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ABSTRACT ARTICLE HISTORY
The comparative analysis of single-cell RNA sequencing (scRNA-seq) Received 6 March 2026
datasets across various biological conditions, technology platforms and Revised 14 April 2026
tissue types reveals crucial insights into cellular heterogeneity and tis- Accepted 20 May 2026
sue architecture. Recent advances in high-resolution technologieshave  eyworps
enabled the profiling of gene expression at the single-cell level, yet Single-cell RNA sequencing;
inherent heterogeneities between platforms and differences in cell data integration; batch
type composition make data integration challenging. We present the correction; R package
FIRM R package, which offers a streamlined workflow for the flexi-

ble integration of scRNA-seq data using a re-scaling algorithm that

accounts for the effects of cell type composition. FIRM achieves accu-

rate mixing of shared cell type identities and superior preservation of

the original structure without overcorrection, generating robust inte-

grated datasets for downstream exploration and analysis.

1. Introduction

Single-cell RNA sequencing (scRNA-seq) is being used extensively to measure the mRNA
expression of individual cells from deconstructed tissues, organs and even entire organisms
to generate cell atlas references. These massive datasets are usually collected from many sam-
ples using different scRNA-seq technology platforms, including the popular SMART-Seq2
(SS2) and 10x platforms. Inherent heterogeneities between platforms, tissues and other batch
effects make scRNA-seq data difficult to compare and integrate, especially in large-scale cell
atlas efforts; yet, accurate integration is essential for gaining deeper insights into cell biology.

FIRM performs flexible integration of single-cell RNA sequencing data for large-scale
multi-tissue cell atlas datasets (Ming et al., 2022). It is a re-scaling algorithm that accounts
for cell type composition effects, enabling accurate integration across multiple tissues, plat-
forms and experimental batches while preserving the original data structure and avoiding
overcorrection. FIRM also supports cell label transfer and serves as a reliable tool for cell atlas
research. The FIRM algorithm played a pivotal role in the construction of the first whole-
organism single-cell transcriptomic atlas of the mouse lemur (Tabula Microcebus), serving
a critical function in data integration and batch effect correction (Ezran, Liu, Chang, Ming,
Botvinnik, et al., 2025a; Ezran, Liu, Chang, Ming, Guethlein, et al., 2025b). To facilitate user
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access and utilization, we have packaged the FIRM algorithm as an R package and released it
on Comprehensive R Archive Network (CRAN). Thus the FIRM software is readily accessible
and straightforward to install.

2. Review of FIRM

FIRM is developed based on the open-source C++ libraries flashpca (Abraham
& Inouye, 2014) and Spectra (Qiu, 2021), enabling efficient dimensionality reduction and
matrix decomposition computations, and significantly enhancing the performance of large-
scale single-cell data processing. Users can install FIRM directly from GitHub using the
devtools package; alternatively, for enhanced convenience, the stable release is readily
accessible through CRAN. Here are two alternative ways to install FIRM:

# from github
library (devtools)
install_github( )

# from CRAN
install.packages ( )

2.1. Algorithm steps

To facilitate understanding of the FIRM integration algorithm, we provide a clear and com-
prehensive overview of its core computational workflow, with detailed elaboration of the key
procedural steps as follows.

(1) Pre-processing. We use the gene expression matrix X for each dataset, where Xj; is the
gene expression for gene i in cell j. We conduct a pre-processing procedure which
includes normalization, scaling and feature selection.

(2) Dimension Reduction and Clustering. For each dataset, we perform dimension reduc-
tion using PCA (via Seurat : :RunPCA) and cluster cells (via Seurat : :FindClusters)
based on their PC scores.

(3) Cluster Alignment via Subsampling. To align clusters across different datasets while
guarding against overcorrection, we employ a subsampling-based strategy. For cluster
a in dataset 1, we consider its five nearest clusters in dataset 2 based on their low-
dimensional representations after performing PCA on the combined scaled data. Cluster
b in dataset 2 is aligned with cluster a in dataset 1 if the following criterion holds:
|Za. — 231> < Qo7s({llzj — zp. ||2}J~Ecb), where z,. and z;. are the centres of clusters a
and b, Q75 is the 75% quantile and Cy, is the cell set in cluster b. For clusters in dataset
1 that have not been aligned, we further perform subsampling to adjust the cluster pro-
portions and check the alignment. If Ig“l > IC" | where C; and C, are the sets of cells in

datasets 1 and 2, respectively, we subsample the cells in cluster a of dataset 1 to construct
1Gl _ 1G]
[Cial |C I’

cluster a of subset Cla. We then perform re-scaling by S—j, i € Cy, where Yj; is the scaled

a subset Cy, so that the proportion matches: where C, is the set of cells in

data after the preprocessing procedure and s; = sd({Yjj},¢, ). Based on the re-scaled
data, we check the alignment again using the steps described above.
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(4) Re-scaling via Subsampling. To calculate the scaling factor for effective re-scaling, we
perform subsampling for cells in the aligned clusters to obtain subset C) of dataset 1 and
subset C; of dataset 2, which contain the same types of cells and have the same cell-type
proportions as well. We then compute the standard deviation on each of the subsampled
datasets for each gene j: s1; = sd({Yjj}; ¢, )> s2j = sd({Yij};e, ). Finally, we apply global

: .Y Yij .
re-scaling to the complete datasets using S—Ij,z e€Crand },ie G.
(5) Data Integration. Finally, we merge the rescaled datasets through simple concatenation
to obtain the integrated data matrix.

This integrated dataset preserves the biological variation within each original dataset while
removing technical batch effects, enabling downstream joint analyses such as clustering,
visualization and differential expression testing across samples.

2.2. Core components

The FIRM package is specifically designed for single-cell RNA sequencing data integration,
offering a comprehensive and eflicient collection of computational tools. The key functions
are introduced as follows.

(1) Data preprocessing. prep_data() function performs the standard Seurat (Butler
et al., 2018) workflow preprocessing: normalization, scaling and the selection of highly
variable genes.

prep_data(counts,
hvg_genes = 4000)

(2) Core integration function. FIRM() function performs the unsupervised integration of
two single-cell RNA-seq datasets by grid-searching user-specified resolution ranges
(res_seq_SS2, res_seq_tenx) to identify the optimal pair that maximizes the mixing met-
ric in the combined PCA space. Users can define a broader or narrower search range
based on their computing resources to balance accuracy and computational cost.

FIRM(

Ss2,

tenx,

hvgl,

hvg2,

dims,

all_genes = FALSE,
res_seq_SS2 = seq(0.1,2,0.1),

res_seq_tenx = seq(0.1,2,0.1),
coreNum = 1,
verbose = FALSE,

seed = NULL
)
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(3) Label transfer via k-NN (hard assignment). label_trans () function performs cell type
annotation. Specifically, cell type annotation is performed by finding, for every query
cell, its k nearest reference cells in the joint PCA embedding, followed by majority voting
on the labels of these neighbours to assign the final prediction.

1 label_trans(
2 integrated, # Seurat object with integrated PCA
and meta-data columns dataset and annotation.
ref = , # Character string identifying the
reference dataset
A query = , # Character string identifying the
query dataset
label_key = , # Name of the meta-data
column that indicates celltype
6 emb_key = , # Name of the reduction to use
(default "pca").
7 batch_key = , # Name of the meta-data
column that indicates dataset/batch
8 k = 10, # Number of nearest neighbours to vote
(default 10).
9 seed = NULL # random seed
10 )

(4) Label transfer via k-NN (soft assignment / probabilities). 1label_trans_prob() differs
from label_trans in that it returns a probability distribution over all possible labels for
each cell, rather than a single definitive assignment. Specifically, for each query cell, the
function outputs a vector of posterior probabilities indicating the likelihood of belonging
to each reference label. This probabilistic representation preserves uncertainty informa-
tion, enabling downstream analyses such as confidence scoring, entropy-based quality
control, and soft classification of intermediate cell states.

label_trans_prob(
integrated,
ref = s
query = ,
label_key >
emb_key = s
batch_key ,
k = 10,
seed = NULL
)

For additional function information, please use the canonical form https://CRAN.R-
project.org/package = FIRMto link to this page, from which comprehensive documentation,
including detailed function usage, parameter specifications, and illustrative examples, can be
readily accessed.


https://CRAN.R-project.org/package=FIRM
https://CRAN.R-project.org/package=FIRM
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3. Example

To demonstrate the application of the FIRM package, we show how to integrate the SS2 and
10x scRNA-seq datasets from Tabula Muris. We integrate the mammary gland scRNA-seq
datasets profiled using SS2 and 10x as an example. The raw scRNA-seq datasets can be down-
loaded from Tabula Muris(Schaum et al., 2018). The filtered mammary gland scRNA-seq
datasets are available separately at Google Drive.

First, load the required packages for FIRM, including Seurat for single-cell data manip-
ulation, RANN efficiently implements nearest neighbour search and Rcpp for efficient com-
putations based on C++, along with the input expression matrices from the SS2 and 10x
datasets. Subsequently, perform comprehensive pre-processing using the built-in function
prep_data().

library (Seurat)
library (FIRM)
library (RANN)

load( )
load ( )
load ( )

SS2_obj <- CreateSeuratObject (counts)
tenx_obj <- CreateSeuratObject (umi)

prep_SS2 <- prep_data(counts)
SS2 <- prep_SS2$Dataset
hvg_SS2 <- prep_SS2$hvg

prep_tenx <- prep_data(umi)
tenx <- prep_tenx$Dataset
hvg_tenx <- prep_tenx$hvg

Subsequently, we employ the core function FIRM() from the FIRM algorithm to exe-
cute the integration procedure, thereby achieving the harmonized integration of the SS2
and 10x datasets. This step effectively preserves intrinsic biological heterogeneity across cell
types while systematically mitigating technical batch effects arising from distinct sequencing
platforms, enabling downstream joint analyses such as unified clustering, visualization, and
differential expression testing.

dims <- 15

coreNum <- 30

integrated_data <- FIRM(SS2, tenx, hvg_SS2, hvg_tenx,
dims = dims, coreNum = coreNum)


https://figshare.com/projects/Tabula_Muris_Transcriptomic_characterization_of_20_organs_and_tissues_from_Mus_musculus_at_single_cell_resolution/27733
https://drive.google.com/drive/folders/1tmw8PSBLDGl8uTAWnc4dgZlGU3vUH8hE
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To preserve the FIRM batch correction effects and interface with the Seurat analytical
pipeline, we first construct a unified cross-platform count matrix (taking the gene union and
imputing missing values with zeros), create a Seurat object and subset to retain successfully
aligned genes and cells, perform log-normalization, and directly inject the corrected data of
FIRM into the scale.data layer, bypassing the standard scaling procedure.

integrated_counts <- matrix (0,
length (union(rownames (SS2_obj),
rownames (tenx_obj))),
ncol (SS2_obj) + ncol(tenx_obj))
rownames (integrated_counts) <- union(rownames(SS2_obj),
rownames (tenx_obj))
colnames (integrated_counts) <- c(colnames(SS2_obj),
colnames (tenx_obj))
integrated_counts [rownames (SS2_obj),
colnames (SS2_obj)] <-
as.matrix (SS2_obj[[ 1] $counts)
integrated_counts [rownames (tenx_obj),
colnames (tenx_obj)] <-
as.matrix (tenx_obj[[ J1$counts)

integrated_FIRM <- CreateSeuratObject(integrated_counts)
integrated_FIRM <-
integrated_FIRM[rownames (integrated_data),
colnames (integrated_data)]

integrated_FIRM <- NormalizeData(integrated_FIRM,
verbose = FALSE)

LayerData(integrated_FIRM,

assay = s
layer = ) <-
integrated_data - rowMeans (integrated_data)

We evaluate the FIRM integration performance through metadata management, dimen-
sionality reduction and visualization validation: adding data source and cell type annotations,
selecting common highly variable genes for PCA and UMAP dimensionality reduction, and
finally generating grouped plots by platform and annotation to verify batch effect removal
and biological signal preservation.
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integrated_FIRM <-
AddMetaData(integrated_FIRM, metadata =
as.character (metal[colnames (integrated_FIRM),
]$method) ,
col.name = )
integrated_FIRM <-
AddMetaData(integrated_FIRM, metadata =
as.character (meta[colnames (integrated_FIRM),
1$cell_ontology_class),
col.name = )

hvg <- intersect(hvg_SS2, hvg_tenx)

integrated _FIRM <- RunPCA(integrated_FIRM,
features = hvg,
npcs = dims,
verbose = FALSE)

integrated_FIRM <- RunUMAP(integrated_FIRM,
reduction = s
dims = 1:dims,
umap .method = s
metric = ,
verbose = FALSE)

DimPlot (integrated_FIRM, reduction s

group.by = )
DimPlot (integrated_FIRM, reduction = s
group.by = 5

label = T, repel = T)

The UMAP visualization of single-cell data integrated by the FIRM algorithm demon-
strates that cells from SS2 and 10x are well-mixed in the reduced-dimensional space (Figure
1). Specifically, cells of the same type cluster together across batches, while distinct cell types
remain clearly separated, indicating that FIRM effectively corrects batch effects while suc-
cessfully preserving biological heterogeneity. FIRM harmonizes datasets through a re-scaling
procedure without smoothing the expression of similar cell types across datasets towards
each other, so that the relative expression patterns across cells within each dataset can be
largely preserved. For this integrated dataset, FIRM achieved the highest local structure met-
ric and ASW compared with Harmony (Korsunsky et al., 2019) and Scanorama (Hie et al,,
2019). Although Harmony and Scanorama are slightly higher mixing metric compared to
FIRM, considering the trade-off between the mixing metric and local structure metric, FIRM’s
higher local structure metric suggests that it is more robust than Harmony and Scanorama
in avoiding overcorrection. These results fully validate the superior performance of FIRM in
cross-platform, cross-batch single-cell data integration, providing a reliable foundation for
subsequent cell type annotation and downstream analyses. Moreover, for multi-batch sce-
narios involving more than two datasets, FIRM adopts a sequential, hierarchical integration
protocol: it first integrates the two most similar datasets (based on shared highly variable
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Figure 1. (a) Visualization based on integration results of FIRM. UMAP plots are coloured by datasets (left)
and cell annotations (right). (b) Metrics for evaluating performance across the three methods on three prop-
erties: cell mixing across platforms (Mixing metric), the preservation of within-dataset local structure (Local
structure metric) and average silhouette width of annotated subpopulations (ASW). The dashed lines were
set at the values for FIRM as reference lines.

genes) to establish reliable anchor clusters, and then iteratively adds the remaining datasets
to this merged reference, ensuring stable global alignment while maintaining computational
efficiency.

4. Conclusion

In summary, the FIRM package offers a well-structured and efficient workflow for the integra-
tion of scRNA-seq data across multiple tissue types, technology platforms and experimental
batches. By specifically accounting for cell type composition effects through re-scaling, FIRM
achieves accurate mixing of shared cell type identities and superior preservation of the orig-
inal structure without overcorrection. The package supports multi-dataset integration and
generates robust integrated datasets for downstream exploration and analysis in large-scale
cell atlas projects. More examples can be found at https://github.com/mingjingsi/FIRM.

While FIRM is robust for multi-platform integration, its performance may be constrained
in the following scenarios: (1) Integration order: For more than two datasets, FIRM uses
a hierarchical approach by integrating datasets with high similarity first. This integration
order may not be optimal and the most effective. (2) Extreme platform variations: Although
optimized for SS2 and 10x, FIRM’s re-scaling model might require further validation when
applied to emerging technologies with fundamentally different sequencing principles or
extreme batch effects not covered by current benchmarks.


https://github.com/mingjingsi/FIRM
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