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Abstract

In constructing estimation and hypothesis testing procedures, it is important that all available information such as sign of
parameter is used in order to maximize power of the test. Often prior information are known about the sign of regression
coefficients (parameter) under test, the best example being that variances cannot be negative. Ignoring information about
the signs of regression parameters can lead to loss of power in small samples. With this problem in mind, this paper
concerned with developing restricted estimation and hypothesis testing approach in the context of multivariate multiple
regression model. Developing the technique of estimating constraint regression coefficients and testing restricted
parameters with the aid of information theoretic distance are the main contribution of this paper. The distribution of the
existing two-sided test follows central chi-square distribution whereas the test statistic of our proposed distance-based
one-sided test follows weighted mixture of chi-square distribution. Monte Carlo simulation indicates that our newly
proposed test performs better than existing tests.

Keywords: restricted estimation, prior information, power of test, weighted mixture distribution, monte carlo simulation
1. Introduction

In making decision it is essential to setup model which is based on some assumptions of the related field. Applications of
models are numerous and occur in almost every field, including engineering, physical science, economics, management,
life science etc. Model can be univariate or multivariate. Univariate analysis carried out separately for each variable and
does not consider the correlation or inter-dependence among the variables. Multivariate analysis considers jointly or
simultaneously all the variables and take into account interdependency among them (Kothari, 2004). The benefit of
multivariate analysis over univariate analysis is that by applying it better decision can be made.

The subject of multivariate analysis deals with the statistical analysis of the data collected on more than one (response)
variables. The consideration of statistical dependence among the response variables makes the modelling issue and is
often described by their joint probability distribution. The multivariate multiple regression model is the extension of the
multiple regression model which predicts the several outcome variables from the same set of independent variables
(Johnson, 2002). Assessing the fit of a model should always be done in the context of the purpose of the modelling. It is
essential to use appropriate estimation technique to fit model correctly.

Multivariate regression estimates the parameters using separate ordinary least square (OLS) regressions. Moreover,
multivariate regression estimates jointly the between equation covariances. In order to test the regression parameters
jointly in the context of multivariate multiple regression model, the existing multivariate test statistics are Wilks’ lambda,
Pillai’s trace, Hotelling-Lawley trace and Likelihood Ratio (LR) tests.

Estimation and hypothesis testing play a significant role in statistical inference. Under null hypothesis, the existing tests
follow central Chi-square distribution asymptotically (Johnson, 2002) and the tests are two-sided in nature. But, in real
life problem, tests are not always exactly two-sided. It may be strictly one-sided or partially one-sided. Thus, in
constructing estimation and hypothesis testing procedures, it is important that all available information such as sign of
parameter is used in order to maximize the power of the test.

Often prior information are known about the sign of regression coefficients (parameter) under test, the best example being
that variances cannot be negative. King and Smith (1986) showed that ignoring information about the signs of regression
parameters can lead to loss of power in small samples. Clearly, this information should not be ignored, and as a
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consequence parameters are restricted, and lead to one-sided hypothesis testing. Hence, setting up an appropriate
hypothesis, restricted parameter(s) estimation and restricted alternative(s) hypothesis testing in the context of multivariate
multiple regression model are the key features of this study.

Consider the following multivariate multiple regression model,

Y = Z B + & 1)

(nxm)  (nx(r+2)) ((r12pxm)  (nxm)

where E(g(i)) =0and Cov(g(i),g(k)) =o,l; 1,k=12,---;mand [ is a matrix of regression coefficients
need to be estimated are given below,
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In the restricted estimation problem two-stage estimation methods are applied, in the first stage we estimate the
parameter(s) by usual method (i.e., least square method, maximum likelihood method etc.,) and in the second stage we
estimate the constraint parameter(s) by using sophisticated optimization subroutine (i.e., Newton-Raphson method) under
the restriction. For testing the null hypothesis H, : # =0, the restriction may take the form as,

H::8>0,
H2:p<0, )
H::fi) >0,5; #0, 8 <0, where,i = j=k <m.

In such a situation the usual two-sided test cannot be applied and the aim of this paper is to develop one-sided or partially

one-sided testing approach for testing multivariate multiple regression coefficients under restricted alternatives and
compare with the existing classical tests in terms of power properties by conducting Monte Carlo simulation.

The specific objectives of the study are i) to develop estimating technique to estimate restricted multivariate multiple
regression coefficients or model by constraint optimization, ii) to develop one-sided testing approach for testing
multivariate multiple regression coefficients under restricted alternatives and iii) to demonstrate the performance of our
proposed restricted tests with respect to existing test in terms of power properties by Monte Carlo simulation.

The organization of the paper is as follows: Section 2 discusses proposed distance-based restricted estimation technique.
In section 3, we discuss distribution of the proposed distance-based test statistic under restricted alternatives and
determination of weights. Section 4 concerns with analyzing the performance of proposed test. Concluding remarks are
made in section 5.

2. Proposed Distance-Based Restricted Estimation Technique
To estimate the optimal values of the parameters the shortest distance plays the key role. The statistical distance,

d? =(X — ) (X - p), ®)

is the very useful component of the multivariate analysis. To estimate the maximum likelihood estimators (MLE), the
main concern is to minimize squared distance (3). Distance-based approach suggests that we have to determine whether
the estimated parameters under test likely to be closer to null hypothesis or to alternative hypothesis. Majumder’s (1999)
approach for general testing problem is outlined below:

Suppose we are interested in testing a hypothesis of a parametric model, where the parameter of interest, @, is restricted
under the alternative hypothesis. Particularly, we want to test

H,:0=0, versus, H, :6 B, (4)

on the basis of Nx1 random vector y, whose distribution has probability density function f(y,&) where 8 € R" is
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a sub-vector of an unknown parameter ® € R® and B is a subset of R”. Let 6 be an appropriate estimate of &
such that @ is asymptotically distributed as normal with variance-covariance matrix Cl - (6) where c is a constant
and | (6’) is the information matrix. Following Shapiro (1988), Kodde and Palm’s (1986), Majumder (1999) suggest
that we should find out the closest point in the maintained hypothesis from the unconstrained point. This closest point is

A

the solution of the following distance function or optimal function in the metric Cl - (6) of the parameter vector €
~ A2 - A - A . -
lo -4 =@y (0)(0 - ), subjectto & < B. 5)

The closest point or optimized @ can be used in any correct two-sided tests to obtain the corresponding distance-based
one-sided and partially one-sided tests. The asymptotic null hypothesis distribution generally follows a mixture of the
corresponding two-sided distributions (see for example, Majumder, 1999).

2.1 Application of General Approaches to Multivariate Multiple Regression Model

Suppose, we are interested in estimating the model (1) subject to restriction (2). In our approach, we estimate the
parameters by least squares, denoted by é = (ﬁﬁl) and information matrix I(H) as of the log likelihood function of
the form

LF = —%—gm (Y —zB)= (Y —28)/2

According to (5) and using é and I(H) we can determine the optimal value 0 by minimizing (5) subject to
restriction (2).

In our estimation, we provided additional information in the estimation methodology. As noted earlier, we expect our
estimates are likely to be more efficient than unconstrained estimates. We illustrate our argument by Monte Carlo
simulation.

3. Distribution of the Proposed Distance-Based Test Statistic under Restricted Alternatives

In hypothesis testing, to know the distribution of test statistic is one of the most important parts especially it is very
essential to calculate critical value and power of the test. The general form of the usual two-sided Likelihood Ratio (LR)
statistic is,

LR =2(1(6, )-1(6, )) (6)

where, I(éo) and I(éa) are the unrestricted and restricted maximized log-likelihood functions respectively. The
asymptotic null hypothesis distribution of (6) follows a central chi-square distribution with m(r —q) degrees of
freedom (Johnson, 2002).

However, the usual two-sided LR test is not appropriate when the alternative hypothesis becomes strictly one-sided.
Hence, the proposed distance-based one-sided LR (DBOLR) test statistic is defined as,

DBOLR = LR =2(1(4,)-1(5,)) (7)

where, I(éo) is the unrestricted optimized value and I(éa) is the optimized value subject to the restrictions H; and

H; in (2). Under the null hypothesis the distribution of the test statistic (7) follows asymptotically weighted mixture of
chi-square distribution with m(r — ) degrees of freedom (Kodde and Palm, 1986; Shapiro, 1988; Majumder, 1999).
Also, we can construct partially one-sided LR test for testing H: and we get the partially one-sided LR statistic of the
form (7), which is again asymptotically distributed as weighted mixture of chi-square distribution.

Similarly, for proposed distance-based one-sided Wilks’ lambda (DBOWL), distance-based one-sided Pillai’s trace
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(DBOPT) and distance-based one-sided Hotelling-Lawley trace (DBOHL) tests, we can determine the optimal value 0

according to the general formulation of distance-based approach and under null hypothesis the distribution of the test
statistics DBOWL, DBOPT and DBOHL follow asymptotically weighted mixture of chi-square distribution.
3.1 Determination of Weights

The important issue related to estimation and testing is the determination of weights of the sampling distribution of test
statistics when parameters are restricted. The test statistic -2InLR has asymptotic distribution under null hypothesis
H, : B =0,is given by

p
P.(-2InLR<c)=> w(p,i)P (z’<c), ceR, ®)

i=0

which is a probability mixture of independent chi-squared distributions, ;(iz , with different degrees of freedom. Similarly,
the other test statistics (Wilks’ lambda, Pillai’s trace and Hotelling-Lawley trace) distribution can be represented as of the
form given above in (8). However, we determine the weights W(p,1),i=0.1,---, p, at a level of significance such
that the positive value ¢ satisfying P, (=2In LR > c)= o asymptotically under H,, can be solving,

=3 W(p.)P. (27> ©) ©

In some cases, it is very difficult to determine the weights when more than seven parameters are to be estimated or tested.
Wolak (1989) provides formula to determine these weights up to seven restricted parameters. Gourieroux et al. (1982)
proposed numerical simulation to determine the weights.

4. Analyzing the Performance of the Proposed Test
4.1 Monte Carlo Simulation

Monte Carlo simulations are carried out to compare the powers of the newly proposed optimized distance-based one-sided
LR (DBOLR), distance-based one-sided Wilks’ lambda (DBOWL), distance-based one-sided Pillai’s trace (DBOPT),
distance-based one-sided Hotelling-Lawley trace (DBOHL) with usual two-sided Likelihood Ratio (LR), Wilks’ lambda,
Pillai’s trace and Hotelling-Lawley trace tests.

Here, we use real and artificially generated explanatory variables (Z) In order to carry out Monte Carlo Simulation
preliminary take some positive value of £ and some negative value of £ and consequently we generate the
multivariate multiple regression model (1). We discuss different combinations in the context of sample size (n),
explanatory variables (Z), covariance matrices (X) in the case of two, three response variables (M =2,3)
situations and also in the case of different characteristic roots (eigen values), such as covariance matrices with one or two
largest eigen value(s) or equal eigen values. We perform 3000 replications to calculate (size corrected) simulated powers
of the new and existing tests.

4.2 Experimental Design

In order to compare the power properties of the proposed optimized distance-based one-sided tests with the usual
two-sided tests, we use two different types of design matrices namely, real and artificially generated data. We consider the
following design matrices:

D, : A constant dummy and 42 measurements on air-pollution variables recorded at 12:00 noon in the Los Angeles
area on different days. The air pollution variables are Wind, Solar radiation, CO, NO, NO,, O; and HC (See
Johnson, 2002, pp 39-40).

D, : Aconstant dummy and I variables from standard normal distribution (where I' = 3,4) which is taken by using

Gauss program.

D, : Aconstant dummy and the assembly of a driveshaft for an automobile requires the circle welding of controlled to
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be within certain operating limits where a machine produces welds of good quality. In order to control the
process, one process engineer measures four critical variables: Voltage (volts), Current (amps), Feed speed
(in/min) and inert Gas Flow (cm) (See Johnson, 2002, pp 244-245).
For testing the maintained hypothesis, all the design matrices Dl, D2, D3 and D, are employed. The following
Z matrices are used in the experiment:
Z, . Aconstant dummy and first four artificial variables of D,,
Z, . Aconstant dummy and first four real variables of D,,
23 . Aconstant dummy and first five real variables of Dl,

Z, . Aconstant dummy and three artificial variables of D,.

We perform our experiment for different values of the parameters (ﬁ) and the following covariance matrices with one
largest eigen value (Z,) and one smallest eigen value (2,).

200 36 9
290 3

= and X,=|36 80 17
3 162

9 17 13

For the multivariate multiple regression model (1), we estimate simulated powers for testing restricted (strictly one-sided
and partially one-sided) hypotheses in (2) and the above Z,,Z,,Z;and Z, matrices for n=38.

4.3 Results

This section compares the powers of the newly proposed optimized distance-based one-sided LR (DBOLR),
distance-based one-sided Wilks’ lambda (DBOWL), distance-based one-sided Pillai’s trace (DBOPT), distance-based
one-sided Hotelling-Lawley trace (DBOHL) with usual two-sided Likelihood Ratio (LR), Wilks’ lambda, Pillai’s trace
and Hotelling-Lawley trace tests for testing H;, H: and Ha3, in the context of multivariate multiple regression
model (1). The estimated simulated powers of these tests are presented in Tables 1-3 for the design matrices defined in
section 4.2. In all tables, the estimated size of the considered tests is 0.05 when asymptotic critical values at five percent

nominal level are used. Thus, all the tests have size-corrected power.

Table 1.Calculated powers of the usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized
DBOWL, DBOPT, DBOHL and DBOLR test of the hypothesis H; for m=2,r =4,n =38, design matrix Z,
and covariance matrix X, .
Bu Bu Bou P WL PT HL LR DBOWL DBOPT DBOHL DBOLR
0 0 0 0 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
25 0.126 0.127 0.125 0.121 0.197 0.198 0.196 0.192
45 0428 0.425 0.429 0.428 0.499 0.496 0.500 0.499
9.5 0988 0.987 0.988 0.988 0.997 0.996 0.997 0.997
0 0 25 0 0.078 0.078 0.079 0.078 0.128 0.128 0.129 0.128
25 0233 0.242 0.242 0.242 0.293 0.302 0.302 0.302
45 0.506 0.510 0.523 0.517 0.578 0.582 0.595 0.589
9.5 0.994 0.994 0.994 0.994 0.997 0.997 0.997 0.997
0 0 45 0 0.253 0.251 0.258 0.253 0.283 0.281 0.288 0.283
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25 0427 0425 0.435 0.427 0.457 0.455 0.465 0.457
45 0685 0.679 0.69 0.685 0.705 0.699 0.710 0.705
9.5 0996  0.996 0.997 0.996 0.998 0.998 0.999 0.998
0 0 95 0 0.880  0.878 0.886 0.88 0.903 0.901 0.909 0.903
25 0934 0932 0.937 0.934 0.936 0.934 0.939 0.936
45 0975 0.975 0.979 0.977 0.976 0.976 0.980 0.978
9.5 1 1 1 1 1 1 1 1
0 25 O 0 0.183 0.181 0.186 0.183 0.213 0.211 0.216 0.213
25 0408 0404 0413 0.408 0.438 0.434 0.443 0.438
45 0.643 0.656 0.649 0.657 0.673 0.686 0.679 0.687
95 0998 0.998 0.998 0.998 0.999 0.999 0.999 0.999
0 25 25 O 0.301 0304  0.300 0.301 0.321 0.324 0.32 0.321
2.5 0508 0.507 0.511 0.508 0.528 0.527 0.531 0.528
45 0748 0.746 0.751 0.748 0.768 0.766 0.771 0.768
95 0997  0.997 0.997 0.997 0.999 0.999 0.999 0.999
25 25 25 O 0.408  0.413 0.406 0.408 0.428 0.433 0.426 0.428
25 0598 0.602 0.616 0.608 0.618 0.622 0.636 0.628
45 0816 0.803 0.801 0.797 0.836 0.823 0.821 0.817

9.5 1 1 1 1 1 1 1 1
1.2 -
1 -
§ 0.8 -
0.6 -
2 04 -
0.2 -
0 T T T T T 1
0 0.1 0.2 0.3 0.4 0.5 0.6
i P ——LR
—_— g&OWL — g&PT —— gJBOHL —— DBOLR

Figure 1.Power curves of usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized DBOWL,
DBOPT, DBOHL and DBOLR test of hypothesis H.,for m=2,r=4,n=38, Z, and X, and for fixed

ﬂ41=0.ﬁ42=0,ﬂ51=0-

Table 1 represents the simulated powers of DBOLR, DBOWL, DBOPT, DBOHL and the usual two-sided multivariate
existing tests using real data for N =38 and design matrix Z,, containing two response variables and four explanatory
variables, when the alternative hypothesis is of the form H; : f > 0. We observe from Table 1 and Figure 1 that the
simulated powers of our newly proposed optimized DBOLR, DBOWL, DBOPT, DBOHL tests are significantly higher
than the usual two-sided existing tests, especially near null value(s). For example, the simulated power of the Wilks’
lambda, Pillai trace, Hotelling-Lawley trace, LR test, and the proposed optimized DBOWL, DBOPT, DBOHL, DBOLR
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tests are 0.428, 0.425, 0.429, 0.428, 0.499, 0.496, 0.500 and 0.499 respectively for, 5,, =0, /,, =0, 5, =0and
B, =4.5.

Table 2.Calculated powers of the usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized
DBOWL, DBOPT, DBOHL and DBOLR test of the hypothesis Hj for m=2,r =3,n =38, design matrix Z, and
covariance matrix X, .
Ba P Bu  Pu WL PT HL LR DBOWL DBOPT DBOHL DBOLR
0 0 0 0 005 005 0.05 0.05 0.05 0.05 0.05 0.05
-25 0115 0.112 0.116 0.115 0.147 0.144 0.148 0.147
-48 0445 0.438 0.449 0.445 0.477 0.47 0.481 0.477
-9.7 0986 0985 0.986 0.986 0.988 0.987 0.988 0.988
0 0 -48 0 0.239 0236 0.24 0.239 0.271 0.268 0.272 0.271
-25 0364 036 0364 0.361 0.396 0.392 0.397 0.397
-48 0.639 0.633 0.643 0.639 0.671 0.665 0.675 0.671
9.7 099 099 0991 0.99 0.993 0.993 0.994 0.993
0 -25 -48 0 0.366 037 0.361 0.366 0.409 0.413 0.404 0.409
-25 0477 0478 0475 0.477 0.52 0.521 0.518 0.52
-48 0723 0.719 0.723 0.723 0.766 0.762 0.766 0.766
-9.7 0994 0993 0.994 0.994 0.997 0.996 0.997 0.997
0 -48 -48 0 0.66 0.665 0.654 0.66 0.696 0.701 0.69 0.696
-25 0723 0.726 0.718 0.723 0.759 0.762 0.754 0.759
-48 0.866 0.866 0.867 0.866 0.902 0.902 0.903 0.902
-9.7 0978 0978 0.978 0.978 0.999 0.999 0.999 0.999
-25 -25 -25 0 0.223 0.222 0.222 0.223 0.275 0.274 0.274 0.275
-25 0344 0341 0.347 0.344 0.396 0.393 0.399 0.396
-48 0632 0629 0.635 0.632 0.684 0.681 0.687 0.684
-9.7 0991 0.99 0992 0.991 0.994 0.993 0.995 0.994
-25 -25 -97 0 0911 091 0912 0911 0.913 0.912 0.914 0.913
-25 0933 0931 0934 0.933 0.934 0.932 0.935 0.934
-48 0976 0974 0976 0.976 0.977 0.975 0.977 0.977
-9.7 1 1 1 1 1 1 1 1
-25 -48 -97 0 0969 097 0.968 0.969 0.972 0.973 0.971 0.972
-25 0976 0976 0.975 0.976 0.979 0.979 0.978 0.979
-48 0989 0989 0.989 0.989 0.991 0.991 0.991 0.991
-9.7 1 1 1 1 1 1 1 1
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Figure 2.Power curves of usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized DBOWL,
DBOPT, DBOHL and DBOLR test of hypothesis HZ,for m=2,r =3,n=38, Z, and %, andforfixed /3, =0,

ﬁ32=0,,841=0.

The simulated powers of DBOLR, DBOWL, DBOPT, DBOHL and the usual two-sided multivariate existing tests using
artificially generated data for n =38 containing two response variables and three explanatory variables are presented in
Table 2, when the alternative hypothesis is of the form Hj . # < 0. The results reveal that the proposed optimized
DBOLR, DBOWL, DBOPT and DBOHL tests perform better than the usual two-sided existing tests in terms of power of
the test. The power curves presented in Figure 2 exhibit that the power of the proposed one-sided tests are very high near
null value(s) than their counterparts. For instance, the simulated power of Wilks’ lambda, Pillai trace, Hotelling-Lawley
trace, LR tests are 0.364, 0.360, 0.364, 0.361, and for the proposed optimized DBOWL, DBOPT, DBOHL, DBOLR tests
are 0.396, 0.392, 0.397, 0.397 respectively for, S, =0, 3;, =0, 8, =—4.8and f,, =—2.5 (Table 2).

Table 3.Calculated powers of the usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized
DBOWL, DBOPT, DBOHL and DBOLR test of the hypothesis H® for m=3,r =5,n =38, design matrix Z,
and covariance matrix 2, .
P B P Ba B P WL PT  HL LR DBOWL DBOPT DBOHL DBOLR
0 0 0 0 o0 0 0.05 005 0.05 0.05 0.05 0.05 0.05 0.05
1 0.042 0.045 0.041 0.042 0.065 0.068 0.064 0.065
15 0.062 0.064 0.06 0.062 0.085 0.087 0.083 0.085
23 0138 0.137 0.139 0.138 0.161 0.16 0.162 0.161
3.5 0.288 0.278 0.287 0.288 0.311 0.301 0.31 0.311
48 0539 0519 0542 0.539 0.562 0.542 0.565 0.562
0O 0 0 0 -15 0 0.038 0.041 0.04 0.038 0.074 0.077 0.076 0.074
0.069 0.071 0.069 0.069 0.105 0.107 0.105 0.105
15 0.089 0.088 0.088 0.089 0.125 0.124 0.124 0.125
23 0.155 0.154 0.156 0.155 0.191 0.19 0.192 0.191
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3.5 0335 0.322 0.338 0.335 0.371 0.358 0.374 0.371

48 0565 0.548 0579 0.565 0.601 0.584 0.615 0.601

0 0 0 -23 0 0 0111 0113 0.106 0.111 0.154 0.156 0.149 0.154
1 0.11 0.107 0116 0.11 0.153 0.15 0.159 0.153

15 0.145 0.15 0.145 0.145 0.188 0.193 0.188 0.188

23 022 0218 0221 0.22 0.263 0.261 0.264 0.263

3.5 0391 0.377 0.404 0.391 0.434 0.42 0.447 0.434

48 0.625 0.598 0.631 0.625 0.668 0.641 0.674 0.668

0o 0 0 -23-15 0 0163 0.163 0.169 0.163 0.186 0.186 0.192 0.186
0.177 0.175 0.178 0.177 0.2 0.198 0.201 0.2

15 0231 0226 0.226 0.231 0.254 0.249 0.249 0.254

23 0288 0.277 0.29 0.288 0.311 0.3 0.313 0.311

3.5 0475 0.463 0.484 0.475 0.498 0.486 0.507 0.498

48 0.666 0.642 0.679 0.666 0.689 0.665 0.702 0.689

0 0 -15-15 -48 0 0508 0.494 0.508 0.508 0.553 0.539 0.553 0.553
1 0535 0518 0.546 0.535 0.58 0.563 0.591 0.58

15 0.562 0.537 0577 0.562 0.607 0.582 0.622 0.607

23 0.611 0.586 0.631 0.611 0.656 0.631 0.676 0.656

35 0742 071 0.755 0.742 0.787 0.755 0.8 0.787

48 0877 0.85 0.888 0.877 0.879 0.852 0.89 0.879

1.2

power

4 5 6
LR
—— DBOWL —— DBOPT —— DBOHL —— DBOLR

Figure 3. Power curves of usual Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR test, proposed optimized
DBOWL, DBOPT, DBOHL and DBOLR test of hypothesis H s ,for m=3,r=5n=38,Z, and X, and for

fixed S5 =0,0,=0,6,=0, f;=0, 5,=0,85=0.

Table 3 represents the simulated powers of DBOLR, DBOWL, DBOPT, DBOHL and the usual two-sided multivariate

existing tests using real data for N=38 and design matrix Z,, containing three response variables and five

64



http://ijsp.ccsenet.orginternational Journal of Statistics and Probability Vol. 7, No. 2; 2018

explanatory variables, when the alternative hypothesis is of the form H: :ﬁ(i) > O,,B(j) =0, ﬁ(k) < 0, where,
i # ] #K <m. We observe that the simulated powers of our newly proposed optimized DBOLR, DBOWL, DBOPT,
DBOHL tests are significantly higher than the usual two-sided existing tests. The power curves show that the powers of
the newly proposed optimized one-sided tests are very high near null value(s) than their counterparts (Figure 3). As an
instance, the simulated power of Wilks’ lambda, Pillai trace, Hotelling-Lawley trace, LR tests are 0.089, 0.088, 0.088,
0.089, and for the proposed optimized DBOWL, DBOPT, DBOHL, DBOLR tests are 0.125, 0.124, 0.124, 0.125

respectively for, S, =0, 5., =0, 5, =0, B, =0, B, =—1.5and S, =1.5.

We observe from Monte Carlo simulation study in all cases, our proposed DBOLR, DBOWL, DBOPT and DBOHL tests
perform better than the usual two-sided existing tests. All the tables and figures show that the simulated powers of the
proposed distance-based one-sided tests are always superior to the usual two-sided tests. In conclusion, if we use the
proposed distance-based one-sided tests rather than their traditional counterparts do result typically more accurate in
terms of power.

5. Conclusions

This study develops distance-based one-sided DBOLR, DBOWL, DBOPT and DBOHL tests for testing regression
coefficients in a multivariate multiple regression model under restricted alternatives. We compare the performance of our
proposed one-sided tests with the existing two-sided multivariate tests in terms of power properties using real and
artificially generated data by Monte Carlo simulation. Monte Carlo simulation results reveal that our newly proposed
optimized distance-based one-sided tests perform better than existing two-sided tests in all cases of design matrices
discussed in this paper.
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