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Abstract

A new test for non-linearity in the conditional mean is preed using functions of the principal
components of regressors. The test extends the non-lindaests based on Kolmogorov—Gabor
polynomials (Thursby and Schmidt, 1977, Tsay, 1986, andshérta, Lin and Granger, 1993), but
circumvents problems of high dimensionality, is equivatita collinearity, and includes exponential
functions, so is a portmanteau test with power against a veidge of possible alternatives. A Monte
Carlo analysis compares the performance of the test to ttimalgnfeasible test and to alternative
tests. The relative performance of the test is encouradimgtest has the appropriate size and has
high power in many situations.
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1 Introduction

It is a great pleasure to contribute a paper in honor of Pio&huymes, whose many major publica-
tions have helped establish econometrics in its modern.f@uor topic is the validity of the functional
form of a model, which is an essential component of its corspecification: both are topics on which
Phoebus has published (see e.g., Dhrymes, 1966, and Dhritomsey, Hymans, Kmentet al.,, 1972).
Nevertheless, we consider that a test for non-linearitgdaired that can evaluate the ‘goodness’ of a
postulated model against general non-linear alternatpaaticularly in the context where there would be
more non-linear terms to include than available obsematidvidence of non-linearity implies that an
alternative functional form should be utilized. Consedlyemve propose a general portmanteau test for
non-linearity, which is designed to accommodate large rembf potential regressors, so is applicable
prior to undertaking model estimation or selection.

Our proposed test is based on a third-order polynomial vadditenal exponential functions, formed
from the principal components of the original variablesjcliallows us to obtain a highly flexible non-
linear approximation yet in a parsimonious formulation. thHére are (sayj = 10 linear variables,
there areb5 quadratic functions ané20 cubics, addin@®75 variables to test for a general third-order
polynomial, whereas our proposed test would require jadunctions yet check exponentials as well;
for 30 linear regressors, an unmanagedhli2s additional terms would be required—as agafitst

*We thank the Editors and two anonymous referees ofthenal of Econometrigslurgen A. Doornik, participants of the
2006 Royal Economic Society Conference, Econometric 8paigstralasian Meeting, Econometric Society EuropeantMge
and the 4th Oxmetrics Users Conference for helpful commamdssuggestions on an earlier version. Financial suppart fr
the ESRC under grants RES-000-23-0539 and RES-062-23i8@@atefully acknowledged.



Many tests of linearity have been proposed in the literatsee Granger and Terasvirta (1993, ch.6)
for an overview. Ramsey (1969) proposed tests for specdita&trors in regression, including unmod-
eled non-linearity, based on adding powers of the fittedesliDoornik (1995) provided a careful eval-
uation of both the numerical and statistical propertieshef RESET test. Thursby and Schmidt (1977)
extended the RESET test by proposing the use of powers assd products of explanatory variables, as
well as another variant that used principal components ekttplanatory variables: simulation studies
across a range of specifications suggested the prefertegdas®ne based on square, cubic and quartic
powers of the explanatory variables. Lee, White and Gra(b@®3) utilized these generalized RE-
SET tests, which took principal components of the polyndsnia their simulation study to control for
collinearity. Keenan (1985) developed a univariate testi&ecting non-linearity based on a \Volterra ex-
pansion, an analogue of the Tukey (1949) one degree-afdradest for non-additivity: the test checks
whether the squared fit is correlated with the estimatediueds, so is a variant of the Ramsey (1969)
test. Tsay (1986) improved on the power of the Keenan (198&)hiy allowing for disaggregated non-
linear variables (alh (n 4 1) /2 cross products fon linear variables), based on a Kolmogorov—Gabor
polynomial. Bierens (1990) developed a conditional montesitof functional form.

White (1989) and Leet al. (1993) proposed a neural network test for neglected na@atity, in
which they undertook a Lagrange multiplier test for hiddetivation functions, typically logistic func-
tions, after pre-filtering using an ARY model selected by BIC. As the hidden unit activations, detho
W,, tended to be collinear with the regressors, they suggesied) principal components of thE,,
and we compare a variant of this idea to our proposed tesasVietaet al. (1993) showed that such a
test had low power in many situations, and was not robustddrtblusion of an intercept. They pro-
posed a related test based on a third-order polynomial fbaimated the single hidden-layer atrtificial
neural network model of Leet al. (1993), but had a more general application. This test wifesuvhen
there are many regressors, as the number of non-lineaiidose€,, = n (n + 1) (n + 5) /6, increases
rapidly with n.

White (1982, 1992, ch.9) proposed a range of dynamic infionanatrix tests based on the covari-
ance of the conditional score functions. The tests have pagainst mis-specifications that induce auto-
correlation in the conditional scores. Brock, Dechert acltethkman (1987) developed a non-parametric
test for serial independence based on the correlationrate§a scalar series, which emerged from the
chaos theory literature, and McLeod and Li (1983) developéadst against ARCH which has power
against non-linearity in the conditional mean, and whicasgmptotically equivalent to the LM ARCH
test developed by Engle (1982). Finally, the White (19886) ter heteroskedasticity can be considered a
test of linearity in which the alternative hypothesis is aloly stochastic model given by:

Y= axy + 6, e ~IN[0,07] 1)

with x¢ = (z14,... ,xn,t)/, a; ~ D, [, X,], whereX,, is positive definite andt [ae5] = 0, Vs, .
The test adds all squares of regressors, or squares andpcoassets, to test for heteroskedasticity,
implicitly testing for omitted non-linearity as well: se@&os (1986, p.466). This has been investigated
by numerous authors, including a recent appraisal in HeaddyKrolzig (2003) in the context of model
selection, and has direct parallels to the approach we peopo

Although the literature on non-linearity testing is subsi, our test is designed for a setting that
is not yet handled well, namely, high dimensional, possiblgtively collinear, specifications where the
functional form of the non-linearity is not knowan priori. Standard tests based on second-order poly-
nomials such as White (1980) and Tsay (1986) face severaligmhdrawbacks: first, their increasing
dimensionality withn; secondly, the potentially high collinearity between posvef regressors that are



slowly changing (see Phillips, 2007, for a time series anad); and third, the possibility that the sec-
ond derivative is not the source of the departure from lilgaio rectify these potential drawbacks,
our test first forms the, standardized, mutually-orthogonal principal componentsf the originaln
linear regressors;, with weights given by the eigenvectors of their estimatadance-covariance ma-
trix. Then, for fixed regressors, adding the squazég cubeSzit, and exponential functions of the
zi 1, yields anF-test with3n degrees of freedom, jointly resolving the problems of highehsionality,
collinearity, and restriction to second-order departuiiése corresponding ‘unrestricted’ function of all
these terms would involve adding,, = C,, + n elements, which is often infeasible, and usually low
powered for large:. When the regressors are weakly exogenous (see Engle, \HamdiRichard, 1983),
an approximaté--test results in stationary models.

The structure of the paper is as follows. Section 2 consifigrstional-form testing, and proposes
a test for situations where many general tests are infeasibéction 3 discusses the statistical power
of the proposed test, computes the non-centrality, and iexemits power approximations for scalar
polynomials. Section 4 describes the range of alternagigts twe will compare against, then section 5
undertakes a set of Monte Carlo experiments to examine tmpa@tive power of the test for various
IID data generation process (DGP) designs. Testing for neadiity in dynamic models is considered in
section 6, and section 7 concludes.

2 Testing functional form
Given the general functional relationship foe= 1,...,T"

Yr = f (@14 . Tny) + & &~ INJ0,07] (2)
the linear approximation is:

Yr = Bo+ L1z + -+ BpTns + e Zﬂo—h@/xt + e (3)

wherex; needs to be weakly exogenous for To evaluate (3) requires testing the validity of the func-
tional form approximation. We first consider the case wh#se ) is quadratic, which highlights the key
considerations, then consider a more general approximétiat avoids the three drawbacks of dimen-
sionality, collinearity and only quadratic departures deyeloping an Index test.

2.1 Testing against a quadratic
First, consider the optimal test for linearity whé¢fx,) is the exact quadratic:

f(xe) = By + B'x¢ + 7x1Ax, (4)

and A is known up to a constant factor and symmetric (without Idsgemerality), sax;Ax; = u; iS
known andy # 0. Then when (4) holds:

yr = Bo + B'% + yup + & %)

so at-test ofHg: v = 0 in (5) will be the most powerful test for non-linearity.



2.2 A guadratic approximation test

However, asA is unknown in general, a ‘natural’ test is to consider the ongnce of adding all the
guadratic terms to (3). Let:
w; = VeCh(xtxg) (6)

wherevechvectorizes and selects non-redundant elements from ther loangle including the diagonal
of the outer product. Then, an exact test for fixed regressordd be aan(f(J; %in +1) /z—test of the
null 6 =0in:

Y = 60 + B'xt + (s/th + et (7)

When A is unknown, (7) provides one operational counterpart (ayals to the third-order polynomial
test proposed by Spanos, 1986, p.460). However, for a nitinear test, let:

¢ ~ Dn [, ] (8)

whereQQ is the symmetric, positive-definite variance-covarianarix. Factorize®? = HAH', where
H is the matrix of eigenvectors d? and A the corresponding eigenvalues, EBH = I,. Since
AVPH'QHATY? =1, let:

z; = A"V?H' (x; — p) ~ D,, [0, 1] (9)

Replacingx; by z; in (6) and (7) does not affect the testdf = 0, merely transforming the data to its
complete set of principal components, so is equivarianbtlinearity, a property that will prove useful
below.

2.3 A low-dimensional quadratic test

Instead of including all of the quadratic terms, 1gt; ; = (z;ﬁt)z, then under the null that = 0 in (4),
the test ofx; = 0 in:
yr = By + B'xt + Ky + vt (10)

is an exactF-test withn degrees of freedom, for fixed regressors. There are ediements inu, ,
so relative to one iny in (5), power will be lower. However, is many fewer terms than(n + 1)/2
in w; in (7), yet every element im, ; potentially depends on squares and cross-products of eyery
Thus, the first and second objectives—effecting a major démaality reduction and formulating a test
in terms of non-collinear variables—have been achieved.t&st based on (10) is equivariant to whether
the linear terms are; or z;, and if transformed to the latter, corresponds to adding Supares (see
e.g., White, 1980).

Since(? is unknown, a symmetric, positive-definite estim&tds used when calculating principal
components, denoted so:

z: = A?H' (x; — i) a5 Dn [0,1] (11)

app
Then thez;; in (11) are the standardized, mutually-orthogonal contimna of the originalz; ; to be
used for the operational quadratic version of the testyig = 27,.



2.4 Testing against more general alternatives

To accommodate the third drawback, and generalize the destigher-derivative departures from the
null, we also includeus ; ; = zfjt to capture skewness. Since polynomial approximations reasidw

to converge when the approximated series involves expatgnand tend not to be a parsimonious
approximation for other functional forms, Abadir (1999pgested confluent hypergeometric functions
as a more general class. We examined simple exponentialidnacsuch age*}, {e*'z;,} and
{e"zivt'} but these yielded almost no additional information overgbl/nomial approximation for a
range of alternatives. However, a product likg; ; = e~1%/2; ; does yield additional flexibility as well
as help capture overall asymmetry, with the possible desataige that it is not differentiable. Since the
z; + are standardized as in (11), both signs occur equally ofteaverage, so adding ; ;, ua ; ¢, u3.;+ as

in (12) yields the low-dimensional portmanteﬁ%?_(4n+1)—test ofk; = Ky = k3 =01In;

v = By + B'xt + H/1u17t + Hl21127t + ng&t + e (12)

Under the nulle; = ¢, so the test is distributed &sfor fixed regressors. Under the alternative:

n
2 3 —|z;
Yt = Bo + E (ﬁizi,t + K125 + K22 + K3i%ite | ”') + et
i=1

n
1
~ 50 + Z <5izi7t + Vit (1 — ’Zi,t‘) + I<L17izi27t + ligJZit + Hizfjt <l— g ‘Z@ﬂ)) + e (13)
i=1

Thus, the approximation is quite flexible: the model is cansif 8 = k1 = ko = k3 = 0; linear

if k1 = ko = K3 = 0; quadratic ifks = k3 = 0; cubic if k3 = 0; ‘bi-linear with bi-quadratic’ if

B = ko = 0; and fairly general if all coefficients are non-zero. The#tiopar bases included in (13)
are recorded in figure 1: a wide range of possible non-litiearcan be detected by combinations of the
three proposed here= = z; was considered as well, but yielded almost no additionalrmétion over
the exponential product included, as can be seen from iieglag ;| by =7, in (13).*

We call this jointF-test the Index-test, as onfin additional regressors are needed, agaist
if all terms were entered unrestrictedly. Despite inclgdiarms for quadratic, cubic and exponential
departures as shown, Index-test remains computable mavid < 7', whereasR,, < T would be
needed unrestrictedly (e.g., allowimg~ 24 versusn ~ 6 atT = 100). We next investigate its null
distribution, then consider its power in several canorsediings.

2.5 Null distributions

Sincez; is just an orthogonal transformation »f, Index-test needs the same assumptions as almost all
the other tests considered in section 4 (other than RESETaeeres, 2007). To check that Index-test is
distributed as af3" ,, _, in finite samples even when there would be more variablesahservations in

the unrestricted test, so thAf, > T', we examined its QQ-plots under the null for the static expents

in section 5.1. The results closely corresponded té-atistribution. Collinearity between regressors
did not affect the null distribution. We also checked thel digtributions for fixed regressors of those
alternative tests, including the RESET test, V23 (Terdaet al., 1993), principal components of V23,
denoted PCV23, V2 (Tsay, 1986), and principal component®2oPCV2, confirming all these tests are

Aset =1+ 2+ 327, + 220, + L2+ 0 (2,), andz7, andz}, tend to be highly correlatedxp(z; ) adds little
to a cubic approximation.
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Figure 1: Quadratic, cubic, exponential and compositetfans

distributed ag under the null with the appropriate degrees of freeddmstationary dynamic processes
with weakly exogenous regressors, Index-test is only%@n_l in large samples.

3 Test power

Thus, the key issue is the comparative powers of the variggts to reject the null when it is false in
a range of states of nature. We first consider scalar polyalsnthen a vector of quadratic regressors,
which also highlights when the quadratic Index-test wowdeéhno power, and finally turn to the general
portmanteau test.

3.1 Power approximationsfor polynomials

The simplest polynomial DGPs are given by:
e = Bx] + e (14)

wheree; ~ IN [0,02] andz; ~ IN [p,1], fort = 1,...,T, andj = 1, ..., 4, such that the four cases are a
linear, quadratic, cubic and quartic function. The disttitn of thet?-test ofH: B; = 0 conditional on
Xy IS:
~2 T .
5]' Zt:l(wi)z
2

€

ap X1 (€3) (15)

2The labels follow the notation of Terasviraal. (1993), where V refers to a Volterra expansion.



with non-centrality parameter: . ‘
2 202
80? _ 5] Zz;:g( t) (16)
Rather than use the specific valueof_, (+7)? in the simulations, we have approximated itk (7)2]
when calculatingy? where, using normality[(x:)*] = 1 + p?, E[(27)?] = 3 + 6p® + p*, E[(2})? ] =
15 + 452 + 15u* + pb, andE[(z})?] = 105 4 42042 + 210u* + 286 + 18.

Simulated power functions wheh = 100 ando? = 1 for the four DGPs are recorded in Figure 2,
based on 10,000 replications, for each valuept= 1, ..., 6, along with the analytic power functions,
calculated by approximating?._, by ax? with k degrees of freedonf%._, (¢¥?) @ X3 (¥?), and
relating that non-centra}? distribution to a centrak? (as in e.g., Hendry, 1995, p.475). When= 0
(panels a and b), the divergence between the analytic andeMzarlo test powers is notable for cubic
and quartic, particularly for intermediate non-centiedit This is due to the high skewness and kurtosis
of the distribution ofz;, which impacts on the distribution of thestatistic under the alternative, as
the sample mean of the:/)2 can be far fromE[(2)?] in (16). Because of this effect, at a given non-
centrality, it is more difficult to detect a higher-orderrtereven if its form is known—-when means are
zero (ory; depends orx; — ,u)j). Although the mean is arbitrary in most economic data se(i4) is
not equivariant to the mean, unlike (3), as even for a quedrat

Y = 529%2 + €& = 52#2 + 2Bop (@ — p) + By (x4 — M)2 + €.

Panels ¢ and d show the much better matchifo 0. Also, while (16) still holds, non-centralities
diverge faster at higher powers asncreases. Combinations of polynomial functions like (le&d to
F-tests, and in these scalar cases are identical to uging

3.2 Vector of quadratic regressors

For a vector of regressors, 16, = 0 and takex = 0 in (8), so all linear terms have means of zero
(or are deviations from sample means). Under the altemdtiaty £ 0 in (4), the test ofx; = 0 in
(10) will have power against quadratic departures that at@rhogonal tau; in (5) as follows. Since
Q = HAH/, from (9):

= B'x; + X, Ax; + & = Bx, + (2 (A1/2H’AHA1/2> z + e (17)

Let AY2H/AHAY? = Y. + D, whereX, is diagonal and. non-diagonal with a zero diagonal, so:
=0B'% +7(z) (Tu +D.)zf + e (18)

then:

= B'x¢ +7(2]) Yuzf +7(2])Duzf + & = B'x + K + vy (19)
(say), yielding the test ok, = 0 in (10). Such a test is not optimal 1, # 0, as then cross-products
of the z7, matter, although by construction only those componentsafeorthogonal tas, ; will be
omitted from (19). The ‘closeD, is to 0, the less the power loss. Additional terms from the next sub
and super diagonals could be added as a check wigesmall; or going in the opposite direction, a scalar
test could be constructed using: (=] t) as a single regressor, as in Tukey (1949). The operational
equivalent replaces; by z; so tests<; = 0 in:

= ,B/Xt + "}/ZQTZt + €t = ,B/Xt + K;/luli + €. (20)
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3.3 Powerless cases

The quadratic Index-test will have no power when the deparfrom linearity is in the direction of
uy ¢, 1, Which requirest’ = 0,, whenD # 0 in (20). This may occur if the; ;s are perfectly orthogonal,
such that? = A, and the non-linearity only enters in the form of a cross pobdwhereas the principal
components would not include cross-product terms. Howaeher practical relevance of such a case
seems limited. Note that the form of any non-centrality duadn-linear functions ok; being omitted
from (3) changes with the mapping g, maintaining the test’s equivariance to collinearity.

The quadratic Index-test would also have no power when tbenskderivative off (-) was zero, but
the third was non-zero, a case to which we now turn.

3.4 General Index-test power

The possibility that the first non-zero derivative is thedhis precisely the reason for including the
additional termsuy; andus, in (12). Even if the first non-zero derivative is the fourthe tgeneral
Index-test in (12) will have power, as the second derivatilealmost certainly be correlated with the
fourth; similarly for the third with the fifth.

When the non-linearity takes the form of a ‘squashing functlike an ogive, the exponential com-
ponent is likely to prove useful. There is a trade-off betwtee degrees of freedom and the value of the
test's non-centrality parameter. When the non-centealitf individual terms are small andis large,

a test withR,, degrees of freedom would have very low power. For the genedaix-test, the overall
power depends on combinations of these non-centralitiesdich variable and each polynomial power,
as well as the exponential term, an issue we now explore bytéBarlo experiments.



4 Alternativetests

There are a wide range of alternative linearity tests, sem@ar and Terasvirta (1993) for a summary.
We consider a subset that aims to test against a generainean-blternative. Consider a univariate
processy; which is a function of a set of. potential linear regressors ;, « = 1,...,n, and a set of
non-linear functions, denoteg(-). The non-linearity tests computed include:

1. Optimal testHy : ¢ = 0 for:

ye=Bo+ Y Biwis+ 69 () + v (21)

i=1

2. A second-order Kolmogorov—Gabor polynomial test, whapplying the Frisch and Waugh (1933)
theorem, is identical to the Tsay (1986) test and is anakwgothe White (1980) tesH, : 6 = 0
for:

ﬂ0+26w,t+zzajkwﬂm+nt (22)
J=1k=j
This test has (n + 1) /2 degrees of freedom, and is denoted V2.

3. Athird-order Kolmogorov—Gabor polynomial test, propad$y Spanos (1986, p.460) and Terasvirta
etal.(1993),Hy : 6 =9 = 0 for:

=fo+ Z Biwir + Z Z kTt Tt + Z Z Zﬁgm% Thetly + G (23)

Jj=1k=j ij=1k=j =k
This test has (n + 1) (n + 5) /6 degrees of freedom, and is denoted V23.

4. Principal components of the second-order polynomid) tessng the firs& principal components
of (6), denotedw,, and tesH; : = = 0 for:

n k
ye=Bo+ Y Bimig+ Y mile+ & (24)

i=1 j=1
We setk = 3n to correspond to Index-test and the test is denoted PCV2.

5. Principal components of the third-order polynomial teested on the first principal components
of s; = vech [(x4x}) ® x}], denoteds;: Hy : = = 0 for:

n k
= Bo+ Z Biwit + Z TjSjt + st (25)
i=1 j=1

We setk = 3n to compare to Index-test, and the test is denoted PCV23.
6. Index-testHy : v =0 =& = 0 for:

n
Yt = Py + Z Bixir + Y a1+ 0'ugy + Eugy + ey, (26)
=1
with 3n degrees of freedom. Variants of the test with just the quadreubic, and exponential
functions are also considered, each witldegrees of freedom. In practice, these would require
knowledge of the functional form of the DGP. The benefit ofdrdest is that it is a portmanteau
test that has power over a range of possible non-linear DGPs.

9



7. RESET testHg : k1 = k9 = k3 = 0 for:

n
ye=Bo+ Y Biwis + m1G; + Kol + ksl + vt (27)
i=1

which has 3 degrees of freedom whgris the fitted value from the linear model.

4.1 Principal components of non-linear functions

The number of parameters for V2 and V23 quickly becomes lasgaore linear regressors are included,
such that the tests are infeasible for largeThis implies that the principal components of V2 and V23
must also be restricted to small For a sample size @f = 100, a maximum of 5 linear regressors can
be included for the V23 test and a maximum of 13 for the V2 téstlex-test is feasible over a wider
range ofn, as only3n degrees of freedom are needed for the most general test.

Whilst taking principal components of the linear functiarsl then computing non-linear functions
delivers similar power to taking principal components @& tion-linear functions directly for small,
there are drawbacks to the latter approach. No dimensiactied is achieved as the number of principal
components will equal the number of non-linear functionenég, an arbitrary is selected, either using
formal tests such as the Scree test (Cattell, 1966) or theelK&1960) criterion, or based on a preference
for the degrees of freedom. If a batch of tests is computedinlw; varies, the critical values would need
to be corrected for the joint procedure—which would regaitghter significance level for the principal
components tests than Index-test. Most variance is celleloy the first few principal components, so
a smallk is often beneficial, but discarding PCs with smaller eigkres can be problematic if the
relevant non-linear regressors are highly correlated withut not with other regressors. By undertaking
the dimension reduction first and then computing the nosalirtransformations, no arbitrary reduction
is needed. Further, principal components of the non-lifigaetions can be computationally demanding
for largen compared to the proposed Index-test.

5 Power smulationsfor static DGPs

5.1 Experimental design

A range of simulations was undertaken in Ox (see Doornik,72Q3ing M = 1000 replications to
examine the powers of Index-test for varying degrees ofredrity and numbers of regressors. The
unmodeled variables’ DGP is:

x¢ ~ IN,, [, €] (28)
wherey; = 0 or 10, V [z;¢] = 1, Vi, andcov [z; x| = p, Vi # j. Here,n is the number of linear
regressors in each model, increasing framo 20 in the general unrestricted model, of which only two
(z1, andzo ;) are relevant. We consider up 18 irrelevant variables, as happens in model selection
experiments (see e.g. Hoover and Perez, 1999), so somartestdeasible. Théy,} DGPs considered
are listed in table 1, where (see section 5.3.7 for the ‘Qataxlkt’ case):

Y = f () + €, €4 ~ IN [0, 1] . (29)

We consider two magnitudes of correlation= 0, 0.9, and two sample size§, = 100 and 300, with
the parameters of the DGP held constant to assess the impacweer of increasing the sample size.
Parameters are set for the non-linear functions such tleahdin-centrality of an individuattest for

T = 100, p = 0 andp = 0 is given by in Table 1. Results are mainly reported fBr= 100, 5%
significance angt = 0, due to space constraints, but are available on request.

10



DGP specificationy (-) coefficients and non-centralities

Quadratic Brx1 + Boxay + Pl B1=08y=0.3,3;, =0.1732; ¢ = 3
Cubic G121 + Bota + Baad B, = 0.4743, B, = 0.3, B3 = 0.1225; ) = 3
Quartic Br1 + Btz + Byat B, = By = 0.3, 85 = 0.0293; ¢ = 3
Composite 3,27, + 8,23, + Bywa e~ 721! By = 3.6,8, = 0.285, 35 = 0.195; ) = 3
Cross-product 3,1, + By, + 327 ; + Bat1,e2s By =8y =0.2,8; =0.1155 3, = 0.2; ¢ = 2
Exponential (a3, {111} or (b) By {w1 e 17241} (@) B, = 2.04; 9 = 6 or (D) B, = 2.04;2p = 6
LSTR 51x17t + ﬁ2$27t + (50 + 51171_’15 + 52%2715) X ﬁl = ﬁQ =0.3,6p =0.9

[1+exp(—y (z14— )] 01 =082 =0.6,7y=2.5,¢c=0.3
Quadraticz () 8,27 ; or (b) B3 (@)3, =0.32;7 = 3or(b) 3, = 3.802; ¢ = 3

Table 1: Simulation experiments for static DGRsefers to the non-centrality of an optimal individuakst
forT'= 100, p = 0 andu = 0, for both the linear and non-linear parameters.

5.2 Resultsfor n =2

Although a scenario where the model coincides with a lowetligional DGP is unlikely, we first consider
that case to compare the set of alternative tests.

5.21 Quadratic DGP

For the quadratic DGP, the optimal testtf : 35 = 0 whenn = 2 has a non-centrality qzﬁ%,a = 3Tﬁ§,
which is independent of, the degree of collinearity.
The power of the V2 test in (22) for (29) will depend on:

51$%,t + 5233%,t + 031,172, (30)
and the non-centrality of the test is given by:
oty =T (357 + 363 + (1+ 2p%) [03 + 20182) + 6pd3 01 + 62])

Whend, = 3 = 0, the test non-centrality collapses to the optimal test cemirality of37°67. Hence,
the difference between the optimal and V2 test will be a fiancof the number of degrees of freedom
alone. This applies as well to V23, and to the principal congmis versions PCV2 and PCV23kif
spans the DGP non-linearity.

Index-test is based op, 21, + y,23 ,, where:

21t = Tit+ 01T2¢

Zot = Tor+ 02T1 (31)
where o depends on the eigenvaluet, of Q. Under perfect orthogonality? = I, which implies
A = Iy, andH = I, such that:{, = 2%, andz3, = z3,. WhenQ # I, z, comprises a linear
combination of thex;s:
2
1

2, = ai,+0ias, + 201714wy (32)

Z%t = ‘T%,t + Q%w%,t + 2091 124 (33)

3Using the fact that the fourth cumulant of a normal is zeraymém (1970, p.23) shows that:
E [w1,sw2,tws,twa ] = E [w1wa,¢] E [ws,twa ] + E [wirws,¢] E [we,swa] + E [wi,rwa ] E [wa rws ¢

Wherex?,txg,t comprise the foutw; +.
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so Index-test power will depend on:
Y1 (‘T%t + Q%l’g,t + 2@1x17t332,t) + 72 (x%t + Q%‘T%,t + 292x17tx27t) . (34)

As the optimal test will directly test for the significanceax?f[t, Index-test will have highest power when:

N 7205 ~ B
NO e =
27101+ 27200 = 0. (35)

This will give low weight to th@%t andz; ;z2, terms in the linear combination. Under orthogonality,
the analytic non-centrality collapses to that of the optitest, 37°6%, but with fewer degrees of freedom
than the V2 test. Collinearity impacts on the non-centralia the o weighting.

The non-centrality of the RESET test will also 847, with 3 degrees of freedom.

1.0 1.0

[— Quadrati [— cubic

0.8 0.8+

0.6 0.6

0.4 0.4

0.2 0.2

1.0

— Composis

0.8- 0.8

Figure 3: Powers of non-linearity tests for= 2

Figure 3, panels a-d record the powers of the tests for thddins DGPs forn = 2, so there are no
irrelevant regressors. Figures are labebed, d, cin rows from top left. The degree of correlatign,is
reported by either :0 or :0.9 after the test name unless ghéstavariant tgp. We consider panel a here,
and panels b-d in the following sub-sections. The optimstl p@wer is around 0.60, which compares
to the analytic power of 0.87 (see section 3.1). The V2 tasd RCV?2) has the highest power for the
quadratic as the test is designed to detect that form of inessfity* As Index-test includes additional

4v2 and PCV2 are identical fon = 2,4. PCV2 will include min {k = 3n;n (n + 1) /2} principal components. For
n = 2, there are 3 non-linear functions for V2 and PCV2 will inaduall 3 principal components of V2. Far = 4 there are
10 non-linear functions so all 10 principal components actuded and the tests are identical. PCV2=V2 in figure 3.
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cubic and exponential terms, this reduces its power by appaiely 15% when compared to Index-test
with just quadraticz; ;s with n degrees of freedom, but it insures against a broader rangerslinear
DGPs. Also, Index-test has a higher power to detect nomdityewhen there is collinearity, than under
orthogonality, as the collinear variables will proxy thék@nt non-linear functions.

5.2.2 CubicDGP

We next consider the cubic DGP in (29). Under orthogonatitg,non-centralities are:

L eas]
Pra(Pr) = ———5— =04TH
@?,a (52) = Tﬂ%
2 (3) 43
) = Ll
‘Pr,a 3 - O_g - 3
whereQ = 1 — x1 (x)x;) ' %}, andQ = 1 — x{¥ xP'x?)"1x{¥ whenx!¥) denotes the vector of

{xit}' Parameter values are chosen suchthat 3 for 7' = 100 under orthogonality.

Figure 3b records the results far= 2. V2 and PCV2 have very low power against a cubic DGP:
the benefits of a portmanteau test such as Index-test ardgemmparing across experiments. V23 has
high power for parsimonious specifications. The RESET tedbpms well for this DGP specification as
the simple non-linear function is easily picked up by thespaonious fitted value. The RESET test has a
higher power to detect cubic non-linearity than quadratidex-test suffers as usual under orthogonality,
and a high degree of collinearity is again beneficial. Thedimcombination of the;s for z; is:

3

3
1t

= w?,t + 35195%,t962,t + 3n%$1,t$§,t + ﬁi’%,t

3 3 2 2 2 33
Zyy = Tyt 3Kowd X1t + 3RGT24 XY + KOTT (36)

Therefore, ifp = 0.9, Index-test will gain power to detea:tit via the linear combinationxitxgvt and
xl,tx%t. The gap between the analytic and optimal test is larger fimathe quadratic DGP, in keeping
with our previous analysis.

5.2.3 Quartic DGP

While a quartic function is somewhat extreme, and the ssaitple distribution of even the ‘optimal’
t-statistic is poor under zero means, we investigate whetitkax-test based on quadratic functions has
power against quartic functions due to the collinearitynssn them. Again) = 3 for 7" = 100.

The results are recorded in Figure 3c for= 2. The substantial gap between the analytic power
(0.87) and optimal test power (0.60) is evident, due to i=gpekurtosis. The power is only marginally
lower than that for the quadratic function, and both testetdan Volterra expansions and Index-test do
have power against a quartic function. The patterns exulit the power functions correspond to those
for the quadratic function. The RESET test requires a higjtekeof collinearity and all linear functions
of non-linear regressors to be included in the DGP for reaisienpower.

5.24 Composite DGP

As Index-test is designed as a portmanteau test, it has @maarst a wide range of alternatives. We next
consider its performance for a composite DGP in which thelimaarity enters in several ways, such as
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guadratic, cubic and exponential jointly. The results arded in Figure 3, panel d, and confirm that

this composite DGP favors Index-test, especially wheretigecollinearity.

Power for a quadratic DGP

Comparison with RESET

1.00 0.5
r A-4A Indextest:0.9 -©-© Indextest:Q
[ : 88 RESET:no linearm-® RESET:0.9
F —— Optimal A-4A Indextest:0.9©-© Indextest:Q 0.4%-. :

0.75- V23 e V2 =% RESET:0.9 ¢+ RESET0
r -— RESET:0 == Analytic

050k RN e

>4 6 8 10 1214 16 18 20 2 4 6 8 10 12 14 16 18 20
05 Comparison with V23 0 5§ Comparison with V2
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0.1+ oo _ i P 0.1
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Figure 4: Powers of non-linearity tests for a quadratic fiomcasn increases

5.3 DGPsfor n > 2

Generally, models will not coincide with DGPs, so we now @asen by adding irrelevant regressors.

5.3.1 Quadratic DGP

Figure 4 reports the results for the quadratic DGR ascreases fron2 to 20. The number of linear
regressors is recorded along the horizontal axis with thpirgral rejection frequency on the vertical
axis. Index-test does not have the highest power, but isstafoua range of non-linearities. Panel
a compares the power to a range of alternative tests. As the B@ simple form of non-linearity,
detecting the non-linearity is difficult and all tests hawe Ipower for largen compared to the optimal
test. The RESET test has the highest power when0.9, but panel b compares this to the case where
the linear functions do not enter the DGP (i®. = 5, = 0), when the RESET test has a lower power
than Index-test for alh, as powers ofj; will not contribute much to detecting non-linearity. The3/2
(panel c) and V2 (panel d) tests, and their PCs, have highmpatwe= 2, but the power declines sharply
asn increases due to degrees of freedom. These tests are loiéefmsi many values of, here. Again,
Index-test has higher power under collinearity, as a hidghcreases power to detect non-linearity via
collinear squares and cross-products.7Asicreases t800, the powers of all tests increase, with a unit
power for the analytic calculation, and near unit power lfa optimal infeasible test. As before, V2 and
PCV2 deliver the highest power for the case they target.
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5.3.2 Cross-product DGP

For the DGP with a cross-product term, all individual regoes have non-centralities ®ivhenT = 100
under orthogonality. A conventiongltest of each null would, therefore, have power of approxéatya
0.5 at 5% when the specification in (29) was known. As the paiére optimal test depends on:

ﬁgﬂfit + BaT1T24,

the non-centrality of the optim#d-test is:

03 =T [36% + 683840 + 42 (1 +2p%)] .

Hence, the non-centrality of the joiRttest isp = 5.2 for p = 0.9, delivering a high power for all tests
under collinearity.

Under orthogonality, Index-test must again have low povggirsst a single cross-product term in
(29). For the test to have power against (29), we require averght on thex%vt term in thezit
equation, but then there is no close approximatioﬁ?,m%,t + By 470,

Cross—productp=0.9 Cross—productp=0

1.00- 1.00
0.75 0.75¢
0.50- ey 0.50!

i x-,j,‘:‘\qé b
0.25 ] 02542
r|—— Optimal AA Indextest+-+ V23 XX V2 r

(OO PCV2 €@ PCV23 Ml RESET = Analytic
| | | | |
2 4 6 8 n. 10
1.00 Cubic,p=0.9 1.00;
0.75 0.75
0.50, 0.50

0.25 0.25

Figure 5: Powers of non-linearity tests for a cross-produettion and a cubic function

Results for the cross-product experiment are reported umdi§, panel a fop = 0.9 and panel b for
p = 0to a maximum ofn = 10, as the power functions are nearly horizontal for- 10. PCV2 has
the highest power, but asincreases it declines sharply, whereas Index-test powxinds more slowly,
as does RESET. The degrees of freedom are costly for V23rimstef sharply declining power. Under
orthogonality, Index-test again has low power relativehie alternative tests. If the non-linear terms
offset each other, all tests have low power. This form of hioearity is particularly difficult to detect:
increasing collinearity yields lower power as the high etations cancel the relevant non-linear terms.
Thus, higher correlations are not always advantageous.
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5.3.3 CubicDGP

Figure 5, panels ¢ and d, records powers for the cubic DGPddo U0 regressors, and shows similar
patterns, although RESET is less affectechligicreasing.

5.34 Exponential DGPs

Many non-linear models include exponential functions sasmeural networks with logistic squashing
functions, and logistic or exponential smooth transitioodels. Tests based on polynomials will have
power against exponential DGPs due to the exponential ajppation in footnote 2, but tests with
exponentials included, such as Index-test, should be aldafture this form of non-linearity in a more
parsimonious mannetr.

Figure 6, panels a and b, record the power for an exponent&® h one linear variable, i.e.
{xue—\xl,t\}, and panels ¢ and d record the power for a non-linear funafcem combination of lin-
ear regressor%xl,te‘m,t'}. The divergence between the optimal test and the non-liests is marked.
When the regressors are collinear, Index-test has a higheermpto detect this form of non-linearity
than the RESET test and the Volterra-expansion based t¥&sand PCV2 have no power to detect
exponentials of this form, but V23 and PCV23 do have powertdube exponential approximation:

_ 1 1
ye = By {“Lte ‘ml} T =G (ml,t — w1y | + ST 05, — —a1y |x§7t‘> toe B9

2 6
The powers for V23 and PCV23 increase under orthogonalitychvis the opposite of Index-test. The
RESET test does not have power for cross-exponentials, dag dave a higher power than Index-test
under orthogonality for{ml,te“xlﬂ}. Including the linear terms in the DGP would favor the RESET
test. Index-test with just quadratics (i.e.,degrees of freedom) has a higher power than the general
Index-test, suggesting quadratic functions can also ‘pgkexponentials, so the increase in degrees of
freedom fromn to 3n is costly. However, more complex exponential function®fdndex-test.

535 LSTRDGPs

Having considered an exponential DGP, we generalize thentaSTR DGP as this nests aspects of
threshold models, regime-switching models, Markov-sitg models and neural networks, and is
therefore representative of a general class of non-lineadtets. Terasvirta (1996) proposes a range
of non-linear DGPs based on Leeal. (1993) for the time-series domain, but here we focus on eross
section DGPs: section 6 considers dynamic models. The Moat is necessarily equation specific,
but it is indicative of the performance of non-linearitytiet detect this type of departure from linearity.

While the optimal infeasible test based on the LSTR spedtificas not computed, we do compute
the power of one feasible test based on a third-order Taylpraximation. Replacing the transition
function by:

1+exp{—v(z1:— c)}]_1 ~

results in the approximation:

3
+ - , (38)

yr = O + 01214 + Ogway + 0337, + 042 | + 0521, + O6x1 4724 + 0727 ;w24 + 032 wo s + 4. (39)

Hence, the Taylor approximation test is highly paramegefizand there may be degrees-of-freedom
gains for Index-test.
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Figure 6: Power of non-linearity tests for an exponentialction

The results are recorded in figure 7, panels a and b. Indéexates\olterra-expansion tests have
power against an LSTR model under collinearity, indicatimgt polynomial approximations do capture
non-linearities generated by a smooth-transition modelt.nF= 2, most tests outperform the RESET
test, but then degrees-of-freedom favor the RESET testndexi of Index-test with comparable degrees
of freedom (using>_7; 22,}, {30, 22, } and {3_1L e I#i#lz; ;}) delivers higher power than the RE-
SET test, suggesting that over-parametrized models sinffan LSTR DGP. Furthermore, including
exponential functions in Index-test yields no improvemsenter Taylor-approximation tests, suggesting
that polynomials capture this form of non-linearity well.rt@bgonality implies that combinations of
the non-linear regressors will have low weight, reducing plower of Index-test relative to PCV2. Al-
ternative LSTR specifications are needed to draw more greciaclusions, but to the extent that (39)
is a reasonable approximation, Index-test will have powgairest (29). Conversely, rejecting an initial
specification does not entail that the alternative must baympmial function.

5.3.6 Composite DGP

Figure 7, panels ¢ and d confirm that the composite DGP favalsxttest as its power is high for small
n when there is collinearity. As increases, power declines and the degrees-of-freedonfitseoie
RESET yield a higher power for > 7, where only 3 degrees of freedom are required compared to
for Index-test. Increasing the sample size favors Indek-gnd its power is higher than RESET forsall
atT = 300. Index-test outperforms the V2 and V23 tests, but undeiogdhality, has lower power than
the Volterra-expansion tests and their principal comptsmen
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Figure 7: Power of non-linearity tests for an LSTR functiod @ combination of non-linear functions

5.3.7 Quadratic z DGP

We finally consider a DGP that is specified in terms of the gtimal linear combinations. From (9) the
DGP is:
Y = B121, + e = By (4.99827 , + 4.99823 , — 9.997x1 1 22,) + € (40)

wherep = 0.9 andp = 0. We set; = 0.32 so individual non-centralities are |3| for the three
non-linear functions. Under orthogonality, however, thesights will be incorrect.

The DGP has offsetting effects. When collinearity is larggzo ; will be a proxy forz , andz3 ,
so the negative coefficient on the cross-product will adelgraffect the power. Thus, we also consider
the alternative DGP:

Yt = B3, + €0 = By (0.26327 , 4 0.26323 , + 0.526x1 122,¢) + € (41)

whereg, = 3.802, so both the quadratic and cross-product terms are ‘in time shrection’ and power
will be higher under collinearity.

Figure 8 records the results for (40) in panels a and b, an@figrin panels ¢ and d. Index-test and
V2/PCV2 have the same power far= 2 as the tests are equivalent given the DGP design. V23 has a
higher power than its principal component analogue:fer 4 under collinearity, which suggests that PCs
of the non-linear functions can omit relevant non-lineanbmations given the arbitrary selection of the
number of PCs. Index-test, V2 and PCV2 have comparative ofeep = 0.9. Under orthogonality,
all tests have higher power due to the off-setting effectthefcross-product term. All tests based on
polynomials outperform the RESET test. When the secondvedmtor is used to form the DGP weights,
all tests have unit power under orthogonality apart fromrRESET test, although the power of Index-test
does decline as increases since the weightings are incorrectifor 2.
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Figure 8: Power of the non-linearity test for a quadrati€unction

A further case included both orthogonalized regressors,dativered similar power shapes over
as the single regressor case. A cubivas also considered, and again results were comparable.

6 Power smulationsfor dynamic models

6.1 Experiment design

So far we have considered static equations with stronglgexous regressors, essentially a cross-section
context. There are numerous well-known problems in geizérglto a non-linear dynamic context, but
some can be addressed. To assess the properties of theategniamic context, we undertake simulation
experiments for a first-order autoregressive-distribléggd ADL(1,1), DGP:

Ye = Bo + Brz1e + Boyt—1 + B3x14-1+ 9 () + & (42)
where|3,| < 1 andx; is now generated by:
x¢ =IIx; 1 +oy—1 + & (43)

wherelIl is the(n x n) matrix {m;;} fori,j =1,...,n,

il < 1,Yi, |a| < 1, and:

€ 0 w o’
(&) meel(0) (5 22 @

E[¢}] = wiiisascalarand [e;¢, 4] = was, 45 Vi, j. We generate = 1, ..., 9 regressorsx;, based on
(43), of which one £;) enters the DGP (42). Commencing with 3 linear regresgars;, z1 ¢, z1,¢+-1),
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Test g¢g() Coefficients

Baseline Wil = 1;W12_i = O,vi;WQQ.ii = 1,V’L';(.U22.ij = 05,\V/Z 7£ _], Tij = O,VZ #]
Strong exogeneity
Size - Bo =581 =Py =3 =mi =05a=0
Power (,z7, Bo =5;01 =By = B3 =mi =05, =0;8, =04
Power Byaf,+ 527, 1 By =050 =Py =03 =m;=05a=0;8,=0150; =01
Power S, exp®ii-1 Bo=5:0, =Py =Ps =i =050a=0;3, =04
Increasing persistence
Size - Bo=05;01=03=05;08=m; =08a=0
Power 5495%,15—1 Bo =561 =03 =0.5;0, =m; =08a=0;8, =04
Relaxing strong exogeneity
Size - By =5;0, =0y =05 =my; =0.5a=-05
Power 541'%‘1571 By =5;08, =Py =03 =m;; =0.5;a0=—-0.5; 5, =0.15

Table 2: Simulation experiments for dynamic DGPs

we include an additional regressor and its lag sequentiaityl all 19 regressor$y;—1,x,x;—1) are
included in the general model. We discard the first 20 obsens when generating the data. Table
2 records the experiments undertaken, and the tests listeekction 4 are computed. We compute the
principal components for Index-tests based on the secomdembmatrix of(y;_1 : x; : xt_l)’ . Unless
otherwise stated we setj; = 1;wao;; = 1,Vi;wao 4 = 0.5,Vi # j; andm;; = 0,Vi # j.

6.2 Results
6.2.1 Strong exogeneity

Strong exogeneity requires the absence of feedback, sath t& 0. As the DGP is unknown to the
econometrician, a test of non-linearity will require irgilon of all non-linear functions of the information
set, (y:—1 : X¢ : X;_1)’, although we assume the lag length is known at unity hereur&i§, panel a,
records the test size (for nominal sizes of 1% and 5%); andlpdm ¢ and d record the powers (at 5%)
for the non-linear functions listed in table>2.

The results show that Index-test has a large-sample adteatlsse to its nominal, at least at 5% and
1%, although all tests become slightly over-sized as theedegf persistence increases. The powers of
the tests based on Volterra expansions are high for simhilt decline rapidly as increases, and Index-
test power declines steadily. All tests outperform the RE®St for smalln, although its 3 degrees
of freedom help a® increases. A higher correlation between regressors, orra nwnplex form of
non-linearity, should favor Index-test.

6.2.2 Increasing persistence

We next increased the degree of persistence in both the magsgand conditional front, = m; =
0.5,Vi to By, = m; = 0.8,Vi. The size is reported in figure 10, panel a, and the power faraa@tic
DGP in panel b. Increasing persistence yields a higher pdareindex-test due to the collinearity
arguments noted for the static case. Hence, strongly exogaynamic DGPs have the appropriate size
and a power close to that of their static counterparts.

SWe only report results fof’ = 100. As the sample size increaseslto= 300, the size of the test is similar and the power
increases, in keeping with asymptotic theory. We only repowers for a 5% nominal significance level, as the patteftiseo
power curves are similar at 1%, but sizes are reported fdr biat and 5%. Full results are available on request.
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Figure 9: Size and power for ADL(1,1) DGP with strong exoggne

6.2.3 Weak exogeneity

If the regressors are only weakly exogenous, then non#itgezould induce unstable or chaotic behav-
ior for some parameter configurations. Providing statibyas maintained, in large samples the null
distribution is close to af, checked here whem = —0.5. For power, we sef, = 0.15 to ensure con-
vergence, giving a non-centrality of approximately 3.5e Bizes and powers of the tests are recorded in
figure 10, panels ¢ and d, showing similar power behavior tieea

6.2.4 Unit roots

If the levels data are integrated, the null distributionsnainy of the non-linearity tests are non-standard:
see Caceres (2007). When the conditional model containg oo, resulting in a differenced process
estimated in levels, and the strongly exogenous regreasestationary, Index-test has a size close to the
nominal. Non-linear functions of the lagged dependentaidei will be non-stationary, but regressions
of I(1) variables onl(0) processes do not lead to spurious regression: see HéD@®p, p.129). If
the original formulation is in non-stationary variables, the non-linear functions have complicated
behavior but are nevertheless strongly exogenous, then tgeF-distribution is the relevant one based
on conditioning, although the power may not be well descrinea non-centraF, as seen in section 3.1.

7 Conclusion

For scalar DGPs with relatively few regressors, the cutiesit in the literature perform well. However,
if the model contains many potential regressors that arsilplgshighly correlated, and the form of
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Figure 10: Size and power for ADL(1,1) DGP with increasingspence or weak exogeneity

non-linearity under the alternative is unknown, many gahtests become infeasible: our proposed
portmanteau Index-test performs well in such situatiorithgugh it is only distributed exactly as a (hon-
central)F for fixed regressors, that distribution remains as a laggegde approximation in stationary
processes with weakly exogenous regressors.

Tests based on second-order Volterra expansions are idealdeparture from non-linearity is in the
direction of a quadratic and sample sizes are large, butithey little power to detect cubic or exponen-
tial non-linearities. Tests based on third-order Volterxpansions have power to detect departures from
linearity in more directions, but are only feasible for shmaimbers of regressors. Principal components
of these two tests perform well, but do not uniformly haveheigpower than their original counterparts
(as the quadratie; ; DGP above demonstrates for V23). Further, they need noeeetd dimension
reduction, unlike Index-test, which is computationallynpler. Tests based on \Volterra expansions and
our proposed Index-test perform comparatively for smalbut the power of Volterra expansion tests
declines more sharply asincreases due to the rapidly increasing degrees of freedom.

The RESET test has high power in situations where all theatim®mponents of the non-linear
functions enter the DGP, but has low power both when the m@at functions enter independently of
the linear functions, or when many of the linear functionsxdbenter non-linearly, as then powers of the
fitted dependent variable from a linear regression are a@maroximation to the non-linear DGP. Also,
non-zero means adversely affect the power of the RESE TsesFerasvirta (1996) for the impact of the
intercept on the RESET test—and outliers also reduce itepolihe RESET test has a higher power to
detect non-linearity in the form of a cubic than a quadradind the degrees of freedom benefits of the
RESET test are more apparent for large

Index-test has the appropriate size, and is equivariartlioearity. However, if the non-linear DGP
is such that two highly-collinear non-linear functionsricel each other’, all tests tend to have low power.
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More complex DGPs favor Index-test, so when the functionahfis unknown and there is a large set
of candidate relevant variables, but the specificationsribst DGP, Index-test has power to reject a false
null in a wide range of circumstances: pure quadratic, put@cc pure quartic, exponential, and these
in combinations. Recent simulations show that its relgbe@er is also higher when the regressors are
non-normal.

All tests (apart from RESET in some cases) decline in power axreases. While parsimony
delivers a higher power, such that selection of relevariibes prior to implementing the test might
appear to be beneficial, this may be a hazardous strategg lirtbar term is irrelevant, yet enters the
DGP in a non-linear function. Thus, there is a trade-off leetva higher power after selection and a risk
of eliminating variables that are relevant only via a noredir transformation, resulting in a lower power
to detect non-linearity when such a variable is excluded.

By using a portmanteau test, power cannot be uniformly higfen all the alternative tests consid-
ered, although Index-test offers some power against a raingessible non-linear functional forms and
is feasible for quite large. Index-test outperforms \Volterra-expansion tests andRE® many such
situations, and can even be close to the optimal test. Fgedalepartures from linearity, where several
non-linear terms occur for a number of variables, its powiirdeminate that illustrated here, where the
experiments were deliberately chosen with many irrelevanibles to highlight the potential. More-
over, the simulation experiments for dynamic models sugtyekex-test has the correct large sample
size, and has reasonable power properties for stationagnalig processes even with weakly exogenous
regressors. Thus, it promises to be a useful mis-speciiitétist for examining the functional forms of
general models.
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