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Abstract: Single-cell RNA sequencing (scRNA-seq) is now a versatile platform for the dissection
of cellular heterogeneity across biological conditions. Standardization of preprocessing and
annotation pipelines is still to come. We present here a reproducible and modular workflow that
combines the strengths of Seurat (R) and Scanpy (Python) to preprocess, annotate, and prepare
scRNA-seq data for downstream analysis.

The workflow begins with raw count matrices from greater than one biological replicates or
conditions. Utilizing Seurat, we perform initial quality control, low-quality cell removal, and
reference-based cell type annotation from a reference scRNA-seq atlas. The annotated data is re-
coded to AnnData format for an easy transition to the Scanpy framework. In Scanpy, additional
operations such as normalization, feature selection, dimensionality re- duction (PCA, UMAP),
and checking for batch effects are performed. The output data structure is conducive to flexible
downstream analysis, including differential expression and pathway enrichment.

This pipeline ensures interoperability, reproducibility, and transparency and is particu- larly
suited for group environments and comparative analysis. All of the preprocessing is thoroughly
documented and parameterized to be straightforwardly modifiable for a range of datasets and
research questions.

Keywords: single-cell RNA sequencing, peripheral blood mononuclear cells, gene expression,
pipeline, Seurat, ScanPy.

1. Introduction

Single-cell transcriptomics enables researchers to dissect complex tissues at cellular
resolution, providing information on diverse cell states, types, and dynamic processes.
Despite its advan- tages, preprocessing of scRNA-seq data is filled with challenges such
as dropout events, high dimensionality, and the presence of batch effects due to different
replicates or sequencing runs. Several toolkits have been built to process scRNA
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sequence data. In particular, Seurat (R- based) and Scanpy (Python-based) are two of the
most widely used frameworks that offer end- to-end pipelines for data processing,
clustering, and visualization. Both tools offer overlapping functionalities but are strong
in specific domains. Seurat boasts excellent reference mapping and annotation tools, and
Scanpy offers rapid downstream analysis and integration with Python machine learning
libraries. Here, we present a reproducible pipeline spanning Seurat and Scanpy for cell
annotation and preprocessing. Our pipeline accepts raw count matrices as input,
performs rigorous quality control, normalization, and reference-based cell-type
annotation, and provides clean and annotated AnnData objects suitable for downstream
analysis in Scanpy.

2. Methodlogy
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Figure 1: Schematic of the experiment design encompassed perpheral blood extraction,
centrifugation and treatment with PSNPs in microfluidic chip-based platform. Single cell
RNA sequencing was performed on peripheral blood mononuclear cells sample treated
with different size of PSNPs and control sample. On the gene expression profile
acquired we conducted bioinformatics analysis to cluster and determine cell types.

We used single-cell RNA-seq data collected from four experimental setups with PBMCs
treated with nanoparticles of differing sizes. Each experimental setup is a biological
replicate. The raw data were preprocessed to generate count matrices in .h5ad [5] and
.csv formats.

Initial filtering measures were taken with Seurat on:
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. Removal of cells with low UMI counts or with too few genes expressed
(minimum of 200 expressed genes).

. Removal of genes expressed in very few cells (minimum of 3 cells).
. Depleting potential doublets and high mitochondrial content cells.

Total count normalization and log transform were done by the pipeline. Highly variable
genes (HVGs) in Seurat and Scanpy were found wusing the Seurat method
(flavor="seurat’) and used for dimensionality reduction.

Principal Component Analysis (PCA) was applied to the HVGs, neighbor graph
construction and UMAP for visualization later. Leiden algorithm was used for clustering
in Scanpy.

Annotated PBMC reference datasets from Broad Institute (SCP424) [1] were used for cell
annotation by supervised mapping using Seurat’s label transfer [2, 3]. Two other
annotation processes (CoDi and CoDi_dist) were also run and compared with reference-
based prediction. The annotations were merged back to Scanpy-compatible .h5ad format
for further downstream analysis.

UMAP plots, violin plots for quality scores, bar plots for cell proportions, and volcano
plots for differential gene expression were produced using Matplotlib, Seaborn, and
Scanpy’s built-in functions. All intermediate results and final annotated datasets are
saved in the pipeline for reproducibility and reuse.

3. Results and Discussion

The four samples were merged successfully, UMAP plots with overlap of cell types
between replicates, and no batch effects suggested (Figure 2). Seuratbased cell type
annotation demonstrated robust concordance with established PBMC subtypes [1].
Violin plots showed homogenous gene and UMI counts across samples. Median gene
counts per cell were within the expected range for PBMCs (around 500-2,500 genes/cell).

Comparison of Seurat annotation output to CoDi [4] showed that whereas both
identified the same large cell types, CoDi offered finer grain in T cell subsets, and
reference based mapping by Seu- rat yielded more accurate overall identification in
comparison to known markers(Table 1).
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Figure 2: UMAP plot with all sample

Our approach exploits the complementary features of Seurat and Scanpy —R-based

annotation and integration, coupled with scalable visualization and differential analysis

within Python. Such a hybrid workflow is particularly valuable for research groups that

require flexibility as well as performance across both environments.

Table 1: Scores for capturing known marker genes for detected cell types.

Annotation B CD14+ CD4+ T cell Cytotoxic T Natural killer Average
type cell monocyte cell cell
CoDi 0.62 0.1225 0.45 0.4025 0.36 0.391
Seurat 0.62 0.1225 0.45 0.42 Not detected 0.4031

Even though we focused on nanoparticle-exposed PBMCs, the pipeline can be
extended and applied to other tissue types or disease states. Subsequent versions may
include batch correction automatically and integration with spatial transcriptomics.

4. Conclusion

We introduce an open, reproducible scRNA-seq preprocessing pipeline that integrates

Seurat for cell-type annotation and Scanpy for scalable analysis. It ensures data integrity,

robust annotation, and seamless entry into downstream analyses such as clustering,

visualization, and differential expression.
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