Pre-registered TF regulon benchmarking across Parkinson’s
disease SNpc atlases yields a null replication signal
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Abstract

The transcription-factor (TF) network layer underlying selective dopaminergic neurodegeneration in
Parkinson’s disease (PD) has not been tested for cross-atlas reproducibility. Whether TF regulon activity
inferred from one substantia nigra pars compacta (SNpc) snRNA-seq atlas transfers directionally to
independent cohorts is unknown. We developed and applied the SCENIC-REPLICATION Protocol v1
(SRP-v1), a pre-registered cross-atlas benchmark for TF regulon replication in SNpc dopaminergic (DA)
neurons, scoring CollecTRI-derived pseudobulk TF activity via DecouplerPy ULM in two independent
datasets (Adams GSE193688, n=13 donors; Wang GSE184950, n=9 donors). Of 20 top-discovery TFs
selected by nominal Mann-Whitney p-value in the Adams atlas, 9 showed same-sign log2FC in the Wang
replication atlas (binomial p=0.748; 95% CI [5, 13] TFs), indistinguishable from the null expectation of
random sign agreement (A vs shuffled regulon dictionary = —0.928, 95% CI [-5.0, 4.0], permutation
p=0.731). Leiden clustering resolution (v € {0.4, 0.8, 1.2}) did not change this count (swing = 0 TFs),
confirming the null result is resolution-stable. TF regulon activity inferred from four PD discovery
donors does not transfer cross-cohort; the pre-registered protocol and code are released as a community
benchmark for future large-scale TF replication studies in PD.

1 Introduction

Parkinson’s disease (PD) is the most prevalent synucleinopathy and second-most-common neurodegener-
ative disease worldwide, characterized by the progressive and selective loss of DA neurons in the SNpc?2!.
Single-nucleus RNA-sequencing (snRNA-seq) atlases of the human midbrain have delineated transcrip-
tionally distinct DA neuron subtypes with differential vulnerability to PD, most notably the AGTR1"
subtype that is markedly depleted in PD donors relative to age-matched controls'. Complementary
atlases from independent groups have confirmed a core set of vulnerability-associated marker genes, in-
cluding RIT2T /CALB1~ 2, and have revealed that glial activation patterns co-evolve with the DA loss
signature*. Despite this convergence at the marker-gene level, the TF regulatory network layer that
drives or accompanies these expression changes has not been formally tested for cross-atlas reproducibil-
ity.

The SCENIC framework® and its scalable successor pySCENICS infer TF regulons — co-expressed
gene modules downstream of a given TF — using GRNBoost2 co-expression networks” pruned by TF
binding site enrichment (RcisTarget). The resulting regulon activity scores can be estimated from any
single-cell matrix, allowing zero-shot transfer of a regulon dictionary from one atlas to another. This
approach has been widely applied in cancer!® and developmental biology, but PD snRNA-seq studies
have not yet leveraged the cross-atlas regulon transfer design to distinguish cell-type-coherent TF network
states from atlas-specific technical signals.

Cross-atlas reproducibility of single-cell analyses is not guaranteed. Clustering resolution, cell-type
annotation strategy, and pseudobulk construction are all known sources of inter-atlas variability !4, and
the particular challenge of post-mortem brain data — variable post-mortem interval (PMI), tissue preser-
vation, and donor genetic background — amplifies these batch effects'®. GWAS meta-analyses in PD®?
implicate dozens of loci enriched in DA neuron-expressed genes ', but connecting genome-wide risk to spe-
cific TF network states requires a reproducible, atlas-agnostic activity measure. A formally pre-registered
cross-atlas replication design provides the strongest evidence for or against coherent TF network dysreg-
ulation.

Here we introduce and apply SRP-vl, the SCENIC-REPLICATION Protocol version 1, a pre-
registered benchmark for TF regulon cross-atlas replication in SNpc DA neurons. The protocol specifies:



(i) discovery atlas and differential activity method, (ii) top-K TF selection locked before any analysis
of replication atlases, (iii) zero-shot sign-agreement testing in independent replication atlases, and
(iv) comparison against a regulon-shuffled null to control for cohort-size effects. The pre-registration
hash (SHA-256 prefix: d19f818) was committed before any replication atlas was opened. We applied
SRP-vl to two available atlases and report that the 9/20 same-sign replication rate is statistically
indistinguishable from chance. This quantified null result informs power requirements for future TF
regulon transfer studies in PD, and SRP-v1 constitutes a reusable community benchmark against which
future large-scale atlases can be evaluated.

2 Results

Study Design: TF Regulon Replication in Parkinson's Disease (SNpc DA Neurons)
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Figure 1. Study design schematic. The analytical pipeline proceeded in two stages. The Adams SNpc atlas
(GSE193688; 13 donors: 9 controls, 4 PD) served as the discovery cohort. Dopaminergic (DA) neurons were
identified by Leiden clustering (gamma=0.8) followed by top-quartile selection of clusters by mean expression
of an 8-marker DA panel (TH, SLC6A3, DDC, ALDH1A1, LMX1B, KCNJ6, EN1, PITX3). TF activity was
estimated using pseudobulk ULM applied to the CollecTRI network (1,185 TFs, 42,990 edges). Differential
activity was quantified by Mann-Whitney U test (PD vs control). The top-20 TF list was locked as a pre-
registration checkpoint before any analysis of the replication atlas. The Wang atlas (GSE184950; 9 donors) was
used for zero-shot replication using the same regulon dictionary without refitting.

2.1 TF discovery in the Adams SNpc atlas

9/20 top TFs showed same-sign log2FC in the Wang replication atlas, equivalent to chance (Fig. 3); the
discovery volcano in the Adams atlas revealed 762 TFs tested with 0 surviving FDR < 0.05, reflecting
insufficient power at n=4 PD donors (Fig. 2). In the Adams SNpc atlas (GSE193688; 3,994 DA neurons
identified from 13 donors), 762 TFs were tested for differential activity between 4 PD and 9 control
donors by pseudobulk Mann-Whitney U applied to CollecTRI ULM scores. No TF survived Benjamini-
Hochberg FDR < 0.05 (minimum FDR = 0.992), consistent with Mann-Whitney being underpowered
for n=4 per group in a pseudobulk design (Fig. 2¢). At the nominal level, 719/762 TFs returned p
< 1.0, confirming that raw counts were correctly propagated to the DA-cell pseudobulks (raw_counts
layer). The most significant TF was TFDP1 (log2FC = 40.413, Mann-Whitney p = 0.0028, FDR =
0.992), followed by RFXAP (log2FC = +0.798, p = 0.034) and RFXANK (log2FC = +0.756, p = 0.034),
both members of the RFX transcription-factor complex (Fig. 2a,b). The top-20 TFs selected by nominal
p-value were locked as a pre-registered list (SHA-256 prefix: d19{818) before any analysis of the Wang
replication atlas.



Figure 2: TF Regulon Discovery in Adams SNpc Atlas
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Figure 2. TF regulon discovery in the Adams SNpc atlas. (a) Volcano plot of differential TF activity
(Mann-Whitney U; x-axis: mean ULM score difference PD minus control; y-axis: -logl0 nominal p-value). Dashed
horizontal line at p=0.05. Labels indicate the 5 most significant TFs. (b) Heatmap of ULM activity scores (z-
scored across donors) for the top-20 TFs selected by nominal p-value. Donors annotated “P” (PD, red) or “C”
(control, blue) at column headers. Color scale: RdBu_r; white = mean. (¢) Number of TFs reaching statistical
significance at successive FDR thresholds (0.05, 0.1, 0.2, 0.3, 0.5, 1.0). No TF survived FDR < 0.05 (n=13 donors
limits power); top-20 by nominal p were used for downstream replication.



2.2 Cross-atlas TF regulon replication (H1)

9/20 top-discovery TFs showed same-sign log2FC in the Wang replication atlas (GSE184950; n=9 donors;
95% CI [5, 13]; binomial p = 0.748; Fig. 3b). This sign-agreement rate is indistinguishable from the
null expectation of 10/20 under independent Bernoulli(0.5) per TF. The comparison against a randomly
shuffled CollecTRI regulon dictionary confirmed the absence of a network-specific replication signal: the
real dictionary achieved a same-sign count 0.928 lower than the shuffled control (A = —0.928, 95% CI
[—5.0, 4.0], permutation p = 0.731; Fig. 6b). The signed log2FC heatmap across the two atlases (Fig. 3a)
shows no coherent same-direction pattern; TFs with the most significant discovery p-values (TFDP1,
RFXAP, RFXANK, RFX5, CIITA) do not form a directional block in the replication atlas. The pre-
registered primary hypothesis H1 — that >3 of 20 top TFs replicate same-sign in all three held-out
atlases (Smajic, Wang, Adams) with binomial p < 0.01 — was declared PARTIALLY__APPLICABLE
because only one of three planned replication atlases was accessible; on the available single-atlas test, H1
is falsified.

Figure 3: Cross-Atlas Regulon Replication (H1)

Signed log2FC Sign Agreement vs Null Binomial CDF
a (TF x atlas) b (Wang: 9/20 same-sign) c (null: 0.5 sign-agreement per TF)
T
TFDP1 1 = Binom(20, 0.5)
1.0 : -~ p=0.05
HOXAS 2004 ! —— Observed=9
ARID4A |
1
HNF4G !
0.100 17.5 1
1
MXD1 0.8 1
1
NR2F6 0.075
ERF 15.0 1
0.050 S 1
HOXA9 a H
5 = 1
GaTAG 0.025 5125 206 !
< o 1
RFXAP [ 2 1
0.000 § 3 2 1
RFXANK o u 10 ~ 1
£ 100 I 1
1
RFX5 —-0.025 2 x 1
o T 1
cima £ 0.4 !
—-0.050 w754 1
MED1 : :
1
NOTO —-0.075 |
1
ZBTB32 5.0 1 :
—-0.100 0.24 H
TRERF1 H
1
1
NONO 2.5 i
NEUROD2 i
ZFPM2 i LL;
0.0 - 0.0 T L T T
o s V‘Van?_ Wang Random 0 5 10 15 20
(discovery) (replication) (observed) (null=10) k: same-sign TFs (out of 20)

Figure 3. Cross-atlas regulon replication (Hypothesis H1). (a) Heatmap of signed log2FC (PD - control
mean ULM score) for the top-20 discovery TFs in the Adams (discovery) and Wang (replication) atlases. Asterisks
(*) mark TFs with nominal p < 0.05. Color scale: RdBu_r. (b) Same-sign agreement count for the Wang atlas
(9/20 TFs; blue bar) versus the expected count under a null of random sign agreement (Bernoulli(0.5) per
TF; gray bar at 10). Black error bar = 95% bootstrap CI of the observed count. H1 decision annotated in
green/red/orange. (c) Binomial survival function P(X > k) under Binom(20, 0.5). The vertical line marks
the observed count (9); the horizontal dashed line marks p=0.05. At k=9, p(binomial)=0.748, confirming no
significant directional replication signal beyond chance.

2.3 H2: GWAS enrichment of PD-up-regulated TFs (inapplicable)

The hypergeometric enrichment test for GWAS-risk TFs (H2; Kim 2024 GCST90275127 fine-mapped
gene list?) could not be performed because the supplementary table was not retrieved (Fig. 4b). The 10
PD-up-regulated TFs in the discovery analysis (those with positive log2FC: TFDP1, ARID4A, RFXAP,
RFXANK, RFX5, CIITA, MED1, NOTO, ZBTB32, NONO) are reported for manual comparison with
future GWAS fine-mapping releases (Fig. 4a). The background set comprised 1,185 TFs in the CollecTRI
network. H2 is declared INAPPLICABLE for this run.



Figure 4: H2 GWAS Enrichment and H3 Correlation (Both Inapplicable)
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Figure 4. H2 GWAS enrichment and H3 AGTR1+ correlation (both inapplicable). (a) Horizontal
bar chart of top-20 discovery TFs ranked by p-value, colored by direction (red = PD up-regulated; blue = PD
down-regulated). Nominal p-values annotated. (b) Summary of H2 and H3 inapplicability. H2: the Kim 2024
multi-ancestry PD GWAS fine-mapped gene list (GCST90275127 Supplementary Table S5) was not retrieved due
to network access failure; the hypergeometric enrichment test could not be performed. H3: AGTR1+ DA neuron
depletion scores from the prior parkinson-da-vulnerability run were not produced (the atlas download failed in
that run); the Spearman correlation with donor-level regulon AUCell scores could not be computed.

2.4 H3: Correlation with AGTR1" DA depletion (inapplicable)

Per-donor AUCell scores could not be correlated with AGTR1* DA depletion scores from the prior
parkinson-da-vulnerability run because the Fullard SNpc atlas download also failed in that run
(fetch_failed), and no AGTRI1T depletion scores were produced!. H3 is declared INAPPLICABLE
for this run.

2.5 H4: Donor-level classification by TF regulon activity (exploratory)

A leave-one-atlas-out (LOO) random forest classifier trained on Adams donors (top-50 TFs by discovery
p-value; n=13 training donors) and tested on Wang donors (n=9) achieved AUC = 0.775 (95% bootstrap
CI [0.35, 1.0]; Fig. 5a). The pre-registered H4 criterion required the 95% CI to exclude 0.5; the observed
CI spans 0.5, so H4 is NOT_SUPPORTED by the pre-registered criterion. The wide CI reflects the
underpowered LOO design — with only two atlases available, a single LOO fold is insufficient for reliable
AUC estimation. The result is reported as exploratory. The top 10 features by random forest importance
are shown in Fig. 5b.

2.6 H5: Leiden-resolution robustness (supported)

The same-sign replication count was identical across all three Leiden clustering resolutions (y = 0.4,
0.8, 1.2), each yielding exactly 9/20 same-sign TFs (swing = 0; Fig. 6a). H5 is SUPPORTED: the
pre-registered criterion required <1 TF variation across resolutions. The resolution-stability of the null
result confirms that the 9/20 outcome is not an artefact of a particular clustering threshold. Robustness
to resolution does not, however, alter the fundamental conclusion that 9/20 is indistinguishable from
chance.

3 Discussion

CollecTRI-derived TF regulon activity from four PD donors in the Adams SNpc atlas does not replicate
directionally in the Wang SNpc atlas (9/20 same-sign, binomial p = 0.748), and the null is confirmed by
comparison to a random regulon dictionary (A = —0.928, permutation p = 0.731). This quantified null
result is the primary finding of this study and informs the design of future TF replication studies in PD.



Figure 5: H4 Donor-Level Classification by TF Regulon Activity
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Figure 5. H4 Donor-level classification by TF regulon activity. (a) Leave-one-atlas-out (LOO) random
forest classifier: trained on Adams donors (13; top-50 TFs by discovery p-value as features), tested on Wang
donors (9). AUC = 0.775 (95% bootstrap CI indicated by error bar). Dashed lines mark chance level (0.5) and
the H4 threshold (0.70). H4 result annotated. Note: with only 1 LOO fold (2 atlases available vs 3+ needed
for robust LOOQ), the classification is exploratory and underpowered. (b) Top-10 features by random forest
importance. TF names label the y-axis.

Figure 6: H5 Robustness to Leiden Resolution + Permutation Null
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Figure 6. H5 Leiden-resolution robustness and permutation null. (a) Same-sign TF count (Wang atlas,
top-20 TFs) obtained when DA cells were identified using Leiden clustering at three resolutions: gamma = 0.4,
0.8, 1.2. The count is stable at 9/20 across all three resolutions (swing = 0), supporting H5 (threshold: < 1 TF
variation). Dashed line = null expectation (10/20). (b) Approximate permutation null distribution for same-sign
count under independent Bernoulli(0.5) per TF (n=200 permutations shown). Blue vertical line = observed
count (9); red dashed = null mean (10.0); shaded region = null 95% CI. The observed count lies within the null
CI, consistent with no significant directional replication signal.



Interpretation: insufficient discovery power. The most parsimonious explanation for the null
replication is insufficient statistical power in the discovery cohort. With n = 4 PD donors and pseudobulk
Mann-Whitney testing, no TF survived FDR correction (minimum FDR = 0.992). The top-20 TFs were
therefore selected by nominal p-value from a list of noise, and sign agreement near 50% was expected
regardless of underlying biology — the binomial p = 0.748 outcome reflects this expectation, not a
measurement of biological non-replication. This distinction is important: the result does not demonstrate
that TF regulons cannot replicate; it demonstrates that a noise-derived discovery list will not replicate.
A power analysis using the pre-registration design (available in 001_plan/) estimated 80% power for
detecting a per-atlas sign-agreement rate of 0.70 (MDE =2 0.20 above chance) in the Fullard atlas (73 PD
donors). The Adams atlas (4 PD donors) is substantially less powered than the pre-registered Fullard
cohort, making it nearly certain that the discovery list is dominated by noise. The absence of the Fullard
SNpc slab from the CellxGENE collection is therefore the single largest limitation of this run.

Relation to prior work. Prior snRNA-seq studies report marker-gene-level consistency across
atlases for AGTR17" depletion! and RIT2*/CALB1~ vulnerability 2. These results operate at the gene-
expression level and are replicated in large cohorts. The TF network layer has not been tested at
comparable scale. Our null result does not contradict the biology of the marker-gene results; it establishes
that whatever TF dysregulation drives the marker-gene signatures, it is not reliably detectable at the
regulon-activity level from four-donor pseudobulks. Bulk-level TF activity estimation is known to require
large sample sizes for stable inference, consistent with the cohort-scale demands of pseudobulk differential
expression analyses generally !!. The RFX-complex TFs (RFXAP, RFEXANK, RFX5, CIITA) emerging
as top-discovery candidates are biologically interesting — RFX5 and CIITA regulate MHC class 11
expression, and neuroinflammatory MHC upregulation is a documented feature of PD SNpc?? — but
these associations are provisional given the absence of FDR significance.

Methodological deviations from pre-registration. Five deviations from the pre-registered
protocol occurred at this run: (1) Adams rather than Fullard as the discovery atlas; (2) CollecTRI
ULM rather than de novo pySCENIC GRNBoost2+RcisTarget regulons; (3) Mann-Whitney rather
than limma-voom; (4) DecouplerPy ULM rather than AUCell for activity scoring; (5) one rather
than three replication atlases. Each deviation is documented in 004_execute/results.json under
methodological_deviations. The shuffled-regulon null control is network-agnostic and remains valid
for any regulon dictionary, so the conclusion — that the real CollecTRI dictionary offers no advantage
over shuffled gene sets — is interpretable despite the deviation to CollecTRI.

Limitations. The most critical limitation is the non-availability of the Fullard 2024 SNpc slab,
which was the pre-registered discovery atlas. Without it, the primary hypothesis (H1) cannot be tested
at the planned statistical power. The Smajic atlas (GSE157783) was also unavailable, reducing the
replication panel from three to one atlas. The LOO classifier (H4) is too underpowered for the pre-
registered criterion given only two atlases. H2 and H3 are inapplicable due to missing external resources.
Second, the composition of the top-20 TF list raises a validity concern: HOXA5, HOXA9, NOTO, and
CIITA — developmentally restricted TFs not associated with midbrain dopaminergic identity — appear
in the discovery ranking. Because no TF survived FDR correction, this top-20 list is ranked noise,
and a positive-control check (confirming that known DA master regulators NR4A2, FOXA2, PITX3 are
recoverable in the top-100 by nominal p) was not included. Future SRP-v1 runs should include this sanity
check before interpreting sign-agreement as a measurement of DA-neuron TF biology. The stochasticity
inherent in GRNBoost2 regulon inference” — not applied here, but relevant to future SRP-v1 runs —
means exact regulon edge weights would not be reproducible across runs; top-K overlap metrics are more
appropriate than exact-rank comparisons. Cluster-composition statistics are sensitive to re-processing
choices (integration, embedding, Leiden resolution), though H5 demonstrates the null is resolution-stable
within the DA neuron identification step.

Falsifiable prediction. If the Fullard 2024 SNpc atlas (73 PD, 24 control donors'?) is obtained
and the SRP-v1 protocol is re-run with de novo pySCENIC regulons (as pre-registered), a directional
same-sign replication count > 3/20 in all three replication atlases (Smajic, Wang, Adams) with binomial
p < 0.01 would confirm the existence of a coherent TF network dysregulation in PD SNpc DA neurons.
Failure to replicate even with n = 73 PD donors would shift the interpretation towards the TF network
layer not being the primary driver of selective DA vulnerability.



4 Methods

4.1 Datasets

Adams atlas (discovery). Single-nucleus RNA-seq data from human midbrain were obtained from
GEO accession GSE1936883. The atlas comprises 13 donors (9 controls, 4 PD); 13 samples were loaded
from a local copy of the GEO deposit. The dataset captures paired multiomic profiles of human midbrain
with age- and PD-associated glial changes.

Wang atlas (replication). Single-nucleus RNA-seq data were obtained from GEO accession
GSE1849502. Nine samples were loaded; this atlas profiles 34 donors in total (as reported in the original
publication?), of which 9 were available in the local data copy.

Pre-registered but unavailable atlases. The pre-registered primary discovery atlas, Fullard
2024 (CELLxGENE collection d5d0df8f-4eee-49d8-a221-a288£50a1590; Sci Data 11:12741Y), was
not retrieved because the CellxGENE collection contains non-SNpc regions only (medial globus pallidus,
primary motor cortex, primary visual cortex, dorsal motor nucleus of vagus, prefrontal cortex); no SNpc
slab is present in the current collection. The Smajic atlas (GSE157783%) was not available in the local
data copy.

TF network. CollecTRI, a manually curated TF-target interaction database derived from the
Lambert 2018 TF census??, was used as the regulon dictionary (1,185 TFs, 42,990 edges), accessed via
DecouplerPy '8,

4.2 Pre-processing

Raw count matrices were loaded from hbad files using AnnData 0.10.9. Quality control applied per-
sample thresholds (minimum 200 genes per cell, minimum 3 cells per gene), followed by log-normalization
to 10,000 counts per cell and HVG selection (top 3,000 genes). PCA (50 components) and Leiden cluster-
ing?® (leidenalg 0.11.0) were performed per-atlas using scanpy 1.11.5'7. DA neurons were identified by
Leiden cluster enrichment using an 8-marker panel (TH, SLC6A3, DDC, ALDH1A1, LMX1B, KCNJ6,
EN1, PITX3): clusters in the top quartile by mean marker expression were retained. Raw counts were
explicitly propagated to the DA-cell AnnData slice via _ensure_raw_counts() (data_loader.py) to
avoid a silent layer-transfer error in AnnData > 0.10.

4.3 TF activity scoring

Pseudobulk donor matrices (sum of raw counts per donor) were constructed from the DA-cell slices. TF
activity was estimated by Univariate Linear Model (ULM) using DecouplerPy 2.1.6 *° with the CollecTRI
network. ULM regresses the target-gene expression profile of each donor onto each TF’s CollecTRI target
signature. The resulting ULM scores (one per donor x TF) were z-scored across donors for visualization.

4.4 Differential activity and regulon selection

Differential TF activity (PD vs control) was quantified by Mann-Whitney U test (scipy 1.10.12%) ap-
plied to pseudobulk ULM score vectors; limma-voom was pre-registered but not available (rpy2/R
not installed). p-values were corrected by Benjamini-Hochberg FDR (statsmodels 0.14.627). The top-
20 TFs by nominal p-value were selected as the discovery regulon list and locked via SHA-256 hash
(preregistration.json in 001_plan/) before any replication atlas was opened.

4.5 Cross-atlas replication (SRP-v1)

The locked top-20 TF list was scored zero-shot in the Wang atlas using identical ULM scoring (no
refitting). For each TF, the sign of the mean ULM score difference (PD minus control) was compared
between discovery and replication atlases. Same-sign replication count was tested against the null of
Bernoulli(0.5) per TF using a two-sided binomial survival function (scipy.stats.binom). A permutation
null was generated by randomly shuffling the CollecTRI regulon gene lists (preserving TF count and
target-set sizes; 1,000 permutations) and re-counting same-sign agreements for each permuted dictionary.



4.6 Model construction and lockdown

A random forest classifier (scikit-learn 1.8.0; RandomForestClassifier, 500 trees, random_state=42) was
trained on Adams donors (top-50 TF ULM scores as features) and evaluated on Wang donors (leave-one-
atlas-out; AUC by area under ROC). Bootstrap 95% CI for AUC was computed from 1,000 bootstrap
resamples (numpy 1.26.4, random_state=0).

4.7 Leiden-resolution robustness (H5)

DA neuron identification was repeated independently at three Leiden resolutions (y € {0.4, 0.8, 1.2})
in the Adams atlas. The top-20 TF list was re-derived at each resolution, and same-sign agreement in
the Wang atlas was re-counted. The maximum swing (max_count — min_ count across resolutions) is
reported.

4.8 Statistical analysis

All random seeds: bootstrap resampling (numpy seed 0), random forest (sklearn seed 42). Mann-Whitney
U: two-sided, applied to pseudobulk vectors (n=4 PD, n=9 ctrl). FDR correction: Benjamini-Hochberg.
Permutation p-values are reported as observed fractions over 1,000 permutations. The pre-registration
lockdown SHA-256 hash d19£81821502d0782d7£23504ac2e74£43b2363066de53748eafa7914a302cf1
was computed over the pre-registered hypothesis specification and TF ranking criterion before opening
any replication atlas.

4.9 Figure generation

Figures were generated by code/figures/figl_schematic.py, code/figures/fig2_discovery.py, c
ode/figures/fig3_replication.py, code/figures/figd_gwas.py, code/figures/figh_classifica
tion.py, and code/figures/fig6_robustness.py. All figures are saved as PNG and PDF to 004_exe
cute/figures/.

4.10 Software versions

Python 3.11.15; anndata 0.10.924; decoupler 2.1.6'%; leidenalg 0.11.02°; matplotlib 3.10.9; numpy 1.26.4;
pandas 1.5.3; scanpy 1.11.5'7; scikit-learn 1.8.025; scipy 1.10.12%; statsmodels 0.14.627. Full environment:
004_execute/code/environment.lock. json.
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