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Abstract. Sign-flipping score tests provide robust inference in general-
ized linear models under variance misspecification and form the basis
of two recently proposed inferential frameworks: Post-selection Infer-
ence in Multiverse Analysis (PIMA) and the flip2sss two-stage summary
statistics approach. PIMA enables valid inference across a multiverse
of model specifications with asymptotic control of the family-wise error
rate, whereas flip2sss extends the resampling-based score test to lon-
gitudinal and hierarchical data settings. In this paper, we unify these
two frameworks by extending multiverse inference to contexts involv-
ing dependent observations. Heteroscedasticity, unbalanced designs, and
within-cluster dependence are accommodated nonparametrically, with-
out requiring specification of a random-effects correlation structure, as
is typically assumed in conventional generalized linear mixed models.

Keywords: Generalized linear mixed model - multiverse analysis -
score test + two-stage summary statistic

1 Introduction

High-dimensional data settings, in which many covariates may plausibly explain
the response, have intensified the need for flexible and transparent model-
ing strategies. Multiverse analysis [7] addresses this need by exploring sta-
tistical results across a collection of plausible model specifications. However,
post-selection inference becomes considerably more intricate when observations
exhibit dependence structures because valid inference then hinges on additional
assumptions. As model complexity increases, so does the risk of misspecifica-
tion. For instance, although generalized linear mixed models (GLMMs) provide
a flexible framework for dependent data, inference depends critically on the spec-
ification of the random-effects structure, which is typically unknown.

Post-selection Inference in Multiverse Analysis (PIMA) [3] establishes asymp-
totically valid inference across a multiverse of generalized linear models (GLMSs)
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via sign-flipping score tests [2,4], but assumes independent observations.
The subsequently proposed flipscores two-stage summary statistics framework
(flip2sss) [1] extends resampling-based score testing to grouped data without
requiring explicit specification of the random-effects structure, while retaining
robustness to variance misspecification. In this work, we unify these contributions
by developing a multiverse inference framework for dependent data. By embed-
ding flip2sss within PIM A, we obtain post-selection inference that accommodates
heteroscedasticity, unbalanced designs, and within-cluster dependence nonpara-
metrically, under weaker structural assumptions than conventional approaches
such as GLMMSs or generalized estimating equations.

The paper is divided as follows. Section2 introduces the proposed PIMA
approach for mixed models, called PIMAX. Section3 shows the validity and
power of the approach with competitive methods through simulations.

2 Methodology

We introduce PIMAX, a unified framework that combines PIMA with flip2sss to
enable post-selection inference under dependent observations. PIMAX extends
post-selection inference to GLMM-like settings. In particular, the proposed app-
roach retains the robustness to variance misspecification of resampling-based
score tests and avoids explicit specification of the random-effects correlation
structure, as flip2sss. Being PIMAX based on the PIMA and flip2sss methods,
the theoretical assumptions can be retrieved directly from [1,3].

Consider clustered data with clusters indexed by j = 1,...,J and obser-
vations within clusters indexed by 7 = 1,...,n;. Let Y;; follow a GLM with
exponential family density, mean p;; = E(Y;;), and linear predictor g(t;;) = 7,
where g(-) is a known link function. Interest focuses on testing a regression coef-
ficient (3 associated with a covariate X, in the presence of nuisance parameters.

Two scenarios arise. In the first, X varies within clusters (within-cluster
covariate); in the second, X is constant within clusters (between-cluster covari-
ate). Nuisance covariates may be defined at either the cluster or the observa-
tion level, reflecting the potential presence of random effects associated with X
and/or the nuisance variables, as commonly considered in GLMM settings.

Let M = {my,...,mg} denote a multiverse of K model specifications.
For each specification my, consider the null hypothesis Hy : 8 = 0 associ-
ated with the covariate of interest X, and define the global null hypothesis as
Hy = ﬂ,le Hj,. Post-selection inference across M is then conducted using the
PIMA framework [3], based on sign-flipping score tests [4][2] and the closed
testing principle [5]. At the same time, to accommodate within-cluster depen-
dence, inference within each model my, relies on the flip2sss procedure [1], based
on a two-stage modeling strategy. Without loss of generality, let W;; denote a
within-cluster nuisance covariate and Z; a between-cluster one.

We start by recalling the flip2ss methodology for a generic specification my.
In the first scenario, suppose that the covariate of interest X;; varies within
clusters. In the first stage, for each cluster j a GLM is fitted:
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g(ijr) = Dijidijk, (1)
using only within-cluster covariates, where D, = [1 X, W;j] € R1*3 and
Ok € R3. This yields the cluster-specific estimator 0k = (0jk 015k, 52jk)T € R3.
Collecting the estimates across clusters gives

A = B)is €RI.

In the second stage, inference on ) is based on a standardized sign-flipping
score test [2] applied to the working model

[Ar]z = Brls + Zy + E, (2)

where [A]2 denotes the second column of a matrix A, 1; € R is a vector of
ones, and no parametric assumptions are imposed on the covariance structure
of the error term E, beyond zero mean and finite variance.

We now turn to the second scenario, where X; is constant within clusters.
In this case, X; enters directly in the second stage. The first-stage model (1) is
therefore fitted using D = [1 W] € R*? leading to Sjk = (Sojk,&jk)—r €
R2. Inference on f3 is then based on the second-stage working model

[Axy = XBr + Zy+ E (3)

under the same assumptions of Eq. (2).

We proceed with the definition of the sign-flipping score test, valid in both
scenarios (within- and between-cluster covariate of interest). Let Sy, = Z}le Ujk
be the score test statistic for Hy, derived from either Eqs. (2) or (3). Here,
u;i, denotes the cluster-level score contribution. Then take fj; = 1, and f;; €
{—1,+1} as independent Rademacher variables for b € {2,...,B}. For each
sign-flip transformation, define the sign-flipped score statistic as

J
Spp = J /2 Z fib Wik,
=1

and its standardized version

Skb
\/@‘(Skb | flba IR fJb)

S’kb =

where \//z;() is a consistent variance estimator under Hy, [2,4]. Assuming that Hy,
is tested against a two-sided alternative, denote the model-specific (univariate)
test statistic by |Sk1].

We conclude with the inference in the multiverse of specifications. For
each b = 1,...,B, combine the model-specific test statistics using a non-
decreasing function 1 : RX — R [6], yielding the global test statistic 7, =
¥(|S1p), .., |SKs|). Common choices of the combining function are the mean
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Fig. 1. Empirical type I errors considering J € {20, 30,40} and n; € {10,20} where X
is a between-subject variable. Each line corresponds to one method, and the grey area
represents the confidence intervals for o = 0.05 at level 0.95.

and the maximum. The global p-value is computed as p = B~} Zle (T, > T1),
yielding an asymptotically valid level-a test under heteroscedasticity and within-
cluster dependence. A significant global p-value indicates that at least one of the
considered models shows a significant effect.

Post-selection inference on an individual hypothesis or a set of hypotheses
is obtained via closed testing. For any subset S C {1,..., K}, the intersection
hypothesis [, cs Hx is tested using the same construction restricted to the full
set of indices, i.e., T,(S) = ¥((| Zks|)res)- Following the closed testing principle
[5], an individual hypothesis Hy, is rejected at asymptotic level « if and only if
all intersection hypotheses containing Hj are rejected. Using the maximum as
combining function yields the maxT shortcut [8], with adjusted p-values

B
1 - -
adj _ — >
Py =g Zﬂ(ezrféleSebl > |Sk1|) ,
b=1
providing asymptotic strong control of the family-wise error rate. Researchers
are able to report the preferred model(s) without inflating the type I error rate.

3 Simulations

We compare the proposed approach with flip2sss and GLMM-based inference,
both adjusted for multiplicity using Bonferroni correction. Two scenarios are
considered, depending on whether X varies within or between clusters.

Data were generated with number of clusters J € {20,30,40}, and obser-
vations within the clusters n; € {10,20}. The response variable followed a
Bernoulli distribution with parameter m;; € [0, 1], where logit(m;;) = n;;. Sim-
ilarly to the simulation setting proposed in [3], a latent variable L ~ N(0,1)
was introduced to define distinct, yet highly correlated, variables of interest in
a multiverse of K specifications. Within each specification, we generated the
observed covariate X to have correlation 0.85 with L, and the nuisance covari-
ates W;; and Z; to have correlation 0.60 with L. Random effects were generated
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Fig. 2. Estimated power considering J € {20,30,40} and ny € {10,20} where X is
a between-subject variable. Each line corresponds to one method, and the grey areas
around the lines represent the confidence intervals at level 0.95.

as (Uj,G1j,G2;)" ~ N(0,X), with ¥ = DRD, D = diag(1.0,0.7,0.4) and R

equicorrelation matrix with correlation equal to 0.3. Nuisance parameters were

fixed at 79 =0, 71 = 0.5, and 9 = 0.5.
In the within-cluster scenario, L = L;;, X = X;;, and

R 7

Mij = Yo + 11 Wij +72Z; + BLij + Uj + GujLij + Go; Wi
In the between-cluster scenario, L = L;, X = X, and
Nij =0 + 7125 +72Wij + BL; + Uj + Go;Wi;.

For each simulated dataset, a multiverse of K = 100 model specifications was
obtained by repeatedly resampling the variable of interest X from the latent
variable L, while keeping the remaining data fixed. Inference on § was per-
formed using PIMAX, where the first-stage summary statistics are estimated
using Firth-corrected logistic regression, and evidence across specifications was
combined using the mean and maxT combining functions. Results were compared
with Bonferroni-adjusted p-values from GLMM and original flip2sss. Type I error
was evaluated under § = 0, and power under § = 0.5, using 1000 replications
and B = 1000 resampling for each design condition.

Figures 1 and 2 show the empirical type I error and power, respectively, in
the case of Xj;, while Figs.3 and 4 in the case of X;;. The GLMM fails to
adequately control the type I error rate [1], particularly in small samples, while
flip2sss appears markedly conservative. In contrast, PIMAX maintains proper
type I error control while retaining competitive power.
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Fig. 3. Empirical type I errors considering J € {20, 30,40} and n; € {10,20} where X
is a within-subject variable. Each line corresponds to one method, and the grey area
represents the confidence intervals for o = 0.05 at level 0.95.
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Fig. 4. Estimated power considering J € {20,30,40} and n; € {10,20} where X is
a within-subject variable. Each line corresponds to one method, and the grey areas
around the lines represent the confidence intervals at level 0.95.
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