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1 | INTRODUCTION

The beta distribution is widely used as statistical models in a variety of applied fields, such as meteorology; environmental research, see
Flynn (2004); geology, see Harrop-Williams (1989); communication theory, see Andersen et al. (1990); and traffic flow, see Ressel (1991). Due to
the support of the distribution on the unit interval [0, 1], it is a flexible model for relative frequency data and random probabilities. In Bayesian
inference, this family of distributions is used as a conjugate prior probability distribution for binomial and geometric distributions, and it gives
its name to the so-called beta wavelets, which are continuous unicycle wavelets of compact support. However, in classical data analysis, before
assuming that data stem from a beta distribution, every statistician should check this assumption prior to starting any serious statistical inference.
To be precise, we write shorthand B(a, f), a, > 0, for the two-parameter beta distribution, defined by the density

a—1 _ y\f-1
M <x<1, (1)

fx;a,p) = Bap 0=

where B(a, f) = %i(ﬂﬂ)) is the beta function and I'() denotes the gamma function. Both « and g are shape parameters. The corresponding
cumulative distribution function is denoted by F, 5, (t) = B(t; a, §)/B(a, B), t € [0, 1], where B(-; a, g) is the incomplete beta function, and we write
B = {B(a,p) : a,f > 0} for the family of beta distributions. See Johnson et al. (1995), chapter 25, for more information on the family of beta
distributions. To be specific, let X,X;,X,, ... be independent and identically distributed (i.i.d.) and [0, 1]-valued random variables defined on a

common probability space (©, A, P) and denote the distribution of X by PX. We test the composite hypothesis
Ho : PXe®x (2)

against general alternatives. The literature for this testing problem is hitherto comparably scarce. Apart from classical omnibus procedures, which
are based on the empirical distribution function, such as the Kolmogorov-Smirnov test, the Cramér-von Mises test, or the Anderson-Darling
test, only one goodness-of-fit procedure to the beta model has been considered: In Riad and Abd El Mabood (2018), the authors propose a
procedure based on a characterization of the beta distribution via an initial value problem of a second order differential equation, where the
Laplace transform of the beta distribution constitutes the unique solution. The test statistic is of weighted L2-type, and it uses the empirical
Laplace transform. Note that the results presented in Raschke (2011) are not reviewed here, since the methodology first uses an estimation

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
© 2020 The Authors. Stat published by John Wiley & Sons Ltd

Stat. 2021;10:e341. wileyonlinelibrary.com/journal/sta4 | 10f 10
https://doi.org/10.1002/sta4.341


https://doi.org/10.1002/sta4.341
https://orcid.org/0000-0003-4329-8794
https://orcid.org/0000-0002-0106-3084
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fsta4.341&domain=pdf&date_stamp=2021-05-07

20f 10 | EBNER AND LIEBENBERG

——WILEY

procedure to fix the parameters, and it then tests a single hypothesis, in contrast to the composite testing problem treated in the present paper.
This article studies a test procedure for (2) based on a characterization of the family of beta distributions given in Theorem 1 of Ahmed (1991).

Adapted to the standard two-parameter beta distribution, the theorem reads as follows.

Theorem 1. Let X be a random variable taking values in [0, 1]. Then X ~ B(a, p) for a, § > O if and only if

_ t(1 -ty
EX|X > t) = “r? <1+ aB(a,ﬂ)P(th)>’ o<t<1

We denote by 1{-} the indicator function, and with this notation, a short calculation yields the following equivalent characterization, which is
the rationale for the new test statistic.

Corollary 1. Let X be a random variable taking values in [0, 1]. Then X ~ B(a, ) for a, > O if and only if

(1 -ty

(@a+ HEXUX > t}) =aE1{X >t} + Bap)

O<t<1

. . P
In the following, we write (&n, ﬂn) for consistent estimators of a and g; that is, we assume that (&,, ,)— («, #) as h — oo (such as the maximum
g
likelihood estimators and the moment estimators). Here, and in the following — denotes convergence in probability. Based on Corollary 1, we
propose the L2-type test statistic

c in(1 — t)n
%Z an+ﬂn &n)l{szt} t(l—t) dt. (3)

& B(dn. fn)

1
Ty =ToXy, ... . Xy =n/
0

Rejection of Hy will be for large values of T,,. By direct calculations, we obtain the numerical stable representation

n

=1y ((&n + ) XX =ty (&0 + fr) (X + X0 + aﬁ) min(X, X,)
ij=1
2B+ LA+ DS . s X B (2, + 1,26, +1)
- —B(&n,ﬁn) ; ((@n + Bn) X; = &) Fig, 1,40 ) + ”_B(&mﬁn)z :

It is well known that the beta law has the following reflected symmetry property: Let «, > 0, then we have that X ~ B(a, p) is equivalent to
1-X ~ B(p, ). Hence, a desired property for a test of the beta law based on the test statistic T, would be invariance w.r.t. reflected symmetry, that
is, T,(Xq1, ..., X,) = T,(1=X4, ... , 1=X,). Asmall calculation shows that a necessary condition for T, in (3) to be invariant w.r.t. this transformation is

1x h
n ,,fo’ EEYA
which holds if the moment estimators for the parameters are used and fails for the maximum-likelihood estimators (MLE). Notice that the classical
goodness-of-fit tests such as the Kolmogorov-Smirnov test, the Cramér-von Mises test and the Anderson-Darling test share the same feature
if the moment estimators are used.

The rest of the paper is organized as follows. In Section 2, we derive the asymptotic distribution of T,, under the assumption of a beta law using
a Hilbert space framework, and we show that the needed parametric bootstrap procedure is well calibrated. Section 3 provides the consistency
of the procedure under a convergence assumption for the estimators. A Monte Carlo simulation study, which is performed in Section 4, indicates
that the new test is a strong competitor to the classical procedures. The procedure is applied to real data sets in Section 5, and we finish the
paper by drawing conclusions and stating open problems in Section 6.

2 | ASYMPTOTICSUNDER THE NULLHYPOTHESIS

In this section, we derive the asymptotic distribution under the null hypothesis. Due to the L2-structure of the test statistic, a convenient setting
is the separable Hilbert space H = L2([0, 1], B, dt) of (equivalence classes of) measurable functions f : [0, 1] — R satisfying fo1 |f(H)]?dt < c0. Here,
B denotes the Borel sigma-field on [0, 1]. The scalar product and the norm in H will be denoted by

(.8 = / fbg®ddt, lifls = £.NY f.g e H,
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respectively. In view of the bootstrap procedure described later, we consider a slightly more general approach: Let X,, 4, ... , X, , be atriangular array
of row-wise i.i.d. random variables, and suppose X, ; ~ B(ay, fi,) for some sequence of parameters (a,, f,) € (0, 00)?, where lim,_ ., (@, f) = (a0, fo)-
In the following, let (&, ,) be the MLE of (a,,, 8,). Note that we have the linear representation (see Bickel and Doksum ; 2015, section 6.2.1, with
a small adaptation of the proof for triangular arrays)

\/ﬁ ((&m ﬁn)T - (am ﬂn)T = TZK(XHJ’QH’ ﬁn) + O]P’(l) (5)

j=1

where 2(x, a, ) = l1(a, )"tV log(f(x; a, p)), I1, is the Fisher-information matrix, V log(f(-)) is the score vector, x™ stands for the transpose of a
vector x, and op(1) denotes a term that converges to O in probability. Direct calculations involving the density f in (1) show

Vlog(f(x; @, §)) = (P(a + §) = ¥(@) + log(x), ¥(a + ) — ¥(h) + log(1 - x),

1 _ BYE ACEI IR STC) NS STCE )
l1(a, B = (P1(0) + ¥1(B)¥1(a + B) — Y1()¥1(B)) ( W@t ) i@t p) —‘I’i(a)>

t (1t

, which is
B(a.f)

where ¥(-) is the digamma, ¥,(-) is the trigamma function; see Johnson et al. (1995), formula (25.32). We define g(t,a, f) =
differentiable with respect to both positive parameters, and

1 < X o
Z,(t) = — an+ﬂn ni = 0n) 1{Xn; > t} —g(t, &, f,), 0<t <1,

\/ﬁ j=1

as well as the processes

Z,(t) = ((an + ﬁl’l)Xﬂj - an) 1{Xn] >t} —g(t, an, fn)

.
1o [ Knj = DXy > t) — Lg(t . fr) < & — ay )
iy ( Xoj11Xnj 2 t) = = 3(t, @, fr) Vol

Z (t) (Of,, + ﬂn)xn,j - an) 1{Xr|,j > t} + f(xn.j; n, ﬁn)TY(ta ®n, ﬂn) _g(t’ ®n, ﬂn)’

\/_11

:
where Y(t, ay, ) = E (X1 — L,X) 1{X; > t}) — (ig(t, an, B, diﬁg(t, a,,,ﬂ,,)) . Note that by using a computer algebra system (like Maple or

and

D
Mathematica), the expectation in Y can be derived explicitly. In the following, we denote by — weak convergence (or alternatively, convergence
in distribution), whenever random elements (or random variables) are considered.

Theorem 2. Under the triangular array of row-wise independent X,,; ~ B(ay, B,), there exists a centred Gaussian element Z of H with the covariance
kernel
Kz(s,t) = E(h

X,9)h,, 4 (X, 1), s,t €[0,1], (6)

0,80 0.0

with X ~ B(L,, o) and
hyyX.5) = (@ + HX - ) L{X > s} + £(K: . )T Y (5, @, B) — g(5. . B). s € [0, 1],

such that Z,,AZ inH as n — co.

N = P
Proof. A first-order multivariate Taylor expansion at the point («,,, #,) and the consistency of the MLE estimators (&,, f,) show ||Z,—Z,|lz—0,

5 s P
and an application of the law of large numbers in Hilbert spaces yields ||Z, — Z,||z— 0 after some calculations. Writing
Zn,j(t) = ((an + ﬁn)Xn.j - an) 1{Xn,j >t} + '/ﬂ(Xn,i; ®n, ﬂn)TY(ts an, fn) =8t an, B), j=1, ...,n,

some algebra gives EZ,; = 0. Since Z,;, j = 1, ... ,n, are row-wise i.i.d., we have

1

lim E[1Z,1Z = lim = ZIE(Z,,J,Z,,k)H = /Ezil(t)dt < 0.

)kl 0

Moreover, we see that lim,_ E(Z,1(5)Z,1(t)) = E(Z(s)Z(t)), where Z() is the stated Gaussian element in the theorem. For each = € H, the
Lindeberg-Feller central limit theorem implies

—Z<ZnJ,T>H—>N(0 .62 5 (1),

\/EI1



4 of 10 | Wl LEY EBNER AND LIEBENBERG

where O-‘fo'ﬂO(T) = lim,_ o E(Z,1, 7)m = E(Z, 7). Application of Lemma 3.1in Chen and White (1998) shows Z, i>Z for some Gaussian element

Z of H with the covariance operator %, , satisfying 630470 (7) = (Z,4, 47> 7)m for each = € H\{0}. Since the kernel K figuring in (6) satisfies

1 1
o2 ;@) = / / Kz(s, tyz(s)z(t)dsdt,
0 0

the claim follows. O

By an application of the continuous mapping theorem, we have the following corollary.
Corollary 2. Under the same assumptions as in Theorem 2, we have T,,—D> ”Z”ﬁ as n— co.

The distribution of ||Z||J§I is known to have the equivalent representation Zfil Aj(ao,ﬁo)sz, where Ny, N,, ... are independent and standard

normally distributed random variables, and 44 (ag, fo), A2(ag, fo), ... is the decreasing series of non-zero eigenvalues of the integral operator

1

K:H-H, f- Kf() = / Kz(, bf(t)dt.

(o]

Clearly, this operator depends on the parameters («g, fo). To calculate the eigenvalues 1 of K, one has to solve the homogeneous Fredholm

integral equation of the second kind
1

[ Katx ot = s, 0 <x< 1 %
0
see, for example, Kac and Siegert (1947). Due to the complexity of the covariance kernel, it seems hopeless to find explicit solutions of (7) and
hence formulae for the eigenvalues. Furthermore, since the true parameters («q, fo) are unknown in practice, the limiting null distribution cannot
be used to derive critical values of the test. A solution to this problem is provided by a parametric bootstrap procedure as suggested in Gurtler
and Henze (2000) and which is stated as follows:

(1) Compute (&, fn) = (@ X1s .. . XD foXes oo X))
(2) Conditionally on (&n,ﬁn), simulate B bootstrap samples Xffv ,Xj’fn, i.i.d. from B (&,,,/5,,) and compute T:J. = T,,(Xj*jl, ,Xj.fn),j =1,..,B
(3
(4) Reject the hypothesis (2) at level o if T,,(Xy, ... , X,) > ¢ p(@.

Derive an empirical (1 — o)-quantile of T;l, ,T;B and denote it by C; g,

Note that for each computation of T,jl, parameter estimation has to be done separately for each j. Following the notation and methodology of

Henze (1996), we prove that this bootstrap test has an asymptotic level a as n, B— . Denote the distribution function of T, under B(«,, $,) by
Hyr ™ty = Py 5y (Ty < 1), t> 0,

and write H@-%0)(.) for the distribution of ||Z||]§H. Note that H@-%) is continuous and strictly increasing on {t > 0 : 0 < H@-)(t) < 1}. By Corollary
2, it holds that Hﬁ,“"‘p“(t) — H@:fo)(t) for each t >0 as n — oo, S0 by continuity of H@-%) we have

sup Hen ) by — H“’O*”'O’(t)‘ ~0asn— oco.
t>

A combination of the last result with the consistency of the MLE (&,,, ﬁ,,) yields

- P
sup ‘Hﬁ,“"’ﬂ")(t) - H<“o-ﬂo)(t)|—>o as n — oo.
t>0

Hence, with FI,,_B(t) = é Zf;l 1{T;J < t} denoting the empirical distribution function of Tﬁ,r ’Tﬁ,a’ we have by an identical construction as in
(3.10) of Henze (1996)

~ P
sug H,g(t) — HeR)(t)|—0 asn, B — oo,
t>

P
from which C:.B(“)_) inf{t : H@-f)(t) > 1 — a} as n, B— oo follows. This implies that if X4, ... , X, is a random sample from B(ay, fp), we have
nl‘;Tm Plag.p) (Tn X1, - X5) > CZYB(O‘)) =a,

ensuring an asymptotic level « test.
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3 | CONSISTENCY AGAINST ALTERNATIVES
In this section, let X be a random variable taking values in [0, 1] and let Xy, ... , X, ... be i.i.d. copies of X. We assume that
(s ) — (@, B) 35 N = oo (8)

for some a, § > 0. Notice that, since the random variables have compact support, each moment of X is finite and that the linear representation in (5)
still holds, since the MLE (&,,, /?,,) are computed under the assumption of a beta distribution and hence satisfy the corresponding log-likelihood
equations, which determines the form of #(-) by a first-order Taylor expansion. Furthermore, a similar representation as (5) holds for the moment
estimators, also under the stated alternatives.

Theorem 3. Under the stated assumptions, we have

1

Lt f
et
0

te(1 -ty |
B(a, p)

(@ +HEXLX > t}) — aPX > t) — dt as n — oo.

= P 5 P

Proof. Notice that, using exactly the same arguments as in the proof of Theorem 2, we have n-%/2||Z, — Z,||y—0 and n~%/2||Z, — Z,||zy—0
< P

as n— co. Hence, by the triangle inequality, we also have n=%/2||Z, — Z,|lg—0. By the law of large numbers in Hilbert spaces, it is easy to

see that N2 max(||Z, . 1 Z, ll) converges in probability to a finite constant. Consequently, the reverse triangle inequality implies

- - > u P
=07 [1Zollix = 12 | |1 Za sz + W Zalsz| < 207210Z, = Z, s max(U1Z, s, 1 Zn sy —O.

. P
By the law of large numbers in Hilbert spaces and the continuous mapping theorem, we have n*1||Z,,||H2_H—> A, 5, and the assertion follows. O

In view of Corollary 1, 4, = 0 holds if and only if X follows the beta law, and 4, ; > O otherwise. From the proof of the bootstrap procedure,
P
for a given nominal level o and the bootstrap critical values ¢’ ,(a) as in Section 2, we have ¢ ,(0)—c for n, B — oo, for some fixed positive value

¢ < 0. A direct consequence of Theorem 3 is

P(T, > C:;,s(o‘)) —1asnB - o,

which implies consistency of T, against any alternative distribution PX for which (8) is satisfied.

4 | SIMULATIONS

In this section, we investigate the finite-sample performance of our test given in (4), when compared to competitive tests against general
alternatives with the use of a Monte Carlo study. A significance level of 10% (a = 0.1) is used throughout the simulation study, and all
calculations were performed using the statistical computing environment R, R Core Team (2013). The competitive tests considered in this
study are the classical tests based on the empirical distribution function, that is, the Kolmogorov-Smirnov (KS,), Cramer-von Mises (CM,)) and
Anderson-Darling (AD,) tests (see D'Agostino, (1986), chapter 4, for a discussion on these tests), as well as the test based on the Laplace
transform by Riad and Abd El Mabood (2018). The approach introduced in Riad and Abd El Mabood (2018) considers the differential equation,
t/a)L" () + (@ + p)/a + (t/a)) L'(t) + L(t) = O with the Laplace transform, L(t) = E(exp(—tX)) of the beta distribution and boundary conditions
L(0) = 1, L'(0) = —a/(a + B) to construct the test statistic

<2[xx (X Xi—2)+1)] /a2 2[xx (1=X) = XXo (L= XD /62K, [XiX; — 2XiX, + X2] /x§>
+
(X + X +a)° (X + X +a)’ (Xi+ X +a)

wim i3

Ul

where X, = &,/(@&, + f,) and &,, f, are consistent estimators. The tuning parameter a> 0 provides the above test with a degree of flexibility in
terms of power by making it either more sensitive to departures from the beta distribution around zero or near 1 of the distribution.

Since the limit null distribution of the tests depends on the shape parameters a and g, the critical values are obtained with the parametric
bootstrap as stated in Section 2, and with the given algorithm. For the simulation study, the maximum likelihood estimates (a,, §,) are calculated

in each Monte Carlo replication with the Envstats package (see Millard, 2013), which solves the equations,

W(@,) = P(@n + fn) = 2 Ty log (X)),
() = W@+ f) = 2 T, log (1 - X).

n
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TABLE1 Distributions for the

. Distribution F(x) Distribution G(x) FoG
construction of Fo G i " o
Cauchy C(9) < arctan (§> +5  Gompertz GO(p,v) 1-exp(—n(e”-1) C(6) o GO(x, v)
exponential EXP(1) 1—e halfnormal HN(c)  erf (\Lﬁ ) EXP(4) o HN(c)

normal ®(u, o2) % [1 +erf (% )] Laplace L(y, 9) ®(u, 02) o L(u, 9)

simultaneously. For each replication, B = 500 bootstrap samples are generated. To ensure a more accurate empirical level at a reduced number
of bootstrap replication, we use the modified critical values of Guirtler and Henze (2000) given by

Ene =T 011y +0-90 (T(*B—[O.l(B+1)]+1) - T(*B—[O.l(B+1)J)> = Taso) +0.90 (T(itsn - T(*4so)> g
where T:(D denotes the jth order statistic of the bootstrap sample of values of the test statistic T:,, T, ..., T* .. This modification is made to

¢ p(o) in step 3 of the parametric bootstrap algorithm.
The alternative distributions that are used in the simulation study are defined as follows:

e The truncated normal distribution TN(yu, 2) with density given by

fin(u, 0) = ,0<x<1,

where ®(x) = % { 1+erf (x/x/E) } is the normal distribution function.
o The composite distribution BN (p, a, B, u, 52) consisting of the beta distribution, B(a, #), and the truncated normal distribution, TN(u, 62). That is,

BN (pa, B, 1. 6%) := Lixep X1 + Loy X2, O<p < 1,

with X~ U(0, 1), X; ~ B(a, f), X, ~ TN(u, 02) (X, X; and X, are independent), and U(0, 1) is the standard uniform distribution.
e The Logit-normal distribution LT(u, 62) with density given by

; 2
fir(u, 0) = 1 exp (— (log't(x)z #) ) ,0<x<1,
oV 2xx(1—x) 20
where logit(x) = log{x/(1 — x)}.
o The families of distributions F o G of random variables generated by the following construction: For an i.i.d. sample X, ... , X, with X; ~G,

generate the i.i.d. sample F(X4), ... , F(X,) with the selection of distributions given in Table 1.

Empirical rejection rates are calculated for sample sizes n = 50 and n = 100 using 10,000 independent Monte Carlo replications. Tables 2 and
3 contain the estimated powers in percentages (rounded to the nearest integer) for the new and competitive tests for a sample size of n = 50
(Table 2) and n = 100 (Table 3) against each of the alternative distributions. For ease of comparison, we highlighted the highest power for each
alternative.

It is clear that each of the tests achieves the nominal significance level. The newly proposed test T, performs better than the classical tests
except for a few selected cases, where it is still a strong competitor. The best test for the composite distributions is T, by a fair margin, except for
BN(0.25,2,2,0.25,0.25), where RF, o5 exhibits a slightly better performance for n = 50 and matches the AD, test for n = 100. The test based
on the empirical Laplace transform RF, , is more competitive for the truncated distributions, except for TN(0.25,0.5), where T, outperforms its
counterparts for n = 100. It is evident that the performance of RF, , is largely influenced by the choice of the tuning parameter. In this regard,
our new test also performs better for a variety of the considered alternatives, and it has the added advantage of not being dependent on the
choice of a tuning parameter. Overall, the newly proposed test shows very good results, and it proves to be the superior choice in most cases. It
is clear that there is no ‘best’ test, insofar as no procedure can outperform the other procedures uniformly; for details, see Janssen (2000). Since
it is known that the power of the tests can depend on the method of estimation, see Drost et al. (1990), we performed a simulation study with
the same simulation design but replacing the MLE by the moment estimators of (, #). All the procedures loose power by this estimation method,

and hence, the results are dominated by the empirical powers in Tables 2 and 3, so we decided not to state them here.
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TABLE2 Estimated powers for n = 50, significance level of

KSh My ADn RFnozs RFnz REns T 10%, and 10,000 replications
B(0.5,0.5) 10 10 10 9 10 11 9
B(1,1) 10 10 10 9 11 10 9
B(2,2) 10 10 10 10 9 10 8
B(0.5,1.5) 10 10 10 9 10 10 9
B(0.5,3) 10 10 10 11 10 10 9
B(1.5,0.5) 10 10 10 9 9 9 9
B(3,0.5) 10 10 11 8 8 8 10
BN(0.25,0.5,0.5,0.25,0.25) 55 61 64 54 51 56 71
BN(0.5,0.5,0.5,0.25,0.25) 49 55 55 45 41 46 62
BN(0.75,0.5,0.5,0.25,0.25) 24 27 26 21 21 23 27
BN(0.25,2,2,0.25,0.25) 14 15 16 17 16 16 14
BN(0.25,1.5,0.5,0.25,0.25) 75 80 81 74 78 81 85
TN(0.25,0.25) 17 19 21 22 22 21 17
TN(0.5,0.25) 19 22 24 25 24 23 22
TN(0.25,0.5) 12 13 14 12 14 15 15
LT(3,2) 70 78 80 63 64 65 76
LT(1,2) 22 25 25 16 13 15 26
LT(0.5,3) 17 18 20 16 7 7 19
C(1) o GO(2,1) 63 72 85 69 69 67 89
EXP(1) o HN(1) 26 30 31 34 36 38 31
®(0,1) 0 L(2,0.5) 70 75 75 70 71 71 77
KS, CM, AD, RFnos5 RF.2 RFys Tp Z?If;lIE)E %3 anEdstlige(x)tgg r’-)ec;/l\ilce;:i (f)ch]rS n = 100, significance level

B(0.5,0.5) 11 10 10 9 10 11 10
B(1,1) 11 10 10 9 10 11 9
B(2,2) 10 10 10 9 10 10 9
B(0.5,1.5) 10 10 10 10 10 10 9
B(0.5,3) 10 9 10 10 10 10 10
B(1.5,0.5) 10 10 10 10 9 10 10
B(3,0.5) 10 10 11 9 9 9 10
BN(0.25,0.5,0.5,0.25,0.25) 79 86 88 80 69 74 93
BN(0.5,0.5,0.5,0.25,0.25) 76 82 82 72 60 67 88
BN(0.75,0.5,0.5,0.25,0.25) 38 42 41 34 28 33 45
BN(0.25,2,2,0.25,0.25) 16 20 21 21 18 17 19
BN(0.25,1.5,0.5,0.25,0.25) 95 98 98 95 96 97 99
TN(0.25,0.25) 22 26 28 30 27 25 25
TN(0.5,0.25) 26 31 33 32 27 25 32
TN(0.25,0.5) 15 16 16 14 16 17 19
LT(3,2) 93 98 98 89 90 91 96
LT(1,2) 37 42 45 26 21 24 48
LT(0.5, 3) 26 31 36 28 7 7 34
C(1) o GO(2,1) 92 98 99 96 95 95 100
EXP(1) o HN(1) 43 50 51 58 59 61 55
®(0,1) 0 L(2,0.5) 92 95 95 93 92 93 95

5 | REALDATAEXAMPLES

For a practical application, we use the data presented in Raschke (2011) from the Haarweg Wageningen weather station of the relative humidity
of air in May 2007 and 2008. The data are given in Table 4 for convenience. Figure 1 gives an indication of how the data fit a beta distribution.
We see from the histogram and density plots in the top panels that the data of May 2007 fit a beta distribution relatively well, whereas the data
of May 2008 do not. Here, the density plots in red are the distributions 3(6.356, 1.970) and B(2.803, 1.456), where the parameters have been
estimated from the data with the maximum likelihood method. The Q-Q plots in the bottom panels of Figure 1 further strengthen this conclusion.

We thus apply the various tests of fit to the two data sets to investigate their behaviour on real-world data. Critical values were obtained by
calculating the tests on the data and then bootstrap p values were obtained by first generating 10,000 samples from the beta distribution with
the estimated parameters. Tests were calculated on each of the samples, and the number of times the test statistic was greater than the critical
value was recorded. Dividing this value by the total number of samples gives the bootstrap p value. The bootstrap p values for the two data sets
are displayed in Table 5. We see that the null hypothesis that the data are beta distributed is not rejected by any of the tests for the May 2007
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FIGURE1 Histogram (top) and Q-Q plots (bottom) for relative humidity data

TABLE4 Relative humidity data of air in May 2007 and 2008 from the Haarweg Relative humidity data for May 2007
Wageningen weather station (see Raschke, 2011)
040 044 050 055 058 062 0.65 069

0.72 0.72 073 0.75 077 0.80 081 0.81
0.83 0.83 085 0.85 085 086 0.86
0.87 0.87 089 0.92 094 094 0.97
Relative humidity data for May 2008
0.39 04 042 043 043 043 044 046
0.48 049 051 052 053 054 056 0.59
0.62 0.64 066 0.73 075 0.76 0.83 0.85
0.88 091 092 092 095 097 0.98

TABLE5 Bootstrap p values for relative humidity data KS, CM, AD, RF,o2s RF,, RF,s T,

May 2007 0.306 0.211 0.305 0.378 0.364 0.353 0.350
May 2008 0.024 0.003 0.002 0.041 0.044 0.036 0.007

data set. However, each of the tests rejects the null hypothesis for the May 2008 data set. This observation confirms the information gathered

from the plots in Figure 1.
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6 | COMMENTS AND OUTLOOK

In the previous sections, we have shown that our testing procedure is competitive to the already known procedures. Interestingly, some
characterizations of the beta law cannot be used to construct similar testing procedures, since they do not hold for all parameter combinations
of @ and g; for a specific example of such limitations, see Example 13 in Betsch and Ebner (2019).

We finish the paper by stating some comments and giving some outlook for further research. From first calculations using the computer
algebra system Maple, Maplesoft (2019), we think that the calculation of an explicit representation of the covariance kernel in (6) might be
possible. An explicit formula can open ground to numerical approximation of the eigenvalues of the integral operator X and would offer more
theoretical insights. The approximation of the largest eigenvalue is, as is well known, useful for efficiency statements in the sense of Bahadur;
see Bahadur (1960) and Nikitin (1995). More insights may provide the asymptotic distribution of the test statistic under fixed alternatives. A step

in this direction is given by Theorem 1 in Baringhaus et al. (2017), which leads to the conjecture that
T, D 2
vn =4y ) —NO. 0% (@), asn - o,

where ¢%(a, §) >0 is a specified limiting variance. Note that for the four-parameter beta distribution with support on an interval [a, b] (for a

definition, see p. 210 of Johnson et al., 1995) and i.i.d. random variables Y4, ... ,Y,, one can transform the data by
Yi-a
X = b_a,1=1, ,n,

to a two-parameter beta distribution with support in [0, 1]. Hence, T, in (4) can also be used to test the fit to a four-parameter beta distribution if
the support is known. A goodness-of-fit test for the situation of unknown support as well as unknown shape parameters of the beta distribution
has not yet been investigated in the literature, in contrast to fitting a four-parameter beta distribution to data; see AbouRizk et al. (1994). We
point out that the characterization given in Theorem 1 of Ahmed (1991) covers this family, but parameter estimation of the boundary points a

and b is tricky, especially if linear expansions are needed for the asymptotic theory; see Whitby (1971) for a starting point.
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