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Introduction

e Confidence intervals provide essential inferential summaries beyond point estimates in
generalized linear models (GLMs).

e Interval construction in parametric modeling depends on correct model specification.
Violations of the assumptions may lead to serious undercoverage of nominal confidence
levels.

e In high-throughput genomic data, overdispersion, heteroskedasticity, and unobserved
sources of variability are often on the agenda.

e We propose a robust approach for constructing confidence intervals for regression
parameters in GLMs.



Consider a Generalized Linear Model
gEV)=xB+z'v, i=1...,n,
where
® yi,...,Yyn are independent observations from an exponential dispersion family

f (vii0i, i) = exp {%9';13(9:)

1

+C()’h¢i)}, i=1,...,n.

e x; predictor of interest, B € R
e z; p-dimensional vector of other observed covariates, v € RP (nuisance parameters).

e Goal: provide a reliable confidence interval for 3.



Sign-flip score tests

A (1 — a)-confidence interval for a parameter § is the set

Ci—a(X) ={Bo | p-value(X; Hy : B = o) > o},

obtained by inversion of a a-level test.

e Flip-score tests use as test statistic the observed score under the null hypothesis

obs = Vi, Vi= (ﬁ v yl)
Z 8ﬁ ¥, B=Bo

and compares it with the scores with randomly sign-flipped contributions

sg:Z:tu,-, b=2...,B.
i=1

— The test that rejects Hy when slgbs > sg(l_a)B] is an asymptotically valid a-level test.



Robust sign-flip score tests

e Accounting for nuisance estimation (4) — effective flipscores (Hemerik et al., 2020)

-1
S=s3— Jﬁ,’YJ'y,'ys’Y )
where
o s = %6(5,7)
0 Sy = 877‘6(65 7) . . . .
o Jg,~, vy~ are elements of the Fisher information matrix

e Conservativeness for small sample sizes — standardized flipscores (De Santis et al.,
2025)

— The tests are robust against variance misspecification.



Inversion of sign-flip score tests

Our construction is based on the inversion of sign-flipping score tests.

e Fix a confidence level 1 — . Once the estimate Bobs is obtained, consider the one-sided
tests A
Ho: B=5y vs Hi: B>po  for Bo < Bobs, (1)

and
Ho: B=po vs Hi: B<fo  forBo> Bobs, (2)
at level a/2.
e Let £,7(B0) and £,7 (o) be the functions that return the p-value for the test (1), (2),

respectively. Then, the confidence bounds for the confidence interval are

Bu=inf{fo<B:f(B)zaf2},  Bu=sup{fo >R (5)2a/2}.



Inversion of sign-flip score tests
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Inversion of sign-flip score tests
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Bisection method

The bounds are obtained repeating the test as the null hypothesis value varies (same flips!).
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Bisection method

The bounds are obtained repeating the test as the null hypothesis value varies (same flips!).
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Bisection method

The bounds are obtained repeating the test as the null hypothesis value varies (same flips!).
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Bisection method

The bounds are obtained repeating the test as the null hypothesis value varies (same flips!).
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Monotonicity issue
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Monotonicity issue
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Monotonicity theorems

Theorem (Monotonicity for linear models with effective flipscores test)
Assume that our data are independent and generated by the linear model

\/i:XiB—’_ZiT’Y—i_Eiv EiNN(0702)7

fori=1,...,n. Let Bobs be the maximum likelihood estimate of 8 and let 5, < [y < Bobs. Let
Pk, k =0,1, be the p-values associated with the effective flipscores tests Hy : 5 = i versus
Hy : B > Bk, for k = 0,1, respectively, assuming that the tests share the same set of flip
matrices. Then, p; < pg.

— f, and prr are monotone!



Monotonicity theorems

Corollary (Asymptotic monotonicity for generalized linear models)
Assume that our data are independent and generated by the generalized linear model

yibi — b(6;)

gEY)=xB+z'v, f(yibi¢i)= eXP{ py

+C(yi7¢i)}7 i=1,...,n.

Let B be the estimate of B and let 3, < By < B Let px, k = 0,1, be the p-values associated
with the effective or standardized flipscores tests Hy : 5 = Bk versus Hy : 3 > By, for
k = 0,1, respectively. Then, as n — oo, we definitely have p; < py.

— f, and prr are asymptotically monotone!



Simulation experiments

We explore six simulation settings.

e Correct linear model e Correct logistic model

e Correct Poisson model e Overdispersed Poisson model

e Linear model with target e Linear model with nuisance
heteroskedasticity heteroskedasticity

For each case, we repeat 1000 experiments, varying N between 25, 50, and 100. The
confidence level is 1 — o = 0.95.



Simulation experiments
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Simulation experiments

Poisson Negative Binomial
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Simulation experiments

Target heteroskedasticity Nuisance heteroskedasticity
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Application

Goal: find differentially expressed genes across a group of units.

Dataset: Liver Hepatocellular Carcinoma from the Cancer Genome Atlas (Tomczak et al.,
2015; Erickson et al., 2016) (20000+ genes, 344 patients)

Model: Y ~ gender + age + X, where Y is the gene expression and X indicates whether
the tumor is in the first pathological stage or in a higher stage. We fit both Poisson and
Negative Binomial models.

We compare our intervals to Wald-type confidence intervals, built using the classical estimate
of the covariance and the (more robust with large n) sandwich estimate.



Application

* NegBin ¢ Poisson = NegBin.wald = Poisson.wald = Poisson.sandwich
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Application

* NegBin ¢ Poisson = NegBin.fip = Poisson.flip = Poisson.sandwich

Gene 10 =

Gene 9 —
==t
—_—

Gene 8

Gene 7

Gene 6 =_E
Gene 5 ==

Gene 4

. d

Gene 3

o

Gene 2

Gene 1

-4 -3 -2 -1 0 1
A
p

SMPDG 2026, 30/01/26 19

Andrea Panarotto



Discussion and conclusion

Summary
e We propose an approach for constructing confidence intervals based on the inversion of
sign-flipping hypothesis tests.

e The method guarantees asymptotic nominal coverage and finite-sample accuracy while
remaining valid under variance misspecification.

e This distributionally robust approach is particularly suited to the complex variance
structures of modern post-genomic datasets.

e The cost is a larger computational expense.

Current and future work

e An alternative is provided for the construction of symmetric confidence intervals.

e An extension to multiple testing will be addressed in the very near future.
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Thank you for your attention.

The method will be soon available in the flipscores package, on CRAN and on
https://github.com/livioivil/flipscores.



https://github.com/livioivil/flipscores

Backup slides



Inversion of sign-flip score tests
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Monotonicity issue

Nonmonotonic p-value function
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Symmetric
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Symmetric
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