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Abstract. We recast per-cell vulnerability in Parkinson’s disease (PD) as de-
viation from a healthy norm—a transcriptome’s distance from healthy, not a
prediction of which cells die. A variational autoencoder trained only on healthy
midbrain nuclei gives each nucleus a deviation score, calibrated per cell type
against a held-out healthy null. On the Smajic et al. (2022) cohort it separates
PD from healthy nuclei (AUC = 0.623) with no disease label, concentrating in
glia and vasculature; without marker genes, high-deviation glia carry the known
reactive and disease-associated programs (p = 0.32, 0.30). The effect holds at
donor level (exact permutation p = 0.002) and under an unseen-donor null, and
reproduces in one external cohort but not a second.

1. Introduction

Parkinson’s disease (PD) is defined neuropathologically by the progressive loss of
dopaminergic (DA) neurons of the substantia nigra pars compacta (SNpc). A central
open question is selective vulnerability: why some neurons degenerate while neigh-
bours in the same microenvironment persist [Surmeier et al. 2017, Poulin et al. 2020].
Single-nucleus RNA sequencing (snRNA-seq) lets us interrogate this at cellular reso-
lution [Kamath et al. 2022, Smajié et al. 2022], yet the dominant paradigm remains the
case—control contrast: cells are clustered, annotated, and the average expression of a pre-
defined population compared between groups.

Two limitations of that paradigm are acute for neurodegeneration. It is cat-
egorical: a cell inherits a group-level effect from its cluster, whereas vulnerability
is plausibly continuous and cell-intrinsic. And it is label-dependent: results hinge
on clustering resolution and on the supply of disease cells—exactly the cells PD de-
stroys. DA neurons are well below 1% of recovered nuclei in nigral snRNA-seq
[Kamath et al. 2022, Smaji¢ et al. 2022], so case—control power is scarcest for the pop-
ulation of greatest interest.

We borrow a different framing from clinical neuroscience: normative modelling
[Marquand et al. 2016, Marquand et al. 2019]. Rather than contrasting two groups, a nor-
mative model learns the full distribution of a healthy reference population and expresses



each new observation as a deviation from that norm—Iike a paediatric growth chart. De-
viations are continuous, defined per individual (here, per cell), and need no disease labels.
We instantiate this with a deep generative model of the transcriptome.

Contributions. (i) We formulate per-cell vulnerability in PD as a normative-deviation
problem, instantiated with a VAE trained only on healthy midbrain nuclei and scored
by a £-NN and a density statistic, each calibrated per cell type against a held-out healthy
null. (i1) The deviation concentrates, unsupervised, in the glial and vascular microenviron-
ment, and the high-deviation glia carry known reactive-astrocyte and disease-associated-
microglia programs down to individual genes—a label-free rediscovery of established
disease biology. (iii) We benchmark against novelty detectors and a supervised refer-
ence, and separate the effect of covariate conditioning from that of the deviation statistic.
(iv) We test whether the result is about donors rather than nuclei, using an exact donor-
level permutation test and an unseen-donor null. (v) We test transfer to two independent
cohorts, with and without batch-aware reference mapping: the astrocytic deviation re-
produces in one [Kamath et al. 2022] but not the other [Martirosyan et al. 2024], which
bounds label-free cross-cohort transfer.!

Structure. Section 2 reviews related work; Section 3 describes the cohorts, the normative
model and the evaluation protocol; Section 4 reports the results, including donor-level
inference and the robustness analyses; and Section 5 discusses what the deviation does
and does not support.

2. Related Work

Single-cell studies of Parkinson’s disease. snRNA-seq of the human midbrain has
reshaped the study of selective vulnerability. The founding study of this cohort
[Smayji€ et al. 2022] profiled the ventral midbrain of controls and idiopathic PD patients
and reported, through supervised cluster-based analysis, a pronounced glial activation and
a PD-specific neuronal state. A deep survey of nigral DA neurons [Kamath et al. 2022]
identified a specific SOX6* AGTRI™ subtype that is preferentially lost in PD—a result
that required enriching for DA nuclei, precisely the effort a microenvironment-level read-
out avoids. A third study [Martirosyan et al. 2024] added an SNpc atlas of 15 PD and 14
control donors and resolved glial heterogeneity into subpopulations, including an astro-
cyte state carrying the reactive markers C3 and CD44 and a PD-enriched reactive state; its
donor composition differs markedly from the other two, which becomes important in Sec-
tion 4.6. Common to all three is a cluster-level case—control contrast: cells inherit a group
effect, and no cell carries its own score. A complementary line of work casts the problem
as supervised per-cell classification, reaching ~ 0.92 mean balanced accuracy across four
midbrain cohorts [Fiorini et al. 2025]—but such models need disease labels and inherit
the case—control framing that motivates this work. We instead reuse these cohorts as a
healthy reference (Smaji¢) and as independent validation (Kamath, Martirosyan) for a
label-free, per-cell deviation.

Generative models, reference mapping and anomaly detection. The variational au-
toencoder [Kingma and Welling 2014] underlies scVI [Lopez et al. 2018], which mod-

ICode and data to reproduce all results: https://anonymous.4open.science/r/
parkinson-normative-vae-FD45/



els raw counts with a negative-binomial likelihood and has become standard for inte-
gration and denoising; such models are normally trained on all cells to obtain a shared
embedding, whereas we train on healthy cells only and use the generative density as a nor-
mative reference. Transfer-learning methods such as scArches [Lotfollahi et al. 2022]
project query cells onto a reference atlas, and recent work frames diseased cells as anoma-
lies [Xu et al. 2024, Mallick et al. 2023]. Our goal differs: not labelling cells anomalous
but assigning a graded deviation comparable across cell types and individuals, in the spirit
of normative charts.

Normative modelling. Normative models are established in neuroimaging, where de-
viation maps from a healthy reference quantify individual-level pathology beyond case—
control means [Marquand et al. 2016, Marquand et al. 2019]. To our knowledge their
transfer to single-cell transcriptomics of neurodegeneration, with deviation defined at the
resolution of individual nuclei, has not been explored.

3. Materials and Methods

3.1. Data

We use the human midbrain snRNA-seq atlas of the Smaji¢ cohort [Smajic et al. 2022]
(GEO GSE157783): 11 donors comprising 6 controls (22,433 nuclei) and 5 idiopathic
PD patients (19,002 nuclei), annotated into 12 cell types spanning the glial microenviron-
ment (oligodendrocytes, astrocytes, microglia, oligodendrocyte precursor cells, OPCs),
vascular cells (endothelial cells, pericytes), neurons (excitatory, inhibitory, GABAergic,
CADPS2+) and DA neurons, which the source annotation labels DaNs; we keep that label
in the tables. Consistent with the difficulty of recovering nigral DA neurons, they are
extremely rare here (74 nuclei), which motivates a method that does not depend on their
abundance. Two further cohorts, used only as external validation, are summarised with
the data divisions in Table 1.

Table 1. Cohorts and data divisions. Only healthy control nuclei of the discov-
ery cohort train the model; its held-out control nuclei form the null. Every PD
nucleus, and every nucleus of the two external cohorts, is test data scored with
the frozen model. fKamath donor counts are inferred from sample identifiers (38
control, 34 PD SNpc samples).

Cohort GEO Role Donors  Nuclei Train / null / test

Smajic GSEI157783 discovery 6/5 41,435 17,947/4,486 /19,002
Kamath GSE178265 ext. validation 9/6' 120,000 —/—/99,147
Martirosyan GSE243639 ext. validation 14/15 83,484 —/—/60,007

3.2. Preprocessing

Raw unique-molecular-identifier (UMI) counts were retained in a dedicated layer. Genes
detected in fewer than three nuclei and nuclei with fewer than 200 detected genes were
removed. We selected the top 2,000 highly variable genes (HVGs) with the seurat v3
flavour computed on raw counts [Wolf et al. 2018]. This selection was run on the full
object, PD nuclei included; because that lets test information reach the feature space, Sec-
tion 4.7 repeats the entire analysis with HVGs recomputed on the training controls alone.



Control nuclei were partitioned at random by nucleus into a training set (17,947 nuclei,
80%) used to fit the model and a held-out set (4,486 nuclei, 20%) used only to calibrate
the healthy null. All PD nuclei were held out for testing. Because this split is by nucleus,
the healthy null and the training set share donors, whereas every PD nucleus comes from
an unseen donor; Section 4.7 isolates that asymmetry with a leave-one-control-donor-out
analysis.

3.3. Normative variational autoencoder

Figure 1 summarises the architecture and the scoring pipeline.

TRAINING (healthy control nuclei only)

healthy i i i
. encoder latent decoder negative-binomial
co:téo/l\g#ﬂglel | qp(z | x) ZERY Ppelx | 2) " likelihood; maximise ELBO

frozen healthy held-out healthy nuclei
reference manifold (per-cell-type null)

—

SCORING (every nucleus: healthy or PD)

any nucleus

encode di-nn to z-calibrate deviation score
(control or PD) z healthy manifold

¥ within cell type » (per cell, label-free)

Figure 1. The normative model. Training (top) uses only healthy control nuclei.
Scoring (bottom) encodes any nucleus, measures its 4-NN distance to the frozen
healthy manifold and standardises it within cell type against the held-out healthy
null. No disease label is used at any stage.

We model the healthy transcriptome with a VAE following scVI
[Lopez et al. 2018]. For a nucleus with count vector + € N over G = 2,000
genes, an encoder ¢,(z | =) maps z to a latent z € R' with a standard-normal prior,
and a decoder parametrises a negative-binomial likelihood py(z | 2, ¢) with library size /.
Parameters are optimised by maximising the evidence lower bound (ELBO)

L(0,9) = Eq, sl log po( | 2,0)] — KL{gu(z | z) || p(2))- (D

where KL(- || -) is the Kullback-Leibler divergence and p(z) = N(0,I) the standard-
normal prior. Crucially, the expectation is taken only over healthy training nuclei, so py
becomes a generative density of normality. We used two hidden layers of 128 units, a 10-
dimensional latent space, and trained for up to 200 epochs with early stopping (patience
20) on a CPU.

3.4. Covariate-conditional normative model

A normative model in the strict sense expresses the norm as a function of covariates,
like an age-conditioned growth chart [Marquand et al. 2019]. That is not cosmetic here:
control donors are on average ~8 years older than PD donors (83 vs. 75), so an uncon-
ditioned deviation can absorb age. We therefore also train a covariate-conditional VAE
whose encoder and decoder receive donor age and sex, so deviation is measured against
the matched healthy norm.

3.5. Per-cell deviation score

A deviation measured against the global healthy mean would conflate cell type with dis-
ease, since rare types sit far from that mean whatever their condition. We therefore define



a cell-type-aware deviation. Nuclei are encoded to their latent mean 2 € R!'°, and each is
given the average Euclidean distance to its £ = 30 nearest neighbours among the healthy
training nuclei,
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where N, ,? calthy (2) denotes the index set of the & healthy training nuclei nearest to Z. Being
local, the score respects cell-type structure. It is then standardised within each cell type
against the held-out healthy null: for a cell of type ¢, dev(z) = (dp.nn(T) — p1)/ 0, With
(¢, 0 estimated on the 4,486 validation-control nuclei of type ¢ (a global null is used for
types with fewer than ten). Each type’s healthy null is thus centred at zero, so a positive
deviation measures departure from the healthy manifold of the same cell type, in units of
healthy variability.

Density-based deviation. As a probabilistic alternative to the non-parametric k£-NN dis-
tance we fit a Gaussian-mixture density (15 components) on the control-train latent and
score each cell by its negative log-density, which also yields a per-cell empirical p-value
against the type-matched healthy null. We report both statistics.

3.6. Evaluation and baselines

Because training never sees disease labels, the separation of PD from held-out healthy
nuclei is an unsupervised test of the hypothesis that PD cells depart from the healthy
manifold. The held-out test set is class-imbalanced (all 19,002 PD nuclei vs. 4,486
held-out healthy nuclei, prevalence 0.81, a 4.2:1 ratio). We deliberately do not oversam-
ple or synthesise minority-class cells (e.g. SMOTE): in a normative model the healthy
training set is the reference manifold, and perturbing it would corrupt the very quan-
tity being estimated. We instead report imbalance-robust metrics: the area under the
ROC curve (AUC), which is prevalence-independent, with a 1000 x bootstrap 95% con-
fidence interval; a class-balanced AUC that downsamples the majority class to confirm
the score is not an imbalance artefact; the area under the precision-recall curve (PR-
AUC) read against the prevalence baseline; balanced accuracy and Matthews correlation
at the Youden-optimal threshold; and the sensitivity at 90% specificity, fixing the oper-
ating point on the healthy null (Table 3). These answer different questions: AUC and
PR-AUC measure ranking quality; balanced accuracy and Matthews correlation measure
decision quality at one threshold, and are near zero for a useless classifier; sensitivity
at fixed specificity gives the practical yield once the false-alarm rate on healthy cells is
pinned. Cliff’s § reports the size of a shift—the probability that a random PD cell is more
deviant than a random healthy one, rescaled to [—1, 1]—which a p-value alone does not
convey. We further report a one-sided Mann—Whitney U test and per-cell-type effect sizes
(Cliff’s ) with Benjamini—Hochberg correction. To position the approach, we benchmark
it against standard label-free novelty detectors fit on the same healthy nuclei—Isolation
Forest, One-Class SVM, and PCA reconstruction error—and against a supervised logistic
regression (which uses disease labels) as an upper-bound reference. Implementation used
scvi-tools, scanpy [Wolfetal. 2018] and scikit—-learn.



4. Results

4.1. Deviation separates PD from healthy nuclei without supervision

Fit on healthy nuclei alone, the latent space still organises the 12 midbrain cell types
cleanly, and the deviation is low across the healthy-dominated core and elevated where
PD nuclei concentrate. We first report the unconditional model with the £-NN deviation.
The score is right-shifted for PD relative to held-out healthy nuclei (median 0.23 vs. -
0.19). As a classifier of PD vs. held-out control nuclei it reaches AUC = 0.623 (95%
CI [0.614, 0.632], one-sided Mann-Whitney p = 2.8 x 1074%) with no disease label in
training. This is not an imbalance artefact: downsampling the majority class to parity
leaves the AUC unchanged, and the imbalance-robust panel (PR-AUC (.87 against a 0.81
prevalence baseline, balanced accuracy 0.59; Table 3) confirms a modest but genuine
per-cell signal. Sections 4.6 and 4.7 then put this number under pressure.

4.2. Deviation concentrates in the glial and vascular microenvironment

Stratifying by cell type (Table 2), the deviation is far from uniform. Six cell types are
significantly more deviant in PD after Benjamini—Hochberg correction (FDR < 0.05), and
they form a coherent group: oligodendrocytes (Cliff’s 6 = 0.42), endothelial cells (0.38),
astrocytes (0.24), microglia (0.23), ependymal cells (0.18) and pericytes (0.11). The glial
and vascular compartment—precisely the populations whose activation defines this cohort
[Smajié et al. 2022]—is thus recovered as the locus of PD deviation by a model that never
saw a disease label. Excitatory and inhibitory neurons were not elevated, and DA neurons
were too few (42 PD vs. 6 control) for a reliable test—the DA under-representation that
limits nigral snRNA-seq, and that motivates a microenvironment-level rather than DA-
centric readout.

Table 2. Per-cell-type deviation in PD vs. held-out healthy nuclei. Cliff’'s § with
BH-adjusted one-sided Mann-Whitney p, ordered by effect size.

Cell type npp Nl Cliff’s § Dadj

Oligodendrocytes 8536 2618 0.42*  <.001
Endothelial cells 718 182 0.38* <.001

Astrocytes 2565 410 0.24*  <.001
Microglia 2698 207 0.23*  <.001
Ependymal 325 45 0.18*  0.049
Pericytes 571 132 0.11*  0.049
GABA 249 59 0.10 0.174
OPCs 1216 310 0.02 0439
Excitatory 1216 372 -0.30  1.000
DaNs 42 6 -0.33  1.000
Inhibitory 749 145 -0.39  1.000

4.3. High-deviation glia carry known disease-associated programs

We scored every nucleus for two literature-defined programs: the reactive / disease-
associated astrocyte program [Liddelow et al. 2017, Habib et al. 2020] and the disease-
associated microglia (DAM) program [Keren-Shaul et al. 2017]. The deviation tracks
both without using these markers: within astrocytes it correlates with the reactive pro-
gram (Spearman p = 0.32, p < 1071%) and high-deviation astrocytes carry a far stronger



reactive signature than low-deviation ones (Cliff’s 6 = 0.43); within microglia it tracks
DAM (p = 0.30; high-vs-low 6 = 0.38; Figure 2). The unsupervised deviation thus re-
discovers the same states supervised studies identify with curated markers—a validation
independent of the AUC.

This holds gene by gene, so the score is interpretable rather than opaque. Ranking
every gene by its correlation with the deviation within astrocytes puts four members of
the reactive signature (CP, VIM, CD44, GBP2) in the top fifteen; the leading microglial
gene is CD163 (p = 0.51), a marker of activated phagocytic microglia, with the DAM
gene GPNMB also in the top fifteen (Figure 2, right). Neither ranking uses a signature.
Because library size can move both latent position and signature scores, we recomputed
the correlations partialling out total counts and detected genes: the astrocyte association
is essentially unchanged (p = 0.32 — 0.30) and the microglial one weakens but per-
sists (0.30 — 0.21). Mitochondrial fraction cannot confound here: the matrix carries no
mitochondrial genes.

Genes tracking astrocyte

Astrocytes: reactive/DAA Microglia: DAM deviation (red: reactive signature)
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Figure 2. High-deviation glia express known disease-associated programs, down
to individual genes. Reactive/DAA signature in astrocytes (left) and DAM signa-
ture in microglia (centre), in low- vs. high-deviation tertiles; genes most corre-
lated with the deviation within astrocytes (right), with members of the reactive
signature in red. Nothing here uses the marker lists.

4.4. Disentangling covariate conditioning from the deviation statistic

Because the controls are markedly older than the PD donors, part of the unconditional
deviation could reflect age rather than disease. Conditioning the normative model on age
and sex tests this—but conditioning and the choice of deviation statistic must be var-
ied separately, since the conditional model was originally paired with the density statis-
tic. Crossing both factors gives AUC 0.623 (unconditional, k-NN), 0.561 (unconditional,
GMM), 0.555 (conditional, £-NN) and 0.539 (conditional, GMM). The two main effects
are comparable: conditioning costs 0.045 AUC and switching from k-NN to the mixture
density costs 0.039. The drop from 0.62 to 0.54 reported for the conditional density model
is therefore not attributable to age alone, as we previously implied; roughly half of it is the
weaker statistic. What survives is the qualitative claim: conditioning on age does remove
part of the naive signal, so an unadjusted normative deviation in this cohort is partly an
age contrast. The astrocytic effect is positive in three of the four cells (6 = 0.24, 0.16,
0.12) and vanishes only when the mixture density is paired with the unconditional latent
(—0.01), where that statistic is weakest.



4.5. Comparison with baseline novelty detectors

Table 3 places the approach among standard label-free detectors, and the picture is
twofold. No unsupervised method is a strong global classifier: all lie between AUC 0.51
and 0.62, far below the supervised bound (0.82). But the astrocytic deviation is positive
across every method (largest for a simple PCA reconstruction error, 6 = 0.29), so the
signal does not depend on the particular model. The normative framing adds not a higher
AUC but a calibrated, per-cell, covariate-adjusted and interpretable readout.

Table 3. Evaluation. (a) Label-free deviation methods, in-cohort: all are fit on
healthy nuclei with the same per-cell-type calibration; the supervised row is an
upper-bound reference. (b) Imbalance-robust metrics for the two normative mod-
els (prevalence 0.81, a 4.2:1 ratio); the class-balanced AUC matches the raw AUC
to three decimals, so the score is nhot an imbalance artefact. No oversampling is
used: it would corrupt the reference manifold.

(a)

Method (label-free unless noted) PD-vs-ctrl AUC Astrocyte &
scVI latent + k-NN (unconditional) 0.623 +0.24
PCA reconstruction error 0.569 +0.29
Isolation Forest 0.544 +0.09
Covariate-conditional VAE + GMM density 0.539 +0.12
One-Class SVM 0.507 —0.06
Supervised logistic regression T 0.817 —

T uses disease labels; reference upper bound, not a normative method.

(b)
Model AUC [95% CI] PR-AUC Bal.acc. MCC Se@90Sp
Unconditional VAE + k-NN 0.623 [0.614, 0.632] 0.866 0.591 0.143 0.206

Covariate-conditional VAE + GMM  0.539 [0.530, 0.549]  0.832 0.531 0.054 0.143

Positioning against the literature. The 0.623 should be read against label-free meth-
ods. Supervised per-cell predictors trained with labels on these cohorts reach ~ (.92 bal-
anced accuracy [Fiorini et al. 2025] (our supervised reference recovers 0.82), whereas un-
supervised normative models sit far lower—deviation-based autoencoders in neuroimag-
ing report AUROC 0.62-0.69 [Marquand et al. 2019]. Our 0.623 sits squarely there: the
contribution is not a stronger classifier but the transfer of a normative, label-free, per-cell
readout to single-nucleus transcriptomics.

4.6. Cross-cohort transfer: one replication, one failure, and a batch-aware test

We applied the frozen discovery model to two independent atlases (Table 1): query nuclei
embedded with the discovery encoder, cell types transferred by nearest neighbours, devia-
tion calibrated within each predicted type against that cohort’s own controls so a constant
platform offset cancels. Global discrimination degraded in both (AUC =~ 0.52 and 0.44),
as expected without batch correction, so the informative quantity is the per-cell-type effect
(Figure 3).

On Kamath the astrocytic deviation reproduced the discovery effect almost exactly
(Cliff’s 6 = 0.24 in both; 0.27 with the conditional density model), while the other glial



and vascular effects largely vanished (0 < 0.06). On Martirosyan nothing replicated: the
astrocyte effect reversed (6 = —0.21, n.s.). We traced this rather than asserting a cause: it
is not an artefact of label transfer—the authors’ own annotations give the same result—nor
of age alone, since conditioning only shrinks ¢ to —0.13.

Because our own explanation was batch, we tested it rather than assum-
ing it, building a batch-aware reference with scArches-style architectural surgery
[Lotfollahi et al. 2022] and mapping each query cohort onto it before scoring. Batch
correction helps where signal exists and cannot create it where it does not: on Kamath
the astrocytic effect survives (6 = 0.24 — 0.21, paq; = 6 x 107%%) and global discrim-
ination improves (0.52 — 0.57), whereas on Martirosyan every cell type stays negative
(6 = —0.21 — —0.19, AUC 0.42). The non-replication therefore survives all three prin-
cipled explanations—Ilabel transfer, covariate structure and batch—and is best read as a
genuine between-cohort difference.

Crucially, the discrepancy is statistical rather than biological: that cohort’s own
authors report reactive astrocyte states in PD SNpc—an Astrocytes! subpopulation carry-
ing the canonical reactive markers C3 and CD44, and a PD-enriched Astrocytes3 reactive
state [Martirosyan et al. 2024]. The reactivity our score targets (CD44 also drives our
grounding signature) is thus corroborated there by supervised subtyping; what fails to
transfer is the label-free normative mapping, not the disease biology.

Cross-cohort transfer of the per-cell-type deviation, with and without batch-aware reference mapping
.61
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Figure 3. Cross-cohort transfer. Only the astrocytic effect reproduces on Kamath,
and it survives batch-aware mapping (scArches); on Martirosyan every effect is
negative with and without batch correction, so batch does not explain the non-
replication.

4.7. Is this a statement about nuclei, or about donors?

Every test so far is computed over tens of thousands of nuclei from only 11 donors, so a
p-value of 2.8 x 107146 describes nuclei, not people: one atypical donor could in principle
produce it. Averaging the deviation within each donor and enumerating all 462 ways
of assigning five PD labels among 11 donors gives an exact permutation test, and the
observed separation is the most extreme attainable (p = 0.002): every PD donor’s mean
exceeds every control donor’s (Figure 4). A mixed model over nuclei with donor as
a random intercept agrees (3 = 0.44, p = 4.6 x 107%). Per cell type the evidence
thins, as it should with n = 11: oligodendrocytes remain significant under both tests,
astrocytes under the mixed model (p = 0.009) and marginally under the permutation test



(Paqj = 0.052), whereas microglia do not (p = 0.51). The nucleus-level statistics had
overstated the microglial case, and we report the cell-type claims at donor level from here
on.

A second asymmetry cuts deeper. Because the control split is by nucleus, held-out
healthy nuclei share donors with the training set while every PD nucleus comes from an
unseen donor—out of distribution in two ways at once. We separated the two by retrain-
ing the model six times, each time excluding one control donor entirely and using it as the
healthy null. Discrimination falls from 0.623 to 0.577£0.029 (Figure 4): part of the origi-
nal figure was donor novelty rather than disease, though the separation does not disappear.
Effect sizes shrink with it and the ranking thins: oligodendrocytes remain the strongest
population (6 = 0.30 £ 0.13 across folds) and astrocytes stay positive though markedly
more variable (0.13 £ 0.13), whereas the endothelial effect—strong in discovery—does
not survive an unseen-donor null at all (0.00). This also explains the modest cross-cohort
AUC:s of the previous section: an unseen cohort is an unseen donor, amplified.

Table 4 collects the remaining checks; two deserve emphasis. Feature selection
had been run on the full object, PD nuclei included; recomputing the highly variable genes
on the training controls alone changes 11% of the gene set and leaves discrimination at
0.602. And the score does not predict which populations are lost: mean per-type deviation
is uncorrelated with the PD-to-control abundance ratio (p = 0.33, p = 0.30)—the honest
limit of the word vulnerability, and the reason we narrowed the paper’s claims.

Table 4. Robustness and sensitivity analyses. Each row states what the analysis
puts at risk and what came out; the first three address whether the effect is a
statement about donors rather than about nuclei.

Analysis

Question

Outcome

Donor-level exact permutation

Mixed model, donor random
intercept
Leave-one-control-donor-out

HVG recomputed on training
controls
Retraining under new seeds

Neighbourhood size k£ €
[10, 100]
2 x 2: latent x statistic

Partial correlation on library
size
Deviation vs. abundance ratio

all 462 label assignments over 11
donors

nucleus-level effect with donor
clustering

healthy null from an unseen
donor

feature-selection leakage

does re-initialisation change the
ordering?
stability of the cell-type ordering

attribution of the conditional-
model drop
technical confounding of the
grounding
does deviation predict cell loss?

p = 0.002; donor means fully sepa-
rated

B=044,p=46x10"*

AUC = 0.577 £ 0.029 vs. 0.623
88.8% gene overlap; AUC = 0.602
rank p > 0.84; AUC 0.623-0.623
rank p > 0.94; AUC 0.596-0.641
statistic

conditioning  +0.045,

+0.039 AUC
astrocytes p 0.32—0.30

p=0.33,p=0.30(ns.)

5. Discussion

Our results support the central claim that vulnerability in PD can be expressed as a con-
tinuous, per-cell deviation from a healthy norm, learned without disease labels—while
delimiting what such a deviation delivers. On the positive side it is spatially structured
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Figure 4. Donor-level inference. Left: per-donor deviation (blue control, red PD).
Centre: donor means with the exact permutation test over all 462 assignments.
Right: leave-one-control-donor-out; the dashed line is the published same-donor
result.

across cell types, concentrating unsupervised in glia and the vasculature and so recovering
the glial activation that the original analysis of this cohort [Smaji¢ et al. 2022] obtained
by supervised clustering. Referencing each cell to a healthy null of its own type also
sidesteps dependence on rare DA-neuron recovery. Most importantly, the high-deviation
glia are not a statistical artefact: they carry the reactive astrocyte and DAM programs that
supervised studies define with curated markers [Liddelow et al. 2017, Habib et al. 2020,
Keren-Shaul et al. 2017], gene by gene and after adjusting for library size—and the ef-
fect is a statement about donors, not merely nuclei, surviving both an exact donor-level
permutation test and an unseen-donor null.

Four findings keep the claims honest. First, no label-free method—ours or stan-
dard novelty detectors—is a strong global classifier (AUC < (.62 vs. 0.82 supervised),
so the per-cell-type effect sizes, not the pooled AUC, are the substantive result. Sec-
ond, conditioning on age reduces global separation, exposing that part of the naive signal
tracks the age gap between groups. Third, transfer is uneven, and the honest reading splits
by population: oligodendrocytes carry the largest and most robust within-cohort effect—
they alone survive both donor-level tests and the unseen-donor null—whereas astrocytes,
weaker in discovery, are the only population reproducing in an external cohort, and not
in the second one, whose own subtyping nonetheless reports reactive astrocytosis (Sec-
tion 4.6). Neither is yet a cohort-invariant biomarker, and a batch-naive frozen model
should not be expected to give one. Fourth, vulnerability must be read in the restricted
sense we test: mean per-type deviation does not predict which populations are depleted
in PD (p = 0.33, p = 0.30). The score measures how far a transcriptome sits from
the healthy norm, which is not the same as measuring which cells die; these data cannot
bridge that gap, and we make no claim that they do.

6. Conclusion

We introduced a normative variational autoencoder of the healthy human midbrain that
gives each nucleus a calibrated, continuous deviation score without disease supervision.
The deviation concentrates in the glial and vascular microenvironment, carries known
reactive-astrocyte and DAM programs down to individual genes, and holds at donor level
and under an unseen-donor null. It reproduces in one independent cohort but not a second,
and does not predict which populations are lost—Ilimits we state rather than smooth over.



Deviation-from- normality yields a label-free, per-cell instrument whose generalisation is
an explicit, measurable property; making it platform-robust is the next step.
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