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Abstract

Over the past decade, single-cell datasets have grown in both size and complexity, enabling the
construction of large-scale cell atlases. Technical variability in data generation, also known as batch
effects, hinders meaningful comparisons. Although numerous batch correction algorithms have been
developed, they often struggle with overcorrection or undercorrection. Here, we review commonly
used data cleaning and integration methods. We envision that future frameworks will learn
interpretable gene and cell representations and achieve informed modelling of technical and
biological variation.

Introduction

The rapid expansion of single-cell RNA sequencing (scRNA-seq) technologies® has enabled deeper,
more sensitive, and more robust exploration of biological systems. However, batch effects often
obscure biologically meaningful signals and pose substantial challenges for downstream analyses. In
the absence of a universally-agreed definition*?, we define batch effects as sources of variation that
are irrelevant to the biological question of interest and that vary systematically across experimental
batches, also referred to as nuisance variables. Drawing from common batch correction practices,
we broadly classify batch effects into two categories (Fig. 1a), each addressed by a distinct class of
methods.

We define Class | batch effects as universally unwanted technical artifacts that arise from known
sources of variation introduced by experimental design. Till now, these include factors such as
variation of cell-free RNA contamination, mRNA capture efficiency, and sequencing depth across
batches. Such artifacts introduce technical noise that can obscure true biological signals and
confound interpretation across experiments. Class | batch effects are often addressed during data
preprocessing. These include procedures such as data normalization *, ambient RNA correction °, and
feature selection ®. While not always labeled as batch correction techniques, these methods
effectively reduce unwanted variation across datasets ’ and facilitate more effective data integration
>, Importantly, although data cleaning methods alone often result in undercorrection and may not
fully resolve batch effects, they can offer mechanistic insights into how specific technical factors
influence cell- or gene-level data distributions.
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In addition, we define Class Il batch effects as poorly characterized, batch-specific variation, which
may stem from both experimental and biological factors. Experimental sources include variability in
library preparation protocols, the use of cells versus nuclei for sequencing, and differences in tissue
dissociation methods. Biological sources encompass sampling location within tissues, and inter-
donor variability such as sex, age, and genetic background. Importantly, our definition of batch
effects is contextual and depends on the biological question being addressed. For example, donor-
to-donor variability may be considered a batch effect in studies aiming to identify conserved cell
types across individuals, but may instead represent a source of biological interest in investigations of
population-level heterogeneity. This class of batch effects is usually modeled by data integration
methods, often referred to as batch correction methods. These approaches aim to align biologically
similar cells across datasets by modeling and minimizing variation associated with batch covariates.

Despite extensive benchmarking efforts®*%™

, integration methods continue to face the challenge of
an imbalanced trade-off—either removing true biological variability (overcorrection) or failing to
fully eliminate technical noise (undercorrection), as illustrated in Figure 1b. For example, in the
construction of the Human Lung Cell Atlas®?, state-of-the-art integration approaches were applied

across 14 datasets. However, certain fine-grained immune cell types, such as megakaryocytes

|.'13 |.14

identified in the original study by Travaglini et al.,” and regulatory T cells identified in Braga et a

became indistinguishable due to overcorrection during integration.

In this Perspective, we summarise the current state of batch correction methods, focusing on both
data cleaning techniques that help mitigate batch effects and classic data integration approaches.
We discuss challenges arising from the unsupervised training of integration models on a per-dataset
basis, as well as limitations inherent to current batch correction practices. Finally, we highlight future
directions for the field to support the development of more explicit, informed and generalisable
batch correction methods.

Current batch correction methods

In this section, we summarise the development of data cleaning and data integration methods, with
a focus on their underlying batch correction strategies. Data cleaning methods typically rely on
general assumptions about the statistical signatures of technical artifacts—such as ambient RNA
contamination or low-variance features—without requiring batch identity information. These
approaches reduce noise factors that contribute to the overall batch effect by modeling these source
factors directly, without aligning batches or modeling inter-batch relationships.

In contrast, data integration methods aim to reconcile datasets by modeling the relationships
between samples from different batches. These approaches incorporate batch labels as inputs and
typically align data in a shared latent space to minimize batch-associated variation while preserving
biological signals.

We acknowledge that the boundary between these two categories is not always clear. For example,
some normalization and denoising procedures are embedded within integration pipelines, making it
difficult to classify them as standalone data cleaning or integration steps. In such cases, we clarify
the role of each method on a case-by-case basis throughout the manuscript. Below, we outline
representative methods from both categories (Figure 2).
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Data cleaning methods

In this section we discuss the first category of batch correction methods, often known as data
cleaning methods, focusing on sources of batch-related variance that can be explicitly modeled such
as ambient RNA correction, sampling depth, and feature selection.

Ambient RNA correction

Ambient RNA correction is crucial *** for droplet-based microfluidic devices that produce large
amounts of cell-free RNA that can be incorporated into individual droplets. This issue is particularly
pronounced in single-nucleus experiments *” due to the release of cytoplasmic RNAs during the
nuclei extraction step. Computational methods for ambient RNA correction may leverage empty
droplets, expression patterns across cell populations.

Methods that rely on empty droplet information, such as SoupX®, Cellbender®®, FastCAR", and
scAR%, share the assumption that cell-containing droplets and empty droplets capture the same
ambient RNAs, but differ in their modelling strategy. FastCAR uses a simple thresholding rule to
identify highly abundant genes in empty droplets and subtracts the maximum observed counts from
all cells, SoupX sequentially estimates and subtracts contamination on a per-cell basis, while both
Cellbender and scAR adopt Bayesian frameworks, with CellBender further accounting for barcode

swapping.

When raw count matrices are unavailable, tools such as DecontX?! and scCDC* can operate on
filtered data. DecontX infers contamination by comparing expression profiles across clusters,

whereas scCDC detects and targets only “global contamination-causing genes.”

While downstream steps like highly variable gene selection may buffer against residual ambient
noise, remaining contamination can still confound interpretation, especially in single-nucleus data,

highlighting the need for systematic benchmarking in these contexts®.

Sampling depth

Major attention has been paid to variation in sampling depth, including capture efficiency and
sequencing depth, which is an issue shared by both bulk and scRNA-seq. This issue has been typically
addressed by normalization methods that either model count data using statistical distributions
(e.g., poisson or negative binomial) or apply scaling factors and variance-stabilising transformations
during preprocessing. For instance, the default data normalisation strategies in two widely used
differential expression packages, edgeR* and limma?®, developed for bulk RNA-seq or microarrays
can be applied to pseudo-bulked scRNA-seq data. edgeR models expression counts using a negative
binomial distribution, while limma instead uses voom, which log transforms counts-per-million
(CPM) and empirically estimates the mean-variance relationship, a process conceptually related to
the delta methods.
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However, methods developed for bulk RNA-seq data were not optimised to handle high dropout
rates characteristic of scRNA-seq data. Consequently, researchers introduced zero-inflated negative
binomial and zero-inflated poisson distribution to better represent scRNA-seq distributions?, though
later studies have challenged their necessity?’°. Alternative transformations have since been
proposed: scran®' improves size factor estimation by pooling cells, and Hafemeister and Satija®? apply
Pearson residuals derived from a regularized negative binomial regression that pools information
across genes of similar abundance. Several studies have benchmarked normalization methods and
pipelines ¥*3>. The most recent effort * provides a comprehensive theoretical and empirical
evaluation of normalization strategies for single-cell RNA-seq data. Their benchmarking results
reinforce the common practice of applying a loglp transformation to library size—normalized counts,
which often performs as well as or better than more complex alternatives. Notably, the ratio of the
pseudo-count to the normalization factor can substantially influence the transformation, particularly
for lowly expressed genes **. While offering a theoretical perspective on how different normalization
strategies affect genes across expression ranges and distributions, the authors* emphasize that
theoretically optimized methods and hyperparameters frequently offer limited practical benefits.
Although their findings favor the shifted logarithm approach—potentially at odds with other studies
recommending Pearson residuals—they caution that benchmarking outcomes are highly context-

dependent and may vary with dataset and downstream application.

Feature selection

As associations between subtypes of batch effects and gene programs gain increasing attention, it
has been noted that feature (gene) selection strongly influences the prominence of batch effects.
Selecting a small panel of marker genes, exemplified by traditional multiplex FISH (Fluorescence In
Situ Hybridization), can confidently label cell states without concern for batch effects, but this
approach depends on prior information and only captures a subset of the transcriptomic variation.
Conversely, including all expressed genes in downstream analyses without further corrections often

introduces noise and obscures meaningful cell-state features.

To balance coverage and specificity, the concept of highly variable genes (HVGs) was introduced to
systematically prioritize biologically informative genes, typically those with high variance-to-mean
ratios ¥. This assumes that such genes reflect biologically relevant cellular variation more than
technical noise. While HVG-based selection is now a standard preprocessing step, it remains
imperfect: selected genes may still be influenced by batch-specific effects or technical artifacts.
Alternatively, GiniClust *® uses Gini index to select feature genes for rare cell types. M3drop * can
identify genes with unusually high zero prevalence. DeepTree *° and DUBStepR * leverage co-
expression patterns between genes to enrich signals against transcriptional noise. These methods
show improvement in downstream analyses but have challenges in establishing appropriate cutoffs

and often do not reflect the non-linear component of gene expression.

Beyond ad hoc unsupervised feature selection, curated gene sets are also often utilised for data
cleaning and batch correction. The level of cellular stress during tissue dissociation is hallmarked by
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the ‘Immediate early genes’ ** such as those encoding Activator protein 1 (AP-1) (Fos and Jun gene
families). Some researchers handle this using a simple linear regression against the average

expression profiles of the list of ‘stress genes’ ** in the hope of eliminating the stress-induced portion

of batch effects. Similarly, cell cycle genes** 4% 46:47.48

are often treated as unwanted variability,
though they can both obscure and reveal important biological states *. More recently, Zhou et al.*°
proposed a gene-level perspective on batch correction by introducing the Group Technical Effects
(GTE) metric to quantify batch sensitivity at the level of individual genes. They identified highly
batch-sensitive genes (HBGs) and showed that removing HBGs can reduce batch effects. This insight
supports the view that gene attributes contribute to cell type/state and batch effect to different

degrees and that more sophisticated feature selection/weighting strategies are needed (Figure 3).

Currently, there is only one benchmarking study® on feature selection. It systematically evaluated 13
feature selection strategies across 12 datasets. Their findings reinforce the effectiveness of
unsupervised feature selection applied after variance-stabilizing transformations, such as log-
normalization or Pearson residuals, approaches that remain widely used due to their consistency
across tasks like clustering and classification. In contrast, marker-guided or supervised feature
selection approaches showed biased and inconsistent performance across datasets, while batch-
aware feature selection methods yielded mixed results. Together, this benchmarking, along with
insights from HBGs, highlights the potential and challenges of integrating unsupervised strategies

with curated knowledge for feature selection.

Data integration methods

While data cleaning is an essential preprocessing step for removing Class | batch effects, many batch
effects in single-cell data remain in the Class Il category, batch-specific, poorly characterized, and
driven by diverse technical or biological conditions. To address this, data integration methods have
been developed to provide more flexible, agnostic, and often non-linear frameworks capable of
correcting such complex batch effects.

In this section, we categorize integration methods based on the type of input information they use
to model and correct batch variation, with their respective characteristics summarized in Table 1 and
Figure 2. These categories include:

1. Batch covariates conditioned methods that incorporate user-defined batch covariates—
such as sample ID, donor, or technology—via mutual nearest neighbor (MNN) identification,
conditional modeling, adversarial objectives, or contrastive learning (CL) to adjust for more
structured sources of variation.

2. Biological covariates conditioned methods that additionally incorporate biological
covariates to avoid overcorrection and improve interpretability; these may use the same
modeling strategies as batch covariates conditioned methods but extend them to
disentangle biological and technical variation.

3. Reference-query approaches that leverage pre-trained models and annotated reference
datasets to extract batch-corrected representations for new query data.
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Batch covariates conditioned methods

The first category of integration methods aims to eliminate batch effects by leveraging user-defined
batch covariates, assuming that variation associated with these covariates reflects technical rather
than biological differences. These methods typically require one or multiple batch covariates as input
and seek to learn batch corrected cell embeddings through MNN identification, conditional

51, 52

modeling, batch-aware sampling strategies ** °?, adversarial objectives®***, or CL.

In 2018, Haghverdi et al. pioneered the concept of MNN >, establishing the first dedicated single-cell
batch correction method. MNN introduced cell-level batch effect correction by quantifying
systematic differences between cells identified as mutual nearest neighbours across batches.
Subsequent methods have adopted this foundational concept, advancing scalability, refining learning
strategies, or extending the framework to cluster-level relationships. Noteworthy advancements in
scalability include fastMNN *¢, a computationally optimized implementation developed by the same
authors, and scanorama >’ which repurposed computer vision algorithms and still remains one of the
top performing methods on complex integration tasks °. A related concept is employed in Seurat 3 *
which identifies “anchor points” between datasets through canonical correlation analysis. Another
subset of related methods extends the cell neighbour concept from individual cells to cell clusters,
such as scMerge *°, HDMC %, and BERMUDA °. These approaches argue that batch correction based
on paired cell cluster neighbours, rather than paired individual cell neighbours, yields both improved
robustness and scalability.

A majority of methods identify batch-corrected latent representations for every cell via matrix

58, 57, 62 63,6485 in particular, variational autoencoders

factorization or deep learning architectures
(VAEs). A prominent example is scVI, which uses a conditional VAE (CVAE) architecture and negative
binomial distribution for modelling counts. Batch covariates are passed through both the encoder
and decoder networks, enabling the model to condition its reconstruction on batch information.
Based on this paradigm, trVAE and related methods  extend this framework by incorporating
maximum mean discrepancy (MMD) penalties to enforce batch invariance in the latent space.
However, benchmarking studies suggest that even the base CVAE architecture used in scVI offers
reasonably effective batch correction in the learned cell embeddings, particularly for preserving cell

type information.

An orthogonal approach is CL, which seeks to align cells of the same type across batches by
minimizing distances in the latent space. This is implemented using a contrastive loss applied to
carefully constructed positive and negative pairs, typically defined via data augmentation or label
supervision. A recent method, CONCORD??, introduced a contrastive learning-based data
integration method by integrating a probabilistic sampling strategy. This strategy ensures that mini-
batch training is not confounded by batch effects and draws cells from local neighborhood graphs to
preserve biologically meaningful structure.

Biological covariates conditioned methods

While unsupervised methods aim to learn cell embeddings that are independent of batch covariates,
they can inadvertently obscure critical biological signals, such as cell type identity or disease-
associated variation, during the integration process. To mitigate this, another category of
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integration methods incorporates biological covariates, such as partial cell type labels ®, to guide the
learning of cell embeddings through semi-supervised or supervised frameworks.

Early approaches rely on parametric or non-parametric regression models, offering flexible
frameworks to incorporate both batch covariates and biological covariates of interest. For instance,
ZINB-WaVE % and GASPACHO *® can include biological covariates in the predicting variables and uses
zero-inflated negative binomial and gaussian processes respectively for parametrization, thereby

1% and scPoli”

preserving biologically meaningful signals during correction. More recently, scANV
have extended the CVAE architecture to incorporate partial cell type annotations. The method
scANVI, part of the scVI-tools framework, is a probalistic model that use deep learning modules to
approximate posterior distributions. scANVI enables semi-supervised learning through conditioning
on labelled data and marginalizing over unlabelled data while scPoli calculates a prototype loss
computed on labeled cells. Both methods report improved preservation of cell type information

without compromising batch correction performance.

With the rise of population-scale scRNA-seq datasets and high-throughput perturbation screens, the
goals of data integration have expanded. Merely preserving discrete cell type identities, while still
important, is no longer sufficient. More subtle biological signals—such as inter-individual variability
or disease-associated shifts—have become increasingly relevant for translational applications like
patient stratification and drug response prediction. Recent integration methods are beginning to
reflect this shift. For instance, scPoli, though primarily designed for label-guided integration and cell
type transfer, also learns sample-level embeddings, which can possibly capture richer biological
variation such as disease state or donor-specific effects. Similarly, mrVI’*, another extension of scVI,
models cell embeddings with baseline (sample-invariant) cell states and sample-level covariates
within a causal generative framework, producing a sample-sample distance matrix per cell.

More broadly, a growing number of methods aim to learn more interpretable representations. These
include models that learn cell-level embedding predictive of biological covariates (inVAE’?), or
modularize latent spaces to represent specific covariates (CelIDISECT”, biolord™, scDisInFact™. These
approaches represent a shift toward more interpretable, and causally informed data integration
strategies that better accommodate complex sources of biological variation.

Reference-query approaches

The third category of integration methods adopts a reference-query mapping framework, which
leverages pre-trained, annotated reference atlases to extract batch-corrected biological signals from
new datasets. With the emergence of large, high-quality atlases’* and growing evidence supporting
the effectiveness of reference-based mapping for integration and disease-associated cell state
discovery’®, this approach has gained substantial traction. Here, we discuss reference-query mapping
methods, particularly those involving foundation models.

The use of reference datasets and transfer learning is well-established in fields such as computer

vision and natural language processing, and similar strategies are increasingly being adopted in

)77

single-cell genomics. Early examples include tools such as Azimuth (from Seurat)”, singleR %, and

CellTypist”. scArches builds on this strategy by minimizing the computational cost of using and
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updating reference models and uniquely enabling seamless compatibility with community-
contributed pretrained models across diverse architectures.

Community curated datasets and recent architectural advances such as transformers have laid the
groundwork for foundation models capable of learning generalizable gene and cell embeddings.
Notably, Geneformer®® was among the first to apply transformer architectures, originally developed
for NLP and computer vision, to single-cell data. Trained on tens of millions of cells, Geneformer
learns universal gene embeddings that can be fine-tuned for tasks such as regulatory network
inference.

Transformer-based gene-centric foundation models primarily learn semantic representations of
genes and obtain cell embeddings by aggregating gene embeddings (Geneformer °, scFoundation &)
or via a class token (scBERT #, scGPT #, UCE *) or both (GeneCompass ¥, scPRINT #). More recently,
Tabula ¥, introduces a joint training objective that combines gene-wise reconstruction with cell-wise
contrastive learning, enabling the simultaneous optimization of both cell and gene embeddings. In
gene-centric foundation models, batch correction is typically treated as an optional downstream
task, addressed during fine-tuning rather than pretraining.

In contrast, SCimilarity ® is a cell-centric foundation model that integrates biological supervision into
pretraining. It ®incorporates author-provided cell type labels across a diverse dataset across organs
and diseases in its pretraining stage using contrastive learning, enabling more biologically informed
representations. ¥

Recent benchmarking studies have highlighted the importance of unbiased assessment of zero-shot

capabilities for foundation models. Kedzierska et al. ®

applied scGPT and Geneformer, as well as
baseline methods including Harmony and scVI to 5 scRNAseq datasets and followed the Luecken et
al.? strategy for assessing data integration performance. Their results revealed that the performance
of foundation models varied across datasets and did not consistently outperform baseline methods.
Liu et al. *° reviewed seven foundation models and two other data integration methods and
benchmarked their batch correction performance on 11 scRNAseq datasets. For batch correction,
they observed that Harmony frequently gave the best performance. These findings suggest that the
generalizability of foundation models across batches largely stems from the fine-tuning phase,
rather than being intrinsically enabled by pre-trained embeddings, challenging the notion that

pretrained representations inherently capture batch-invariant structure.

Current gap

Despite rapid advances of data cleaning and integration methods, current batch correction practices
have neither eradicated over- and under-correction issues, nor reached reasonable levels of
interpretability which are key for thorough data interrogation and future experimental design.

First, there is a lack of guidance on batch covariate selection. It is not uncommon for individual
studies to include overlapping covariates, such as simultaneously using dataset identifiers,
experimental technology and sample IDs, resulting in unnecessarily complex models and running the
risk of overcorrection. This issue is further exacerbated by the lack of robust and standardized

|12

evaluation metrics for biological signal preservation. Sikkema et al. ** addressed this challenge in the
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construction of the Human Lung Cell Atlas by prototyping a principal component regression
approach for relevant batch covariates'. This data-informed strategy for batch covariate selection
was shown to effectively improve batch correction performance but its generalizability across
datasets and modalities remains to be validated. Till now, the default and widely adopted approach
continues to be the use of sample identifiers as the primary, if not only, batch covariate.

Second, a common practice in data integration methods is to fit a model from scratch for each
integration project, raising concerns about the validity and robustness of the downstream
discoveries. Most current data integration methods infer batch related variance solely from the
input data, often using small sample sizes and imbalanced experimental design, which limits their
ability in learning robust cell embeddings. Repeatedly training individual models on small, isolated
datasets without leveraging or contributing to existing atlases is also an inefficient use of analytical
resources. One way to overcome this challenge is through transfer learning from a pre-trained
model or an existing high-quality integrated atlases'?’®%’. However, such atlases are still relatively
scarce, limiting the broader adoption of this approach.

Third, current data integration models offer limited insight into the origin and impact of batch
effects, or the nature of common technical sources of variability. For example, 5’ scRNA-seq,
necessary for VDJ-seq (Variable, Diversity, Joining-sequencing) and CITE-seq (Cellular Indexing of
Transcriptomes and Epitopes by Sequencing) favours slightly different genes than 3’ scRNA-seq®.
Single nuclei RNA sequencing (snRNA-seq) which is required for certain tissues may deplete specific
genes” (Fig. 3). Despite these known technical biases, it is often unclear which genes have been
corrected for which batch covariates by current data integration methods. Moreover, there is little
guidance on how experimental design can be further optimized to minimize batch effects,
highlighting a need for greater transparency and interpretability in integration pipelines.

Moreover, existing datasets lack comprehensive metadata information for developing more
sophisticated methods. Metadata containing technical information for current publicly available
datasets are often error-prone, incomplete and sometimes absent’®. Even more challenging is the
scarcity of biological metadata such as age, disease state, infection state, and relatedness that
contribute to the overall variations in the single cell data, often limited by privacy concerns and gaps
in data collection. This disorganization and inconsistency in metadata severely compromise the
training of novel batch correction models that rely on database-wide datasets.

Compounding these challenges, current single-cell datasets, especially those with diseased cohorts
are still in small sizes. This limits the development and application of transformer-based data
integration methods, despite promising early results. This stands in contrast with natural language
processing (NLP), where large and homogeneous datasets enable strong performance by fine-tuning
and reinforcement learning with human feedback (RLHF). For single-cell biology to achieve
comparable advances, larger and more diverse datasets are needed, capable of capturing the
complexity of biological variation in a manner analogous to how large language models (LLMs)

represent human language.
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Future perspectives

Current batch effect correction methodologies are hampered by a lack of standardized practices,
limited interpretability, and incomplete metadata in many publicly available datasets. Addressing
these challenges will require a multifaceted approach. Here, we offer recommendations for
improving current batch correction practices, developing future data integration methods,
establishing better evaluation frameworks, and conducting retrospective studies.We also encourage
community-driven standards for knowledge curation to gradually convert Class Il effects to Class |

effects.

First, transfer learning from well-annotated cell atlases should be adopted as a standard practice. By
leveraging pre-integrated datasets as references, researchers can reduce reliance on dataset-specific
integration, while preserving key biological signals. This is particularly relevant for projects with
limited biological controls or underrepresented conditions. Dann et al’® recently demonstrated that
leveraging existing atlases to identify disease-associated cell states can enhance batch effect
correction, even as atlases evolve. Establishing such practices as a standard step in data analysis

pipelines could greatly enhance consistency and interpretability across studies.

Second, data integration methods can be further improved by learning interpretable embeddings for
both cells and genes. Cell-centric models like drVI and CellDisect, focus on disentangling technical
and biological variation, often producing cell-level embeddings that directly support tasks such as
cell clustering, cell type classification, and differential expression analysis. These models are often
straightforward to evaluate, as cells can be directly linked to donor identity or experimental
condition. In parallel, gene-centric transformer-based models learn embeddings for a fixed biological
vocabulary, the named genes, unlocking the potential to capture fundamental gene-gene
relationships. These representations can be directly connected to prior knowledge stored in existing
literature and curated resources such as gene ontologies, pathway databases and gene set
collections. Ideally, future data integration methods will bridge these strengths and provide
meaningful representations in both cell and gene levels, thereby enabling more informed batch

correction performance.

Third, benchmarking frameworks require substantial updates to keep pace with recent advances in
data integration, particularly foundation models and methods that model sample-level covariates or
disentangled embeddings. Current evaluation metrics often assume discrete labels and overlook the
continuous nature of biological variation, such as developmental gradients or disease severity. Thus,
models that perform well on traditional benchmarks can fail to preserve subtle and secondary

6192 3im to address these limitations,but

signals. Newer metrics such as scGraph' and Milo scores
these approaches require broader community validation and adoption. Additionally, emerging
integration methods that model sample-level biological variation introduce new benchmarking
challenges. Evaluating properties such as disentanglement and causal effect estimation may help
clarify model behavior and guide downstream validation experiments. For foundation models,

systematic benchmarking should evaluate batch correction performance across both zero-shot and
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task-specific fine-tuning stages, while also considering factors such as tokenization schemes and
class imbalance '@, These assessments could offer valuable insights into how design choices

influence generalizability and biological fidelity.

Moreover, retrospective meta-analyses offer a promising route toward more interpretable and
systematic approaches for batch correction. Curated gene sets that disentangle cell state, cell cycle,
and technical noise, along with recent gene-level analyses such as the Group Technical Effects (GTE)
framework *°, underscore the value of linking gene programs to known sources of variability (Figure
3). As Al tools increasingly facilitate the integration of heterogeneous knowledge sources, the
opportunity to codify batch-related patterns is expanding. However, much of the contextual
information needed for this remains inconsistently recorded or absent from public datasets. Meta-
analysis studies can help close this gap — potentially converting some groups of Class Il batch effects
to Class | batch effects. Expert curation should play a central role in both conducting these studies
and interpreting their findings. In turn, results from such meta-analyses could yield curated gene
sets tailored to specific batch scenarios. '®The results can also flag challenging scenarios where
expert opinions are most critical for expert-in-the-loop feedback systems ' in future foundation

model construction.

Finally, future data and analyses must be shared in standardized, FAIR (Findable, Accessible,
Interoperable, and Reusable) compliant formats. For example, collaboration between the Human
Cell Atlas (HCA) and Cell Ontology is crucial in bridging data-driven insights and structured,
community-maintained knowledge resources'®. By anchoring model development and evaluation to
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evolving ontologies and shared community frameworks */, we can ensure that batch correction

strategies remain interpretable, comparable, and widely usable.

In summary, the past decade has brought substantial progress in both data cleaning and data
integration methods, each addressing batch effects from distinct yet complementary perspectives.
Data cleaning approaches are grounded in specific assumptions about technical artifacts and aim to
correct well-characterized sources of variation. Data integration methods, by contrast, often deliver
better correction performance but can lack interpretability. Looking ahead, we envision that the
most effective strategies will integrate the strengths of both paradigms—combining the
interpretability and specificity of data cleaning with the scalability and flexibility of modern
integration techniques. Achieving this will require not only algorithmic innovation, but also
systematic, expert-guided efforts in metadata curation, benchmarking, and knowledge transfer.
Collectively, these developments will lay the groundwork for more robust reference atlases and
enable reference-based analyses that are resilient to batch effects—ultimately reducing the need for

post hoc batch correction.
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Figure 1. Overview of the batch effect categories and limitations of correction methods. A) Classes
of batch effects and their correction methods. Typically, Class | includes ambient RNA, empty droplet
calling, capture efficiency and sequencing depth; Class Il includes other technical factors such as
plate vs droplet platforms, single-cell vs single-nucleus sequencing, sample processing protocols, and
more broadly donor variability. B) lllustration of batch correction outcomes in a two-dimensional
feature space. Raw: Uncorrected data, showing batch-driven separation of biologically similar cells.
Undercorrection: Incomplete removal of batch effects, resulting in residual technical variation across
batches. Overcorrection: Excessive correction that removes true biological differences, leading to
artificial alignment of distinct cell types. True: Ideal outcome in which batch effects are effectively

removed while preserving genuine biological variation. Dim 1: Dimension 1. Dim 2: Dimension 2.
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A) Vertical layout: Methods are arranged along a vertical timeline according to their publication
date. Data integration methods (left) and data cleaning methods (right) are grouped into
subcategories using tree-like branching structures to reflect methodological lineages and
distinctions.B) Horizontal layout: An alternative view of the same methods arranged along a
horizontal timeline. Data cleaning methods (top) and data integration methods (bottom) are divided

into subcategories, with each subcategory represented by a distinct colour.
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Figure 3. Conceptual diagram of a gene’s contribution to the overall transcriptomic signature.
Genes are mapped into a multidimensional space (left) with weightings in the direction of cell
type/state, cell cycle, noise, or technical effects. Representative genes in different regions of the
hyperspace are highlighted in italic. The dashed circle in the centre roughly represents where highly
variable genes are depleted. The technical effects are further decoupled into dimensions (right)

based on the specific sources. sc: single cell. sn: single nucleous.

Tables

Table 1: Summary of data integration methods. Each row summaries a method. The Usability
notes* column mean: 4 means published packages with documentation and tutorials, demonstrated
continued maintenance through code updates or ecosystem; 3 means recently published packages
with documentation and tutorials with code updates within last year; 2 means published packages
with documentation and tutorials, but no code updates within last year; 1 means published packages
or scripts with minimum documentation.
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