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Abstract

Motivation: Single-cell analysis offers insights into cellular heterogeneity and indi-
vidual cell function. Cell type annotation is the first and critical step for performing
such an analysis. Current methods mostly utilize single-cell RNA sequencing data.
Several studies demonstrated improved unsupervised annotation when combining
RNA with single-cell ATAC sequencing, but improvements in supervised methods have
not been explored.

Results: Single-cell 10x genomics multiome datasets containing paired ATAC

and RNA from human peripheral blood mononuclear cells (PBMC) and neuronal
cells with Alzheimer’s Disease were used for supervised annotation. Using linear

and nonlinear dimensionality reduction methods and random forest, support vector
machine and logistic regression classification models, we demonstrate the improve-
ment in supervised annotation and prediction confidence in PBMC data when using
a combination of RNA seq and ATAC-seq data. No such improvement was observed
when annotating neuronal cells. Specifically, F1 scores were improved when using
scVl embeddings to annotate PBMC sub-types. CD4 T effector memory cells showed
the largest improvement in F1 score.
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Introduction

Single-cell sequencing technologies allow for detailed profiling of individual cell phe-
notypes, enabling downstream analysis like differential gene and protein expression. By
leveraging multimodal technologies such as the 10X multi-omics protocol [1], and com-
putational techniques like Seurat V3 [2], it becomes possible to generate multi-modal
profiles of cellular phenotypes. For instance, single-cell RNA sequencing reveals gene
expression profiles, while single-cell ATAC sequencing identifies accessible chromatin
regions across the genome using Tn5 transposase [3]. These RNA and ATAC profiles can
be utilized to construct gene-regulatory networks, describing the interactions between
genes and regulatory DNA regions. [4]. Cell annotation, the identification of cell types,
is a crucial step for such analyses, with the accuracy of downstream analyses being
dependent on the quality of cell annotation. While Fluorescence-Activated Cell Sort-
ing (FACS) serves as the gold standard for cell annotation, its practicality is limited for
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large single-cell datasets due to high costs and practicality issues when analyzing thou-
sands of cells [5]. Instead, unsupervised and supervised machine learning approaches
are employed to quickly provide predicted cell annotations. Unsupervised methods have
been widely used for cell annotation, but supervised methods have not been explored as
deeply.

Cell annotation methodologies

Accurate identification and annotation of cell types is a critical step in single-cell
sequencing analysis. Cell annotation methodologies can be categorized into two main
methodologies: unsupervised and supervised. Unsupervised annotation involves clus-
tering cells based on their sequencing profile, typically using RNA profiles. Subse-
quently, differentially expressed genes are identified in each cluster and compared to
marker gene lists for potential cell types. [6]. Some methods also incorporate the use of
under-expressed/negative gene markers to enhance annotation [7]. However, there are
limitations to this approach. Firstly, cell subtypes may exhibit similar levels of expres-
sion for marker genes, hindering their discrimination [8]. Moreover, annotations are not
standardized, leading to reduced reproducibility between experiments [9]. Lastly, man-
ual annotation is laborious and time-consuming due to the need for individual inspec-
tion and comparison of clusters to known literature marker genes [9].

On the other hand, supervised annotation methods utilize classification models for
cell annotation. These models are trained on a reference dataset with a similar cell-type
composition as the unannotated dataset. The advantage of this approach is that the
model is data-driven in its selection of features for determining annotation, rather than
being literature-driven as in the unsupervised approach [10]. Additionally, supervised
annotation workflows have the potential to use features previously unknown to discrim-
inate between cell types.

While ATAC datasets are typically labeled using a reference RNA dataset [11], despite
the fact that RNA enables greater cell type discrimination, ATAC data has not been fully
utilized to enhance RNA classification. Given that cell types are often better differenti-
ated at the epigenetic level, there is potential for ATAC to capture cell states that can-
not be captured at the RNA level, particularly in cell subtypes such as those in T cells
[12]. The additional epigenetic information captured by ATAC could therefore improve
supervised cell classification of cell subtypes, especially in highly heterogeneous tissues
such as cancers [13].

Integrating single-cell RNA and ATAC
One approach for simultaneously sequencing RNA and ATAC profiles at the single-
cell level involves the use of microfluidics to isolate cells into separate droplets. In this
method, cells are tagged with unique barcodes and then lysed. The RNA undergoes
reverse transcription into barcoded ¢cDNA for transcriptomic profiling, while the DNA
provides epigenomic profiles, generating RNA and ATAC profiles for each cell. Exam-
ples of this approach include SNARE-seq [14] and the 10x multiomics protocols [15].
Another methodology, combinatorial indexing, employs multiple rounds of indexing
to label cells. In each round, cells are randomly distributed across multiple wells and
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tagged with a unique barcode specific to that well, resulting in a unique combination
of barcodes to identify cells. Examples of this methodology include SNARE-seq2 [16]
and SHARE-seq [17], offering the advantage of potential higher-throughput multi-omic
sequencing.

Commercial methods like the 10x multi-omics protocol have strong support and
easier software integration. For instance, the single-cell sequencing Python package
Scanpy [18] provides readily available functions to read data generated specifically from
10x protocols. These multi-omic datasets can then be utilized to enhance annotations
for unsupervised pipelines [19], unimodal datasets [20—22], or to integrate many -omic
datasets simultaneously [23]. This integration is achieved by assuming that the relation-
ship between RNA and ATAC from the unimodal datasets can be accurately derived
from the multi-modal dataset.

Improvements in supervised annotation

In the pre-processing pipeline for annotation, dimensionality reduction plays a crucial
role. Neural networks can enable embeddings to capture more complex, non-linear rela-
tionships for multi-modal co-embeddings [24] or unimodal embeddings using Genera-
tive Adversarial Networks [13]. For instance, the single-cell Variational Inference (scVI)
autoencoder utilizes an assumption of the zero-inflated binomial distribution of RNA
data to improve the latent representations (encoding) and in the generation of new RNA
samples (decoding) [25]. These latent variables are modeled using a probability distribu-
tion that conditions for batch number, allowing for correction of batch effects. However,
a limitation of these approaches is that neural networks, with their greater representa-
tional capacity, are more likely to fit to noise than linear methods, which is common in
single-cell sequencing datasets [26]. Denoising methods exist for ATAC [27] and RNA
[28], yet autoencoders have reduced interpretability compared to linear methods such
as principal component Analysis (PCA) and CCA, which hinder the identification of
peaks/genes driving differentiation into rare cell sub-types.

ATAC datasets are more sparse than RNA due to the abundance of closed chromatin
sites across the entire genome [11], making methods such as PCA more computationally
challenging [29]. Additionally, classifiers exhibit differences in their utility for supervised
annotation, with nonlinear classifiers such as the SVM showing slightly stronger clas-
sification performance than linear models when using unimodal RNA data [9, 10] and
unimodal ATAC data [30]. However, whether non-linear dimensionality reduction and
classification models are needed to exploit ATAC features for improved annotation has
not been fully explored.

It could be assumed that adding additional task-related information should improve
model performance. However, the belief that ATAC features are task-related is an
assumption that should be tested because the amount of relevant signal will depend on
the tissue that cells belong to. Importantly, these benefits may be tissue-dependent. This
means that the common-sense assumption may only hold true for certain biological con-
texts due to differences between tissues in the amount of cell-type distinction occurring
at the epigenetic (ATAC) level. Similarly, there may be differences in ATAC utility for
labelling specific cells within a tissue, again due to differences in the level of epigenetic

encoding occurring in cells within a tissue. These findings are relevant to investigate as
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they have implications for determining the contexts where RNA + ATAC annotation
methods should be employed, or where RNA-only methods can be used for sequencing
and/or annotation, potentially saving costs (via cheaper RNA-only sequencing), reduc-
ing dataset size and simplifying the annotation process. This would serve to guide use-
cases for RNA + ATAC-based supervised annotation.

Research objectives

Our study aimed to compare the impact of different models for dimensionality reduc-
tion and classification on the utility of adding ATAC features. We also aimed to inves-
tigate how the predictive power of ATAC differed between immune cells and neuronal
cells, due to the difference in epigenetic distinction occurring between tissue types. This
would serve to guide use-cases for RNA + ATAC-based supervised annotation. Addi-
tionally, we sought to investigate epigenetic distinction occuring how the utility of ATAC
features varied across different cell types and the level of granularity used to differentiate

between these cell types.
Methods

Dataset description

Figure 1 shows an overview of the supervised annotation workflow. The datasets utilized
in this study consisted of single-cell 10x genomics multiome datasets containing paired
ATAC and RNA measurements. The first dataset comprised 11,909 human peripheral
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Fig. 1 Overview of supervised annotation workflow. Fig. 1 illustrates an overview of the supervised
annotation workflow, which involved three primary steps. Initially, a 10x Genomics multi-omic (RNA

+ ATAC) sequencing dataset detailing peripheral blood mononuclear cells (PBMC) or neuronal cells
underwent rigorous quality control (QC) procedures. Subsequently, ground truth labels were derived
through a pre-processing pipeline, followed by weighted nearest neighbors (WNN) clustering and marker
gene-based annotation. These labels served as the ground truth for the supervised classification models.
The final step involved generating 10 bootstrapped train and out-of-bag (OOB) test sets. This was followed
by pre-processing and dimensionality reduction using principal component analysis (PCA) or single-cell
Variational Inference (scVI). Classification was then performed using support vector machine (SVM), random
forest (RF), or logistic regression (LR) models. Models utilizing RNA-only embeddings were compared to those
utilizing RNA and ATAC
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blood mononuclear (PBMC) cells from a healthy female donor aged 25. Granulocytes
were excluded via cell sorting. Sequencing was conducted using the Illumina Novaseq
6000 v1 kit and subsequent quality control and pre-processing (Supplementary Meth-
ods). The second dataset encompassed 10,530 neuronal cells obtained from seven
patients diagnosed with Alzheimer’s Disease (AD) (mean age 78 years) and eight unaf-
fected controls (mean age 63 years). Quality control and annotations for the AD dataset
were derived from a prior study.

Ground truth labelling

Using a third-party dataset would have reduced the amount of subjective bias in the
manual annotation process used to generate the ground truth labels. However, the third-
party labelled datasets available at the time of this study were labelled using only the
RNA profiles of the cells. Such labels would be biased towards RNA-only models since
any signals in the ATAC features would not have been considered when generating
ground truth labels. Therefore, the only way to study the impact of ATAC features was
to self-generate labels. This introduces some subjective bias in the ground truth labels,
which we aimed to minimize by using best practices for manual annotation. Multi-modal
clustering was used to take advantage of signals from both RNA and ATAC modalities.
First, PCA was applied to the entire dataset (as annotations would serve as the ground
truth). Then, the WNN method for calculating cell-cell distances [19] was implemented
using the 'neighbours’ function in Muon [50]. This was used with the Leiden clustering
method [31]. Clusters were then annotated using manual annotation (Supplementary
Methods).

Supervised learning pipeline

Bootstrapping

Bootstrapping was performed to control for variability in the training and test set data
splits. Out-of-bag validation was performed by generating 10 training datasets via sam-
pling with replacement from the original dataset, where each bootstrap sample was
100% of the original sample size.

Dimensionality reduction

Embedding was performed on pre-processed data using two methods: PCA and scVI
autoencoder. The Scikit-learn [32] implementation of PCA was fit to each training
dataset and used to transform each train-test bootstrap pair. Scvi-tools [33] was used
to implement the scVI autoencoder as another method for embedding. This was per-
formed independently for each modality, with the parameters discussed in Supplemen-
tary Methods.

Classification models

Classification models were implemented using the Scikit-learn implementation of ran-
dom forest classifier (RF), support vector machine (SVM) and logistic regression (LR).
Each model was trained on 10 bootstrapped datasets of the embedded data, and tested
on corresponding out-of-bag datasets, with separate pre-processing pipelines. Bal-
anced class weights were used for each model to adjust for class imbalance. Within each
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bootstrap dataset, hyperparameter tuning was performed using five-fold cross-valida-
tion. Table S1 shows the hyperparameter grid used for each model.

Model evaluation

Unsupervised metrics

PCA and scVI-embedded training datasets were visualized in two dimensions using Uni-
form Manifold Approximation and Projection (UMAP) [34] and labelled using ground
truth labels. Silhouette scores were calculated using Euclidian distances calculated from the
PCA and scVI embeddings for each of the bootstrap training and out-of-bag test sets. Sil-
houette scores were reported as the median and IQR due to a small sample size (10) and

non-normal distribution.

Supervised metrics
Proportion of ambiguous predictions

The Proportion of Ambiguous Predictions (PAP) score metric was developed as a method
for measuring supervised model confidence based on the polarity of predicted prob-
abilities. This was because supervised annotation methods typically leave low-confidence
predictions unannotated as they may be of a cell type not represented in the reference/
training dataset. Therefore, PAP scores would indicate the tendency of models to leave cells
unannotated.

Models were trained on each bootstrap training set and prediction probabilities for each
class were extracted for the corresponding OOB test sets. The empirical cumulative distri-
bution function (ECDF) was calculated using these prediction probabilities. PAP scores for
the i class/cell type were then calculated as the proportion of predictions that fall between
the 0.1 and 0.9 quantile points:

PAP; = ECDF;(0.9) — ECDF;(0.1). (1)

PAP scores for the i class were reported as the median and IQR over 10 bootstrap sam-
ples for a given model. Other classification metrics are described in the Supplementary
Methods.

Statistical analysis

Since metrics did not show sufficient evidence of normality, non-parametric tests were
used to compare models using RNA and ATAC (RNA + ATAC) to RNA alone. RNA-based
models have been shown to outperform ATAC-based models for cell annotation due to the
higher predictive power of the transcriptome, so RNA + ATAC models were compared
to RNA-alone rather than ATAC-alone [11]. The Wilcoxon-signed rank test was used as
model performance metrics were paired by the given bootstrap sample. This approach has
been previously recommended for supervised classification because it has increased power
where paired t-test assumptions are violated due to the lack of normality that is often seen
when comparing classifiers [35]. Multiple testing adjustment was then performed (Supple-
mentary Methods). The importance of RNA and ATAC components was investigated using
a lasso regression model [51], and correlations within scVI components were calculated
using Pearson correlation coefficients (Supplementary Methods).
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Results

ATAC increases separation between cell type embeddings

To visualize how ATAC features alter the discriminability of cell populations, UMAPs
were applied to the PCA and scVI embeddings of the bootstrap training samples with
and without the ATAC features. Figure 2(A-D) shows a scatter plot of the first two
UMAP components with and without the ATAC features applied to the PCA embed-
dings (A - B) and scVI embeddings (C - D) for the first bootstrap training set. Panels
A and B show that CD4 TEM, CD8 TEM and CD8 naive populations appear better
separated from the CD4 naive and CD4 TCM populations when ATAC features are
included (B) in the PCA embeddings than compared to using RNA alone (A). On the
other hand, scVI embeddings showed little difference between RNA only (C) and com-
bined embeddings (D). Quantitative analysis using silhouette scores (E) showed that
combined embeddings led to significantly increased silhouette scores compared to RNA
alone for training and test sets for both PCA and scVI methods. The scVI test set showed
the greatest difference between the RNA-only embeddings (median silhouette score =
0.068, IQR = [0.067, 0.071] and the combined embeddings (median silhouette score =
0.095, IQR = [0.093, 0.098], p < 0.01).

ATAC improves classification performance for scVI embeddings
Since the choice of embedding method leads to changes in the separability of cell-type
clusters in the UMAP feature space, we next investigated whether this led to differences
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Fig. 2 Qualitative and quantitative representations of cell type embeddings. UMAP A-D transformations
were applied to cell embeddings generated using PCA on RNA alone (A) or RNA and ATAC (B), and using
scVIon RNA alone (C) or RNA and ATAC (D). Cells are labelled according to manual annotations generated
using the weighted nearest neighbours method. The scatterplots shown are representative examples from a
single bootstrap training sample. Red circles indicate T cell embeddings, which showed the largest difference
upon inclusion of ATAC features for PCA. Silhouette scores (E, F) were calculated using Euclidean distances
calculated in the PCA (E) or scVI (F) feature space. Silhouette scores are represented using boxes indicating
the median, lower and upper quartile over 10 bootstrap samples. Whiskers indicate 1.5 times the interquartile
range and dots indicate outliers beyond the whiskers. Wilcoxon-signed rank test with Bonferroni correction
was used to compare RNA-alone to RNA and ATAC models (* = p < 0.05, ** = p < 0.01). Abbreviations: PCA =
Principal Component Analysis, scVI = single-cell Variational Inference autoencoder, TEM =T Effector Memory,
TCM =T Central Memory, Mono = Monocyte, NK = Natural Killer cell, cDC = Conventional Dendritic Cell, pDC
= Plasmacytoid Dendritic Cells
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in supervised model prediction quality. Figure S3 shows the macro f1 scores for differ-
ent combinations of embedding and classification models, using RNA alone or RNA and
ATAC (full results shown in Table S3). PCA-based embeddings led to weaker classifi-
cation performance compared to scVI-based embeddings. The best performance using
PCA was found using the RF with RNA + ATAC (median macro F1 score = 0.919, IQR =
[0.894, 0.929]). In contrast, the best performance from scVI embeddings (RNA + ATAC
features) showed improved performance (median macro F1 score = 0.946, IQR = [0.940,
0.949]). RNA + ATAC features yielded much smaller advantages in PCA-based embed-
dings compared to scVI. No significant differences in macro F1 score were detected
between using RNA alone compared to RNA and ATAC for PCA-based embeddings.
In contrast, scVI embeddings led to differences in macro F1 score between RNA alone
and RNA + ATAC for every classification model. The best-performing scVI model (SVM
and RNA + ATAC) showed significantly improved classification performance compared
to RNA alone (median macro F1 score = 0.907, IQR = [0.902, 0.910], p < 0.05). Over-
all, advantages in RNA + ATAC classification performance compared to RNA alone
required the scVI embeddings rather than PCA. However, the effect of RNA + ATAC
did not show dependence on the choice of classification model.

T cells exhibit the highest improvements in annotation quality

Having established the effect of model choice on ATAC utility, we next investigated the
biological context of ATAC utility using the embedding and classifier combination with
the strongest classification performance (scVI-SVM). To characterise the cell-specific
utility of ATAC features, class-specific F1 and PAP scores were recorded for each model
using RNA-only or RNA + ATAC.

Figure 4A shows that RNA + ATAC features led to significantly increased F1 scores
compared to RNA alone in every cell type. T cell subtypes showed the largest gains. Spe-
cifically, CD4 TEM cells showed the largest increase, from the RNA-only model (median
F1 score = 0.815, IQR = [0.800, 0.868]) compared to the RNA + ATAC model (median
F1 score = 0.926, IQR = [0.861, 0.937], p < 0.01). T cells also showed the largest reduc-
tions in PAP scores as well, with CD4 naive biggest reduction from a median of 0.118
(IQR = [0.113, 0.120]) using RNA alone to a median of 0.066 (IQR = [0.061, 0.0691],
p < 0.01) using RNA + ATAC. The exception to this was the CD4 TEM, which did not
show any significant reduction in PAP. In contrast, dendritic cell subtypes (pDC and
c¢DC2) only showed significant improvements in F1 score, with ¢cDC2 showing a very
small (but statistically significant) increase when moving from RNA alone (median F1
score = 0.901 [IQR = [0.848, 0.915]) to RNA + ATAC (median F1 score = 0.907, IQR
= [0.887, 0.926], p < 0.05). Overall, T cell subtypes were most improved by the use of
RNA + ATAC features, in particular CD4 TEM, whereas dendritic cells showed the least
improvement.

ATAC only confers advantages when annotating at the subtype level

Since ATAC utility depends on cell type, we then investigated whether the utility of
ATAC is sensitive to the granularity of the ground truth labels. The scVI-SVM model
was used to classify cells using a ground truth annotated with less granular cell sub-
types (WNN-L1). Model performance using the previously utilized WNN-L2 labels is
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also shown for comparison. As previously shown, the scVI-SVM model using WNN-L2
labels led to significant increases in macro precision, recall and F1-score. For WNN-
L1, Fig. 5 shows that macro precision was significantly increased for WNN-L1 ground
truth labels from a median of 0.972 (IQR = [0.969, 0.975] using RNA alone to a median
of 0.9855 (IQR = [0.985, 0.986], p < 0.05). However, there was no significant increase
in macro recall. Thus, no significant increase in overall classification performance was
observed when comparing RNA alone (median macro F1 score = 0.901, IQR = [0.892,
0.922]) to RNA + ATAC (median macro F1 score = 0.913, IQR = [0.896, 0.942]). Over-
all, RNA + ATAC features only lead to significant improvements in classification perfor-
mance for the more granular WNN-L2 cell subtype labels.

ATAC embeddings are associated with B and T cell subtypes

Since ATAC features improved supervised annotation quality in a cell type-dependent
manner, we next investigated how each modality was contributing to classification pre-
diction. Pearson correlation coefficients were calculated for the scVI-encoded RNA +
ATAC feature set, and a multinomial lasso model was fit to the entire dataset to estimate
the linear contributions from each modality to each class. Figure 6A shows that correla-
tions within the feature set were generally low, indicating low structure within the fea-
ture set. Between modalities, 98.9% of Pearson correlation coefficients were between —
0.3 and 0.3. Figure 6B shows the total coefficient contribution of ATAC components to
each class relative to RNA components. The cell type which showed the highest pro-
portional association with ATAC components was CD4 TCM (66.6%) followed by CD4
TEM (57.4%) and CD8 Naive (55.1%). The cell types showing the least relative associa-
tion with ATAC components were CD8 TEM (36.3%), pDC (40.3%) and cDC2 (43.3%).
Overall, ATAC components showed little linear association with RNA components, and
T cells, except for CD8 TEM, showed high associations with ATAC components relative
to RNA.

ATAC does not confer an advantage in neuronal cell annotation

Because ATAC utility may depend on the biological context of the annotation task, we
next evaluated ATAC utility for annotation in a different tissue. Figure 7 shows UMAP
visualizations of RNA (A) and RNA + ATAC (A-B) scVI embeddings, as well as compar-
ing performance for different classifiers (C) and cell-types (D-E). UMAP clusters appear
more distinct when adding ATAC features (B) than without (A). This effect is strongest
in the inhibitory and excitatory cell types. However, classification performance was not
significantly different between RNA and RNA + ATAC models for LR, and was signifi-
cantly lower when adding ATAC features for SVM models (Fig. 7C). The decrease in F1
score was greatest in the PCA-SVM model (RNA-only median macro F1 score = 0.871,
IQR = [0.826, 0.894], RNA + ATAC median macro F1 score = 0.812, IQR = [0.801,
0.824], p < 0.01). For the best-performing model (scVI-LR), there were no significant
changes in F1 or PAP scores for any cell types (Fig. 7D-E). Overall, ATAC features do not
confer an advantage in classification performance for neuronal cell types compared to
RNA alone.
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Discussion

This study aimed to explore the utility of combining ATAC with RNA in supervised
annotation and its interaction with model choice and cell types. We found that adding
ATAC features improved annotation quality for all classifiers tested (RF, LR and SVM)
for PBMCs when using scVI autoencoder. Increases in annotation quality were high-
est in T cell subtypes, whereas dendritic cells showed the smallest improvement. These
improvements in annotation quality were lost if the task only required annotation of
major PBMC cell types and when annotating neuronal cells.

The effects of dimensionality reduction and classifier on ATAC utility
UMAP visualisations showed incongruency with classification scores when evaluat-
ing the impact of dimensionality reduction and classifier choices. For the PBMCs, PCA
appeared to improve the gain in the separation of cell types by ATAC in the UMARP fea-
ture space compared to scVI in representative train (Fig. 2) and test sets (Figure S1).
However, this did not result in improvements in supervised classification performance.
For the neuronal cells, adding ATAC appeared to improve cluster separation, despite no
improvements in the classification task (Fig. 7). One reason for these incongruencies
could be that the UMAP method used was unsuitable for the dataset. Some research has
shown UMAP to outperform other visualisation methods, such as t-distributed Stochas-
tic Neighbor Embedding (t-SNE), in the visualisation of PBMC datasets [36]. However,
other research indicates that differences in performance between UMAP and t-SNE are
attributable to the initialization used in the gradient descent algorithm for fitting each
algorithm [37]. More specifically, effective visualizations depend on using an informative
initialization. This means using PCA or scVI before fitting UMAP (or t-SNE) to improve
the optimization of the UMAP fit. Since our use of UMAP utilized informative initiali-
zation, the performance of the UMAP should have been effective in capturing cell-cell
relationships. A more likely reason for the lack of correspondence between visualisation
and prediction results could be that UM AP distances are not directly interpretable since
UMAP preserves the topological relationships between cells, rather than the real geo-
metrical distances [38]. This focus on topology generates effective visualisations but can
lead to arbitrary differences. UMAP is sensitive to parameters such as n_components
(balance between local and global structure) and min_dist (minimum distance between
points in the latent space) [34]. These directly affect the distances in the latent represen-
tation of cells and cannot be objectively tuned. This would also explain why silhouette
scores were significantly improved for scVI embeddings but did not appear to improve
in the UMAP visualization - because silhouette scores were calculated using distances in
a feature space (PCA and scVI) that preserved real differences between cells. Overall, the
addition of ATAC appears to improve cluster separation in both PBMCs and neuronal
cells. However, these improvements do not translate to the cell classification problem.
ATAC features were only beneficial when using scVI rather than PCA for PBMCs
(Fig. 3, Figure S3). The superiority of scVI to PCA has been demonstrated before over
varying numbers of components [36]. Autoencoders like scVI are capable of captur-
ing non-linear relationships within the ATAC feature matrix [25], whereas PCA is only
capable of linear representations. Therefore, scVI has a greater representational capacity
than PCA and thus retains more information from the original ATAC feature matrix.
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Fig. 3 Embedding and classifier-dependent effects of ATAC on annotation quality. Boxes indicate the
median, lower and upper quartile over 10 bootstrap out-of-bag test samples for macro F1 scores. Whiskers
indicate 1.5 times the interquartile range and dots indicate outliers beyond the whiskers. Wilcoxon-signed
rank test with Bonferroni correction was used to compare RNA-alone to RNA and ATAC models (* =p <
0.05). Abbreviations: LR = Logistic Regression, RF = Random Forest, SVC = SVM Classifier, PCA = Principal
Component Analysis, scVI = single-cell Variational Inference autoencoder

The lack of representational capacity of PCA was further demonstrated by the fact that
the proportion of variance explained was less than 12% for each bootstrap sample for
RNA and ATAC embeddings. However, ATAC-driven improvements in annotation
quality did not depend on the classifier used. This means the relationship between ATAC
signals captured in the embeddings and cell type can be captured in non-linear (RF and
SVM with polynomial kernel) and linear models (LR). For RNA-based annotations, non-
linear methods (neural networks and non-linear SVMs) show advantages in classifica-
tion accuracy but not macro F1 scores when compared to linear methods [10], which
is a less biased metric in imbalanced datasets such as the one used in that study. In this
study, the difference in median macro F1 score between the scVIRNA + ATAC SVM and
LR models was only 0.024 (Fig. 3). Since linear classifiers show comparable performance
to non-linear classifiers whilst also being able to take advantage of ATAC features, lin-
ear methods may be preferred when parsimony and interpretability are more important

than marginal gains in annotation quality.

The effect of ATAC on the annotation quality of PBMC cell types

The effect size of improvement using ATAC showed cell-type dependency (Fig. 4). T
cells showed the greatest changes in F1 score in response to the addition of ATAC fea-
tures, and showed the highest associations with ATAC embeddings (Fig. 6B). One rea-
son for this may be due to the abundance of "poised/bivalent states’ in T cells. Although
RNA poising also occurs (genes are transcribed but not translated) in T cells [39], NK
cells [40] and B cells [41], epigenetic poising is an additional mechanism where gene
promoters exhibit both activating and repressing histone modifications, enabling rapid
gene promotion upon external signalling [42]. These domains have been observed in
CD4 and CD8 T cells, where 20—-30% of silent genes are poised [12]. CD8 memory cells
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Fig. 4 The effect of ATAC embeddings stratified by cell type. T cells exhibit the highest improvements in
annotation quality when adding ATAC. Dendritic cells showed the least improvement. Boxplots show F1 (A)
and PAP scores (B) per class using scVl embeddings with an SVM classifier. Boxes indicate the median, lower
and upper quartile over 10 bootstrap out-of-bag test samples. Whiskers indicate 1.5 times the interquartile
range and dots indicate outliers beyond the whiskers. Wilcoxon-signed rank test with Benjamini-Hochberg
correction was used to compare RNA-alone to RNA and ATAC models (* = p < 0.05, ** = p < 0.01).
Abbreviations: PAP = Proportion of Ambiguous Predictions, TEM =T Effector Memory, TCM =T Central
Memory, Mono = Monocyte, NK = Natural Killer cell, cDC = Conventional Dendritic Cell, pDC = Plasmacytoid
Dendritic Cells

have been shown to have a naive-like RNA profile, but an effector-like ATAC profile [43].
Furthermore, poised domains are especially apparent in memory cells to enable rapid
activation of the secondary immune response [12]. These domains are undetected at the
transcriptomic level since they occur before transcriptomic changes that lead to cell dif-
ferentiation. This may explain why RNA-only models showed the greatest misclassifica-
tion between CD4 TCM and CD4 naive cells, whereas the addition of ATAC reduced
this misclassification (Figure S2). It would also explain why CD4 TEM cells showed the
highest gain in median macro F1 score (0.112).

A limitation to the view of poised domains driving enhanced T cell classification is
that improvements in CD4 TEM cells also showed high variation between bootstrap
samples (Fig. 4), no increase in prediction confidence and CD8 TEM showed the low-
est association with ATAC components relative to RNA components (Fig. 6B). However,
these can be explained by technical issues: the reason for the high variation in scores for
CD4 TEM is likely due to the low sample frequency (1%, Table S2) combined with CD4
TEM being a T cell subtype, making classification harder than for other low sample but
distinct cell types (cDC2 and pDC). Another mechanism could be distal regulatory his-
tone modifications driving the detection of differences between cell types because distal
modifications are more dynamic throughout T-cell development than proximal modifi-
cations [44]. Additionally, promoter modifications are more stable than corresponding
RNA levels in immune cells [44]. Both mechanisms may be relevant signals to capture
using ATAC to improve immune cell classification, but poised domains may provide an
additional signal that enhances T cell classification further.

The improvements in PAP scores would have unique consequences in cell labelling.
This is because many supervised annotation models label low-confidence cell types as
‘unknown’ since low confidence may be indicative of a cell type not present in the refer-
ence dataset [45, 46]. The inclusion of ATAC features increased prediction confidence
of B and T cell types (Fig. 4B) whilst also improving the accuracy of their annotation.



Gill et al. BMC Bioinformatics (2025) 26:67 Page 130f 18

This indicates that the additional confidence is not misplaced and may lead to reduced
unnecessary labelling of T and B cell types as 'unknown’

Dendritic cells showed the smallest improvement in classification and no improve-
ment in prediction confidence (Fig. 4). This is unlikely to be due to sample size since
CD4 TEM cells also only represented 1% of cell types (Table S2). A better explanation
may be that F1 and PAP scores were already saturated using RNA alone, making further
improvements difficult for this dataset. This would explain the small improvement in the
median macro F1 score when adding ATAC for pDC (0.018) since it was already 0.968
with RNA alone. Without this saturation, pDC cells may have shown greater improve-
ments since they contain distinct peaks, such as accessible regions near TSPAN13 [47].
However, this theory may not apply to ¢cDC2 cells. This is because they showed the
smallest improvement in the median macro F1 score (0.006) despite room to improve
in the baseline median F1 score of 0.901 using RNA alone. This is a lower baseline than
other cell types that showed much larger improvements. Therefore, ATAC signals may
not carry as much importance in the identification of dendritic cell subtypes, specifically
c¢DC2, compared to B and T cells. This would be because epigenetic differences (such
as poising) are important for marking the different stages of B and T cell development.
Since dendritic cells are antigen-presenting cells, they do not form memory cells that
require epigenetic poising for rapid activation as B and T cells do. [48].

The effect of ATAC on the annotation quality of neuronal cell types

ATAC features did not improve classification quality for any cell types when using the
best performing model (LR-scVI), and actually led to significantly worse classification
quality when using SVM for both PCA and scVI embeddings (Fig. 7). One reason for
this could be technical since the neuronal dataset utilized samples from 15 individuals
(rather than the one used for PBMCs), along with two different health states (healthy
vs Alzheimer’s). The additional inter-individual and disease-state variation could have
diluted cell-type signals in the ATAC features, since inter-individual variation can lead
to decreases in annotation accuracy [10]. However, this wouldn’t explain the significantly
worse performance from ATAC observed in the SVM models (Fig. 7C). This instead
indicates that ATAC introduced more noise than cell-type signals. This would have a
stronger effect on the SVM since its non-linearity provides a greater representational
capacity than the linear LR, leading to a greater likelihood of overfitting to the noise.
ATAC may provide less signal in neuronal cells than PBMCs due to the highly dynamic
and rapid differentiation seen in immune cells as previously highlighted compared to
the slower and more constant cell types observed in neuronal cells. Since the signal
provided by ATAC depends on the granularity of cell type labels (Fig. 5), further work
should investigate whether ATAC may be useful for annotating more granular neuronal
cell type labels. Overall, ATAC may only improve supervised annotation in tissues with
high epigenetic diversity between cell subtypes, such as PBMCs.

Cell annotation
The cluster annotation step that occurs after clustering remains a limitation of most
single-cell studies that rely on manually annotated ground truths. This is because
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reproducibility is limited by the choice of marker gene lists (since this is not stand-

ardized) and annotations do not account for negative gene markers [7] or cell type

markers from other modalities (such as protein signatures). Indeed, the weakness of

any ground truth annotation generated using a manual annotation method is that it
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Fig. 7 UMAP visualizations and classification scores in a neuronal cell dataset. (A, B) UMAP visualisations

of scVlI embeddings using RNA alone (A) or RNA and ATAC (B). The scatterplots shown are representative
examples from a single bootstrap training sample. (C) Embedding and classifier-dependent effects of adding
ATAC on annotation quality. (D-E) Cell-specific effects of ATAC on classification quality and prediction
confidence on the best performing model (LR-scVI). Boxplots indicate the median, lower and upper quartile
over 10 bootstrap out-of-bag test samples. Whiskers indicate 1.5 times the interquartile range and dots
indicate outliers beyond the whiskers. Wilcoxon-signed rank test with Bonferroni (C) or Benjamini-Hochberg
(D-E) correction was used to compare RNA-alone to RNA and ATAC models (* = p < 0.05, ** = p < 0.01).
Abbreviations: LR = Logistic Regression, OPC = Oligodendrocyte progenitor cell, PAP = Proportion of
Ambiguous Predictions, SVC = Support Vector Machine

is less reliable compared to the gold-standard method of cell annotation using FACS
sorting. Therefore, calculated model accuracy in this analysis is not completely repre-
sentative of actual model accuracy. This study also only utilized two datasets, which
constrains the generalizability of the findings, as these datasets may not comprehen-
sively represent PBMCs and neuronal cells. Future studies will explore broader data-

sets to validate and expand upon these results.

Embedding methods

Since ATAC utility depended on the method of embedding used, future studies could
explore the use of improved embedding methods to enhance the latent representation of
the ATAC features, such as deep adversarial learning [13]. Such non-conventional machine
learning methods have previously demonstrated the ability to extract additional signals
from RNA data compared to conventional models, suggesting they could similarly improve
annotation performance even further from the combined analysis of RNA and ATAC data
than the conventional methods used in this study. Since autoencoders may fit to noise in
sequencing data due to their high representational capacity, future work could also explore
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the utility of denoising models in multi-omic supervised annotation methods. Sequencing
data is noisy due to overdispersion and zero inflation from dropout events during sequenc-
ing [26]. Deep learning methods can enhance denoising workflows to denoise ATAC
sequencing data [27]. Also, co-embeddings could be used to reduce redundancy between
modalities. For example, Multi-omic Factor Analysis extends PCA to multiple modalities
simultaneously [49]. This could be necessary for ATAC to confer advantages using PCA
rather than an autoencoder.

Conclusion

Overall, this study demonstrated that combining ATAC with RNA embeddings gener-
ated using the scVI autoencoder substantially improve the quality of supervised annota-
tion and prediction confidence in PBMCs for both linear (like LR) and non-linear (RF
and SVM) classifiers. A primary driver behind these improvements was the heightened
ability to distinguish between cell subtypes, particularly within the T cell category. How-
ever, improvements were not observed for neuronal cell types. Improved capabilities
in cell type identification can reduce dataset variation, paving the way for a heightened
capacity to uncover novel -omic signatures in single-cell research.
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