IMPERIAL

Multi-Subject Factor Regression
Biclustering for scRNA-seq Data

MASAMB 2026

Margarita Grushanina' Leonardo Bottolo? Verena Zuber"

Department of Epidemiology and Biostatistics, School of Public Health, Imperial College London
2pepartment of Genomic Medicine, University of Cambridge

7-8 September 2026, Cambridge, UK



Data & Motivation

Understanding structure in high-dimensional scRNA-seq data with
pseudo-repeated measurements across subjects
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What is single-cell multi-subject data?
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How do we find patterns of co-expressed genes in subsets of cells, I
while accounting for dependence between cells that belong to the same individual?
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Example: multi-subject scRNA-seq data

scRNA-seq data for p genes measured across three subjects, with ny, n2, n3 cells.

Subject 1 Subject 2

2 nT 1 2 n.lT T T
Genel (0 2 0 1 0 3 0 4 1
Gene2 (7 0 1 0 5 0 6 0 0
Gene3 [0 O 4 9 1 2 1 13 3

2 11 0 0 0 7 0 2 0
Genep

0 1 6] [3 O 1/ [8 O 2

Rows = genes, columns = cells, values = expression levels

Cells exhibit within-subject dependence, excess zeros, and overdispersion

Imperial College London Multi-Subject Factor Regression Biclustering for scRNA-seq Data 7-8 September 2026, Cambridge, UK



Problem set up

Aim

¢ Identify structured patterns and underlying biological mechanisms, i.e. find
groups of subjects whose cell characteristics show similar patterns

o We cluster subjects, not individual cells, each subject is represented by
measurements from multiple single cells

Problems

e Cells from the same individual are not independent

Thousands of features (e.g. genes) are measured per cell

Count data may exhibit excess zeros and overdispersion

Covariates (e.g. age, sex, disease status) may affect the measurements

Patterns may appear only in subsets of features and subjects
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Model

A negative binomial multi-subject factor regression biclustering
approach
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Biclustering intuition
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Sparse Bayesian factor models

Factor model

Y =AF +¢, e ~ N(0,07),
with Gaussian priors, for example,

M~ N0, 1), i ~N(0,1).

Sparse Bayesian factor model
Sparsity-inducing priors allow

Ah=0 = featurejisinactive in factor h,
fii=0 = observationiisinactive in factor h.

Sparsity in both A and F —> biclustering

Gao et al. (2016)
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Biclustering via Bayesian sparse factor model
Common factor structure

YS = A AS Fs + te
feature gsubject  cell-level
loadings 4ctivation factor scores

e Sparse feature loadings A: determine which molecular features load on
each common factor

e Subject activation A;: determines whether acommon factorh € 1,... His
active in subject s [Grabski et al. (2023)],

AS = diag(ash oo 7aSH)7 ash € {Oa 1}

e Cell-level factor scores F;: determine how strongly an active factor is
expressed in each cell. They are continuous and dense and do not determine
bicluster membership

Sparse features + subject activation — feature-subject biclusters
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Accounting for within-subject dependence

Cells from the same individual share genetic and environmental backgrounds
and tend to be more correlated with each other than cells from different
individuals [Zimmerman et al. (2021)]. We borrow the idea from multi-study
factor analysis [De Vito et al. (2019); De Vito et al. (2021)]:

Ys == AASFS + TST]S +---
—— ——
partially shared subject-specific

biclustering structure  latent structure

e Y contains subject-specific factor loadings, accounting for effects
specific to subject s.

e 15 contains the corresponding cell-level factor scores that reflect
dependence among cells from the same subject.

e The subject-specific component therefore acts as a latent random-effect
structure.

Partially shared factors identify biclusters, subject-specific factors
account for within-subject dependence.
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Accounting for observed covariates

Known biological and technical covariates may systematically affect molecular
measurements and should be accounted for explicitly [De Vito and
Avalos-Pacheco (2025)].

Ys = BX; + AAGF; +  Xsms
~—~ N——
observed partially shared subject-specific

covariate effects  biclustering structure  latent structure

e X contains observed covariates for cells from subject s, such as age, sex,
disease status, or technical variables.

¢ B contains the corresponding feature-specific regression coefficients.

e The regression component accounts for known sources of systematic
variation, while the latent factors capture the remaining structured variation.

Regression separates known covariate effects from the latent biclustering
and subject-specific structure.
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Modelling single-cell count data

Single-cell RNA-seq measurements are non-negative counts and often exhibit
substantial overdispersion relative to the Poisson distribution.

We therefore replace the Gaussian observation model with a negative binomial
likelihood:

exp(t
Viis | 1y, ¥jis ~ NB (rj’ Hifr%) ’

¢jis = ,Bijis + AjTAsfis + Uj—sr'rlis~

e rjis a gene-specific overdispersion parameter,

¢ the negative binomial model allows the variance to exceed the mean:
E(vi. | —)2
Var(yge | -) = By | ) + 20 21
J
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Inference

The negative binomial likelihood is not conjugate to the Gaussian latent factor
structure. Therefore:

e We introduce Pélya-Gamma augmentation of Polson et al. (2013) to obtain
a conditionally Gaussian representation of the negative binomial likelihood
[Klami (2015); Miao et al. (2020)]

¢ This leads to tractable coordinate ascent variational inference (CAVI)
updates for the regression coefficients, factor loadings, factor scores and
subject-activation indicators

¢ Gene-specific overdispersion parameters r; are updated using an additional
compound-Poisson / CRT augmentation [Zhou and Carin (2012); Miao
etal. (2020)]

¢ Identification of the common and subject-specific factors is performed in a
post-processing step
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Results

Simulation study
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Simulated data

Dataset

S = 6 subjects with ng = 200 cells per subject

p = 100 features

One continuous cell-level covariate and an intercept
Gene-specific overdispersion parameters r; € [5, 20]
Approximately 42 % zeroes in the data

Latent structure

e H = 4 partially shared common factors
e Hy = 2 subject-specific factors per subject
e Positive correlation between cells from the same subject

Common biclusters

e Factor 1: features 1-30, subjects 1-4

e Factor 2: features 26-55, subjects 3-6

e Factor 3: features 51-80, subjects 1,2, 5, 6
e Factor 4: features 71-100, subjects 2, 3, 5, 6
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Recovery of the bicluster structure

Simulated truth Estimated structure

Subjects Subjects

Features
Features

2 3 4 5

2 3 4 5

Factor 1: features 1-30; subjects 1,2,3,4
Factor 2: features 26-55; subjects 3,4,5,6
Factor 3: features 51-80; subjects 1,2,5,6

I Factor 1: features 1-30; subjects 1,2,3,4
Il Factor 4: features 71-100; subjects 2,3,5,6

Factor 2: features 26-55; subjects 3,4,5,6
Factor 3: features 51-80; sub{;eds 1,256

Il Factor 4: features 71-100; subjects 2,3,5,6
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Recovery of common factor loadings
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Recovery of covariate coefficients
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Recovery of the overdispersion parameter
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Conclusions
Multi-subject factor regression biclustering for scRNA-seq data

¢ Identifies sparse molecular feature patterns shared by subsets of subjects

e Accounts for within-subject cell dependence, observed covariates and
overdispersion in the data

e Separates partially shared structure from subject-specific variation
Next step: clinical interpretation

e Application to single-cell data from Parkinson’s disease

¢ Relate identified subject groups to clinical characteristics
A broader methodological question

e Few methods directly cluster subjects while accounting for within-subject
single-cell variability
e We would be very interested to hear about related approaches
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Thank you!

Questions, suggestions, or remarks:

m.grushanina@imperial.ac.uk
margarita.grushanina@gmail.com

More information:

margotgrush.github.io



References |

[4 De Vito, Roberta and Alejandra Avalos-Pacheco (2025). “Multi-Study Factor
Regression Model: An Application in Nutritional Epidemiology”. In: Statistics
in Medicine 44(10-12), e70108. DOl: https://doi.org/10.1002/sim.70108.

[4 De Vito, Roberta et al. (2019). “Multi-study factor analysis”. In: Biometrics
75(1), pp. 337-346. DOl: https://doi.org/10.1111/biom.12974.

@ De Vito, Roberta et al. (2021). “Bayesian multistudy factor analysis for
high-throughput biological data”. In: The Annals of Applied Statistics 15(4),
pp. 1723 -1741. DOI: 10.1214/21-A0AS1456.

[4 Grabski, Isabella N. et al. (2023). “Bayesian combinatorial MultiStudy factor
analysis”. In: The Annals of Applied Statistics 17(3), pp. 2212-2235. DOI:
10.1214/22-A0AS1715.

ﬁ Klami, Arto (2015). “Polya-gamma augmentations for factor models”. In:
Proceedings of the Sixth Asian Conference on Machine Learning. Ed. by

Dinh Phung and Hang Li. Vol. 39. Proceedings of Machine Learning Research,
pp. 112-128.

Imperial College London Multi-Subject Factor Regression Biclustering for scRNA-seq Data 7-8 September 2026, Cambridge, UK


https://doi.org/https://doi.org/10.1002/sim.70108
https://doi.org/https://doi.org/10.1111/biom.12974
https://doi.org/10.1214/21-AOAS1456
https://doi.org/10.1214/22-AOAS1715

References i
Miao, Yinsen et al. (2020). “Chapter 7 - Scalable Bayesian variable selection
regression models for count data”. In: Flexible Bayesian Regression
Modelling. Ed. by Yanan Fan et al. Academic Press, pp. 187-219. ISBN:
978-0-12-815862-3. DOI:
https://doi.org/10.1016/B978-0-12-815862-3.00015-9.

[4 Polson, Nicolas G., James G. Scott, and Jesse Windle (2013). “Bayesian
inference for logistic models using Polya-Gamma latent variables”. In: Journal
of the American Statistical Association 108(504), pp. 1339-1349.

(4 Zhou, Mingyuan and Lawrence Carin (2012). “Augment-and-Conquer
Negative Binomial Processes”. In: Advances in Neural Information Processing
Systems. Ed. by F. Pereira et al. Vol. 25. Curran Associates, Inc.

[4 Zimmerman, Kip, Mark Espeland, and Carl Langefeld (Feb. 2021). “A practical
solution to pseudoreplication bias in single-cell studies”. In: Nature
Communications 12. DOI: 10.1038/s41467-021-21038-1.

Imperial College London Multi-Subject Factor Regression Biclustering for scRNA-seq Data 7-8 September 2026, Cambridge, UK


https://doi.org/https://doi.org/10.1016/B978-0-12-815862-3.00015-9
https://doi.org/10.1038/s41467-021-21038-1

	References

