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Single-cell RNA-seq data: a high-dimensional inference problem

® scRNA-seq measures gene expression at single-cell resolution across thousands of
genes.

® Data are high-dimensional and typically exhibit strong correlation among genes.

® Goal: identify genes (or sets of genes) active in modulating an outcome
(disease/biomarker).
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|dentification of active genes

Aim: Find genes that are active in modulating an outcome of interest

Standard approach: For each gene i € {1,...,p}, fit a model using the gene as
response and the outcome as covariate and test the null hypothesis of nullity of the
coefficient associated with it.

® This approach looks for marginal effects — switch to conditional inference.

® high-dimensional problem — multiple testing correction performed via FDR
controlling methods
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Limitations of FDR

® Sets obtained via FDR control methods cannot be manipulated
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Limitations of FDR

® Sets obtained via FDR control methods cannot be manipulated

® FDR control is not FDP control

Distribution of FDP
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® Switch to the post-hoc FDP control framework: find a bound on the FDP,

FDP: R C {l,...,p} — [0,1], such that for every possible set R,
P (FDP(R) < FDP(R),YR C {1,...p}) > 1 —a
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Inferential target: active predictors under dependence

High-dimensional regression model:
Y =XB+e¢, D> n,
with 8 € RP, X € R™P, and ¢ ~ N(0,02%I).
Aim: provide confidence statements on the set of active predictors
A={j:B; #0},

and enable post-hoc guarantees on FDP(R) for data-dependent choices of R.
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Existing approaches

® Debiased lasso (Van de Geer et al., 2014; Zhang & Zhang, 2014)
® Ridge projection (Biihimann, 2013)
e Multisplit (Vesely et al., 2022)

® Permutation tests (Hemerik et al., 2021)

See Dezeure et al. (2015) for a review
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Flipscores: a robust resampling-based test (intuition)

® Consider testing a coefficient via a score-type statistic.

® Approximate the null distribution by random sign-flipping of individual score
contributions.

® Attractive in genomics:

® robust to variance misspecification,
® naturally accommodates dependence among statistics,
® resampling structure is well-suited to post-hoc inference.
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Flipscores for linear models

Model:
Y=a8+2Zv+e¢

Interest in Hy : 5 =0, v € RP vector of nuisance parameters.
The standardized flipscores (De Santis et al., 2025; Hemerik et al., 2020) test statistic

IS
T(F)=z"(I - H)F(I - H)YY/\/V(T(F)),
with H = Z(Z"Z)"'Z" and F = diag,{—1, +1}.
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Flipscores for linear models

Model:
Y=a8+2Zv+e¢

Interest in Hy : 5 =0, v € RP vector of nuisance parameters.
The standardized flipscores (De Santis et al., 2025; Hemerik et al., 2020) test statistic

is
T(F)=2"(I-H)F(I - H)Y/\/V(T(F)),
with H = Z(Z"Z)"'Z" and F = diag,{—1, +1}.
— Formulated for a single parameter of interest, but we are interested on doing

inference on the whole vector {3,~}

— Not directly applicable when p > n
® Perform variable selection on the Z matrix — need to deal with the double dipping
issue
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Inspiration

Zhao et al. (2021) show that, under some conditions, to test Hy : § =0

@ Performing a lasso regression of Y on [Z, x| for an approriate A value
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Inspiration

Zhao et al. (2021) show that, under some conditions, to test Hy : 5 =0
@ Performing a lasso regression of Y on [Z, x| for an approriate A value
® Computing the naive score test statistics, i.e. the parametric score using only the

covariates kept by the lasso, Z i, to compute the projection matrix:

_ T - _ T ~1,T
T=x (I—HA/\)Y, with HAA_ZAA(ZA)\ZAA) ZAA

© Doing inference based on the asymptotic normal distribution of the naive score
test statistics

is asymptotically valid: Pg, (reject Hp) — o
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Idea

Totest Hy: =0

@ Perform a lasso regression of Y on Z for an appropriate value of A
@ keep Ay = {j: 4;, # 0}
© Do the flipscores test considering ZAA
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ldea

Totest Hy: 3=0
@ Perform a lasso regression of Y on Z for an appropriate value of A
® keep A\ = {j : 9, # 0}
© Do the flipscores test considering ZAA

This is asymptotically valid

Problem: we are counting on the screening property

Screening property

Let A= {j: Bj # 0} be the active set. Then

P(AC Ay) =1, asn— oo
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Lack of screening property
Simulation set-up: n =50, p = 100, SNR =4, |A| =5, variables in [z, Z]
equicorrelated with correlation p € {0,0.3,0.5,0.7,0.9}
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Alternative approach with stepwise selection

® Variable selection with the lasso is known to be unstable when the predictors are
highly correlated — the screening property is often non-satisfied

® Alternative approach: instead of the lasso regression do a stepwise selection on
the original variables

® |t provides a valid test when the active variables enter the model first
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Inference on the full vector of coefficients

The aim is to perform inference on the full vector of coefficients {31,...,8,}. The
considered model is
Y = x/ulg 4 .

Our proposed strategy is:

e forj=1,...,p,
® consider as variable of interest z; and as confounders matrix Z = Xiijf”
® perform B sign-flipping transformations and get the vector of observed and

standardized flipscores test statistics {59, 57,...,5F}
® perform a multiple testing correction (for example maxT) and get adjusted
p-values

This strategy has a high computational load
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Simulation results - FWER and power
Simulation results for varying levels of n, p and p (correlation among x and Z)
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Simulation results - FDP
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|dea of proof
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Let Y =28+ Zy+e=aB+UE+¢€ with E =DV 'y, and let Hy, _UAAUAA

We can rewrite the numerator of the standardized flipped score statistics as
N = xT(I_ HA)\)F(I_HAA)Y

= xT<I — Hu, )F(I — Ha,)

= xT(I - HAA)F(I - H-AA)

(Zayvay + Zagvag +¢)
(Zagvag +¢)
Hence, we can rewrite the standardized flipped score statistic as
o' (I — Ha)F(I — Ha,)(Zagvas +€)
o/aT(I —Ha )F(I —Ha, )F(I — Ha,)x
' (I — Ha )F(I — Hy,)e N
o/rT(I — Hy,)F(I — Ha,)F(I — Ha,)x
o' (I — Ha,)F(I — Ha,)Zagag
a\/g:T(I — H )F(I — Hy )F(I — Hy,)x

T(F) =

=T1(F) + Ta(F)




Idea of proof Il

® Under the assumption that
limy oo (T — Hay)P(I — Ho,) X loo/ | (I = Hoa,)F(I — Ha,)X |2 = 0, by the
Lindeberg-Feller CLT and the dominating convergence theorem, T’ (F') 4 N(0,1)
® Under the assumption [|Z 45745 [2 = o(1), To(F) = o(1),

so T(F) % N(0,1).



Idea of proof Il

® Since the sign-flipped matrices are all independent, the resulting score statistics
are independent, i.e., for i # j Cov(T(F;),T(F})) = 0.

® This implies that the vector (T'(1),...,T(Fy)) converges to a vector of iid
random variables N (0, 1)

® For lemma 1 in Hemerik et al. (2020) the test that rejects Hy when
Tobs > T7(1—a)w] is an asymptotically valid a level test.
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