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Directional testing

- datay € R", parameter 8 € RP,p < n, model f(y; 0)

- parameter of interest ) ¢ RY,d < p

+ reduce dimension n | p: s = s(y) € RP measures 0

+ reduce dimension p | d: constrain s to £,,, where the nuisance

parameter is fixed

- if d =1, distribution on L, gives p-value function or confidence
distribution on R

- ifd > 1, find a line in £,, on which to measure from Ho : ¢ = 9o
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... directional testing

-pld:0=(¥,)), Ayconstrainedmle Ly, ={s|}{, =13}

- d | 1:line on £, between expected, s;, and observed s°

« compute directional p-value on this line p=5d=2
S(t) Relative log likelihood
8 o g
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... directional testing

S0

[ attpo)dt [imex g(tgo)dt

| 4
Sy 0 s(bnax) TTT I

+ need density on this line s(t) = s, + t(s° — sy)
Ltmax g(t, wo)dt
Jo7 g(t: ho)dt

+ use saddlepoint approximation to get density fors € £,

* g(ti o) =t "fop{s(1)}

p(vo) =

implicitly creating a one-dimensional model
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+ normal theory linear modely = X3 + ¢

+ linear constraint A3 =0, Agyxp Yo =0

[ g(t; o) dt
Jimer g(t; o)t

gltive) x BB

né3(t) (Y = XB)™{1 — 2X(X"X) X" H(Y — X3)

p = ..=Pr{Fqn_p > MSR/MSE}

McCormack et al., 2018
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- ratio of exponential rates y,; ~ .=, y,; ~ 6,e=%¥:i, j=1,....n
M H . 91/92 = w
+ directional p-value o
Pr(Fan, 2n, > ¥¥2/V1)
pr(Fan, 2n, > 1)

- ratio of normal variances H : 02 /02 =1
+ directional p-value

pr(Fn2_1,n1_1 > Z[JS%/S?)

Pr(Fa,—1n 1 > =)

+ multivariate normal mean y; ~ Ng(p,X), H:p=o0
« directional p-value
pr{Fpme > (n o p)TQ/p(n o 1)}

Allen 2018; Hotelling’s T? test
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Some technical details

+ exponential model, linear hypothesis
exp{¢)"s, + A"s; — k(¥ A) }h(s)
- based on conditional distribution of s,, given s,

+ exponential model, nonlinear hypothesis

exp{(0)"s — x(p)}h(s)
- uses a marginalization step to eliminate nuisance parameter A(¢)

+ in a general model, use an approximating exponential family
model as first step (n | p)

_ ™ g(to)at
Ja"™ 9(t wo)dt
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... some technical details

_ L g(t o)t
Jo7 g(t: o )dt

g(t; o) = t' fsp{s(t); Yo}
fsp{s(t); o} = cexplt{@yo; S(t)} — £{: S()} i (D)1 Loy (D)2
Up;s) =" (0)s + logf(y°: 0)
se plane £y, = {s| Ay, fixed }

son line in plane joining sy, and s°
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The line s(t)

=i
10] 10] 10 ' .
201 20| 20 independence (null hypothesis)
=105
10 115] 75 a table on the line
19.0 | 18.5 | 225
AN |
12] 13 5 observed data
18 17 25
i largest value of t
14 16 0
16 14 30
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Moderate dimension

needn>p(nlpld)
- seems to accommodate large number of parameters of interest
and large number of nuisance parameters

* nuisance parameters eliminated using adjustment to
log-likelihood
+ this seems the most important aspect of HOA

Directional Test P-Values Likelihood Ratio Test P-Values

Exponential rates 8
n=mop=sdswe Tl
D.‘D 0‘.2 0.‘4 D.‘S 0‘.8 1.‘0 D.‘D 0‘.2 0.‘4 D.‘S 0‘.8 1.‘0

1 nuisance par
P-values P-values

5000

Frequency
000
Frequency
6000

0 2000
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Moderate dimension

needn>p(nlpld)
- seems to accommodate large number of parameters of interest
and large number of nuisance parameters

* nuisance parameters eliminated using adjustment to
log-likelihood
+ this seems the most important aspect of HOA

Directional Test P-Values Bartlett's Test P-Values

g
Normal variances H
n = 250,p = 100,d = 49 g
0.‘0 0‘.2 0.‘4 0.‘5 0‘.8 1.‘0 0.‘0 0‘.2 0.‘4 0.‘5 0‘.8 1.‘0

51 nuisance pars.
P-values P-values

5000

Frequency
Frequency
3000

0 1000
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... moderate dimension

Example datan parameterp par. ofint. d
contingency tables 1000 36 10
normal variances 5000 2000 999
exponential rates 5000 1000 999
covariance selection 60 (Ng) 1275 1176
normal means 1000 400 199
marginal independence 60 (\g) 1275 1000
Box-Cox 48 14 6

Davison et al. 2014
Sartori et al. 2016

McCormack et al. 2018
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Moderate dimensional inference - asymptotics

* f(y:0),yeR", 0 e RP
+ classical: p fixed, n — oo STA3000

- semi-classical: p,/n — 0, or p¥?/n — 0

Huber, Portnoy; Sartori, Lunardon, ...
- moderate dimension p,/n — 3 Candes, Lei/Bickel/El Karoui, ...

« “high dimension” p,/n — co
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Semi-classical, HOA Sartori 03, Lunardon 18

'yi}.Nf(';wa)‘i)a i:1a"'7q;j:17"‘7m;n:mq

Neyman-Scott problems

+ g — oo, m fixed: classical likelihood inference fails
+ g — 0o, m — oc: can recover if g = o(n'/?)

- using modified likelihood from HOA, can recover if g = o(n3/4)

Sartori

- using bias-adjusted score equation, can recover if g = o(n3/4)

Lunardon

- HOA elimination of nuisance parameters gives large improvements
in asymptotic theory and finite-sample approximations
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Moderate dimension Lei, El-Karoui, Bickel 18

« B(p) = argmin 1 1 p(yvi — X7 )

+ coordinate-wise asymptotic normality

By — Bf B
maxjdrv{ <\/var(ﬁl,)> (0,1)} =0(1)

+ “For instance for least-squares, standard degrees of freedom
adjustments effectively take care of many dimensionality-related
problems”

?perhaps HOA adjustments for nuisance parameters (= ‘standard
degrees of freedom adjustments’) can be effective as using
p/n — k asymptotics? when? why not? Kosmidis
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Reproducibility Sage Pub August 23

M) Check for updates
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“61 analysts used the same data set to address the same research
question”
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Reproducibility Sage Pub August 23

+ “Analytic approaches varied widely across the teams, and the
estimated effect sizes ranged from 0.89 to 2.93

- Twenty teams (69%) found a statistically significant positive effect,
and 9 teams (31%) did not observe a significant relationship

+ Overall, the 29 different analyses used 21 unique combinations of
covariates

+ Peer ratings of the quality of the analyses also did not account for
the variability

+ The analytic techniques chosen ranged from simple linear
regression to complex multilevel regression and Bayesian
approaches

+ Teams that employed logistic or Poisson models tended to report
estimates that were larger than those of teams that used linear
models”

Silberzahn et al., 2018, Association for Psychological Science
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