) = 3 B X (|
k
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2.4 Derivatives and elasticities of the skewness of the dependent variable

A. General case

Since an independent variable X ;; can also appear as an heteroskedasticity variable 7,,,; in the
heteroskedasticity function f(Z7;), two cases for the derivatives and elasticities of v(Y;) can be
considered:

1. The independent variable X,; also appears in f(Z;). The derivative and the elasticity of
v(Y3) with respect to an independent variable X ;; can be obtained as:

pr ) 1 oYy
079Xy oY) | 90X
v _ (Y X
T NG ()

903(59)]
— (%) :
61) Xt

Using (65), the derivative of p3(Y;) with respect to X, can be written as:

(82)
Ips(Yr) _ OE(Y?) [oE(yy 2 2 OE(YY) DE(Yy)
= v gy PEOR) = 2B 00+ () (37 - B0 T

J J J J J
The derivative of o3(Y;) with respect to X, is:

00’ (Yy) 2y, 97 (Y1)
(83) ox, =300y
where
do(yy) 1 |9B(YY) IE(Yy)

(84) OX;  20(Yy)| 9X; _QE(Y’f)aTjt '

In (82) and (84), the derivatives of the first three noncentral moments of Y; with respect to
X;; are given by:

0 ! r— - _
(85) g;g]/’;) =7 / D/t(w)] Ay {ﬂ]X;\th 1 + thlHth(w)} ¢(u7)du77 (T = 173)

w

where Y;(w) is defined in (51) and the heteroskedasticity term i x , (w) in (71). Note that for the
specia case where X j; is not specified in f(Z;), then the heteroskedasticity term H x,, (w) isnull.

2. The heteroskedasticity variable Z,,; appears only in f(7;). The derivative and the elasticity
of v(Y;) with respect to Z,,,; are analogous to (81) with X;; replaced by Z,,;:

M) 1 o) D (37)
v — _
D = I my (YY) | 0 Zmy (1) Oz

(86)
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The derivatives of the first three noncentra moments of Y; with respect to 7,,; are given by:

(&7 DLyt [ i) g (o) (= 1.3)

Rw

where Hy  (w) is defined in (72).

B. Derivatives and elasticities of v(Y;) for the linear and logarithmic cases of Y;

For the linear case of the dependent variable, the skewness of Y; is zero, since the third central
moment of Y; is equal to zero:

3

(88) ps(Ye) = BlYy — B(V))* = B = E(u}) =0

= BrX )
;

where for simplicity, we suppose that Y; = > i X ,E?““) + u; without heteroskedasticity and

autocorrelation.  Since the residuals u;'s are ]ﬁormally and independently distributed, all the
odd-order moments of u; are zero, in particular the first and third-order moments. Hence the
derivative 9~(Y;)/0X;; as well as the elasticity 77)7(], are all zero in the linear case of Y;. For
the logarithmic case of the dependent variable, there are no closed forms of the skewness v(Y;),
the derivatives D and Dy , and the elasticities 3. and 5 . They should be computed
numerically using (64) and (81)-(87). ’

All these cases are summarized in Table 5.
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TABLE 5 Explicit forms of the skewness of Y; and its derivatives
and eladticities for the linear and logarithmic cases of Y;.

STATISTIC CASE HOMOSKEDASTICITY HETEROSKEDASTICITY
(No f(Z;) involved) Xt # Zst Xt = Zy
SKEWNESS
Ay =1 0
7(Y)
= s(Ve) _ B -EY){3E(?)—2[EX))
A =0 (i) = 23 = SO L O )
where E(Y/), r =1, 3 |s glven in (66).
DERIVATIVE
Ay =1 0 0
D}(ﬁ
Ay =0 Dy, Dy + Dy
Ay =1 Not applicable 0 0
~
th
Ay =0 Not applicable D}mt D}(ﬁ 1 D}mt
ELASTICITY
Ay =1 0 0
X,
Ay =0 ., =D, W)((;:) nx, 1z,
Ay =1 Not applicable 0 0
.
Ay =0 Not applicable ngm - D}mt WZ&;) 77;@ 1 n}mt
where Av(Y; Aus(Y; do3(Y,
Dy, =3¢ = { L8 — (Y g;ﬁjt’)] as given in (81)
and oy(Y; Aps(Y; do3(Y,
Dy = T = T () 200 ] s given in (86)
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2.5 Ratios of derivatives of the moments of the dependent variable

In the three preceding sections, we have considered the derivatives of the three moments of Y}
with respect to an independent variable X ;;, namely dE(Y;)/0.X j; in (70), 0o (Y;)/0X ;s in (73)
and 0+(Y)/0X,¢ in (81). Using these derivatives, three different relations can be obtained for
the ratios of two derivatives of the moments of Y;. Consider them in turn:

The ratio of the derivatives of a same moment with respect to two different independent
variables X;; and X,; gives the Marginal Rate of Substitution (MRS) between these two
variables:

This MRS can be shown below to be independent from any moment chosen for the derivatives.

The ratio of the derivatives of two different moments m, and m, with respect to a same
independent variable X;; gives the Marginal Rate of Substitution (MRS) between those two
moments:

8mr B 8mT/8th

(90) MRS Tyts — ams = ams/aX]t 5

(r£s=1,3andj=1,K).

where m 1, m, and m3 represent respectively E(Y;), o(Y;) and v(Y7). 1t will be shown below
that this MRS does not depend on any X;; with respect to which the derivatives of the
moments are taken.

For two different moments m, and m, and two different independent variables X;; and X,
we have the following relation for the ratio of derivatives:
My, My 8mr/6Xlt 8mT 6}(],5

—= = — AMRSmrymS-MRS ] °
Xi, X; 6ms/8X]t dms 0 Xy B

(91) MRS

It is a combination of the two preceding cases, i.e. a product of a MRS of moments and a
MRS of variables. But the economic interpretation of this case remains to be found.

We therefore focus on the first two ratios and on the elasticity of the second one.
A. Marginal Rate of Substitution between two independent variables

The marginal rate of substitution between two independent variables X;; and X ;; can be computed
from the ratio of the derivatives of the first moment £(Y;) with respect to X;; and X ;. It will
be shown below that this MRS does not depend on any moment chosen for the derivatives in
the ratio. Since the independent variables X;; and X;; may also appear in the heteroskedasticity
function f(Z;), two cases of the MRS between X;; and X;; can be considered:

f(Z;) is not a function of X;; and X ;. Using (85) for the expressions of the derivatives of
E(Y:) with respect to X;; and Xj;, where the heteroskedasticity terms H x,, (w) and Hx,,(w)
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are null, the MRS can be written as:

(92) 1-A A
Yi(w Y3 X ==L (w)dw ‘
b X,‘,XJ — = — — — = .
OXie  OEMD/OXje [ Vi)' X p(w)de 55Xy
R

For example, in the context of travel demand, the marginal rate of substitution between travel
time (T) and cost (C), also known as the value of time, can be computed as:

0C} _ ﬂTTt)‘T_l
Ty peCpe™

(93)

f(Z;) is a function of both X;; and X ;. Using (85) again for the expressions of the derivatives

of £(Y;) with respect to X;; and X ;;, where the heteroskedasticity terms Hx,, (w) and Hx,,(w)

are nonnull, the MRS cannot be obtained in closed form, but should be computed numerically:

(94)

Yi(w)] @X»)‘”_l —I—X»_IHX.t w w)dw
o, oEmex, J i ™ [ 7t ()] p(w)

SX X, = — = — = — — :

OXa  OBEVOIOXje [ i)' ™ 8300 T 4+ X Hx, (w) | o)
Rw

Two special subcases of (94) can be noted:

a. If only X;; appearsin f(Z;), then Hy, (w) is null.
b. If only X, appears in f(Z;), then Hx, (w) is null.

Now we turn to the proof for the double equality of the ratios of the derivatives of the moments
of Y;:

E(Y)/0Xi  90(Y)/dXa

> E(Y)/0Xj — 0o(Y1)/0X;y
and
(96) do(Yy)]0Xy  0v(Y1)]0Xy

do(Y1)[0Xj — oy(Y)/OXji

Using (73) for the expressions of the derivatives of o(Y;) with respect to X;; and X, the ratio
of these derivatives can be written as:

OE(Y?)

t oF(Y;
b —2R(Y, (Y1)

I X

1
do(V1)/0Xiy 2707

ao—(i/t)/a)(]t a 1 {% . QE(E)Q(E)Q/:)} - OE(Y,) {aE(Yf) Xy QE(E)}

IE(Y:)
e JE(Y))

oF Yf 9X;,
ag(it ) B 2E(3/t>:|

97) 20(Y;) It 9X,. | 9X;. JE(Y;)
_OB(Yy)/0X
IE(Y1)/0Xjt
Sinoe OE(Y?) 0Xy  OE(Y?) oXj  OE(Y?)

0Xy OE(Y;)  0Xj 0B(Y:) 0OE(Y;)
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Using (81) for the expressions of the derivatives of v(Y;) with respect to X;; and X, the ratio
of these derivatives can be expressed as:

Ips (Vi 90 (Y, (Y1) [ ops (Vs "
og UD/0N T 20— (v B 2 B 0k 5 (vy)|
0v(Y)/0Xj 1 [é‘us(Yt)_v(y)ach(Yt)} B aaﬁ(m{aug(m 90X, _V(Yt)} '

X, t) 73X, 9X;e | 9X;e do2 (%)

By noting that

9o’ (Y1) [0Xu 30 (Y)0o(Y1)/0Xu  Do(Yy)]0Xit

9 PP (V) [0X 0 302(Yi)0o (Vo) [0X,  00(Ve)[0X,q
and
(100) Aus(Yy) 0Xi :aﬂ?)(yt) 0X :aﬂ?)(yt)

0Xit 003(Yy) 0Xj 9o3(Yy)  do3(Vy)’
we obtain the equality of the ratios of the derivatives:

Oy(¥1)/0Xa _ 0o (Y1)]9Xu
O (Y)/0Xj1  0o(Yy)/0Xji

(101)

B. Marginal Rate of Substitution between two moments
Since there are three moments of Y}, we have six possible combinations of two different moments
for the ratio of the derivatives of two moments of Y; with respect to a same independent variable
X,y For each combination, we will show that this ratio is independent from any X;; with
respect to which the derivatives of the moments are taken:

1. MRS between E(Y;) and o(Y;). Using (73) for the expression of the derivative
do(Yy)/0X ¢, we can write:

(102) OE(Yy) _OE(YY/0Xj IE(Yy)]0X
do(Ye) do(Yy)/0X i B [8E<Ytz)/8th —2E(3€:)6E(1Q)/6Xﬁ]/[20(1g)] '

Dividing both the numerator and the denominator by 9 £(Y;)/0.X j;, we obtain:

DE(Y}) 25 (Y7)

(103) MRS = v = GE( ) R —2E(1)

Clearly, this expression does not depend on any X;; with respect to which the derivatives
of the two moments are taken initially.

2. MRS between E(Y;) and ~(Y;). Using (81) for the expression of the derivative
0v(Yy)/0X ¢, we can write:
DE(Y))  DE(Yy)/0X;q DE(Y1)/0X;4

U0 00 = 9 00/0%, DV 0,0 — 1 (V)de (Vi) 0, ]o 7 (Ve)

MODEL TYPES, Version 6.0 L-1.6 April 2008



The L-1.6 program for BC-GAUHESEQ regression 35

Dividing both the numerator and the denominator by 9£(Y;)/9.X ;;, we obtain:

OE(Y:) a3 (Y4)
IYy)  Ous(Yo)[OE(Y:) — v(Y)do3 (V) [OE(Y)

(105) MRS®T =

Clearly, this expression does nor depend on any X;; with respect to which the derivatives
of the two moments are taken initially.

3. MRS between o(Y;) and ~(Y;). Using (73) and (81) for the expressions of do(Y;)/0X
and 0v(Y;)/0X, respectively, we can write:

a0 000D _ 90lY/0X; _ [OF (V)X — 2E0DIEY /X, [[20(71)
(V) 000X, (V0 0N, — 3 (V0aa (V) [0X 1)/ (V7)

Dividing both the numerator and the denominator by 9 £(Y;)/0.Xj;, we obtain:

do(Yy) (Vi) |[OE(Y¥)/OE(Y:) — 2B(Y1)]

(0D MRS = 5o = S JOE(YG) — 7 (V)00 (V) OB

Clearly, this expression does not depend on any X;; with respect to which the derivatives
of the two moments are taken initially.

We have shown that the ratio is independent from any X ;; with respect to which the derivatives of
two moments are taken for the three cases 0 FE(Y;) /0o (Yy), 0F(Y:)/0~+(Y:) and do(Yy) /0y (Y3).
The three remaining cases do(Y;)/0E(Yy), 0v(Yy)/OE(Y;) and 0~(Y;)/0o(Y;) are just the
inverse ratios of the three preceding cases. Furthermore it is interesting to note that the six
MRS's are interrelated. Using the chain rule, the product of (103) and (107) gives (105):

OE(Y;) 00(Yy)  OE(Y})
(108) aa(v; 67(3;) B 67(34?) '

Each MRS on the left hand side can then be deduced:

OE(Y;)  OE(Y) do(Y})
do(Yy) — ov(Yy)' 9v(V2)

(109)

and

9o(v) _ 9B()
(110 900~ 0

Theinverse cases 9+(Y;)/OE(Y;), 0o (Y1) /OE(Y;) and 9v(Y:)/do(Y:) can be obtained by taking
the inverse of every component in (108), (109) and (110) respectively. Although the sign of
each MRS taken separately can be:

Positive, if the derivatives of the two moments with respect to a same independent variable
Xj¢ have the same sign,
Negative, if they have opposite signs,
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the equation (108) implies that once the signs of any two MRS's are known, the sign of the
remaining one is determined. Therefore, only four out of eight (2*) combinations of signs of the
three MRS's are feasible. Table 6 gives these four feasible combinations.

TABLE 6 Feasible combinations of signs of the MRS's among moments.

Feasible Signs of MRS's
combinations MRS®? MRS MRS®7
A —~ —~ +
B + — -
C — + —
D - + +

C. Elasticities of substitution between two moments

In the preceding section, the MRS's among the three moments were defined. Since the first two
moments £(Y;) and o(Y;) are measured in the same units as the dependent variable Y;, whereas
the skewness ~(Y;) is a pure number, the MRS's where the first two moments are involved,
namely M RS®? and M RS%¢, are dimensionless in contrast to the other four MRS's where
the skewness ~(Y;) is involved with one of the first two moments. Therefore, the elasticity
of substitution between two moments 2, and m, should be also computed to obtain a statistic
which does not depend on the measurement units of Y;:

(111) nmrams — MRsmr,ms% - amr%

my  Omgmy

Since the first moment £(Y;) and the skewness ~(Y;) can be positive or negative — FE(Y3)
can be negative if the dependent variable Y; is not transformed by Box-Cox, hence Y; does not
need to be strictly positive — whereas the standard error o(Y;) is always positive, four cases
for the signs of the elasticities of substitution among moments are given in Table 7, for each
feasible combination of signs of the MRS's among moments reported in Table 6. Note that the
first row associated with each feasible combination of signs of the MRS's corresponds to the
case where al the moments are positive, hence the signs of the elasticities of substitution are
identical to those of the MRS's.
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TABLE 7 Feasible combinations of signs of the elasticities of substitution among moments.

Feasible Cases | Signsof moments | Signs of the elasticities of substitution
combinations
Al + + + - - +
A A2 — + + + — —
A3 + + — — + —
A4 — + — + + +
B.1 + + + + - -
B B.2 — + + — — +
B.3 + + — + + +
B.4 — + — — + —
C1 + + + - + —
c C.2 — + + + + +
C3 + + — — — +
C.4 — + — + — —
D.1 + + + + + +
5 D.2 — + + — + —
D.3 + + — + — —
D.4 — + — — — +

2.6 Evaluation of moments, their derivatives, rates of substitution and elasticities

A. Evaluation of the moments of Y;

In Section 2.1, the expected values of the dependent variable Y;, as well as its standard error
and skewness are computed:

For each observation ¢ in the estimation period.
For a subset of observations included in the estimation period. Note that this option applies
only to the expected values of Y;.

Note that the calculated value of Y; given in (48) is not computed due to the fact that the
expression in the square brackets can be negative and hence cannot be raised to the power 1/,
if Ay # 0.

B. Evaluation of the derivatives and elasticities of Y;
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In Sections 2.2, 2.3 and 2.4, the derivatives and elasticities of the sample and expected values
of Y;, and those of the standard error and skewness of Y; are computed:

At the sample means of the dependent and independent variables, and the heteroskedasticity
variables if any, for the estimation period.

At the sample means of these variables, for a subset of observations included in the estimation
period. Note that this option applies only to the sample and expected values of Y;.

C. Corrected elasticities for a quasi-dummy and a real dummy

The concept of a derivative, hence an elasticity, strictly implies that an independent variable
is of continuous type. Since al the independent variables specified in a model may not be
necessarily continuous, a classification of the variables into four categories is needed to allow
for the correction of the elasticities for the positive observations of two categories of variables,
namely the “quasi-dummies’ and the real dummies:

Category 0: Continuous variable which is strictly positive, hence can be transformed by Box-
Cox.

Category 1: Any continuous variable which is not strictly positive, hence cannot be transformed
by Box-Cox.

Category 2: Quasi-dummy, i.e. a continuous variable containing only positive and null values,
for example the level of snowfall per month, which is positive in winter, but null in summer.
Strictly speaking, this type of variable cannot be transformed by Box-Cox due to the null values,
but if a Box-Cox transformation is absolutely necessary, then only the positive observations
of the quasi-dummy are transformed. Since the null observations cannot be transformed, an
associated real dummy, which has avalue of 1 for the positive observations of the quasi-dummy
and a value of 0 otherwise, must also be created and specified in the regression equation.

Category 3: Real dummy which has only two values. 0 and a positive constant, for example a
binary (0 — 1) variable such as sex (0 for male and 1 for female), or a dummy associated with
a quasi-dummy defined above. Unlike a quasi-dummy, a real dummy cannot be transformed
by Box-Cox since al the values of 1 will be reduced to zero, if they are transformed with any
value of the Box-Cox \-parameter, so that the transformed real dummy will contain only null
observations.

Two cases of the quasi-dummy should be considered:

1. Quasi-dummy not transformed by Box-Cox. The correction of the elasticities for the
positive observations is based on the fact that one is interested in the effect on the dependent
variable only when an activity or a phenomenon represented by the quasi-dummy or the
real dummy really occurs, i.e. when the observations of the dummy are only positive. The
following correction formula considered in Dagenais et al. (1987) is used:

_ + /At

L ox XNNT

112 L .

(112) S T S Wi n]N;r
i

where n; represents ng(ﬁ, ng(ﬁ, ng(ﬁor n}(ﬁ evaluated at the sample means, X is the sample
mean of a quasi-dummy or real dummy X; computed from the total set of observations used
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in estimation, and Xj“ is the sample mean computed only from the positive observations
of X; whose number is N ;“. Note that for a subset of observations from the total set, the
correction formula is analogous.

2. Quasi-dummy transformed by Box-Cox. If aquasi-dummy, say @),, istransformed by Box-
Cox, the correction will change slightly for 7¢, since the expected value of Y; evaluated at
the sample means of X' and 7, say F(Y3)|x 7, should be computed in fact from the sample
mean of a strictly positive variable ()7 instead of (); so that the well-known properties,
namely E(Y)| g z =Y and 1, |z 7 = nd,|x 7 in the standard linear regression case, may
be preserved. Transforming only the positive observations of (); by Box-Cox while leaving
the null observations of the variable untouched is exactly equivalent to applying the Box-
Cox transformation on a strictly positive variable ()7 such that ¢); isidentical to ¢); for the
portion of positive observations Q;F and @} is equal to 1 for the portion of null observations

*(AQ)

of ()¢, since @} =0, if @7 =1 for any value of Ag. Thus, the correction formula in
this case has the following form:

)+ QNS +
(113 b, = 1t Lo = g tt/ce_eN( 2L )

CQr T UTSQIN T NG \NG F Q7

where 7753* is evaluated at the sample means of X and Z, with the mean of () replaced

by the mean of Q*, and Ng; and Ng are respectively the numbers of positive and null
observations of ();.
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TABLE 8 Correction of the elasticities X, X, ngfjtand n}(ﬁ a the sample
means, for the positive observations of a quasi-dummy or a real dummy.

CATEGORY ELASTICITY
n;(ﬁ or ng(]t ng(ﬁ n}(ﬁ
()
Quasi-dummy
* No Box-Cox ﬂ ﬂ ﬂ
s NT 1 NT 1 NT
J J J
+ + T
* With Box-Cox N ;Xﬂ N ;Xﬁ N ;Xﬂ

Q- nQ* Q-
N N]0+;X;| N N]0+;X;| N Nf—l—%)Xﬁ

(3) Red

dummy

* No Box-Cox U‘i U‘i U‘i
J NF J NiF J NiF

where 5, represents n}ﬁ, ng(]t, ng(ﬁ or n}(ﬁ evaluated at the sample means, - represents
NG+ NG+ MG+ OF 7732* evaluated at the sample means, N ;“ is the number of positive
observations X;;’s, N7 is the number of null observations of X;; and N is the total number

of observations <N =N ]0 + N j) used for estimation.

D. Evaluation of the ratios of derivatives of the moments of Y; and elasticities of substitution
among moments

In Section 2.5, three different relations were obtained for the ratios of two derivatives of
the moments of Y;. The first relation gives the Margina Rate of Substitution between two
independent variables, the second the Marginal Rate of Substitution (and elasticity of substitution)
between two moments, and the third the product of a MRS of moments and a MRS of
variables. Since the third relation cannot be interpreted in economic terms, only the first two
relations are computed at the sample means of the dependent and independent variables, and the
heteroskedasticity variables if any, for the estimation period.

Table 9 summarizes the evaluations provided for the derivatives and elasticities of the moments,
and for the ratios of the derivatives of the moments and their elasticities.
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TABLE 9 Evaluations provided for the derivatives and elasticities of the moments,
and for the ratios of the derivatives of the moments and their elasticities.

Evaluation provided

Statistics Equation # At the sample means Corrections for
reference Quasi-dummies
Full st Subset and Real Dummies

Derivative

D%, (67) v v

D%, (70) v v

D%, (73) v

D, (81) v
Elasticity

%, (67) v v v

%, (70) v v v

%, (73) v v

"X, (81) v v

MRS between variables

MRSk, x, (89) v

MRS between moments

M RS™rms (90) v

Elasticity of substitution between moments

e (111) v

2.7 Student’s t-statistics

The t-statistics for the estimated parameters can be computed as follows:

At the initial step of the maximization procedure, only the t-statistics for the estimated -
coefficients conditional upon the initial or fixed values of A,, A, \.,6 and p can be given
since they are based on the results of a standard regression of the transformed dependent
variable Y** on the transformed independent variables X **. Hence these tests are invariant
to changes of measurement units in the original variables Y, X and ~.

At the convergence of the log-likelihood function, two types of t-statistics can be obtained:
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a

Unconditional t-tests for the estimatesof 3, Ay, Ay, A, 6, p and o2, using the standard errors
derived from the covariance matrix (38) are computed under the null hypothesis that the
parameter is equal to zero. These tests are invariant to changes of measurement unitsin
the original variables Y, X and Z, except for 5 and é-coefficients due to the application
of the Box-Cox transformations on these variables. For the A-parameters, apart from the
value 0 which corresponds to the logarithmic form of the variable, another interesting
value to test against is the value 1 since it corresponds to a linear specification of the
variable, hence unconditional t-tests for the estimates of A,, A, and \. are also computed
under the null hypothesis that the parameter is equal to one.

To obtain invariant t-tests for the 5 and é-estimates, which are more reliable in hypothesis
testing than the unconditional ones which are not invariant, hence can be boosted at will
by a proper choice of measurement units of the variables, a simple procedure is to compute
the t-tests for 3, 6, p and o2 conditionally upon the estimates of \,, A, and A, by using
the conditional covariance matrix of 3, §, p and o2 which is equal to the inverse of

w

a submatrix derived from the matrix [E G gkl in (38) by deleting the rows and
7 n=1
columns associated with Ay, A; and A, (Dagenais et al., 1987).

When the program fails to converge to a maximum point, the covariance matrix of the estimated
parameters cannot be obtained. In this case, the standard errors will be set equal to unity so that
the final table can be printed to give information about the gradient.

2.8 Goodness-of-fit measures

Two goodness-of-fit measures which indicate the accuracy with which a specified model adjusts
to the observed data are given in the program: the R% measure is computed with the expected
value of Y3, E(Y;), defined in section 2.1 and the B3 measure is based on the likelihood ratio test
statistic A. Since both measures are just nonlinear extensions of the standard linear regression
case, they are caled pseudo—R* measures.

A. Pseudo-(E)-R?

Instead of computing the usual R? measure defined for a standard linear regression model:

(114)

12

> [vi- 7
R2:1_t—2
S 0i-)

which can give a negative value in the nonlinear case where the dependent variable Y; is
transformed by a Box-Cox, since the sum of squares of residuals can be greater than the total sum
of squares of Y; in deviation around its sample mean Y, we compute the square of the simple
correlation coefficient between Y; and £(Y;) called the Pearson R3, like Laferriere (1999):

— unadjusted:

[; (v - V) (B(vy) - BY))
> (= V)" 5 (B0 - B(Y))

i

R} =

2
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(115)

— adjusted:
N—1 ,
v e Fr)

Rr=1-

where K* is the total number of estimated parametersin I1* which includes all the 5—coefficients

and a set of estimated parameters in (\y, Az, Az, 6,p1); and Y and E(Y) are respectively the
means of ¥; and E(Y;): Y = > V;/Nand E(Y) = > E(Y;)/N. This k% measure will
1 1

always give values within the range 0 — 1, and will be identical to the usual R? measure if the
dependent variable Y; is linear (Johnston, 1984).

B. Pseudo-(L)-R?

— unadjusted:
(116) RY =1 A¥N
— adjusted:
P2 _q_ Nl
(117) Rp=1-+ _K*(1 R7)

where A isthe ratio of the likelihood function £ when maximized with respect to the regression
constant 3; only, to the one with respect to II* as defined above:

(118) A= H%C;LX L/ max L.

The R% measure always remains inside the interval 0 — 1 since the maximum of £ associated
with 3, — which corresponds to the most restrictive model where no independent variables
except for the constant term are specified — is necessarily smaller than the maximum associated
with II* which includes less restricted parameters.

Note that for the standard linear regression case (A\y = A, = 1, Vk) without heteroskedasticity
(§ = 0,¥\.) and autocorrelation (p = 0), the two measures, R3 and R, coincide since A%/
reduces to the ratio of the unexplained sum of sgquares to the total sum of squares of Y; in
deviation form:

—2/N ;(Yt—f@)z
S (1 -1)

i

~ sk 2
> <Yt** _Y >

(119) AN
> (1 -7)

A,—1

ZYt

7 f(Zt)l/z

2

where 17,5** is the calculated value of Y;** given in (46).
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C. Moments of Y; observed and estimated, and of £(Y};) estimated

In a regression model where a Box-Cox transformation is used on the dependent variable Y7,
one is interested to see how much the transformation will make the distribution of the expected
values of Y; close to the distribution of the observed values of Y;. The first three moments
(mean, standard error and skewness) computed for the observed and estimated Y;'s and also for
the expected values of Y; given by £ (Y;) constitute a set of goodness-of-fit measures. Note that
in column B of Table 10, the three moments of the estimated Y;'s are evaluated at the sample
means of the variables.

TABLE 10 Moments of Y; observed and estimated, and of £(Y;) estimated.

(A) (B) ©)
MOMENT MOMENT OF Y} MOMENT OF Y} MOMENT OF E(Y7)
OBSERVED ESTIMATED AT ESTIMATED
THE SAMPLE
MEANS
Mean Y = %zt;yt E(Y}) E(Y) = %;E(Yt)
— SE(Y) =
Standard error - Zt: (¥-Y) o(Y7) Y [Bv)-ET))°
sy =\ —NT — :
N1
vy = ma/s v(Y) VE(Y) = M3/ Sy
Skewness where . where ,
> (Yi=Y) S [E(Y)-EY)]
m3 = —xy-— L =

3. SPECIAL OPTIONS

3.1 Correlation matrix and table of variance-decomposition proportions

A correlation matrix for the independent variables (excluding the constant) and the depen-
dent variable in terms of the original variables (X andY") is always given before the maxi-
mization procedure begins. Another correlation matrix in terms of the transformed variables
(X* and Y**) is dso computed at the maximum of the log-likelihood function. The matrices
are stored and output in a lower triangular form where the last row represents the pairwise
correlations between the dependent variable and each of the independent variables.

To detect the presence of multiple linear dependencies among the original independent variables
X, the spectral decomposition of X X is used (Judge et al., 1985). This method is similar to
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the singular value decomposition of the matrix X given in Beldey et al. (1980). The analysisis
also performed for the transformed variables X ** at the maximum of the log-likelihood function.
The spectral decomposition of X X is defined as:

k
(120) XX =D v,
1=1

where p; is the (K x 1) eigenvector associated with the i-th eigenvalue ~; of X "X and the
columns of X are scaled to unit length but not centered around their sample means, because
centering obscures any linear dependency that involves the constant term.

Beldey et al. use a set of condition indexes which is a generalization of the concept of the
condition number of a matrix to detect the presence of near dependencies among the columns
of X:

— Condition number of X: x(X) = (Ymazr/Vmin)" >, WHere vmes and vmin are respectively
the greatest and smallest eigenvalues of the ~,’s. This number measures the sensitivity of 4 to
changesin X' X or V'Y in linear systems represented by the normal equations X' X6 = X'Y;

— Condition indexes: n; = (ymax/w)l/z,i = 1,..., K. Note that if ~; is equal t0 7., then
n; has a maximum value which corresponds to the condition number of X: v, = &(X).

To determine which variables are involved in each near dependency, a decomposition of the
variance of by(k = 1,..., K) is performed:

K

(121) Var(by) = o* > (pi;/)
j=1

The proportion of Var(b;) associated with any ~; is then computed:

K

(122) I = (p%i/%)/Z(p%j/’VJ)

i=1

These results can be summarized in a table of variance-decomposition proportions where the
elements in each column are reordered according to the increasing values of the +;’s.

TABLE 11 Eigenvalues of X’X, Condition Indexes of X and Proportions of Var(b).

EIGENVALUE CONDITION VARIANCE-DECOMPOSITION PROPORTIONS
INDEX Var(by) Var(by) . Var(bx)
1 (Ymin) n1 = k(X) 1ET] 12 C 1k
72 n2 Il 1PY) C. ok
YK (Ymex) nk =1 Hk1 k2 C kk
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The sum of the proportions 11;;’s in each column associated with Var(b;,) is equa to one. The
following rules of thumb can be used to detect the presence of near dependencies.

1. High values of the condition indexes (n; > 30) signal the existence of near dependencies,
while high associated I1;;’s in excess of 0.5 indicate which variable X isinvolved in the
collinear relations.

2. When a given variable X is involved in severa collinear relations, its proportions I1;;’s
can be individually small across the high 7;’s. In this case, the sum of these proportions
which is in excess of 0.5 aso diagnose variable involvement.

3.2 Analysis of heteroskedasticity of the residuals

At the initial and final steps of the maximization of the log-likelihood function, the estimated
residuals of wu, v+ and w¢ are plotted around their means, against the observations ordered by
increasing values of one selected independent variable to provide a graphical anaysis of the
functional form of heteroskedasticity related to this variable.

The residuals in standard units are plotted to scale on the horizontal axis, whereas on the vertical
axis, the independent variable is not, due to the large number of observations. one line represents
an observation, irrespective of the real distance between two consecutive observations.

3.3 Analysis of autocorrelation of the residuals

At the initial and final steps of the maximization of L, autocorrelation and partial autocorrelation
functions are estimated for a time-series w, that is produced by a differencing operation applied
to the estimated residuals ¢;'s which can be the u;'s, v4's or w;'s depending on which model
type is specified:

(123) o =01-B)Y1—-BY"s, t=1+4r ... n)
where B is the backward shift operator defined as Be; = ¢;_1, hence B"e; = €—m, d

is the degree of consecutive differencing (0 < d < 3), D is the degree of seasonal differencing
(0 < D <3)ands isthe period of seasonal differencing (1 < s < 31). An additional constraint
for d,D and s isd + sD < n — r. For example, if only the residuals ¢;'s are to be analyzed,
but not the higher order differences produced by consecutive and/or seasonal differencing, then
d and D should be set at 0 and s which is not relevant in this case can be set a any positive
integer value.

The following estimates are computed for the autocorrelation and partial autocorrelation functions
of wy;. (For a complete description and use, see Box and Jenkins (1976)).

A. Estimate of the autocorrelation function

The autocorrelation function is extremely useful in providing a partial description of a stochastic
process, i.e. a measure of how much correlation, hence interdependency, exists between
neighboring data points in a time-series. For a normal stationary process w;, the autocorrelation
function with lag & is defined as:
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(124) _ _
5o Pl ) @ —pg)] Cou(@, Buik) _ j_k(k — 01, F)
~ e g~
\/ B (@ = 1) | E| (k= n)’| v "
where the mean and variance of w; are respectively u~ = FE(wi) = E(wyyy) and
a% = E{(@ — ,ua>2} = E{(@Hk — /%)2}, and the autocovariance at lag k is 7, =

Cov(Wy, Wirg) = Cov(Wigm, Wprmtk) fOr any ¢,k and m. Note that pp = 1 and 5, = 0'?;.

The autocorrelation function {p; } is dimensionless, i.e. independent of the scale of measurement
of the time-series. Since~y > [3;| (k = 1,2,...), dl the p;’s lie between —1 and 1. It is
symmetric about zero, that is p. = p_j, hence considering the positive half of the function
(k > 0) is sufficient to analyze the time-series. Sincey;, = prvy0 = ﬁkaé, anormal stationary
process w; is completely characterized by its mean u~ and autocovariance function {7}, or
equivalently by its mean 4 ~, variance a% and autocorrelation function {py}.

An estimate of the autocorrelation function, called the sample autocorrelation function, can
be computed as:

(125) 7 = C—k,(k:o,L...,f()

€0

where ¢ is the estimate of the autocovariance function at lag &:

n—k
(126) cp = Z (wi — @) (g, — @) /(0 — 1)
t=14r

_ n
w is the sample mean of w; computed as > w/(n — r) and ¢ is the sample variance of w;
t=1+r

n _
computedas > (wt — 6)2 /(n — r). Notethat for long time-series, the sample autocorrelation
t=1+r
function will closely approximate the true population autocorrelation function, but for small

samples, e.g. less than 50 observations, it will be biased downward from the latter.
B. Standard error of the autocorrelation estimate

To check whether the theoretical autocorrelation pj, is effectively zero beyond a certain lag ¢,
Bartlett’s (1946) approximation for the variance of the estimated autocorrelation coefficient of
a normal stationary process can be used:

+0o0o
- 1 . I 9
(127) Var(ry) o~ > (P2 + BoskPok — ADkPobu—k + 2Pa0k)-
V=—00
If al the autocorrelations p,, are zero for v > ¢, all terms except the first between the parentheses
are zero when £ > ¢. Thus at lags & greater than ¢, the variance of the sample autocorrelations
7. can be expressed as:
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q
(128) Var(r,) ~ %(1 +2 Z 53) , (B>q).

v=1

To obtain an estimate of Var(r;), say @(’Fk), the sample autocorrelations r, (v = 1,2,...,q)
are substituted for p,,. The sguare root of this estimate is referred as the large-lag standard
error. For example, if ¢ = 0, i.e. the series w; is assumed to be completely random, then for
al lags, the large-lag standard error reduces to:

— 1

129 Var(ry) o~ ——

which is printed next to each row of the sample autocorrelations 7}, and can be used in a first
step to test the null hypothesis that p;, = 0, (k=1,2,...).

A second step would be to select the first lag ¢ at which an autocorrelation coefficient was
significant and then use (128) to test for significant autocorrelations at lags & longer than
g. For example, if r; were significant, r,,73,... could be tested using the standard error
[(1+27%)/N] /2 For moderate N, the distribution of an estimated autocorrelation coefficient,
whose theoretical value is zero, is approximately Normal (Anderson, 1942): on the hypothesis
that p;. is zero, the estimate r;, divided by its standard error will follow approximately a unit
Normal distribution.

C. Estimate of the partial autocorrelation function

Whereas the sample autocorrelation function is used as a first guess which is certainly not
conclusive for the significance of each autocorrelation coefficient, the partial autocorrelation
function ¢4, which is based on the fact that for an autoregressive process of order p which has
an autocorrelation function infinite in extent, ¢4 is nonzero for ¢ < p and zero for / > p, i.e.
it has a cutoff after lag p, provides a means for choosing which order of autoregressive process
has to be fit to an observed time-series.

Let ¢¢; be the jth coefficient in an autoregressive process of order ¢ so that ¢ is the last
coefficient. The ¢,;’s can be shown to satisfy the set of equations:

(130) pi = onpj—1+ depj-2+ ...+ dupj—e, (j=1,2,...,0)

leading to the Yule-Walker equations:

1 p1 p2 - pe—1] [P0 P1

5001 A . B 5

(131) P L pr=2 </5fz2 _ p:z
pi—1  pe—2 pr—3 .. 1 b pe
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The coefficient ¢4, regarded as a function of the lag ¢, is called the partial autocorrelation
function. It measures the correlation between w; and w;_; given w;_q, ... ,wt_(g_l). The esti-

mated partial autocorrelations q?gj’s can be obtained by substituting the sample autocorrelations
r;'s for the p;’s in (130) to yield:

(132) = baTiot + beljo2+ 4 bt (= 1,2,...,0)
and solving the resulting Yule-Walker equations.

A simple recursive method for estimating the q%’s, due to Durbin (1960), may be used if the
values of the parameters are not too close to the nonstationary boundaries:

" if (=1,

-1
(133) gff = re— ];1 ¢ﬁ_1’]’7“[_]‘ - N
if¢=223...,L.

1
1 =37 bp147;
=t

where q?g]» = 5{_1’]‘ — q?aq?g_l,g_]» (j=1,2,...,0—1)and [ is the maximum lag of the partial
autocorrelation function. Note that 7. should be less than or equal to A which is the maximum
lag of the autocorrelation function used in (124).

D. Standard error of the partial autocorrelation estimate

If the process is autoregressive of order p, the estimated partial autocorrelations of order p + 1,
and higher, are approximately independently distributed (Quenouille, 1949), and the standard
error for these autocorrelations is:

A 1
(134) Var(qﬁzz) =N (¢ >p)
which can be used to check whether the partial autocorrelations are effectiveIAy zero after some
specific lag p. Note that on the hypothesis that ¢, is zero, the estimate ¢, divided by its

standard error is approximately distributed as a unit Normal deviate.

3.4 Forecasting: Maximum likelihood and simulation forecasts
A. Maximum likelihood forecast

To obtain the predicted values of the dependent variable over the p periodsfort = n+1,...,n+
p,, the following approach is adopted: for the first period of forecast » + 1, the maximum
likelihood predicted value of Y;,; is given by the first order condition 9L,1/0Y,4+1 = 0, since
n+1 n
maximizing the total log-likelihood function > L;= > L;+ L,y1 with respect to Yy, +1
t=1+r t=1+r
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is equivalent to maximizing the log-likelihood function ,41 associated with the (n + 1)-th
period only.

The first derivative of the log-likelihood function L., with respect to Y;, 1 can be written as:

(139) ]
Loy, o1 o —Tus ( Tl N gt )] if A, % 0
Y Y
OLng1 ) Yorr| o2 f(Zur) P\ F(Zoi) P T Fnr0)
ai/n—l—l B 1 1 ( Upt1 Upt1—4 )] .
el g u if )\y =0
Y1 | o2 f (Zns) P\ f(Zns1) Z Znsr—0)'*
where Un+1 = n—l—l EBka n—|—)1

Ay # 0] Two subcases must be distinguished:

(i) If A, # 1, setting the derivative equal to zero and solving for Y +1 yield an equation of the
second degree in Yn Y

(136) Yn+1+BY+1+C_0
where
1/2 X,E :j—)l Un+1 4
(137) B = =114+ f(Znt1) Zﬁ 1/2 + Z /’4’ 1/2
( n—l—l n—l—l Z)
and
(138) C =Ny — D)oz f(Znt1)-

To ensure that the predicted value of Y, 11, say f/nﬂ, is real and positive, both roots of (136),
namely Y, n+1 = <—B +VB? — 4(])/2, must be redl, i.e. if B2 —4C > 0, and the greater
root will be chosen since it will be always positive as shown in the next section. Finally, the
chosen root must also satisfy the second order condition 9% L,4.1/9Y,2,; < 0.

(i) If Ay =1, i.e. thedependent variableis specified in alinear form, thefirst derivative reducesto:

aLn—l—l B 1 Un+1 Up41—4
=) Mot 0% f(Zugr)'"? (f( )/ Zp 1/2>

n—|—1 Z)

which gives a unique maximum likelihood predicted value of Yn+1 by setting the derivative
equal to zero and solving for Y, :

un—l—l V4
(140) Yoy =1+ Z BX 0 4 F(Zng) Z M
n—|—1
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Setting the first derivative equal to zero and solving for Y,y; aso give a unique
maximum likelihood predicted value of Y, :

(141)  Visr =exp mek WA F(Za) Y pe— s — 0 f(Zu) |
¢ J(Zna-0)

Note that for all cases, the predicted value Y,is computed at IT = II.

Clearly, the approach can be easily extended to the next forecast periods, since in each

single period, only the log-likelihood function associated with that period is needed for the

maximization, given the sample observed values of the dependent variable in the estimation

period and its predicted values in the preceding forecast periods. Thus for the :-th period of

forecast, the predicted value of Y,,; is aso given by the first order condition 9.1 ,,4;/0Yn+i = 0,

subject to the second order condition 9% L,,4;/dY: +Z < 0. The formulas are analogous to (135)
— (142) with n + 1 replaced by n + .

B. Variance of the forecast error

The variance of the forecast error for the first period of forecast, o2, is computed from the
covariance matrix of the parameters Il and Y;,41, which is equal to mi nus the inverse matrix of
the second derivatives of the total log-likelihood function L) = s+l Ly with respect to II

and Yn+1, evaluated at 11 = H and Yn—l—l = Yn—l—l

tl—l—

COViey C

(142) COVyyy =

[aQL(l)/aHaH' 9> L1) /ONOY 1]~

Ca g1 02L (1) Y4101 02 L(y) [0V 4

where

COV(o ) is the covariance matrix of 11 which is aready estimated in (38) and is used instead
of —[8Ly)/omall'] " ! which is too complex to be evaluated,
Cy is the column vector of covariances between the elements of 11 and Yn+1

-1

(143) Con = —coviy | 2k ||y
O O B8y, 4 | | 9VE,

and o2, is the variance of the forecast error for Y4

-1

1

62L( B

oy,

(144) ohiy =
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In genera, the variance of the forecast error for the :-th period of forecast, o2,,, can be
recursively computed from:

1

COVii—ry  C

(145) COV, rzL(i)mn(il)anéil) 0Ly [0 ;_1y OV nti |
) = -

O? Ly [0V, 1010,y 2Ly 0Y2,,

(4) i1
where
COVi—1 is the covariance matrix of [I;_j) = <ﬁ’, Yott, ... ,f/nﬂ-_l) which is already esti-

, —1
mated in the preceding period of forecast, and is used instead of — {62L(i)/6ﬂ(i_1)aﬂ(i_l)}
which is too complex to be evaluated, R R
C';y is the column vector of covariances between the elements of I1;_;) and Y, ;:

-1

0* L 0* Ly
(146) Co =~V | o v | | vz,

and o2 . is the variance of the forecast error for Y,,;:

n+1
2 82L(i) o ' 1

Note that 9L ;)/ 01 ;_1)0Ynyi = OLnyi/ Ol i1)0Yqs and 02L(;) /Y2 = 0% Lnyi/OY,2,
since Y,;; appears only in L,i;. The second derivatives 0%Ly /011 (;_1)0Yy4; and
0?Ly4i/0Y 2, ae in the form Ynﬁl/{aaf(znﬁ)l/z} times a component which is given

!

in Table 12 for each element of iy = <H'(i_1), Yn+,-> crossed with Y, ;.
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TABLE 12 Components of the second derivatives of L., with respect to II;) and Y1,

1) Vg
Az >\a:
f(Zn+z 1/2 f(Zn+z 2)1/2

et Wnyi [0y
v | s Loy o OV,
v A Al (A R
Ak B 1 aX}S/\rfi)z _Z pe aX}S/\rfi)z ¢
S (Zasi)? O RGN A
zm >\Zm
Aom 6ﬂ ( 2y 44 Zp Un4i—¢ )aZr(nAnﬁl Z Iy Un+i—t 8Z7(n n+)z Z]
2 f(Zn-H 1/2 f(Zn+z 2)1/2 ( n+i— 2)1/2 a/\zm
6m 1 2un+z Un -0 ) ()\zm) Un+i—1 (Azm) ]
) 5 Pe———375 m,n+i Pe————175 Zmn i—£
2 (f(Zn+7 1z Z f(Zn-H /)1/2 * Z f(Zﬂ-H /)1/2 e
Pe Yrgf\l—?)ﬁ_zkﬁle(cA:i)z ¢
f(Zn+i—Z)1/2
Vopios | —L2 v®=D (=1 min(i— 1,r) and i > 2)

n+i—s
F(Zngis)'”

Yoii ( Yrgii’) + B)/[Yn+7:f(Zn+i)1/2]
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In Table 12, the different derivatives 9V, %" /o), , 9X V) /9., and 920 10) . as well

e m n—l—z

as their lagged expressions are computed by the generic formula given in (36) In evaluating
the second derivatives of L,y; a the maximum point of the total log-likelihood function
Ly = St Ly, the predicted values of (Y41, ...,Y,4;) obtained by the approach above
are used just as when the predicted value of Y, is computed, the predicted values of
(Yat1,-..,Ynti—1) are also used. The error of forecast is computed in percentage whenever the
observed value of the dependent variable is available in the forecast periodst = n+1,...,n+p:

R Y
(148) e = (1 Y0> 100

where Y; and Y, are respectively the predicted and observed values of Y;. The 95% confidence
interval for Y; is also computed:

(149) Y, — 1.965, < Y; < Y, + 1.965,
where 7, is estimated from (147).
C. Simulation forecast

In addition to the maximum likelihood predicted value Y; (t =n+1,...,n+ p), the smulated
value of the dependent variable Y; is computed at 1T = M as

1/2 . o]
L+ XY (SepeV o+ SaiX))] if Ay # 0

(150) Vi =

exp {f(zt) /2 (Ezp % + kB X )} it A, =0

where Y;_, is replaced by Y;_, if Y;_; is not observed, i.e. if ¢ — ¢ > n. Note that for the case
Ay # 0, if the expression between the squared brackets happens to be negative, then it cannot
be raised to the power 1/), and the program will be stopped at that point of the run.

Two subcases should be considered:

 If both ¥; and Y; are positive, the bias Y; — ¥;, or equivalently ¥;* — Y%, can
be shown to be negative if A\, < 0 or A, > 1 and positive if 0 < A, < 1.

For the first period of forecast ¢ :)\n + 1, if the two roots of (136) are denoted by
1733’ = <—B + VB2 — 40> /2 and ?ty = <—B — VB2 — 40)/2, then replacing — B by

its value which is equal to Y, in the greater root ¥;* yields:

(151) Y =y (1 +4/1 - 40/22*31) /2.
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If A, < 0 or)\, > 1, then (' is negative, \/1 — 4C/Y;*™ > 1 and the bias ¥} — ¥} is

negative. If 0 < A, < 1, then C is positive, 1/1 — 4C'/Y,*™ < 1 and the bias Y," — ¥}
~ ~ 2 Ay ~ ~

is positive. Furthermore, since Yﬁy = Yt&’ +Y, , the bias Yﬁy - YtAy will be given by the

Q)‘y
smaller root Y, . These results can be illustrated by the following diagrams:

~ A ~
Negaivebias] : Vi < ¥ (Ay < 00r Ay > 1)
A)\y
3 oA o)
I I I I I >

0 —B/?2 _B

Y ~
Postvebias] - ¥;* > ¥, (0< Ay < 1)

2)\21 A)\y

0 —B/?2 ~B

Choosing the greater root f/ﬁy will ensure that the maximum likelihood predicted value of
Ay

Y; is always positive since the smaller root Y, can be negative. These results will hold for
every period of forecast t = n +1,...,n + p.

[Subcase &, =1]: Inthiscase, thebiasY;—Y; isnull, i.e. the simulated value of the dependent
variable Y; is identical to the maximum likelihood predicted value Y; given in (140):

Vi = 1+ f(Zt)1/2<ZZ:PZYt*_g+zk:ﬂkXﬁ>

(152) =1+ f(z)"* [; pe (Yt*_g -3 /ka,:,t_a 3 ﬂkx,:rt}

= 14 2 X, 4 120 p
k ‘ e

o)
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In this case, the bias Y; — fft is positive:

Yi = exp

f(ztf/z(Z i Zﬂm)

7 f(thl/z

InY;
me(f(z = f/z Zﬂkat z) +Zﬁkat]}
—t)

£

— ex X(AM) 7 1/2 U—¢ ]
p [zk: 6k kt ‘I’f( t) zﬁ:pﬁf(zt_g)l/z

= exp {f(Zt)l/z

(153)

> Y

since ¥; contains in the argument of the exponential (141) an additional negative term equal
to —of(Z1) .
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