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ABSTRACT ARTICLE HISTORY
This paper focuses on the corrections to the score test statistic under Received 20 June 2019
the exponential family nonlinear model. We use Monte Carlo simula- Accepted 17 December 2019

tions to compare the corrected statistics and their uncorrected ver-
sions and to examine the impact of the number of nuisance
parameters on their finite-sample behaviors for the normal nonlinear g o

. : exponential family; Monte
regression model. The numerical results have shown that the cor- Carlo simulation: nonlinear
rected score statistic performs better than the uncorrected version. model: score test
Finally, we perform a statistical analysis with real data by using the
approach proposed in the article.

KEYWORDS
Bartlett-type correction;

1. Introduction

Rao’s score statistics (Sg) (Rao 1948; Sen 1997) are usually used in econometrics and
statistics when we want to test a wide range of hypotheses in many different classes of
models. In small and moderate samples size, the approximation of the true, commonly
unknown, distributions of these statistics by their y* asymptotic distribution may be
poor. Bartlett (1937) and Bartlett-type (Cordeiro and Ferrari 1991) corrections adopt
second-order likelihood asymptotic results to obtain refinements for statistics that follow
more closely a y* distribution under the null hyphotesis.

Bartlett-type corrections to score tests in generalized linear models for the cases of
known and unknown dispersion were determined by Cordeiro, Ferrari, and Paula
(1993) and Cribari-Neto and Ferrari (1995b), respectively. Similar corrections for score
tests in multivariate regression models were obtained by Cribari-Neto and Zarkos
(1995). Bartlett-type corrections to score tests under heteroskedasticity were determined
by Cribari-Neto and Ferrari (1995a). Cordeiro and Ferrari (1996) derived improved
score statistics in proper dispersion models. Botter and Cordeiro (1998) obtained cor-
rections for the likelihood ratio statistics in generalized linear models with dispersion
covariates. Other references are Cordeiro (1983, 1987), Ferrari and Uribe-Opazo (2001),
Zucker, Lieberman, and Manor (2002), Uribe-Opazo, Ferrari, and Cordeiro (2008),
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Paulo, Brazil.

© 2020 Taylor & Francis Group, LLC


http://crossmark.crossref.org/dialog/?doi=10.1080/03610926.2019.1710202&domain=pdf&date_stamp=2020-02-05
http://orcid.org/0000-0002-6537-6151
http://orcid.org/0000-0002-9007-0680
http://orcid.org/0000-0002-3052-6551
http://www.tandfonline.com

2 @ A. B. CAVALCANTI ET AL.

Lagos, Morettin, and Barroso (2010), Vargas, Ferrari, and Lemonte (2014), Lemonte,
Cordeiro, and Moreno (2012), Lemonte, Cordeiro, and Moreno-Arenas (2016),
Medeiros and Ferrari (2017), Medeiros, Ferrari, and Lemonte (2017), and Aradujo,
Cysneiros, and Montenegro (2017).

The main purpose of this paper is to derive Bartlett-type corrections (Cordeiro and
Ferrari 1991) to improve the inference on the score statistic in exponential family non-
linear models. This class extends the generalized linear models with varying dispersion
as proposed by Smyth (1989). A Monte Carlo simulation study is performed to evaluate
the performance of the corrected statistics and their uncorrected version.

The plan of the paper is as follows. In Section 2, we present the model of interest. In
Section 3, we give the Bartlett-type corrected score statistic. In Section 4, we develop
some Monte Carlo simulations to prove empirically that our corrected test outperforms
the score test in finite samples. In Section 5, we show the potentiality of the new
approach through an application with real data. Some concluding remarks are offered
in Section 6.

2. Exponential family nonlinear models

Suppose Yi,...,Y, be independent random variables with each Y, having probability
density function in the exponential family

705500 ) = exp {0 = b(0) = c0)] —3e0m )} L=Ton (D)

where b(-),c(-) and e(-, ) are known functions and 6, and ¢, > 0 are the canonical and
precision parameters, respectively. We assume that ¢, is unknown and varies across
observations. We also consider that ¢,' = g>m,, where m; = m(z,,8) > 0 is the (th
element of the diagonal matrix M of dimension n x n, z; is the /th row of the covariate
matrix Z of dimension n x s used to construct the systematic component for the preci-
sion parameter, g2 is an unknown constant, finite and strictly positive, and § is a g-vec-
tor of unknown parameters.

For this class of models, the following relations hold: E(Y;) = u, = b'(0,) =
db(0,)/d0, and Var(Y,) = ¢, ' Vi, where V, = du,/d0, is called the variance function.
The exponential family nonlinear models (EFNLMs) are defined by (1) and by the sys-
tematic component

h(wy) =ny = (x5 B) 2)
where h(-) is a link function strictly monotone and at least twice differentiable, B’ =
(B> -+ By), p<m, is a vector of unknown parameters to be estimated, f(-;-) is a possible
nonlinear twice continuously differentiable function in the second argument and x, =
(%01, ...,x/;t)T is a vector that contains the values of t explanatory variables. Moreover, we
suppose identifiability, ie., different f’s imply different #’s, where 5= (i,...1n,)" .
Consequently, the derivative matrix X* = X*(B) = dn/0p" has full rank for all .

Further, we assume valid the general regularity conditions (Cox and Hinkley 1974) for
the log-likelihood function defined from (1) and (2).
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Table 1. Some special models.

Model s(¢y) de
Normal —log (¢¢) e = )’
Inverse Gaussian —log (¢¢) W;;[:)
Gamma =2[¢log (¢,) — log I'(¢b,)] 2 DT/ — log (%)]

If e(ye, ;) = s(¢py) + t(ye), we can rewrite (1) as

7y 00, ) — exp{—% (A 00) + () + )]} £=1,.0m 3)

where d; = d(ys, 0y) = —2[ye0y — b(0s) — c(y¢)] corresponds to the natural exponential
family with canonical parameters ¢, and ¢,0, usually called deviance. We assume that
the function s(¢,) has the first four derivatives. Table 1 gives the functions s(¢,) and d,
for the normal, inverse Gaussian and gamma distributions.

The log-likelihood function for the model defined in (3) given the vector of observa-

tions (y1,...y,)  is

E(ﬁ, 5, 0'2> — _%Z |:021rn€ dg + t(yg) + S(d)() s ! = 1,..,n

=1

For this parametrization, (8',62)" is orthogonal to f, but & and ¢ are not orthog-
onal. The orthogonal parametrization for the normal and inverse Gaussian models
(Simonoff and Tsai 1994) takes the form

2 _ v
(TTi o)

The log-likelihood function for the reparameterized model can be expressed as

ﬁ(ﬂ,é,y):—%Z[ﬂdz—l—t(ﬂ)—i—log <q—/é>} (=1,.m @)

= L7
where g, = q,(0) = (], ms)l/ " /my. However, for the gamma model, it is very compli-
cated to find an orthogonal reparametrization. For the reparameterized model, the com-
ponents of the score vector U= U(B,4,y) = (U;,U;,U,)T are

T

—_x' -1 (y — __ LT _L
Uy=X TV (y—u), U;= 2de and U),—ZV

(@d—1) (5
where @, T and V are n x n diagonal matrices with elements ¢, = q,/y, T, = du,/dn,
and V; = du,/d0,, respectively, Q is a n x q matrix with the ¢th row dq,/8",¢ =
1,.ond=(dy...d,) ", p= (... ;t,,) and 17 is an n-vector of ones.

It can be readily shown that: 1) E(d;) = 7/qe; 2) Var(d;) = 2y*/q7; and 3) E(Y,d,) =
U;(v/qe). These quantities are useful for calculating some cumulants of log-likelihood
derivatives. If m; = exp (z] 8), then q; = exp {—(z; —z)' &} and the total Fisher infor-
mation matrix can be partioned as
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X TWOX* X 0 0
2L (7 —ZNZ -7\
K= _E<W> _ 0 S(2-2)(2-12) 2 ©)
0

where = (ﬁT,éT,y)T is a vector of unknown parameters and 0 are matrices of zeros
with appropriate dimensions.

3. Improved score tests

Our aim is to present a Bartlett-type correction to score statistics in EFNLMs. Suppose
that we partition the f and & vectors, respectively, as (B],$1)" and (6],6])", where
BU = (B Byp) (01 <) By = (ByyyonBy) 58] = (O1,00)) (a1 <) and &, =
(C 5q)T, thus inducing a partition of the covariates matrices, respectively, as X* =
[X; X;] and Z = [Z, Z,]. We want to test the null hypothesis H, : ;, = [3§0),51 = 5§0)
versus H; : B, # /350) or 01 # 5%0), where [350) and 550) are vectors of known con-
stants of dimensions p; and ¢, respectively. The score statistic for testing H, is given
by Sz = U 'K 'U, where U is defined in (5) and K in (6).

Following Cordeiro and Ferrari (1991), the Bartlett-type correction to Sp has the
form

Sy = Sg{l — (c+ bSx + aS3)} (7)

where the coefficients a, b, and ¢ are

A, (Ay — 245) (A; — A; + A3)

a2t Tt T 120 ®

and v is the difference between the dimensions of the parameter spaces under the alter-
native and null hypotheses. The coefficients A;, A, and A; are functions of some cumu-
lants of log-likelihood derivatives. The general expressions for these coefficients can be
found in Harris (1985) and Ferrari, Cysneiros, and Cribari-Neto (2004). In Appendix A
we present some cumulants that are not usually found in the literature but are import-
ant for the calculation of the A’s.

Consider the matrices Zy = X*(X*TW®X*) 'X*T, Zs, = X5(X;TWOX}) 'X; T, (for
q < p) and P, = diag{ps, ..., pn} where p; = tr{X} (X;TW(DXQ_ID%)}, and

¢ ¢

DO — { >’y } _ (Dgl) D§2)>
0B l L
mor) "oy o

Further, we define C; = {cy} and J, = {jim}, where

* * *)— 4 * #\—1_ %
Com :sz(XzTWq)Xz) ngz) (XzTW(I)Xz) lle

jom = tr{DY) (X5 TWOX;) D (X3 TWDX;) '}
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and x;, denotes the mth row of X;. Let F = diag{f,,....fo},G = diag{g,....g.},B =
diag{b,...,b,} and H = diag{hy, ..., h,} be diagonal matrices with elements f, g, by and
hy, respectively, given by

_ dﬂ(/) Py (dw) T (dﬂp)3 avy
—v — v oy (2 2
fr=Vi (dw az> 870 \an,)ap T \an,) an,

A\ [ dvine &V,
=V (dw> {(dw) o duﬁ} ®
Vi (dw>4
w; \dn,

Since my = exp(z]8), we obtain g = exp{—(z/—z) 8}. We define the
following matrices: Zs =2(Z—-Z)(Z—Z2) (Z—-Z)](Z—-2Z)" and Zs; = 2(Z, —
Z)[(Zy — Z5) (Zy — Z,)) (Zy — Z,)", where @ = (1/7)Q, and Q = diag{qy, ..., 4.}
Additionally, we define 7z =706 Z, Z0 =72607206 Z, where (& denotes the
Hadamard product. The subscript d indicates that the diagonal matrix is defined from
the original matrix. Therefore, we can rewrite the A’s in the following forms

Al =An+An+As+Au A=An+Apn+Apn+Ay and Az =A; +Ax

and

avy (du,\* d?
= v (SR SRy
du, \dn,/) dn;

where all terms are defined in Appendix B.1. Now, suppose that we want to test H, :
0, = 5(1()) versus H; : 01 # 65(]). Then, Zg = Zp, and the coefficients are presented in
Appendix B.2. Finally, if we are interested in testing Hy : B, = [350) versus H; : B, #

[350), we can consider Zs = Zs, and then the coefficients are defined in Appendix B.3.

4. Simulations study

In this section, we present Monte Carlo simulations to compare the performance of the
score test (Sg) and its corrected version (Sy) in heteroscedastic exponential family non-
linear models. The simulations are based on the nonlinear regression model

P
ye = Py + exp (frxn) + Z Bixei +up, £=1,...n

i=3
where 1y ~ N(0, 0% exp {01201 + - - - + 04245 }) and Cov(ug, up) = 0,V # m. We consider
the following null hypotheses: Hé 101 =0, =0, for p=2,3,4,5 and H(Z) p=p=1
for g =1,2,4,5. The response variable was generated assuming: (i) , =f, =
p,=1,6>=1and 6, =0, =--- =0, =0 (under Hy) and (ii) f, =p,=---=f, =
Lo’=land 61 =6, =--- = 04 = 1 (under 'Hé). The explanatory variables were gener-
ated from the uniform distribution on (0, 1) and the matrix Z was obtained using col-
umns 2, ...,q of the matrix X. The observable sample size n was taken equal to 10, 20,
30, 40 and 50. Under each scenario, 10,000 replications were performed and the follow-
ing nominal levels (o) were considered 1%, 5% and 10%. The simulations were carried
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Table 2. Null rejection rates for Hg with p = 2,3,4,5 and r=2.

p=2 p=3 p=4 p=>5

n o PriSe >¢c]  PriSy>c  PriSg>c] PriS;>c] PriSs>c Pr[S;>c  PriSg>c  Pr[S; >
10% 6.11 11.15 5.39 11.08 4.30 12.23 4.49 12.87
10 5% 2.79 5.88 1.89 5.94 1.24 6.99 1.21 7.62
1% 0.30 0.44 0.04 1.03 0.01 1.70 0.01 2.03
10 7.96 10.33 8.37 10.48 5.96 11.06 8.66 11.30
20 5 342 532 3.73 539 3.94 5.52 3.81 5.89
1 0.60 0.78 0.57 1.04 0.56 132 0.54 1.45
10 8.17 10.13 8.1 10.25 8.75 10.44 7.87 10.62
30 5 4.26 5.19 4.06 5.15 4.7 5.12 3.79 5.38
1 0.85 1.08 0.81 0.97 0.75 1.00 0.58 1.20
10 8.61 10.07 8.40 10.16 8.96 10.34 8.32 1037
40 5 4.31 5.06 4.22 5.17 3.75 5.06 4.03 5.17
1 0.85 0.96 0.90 1.05 0.70 mm 0.82 1.15
10% 8.92 10.04 8.79 10.04 8.49 10.07 9.12 10.14
50 5% 4.43 5.09 4.36 5.06 432 5.03 4.35 5.07
1% 1.02 0.91 0.89 0.98 0.95 1.08 1.07 1.04

out using the Ox matrix programing language (Doornik 2007). We shall present the
null rejection rates of Sz and S for the tests of the null hypotheses H; and ;. Thus,
we vary p and q to analyze the effect of the number of nuisance parameters on the dif-
ferent tests under the null hypotheses Hj and 7, respectively.

Table 2 presents results for the null hypothesis H; with p = 2,3,4,5 and r=2 (num-
ber of parameters tested). Entries are given as percentages. Note that the original score
test (Sg) is conservative for all n. Compared to the Sy test, the impact of the number of
nuisance parameters is much less important than for the Sj test. For n < 30, the Sj test
is markedly more liberal as the number of parameters increases. It is noticeable that, for
n > 30, the rejection rates seem not to be affected by increasing the number of parame-
ters. Also, the corrected score statistic gives rejection rates that are closer to the nominal
values than the score statistic.

The figures in Table 3 provide the rejection rates for H(z, with ¢ =1,2,4,5 and r=2.
As can be seen, for n > 30, the rejection rates are not impacted when the number of
nuisance parameters increases. As before, the corrected score test is markedly liberal.
On the other hand, the original score test is conservative, mainly for small sample sizes.
Finally, the corrected version gives rejection rates that are closer to the nominal levels
than the uncorrected version.

5. Application

The constant-elasticity-of-substitution (CES) function (Arrow et al. 1961) is a general-
ization of the Cobb-Douglas function. The CES production function with two inputs (L
and K are the input quantities) and an output quantity (y) is given by

y=a[0L™" + (1 — 6)K "] 7 exp (e) (11)

where o > 0 is the parameter that determines the productivity, 0 < 6 < 1 is the param-
eter that defines the optimal distribution of the inputs, 7 > 0 is a parameter that meas-
ures the elasticity, p > —1 determines the elasticity of substituion and € is a
random component.
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Table 3. Null rejection rates for Hj with ¢ = 1,2,4,5 and r=2.

qg=1 qg=2 qg=4 qg=>5

n o PriSe >¢c]  PriSy>c  PriSg>c] PriS;>c] PriSs>c Pr[S;>c  PriSg>c  Pr[S; >
10% 6.84 10.83 5.99 11.15 5.99 12.07 4.60 13.86
10 5% 1.76 4.77 2.98 5.18 135 6.09 1.26 7.09
1% 0.00 0.50 0.10 1.43 0.00 0.77 0.00 1.13
10 9.01 10.09 7.52 10.58 8.03 11.17 6.89 11.27
20 5 3.63 5.09 291 4.83 3.26 533 2.68 5.89
1 0.23 0.72 0.22 0.89 8.35 10.57 7.88 10.49
10 8.82 10.33 7.31 9.88 8.35 10.57 7.88 10.49
30 5 3.71 4.89 2.86 4.62 3.40 5.49 3.28 5.56
1 0.40 0.89 0.38 0.82 0.36 132 0.34 1.04
10 9.43 10.17 8.51 10.48 941 10.26 9.17 10.17
40 5 434 5.29 4.08 533 4.05 5.25 4.02 541
1 0.54 0.96 0.48 1.05 0.43 1.12 0.40 1.16
10% 8.99 9.81 8.28 9.80 9.02 10.13 8.85 10.49
50 5% 4.42 5.18 3.69 4.66 4.03 5.18 3.93 5.23
1% 0.70 1.00 0.57 0.96 0.60 117 0.56 1.19

Table 4. Estimates for fit to the manufacturing industry data.

Estimate
Coefficients (Std. Error)
o 1.13%%*
(0.08)
0 0.34**
(0.13)
p 3.02
(2.17)
T 1.01%%*
(0.05)
a2 0.06
R 0.97
Num. obs. 30

***p < 0:001, ¥*p < 0:01, *p < 0:05.

For a random sample of size n and the logarithmic transformation in (11), we have
log (y/) = p — %log{[(SL;p +(1-=0K, ]} +e, (=1,.,n (12)

where f§ = log (). We illustrate our methodology with a real-world data set. The data rep-
resent thirty cross-sectional observations on firms in a manufacturing industry. For more
detail about the data, see Griffiths, Hill, and Judge (1993). We use the function cesEst() of
the R package micEconCES (Henningsen and Henningsen 2011) to estimate the CES func-
tion defined in (12) by non-linear least-squares via the Differential Evolution algorithm
(Storn and Price 1997). The R codes employed in this application are available from www.
santosnetoce.com.br/cstm_applications. The estimates are reported in Table 4.

Figure 1 reveals that the residual plot has a pattern which indicates a non-constant
dispersion. Then, based on this figure we propose to test the statistical hypothesis of
constant variance. Let us assume now that o7 = ¢% exp (Kyd; + L¢d,) for ¢ =1,2,...,30.
Therefore, our goal is to test the null hypothesis H, : d; =0 for all j € {1,2} versus
Hy : 0; # 0 for at least one j. For this, we use the original score test and the corrected
score test. The figures in Table 5 show that there is statistically significant evidence that
the variance is non-constant. Thus, we can note that the corrected score test increases
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0.3

0.2

Residuals

0.1 .

0.0

Observations

Figure 1. Plot of the squared residuals versus the index of the observations.

Table 5. Original and corrected score statistics.

Statistics Value p-value (%)
Sr 14.24 0.081
Sk 34.26 <0.001

this evidence. The p-value for the corrected score statistic is now reduced
to 3.63526 x 107%(< 0.001%).

6. Concluding remarks

In this paper we present Bartlett corrections to improve hypothesis tests based on the
score statistic in the exponential family nonlinear models with varying dispersion. The
Bartlett-type corrections for the score statistic to test the mean and dispersion parame-
ters have been developed for the normal and inverse Gaussian models. Numerical simu-
lations showed that the original score test may display substantial size distortions. They
also show that the corrected version displays much smaller size distortions than the ori-
ginal score test. Therefore, these simulations reveal that the corrected test should be
preferred since it presented the best performance for testing hypotheses in this class of
models. Thus, we encourage practitioners to use this test in applications.
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Appendix

A. Cumulants of log-likelihood derivatives in exponential family
nonlinear models

Let £ = L(f,d,7) be the log-likelihood (4). We hall use the standard notation for joint cumulants of
log-likelihood derivatives, i.e., ks = E(9*L/0B,0B,), s =B(OL/OB, OL/OP,), K = E(O*L/DP,
OB.OB,), s = E(OL/OP, DL/OP, OL/OP,), v = E(OL/OP, *L/OPDP,), w = O/ P

and so on. We obtain the following cumulants:
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cumulants are
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the quantities qo,fy and g, ¢=1,...,n, are defined by Equations (4) and (9), respectively.
Further, the fourth-order cumulants are given by
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B. Cumulants for the Bartlett correction factor

B.1. Tests for components of  and o

Suppose that we want to test the null hypothesis Hy: f; = ﬁ§°>,61 = 55()) versus H; : B, #
ﬁio) or 0, # 550). Then, the coefficients for the Bartlett-type corrections can be expressed terms
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B.2. Tests for components of

Here, suppose that we want to test the null hypothesis Hy : 6, = 650), versus H; : 01 # 52()). In
this situation, just consider Zg = Zg, and then the coefficients of the corrected score reduce to
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Further, for testing all the components of d, we have Zs, = 0. Hence,
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B.3. Tests for components of [

Finally, suppose that we want to test the null hypothesis H, : f, = ﬂ(10> versus Hy : B # [3(10). If
we consider Zs = Zs,, then the coefficients of the corrected score statistic are
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