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Abstract

Background and Objectives: Tensor decomposition of single-cell data
identifies multicellular programs but needs pooled data, which consent and
data-protection rules often prohibit. We develop a federated estimator and
evaluate its approximation to the pooled analysis and the leakage of released
objects.

Methods: Sites centre their data on a federated global mean and send a
truncated SVD summary of the local program subspace; a coordinator takes
the top singular vectors of the stacked summaries. The merge is approximate,
with error set by the omitted local singular components. When sites pro-
file different cell types, donor Gram matrices are summed. A membership-
inference attack measures leakage. Seven public atlases were analysed.
Results: In a lupus cohort, federated recovery closely approximates the
pooled result (subspace correlation 0.967; AUC difference 0.000, 95% CI
[—0.004, +0.012]), also across multi-ancestry splits and the three original
COVID-19 collection sites (correlation 0.989). When no site observes all
cell types, donor Gram matrices recover the full program (correlation 1.000,
exact by construction). Membership-inference AUC is 0.906 for site-specific
subspaces, 0.609 for the merged global subspace and 1.000 for the donor
Gram. The program out-predicts the best single cell type in lung (AUC
0.959 vs 0.910) and liver and is comparable elsewhere.

Conclusions: Cell-type-incomplete sites can be federated where fixed-
feature federated PCA cannot. The stacked merge is not an additive
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aggregation, and the released program carries no formal privacy guarantee.
The predictive advantage of multicellularity is tissue-dependent. The code
and the public data are released.

Keywords: federated learning, tensor decomposition, single-cell
transcriptomics, membership inference, privacy, immune variation

1. Introduction

Population-scale single-cell RNA sequencing has made it possible to
study how the coordinated state of the immune system varies between indi-
viduals. An established framing represents a patient cohort as a third-order
tensor of donor x cell-type x gene pseudobulk expression and decomposes
it to recover multicellular programs: factors whose loadings span several
cell types and capture inter-individual axes of variation that no single cell
type expresses in isolation. Interpretable tensor decomposition (scITD) in-
troduced this view and used it to stratify lupus and COVID-19 patients [1];
related tensor methods model cell-cell communication across contexts [2]
and condition-resolved variation [3]. These methods are centralized: they
assume every cell is available in one place.

Such programs place each patient on continuous axes of immune state
and link coordinated transcriptional shifts to disease severity, treatment re-
sponse, and genetics. Their value grows with cohort size and diversity, so the
most informative analyses span many institutions and ancestries, the setting
hardest to centralize. Immune single-cell atlases are assembled across hos-
pitals, biobanks, and national cohorts [4], and consent and data-protection
constraints frequently preclude pooling patient-derived single-cell profiles [5].

Federated analysis (computing over data that remain at their source) is the



natural response [6], and federated methods now exist for single-cell batch
correction |7], cell-type classification under homomorphic encryption 8], and
quantitative-trait-locus mapping [9]. None recovers multicellular programs:
the tensor-decomposition task that scITD addresses centrally has no feder-
ated counterpart.

We address this gap (Fig. 1). The principal contributions and their lim-

itations are as follows:

1. Vertical-FL recovery of cross-panel multicellular programs: re-
covery of the full multicellular program when no site observes all cell
types, by coupling through the shared donor mode. In this vertical
federated setting (shared donors, partitioned cell-type panels), fixed-
feature federated PCA cannot be applied at all.

2. A confounding-robust federated estimator: sites share a low-
dimensional program subspace, and the coordinator merges the local
summaries by stacked SVD after federated global-mean centering, ap-
proximating the centralized decomposition with error set by the omit-
ted local singular components. The stacked calculation requires the
individual site summaries and is therefore not equivalent to standard
additive secure aggregation [10]. This merge instantiates distributed
PCA [11, 12]; our additions are the global-mean centering, which makes
it robust to site-label confounding (Table 1), and, with contribution 1,
the cross-panel donor coupling.

3. A membership-inference privacy evaluation [13] that quantifies
the leakage of each evaluated release object. These experiments de-

scribe performance under specified attacks and do not establish a gen-



eral privacy guarantee; formal differential privacy [14] is out of reach
at present single-cell cohort sizes (Section 5).

4. A cross-tissue map of when multicellular recovery matters
(§4.5): across seven cohorts the multicellular program out-predicts the
best single cell type only where cross-cell-type coordination is strong:
interstitial lung disease is the primary result, a smaller fibrosing-
cholangiopathy liver cohort corroborates it, and the program is at

parity elsewhere.

2. Related Work

Centralized multicellular decomposition. scITD [1] factorizes a
donor x cell-type x gene tensor by Tucker decomposition to recover multi-
cellular programs, MOFA [15] integrates modalities by matrix factorization,
and DIALOGUE [16] recovers programs by cross-cell-type association. All
operate on pooled data.

Federated single-cell analysis. Existing federated single-cell methods
target batch-effect correction [7], cell-type classification under homomorphic
encryption [8], and foundation-model pretraining [17].

Federated and private factorization. Distributed PCA over parti-
tioned data is well characterized |11, 12|, and the donor-mode SVD we fed-
erate is an instance. Differentially private low-rank factorization has been
studied for PCA and tensor decompositions [18, 19|, but meaningful private
subspace recovery needs n = O(d) samples [19], beyond current single-cell

atlases.
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Figure 1: Federated multicellular program estimation. (a) Complete-panel: sites transmit
rank-L local summaries, and a coordinator applies stacked SVD to approximate the rank-
K centralized program. (b) Incomplete-panel (vertical FL): sites holding different cell-type
panels for shared donors contribute donor Gram matrices, and secure computation of the
coupling supports a loadings-only release.

Federated genomics privacy. privateQTL [9] performs secure fed-
erated quantitative-trait-locus mapping via multiparty computation. The
re-identification risk is concrete: it has been demonstrated from aggregate

allele-frequency statistics [20] and, more recently, from single-cell count ma-

trices [21]. Our target is the unsupervised multicellular program.

3. Methods

3.1. Multicellular tensor and centralized decomposition

Let D, C, G and S denote the numbers of donors, cell types, genes and
sites. The final number of global components is K, and L > K denotes

the number of local singular components each site communicates. Let 7.4



denote the summed UMI count of gene g over all cells of type ¢ in donor d
(pseudobulk) [22]. We normalize each (donor, cell type) profile to log counts-
per-million, 74., = log(l + 109 Tdeg/ > g rdcgf)7 retain the G most variable

genes, and standardize each gene within each cell type across donors:

Tdeg — Heg 1 -
77109 = ) Meg = D.] Z Tdcg> (1)
Teg deD,

with o4 the corresponding standard deviation and D, the donors in which
type c¢ is observed (> 20 cells). For horizontally partitioned donors, the
counts, sums and sums of squares needed for p., and o., are aggregated
across sites, as is variable-gene selection. In the present implementation a
missing cell-type slab is set to zero after standardization, which corresponds
to mean imputation and is not treated as a masked value by ordinary SVD.

RPXCXG carries inter-

This centering removes cell-type baseline so 7 €
individual variation, the scITD convention [1]. The donor-mode unfolding
X € RP*XCG flattens the cell-type and gene axes [23, 24]. A rank-K decom-
position takes the top-K right singular vectors V € REGXE of the column-
centred X — Z; each column, reshaped to C' x G, is a multicellular program
whose per-cell-type loading norms indicate which cell types participate, and
the projected donor coordinates Z = (X — z)V place each donor on every

program. We use K = 10 and G = 1500 throughout; donors are retained if

at least four cell types are present.



3.2. Federated estimator

In the complete-panel setting, donors are partitioned across S sites over
the same C'G features; site s holds rows X and never transmits them. The
coordinator obtains the federated global mean & = % > s MsTs from the per-
site means Z,, each averaged over site s’s donors across all CG features.
Each site centres locally, computes a truncated SVD X, —z = UgX SVST, and

transmits only the scaled loadings M, = EgL) VS(L)T € RLxCG

, where the lo-
cal communication rank L is distinct from the final rank K. The coordinator
stacks M = [Mjy;...; Mg] and takes the top-K right singular vectors of M
as the global program basis Vjq; donor coordinates are computed locally by

projection. Here

MM =3, Vi st (2)

which in general differs from the centralized covariance X,/ X, with X, =

X —x. Writing X, . = X, — T,
HX;FXC - MTMH2 S 2;5'21 U%Jrl(Xs,c)? (3)

The two matrices coincide, MM = X/ X., only when every site retains
all nonzero local singular components. The stacked-SVD basis therefore
approximates the centralized subspace, with error controlled by the omitted
local spectra [11]. The merge also resolves the per-site rotation gauge, so no

explicit factor alignment is required (Algorithm 1).



Algorithm 1 Federated complete-panel multicellular decomposition
. Input: site unfoldings {X,}5_,, output rank K, local rank L > K

s=1
: each site sends (ns, Zs); coordinator sets & = % > < MsTs, broadcasts

: for each site s in parallel do

U, SV, < SVD(X, — 2); send M, = ST

1

2

3

4:

5: end for
6: coordinator: Viq <— top-K right vectors of [My;...; Mg|

7: each site computes donor coordinates Zs; = (Xg — T)Vieq locally
8: Output: program basis Vieq

3.8. Complezity and communication

Each site computes a rank-L truncated SVD at cost O(ns CG L) and
transmits L x C'G values per round independent of its cell count; the coordi-
nator’s merge is O(SLCG K). A raw expression matrix has approximately
cells x G entries, in addition to cell and donor metadata. The procedure
uses one communication round, and its result is approximate whenever local

components are truncated.

3.4. Cell-type-incomplete federation

When sites profile different cell-type panels, the (cell-typexgene) fea-
ture space differs per site and fixed-feature federated PCA does not apply.
This is a vertical federated setting (shared donors, partitioned features) [25].
We exploit the shared donor mode: with donors common across sites and
disjoint cell-type panels, each site contributes a donor-Gram block I'y =
(X5 — ) (Xs — Z5) " over its cell-type columns, where here Z is the mean
over all donors of site s’s columns (distinct from the complete-panel per-site
mean of Section 3.2). The coordinator sums I'= Y I's = (X —z2)(X —2) "

and eigendecomposes it to the left singular vectors U and donor coordinates



Algorithm 2 Incomplete-panel recovery (vertical FL, donor-mode coupling)

1: Input: shared donors; site cell-type panels {Cs} (disjoint, U;Cs = all

types)
2: for each site s in parallel do
3: Iy« (X — %4)(Xs — %) " over its columns Cy > D x D
4: end for
5: coordinator (HE/MPC): T+ Y . Ts; UX2UT < rank-K eigendecom-

position of I’
for each site s in parallel do
V, + (X, —Z,)TUY™! b orthonormal right singular vectors; only
loadings revealed
8: end for
9: coordinator concatenates {Vs} into the full C' x G program V
10: Output: full multicellular program V' (no site observed all C)

P

Z = U%, after which each site returns the loadings for its own cell types and
the coordinator concatenates them into the full C' x G program, spanning
cell types no single site observed. Because the sites partition the columns
over a shared donor set, Z, is the global column mean restricted to site s’s
columns, so the summed Gram equals the centralized Gram and recovery
is exact by construction. Recovering cross-panel programs carries a privacy
cost, since the donor Gram exposes donor-level structure and requires DP
or homomorphic encryption [26, 27]. It also presumes donors are matched
and consistently ordered across sites (a private-set-intersection step) under

harmonized cell-type annotations (Algorithm 2).

3.5. Privacy model and membership inference

Threat model. We assume honest-but-curious parties: all follow the
protocol but may inspect any message they receive. The only quantities

leaving a site are per-site means and the low-dimensional summaries Mg



(or Gram blocks I'y); raw cells and donor coordinates Z never leave a site.
The complete-panel coordinator must obtain the individual M, to build the
stacked matrix. Additive secure aggregation [10| reveals only ) M, and
(3=, Ms)T (>, M;) contains cross-site terms, so it does not implement the
stack. Algorithm 1 therefore has low communication but exposes site-level
summaries unless a separate MPC or homomorphic-encryption protocol per-
forms the stacked SVD. Additive secure aggregation does form ) T’y in
the incomplete-panel algorithm, though each I'y is donor-indexed, and that
protocol must further specify which parties learn U, ¥ and Vj.
Membership inference. Hiding the intermediate messages does not by
itself bound what the released program reveals about a donor. We quantify
this with a reconstruction-residual membership-inference attack |13, 28|. For
a released CG x K subspace V fit on a member set M, define a donor’s
projection residual p(z) = ||(z — z) — (x — Z)VV T ||z. The attacker already
holds the candidate donor vector z and tests whether it contributed to fitting
V. Donors in M tend to have smaller p than held-out non-members; the
membership score is —p, and the attack AUC over 30 balanced member /non-
member splits measures leakage (0.5 = none). We evaluate four release
objects: (i) per-donor coordinates Z; (ii) site-specific subspaces {V;}; (iii) the
merged global subspace Veq; and (iv) the incomplete-panel donor Gram T,
whose eigenvectors and eigenvalues reconstruct Z = UX. These objects carry
different information, so their attack AUCs are not measurements under one

threat model.
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3.6. Data and evaluation

We use seven public atlases. SLE: Perez et al. [29], 1.26 M PBMCs from
261 donors (162 SLE, 99 control), 11 cell types, Asian and European ancestry.
COVID-19: Stephenson et al. [30], PBMCs from 130 donors across three
UK centres (Newcastle, Cambridge, Sanger); we use the 117 donors with
initial-timepoint samples, 18 compartments, and a severity contrast over the
73 severity-graded donors (22 severe/critical/death vs. 51 asymptomatic/
mild/moderate). IBD: the IBDverse Crohn’s-disease gut atlas [31], 9 com-
partments, used for the cross-disease meta-analysis and the complementarity
map. ILD: the interstitial-lung-disease atlas of Natri et al. [32] (109 donors
and 33 cell types after the study-specific quality-control and inclusion fil-
ters, 63 ILD vs. 46 normal), the most strongly cross-cell-type-coordinated
cohort. Liver: the PSC/PBC fibrosing-cholangiopathy atlas of Andrews
et al. [33] (16 donors, 10 PSC/PBC vs. 6 normal, 27 cell types; caudate-
lobe scRNA). Kidney: the KPMP adult-kidney atlas of Lake et al. [34] (66
donors, 24 cell types; 18 chronic kidney disease and 17 acute kidney injury
vs. 31 normal; CZ CELLxGENE collection bcb61471). Cardiomyopathy:
the DCM/ACM heart atlas of Reichart et al. [35] (79 donors, 10 cell types;
61 cardiomyopathy vs. 18 normal; CZ CELLxGENE collection e75342a8).
All are processed identically (Eq. 1) [36]; cell types follow each study’s pub-
lished broad annotation, and the gut and lung atlases use their respective
tissues only.

Recovery is assessed by three metrics. (i) Subspace canonical correlation
between the centralized and federated program bases V,, V; € REGXK: the

mean of the cosines of the principal angles, i.e. the mean singular value

11



of Q/Q; for orthonormal bases @ (1.0 = identical subspace). (i) Pro-
gram face validity: for a joint loading Vj, € RY*C| the signed per-gene
loading is /g1, = c-! Zgzl Vicg- We then apply a Mann-Whitney test of
whether |{4;| is higher for a curated interferon-stimulated-gene (ISG) set
than for the remaining genes, reported as the corresponding AUC. (%ii) Phe-
notype separation: the ROC AUC of the disease program’s donor scores
against the clinical label (SLE case/control; COVID severe/critical /death vs.
asymptomatic/mild /moderate), with donor-bootstrap 95% confidence inter-
vals (300 resamples) on all AUCs, AAUC, and subspace correlations. We
additionally report a label-free five-fold cross-validation in which the disease
program is chosen on each training fold by ISG enrichment alone (never by
the label) and scored on the held-out fold (per-fold AUC, sign-resolved). The
component sign is determined from training data only, and preprocessing,
component selection, single-cell-type selection and hyperparameter selection

are all repeated within each training fold.

4. Results

4.1. Centralized recovery and biological validity

On the SLE atlas the decomposition yields a dominant multicellular pro-
gram: a single donor-mode factor whose C' x G loading spans all eleven cell
types, peaking on classical monocytes but with coherent positive loadings
across B, T, NK, and dendritic compartments, a genuinely multicellular sig-
nature of coordinated inter-individual variation. Its donor scores separate
SLE from control at AUC 0.958 (donor-bootstrap 95% CI [0.79, 0.98]; the ab-

solute value carries real uncertainty, whereas the federated-minus-centralized
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difference below is far more tightly constrained), and its per-gene loading £,
is strongly enriched for ISGs (enrichment AUC 0.998, p = 7.4 x 10~!3). This
monocyte peak is the established hallmark of the lupus type-I interferon

response, matching centralized scITD [1] and giving a ground-truth target.

4.2. Federated recovery closely approrimates the centralized analysis

The federated estimator closely approximates the centralized program
in every evaluated regime (Table 3, Fig. 2). Donor-bootstrap analysis gives
AAUC = 0.000 (95% CI [—0.004,+0.012]; the interval contains zero, so
no difference is detectable under this analysis and equivalence is unproven)
and subspace correlation 0.967 (CI [0.92,0.99]). Selecting the program with-
out labels (by ISG enrichment on training folds) and evaluating on held-out
donors gives AUC 0.960. Recovery also holds under partitions that stress
the estimator. A realistic multi-ancestry split places Asian-ancestry donors
(78% SLE) at one site and the rest (51% SLE) at another, the label skew real
consortia face, yet recovery is unchanged (AUC 0.958, correlation 0.981, ISG
enrichment 0.998). An adversarial processing-cohort split, one site 0% cases
and another 90%, is likewise recovered (AUC 0.956, correlation 0.980): be-
cause every site centres on the federated global mean, the merge is insensitive
to such site-label confounding.

On the COVID-19 atlas we federate multicellular-program recovery
across the cohort’s three original institutional collection sites with no simu-
lated partitions: Newcastle (61 donors), Cambridge (45), and the Wellcome
Sanger Institute (11). Federation recovers the centralized severity-program

subspace at correlation 0.989 (severity program cross-validated AUC 0.678
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Figure 2: Federated recovery across regimes. (a) Subspace correlation to the centralized
program (> 0.96, 1.000 for the exact incomplete-panel scheme). (b) Phenotype-separation
AUC, federated vs. centralized (COVID is the weaker severity program).

over the 73 severity-graded donors). The smallest site (n=11) contributes

a rank-deficient local subspace yet does not degrade the merge, since the

stacked SVD pools rank across sites.

4.8. Recovery from cell-type-incomplete sites

Partitioning the 11 SLE cell types into disjoint panels of < 3 types per
site, the donor-gram estimator recovers the full program (donor-score AUC
0.958, matching the centralized 0.958 and the best single site 0.954). The
subspace correlation of 1.000 is exact by construction under complete donor
alignment, consistent centering and complete numerical panels, and should
be read as an algebraic identity. Two baselines place it. Standard fixed-
feature federated PCA cannot run at all: with disjoint panels the cell types

common to every site are empty, so there is no shared feature space to
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align. Per-site PCA followed by fusion over the shared donors does run but
only approximately recovers the centralized program (subspace correlation
0.977, against 1.000 for the donor-gram coupling), because each site ranks
components within its own panel and loses a program that is weak per panel

but strong once cell types are combined.

4.4. Privacy: membership inference

Table 4 reports membership-inference AUC for the reconstruction-
residual attack over 30 splits (0.5 = no leakage). A coordinator given the
individual complete-panel site subspaces obtains AUC 0.906, whereas the
attack on the merged global subspace obtains 0.609: the global release
leaks less than the site-specific releases, though that does not establish low
membership risk in general. For the incomplete-panel scheme, revealing the
donor Gram gives attack AUC 1.000, since its eigendecomposition recovers
the donor coordinates exactly (correlation 1.000). A loadings-only release
gives 0.609 under the same attack, but producing it without revealing I', U
or Z needs a concrete MPC or homomorphic-encryption protocol.

Two further analyses sharpen the picture (Fig. 3). First, a complemen-
tary attribute-inference attack: training a classifier from donor scores on the
released program to predict a sensitive attribute, the program leaks self-
reported ancestry at AUC 0.81 and sex at 0.65. The interferon program
covaries with ancestry in this cohort and no secure-computation protocol re-
moves that, so consortia should treat both the messages and the released pro-
gram as attribute-revealing. Second, the site-specific-subspace membership

leakage grows as sites shrink: MIA-AUC rises from 0.61 at 130 donors/site
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Figure 3: Membership-inference AUC for site-specific subspaces increases as site size de-
creases (mean over 30 member/non-member splits). The dashed line is the attack AUC
for the merged global subspace (0.61).

to 0.98 at 20 donors/site, because small local subspaces overfit their mem-
bers. A secure stacked-SVD protocol hiding the individual site summaries

is therefore most valuable in the many-small-site federations that motivate

this work.

4.5. When multicellularity matters: a cross-tissue map

The contribution is faithful recovery; whether the recovered program
also out-predicts the best single cell type is a separate, tissue-dependent
question. We map it across the cohorts by nested donor-stratified five-fold
cross-validation (the predictive factor is selected on training donors only and
scored on held-out donors), benchmarking the multicellular program against
the best single-compartment classifier selected the same way, with donor-

bootstrap 95% confidence intervals on the gap.
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Multicellularity wins where cross-cell-type coordination is the biology.
On the interstitial-lung-disease atlas [32] the multicellular program attains
cross-validated AUC 0.959 against 0.910 for the best single compartment, a
gap of +0.049 whose 95% CI [4+0.006, +0.101] excludes zero and that is pos-
itive in all 10 cross-validation seeds; the winning factor spans =~ 24 effective
cell types, an alveolar-epithelial, macrophage and endothelial fibrotic axis
that no single compartment carries. The federated estimator recovers this
program faithfully (subspace correlation 0.981 to centralized, AUC 0.969),
so the predictive advantage survives federation.

A second fibrotic tissue corroborates this pattern. On the fibrosing-
cholangiopathy liver atlas [33] the multicellular program attains nested
donor-stratified cross-validated AUC 0.975 (10-seed mean), with a positive
multi-minus-single gap in all 10 seeds; a leave-one-donor-out reanalysis gives
AUC 1.000, and a 200-permutation label-shuffle gives empirical p = 0.005
(the matched five-fold permutation gives p = 0.010), showing performance
above that obtained with shuffled labels under the implemented pipeline.
The leading factor spans ~ 23 effective cell types, an immune-stromal
fibrotic niche consistent with the lung result. We read this as corroboration
short of a co-equal anchor: the cohort is small (16 donors, only 6 controls),
the single-cell-type baseline is unstable at this n (0.56 & 0.20 over seeds), so
we lead on the multicellular separation and the permutation p in preference
to the raw gap, and no independent open replication was obtainable. A
near-perfect AUC at n = 16 cannot exclude a confounder perfectly corre-
lated with PSC-vs-normal, since the permutation test addresses overfitting

and leaves confounding open, though the broad program and the separation
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holding for pure PSC-vs-normal (8 vs 6 donors, leave-one-donor-out AUC
1.000) argue against a narrow technical artifact.

Elsewhere, where one compartment dominates, the program is at parity.
The gap to the best single cell type is +0.013 in SLE blood (multicellular
0.958 vs. classical monocyte 0.945), —0.064 in COVID severity (a single
monocyte compartment is better), 4+0.008 in Crohn’s gut, 40.024 in kidney
injury (CI includes zero), and —0.015 in cardiomyopathy (cardiac fibroblast
alone is better). Of seven cohorts spanning blood, gut, kidney, heart, lung
and liver, the multicellular program exceeds the best single compartment

only in the two fibrotic, strongly coordinated tissues.

4.6. Robustness and communication cost

The federated recovery is insensitive to the two main hyperparameters
(Table 2). Across rank K € {2,...,20} the disease-program AUC stays
0.955-0.958 and ISG enrichment > 0.997; the subspace correlation fluctuates
with K because lower-variance components are less stably ordered. Across
site counts S € {2,...,32} (down to eight donors per site), the federated
AUC remains 0.957-0.958 and subspace correlation > 0.96, so the stacked-
SVD merge tolerates many small, rank-deficient sites. All reported experi-
ments set the local communication rank equal to the final rank, L = K = 10.
Each site transmits L C'G values per round (165,000 for SLE, 270,000 for
COVID, 135,000 for IBD at L=10). The SLE atlas holds 1.26 M cells over
G=1500 genes, about 1.9 x 10? raw expression values in total and 4.7 x 103
per site at S=4, three orders of magnitude above the transmitted summary.

The numerical SVD runtime is low in the evaluated implementation (Fig. 4):
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Figure 4: Scalability of the numerical SVD calculations: (a) measured runtime as donor
count increases and (b) as site count increases. These values exclude preprocessing, net-
work transfer and cryptographic computation.
on the SLE atlas the per-site SVDs plus merge complete in 0.10 s versus 0.16 s
for the centralized SVD, growing linearly in donors (0.025s at n=50 to 0.095 s
at n=261) and sub-linearly in sites (0.10-0.21s for S = 2 to 32). Global-
mean centering keeps the merge robust to site-label confounding, the realistic
failure mode of cross-institution federation. Sweeping the case-fraction skew
between two sites from balance to extreme (10 seeds; Table 1), it holds the
program at AUC between 0.957 and 0.958 throughout, whereas naive per-site
centering degrades monotonically from 0.957 at balance to 0.861 when one
site is 90% cases. The merged subspace stays similar either way (canonical
correlation > 0.98); naive centering corrupts the disease program’s donor
scores, which each site shifts by a label-correlated mean.

Finally, the donor-mode unfolded PCA matters: replacing it with a trilin-
ear CP-ALS of the same rank collapses recovery to SLE-AUC 0.534 (best-of-
K 0.592) versus 0.958 for the SVD, because CP forces a single rank-one gene
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Table 1: Confounding robustness (SLE, 2 sites; each entry is the mean over 10 seeds):
federated phenotype-AUC vs. case-fraction skew between sites, under federated global-
mean vs. naive per-site centering.

site-0 case fraction 0.5 0.6 0.7 0.8 0.9 0.97

global-mean (ours) 0.958 0.957 0.957 0.957 0.957 0.957
naive per-site 0.957 0.956 0.949 0.929 0.861 0.861

Table 2: Ablations (SLE). Centralized AUC = 0.958. The two sweeps draw independent
random donor partitions, so a configuration appearing in both panels (e.g. K=10 with 4
sites) need not give identical values.

rank K (4 sites) sites S (K=10)
K subcorr fed AUC ISG subcorr fed AUC

S

2 0.989 0.955 0.997 | 2 0.979 0.958
4
8

5 0.935 0.956 0.998 0.963 0.957
8 0.979 0.958 0.998 0.970 0.957
10 0.967 0.958 0.999 | 16  0.989 0.957
20 0.968 0.958 0.998 | 32 1.000 0.958

pattern shared across cell types and underfits the donor axis. Letting each
program carry a full C' x G loading is essential. With one unrestricted joint
cell-type-by-gene loading per component, the fitted model is donor-mode
unfolded PCA rather than a Tucker decomposition with separate donor,
cell-type and gene factors and a core tensor; the contribution here is the
federated estimation procedure. The per-gene loading used for enrichment

and cross-disease comparisons is the cell-type average £y

4.7. Cross-disease federated meta-analysis

The framework can also identify programs shared across diseases held
at different institutions. Treating the three atlases as three disease-sites, we
harmonize them to four immune compartments (B, T, monocyte, plasma;

present in all annotations) and 800 top-variable genes from the 22,644
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Shared IFN program (ISG enrich. 0.95)
1.0

lupus CoVvID IBD

I shared-program disease AUC
I corr. to disease-own program

Figure 5: Cross-disease federated meta-analysis. A shared interferon-type multicellular
program (ISG enrichment 0.95), recovered federated across lupus, COVID and IBD as
three disease-sites, associates with disease (blue) and aligns with each disease’s own pro-
gram (purple).

shared by all three, and federate (donors are fully disjoint across dis-
eases). The merge recovers a single shared multicellular program, strongly
interferon-typed (ISG enrichment AUC 0.948), that associates with dis-
ease in lupus (AUC 0.842) and Crohn’s inflammation (AUC 0.796), more
weakly in COVID severity (AUC 0.576), and whose per-gene loading /g
aligns with each disease’s own program (correlation 0.59/0.86/0.78 for
lupus/COVID/IBD; Fig. 5). A shared interferon-type immune axis is thus
recoverable across the three disease cohorts without pooling cells. We report
this as a feasibility demonstration. The weak COVID association indicates

the shared axis captures interferon biology common to the three and carries

little COVID-specific severity signal.
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Table 3: Federated vs. centralized recovery (SLE case/control AUC; COVID severity
program). Centralized SLE-AUC = 0.958. The COVID figure is the in-sample best-
program AUC; its cross-validated severity AUC is 0.678.

Partition Sites Fed. AUC Subspace corr. ISG enr.
SLE, IID 4 0.958 0.967 0.999
SLE, IID 8 0.957 0.974 0.998
SLE, multi-ancestry 2 0.958 0.981 0.998
SLE, processing cohort 4 0.956 0.980 0.998
COVID, real sites 3 0.700 0.989 n/a

Table 4: Membership-inference attack AUC by release object (0.5 = no leakage;
reconstruction-residual attack; mean over 30 member/non-member splits, SLE).

Released object MIA-AUC (95% CI)
Complete-panel: site-specific subspaces 0.906 [0.84, 0.96]
Complete-panel: merged global subspace 0.609 [0.55, 0.68]
Incomplete-panel: loadings only (I" in HE/MPC) 0.609
Incomplete-panel: donor Gram revealed 1.000
(reference) per-donor coordinates Z 1.000

5. Discussion

Local rank truncation prevents a general equality claim, and standard
additive secure aggregation does not implement the stacked-SVD merge.

Practical implications. Multicellular-program analyses such as scI'TD can
now run across multi-institution and multi-ancestry cohorts without moving
cells: a consortium agrees a gene panel and rank, exchanges site-level pro-
gram summaries, and obtains a close approximation of the pooled result.

Three limitations bound the contribution. First, the predictive value of
multicellularity is tissue-dependent. On compartment-dominated blood, gut,
kidney and heart cohorts the dominant disease program is also legible from

a single cell type, so there the contribution is faithful federated recovery and

22



the incomplete-panel capability, with no added prediction. Where cross-cell-
type coordination is strong, multicellularity does add predictive power (inter-
stitial lung disease, §4.5); whether that regime is common across diseases re-
mains open, demonstrated here in two fibrotic tissues, of which only the lung
cohort (n = 109) is well powered. Second, formal differential privacy is out
of reach at current cohort sizes. Donor-level DP [14] on the released program
requires n = 5(d) samples in the ambient program dimension [18, 19, 37],
whereas single-cell atlases have n ~ 102, and on these cohorts the noisy
power method fails to recover the program at any meaningful budget. For-
mal DP, accounted under zero-concentrated DP composition [38], becomes
realistic only at consortium scale (n > 10%). Third, the incomplete-panel
capability requires stronger cryptography: revealing the donor Gram exposes
donor coordinates (MIA-AUC 1.000). No secure stacked-SVD protocol and
no end-to-end cryptographic systems experiment are implemented, so the
reported complete-panel communication of L x C'G values per site assumes
summaries are transmitted directly and excludes the cost of MPC or homo-
morphic encryption.

Future work. Two settings are natural: (i) multi-omic coupling, where
paired modalities (RNA and chromatin accessibility, or surface protein) cou-
ple through shared regulatory structure, so the vertical-FL form of our
incomplete-panel scheme applies directly; and (ii) spatial niches, where a co-
ordinated multi-cell-type signature is the object of interest by construction.
Methodologically, a differentially private or homomorphic-encryption back-
end for the donor-Gram coupling [39] and confounding-robust aggregation

for severe site-label skew are the main open directions. The multicellular-
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tensor view is complementary to MOFA [15] and cell-cell communication

tensors [2].

6. Conclusion

On a systemic lupus erythematosus atlas the federated estimator recov-
ers the canonical interferon multicellular program and closely approximates
the centralized decomposition, with the residual difference set by the local
components each site omits. The approximation holds across institution-
scale and multi-ancestry partitions and the three original collection sites of a
COVID-19 atlas. When no site observes all cell types, donor-mode coupling
still recovers the full program (subspace correlation 1.000, exact given aligned
donors and consistent centering), which fixed-feature federated PCA cannot.
Membership inference gives attack AUC 0.906 for site-specific subspaces and
0.609 for the merged global subspace, whose release on its own requires a
secure stacked-SVD protocol, since the merge is not an additive aggregation.
Where the biology is intrinsically multicellular (interstitial lung disease, cor-
roborated in a fibrosing-cholangiopathy liver cohort) the recovered program
also out-predicts the best single cell type; elsewhere it stays at parity while
still being recovered faithfully. A cryptographic protocol matched to the
stacked-SVD merge, and formal privacy for the released program, are the

open steps toward multi-cohort single-cell immunology.
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