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Abstract
Motivated by the analysis of complex single-cell gene expression data we propose a Bayesian class of 
generalized factor models for high dimensional count data. The developed methodology allows us to 
incorporate external knowledge, such as biological pathways, into the model’s prior distribution. This 
approach promotes sparsity in the factor loadings facilitating their interpretation and that of the 
corresponding latent factors. We demonstrate the effectiveness of our model on single-cell RNA 
sequencing data obtained from cord blood mononuclear cells, revealing promising insights into the role of 
pathways in characterizing gene relationships and extracting valuable information about unobserved cell traits.
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1 Introduction
1.1 Single-cell RNA sequencing data
Single-cell RNA sequencing (scRNA-Seq) has become a widely used tool to characterize gene ex
pression of thousands of cells at transcriptome-wide resolution. By sequencing RNA molecules 
from individual cells, scRNA-Seq provides a count-based measure of relative gene expression. 
Compared to previous ‘bulk’ technologies, single-cell sequencing unlocks the possibility to analyse 
rare cell types, to discover new cell types, and to study the heterogeneity of gene expression in cell 
populations of interest (Wagner et al., 2016). This is important in various fields, including cancer 
research, in which studying tumour samples at single-cell resolution allows for the discovery of cell 
sub-populations that potentially respond differently to treatment (Xue et al., 2020), and immun
ology, in which scRNA-Seq can be used to identify and characterize distinct immune cell types and 
to reconstruct developmental trajectories that reveal cell fate decisions of distinct cell subpopula
tions (Papalexi & Satija, 2018).

For each cell, scRNA-Seq data consist of counts that represent the expression of each gene in 
that cell. In a typical experiment, in addition to the cells by genes expression matrix, several sup
porting variables are collected for each of the analysed cells and for each of the measured genes; we 
name ‘covariates’ the former and ‘meta-covariates’ the latter.

We denote the matrix of gene expression as y; such matrix, of dimension n × p, contains the 
counts for p genes measured on n cells. The matrix containing the covariates, x, is a n × d matrix 
where d indicates the number of covariates for each cell. The covariates are cell-specific features, 
typically containing quality control information, such as the number of mapped or aligned reads 
and the total counts, as well as phenotypic information, such as the tissue or donor. The matrix 
containing the meta-covariates is indicated with w; it has dimensions p × q and contains the q 
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meta-covariates for each gene, which are gene-specific features containing technical, e.g. gene 
length or GC content, and biological, e.g. pathway membership, information.

Gene expression data at single-cell resolution are highly informative, allowing researchers to 
characterize the cells at the finest level, and their application to cancer research, immunology, 
and developmental biology have already led to novel insights. However, scRNA-Seq data are chal
lenging: they are high-dimensional count data, characterized by high variance and abundance of 
zeros. Hence, exploratory models are needed to facilitate summary, visualization and clustering of 
cells, to identify novel biological hypotheses to be tested with targeted experiments.

1.2 High dimensional count data challenges
A default strategy for modelling RNA-seq count data consists in using standard parametric distri
butions such as the Poisson (Marioni et al., 2008) or the negative binomial (Anders & Huber, 
2010; Robinson & Smyth, 2008). Even if simple in terms of computation and interpretation, 
such standard models have some limitations. For instance, even the negative binomial may be un
able to capture the zero inflation and multimodality of gene-wise distributions often observed in 
scRNA-Seq (Jiang et al., 2022).

A different, unfortunately still common, approach forgets the count nature of the data and treats 
them as continuous. A common practice, often used also in different applications in which count 
data are observed, consists of log- or square-root-transforming the observed counts, subsequently 
applying methods designed for continuous or Gaussian data. However, transformations to 
Gaussianity are ineffective for small counts (Warton, 2018), while log-transformations introduce 
difficulties in the presence of zeros (O’Hara & Kotze, 2010). This practice has been strongly 
criticized in our motivating context of scRNA-Seq data (e.g. Townes et al., 2019). More broadly, 
these approaches are not well-defined for count data: the data-generating process for a 
continuously-transformed Gaussian model cannot produce counts, which immediately amplifies 
model misspecification, limits interpretability, and undermines the reliability of inference and pre
dictive distributions.

To address these challenges, we introduce a flexible Bayesian framework specifically tailored for 
complex count-valued data. The proposed approach relies on a continuous latent-variable 
representation, a strategy widely adopted in the Bayesian literature via data augmentation 
(Albert & Chib, 1993; Tanner & Wong, 1987). For count responses, related formulations have 
been developed by Canale and Dunson (2011) and Kowal and Canale (2020). By adopting this 
specification, we are able to effectively capture the various characteristics associated with high- 
dimensional count probability mass functions. In addition, to account for the intricate dependence 
structures present in the multivariate count vector, we follow the common practice that leverages 
factorization models. This approach allows us to express the high-dimensional covariance matrix 
as a combination of a limited number of rank-one matrices. Recently, Schiavon et al. (2022) intro
duced a general class of infinite factorization models capable of handling continuous, binary, and 
count data. Notably, this class of models promotes sparsity in the matrix of factor loadings by ef
fectively incorporating information from covariate and meta-covariate vectors.

In the next section, we provide a detailed description of our proposed approach, which we refer 
to as cosin (COunt data Structured INfinite factorization). To assess the validity and generality of 
our approach, as well as to compare its performance against state-of-the-art scRNA-Seq methods, 
we present a comprehensive simulation experiment in Section 3. In Section 4, we apply this model 
to a dataset that characterizes the mononuclear cells of the cord blood. An additional application 
involving lung adenocarcinoma scRNA-Seq data is reported in the online supplementary material. 
Finally, in Section 5, we provide a thorough discussion of the proposed approach, its generaliza
tion and extensions, and its possible applications beyond scRNA-Seq studies.

2 Model and prior specification
For each cell i = 1, . . . , n, scRNA-Seq data can be treated as a p-dimensional vector of integer val
ued random variables yi ∈ Np where N is the set of natural numbers. Along with the n × p data 
matrix y, additional external information for each cell and each gene are also available. 
Without losing generality, let xi be the d-dimensional vector (1, xi1, . . . , xid−1), with first term 
equal to 1 and d − 1 available cell-specific covariates. Let also wj for j = 1, . . . , p be the 
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q-dimensional vector of gene-specific meta-covariates with w⊤
j = (w⊤

Tj, w⊤
Bj) where wTj is the qT di

mensional subvector of technical meta-covariates with first element equal to 1, and wBj is the qB 

dimensional subvector of biological meta-covariates such that q = qT + qB.

2.1 Model specification
Following Kowal and Canale (2020) we introduce a continuous-valued latent matrix z related to 
the observed count-valued matrix y via a simultaneous transformation and rounding operator 
S: R→ N with S(·) =H(G(·)). Specifically, the rounding operator is such that H(t) = ℓ if t ∈ Aℓ
and {Aℓ}

∞
ℓ=0 is a known partition of R. Here, we adopt the floor function defined by 

Aℓ = [ℓ, ℓ + 1). As discussed in Kowal and Canale (2020), rounding alone is suboptimal, particu
larly when the original data are counts. We specify the transformation operator G as the exponen
tial transformation. Thus, the single entry yij of y is linked to a latent zij via the operator S and 
specifically yij = ℓ if exp {zij} ∈ [ℓ, ℓ + 1). While alternative link functions, including a non
parametric link as described by Kowal and Canale (2020), can be used, the proposed solution 
is the most straightforward choice, as it serves as the natural link for a Poisson GLM and aligns 
with common practice in the field while maintaining computational efficiency.

The latent variables zij are modelled via

zij = xT
i βj + ϵij, (1) 

where xT
i βj is the conditional expectation of zij, with βj a d-dimensional vectors of coefficients, and 

ϵij is a zero-mean Gaussian error term. Note that we are assuming a linear relation between the 
mean of the latent variables and the set of cell-specific covariates xi and that this relation is chan
ging with j, i.e. we assume that the same set of covariates may impact differently the different col
umns of the matrix z. Since xi1 = 1 for any i, as specified above, β j1 serves as the gene-specific 
intercept for gene j. Although we do not explicitly include a cell-specific intercept in our model, 
one could account for differences in total counts by standardizing the data per cell, as commonly 
done in the literature. Alternatively, the total count per cell can be included as an additional co
variate, which is the approach preferred in this work.

The Gaussian error term captures all the residual variability not modelled by the linear predictor 
in (1). Consistently with this, we exploit a factor analytic representation that allows us to express ϵi 

as the linear combinations of latent k-dimensional factors ηi. More formally, we let

ϵij =
􏽘k

h=1

λ jhηih + εij, (2) 

where λ jh is an element of the p × k factor loadings matrix Λ and ηih is an element of the hth latent 
factor η·h, with h = 1, . . . , k. The vectors εi represent the remaining noise and are iid according to a 
p-variate Gaussian distribution N(0, Σ), with diagonal covariance matrix Σ. In matrix notation, 
the error matrix ϵ is equal to a sum of n × p rank-one matrices identified by the vector product 
η·hλ⊤

·h. We refer to such matrices as rank-one additive contributions Ch. Notably, if the number 
k of these contributions is k ≤ p, the factor representation leads to a parsimonious model.

2.2 Prior specification
Following a Bayesian approach we elicit suitable prior distributions for the model parameters. The 
conditional expectation of zij is modelled through a linear combination of a vector of cell-specific 
covariates xi weighted by a regression parameter vector βj, which differs over the genes 
j = 1, . . . , p. The availability of gene-specific prior information wj allows one to model the regres
sion parameters accordingly. Indeed, one may expect that the expression of a gene j in a certain cell 
i depends on the cell traits xi, but with such relation varying according to the gene characteristics 
wj. It is well known, for example, that the gene length and its sequence composition (e.g. the pro
portion of guanine and cytosine nucleotides, known as GC content) influence gene expression 
quantification, potentially in sample-specific ways (Love et al., 2016; Risso et al., 2011). Hence, 
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we specify βj ∼ Nd(ΓTwTj, σ2
βId) where ΓT is a d × qT coefficient matrix that model how the tech

nical characteristics wT of the genes impact the cell quality control parameter. By leveraging the 
scale-location property of the Gaussian family, we can express βj = ΓTwTj + νj, where 
νj ∼ Nd(0, σ2

βId). This formulation allows one to represent zij by explicitly highlighting the direct 
additive contribution of the technical meta-covariates wTj. In multivariate regression, such hier
archical structure on the mean process is common when additional information on the column en
tities is available. For instance, one may expect that the impact of the number of mapped reads on 
the expression of gene j varies according to the gene’s technical traits. We set the prior of ΓT entries 
as independent standard Gaussian random variables.

Inspired by such a structure on the mean, we exploit the structured increasing shrinkage prior 
introduced by Schiavon et al. (2022) to induce a gene-specific effect also on the loadings Λ, which 
model the impact of the latent cell traits η·h(h = 1, . . . , k). Consistently, the variance of each load
ing element is decomposed through the product of a factor-specific scale θh and a local scale ϕ jh 
leading to the following hierarchical prior

λ jh ∼ N(0, θhϕ jh), θh = ϑhρh,

ϑ−1
h ∼ Ga(aθ, bθ), ρh ∼ Ber(1 − πh),

(3) 

where Ga(aθ, bθ) indicates a gamma distribution with mean aθ/bθ and variance aθ/b2
θ and 

Ber(1 − πh) is a Bernoulli distribution with mean 1 − πh.
In such construction, πh is the probability of factor h being shrunk to zero and is defined accord

ing to the stick-breaking construction

πh =
􏽘h

l=1

ul, ul = vl

􏽙l−1

m=1

(1 − vm), vm ∼ Be(1, α), 

where Be(a, b) indicates the beta distribution with mean a/(a + b). Under this cumulative con
struction, πh+1 > πh for any h > 0 and limh→∞ πh = 1 almost surely. The probability of being 
shrunk is increasing over the index h allowing for an infinite factorization model (Bhattacharya & 
Dunson, 2011) when k is set equal to +∞, which can be approximated by a truncated version of 
the same model. Legramanti et al. (2020), which firstly introduced the cumulative stick-breaking 
construction to define a class of infinite factor models, note that the prior expected number of non 
shrunk columns of Λ is E(

􏽐∞
h=1 ρh) = α, suggesting setting α equal to the expected number of active 

latent factors.
The scale ϕ jh has a Bernoulli prior distribution and regulates the local shrinkage of the loadings. 

We model this local behaviour assuming

E(ϕ jh) = cplogit−1(w⊤
BjγhB), γhB ∼ N(0, σ2

γ Iq), 

where logit−1(x) = ex/(1 + ex), cp ∈ (0, 1) is a possible offset, and γhB is the hth column vector of a 
qB × k matrix ΓB with independent standard Gaussian prior. The vector wBj represents the realiza
tion of qB available gene-specific meta-covariates that we think could influence the effect λjh(h = 
1, . . . , k) of the latent unobserved covariates ηh, correspondingly to their role in the specification 
of the covariate effects β. Coefficients of the unobserved covariates are shrunk jointly in similar 
genes, i.e. with similar meta-covariates. In particular, we consider as meta-covariates the binary 
vector wBj that indicates the biological pathways including gene j. We use pathways meta- 
covariates here, as we expect the factor loadings to be influenced by the biological processes 
that genes contribute to. In other words, we expect that genes that interact in a given biological 
process act in a coordinated way in defining the factors inferred by our model. We use pathway 
membership as a proxy for biological process, as usually done in bioinformatics (Khatri et al., 
2012). In contrast to most recent literature on structured factorization (Heaps & Jermyn, 
2024), we link the meta-covariates to the variance of the latent elements rather than their means. 
This approach has the advantage of accommodating also negative correlations among genes that 
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interact within the same biological process. When considering pathway membership as meta- 
covariates, we account for the possible correlation among the expression of genes in the same path
way. However, the prior does not inform about the sign of this correlation, allowing some genes to 
be up-/down-regulated in response to the variation of other genes in the same pathway.

2.3 Posterior computation and point estimation
Posterior approximation is obtained through Markov chain Monte Carlo (MCMC) sampling. 
While MCMC provides full Bayesian inference, its main drawback is computational burden. As 
shown in Schiavon et al. (2024), when the number of meta covariates and factors k is small 
relative to n and p, the computational complexity of a single Gibbs iteration for the structured 
increasing shrinkage prior is O(np(p2 + n2)). Faster alternatives exist for point-wise estimation: 
probabilistic matrix factorization (Mnih & Salakhutdinov, 2007) has complexity O(np(n + p)) 
per iteration, and the stagewise algorithm of Schiavon et al. (2024) achieves O(np), but neither 
yields full Bayesian uncertainty quantification. Mean-field variational approximation is 
another option given the availability of full conditionals, though it may struggle with 
multimodality, which is common in factor models. Given these limitations, we have chosen 
to retain MCMC, as it provides a well-balanced compromise between computational efficiency 
and accuracy.

Although our approach formally assumes an infinite number of latent factors, in practice we ap
proximate the model by retaining only the set of active (i.e. non-negligible) factors. Following 
common practice in infinite factor models (Bhattacharya & Dunson, 2011; Legramanti et al., 
2020; Schiavon et al., 2022), we use an adaptive Gibbs algorithm to infer the number of active 
factors while drawing from the posterior distribution. To ensure convergence of the Markov 
chain, as stated in Theorem 5 of Roberts and Rosenthal (2007), the value of the number of factors 
is adapted at certain iterations with exponentially decreasing probability.

At the adaptive iterations, active factors are identified as those characterized by non zero load
ings column (i.e. ρh = 1) and the redundant factors are discarded. If no redundant factors are iden
tified, a new factor is activated, allowing the estimated number of active factors to grow without 
bound as needed. Given the number of factors k at a certain iteration, model parameters are drawn 
from the corresponding posterior full conditional distributions. Details are reported in Appendix 
A of the online supplementary material.

In Bayesian analysis, point-wise estimates are usually obtained by approximating the parame
ters’ posterior expectations via Monte Carlo averages over the samples drawn during the 
MCMC. However, it is well-known in the Bayesian factor model literature that the sample average 
cannot informatively summarize the posterior distribution of Λ and η, due to their nonidentifiabil
ity. In fact, both Λ and η are only identifiable up to an arbitrary rotation P with PP⊤ = Ik, causing 
sampling of such parameters from possibly different rotational alignments in different Gibbs iter
ations. Given the sign symmetry of possible rotations, Monte Carlo averages would result in 
poorly meaningful point-wise estimates around zero. On the other hand, the nonidentifiable pos
sible rotations of the rank-one contributions Ch = η·hλ⊤

·h are limited to the class of permutations of 
the indices. Then, focusing on rank-one contributions, identifiability is achieved by following the 
steps below. 

(i) Order the contributions C(T)
1 , . . . , C(T)

k sampled at the last iteration T of the Gibbs algorithm 
decreasingly with respect to the Frobenius norm.

(ii) Use the re-ordered contributions of the last iteration C(T)
1∗ , . . . , C(T)

k∗ as a reference.
(iii) For each Gibbs iteration t < T, re-order the contributions as follows. For h∗ = 1, . . . , k, the 

contribution Ch∗ corresponds to the non ordered Contribution Ch with index

h = argminl∈Hh
‖C(T)

h∗ − C(t)
l ‖F, 

where Hh is the set of k − h∗ + 1 indices of non re-ordered contributions and ‖A‖F denotes 
the Frobenius norm of matrix A.

J R Stat Soc Series C: Applied Statistics, 2026, Vol. XX, No. XX                                                               5
D

ow
nloaded from

 https://academ
ic.oup.com

/jrsssc/advance-article/doi/10.1093/jrsssc/qlag009/8496295 by D
ipartim

ento di Scienze G
inecologiche user on 07 M

ay 2026

http://academic.oup.com/jrsssc/article-lookup/doi/10.1093/jrsssc/qlag009#supplementary-data
http://academic.oup.com/jrsssc/article-lookup/doi/10.1093/jrsssc/qlag009#supplementary-data


To obtain point-wise estimates, we compute, for each h = 1, . . . , k, the sample mean C̅h = 
(
􏽐T

t=1 C(t)
h∗ )/T over the re-ordered contributions. To investigate the behaviour of the factors scores 

η, we select a representative iteration of the Gibbs sampler by following the procedure described in 
Schiavon et al. (2022). For alternative postprocessing algorithms to align the samples of Λ or η we 
refer the reader to McParland et al. (2014), Aßmann et al. (2016) and Roy et al. (2021).

3 Simulation study
To illustrate the validity and generality of COSIN, we assess its performances through a simulation 
study. Our approach is compared against state-of-the-art dimensionality reduction techniques, 
namely GLM-PCA (Townes et al., 2019), NEWWAVE (Agostinis et al., 2022), principal component 
analysis (PCA) on log-transformed counts, SCGBM (Nicol & Miller, 2024), and FAST-GLM-PCA 

(Weine et al., 2024).
The empirical evaluation serves multiple purposes. First, we examine how well each method re

constructs the original underlying signal. Additionally, we assess their predictive performance in 
an out-of-sample setting.

To evaluate the ability of the different methods in reconstructing the original underlying signal, 
we proceed with two different strategies. The first investigates how effectively the estimated latent 
signal preserves the clustering of observations when synthetic data are generated under group 
structures. While many of the approaches are not explicitly designed for clustering, this compari
son is a common practice in gene expression studies (Yeung & Ruzzo, 2001; Žurauskienė & Yau, 
2016). We apply K-means clustering to the standardized first latent components and measure clus
tering performance using the Adjusted Rand Index (ARI).

We consider the following data generating process

yij = ⌊exp (zij)⌋, zij = C1ij + C2ij + C3ij + εij, εij ∼ N(0, σ2).

Notably, this simulations settings produce zero inflated data, consistently with real scRNA-Seq 
data. To further mimic the situation observed in real data, we induce row-wise and column-wise 
sparsity over the contribution matrices Ch, with Chij = ηihλ jh. In particular, we specify

ηi1 ∼ N(μg1, 1), ηi3 ∼ N(μg3, 1), λ·1, λ·2 ∼ Np(0, Ip),

ηi2 ∼ N(0, 0.052), i > n/G, ηl2 = 1, l ≤ n/G,

λj3 ∼ Np(0, 0.052), j > p/2, λm3 = 1, m ≤ p/2, 

where observation i belongs to group g = 1, . . . , G, and the group means μgh are sampled from 
N(0, 32). Sparsity in the rows and columns is respectively induced by η·2 and λ·3.

Twelve different scenarios are obtained varying the data dimensions (n, p) over the set 
{(50, 100), (200, 100), (200, 1000)}, idiosyncratic variance σ2 over {0.12, 1}, and number of 
groups G over {5, 10}. For each scenario, we simulate 50 synthetic data sets.

Figure 1 reports boxplots of ARI distributions across the replicated datasets. COSIN performs 
comparably to the best alternatives when σ = 0.1, and outperforms all competitors in the noisier 
scenario of σ = 1, particularly in high-dimensional settings. This superior performance may stem 
from the flexibility of COSIN, which does not require prespecification of the number of latent dimen
sions. Competing methods necessitate setting the number of latent factors k, which we define as 
the number of principal components required to explain 90% of the variability in 
log-transformed counts. In contrast, COSIN only requires an expected number of factors specified 
through the hyperparameter α. Even in the idealized scenario where the number of latent dimen
sions is correctly specified for all the methods (k = 3 in our simulations), our approach remains 
highly competitive. Refer to Figure A1 in the online supplementary material and the comments 
therein.

We now assess the ability of the models to estimate the original rank-one contributions noting 
that the rank-one contributions are identifiable under the conditions outlined in Section 2.3. The 
performances are measured in terms of root mean squared error (RMSE) of the entries of the con
tributions. To keep the discussion easier, we compare COSIN only with GLM-PCA, the latter having a 
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consistently stable and good performance in the previous experiment. Data are simulated from 
G = 2 groups under the following specification

η·1, η·3 ∼ Nn(0, In), λ·1, λ·2 ∼ Np(0, Ip),

ηi2 ∼ N(0, 0.052), i > n/2, ηl2 = 1, l ≤ n/2,

λj3 ∼ Np(0, 0.052), j > p/2, λm3 = 1, m ≤ p/2, 

with different values of (n, p, σ) for 50 independent replicates.
Table 1 reports the Monte Carlo RMSE on the three contributions under the COSIN and GLM-PCA 

models fitted with meta-covariates on the full data matrices. The results point out that the latent 
constructs identified by GLM-PCA deviate from the contributions generating the data. This effect is 
particularly pronounced when GLM-PCA overestimates the number of latent contributions, forcing 
the model to fit spurious factors to noise and leading to higher rates of false discoveries among the 
additional components. In contrast, COSIN retains consistently low errors even under over- 
specification, suggesting that it provides advantages in decoupling the multiple layers explaining 
residual variance in highly multivariate settings.

Finally, to assess goodness-of-fit, we perform an out-of-sample prediction task, randomly re
moving a sample M of 25% of entries in y. Ignoring the entries of M, we fit COSIN, COSIN without 
meta-covariates, and GLM-PCA. To assess the relative peformance in missing data imputation, we 
compute the mean absolute error of model m defined as

MAEm =
1
|M|

􏽘

l∈M
yl − ŷ(m)

l

􏼌
􏼌
􏼌

􏼌
􏼌
􏼌, 

where ŷ(m)
l is the value predicted by the model m.

Figure 1. Boxplots of ARI of the competing models under different values of (n, p), σ2 and G. Clustering is obtained 
applying a G-means clustering to the first k latent dimensions estimated by each method.
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The true number of latent contributions is correctly identified by COSIN in over 80% of replica
tions when p < 1000 and is slightly overestimated in higher-dimensional settings. Importantly, this 
mild overestimation does not degrade performance, further supporting the conclusion that COSIN is 
less prone to spurious factor recovery and exhibits greater robustness to false discoveries. 
Furthermore, unlike our proposal, GLM-PCA is not equipped of a methodology to infer the number 
of latent components k, which should be provided before the estimation. To favour a fair compari
son, we estimate the GLM-PCA models under different values of k ∈ {2, 3, 4, 5, 6, 7, 8}, using as a 
benchmark the specification characterized by the lowest MAE. Figure 2 provides a summary of 
the results for scenarios with σ2 = 1. Our proposed approach shows the best performance across 
all scenarios. Although meta-covariates have a minor impact on model fitting, they play a crucial 
role in providing valuable and interpretable estimates, as will be clear in Section 4. The full results 
are presented in Table A1, reported in the online supplementary material.

4 CITE-Seq data
To show the utility of our approach in a real dataset, we reanalyse the cord blood mononuclear 
cells (CBMCs) CITE-seq dataset from Stoeckius et al. (2017). CITE-seq is a multi-modal protocol 
that allows for the simultaneous measurement of gene expression by scRNA-Seq in addition to the 
expression of several protein surface markers in the same cells. This is a key advantage in immun
ology studies, in which cell populations can be distinguished by the expression of such markers 
(Papalexi & Satija, 2018). Stoeckius et al. (2017) provide a set of rules to classify cells into cell 
types according to the expression of such markers (see their Figure 3).

We use the data provided in the SingleCellMultimodal Bioconductor package (Eckenrode et al., 
2023), consisting of the expression of 36,280 genes in 7858 cells, along with a cell-type label based 
on the surface markers, which we consider as ground truth. We select the human genes available in 
the Ensembl database (v. 79) (Dyer et al., 2025) that are annotated as being part of the twenty im
mune system pathways in the KEGG database (Kanehisa et al., 2025) or in the remaining four lar
gest pathways (see Table A2 in Appendix C of the online supplementary material). We further 
remove genes with missing information about length and GC content, and apply variance filtering 
to discard nonvariable genes.

The resulting data consist of a gene expression matrix of n = 7858 cells and p = 2572 genes. 
Along with this gene expression matrix, quality control information about the cells (covariates 
x) and the genes (technical meta-covariates wTj) are also available. The matrix x contains the 

Table 1. Results of the simulation study for different values of (n, p, σ)

(n, p, σ) COSIN GLM-PCA

C1 C2 C3 k C1 C2 C3 k

(50, 100, 0.10) 0.63 0.58 0.39 3.29 1.85 1.76 0.84 8

(0.25) (0.28) (0.26) (1.00) (2.13) (1.25) (0.18) (1.00)

(50, 100, 1.00) 0.62 0.57 0.39 3 0.63 0.79 0.76 3

(0.30) (0.26) (0.14) (0.13) (0.17) (0.16) (0.13) (2.00)

(200, 100, 0.10) 0.54 0.45 0.25 3.11 1.56 1.44 0.74 8

(0.35) (0.33) (0.19) (0.34) (0.58) (0.78) (0.03) (0.75)

(200, 100, 1.00) 0.48 0.46 0.26 3 0.48 0.66 0.74 2

(0.41) (0.32) (0.05) (0.00) (0.12) (0.11) (0.07) (1.75)

(200, 1000, 0.10) 0.87 0.47 0.63 12.36 0.99 0.86 0.72 8

(0.12) (0.08) (0.06) (1.67) (0.23) (0.42) (0.05) (0.00)

(200, 1000, 1.00) 0.62 0.55 0.53 5 0.81 0.68 0.73 4

(0.12) (0.07) (0.04) (0.00) (0.61) (0.12) (0.05) (2.00)

Note. For the contributions Ch the Monte Carlo RMSE is reported. For k the median of its estimates is reported. 
Interquartile ranges are reported in parenthesis.
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Figure 2. Boxplot of the out-of-sample MAE of the competing models under different values of (n, p) with σ2 = 1. 
Since the R package glmpca does not allow for out-of-sample imputation, we adopt the GLM-PCA approximation 
proposed by Townes et al. (2019)

Figure 3. Density and pair plots of the scores of the first five latent factors of a representative posterior draw. Cell 
points are coloured according to the cell type.

J R Stat Soc Series C: Applied Statistics, 2026, Vol. XX, No. XX                                                               9
D

ow
nloaded from

 https://academ
ic.oup.com

/jrsssc/advance-article/doi/10.1093/jrsssc/qlag009/8496295 by D
ipartim

ento di Scienze G
inecologiche user on 07 M

ay 2026



number of expressed genes and the total number of counts. The inclusion of an intercept results in 
d = 3. Moreover, cell type information is available; however, we chose not to include it as a cova
riate in the model. This decision reflects a common scenario in scRNA-Seq analysis, where cell 
identities are unknown beforehand. As a result, our setup provides a meaningful benchmark for 
evaluating the model’s ability to infer latent grouping structures in high-dimensional data. The 
technical meta-covariate matrix wTj (j = 1, . . . , p) includes gene-specific features such as length 
and GC content. In line with the motivations previously mentioned, for each gene j, we also define 
a biological meta-covariate binary vector wBj with m entry equal to 1 if the gene j belongs to the m 
biological pathway. The list of qB = 24 pathways considered is provided in Table A2 of the online 
supplementary material.

We apply COSIN with the latent continuous Gaussian variable z specified as in equations (1)–(2). 
The prior distributions of the parameters follow the hierarchical structure described in Section 2. 
Given the high dimensionality of the dataset, we may expect a sufficiently large number of latent 
factors, hence we set the hyperparameter α = 10 to control the number of nonshrunk contribu
tions. To favour variable selection, we shrink covariate coefficients setting σ2

β = 1/3. After config
uring the remaining hyperparameters in accordance with the simulation study, we run the 
algorithm for 15,000 iterations, discarding the first 5,000 as burn-in and saving every second sam
ple to thin the Markov chain. Each Gibbs iteration required approximately three minutes using an 
Rcpp-based implementation on a machine equipped with an Intel(R) Xeon(R) Gold 6226R pro
cessor (2.90 GHz, 32 cores, 92 GB RAM). Although some autocorrelation is present, there are 
no evident convergence issues, as illustrated by the Markov chains shown in Figure A2 of the 
online supplementary material.

First, we briefly discuss the results obtained for the mean of the process and the cell covariate 
effects. Summaries of the covariates coefficient matrix β are reported in Table A3 in Appendix 
C of the online supplementary material. As expected, most of the gene-specific intercepts are 
strongly negative, reflecting the high probability of zero expression in the dataset. On the other 
hand, the number of detected genes per cell appears to be positively associated with gene expres
sion. The effect of the total count per cell varies in direction across different genes, with part of this 
variability being explained by the technical characteristics of the genes, such as length and GC con
tent. Indeed, as shown by the posterior distributions of the technical meta-covariates coefficients 
ΓT in Figure A3 of the online supplementary material, genes with high GC content and short length 
tend to exhibit higher expression, partly due to the positive impact of the total count per cell co
variate. However, this effects are small, as expected in this dataset, which uses a protocol that only 
capture the 3′ end of the transcripts (Stoeckius et al., 2017), resulting in data less affected by length 
and GC content compared to bulk RNA-seq or SMART-seq2 data.

We focus the remainder of this section on the results obtained through the innovative treatment 
of the residual term enabled by COSIN. The adaptive Gibbs sampler identifies 31 active factors. 
While the dimensionality reduction is effective, the number of factors remains too high to analyse 
all of them in detail. Therefore, we focus on the five most relevant latent factors, specifically those 
with the highest Frobenius norm of the corresponding contribution matrices Ch (h = 1, . . . , 31). 
While not discussed here, the further latent factors contribute to explaining the residual variance 
and may play a crucial role in guiding new biological discoveries in future studies.

To investigate the ability of the model to recognize potentially interpretable latent unobserved 
covariates, Figure 3 shows a representative posterior draw, selected according to the recommen
dations in Section 2.3, of the first five factor cell scores. Cells are coloured based on cell type to 
evaluate their correspondence with potential clusters revealed by our approach. We observe the 
orthogonality among the first factors and clear cell-type patterns, suggesting that the structure im
posed on the latent part of the model aids in identifying and reconstructing possible missing cova
riates, with different factors distinguishing different cell types. The first factor is not correlated 
with any cell type or with observed cell-level covariates (see Figure A4 in the online 
supplementary material), suggesting that it may capture an unknown source of baseline cell het
erogeneity. Performing unsupervised graph-based 8-group clustering with the Louvain algorithm 
on the scores of all 31 latent factors identifies clusters which show a high correspondence with the 
cell type groups, achieving an ARI of 0.757. The same clustering procedure was applied to the first 
31 principal components identified by GLM-PCA leading to an ARI of 0.689. Applying k-means 
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clustering with k = 8 to the standardized scores resulted in less consistency with the cell type 
groups with ARI of 0.446 and 0.551, respectively.

As discussed in Section 3, while incorporating exogenous information to inform the prior dis
tribution of the loadings can aid in identifying the latent process and recognizing group structures 
among cells, this is not its primary objective. Rather, the use of biological pathway information is 
fundamental in providing a meaningful framework for interpreting the dependencies among genes 
induced by the loadings matrix. Figure 4 displays the gene-specific loading coefficients for the third 
and fourth factors of the representative posterior draw considered above. Directly below, bar plots 
of the corresponding sampled ΓB columns highlight the role of biological pathways in explaining 
the block of nonshrunk loadings entries. As evident in Figure 3, the scores of the third factor can be 
seen as the values of an unobserved covariate that differentiates Natural Killer cells. Consistently, 
in the top panel of Figure 4, we observe a block of nonshrunk loadings entries corresponding to the 
genes associated with the Natural Killer cell-mediated cytotoxicity pathway, which plays a key 
role in the immune function of these cells. Similarly, the fourth factor discriminate B-cells from 
the rest (Figure 3) and primarily explains variation in genes associated with the Antigen processing 
and presentation pathway, a key pathway distinguishing B-cells from other immune cell types 
(Figure 4). It is important to note that nonshrunk loadings explain both over-expression and 
under-expression of genes. For instance, B-cells and their precursors are characterized by larger 
scores in the fifth factor, which is characterized by the under-expression (negative loadings) of 
genes associated with the T-cell receptor signalling pathway, as shown in Figure A5 of the 
online supplementary material. This suggests that the model effectively captures biologically 
meaningful variation, uncovering latent structures that align with known immune cell functions.

The multiplication of corresponding scores and loadings vectors results in rank-one factor con
tributions, which are identifiable quantities up to a possible reordering. After aligning their order 
in the posterior draws, we compute the mean of the 31 contribution matrices of dimension n × p, 
with the first five matrices displayed in Figures A6–A10 of the online supplementary material as 
level plots. The highlighted vertical blocks correspond to groups of genes associated with specific 

–

–

Figure 4. Barplots of the loadings and biological meta-covariate coefficients γB of third and fourth factors of a 
representative posterior draw. The grey vertical lines on the loading barplots delimit the genes associated to the 
pathways highlighted in the corresponding γ barplots.
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pathways, which often play a key role in these contributions to differentiate the cells according to 
their cell types (separated by horizontal lines in the plots).

However, not always the contributions that explain heterogeneity among cells are character
ized by a differentiated impact on the genes with respect to the biological pathways. For instance, 
in the application of COSIN to lung adenocarcinoma cell data reported in the Appendix D 
of the online supplementary material, we observe a multiplicative factorization in different 
contributions of the cell type role and the genes pathway role in characterizing the gene 
expression.

Inducing structured sparsity in the loadings matrix Λ through the meta-covariate depending 
prior specified in Equation (3) favours the reconstruction of a sparse block structure in the co
variance matrix of the underlying genes signal var(zj) = ΛΛ⊤ + Σ. To investigate the genes co
variance structures, we reconstruct the undirected graph network based on the posterior 
mean of the partial correlation matrix of zj. The graph, reported in Figure 5, reveals the pres
ence of gene communities with genes belonging to the same pathway having the tendency of 
being clustered together. For instance, the cluster observed at the bottom of the graph is mainly 
constituted by the genes belonging to the Chemokine signalling pathway, while the genes re
lated to the Antigen processing and presentation pathway are mainly distributed in the commu
nities at the top of the graph. While this structure is favoured, yet not imposed, it facilitates a 
reconstruction of large covariance matrix, shrinking noninterpretable noise. In addition, the 
graph highlights the genes that stand out as hub nodes, since they are correlated with large 
groups of genes, or link different clusters. Notable hub genes include calcium binding proteins 
S100A8 and S100A9, associated with inflammation and immune response in the cord blood 
(Golubinskaya et al., 2020), and ALAS2 a gene essential in the development of red blood cells 
and whose mutation is the primal cause of congenital sideroblastic anaemia (Ducamp & 
Fleming, 2019). Other hub nodes include classic immune markers like PF4 (platelets), CD8B 
(cytotoxic T-cells), LILRA4 (dendritic cells), and HLA-DRA (B-cells, dendritic cells, and 

Figure 5. Graphical representation based on the posterior mean of the inverse of the correlation matrices estimated 
by the model. Edge thicknesses are proportional to the latent partial correlations between genes. Values below 
0.025 are not reported. Nodes are positioned using a Fruchterman-Reingold force-direct algorithm and coloured 
according to the pathways the genes belong to.
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monocytes/macrophages) (Stelzer et al., 2016). Figure A11 in the online supplementary 
material reports the same graph but highlighting the positive and negative associations between 
genes.

5 Discussion
In this study, we introduced a novel method called COSIN which provides a joint modelling ap
proach for multivariate count data through latent factor models. This approach was specifically 
motivated by scRNA-Seq applications, which involves complex count data. The empirical per
formances observed in real and synthetic data sets demonstrate that COSIN shows competitive re
sults in terms of model fitting compared to existing methods, indicating its efficacy as a modelling 
framework.

One key advantage of COSIN is that it allows for the modelling of latent sparsity through the use 
of meta-covariates. While principally aimed at dimensionality reduction, it yields a well-structured 
latent space that readily supports subsequent cell clustering. A compelling direction for future 
work would be to incorporate Bayesian nonparametric mixture models to formalize this clustering 
process. Notably, Chandra et al. (2023) pioneered a joint inference framework that simultaneous
ly learns the latent representation and the clustering assignment, a strategy that is especially advan
tageous in the high-dimensional context of single-cell RNA sequencing data. Further directions for 
future work include the development of more computationally efficient inference strategies, such 
as variational or stagewise approximations, to make full Bayesian inference practical for very large 
datasets, as well as the exploration of the proposed structured latent factor model under alterna
tive likelihood specifications for count data, to further assess the relative role of the STAR con
struction and latent structure.

As discussed in Section 4, COSIN was successfully applied to CBMCs from the cord blood, where 
it discriminated the main immune cell types, highlighting the role of gene pathways in explaining 
the factors and identifying hub genes that may call attention to specific biological processes. These 
findings underline the potential utility of COSIN for uncovering biologically meaningful patterns in 
high-dimensional count data.

One important aspect to consider is the role of the intercept in the prior mean of the coefficients 
βj. Indeed, this is a gene-wise intercept that helps the model accounts for the differences in sequen
cing depth across cells, similarly to what is achieved with the gene-wise intercept in GLM-PCA 

(Townes et al., 2019) and with offsets in more traditional frequentist models (Love et al., 2014; 
Robinson et al., 2010).

Clearly, our results suggest that COSIN is applicable beyond genomics and can be used in any con
text dealing with complex high-dimensional counts. This versatility makes COSIN a valuable tool 
for researchers working in diverse fields.
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