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ABSTRACT

Single-cell RNA sequencing has revolutionised transcriptomics by resolving gene expression at individual-cell resolution,
yet the computational analysis of the resulting high-dimensional, sparse, and noisy count matrices presents challenges
that standard bulk-RNA methods cannot address. We evaluated 216 scRNA-seq computational analysis programmes
across bioinformatics centres in Spain and Germany between 2017 and 2021, spanning five analytical task categories:
quality control and normalisation pipelines, dimensionality reduction and clustering methods, trajectory inference and
pseudotime ordering, cell-type annotation frameworks, and differential expression and gene regulatory network
inference. A Single-Cell Analysis Pipeline Index (SCAPI) was constructed from five sub-scores -- biological accuracy of
cell-type recovery, scalability to atlas-scale datasets, robustness to technical noise, user accessibility, and benchmark
reproducibility -- with weights from regression against sustained adoption into active single-cell research pipelines.
SCAPI correlated with adoption at r = +0.84 and discriminated adopted from non-adopted methods with an AUC of 0.882.
Quality control and normalisation pipelines scored highest (mean SCAPI 0.824), while gene regulatory network inference
trailed at 0.598. Only 35.2 percent of programmes exceeded the 0.75 threshold. Biological accuracy carried the largest
regression weight (beta = +0.280), followed by scalability (beta = +0.228).
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1. Introduction

1.1 The Single-Cell Resolution Revolution
Bulk RNA sequencing measures the average
expression of thousands of genes across millions of
cells, obscuring the cellular heterogeneity that
drives development, tissue function, and disease
pathology. Single-cell RNA sequencing
technologies, including droplet-based methods
such as 10x Genomics Chromium and plate-based
methods such as Smart-seq2, capture the
transcriptome of individual cells, revealing
cell-type composition, transitional states, and rare
populations that bulk assays average away. The
scale of scRNA-seq experiments has grown from
hundreds of cells in early studies to millions of
cells in atlas-scale projects such as the Human Cell
Atlas and Tabula Sapiens. This growth has created
computational challenges that parallel the
data-intensive problems of genomics a decade
earlier: how to normalise data with extreme
sparsity, how to cluster cells into meaningful
biological groups, how to infer developmental
trajectories from snapshot data, and how to
identify differentially expressed genes when each
cell is measured only once.

1.2 The Analytical Task Landscape

A typical scRNA-seq analysis workflow proceeds
through a sequence of computational steps.
Quality control removes low-quality cells and
ambient RNA contamination. Normalisation
corrects for differences in sequencing depth and
capture efficiency across cells. Dimensionality
reduction projects the high-dimensional
expression space into a low-dimensional
representation suitable for visualisation and
clustering. Cell clustering groups cells with similar
transcriptional profiles. Cell-type annotation
assigns biological identities to clusters using
marker genes or reference atlases. Trajectory
inference orders cells along developmental or
response trajectories and assigns pseudotime
values. Differential expression identifies genes
that differ between conditions or cell types. Gene
regulatory network inference reconstructs the
transcription-factor-to-target relationships that
govern cell-state transitions. Each step has
spawned multiple competing methods, and
understanding which method characteristics
predict adoption is essential for guiding the field.

1.3 Study Objective

We aimed to identify which programme-level
characteristics predict whether an scRNA-seq
analysis method achieves sustained adoption into

single-cell research pipelines. By scoring 216
programmes across five task categories on five
quality = dimensions and constructing a
regression-weighted index, we sought to quantify
the factors that determine real-world utility.

2. Literature Review

2.1 Quality Control, Normalisation, and
Dimensionality Reduction

Quality control methods including CellRanger,
EmptyDrops, and SoupX filter low-quality cells
based on mitochondrial gene fraction, gene count,
and UMI count thresholds, and remove ambient
RNA contamination that inflates expression
estimates. Normalisation methods including scran
pooling, SCTransform, and analytic Pearson
residuals correct for library-size differences and
overdispersion in count data. The choice of
normalisation substantially affects downstream
clustering and differential expression results.
Dimensionality reduction through PCA followed by
UMAP or t-SNE has become the standard
visualisation workflow, with UMAP largely
replacing t-SNE due to better preservation of
global structure and faster computation on large
datasets.

2.2 Clustering and Cell-Type Annotation
Graph-based clustering using the Leiden or
Louvain algorithm on a shared nearest-neighbour
graph constructed in PCA space is the dominant
clustering approach, implemented in both Scanpy
and Seurat. The resolution parameter controls
cluster granularity but its optimal value is
dataset-dependent, and overclustering is a
common pitfall. Cell-type annotation methods
range from manual marker-gene inspection to
automated classifiers trained on reference atlases.
Tools including SingleR, CellTypist, and scArches
map query cells to annotated reference datasets
using correlation-based or transfer-learning
approaches. Automated annotation is essential for
atlas-scale datasets where manual curation is
impractical.

2.3 Trajectory Inference and GRN Methods

Trajectory inference methods including Monocle 3,
PAGA, Slingshot, and RNA velocity reconstruct
continuous developmental or response trajectories
from snapshot scRNA-seq data. RNA velocity,
which infers the direction of transcriptional
change from the ratio of spliced to unspliced
mRNA, has added temporal directionality to
trajectory analysis. Gene regulatory network
inference from scRNA-seq data is the most
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challenging analytical task because the data is
noisy, sparse, and captures only mRNA abundance
rather than protein activity. Methods including
SCENIC, GENIE3, and CellOracle infer
transcription-factor-target regulatory
relationships, but benchmarking studies have
shown that no current method achieves high
accuracy on gold-standard regulatory networks.

2.4 The Scalability and Reproducibility
Challenge

As scRNA-seq datasets grow to millions of cells,
computational scalability has become a primary
concern. Methods that operate in quadratic time
or memory with respect to cell number are
impractical for atlas-scale analyses. Frameworks
like Scanpy and scvi-tools have been optimised for
out-of-core computation and GPU acceleration to
handle large datasets. Reproducibility across
laboratories and datasets is another persistent
challenge: method performance often varies
substantially depending on tissue type, sequencing
platform, and preprocessing choices, and
benchmark rankings are not always consistent
across evaluation studies.

Table 1. scRNA-seq Computational Analysis:
Task Landscape
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Method counts from scRNA-tools database and PubMed.
Adoption reflects use in single-cell labs as of 2021.

3. Materials and Methods

3.1 Programme Dataset

We identified 216 scRNA-seq analysis programmes
active between 2017 and 2021 at centres affiliated
with Western Europe Data Science University in
Madrid (n = 118) and European Institute of Al in
Berlin (n = 98). Task breakdown: QC and
normalisation (n = 48), dimensionality reduction
and clustering (n = 44), trajectory inference (n =
42), cell-type annotation (n = 42), and differential
expression and GRN inference (n = 40). Inclusion
required a documented method, evaluation on at
least three scRNA-seq datasets, and quantitative
benchmarks.

3.2 SCAPI Sub-Dimensions

Biological accuracy scored the method's ability to
recover known cell types, developmental
trajectories, or regulatory relationships on
gold-standard datasets, using adjusted Rand index
for clustering, trajectory correlation for
pseudotime, and AUPRC for GRN inference.
Scalability assessed runtime and memory usage on
datasets from 10,000 to 1,000,000 cells.
Robustness to technical noise measured
performance consistency across sequencing
platforms, tissue types, and preprocessing
parameter choices. User accessibility scored
software availability, documentation quality, and
integration into standard frameworks such as
Scanpy or Seurat. Benchmark reproducibility
assessed whether the method's performance was
consistent across independent benchmarking
studies. Two evaluators scored each programme
with an ICC of 0.87.

3.3 Index Construction

Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: biological accuracy 0.280,
scalability 0.228, robustness 0.196, accessibility
0.172, reproducibility 0.124. SCAPI was the
weighted sum.

3.4 Statistics

Pearson r for SCAPI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent Cls. VIFs below 2.2.
Leave-one-task-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by Task
Category
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Task n Biologica Scalability SCAPI
Category 1 (1M cells) (mean
Accuracy +/- SD)
QC and nor 48 0.864 +/- | 0.886 +/- 0.824 +/-
malisation 0.040 0.034 0.052
Dim. 44 0.842 +/-  0.856 +/- 0.804 +/-
reduction 0.050 0.044 0.056
+
clustering
Cell-type 42 1 0.828 +/- | 0.812 +/- 0.782 +/-
annotation 0.054 0.056 0.062
Trajectory |42 | 0.796 +/- | 0.768 +/- 0.738 +/-
inference 0.064 0.070 0.072
DE and 40 | 0.714 +/- | 0.694 +/- 0.598 +/-
GRN 0.082 0.086 0.096
inference
All progra | 21 0.814 +/- | 0.810 +/- 0.744 +/-
mmes 6 0.068 0.076 0.108
Biological accuracy = ARI, trajectory correlation, or

AUPRC on gold-standard datasets. Scalability = runtime
feasibility at 1M cells.

4. Results

4.1 SCAPI Distribution

Mean SCAPI across all 216 programmes was 0.744
with a standard deviation of 0.108. QC and
normalisation led at 0.824, reflecting mature,
well-validated tools with excellent scalability.
Dimensionality reduction and clustering followed
at 0.804, cell-type annotation at 0.782, trajectory
inference at 0.738, and GRN inference at 0.598.
Seventy-six of the 216 programmes, or 35.2
percent, exceeded the 0.75 SCAPI threshold.
SCAPI correlated with adoption at r = +0.84 (p <
0.001), with an AUC of 0.882 at the 0.70 cut-off.
Programmes above 0.75 were adopted 80.8
percent; below 0.55 adoption dropped to 18.2
percent.

4.2 Task Category Profiles

QC and normalisation displayed the most balanced
profile. Biological accuracy was highest because
the task has clear ground truth: good QC retains
high-quality cells and removes doublets and dead
cells, which is straightforward to evaluate.
Scalability was strongest because QC operations
are per-cell and parallelise trivially. Accessibility
was excellent because QC is the first analysis step
and is built into Scanpy and Seurat default
workflows. Clustering scored nearly as well, with
UMAP plus Leiden achieving de facto standard
status. Cell-type annotation scored strongly on
accuracy for well-characterised tissues where
reference atlases exist but was penalised for novel
tissues. Trajectory inference showed moderate

scores, limited by the fundamental ambiguity of
inferring continuous processes from snapshot
data. GRN inference scored lowest because the
biological accuracy of inferred regulatory
relationships is poor on current benchmarks,
scalability to large datasets is limited, and no
method has achieved consistent results across
independent evaluations.

4.3 Sub-Score Drivers

Biological accuracy carried the largest weight
(beta = +0.280, p < 0.001), confirming that the
method must produce biologically correct results.
Scalability was second (beta = +0.228, p < 0.001),
reflecting the atlas-scale growth of scRNA-seq
datasets. Robustness at 0.196 (p = 0.002)
mattered because methods that work only on
specific tissues or platforms have limited utility.
Accessibility (0.172, p = 0.005) and reproducibility
(0.124, p = 0.016) completed the model. Removing
any sub-score reduced AUC by 0.018 to 0.056.

4.4 Validation

In the 86-programme validation set, SCAPI
correctly classified 74 outcomes at the 0.70
cut-off, yielding sensitivity of 0.87 and specificity
of 0.85. Among the 12 misclassified cases, five
were GRN programmes that stalled because
inferred networks did not replicate across
datasets. Three were trajectory methods that
advanced by  targeting well-characterised
developmental systems where  pseudotime
validation was feasible. Two were annotation tools
that exceeded expectations by creating
tissue-specific reference atlases. Two were
clustering methods that lost adoption to the Leiden
algorithm's integration into standard frameworks.

Table 3. SCAPI by Task Category: Adoption
Outcomes

TaskC n SCAPI SCA Ado Top Su r (AUC)

ategory (mean PI > ptio b-Scor

+/- 0.75 nR e

SD) (%) ate

(%)

QC/no 4 0.824 77.1 81.3 Scalabil +0.84
rmalisat 8 @ +/- % % ity (0.898)
ion 0.052
Dim. 4 0804 61.4 72.7 Accurac +0.84
red. + 4 +/- % % y (0.890)
cluster. 0.056
Cell-typ 4 0.782 | 50.0 64.3 Accurac +0.84
e annot 2 | +/- % % y (0.878)
ation 0.062
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Figure 4. SCAPI Sub-Score Profiles by Task Category

0.0
Qc/ Dim. red. Cell-type Trajectory DE / GRN

narh, + cluster. Py infarence inference 5. Discussion

(n=48) (n=44) (n=42) (n=42) (n=40)
Figure 1. Mean SCAPI by Task Category (n = 216) 5.1 The QC-Normalisation Foundation
QC and normalisation methods led because they
are the foundation of every scRNA-seq analysis
and benefit from clear evaluation criteria and
mature implementations. SCTransform and scran
have been validated across hundreds of datasets
and are embedded in the default Seurat and
Scanpy workflows that most researchers use. The
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tasks are computationally simple, scaling linearly
with cell number, and the impact of good versus
poor normalisation on downstream results is well
documented, motivating consistent investment in
these methods.

5.2 Scalability as the Atlas-Era Imperative
Scalability was the second-strongest predictor,
and the data show that methods unable to process
500,000 cells on standard compute infrastructure
were adopted at less than one-third the rate of
those that could handle one million cells. The
Human Cell Atlas and similar consortium projects
have normalised dataset sizes that would have
been extraordinary five years ago, and methods
that cannot keep pace with data growth lose
relevance regardless of their biological accuracy
on smaller benchmarks.

5.3 Limitations

Our dataset spans two European countries and
may not represent computational practices
globally. The adoption outcome is binary. SCAPI
does not include spatial transcriptomics or
multi-modal single-cell analysis as sub-scores. The
GRN category contained 40 programmes. The
observational design precludes causal inference.

6. Conclusion

6.1 Summary

Across 216 scRNA-seq analysis programmes in
Spain and Germany, SCAPI correlated with
adoption at r = +4+0.84 and AUC of 0.882.
QC/normalisation led at 0.824, clustering followed
at 0.804, and GRN inference trailed at 0.598.
Biological accuracy was the strongest predictor
(beta = +0.280), followed by scalability (beta =
+0.228). Only 35.2 percent exceeded the 0.75
threshold.

6.2 Practical Recommendations

Method developers should benchmark biological
accuracy on gold-standard datasets spanning
multiple tissues and platforms. Scalability to at
least one million cells should be demonstrated
before publication. GRN inference methods should
focus on improving accuracy on validated
regulatory benchmarks before adding features.
Trajectory methods should incorporate RNA
velocity and multi-modal data to improve temporal
resolution. Future SCAPI iterations should add
spatial and multi-modal sub-scores, include
standardised community benchmarks, and track
adoption longitudinally.
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Appendix A

SCAPI Scoring Rubric and Top-10
Programme Profiles

This appendix details the scoring criteria for each
SCAPI  sub-dimension and profiles the ten
highest-scoring programmes.

Al. Sub-Score Rubric
Biological accuracy: ARI/correlation/AUPRC on
gold-standard datasets, normalised 0-1; weight 0.280.

Scalability: 1M cells in <1h (1.0), <4h (0.75), <24h
(0.5), infeasible (0.25); weight 0.228.

Robustness: performance consistency across
platforms and tissues, normalised 0-1; weight 0.196.

User accessibility: framework integration +
documentation + community, scored 0-1; weight
0.172.

Benchmark reproducibility: consistency across
independent evaluations, normalised 0-1; weight
0.124.

A2. Top-10 Programmes

1. QC-SCTransform-19 (QC/norm): SCAPI = 0.928;
accuracy 0.96, scalability 0.94.

2. QC-ScranPool-18 (QC/norm): SCAPI = 0.916;
robustness 0.94, accessibility 0.94.

3. CL-LeidenScanpy-19 (Clustering): SCAPI = 0.904;
scalability 0.96, accuracy 0.90.

4. QC-SoupXClean-20 (QC/norm): SCAPI = 0.892;
accuracy 0.92, reproducibility 0.90.

5. CL-SeuratV4-21 (Clustering): SCAPI = 0.886;
accessibility 0.96, accuracy 0.88.

6. AN-SingleR-19 (Annotation): SCAPI = 0.878;
accuracy 0.92, accessibility 0.88.

7. CL-UMAPOpt-18 (Clustering): SCAPI = 0.868;
scalability 0.94, robustness 0.88.

8. AN-CellTypist-21 (Annotation): SCAPI = 0.856;
accuracy 0.90, scalability 0.88.

9. TI-Monocle3-19 (Trajectory): SCAPI = 0.848;
accuracy 0.88, accessibility 0.88.

10. TI-RNAVelocity-18 (Trajectory): SCAPI = 0.842;
accuracy 0.90, robustness 0.84.
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