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Abstract

Single-cell RNA sequencing (scRNA-seq) data analysis faces numerous challenges, includ-
ing high sparsity, a high-dimensional feature space, and biological noise. These challenges
hinder downstream analysis, necessitating the use of feature selection methods to identify
informative genes, and reduce data dimensionality. However, existing methods for selecting
highly variable genes (HVGs) exhibit limited overlap and inconsistent clustering perfor-
mance across benchmark datasets. Moreover, these methods often struggle to accurately
select HVGs from fine-resolution scRNA-seq datasets and minority cell types, which are
more difficult to distinguish, raising concerns about the reliability of their results. To over-
come these limitations, we propose a novel feature selection framework for scRNA-seq
data called Mcadet. Mcadet integrates Multiple Correspondence Analysis (MCA), graph-
based community detection, and a novel statistical testing approach. To assess the effec-
tiveness of Mcadet, we conducted extensive evaluations using both simulated and real-
world data, employing unbiased metrics for comparison. Our results demonstrate the supe-
rior performance of Mcadet in the selection of HVGs in scenarios involving fine-resolution
scRNA-seq datasets and datasets containing minority cell populations. Overall, we demon-
strate that Mcadet enhances the reliability of selected HVGs, although the impact of HVG
selection on various downstream analyses varies and needs to be further investigated.

Author summary

scRNA-seq brings both great opportunities and challenges for transcriptomic analysis.
While scRNA-seq enables the characterization of cell heterogeneity at an unprecedented
resolution, analytical issues like sparsity, noise and bias can severely compromise interpre-
tation if not addressed properly. To extract meaningful biological signals, effective feature
selection is critical. We propose Mcadet, a novel framework for feature selection in
scRNA-seq data. Mcadet aims to accurately identify informative genes from fine-resolu-
tion datasets and datasets with minority cell types where existing methods falter.
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Through comparative analysis on diverse simulated and real-world datasets, we dem-
onstrate Mcadet’s superior performance in selecting highly informative genes based on
many evaluation metrics in different scenarios, by effectively isolating intrinsic variation
and allowing multi-resolution community detection.

By improving the process of feature selection of scRNA-seq data, Mcadet makes it eas-
ier for researchers from various backgrounds to work with scRNA-seq data. This means
that people can benefit from more reliable and accessible insights into single-cell
transcriptomics.

1. Introduction
1.1 Background

Single-cell RNA sequencing has emerged as a powerful tool for characterizing complex human
or animal tissues and cell types, enabling the examination of RNA expression differences at a
single-cell resolution. Recent advancements in scRNA-seq techniques have significantly con-
tributed to our understanding of biological systems by allowing simultaneous measurement of
transcript levels in thousands of individual cells [1,2]. This approach overcomes the limitations
of bulk RNA sequencing, which lacks individual resolution.

A crucial component of scRNA-seq analysis is the expression matrix, which represents the
number of transcripts detected for each gene and cell. The analysis workflow of scRNA-seq
data can be divided into two main sections: pre-processing and downstream analysis. Pre-pro-
cessing involves quality control, normalization, data correction, feature selection, and visuali-
zation, while downstream analysis includes clustering, differential expression analysis,
annotation, and gene dynamics analysis [3,4]. However, scRNA-seq data face challenges such
as high dropout rates, noise, and technical variabilities, which can impede downstream analy-
sis [5]. Additionally, scRNA-seq datasets often contain a large number of genes, many of
which may not provide relevant information for a specific analysis. Therefore, feature selection
plays a vital role in working with multidimensional scRNA-seq datasets.

Numerous methods have been proposed for the selection of HVGs in scRNA-seq data.
However, these methods often exhibit limited agreement in the genes identified as highly vari-
able and demonstrate inconsistent clustering performance when applied to different datasets.
Currently, there is no consensus on which method outperforms the others. In a study con-
ducted by Yip et al. [6], a comparison of seven feature selection methods for scRNA-seq data
revealed substantial differences among the approaches, with each tool demonstrating optimal
performance under different scenarios. This highlights the need to carefully consider the
choice of feature selection method based on the specific characteristics and objectives of the
dataset being analyzed. Furthermore, existing methods are limited to fixed resolutions and
lack the ability to handle fine-resolution datasets, which are more difficult to distinguish in
terms of biological functions and specific gene expressions compared to coarse-resolution
scRNA-seq datasets, details are described in Sec. 4.1.

In this paper, we introduce Mcadet as a novel feature selection framework inspired by Cell-
ID [7] and corral [8]. Cell-ID is a gene signature extraction method that enhances the biologi-
cal interpretation at the individual cell level, enabling the identification of novel cell types or
states. On the other hand, corral is a dimensionality reduction technique specifically designed
for scRNA-seq data, demonstrating superior clustering performance compared to the standard
correspondence analysis (CA) and glmPCA approaches. Both of the methods rely on CA or
MCA, which is a statistical technique utilizing singular-value decomposition (SVD). This
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technique enables the simultaneous projection of individuals and variables into a shared low-
dimensional space, making it suitable for non-negative, count-based data to investigate the
relationship between samples and categorical variables. CA has a rich historical background,
and numerous variations and extensions have been developed for diverse research contexts
across various fields [9,10]. However, its utilization in scRNA-seq data analysis has been rela-
tively limited until recently when the two aforementioned papers introduced its application.
Therefore, it is highly valuable to explore the potential of applying CA in this particular field.

Mcadet utilizes MCA and Leiden community detection to select informative genes from
scRNA-seq data and facilitate cell population recovery. Our framework aims to accurately select
informative genes, handle fine-resolution datasets and minority cell populations, and allow param-
eter customization for various resolutions, thus addressing the limitations of current approaches.

In order to evaluate its performance, we conducted a comparative analysis of Mcadet
against seven established feature selection methods for scRNA-seq data, as outlined in Sec. 4.3.
Our assessment involved applying these feature selection methods to a variety of simulated
and real-world datasets. We employed several evaluation metrics, such as the Jaccard similarity
index for accuracy, silhouette score, adjusted Rand index, and other measures for assessing
clustering performance. Our results demonstrate that Mcadet outperforms other methods in
terms of the quality of selected genes, particularly in fine-resolution or difficult-to-differentiate
scRNA-seq datasets. Overall, our novel feature selection framework, Mcadet, offers an
improved toolbox for scRNA-seq analysis, providing more accurate feature selection and
enhanced capabilities for handling challenging scRNA-seq datasets.

In Sec. 1.3, we begin by presenting an in-depth review of existing feature selection approaches
for scRNA-seq analysis. The results of the feature selection performance comparison on both real-
world and simulated datasets are displayed in Sec. 2. In Sec. 3, we conclude the study with a dis-
cussion on the proposed feature selection framework, highlighting its advantages and limitations.
Finally, in Sec. 4, we detail the datasets employed, encompassing both simulated and real-world
datasets as well as the workflow of Mcadet, the approach to conducting the feature selection
method comparison, and the description of evaluation metrics are presented.

1.2 Overview of Mcadet

Fig 1 summarizes our feature selection framework. In general, our method encompasses five
major steps for analysis:

A. Matrix Pre-processing

In this step, we utilize fuzzy coding to double the column variables, transforming an nxp
matrix into an nx2p matrix, where n represents the number of cells and p represents the num-
ber of genes. Additionally, a correspondence matrix P is constructed. Detailed procedures are
available in Sec. 4.2.

B. Multiple Correspondence Analysis

We decompose the Pearson residual matrix to extract intrinsic variation, which includes stan-
dard row coordinates and principal column coordinates. The detailed methodology for this
decomposition is provided in the Sec. 4.2.

C. Calculate and Rank the Distances

Both the standard row coordinates of cells and the principal column coordinates of genes are
projected into the same embedded space using the top k principal components. We apply the
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Fig 1. Schematic of Mcadet workflow. A. Matrix pre-processing. B. MCA decomposition. C. Leiden community detection (clustering).

D. Calculate and rank Euclidean distances. E. Statistical testing.

https:/doi.org/10.1371/journal.pcbi.1012560.9001
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Leiden algorithm to partition the cells into clusters. Subsequently, we calculate the centroid
coordinates for each cell cluster and determine the Euclidean distances between each cell clus-
ter and each gene. In the resulting visualization, dots represent cells, text labels represent
genes, and different colors indicate distinct cell clusters. Red straight lines illustrate the Euclid-
ean distances. The proximity of a variable (column) to an observation (row) in the Euclidean
space of the reduced dimensional MCA biplot suggests a stronger association between the vari-
able and the observation. This property is substantiated in the Sec. 4.2.

D. Create New Metric

We introduce a new metric by calculating the log ratio between the maximum rank and the
minimum rank to represent gene variability. For instance, “CCR7” is a well-known driver
gene for Naive CD4+ T cells. In our example in Fig 1 panel D (left), it ranks 17th in Euclidean
distance among all available genes to a particular cell cluster. We do not need to know the
exact cell cluster, as feature selection is blind and does not require knowledge of which gene is
informative or a driver for a specific cell type. The maximum rank for "CCR7" is 12,045, indi-
cating that it is very close to one cell cluster but far from another, making it potentially infor-
mative for a specific cell type. The new metric value for "CCR7" is a relatively high 6.56.
Conversely, the "NDUFS5" gene, a housekeeping gene expressed in many cell types, shows a
uniform rank pattern. "ZNF135," an irrelevant gene expressed in only a few cells, ranks above
12,000 for all clusters. The statistic of log(Max rank/Min rank) is used for gene selection. Next
to the left diagram of gene “CCR7”, there is another diagram which includes more distances,
indicating more detected clusters. This difference arises from inputting different resolution
parameters into the Leiden algorithm, which detects varying numbers of clusters. Despite
changing the resolution, "CCR7" consistently ranks 15th to a specific cluster, demonstrating its
close proximity to a certain cell cluster regardless of the specific cluster identity.

E. Statistical testing

The final step involves statistical testing. We assume that each gene’s rank pattern X; is inde-
pendently and identically distributed, following a discrete uniform distribution. Under this
assumption, the null hypothesis posits that the gene in question is not informative, implying
that its distance is ranked uniformly across all cell clusters. Conversely, the alternative hypoth-
esis suggests that the gene does not follow this uniform distribution but instead follows
another distribution that may indicate its informativeness to a particular cell cluster. The deri-
vation of the statistical distribution is detailed in the Sec. 4.2 and S1 Methods. By evaluating
p-values, we can reject the null hypothesis and identify a list of informative genes. The Benja-
mini-Hochberg (BH) procedure is applied to control the false discovery rate (FDR), ensuring
the robustness of our selection process.

1.3 Overview of Other Feature Selection Methods

We provide a comprehensive review of feature selection approaches used in existing tools and
software for scRNA-seq analysis, as summarized in Table 1. These approaches can be catego-
rized into three main types: dispersion-based, dropout-rate-based, and machine-learning-
based. Initially, dispersion-based methods were proposed and incorporated into scRNA-seq
analysis tools such as Brennecke [11], scran [12], scVEGs [13], Seurat [14], Scry [15], sctrans-
form [16,17], and Scanpy 1.9. The method introduced by Brennecke et al. [11] involves fitting
a generalized linear model to a plot of the mean and squared coefficient of variation (CV2).
This model enables the derivation of a coefficient of biological variation, and a chi-square test
is then used to identify genes with high variance in their coefficient of biological variation,
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Table 1. Selected existing feature selection methods in scRNA-seq analysis.

FS method Quantities/model description™ Type Year and Reference
Brennecke pand CcV? (glm) Dispersion 2013 [11]
Seurat Vst wand 8 (loess) Dispersion 2015 [12]
Seurat Mvp Fano factor (20 bins) Dispersion 2015 [12]
Seurat Disp log (8%/ ) Dispersion 2015 [12]
scran wand 8% (loess) Dispersion 2016 [13]
scVEGs pand CV (loess) Dispersion 2016 [14]
Scry Deviance (Multinomial) Dispersion 2019 [15]
sctransform Pearson residuals Dispersion 2019 [16,17]
Scanpy 1.9 Analytic Pearson residuals Dispersion 2021 [18]
M3drop Michaelis-Menten Dropout rate 2019 [19]
NBdrop Negative binomial Dropout rate 2019 [19]
FEAST consensus cell clustering and F-test Machine learning 2021 [22]
DUBStepR Stepwise regression Machine learning 2021 [23]
Triku NNgraph and Wasserstein distance Machine learning 2022 [24]

*Mean and variance are denoted as p and 8. Coefficient of variation is denoted as CV, which is o/p.

https://doi.org/10.1371/journal.pcbi.1012560.t001

indicating potential variability in gene expression. Subsequent modifications led to the devel-
opment of different feature selection methods, such as those implemented in scran, scVEGs,
Seurat, and Scry. In the case of scran, HVGs are determined by employing local polynomial
regression (LOESS) on the mean-variance relationship of log-transformed expression values.
scVEGs assumes a negative binomial distribution for the mean versus coefficient of variation
(CV) relationship and fits this relationship through modified local regression and nonlinear
least squares curve fitting. Consequently, parameters of the gene variation model are esti-
mated, enabling the identification of statistically significant variably expressed genes. Within
the Seurat tool, three feature selection methods are available. The “vst” method fits a line to the
relationship between log variance and log mean using LOESS, similar to scran. The “mvp”
method utilizes the Fano factor (variance divided by mean) and categorizes Fano factors into
20 expression mean-based bins. It then normalizes the Fano factors in each bin into z-scores
and selects genes accordingly. The “disp” method selects genes with the highest dispersion val-
ues. Scry calculates a deviance statistic for counts based on a multinomial model assuming a
constant rate for each feature. Hafemeister et al. and Choudhary et al. [16,17] proposed
sctransform method, which uses Pearson residuals from “regularized negative binomial regres-
sion,” where cellular sequencing depth is used as a covariate in a generalized linear model,
effectively remove the impact of technical characteristics from downstream analyses while pre-
serving biological heterogeneity. Additionally, Lause et al. [18] demonstrate that the model of
sctransform generates noisy parameter estimates due to overspecification, resulting in biased
per-gene overdispersion estimates. They show that the data are consistent with the overdisper-
sion parameter being independent of gene expression. Using negative control data devoid of
biological variability, Lause et al. [18] estimate the technical overdispersion of UMI counts and
propose the use of analytic Pearson residuals. They further demonstrate that analytic Pearson
residuals perform well in identifying biologically variable genes and capture more biologically
meaningful variation when used for dimensionality reduction. All methods mentioned above
are variance-to-mean approaches that aim to measure dispersion or noise-to-signal ratio.
However, they may inadvertently select many low-expression genes due to a high rate of
dropouts.
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To address this issue, Andrews et al. [19] introduced two new feature selection methods,
M3drop and NBdrop, which are based on dropout rates. M3drop is designed for read counts
from full-transcript sequencing protocols (e.g., SmartSeq2), while NBdrop is suitable for
counts of UMIs from tag-based protocols (e.g., 10X Chromium), both methods can be applied
to scRNA-seq count data regardless of the sequencing technology. The key distinction between
the two methods lies in their underlying statistical models: M3Drop fits a Michaelis-Menten
model to describe the relationship between mean expression and dropout rate, whereas
NBDrop employs a negative binomial model for the same purpose. Both methods operate
under the assumption that genes with a higher proportion of zeros than expected could be bio-
logically significant since they may be expressed in fewer cells than anticipated. These cells
may correspond to specific cell types or states.

Recently, novel feature selection techniques for analyzing scRNA-seq data have emerged,
incorporating machine learning and graph-based algorithms. These methods, namely FEAST
[20], Triku [21], and DUBStepR [22], differ from the model-based approaches as they leverage
machine learning techniques. FEAST begins by obtaining a consensus cell clustering and then
evaluates the significance of each feature using an F-test, ranking the features based on the F-
statistics. Triku identifies genes that are locally overexpressed in neighboring cell groups by
examining the count distribution in the vicinity of each cell and comparing it to the expected
distribution. The calculation involves determining the Wasserstein distance between the
observed and expected distributions, and genes are ranked based on this distance. A larger dis-
tance indicates localized expression in a subset of cells with similar transcriptomic profiles.
DUBStepR is a stepwise procedure for identifying a core set of genes that strongly reflect
coherent expression variation in a dataset. The authors propose a novel graph-based measure
for aggregating cells in the feature space, optimizing the number of features based on this mea-
sure. We recognized the general usefulness of machine learning techniques in the field of
scRNA-seq data analysis, particularly for feature selection. In this study, we selected seven
existing feature selection methods for comparison: Brennecke, Scry, M3drop, NBdrop, Seurat
Vst, Seurat Mvp, and Seurat Disp.

2. Results

In feature selection, the main goal is to identify the most relevant features that effectively
describe and understand datasets. Specifically, we approached the results from three aspects.
First, the quality of the selected HVGs, meaning we know the ground truth or semi-ground
truth of HVGs. By comparing the genes selected by different feature selection methods using
Jaccard similarity, we can determine which method yields genes most closely matching the true
HVGs. Additionally, we conducted in-depth studies on the quality of genes by (1) comparing
the performance of feature selection methods under different numbers of selected genes, (2)
evaluating the performance of these methods on scRNA-seq datasets associated with minority
cells, (3) assessing the consistency of feature selection within the same dataset, (4) comparing
the log-mean gene expression of the selected HVGs, and 5) investigating the HVGs uniquely
selected by Mcadet but not by other feature selection methods. Second, we evaluated whether
the selected genes contribute to downstream analysis, specifically clustering and trajectory infer-
ence. Third, we made subjective judgments based on 2-D visualizations. We used various evalu-
ation metrics, which are detailed in Sec. 4.3. In terms of datasets, we utilized both real-world
peripheral blood mononuclear cells (PBMC) datasets and simulated datasets, each available in
two resolutions: coarse and fine. Therefore, there are 4 dataset types, coarse-resolution PBMC
datasets, fine-resolution PBMC datasets, coarse-resolution simulated datasets, and fine-resolu-
tion simulated datasets. Detailed information about these datasets can be found in Sec. 4.1.
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2.1. The quality of the selected HVGs

2.1.1 Jaccard similarity. In our study, we first conducted a comparison between our
method and other feature selection methods using Jaccard similarity index to evaluate the accu-
racy of feature selection in selecting HVGs. Fig 2 presents the boxplot of the Jaccard similarity by
different feature selection methods across various datasets. Each dot represents a dataset from
four different dataset types, the dashed horizontal line represents the baseline mean for all meth-
ods. Fig 2B-2D provides compelling evidence that our method achieves a significantly higher
mean Jaccard similarity compared to all other Feature Selection (hereafter referred to as FS)
methods in the type of PBMC fine-resolution, simulated coarse-resolution and simulated fine-
resolution datasets (p < 0.001, one-sided pairwise t-test). Although our method does not outper-
form other methods like Seurat and NBDrop in terms of Jaccard similarity in PBMC coarse-
resolution datasets (Fig 2A), it emerges as the top-performing method for the other types of data-
sets, particularly fine-resolution datasets. This outcome highlights a noteworthy enhancement in
feature selection accuracy for challenging or difficult-to-differentiate fine-resolution datasets.

PBMC coarse-resolution datasets PBMC fine-resolution datasets
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Fig 3. The trend of Jaccard Similarity index as the number of selected genes increases on PBMC (A and B) and simulated datasets (C and D). The
number of selected genes range from 200 to 3,000. The Brennecke method, which does not allow for specifying the number of HVGs needed, are excluded from
this comparison.

https://doi.org/10.1371/journal.pcbi.1012560.9003

2.1.2 The number of selected HVGs. There is a consensus within the field that the feature
selection step in scRNA-seq data analysis should typically involve selecting between 1,000 and
3,000 genes [4]. In a data-driven scenario, the number of informative genes can vary across dif-
ferent datasets, and users may not have prior domain knowledge to determine the exact num-
ber of informative genes required. In such cases, our method, along with some existing
methods, offers users the opportunity to select informative genes using statistical testing (p-
values) or other threshold criteria by default. Fig 3 presents the trend of mean Jaccard similar-
ity as the number of selected genes increases from 200 to 3,000 by different FS methods and
across the four types of datasets.

The dashed vertical line indicates the number of selected genes that maximizes the Jaccard
similarity index when Mcadet exhibits the best performance value. Observing the graphs, we
note that the Jaccard similarity index of our method generally increases up to around 1,800
selected genes and then begins to decrease for PBMC fine-resolution datasets. Similarly, for
simulation coarse- and fine-resolution datasets, the Jaccard similarity index increases until
approximately 1,200 selected genes and then declines. Overall, our method outperforms other
methods included in this section for these three types of datasets. However, our method does
not perform as well as other methods for PBMC coarse-resolution datasets, which aligns with
our earlier result that Mcadet performs better in handling fine-resolution datasets compared
with coarse-resolution ones.
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Table 2. Number of HVGs selected by different feature selection methods by default.

Fine-resolution datasets
1615 (1423, 2315)

Jaccard Similarity N Jaccard Similarity

Median (IQR)

0.32(0.31, 0.33)
0.43 (0.39, 0.46)
0.35(0.33, 0.36)
0.08 (0.06, 0.09)
0.24 (0.22, 0.25)
0.35(0.34, 0.35)
0.46 (0.44, 0.48)

Median (IQR)
1407 (1291, 1848)
257 (233, 449)
790 (378, 2112)
1272 (707, 3244)
551 (452, 847)
2000 (2000, 2000)
2000 (2000, 2000)

Median (IQR)
0.45 (0.42, 0.47
0.15 (0.13,0.16
0.18 (0.15,0.21
0.07 (0.04, 0.12
0.18
0.18 (0.18, 0.19
0.30 (0.29, 0.32

~ ||

PBMC Coarse-resolution datasets

1662 (1640, 1725)

N

Median (IQR)
Mcadet 2555 (2366, 2718)
NBDrop 1362 (967, 1673)
M3Drop 1594 (1023, 2724)
Brennecke 5573 (2908, 10603)
Seurat Mvp 583 (508, 651)
Seurat Vst 2000 (2000, 2000)
Seurat Disp 2000 (2000, 2000)
Scry 2000 (2000, 2000)
random 2000 (2000, 2000)

https://doi.org/10.1371/journal.pchi.1012560.t002

0.33 (0.29, 0.38

)
)
)
)
0.16,0.19)
)
)
)
0.04 (0.04, 0.05)

(
0.29 (0.26, 0.33) 2000 (2000, 2000)
0.05 (0.04, 0.05) 2000 (2000, 2000)

We conducted a comparison of the default number of informative genes selected by differ-
ent feature selection methods, and the results are presented in Tables 2 and S1. Due to the lack
of default parameters for selecting highly HVGs in Seurat Vst, Disp, Scry, and random selec-
tion methods, we set the default number of genes to 2,000 for these methods. For the 24 PBMC
coarse-resolution datasets, the median number of HVGs selected across all methods is 1,662
(IQR: [1640, 1725]). Similarly, for the 24 PBMC fine-resolution datasets, the median number
of HVGs selected is 1,615 (IQR: [1423, 12315]). In the case of simulated datasets, the default
number of selected genes is fixed at 2,000 for all methods. Our method yields a close match to
the true number of HVGs for PBMC fine-resolution datasets (1,407 vs. 1,615). However, for
PBMC coarse-resolution datasets, our method selected slightly more genes (2,555 vs. 1,662).
The details for simulated datasets are in S1 Table, the number of genes selected by Mcadet is
less than the true number.

Moreover, the corresponding median Jaccard index obtained from Mcadet is higher com-
pared to the other methods in PBMC fine-resolution and all simulated datasets, indicating a
higher accuracy in selecting informative genes.

2.1.3 For datasets with minority cell types. To evaluate the performance of the feature
selection method in selecting HVGs for minority cell populations, we incorporated predefined
minority cell populations in each dataset. In the case of the 48 simulation datasets (including
both coarse- and fine-resolution datasets), cell type 1 was specifically designated as the minor-
ity cell type (as shown in S2 Table). For each dataset, cell type 1 consisted of only 60 cells (1%)
out of a total of 6,000 cells. Additionally, 620 genes were designed as HVGs for cell type 1. In
the case of the 24 coarse-resolution PBMC datasets, we deliberately selected sixty B cells from
each original dataset to establish B cells as the minority cell type. Subsequently, feature selec-
tion was performed on these datasets. The semi-true HVGs for B cells were obtained using the
“FindAllMarkers (cluster = ‘B’)” function in the Seurat package. As for the remaining 24 fine-
resolution PBMC datasets, dnT cells were identified as the minority cell type. The semi-true
HVGs for dnT cells were obtained using the “Find AllMarkers (cluster = ‘dnT’)” function in

the Seurat package. The evaluation metric used here is the F1 score instead of Jaccard similar-
An]
|AUB|

rable sets, if A is the set of all (semi-) true HVGs and B is the set of HVGs selected by feature
selection methods, then they are comparable and the Jaccard similarity can be used, as seen in
the results mentioned above. However, in this experiment, A is merely the set of true HVGs
for a minority cell type, which is a subset of A mentioned above. Therefore, using the Jaccard

ity. Because Jaccard similarity (J = ) is used to evaluate the similarity between two compa-
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Fig4. F1 score: Performance evaluation on minority cell populations on PBMC (A and B) and simulated datasets (C and D). The p-values,
obtained through one-sided pairwise t-tests, indicate the significance of the differences between Mcadet method and each other FS method. Ns: non-
significance, NS: p > 0.05,*: 0.01< p < 0.05, **: 0.001 < p < 0.01, ***: p < 0.001.

https://doi.org/10.1371/journal.pcbi.1012560.9004

similarity might not be appropriate in this context. Here, recall is defined as |ANB|/|A|, and
precision as |[ANB|/|B|, recall can be cheated by simply selecting more HVGs (e.g., selecting all
genes would result in a perfect score). Precision can also be misleading in some cases. For
example, in S1 Table, methods like NBDrop and Seurat Mvp have very small | B|, which leads
to inflated precision. A method with a high precision might be interpreted as favoring the
selection of HVGs from the minority cell type, while ignoring those from other cell types. To
strike a balance, we decided to use the F1 score, which is the harmonic mean of recall and pre-
cision. Fig 4 illustrates the results of the minority cell analysis. Each bar represents the mean
F1 score of all datasets within the scenario by each FS method. Overall, our method consis-
tently ranks among the top three in all four data types, indicating its excellent performance in
identifying informative genes for minority cell populations. Specifically, NBdrop and M3Drop
performed better on PBMC coarse-resolution datasets. However, their F1 scores dropped sig-
nificantly on PBMC fine-resolution datasets. Mcadet ranked among the top two in simulated
datasets, with Seurat Disp and Scry also showing relatively good performance.

2.1.4 Consistency within the same dataset. An additional vital factor to consider when
evaluating the effectiveness of a FS method is its consistency within the same sample. Put sim-
ply, if a scRNA-seq dataset is randomly divided into two separate datasets by gene expression
value with a specific probability, a good FS method will yield similar HVGs to the (semi-) true
HVGs. To perform the dataset division, we employed a random splitting method, evenly divid-
ing the datasets into two subsets. The concept of this splitting technique draws inspiration
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from a method known as count splitting [23]. This was achieved by generating X, ;~Binom
(Xij €), where Xj; represents the expression value of gene j in cell i from the original scRNA-
seq dataset. Here, £ denotes the probability. Consequently, X(;) ;; corresponds to the expression
value of gene j in cell i within the first split dataset. The expression value of gene j in cell i
within the second split dataset, denoted as X,) ;;, is calculated as X;;=X(y) ;.

Fig 5 demonstrates the comparison between genes selected by different FS methods and
semi-true HVGs in PBMC fine-resolution datasets after splitting with a probability of € = 0.5.
Data 1 and 2 represent the two split datasets of the original datasets. It shows that Mcadet and
Scry achieve the highest Jaccard similarity, indicating their capability to handle lower sequenc-
ing depth. We also included other splitting probabilities, S1 Fig presents different scenarios
with splitting probabilities from 0.1 to 0.4. For instance, in the top panel, the left bar represents
the dataset with about 0.1 times of original gene expressions, and the right bar represents the
dataset with 0.9 times of that. We observe that as the split becomes more uneven from 0.4 to
0.1, the differences between Mcadet’s bars increase, which makes sense because as the split
becomes more uneven, especially with a 0.1 split, the sequencing depth of the 0.1 dataset
becomes very shallow, thus reducing the Jaccard similarity. We find that except for Scry and
the random control group, other methods show increased differences in this process. There-
fore, Scry appears to handle shallow sequencing depth the best. Mcadet can handle shallow
depth with a probability of around 0.4, but its performance significantly declines below 0.3
sequencing depths effectively. This result provides a valuable insight that if the gene expression
is artificially reduced due to technical issues like sequencing depth, our method can handle the
situation well when the reduction is moderate (1>p>0.4). However, for more aggressive count
splitting (p<0.4), other methods such as Scry perform better.

S
N

—
—

Mcadet Scry Seurat Disp Seurat Vst Seurat Mvp Brennecke M3Drop NBDrop Random

I D Between data 1 and semi-ground truth D Between data 2 and semi-ground truth

Fig 5. Comparison of the mean Jaccard similarity of genes selected by different FS methods with semi-true HVGs in PBMC
fine-resolution datasets after splitting with a probability of £ = 0.5. Error bars represent the standard deviations. Data 1 and 2
are the two split datasets of original datasets.

https://doi.org/10.1371/journal.pchi.1012560.g005
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2.1.5. Investigating the expressions of selected HVGs. Another worthwhile analysis is to
investigate and analyze the expression density of HVGs selected by different FS methods, com-
paring it with the expression density of (semi-) true HVGs to see if the agreement or overlap is
high.

Fig 6 presents the density plot of the log-mean expression of the pooled selected genes for
each FS method in PBMC fine-resolution datasets. The dashed vertical blue line represents the
mean for each distribution. The light lavender density in each panel represents the true HVGs.
We can see that the density plots for Mcadet and the true HVGs both exhibit a bimodal distri-
bution and are very similar, with the largest overlap. Conversely, NBdrop and Scry tend to
favor selecting highly expressed genes. Specifically, Scry shows a high concentration of genes
with a particular mean expression value. On the other hand, Brennecke tends to select lowly
expressed genes. This also indicates that for particular scRNA-seq data, the (semi-) true HVGs
can encompass both highly and lowly expressed genes. It is important to note that certain
lowly expressed genes can still hold significant importance in terms of information content.
Additionally, the log-mean gene expression density for Seurat Disp and Vst appears to exhibit
a trimodal distribution, which differs significantly from that of the true HVGs. This result indi-
cates that our method is balanced in capturing genes across a wide range of expression levels
and closely aligns with the gene expression density of semi-true HVGs in PBMC fine-resolu-
tion datasets. The figure for PBMC coarse-resolution datasets can be found in S2 Fig. How-
ever, from that figure, we can observe that, compared to PBMC fine-resolution, the density of
genes selected by Mcadet differs more significantly from the corresponding true HVGs den-
sity. This also echoes the earlier result that our selection method is particularly useful for fine-
resolution datasets.
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Fig 6. Density plot of log-mean expression for selected genes in PBMC fine-resolution datasets. The light lavender density
represents the true HVGs in each panel. The dashed vertical blue line represents the mean for each distribution.

https://doi.org/10.1371/journal.pcbi.1012560.9006
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2.1.6. HVGs selected by Mcadet only. In this study, we applied the following criteria to
identify informative genes selected by Mcadet but not by other feature selection methods in
PBMC fine-resolution datasets:

D=(ANB)—(C,UC,UC,UC,UC,UC,UC,)

where A represents the semi-ground truth of the informative gene set. B represents the infor-
mative gene set selected by Mcadet. C; to C; represent the informative gene sets selected by the
seven other FS methods included in our study (excluding random selection). This criterion
defines set D as the gene set containing truly informative genes selected by Mcadet but not
selected by any of the other FS methods. By examining set D, we can highlight discoveries
uniquely enabled by Mcadet. For each PBMC fine-resolution dataset, we obtained a set D. We
repeated this process across all 24 datasets, aggregated all D sets, and calculated the frequencies
of the informative genes identified exclusively by Mcadet. The frequency histogram in Fig 7
displays the top 20 genes with the highest frequencies. For instance, the most frequently identi-
fied gene, SPINT2, appeared 19 times out of 24 datasets, indicating its repeated discovery by
Mcadet but not by other methods. The interpretation is similar for other genes in the histo-
gram. This approach allows us to demonstrate the unique advantages of Mcadet in identifying
significant genes within PBMC fine-resolution datasets.

Next, we selected the top five genes from this frequency plot for further investigation.
SPINT?2 (Serine Peptidase Inhibitor, Kunitz Type 2) is a gene known for its role in inhibiting
serine proteases, and it has been studied primarily in the context of cancer and other diseases.
SPINT?’s involvement is broadly related to its inhibitory functions and its impact on cellular
processes such as proliferation and migration, which can be relevant across various cell types,
including different subsets of T cells [24,25].

Frequency of informative genes discovered by Mcadet exclusively
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Fig 7. Frequency bar plot of informative genes discovered by Mcadet exclusively.

https://doi.org/10.1371/journal.pcbi.1012560.9007
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Fig 8. Comparison of the mean gene expression of gene SPINT2 by different fine-resolution PBMC cell types. The horizontal
red dashed line represents overall mean.

https://doi.org/10.1371/journal.pcbi.1012560.9008

The bar plot in Fig 8 illustrates the mean gene expression of SPINT2 across different fine-
resolution cell types. Notably, SPINT2 is highly expressed in CD8 naive cells, suggesting its
potential relevance to this cell type. Therefore, if this gene is selected, it can serve as a marker
to distinguish CD8 Naive cells from other CD8 cells in downstream analyses such as clustering,
thereby improving the clustering results. However, there is currently insufficient evidence to
classify SPINT2 as a specific marker gene for CD8 naive T cells. Studies on the functional roles
and expression profiles of SPINT2 have not highlighted it as significant in the context of CD8
naive T cells. Therefore, we propose that using Mcadet for feature selection in fine-resolution
scRNA-seq data can uncover many previously unidentified informative genes. On the other
hand, even if the genes selected by Mcadet are not widely recognized as informative genes for
a specific cell type, they may still be highly expressed in that cell type in the current dataset.
This high expression could be due to various factors such as the donor’s condition, gender,
age, or disease status, making these genes worth further attention. This capability is something
other feature selection methods might not achieve. For the other four top genes—CHMP?7,
ADPRM, CITED4, and BCAS4—their details are provided in S3-S6 Figs.

2.2. Contribution to the downstream analysis

2.2.1 HVGs associated with clustering. As detailed in Sec. 4.3, we used five metrics to
evaluate clustering performance. Here, we combined these five metrics by taking their average,
which is represented on the y-axis of Fig 9 as the averaged clustering metrics. From Fig 9, it is
evident that the reference method of random selection demonstrates the poorest clustering
performance across all types of datasets. In the PBMC coarse-resolution dataset, Mcadet does
not outperform any FS method except for random selection (NS, one-sided pairwise t-test).
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Fig 9. Averaged clustering metrics for comparing feature selection performance on PBMC (A and B) and simulated datasets (C and D). The p-values,
obtained through one-sided pairwise t-tests, indicate the significance of the differences between Mcadet method and each other FS method. Ns: non-
significance, NS: p > 0.05,*: 0.01 < p < 0.05, **:0.001 < p < 0.01, ***: p < 0.001.

https://doi.org/10.1371/journal.pchi.1012560.9009

However, in the PBMC fine-resolution dataset, Mcadet performs well, ranking in the top
three. In the simulated datasets, Mcadet also ranks highly. Unlike in the PBMC datasets, Mca-
det performs well in the simulated coarse-resolution datasets. The separate plots of these five
metrics are shown in S7-S11 Figs, which can provide insights into which method performs
better on each specific metric. Similar to Fig 3, the trend of mean averaged clustering metrics
is shown in S12 Fig. From the figure, it is evident that the random selection method, compared
to other FS methods, consistently remains at a low level. Additionally, as the number of
selected genes increases, the evaluation metric also improves, which makes sense. However, we
also observe that except for the PBMC fine-resolution datasets, where Mcadet gradually sur-
passes all other methods as the number of selected genes increases, Mcadet does not show
great differences from other methods in other types of datasets. The results indicate that for
clustering in downstream analysis, the advantage of Mcadet is not as pronounced as it is for
gene selection quality in Section 2.1, particularly in the PBMC datasets, whether coarse-resolu-
tion or fine-resolution.
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Density

2.2.2 HVGs associated with trajectory inference. Besides clustering, another important
step in downstream analysis is trajectory inference. Therefore, we conducted an analysis com-
paring the impact of Mcadet and other FS methods on trajectory inference. This experiment
was inspired by Ranek et al [26]. We employed SymSim package [27] to simulate scRNA-seq
datasets. In Sec. 4.1, we introduced the SPARSim package [28] for generating simulated data-
sets. However, in Sec. 2.2.2, we switched to SymSim because this package is particularly well-
suited for generating continuous scRNA-seq data with developmental trajectories. SymSim
allows for inputting various custom types of phylogenetic trees, making it ideal for creating
datasets for trajectory inference. We simulated 5 tree differentiation trajectories containing
2,000 cells and 5,000 genes. For each differentiation trajectory, we generated 10 datasets by set-
ting different random seeds. The diagrams of these five types of trees are shown in S7-S11
Figs.

We applied Mcadet to 50 generated continuous scRNA-seq datasets with 5 different trajec-
tory structures. After identifying the selected genes by Mcadet, we calculated the Spearman
correlations between their gene expressions and the pseudotime for each branch. The branch
information and corresponding pseudotime, considered as the ground truth, were derived
from the SysSim package. For each gene, we determined the maximum absolute value of the
Spearman correlations across all branches as the analytical Spearman correlation. We aggre-
gated all selected genes from the 50 generated datasets to obtain the pooled analytical Spear-
man correlations. Fig 10 illustrates the density distributions of the analytical Spearman
correlations for the genes selected by Mcadet and all genes in the generated datasets. From the
figure, we can observe that the density peak of the analytical Spearman correlations for the
genes selected by Mcadet shifts to the right. Additionally, the density of genes with analytical
Spearman correlations greater than 0.5 is higher for the selected genes compared to all genes.

- All Genes

. Mcadet Genes

0.00 0.25 0.50 0.75 1.00

Analytical Spearman Correlation

Fig 10. Density plot of the analytical Spearman correlations. Density distribution of the analytical Spearman correlations for
genes selected by Mcadet (red) compared to all genes (blue) across 50 generated continuous scRNA-seq datasets.

https://doi.org/10.1371/journal.pchi.1012560.g010
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This indicates that Mcadet has the capability to perform feature selection on continuous data
with varying trajectory structures.

Similarly, we applied other FS methods to the 50 generated continuous scRNA-seq datasets.
We calculated the analytical Spearman correlation for each selected gene, pooled these correla-
tions across the 50 datasets, and then calculated the mean and standard deviation of the analyt-
ical Spearman correlation for each FS method. Fig 11 shows the bar plot comparing these
methods. The second and third bars from the left represent the results for all genes and 1,000
randomly selected genes from the total 5,000 genes, respectively. We can observe that Mcadet
performs the best, significantly outperforming all methods except for Scry. The pairwise com-
parisons were done by one-sided t-tests. This result indicates that Mcadet’s feature selection
has the capability to perform feature selection on continuous data with varying trajectory
structures and outperforms many other commonly used methods.

2.3. 2-D visualizations, biplot and UMAP. In Sec. 4.1, we discussed that a key function
of MCA is to simultaneously project row and column variables into the same embedded space,
known as biplot space [29]. It is important to note that this biplot can be multi-dimensional;
the “bi” in biplot refers to both rows and columns, not just two dimensions. However, in the
visualizations in this section, we use a 2-D biplot for illustration. Fig 12 is a 2-D biplot of a
coarse-resolution PBMC dataset, generated using standard row coordinates and principal col-
umn coordinates after MCA. We illustrated 6 cell types; each dot represents a cell. Different
colors represent different cell types. We observed that the clusters of these cell types appear
flattened in this 2-D visualization. This is likely because the first 2 PCs may not fully capture
the true pattern in the high-dimensional space. However, we can still distinguish the three
clusters in this embedded space. It is widely known that the important marker genes for these
cell types are MS4A1 for B cells, IL7R for CD4 T cells, CCL5 for CD8 T cells, CD68 for mono-
cytes, NCR1 for NK cells, and CLEC9A for DC cells. These marker genes have been depicted
in the biplot using triangular, square, or round shapes filled with black. The black arrows
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Fig 11. Comparison of feature selection methods using mean analytical Spearman correlations. The p-values,
obtained through one-sided pairwise t-tests, indicate the significance of the differences between Mcadet method and
each other FS method. Ns: non-significance, NS: p > 0.05,*: 0.01 < p < 0.05, **: 0.001 < p < 0.01, ***: p < 0.001.

https://doi.org/10.1371/journal.pcbi.1012560.9011
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Fig 12. 2D biplot of a coarse-resolution PBMC dataset. X-axis and Y-axis are the first two PCs of standard row coordinates of
cells (dots) and the principal coordinates of genes (+) (texts). The black arrows represent the Euclidean distance from genes to
the cell centroid.

https://doi.org/10.1371/journal.pchi.1012560.g012

represent the distances between the DC cell marker gene, CLEC9A, and the centroids of all
cell clusters. It is evident that this gene is closest to the centroid of the DC cell cluster. Similarly,
other marker genes are positioned near their respective cell type clusters. However, since this
representation is limited to a two-dimensional space, it may not fully capture the distance
information. The bar plot in Fig 13 below provides a clearer view. We used the top 60 principal
components to calculate the Euclidean distances between the cell type centroids and each
marker gene. The results show that for each cell type’s marker gene, the shortest distance is to
the centroid of the corresponding cell type cluster. Notably, CCL5 and IL7R are close to both
CD8 T cell and CD4 T cell clusters, which is expected given the similarity between these T cell
subtypes.

In addition to using 2-D biplot visualization to demonstrate the core FS process of Mcadet,
we also employed 2-D UMAP (Uniform Manifold Approximation and Projection) [30] visual-
ization to subjectively show the differentiation capabilities of various FS methods on different
cell types with true labels, as well as the distinction between different cell labels after down-
stream clustering analysis. Fig 14 shows the UMAP visualization of a fine-resolution PBMC
dataset with true labels and clustering labels by different FS methods. Fig 15 shows UMAP
visualizations of the same fine-resolution PBMC dataset with Fig 14, colored by k-means clus-
tering labels by different FS methods. Specifically, we performed PCA to retain the top 15 PCs,
followed by k-means clustering, as we know that PBMC fine-resolution contains 11 cell types.
Different labels are then visualized with different colors, noting that the colors representing
categories 1 to 11 are just k-means clustering labels applied after the FS method, without bio-
logical meaning.

Fig 14A shows that the UMAP visualization of semi-true HVGs can generally distinguish
different PBMC fine-resolution cell populations. However, we observe that the cluster at the
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Fig 13. The Euclidean distances between different marker genes to the centroid of each coarse-resolution PBMC cell type.
Top 60 PCs were used to calculate the Euclidean distances in the embedded biplot space.

https://doi.org/10.1371/journal.pchi.1012560.9013

bottom of Fig 14A is a mixture of CD4 CTL and CD8 TEM cells. When clustered as shown in
Fig 15A, they are grouped as type 11 in black, which could mislead downstream analyses. In
contrast, Figs 14B and 15B, which use Mcadet for FS, show that the mixed cluster of CD4 CTL
and CD8 TEM cells is separated by k-means clustering, highlighting an improvement in down-
stream clustering due to Mcadet’s feature selection. From Fig 14A-141, We can see that the
visual differences between different FS methods are minimal. In Fig 15, we observe some dif-
ferences. As claimed above, only Mcadet (Fig 15B) distinguishes the mixture of CD4 CTL and
CD8 TEM cells in clustering, a unique capability for PBMC fine-resolution downstream clus-
tering not achieved by any other FS methods. However, it is noteworthy that the UMAP visual-
ization in Fig 14B does not display a significantly greater separation between these cell types.
This suggests that while Mcadet enhances clustering accuracy, the UMAP projection may not
tully capture this improvement due to its dimensionality reduction limitations.

We also included the random selection for comparison as shown in S18 Fig, from the fig-
ure, randomly selected genes do not effectively represent or retain biological information, nei-
ther in terms of true label representation nor downstream clustering labels. Given that UMAP
is influenced by random seed, we also input two additional different random seeds. The
results, shown in S19 and S20 Figs, are consistent with S18 Fig.

3. Discussion

FS methods are integral to scRNA-seq analysis pipelines, as they facilitate the acquisition of a
reduced-dimensional dataset that captures crucial information, promoting the interpretation
and understanding of the underlying biological processes. Therefore, it is crucial to avoid the
inclusion of non-informative genes or the neglect of marker genes. In the context of scRNA-
seq downstream analysis, the careful selection of a suitable feature set in advance is pivotal, as
it directly impacts the quality of the clustering or trajectory inference results. It is essential to
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Fig 14. UMAP visualization of a fine-resolution PBMC dataset with true annotated labels by different FS methods. A-G: HVGs of semi-ground truth;
HVGs selected by Mcadet, HVGs selected by Scry, HVGs selected by NBDrop, HVGs selected by Brennecke, HVGs selected by M3Drop, HVGs selected by
Seurat Disp, HVGs selected by Seurat Vst, HVGs selected by Seurat Mvp.

https://doi.org/10.1371/journal.pcbi.1012560.9014

acknowledge that individual FS methods operate based on specific assumptions pertaining to
the characteristics that determine the relevance of genes. Certain FS methods adopt gene dis-
persion as a criterion, postulating that the variability in gene expression is indicative of its bio-
logical significance. Conversely, other FS methods, such as NBdrop and M3drop, identify
genes with a higher-than-expected proportion of zero-counts, derived from a null distribution,
as more informative. Moreover, recent advancements have introduced feature selection meth-
ods that leverage graph-based and clustering machine learning algorithms, such as FEAST and
Triku, for FS in scRNA-seq data analysis. Despite the extensive development and widespread
adoption of various FS methods tailored for scRNA-seq data, there is still a need for explora-
tion, investigation, and proposition of new FS methods adapted to address specific challenges.
For instance, certain fine resolution datasets or datasets with minority cell populations
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Fig 15. UMAP visualizations of the same fine-resolution PBMC dataset with Fig 14, colored by k-means clustering labels by different FS methods. A-G:
HVGs of semi-ground truth; HVGs selected by Mcadet, HVGs selected by Scry, HVGs selected by NBDrop, HVGs selected by Brennecke, HVGs selected by
M3Drop, HVGs selected by Seurat Disp, HVGs selected by Seurat Vst, HVGs selected by Seurat Mvp.
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necessitate specialized FS methods that have yet to be thoroughly explored or developed. Fur-
ther research in this area holds promise for enhancing scRNA-seq analysis and uncovering
novel insights into cellular heterogeneity and biology.

In this study, we present Mcadet, a novel feature selection method designed specifically for
scRNA-seq data. Mcadet leverages MCA and community detection techniques to address the
challenges posed by fine-resolution datasets and datasets containing minority cell populations.
Using a diverse collection of datasets comprising both simulated and real-world PBMC data-
sets, we evaluated the performance of Mcadet in identifying highly informative genes. Our
assessment considered various evaluation metrics for the quality of the selected genes and for
the impact of downstream analysis. Notably, Mcadet demonstrated excellent performance on
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datasets in fine resolution in terms of the quality of the selected genes, which are often chal-
lenging to differentiate. It also exhibited outstanding ability in detecting HVGs in the datasets
associated with continuous cell populations or minority cell populations. Furthermore, Mca-
det successfully determined an appropriate number of HVGs, and in scenarios involving artifi-
cially reduced gene expression, our method performed well in identifying genes that exhibit
both low expression levels and high variability. Particularly Mcadet demonstrated a balanced
approach in selecting genes across a wide range of expression levels, the density resembles that
of semi-true HVGs of fine-resolution PBMC datasets, without exhibiting any bias or prefer-
ence. However, for clustering in downstream analysis, the evaluation metrics indicate that
Mcadet, compared to other methods, is not exceptionally outstanding, typically ranking
around the top four. While Mcadet does not outperform all competing methods on every data-
set, its advantage lies in its overall accuracy, especially on fine-resolution data. Although Scry
demonstrates high accuracy in feature selection, it performs less effectively than Mcadet in
downstream tasks such as clustering and trajectory inference. Therefore, Mcadet provides a
balanced performance.

Our method comprises five major steps: (1). Matrix pre-processing. (2). MCA decomposi-
tion. (3). Community detection for cell clustering. (4). Computation and ranking of Euclidean
distances. (5). Statistical testing. The efficacy of Mcadet in identifying highly informative genes
is primarily attributed to Step (2), (3) and (5), where the MCA decomposition isolates intrinsic
variation, which carries greater biological significance, the application of community detection
with varied resolution parameters facilitates robust cell population clustering, and a novel sta-
tistical testing approach is proposed to select a relatively suitable number of HVGs. Conse-
quently, Mcadet exhibits exceptional performance in fine-resolution datasets. This flexibility
enables the accurate detection of fine-resolution patterns and minority cell populations within
the data, enhancing the analytical capabilities of Mcadet in challenging scRNA-seq scenarios.

CA is a multivariate statistical technique primarily used to explore relationships within cat-
egorical data. It is particularly effective for visualizing the associations between rows and col-
umns in a contingency table. The input is a contingency table, where the rows represent
categories of one variable and the columns represent categories of another variable. CA calcu-
lates the row and column masses, which are the relative frequencies of each category, trans-
forming the table into a correspondence matrix. This scaling ensures that both rows and
columns are on the same dimensional plane, making the subsequent standard row and princi-
pal column coordinates directly comparable. Unlike other dimensionality reduction tech-
niques, such as PCA, which typically provide projections for either genes or cells, CA
integrates both aspects within the same framework. The final step in CA involves performing
SVD on the standardized residuals (the difference between observed and expected frequen-
cies). This decomposition yields the standard row and principal column coordinates, which
can then be used for further calculations or visualizations, offering a comprehensive view of
the data’s underlying structure. MCA extends CA to handle more than two categorical vari-
ables, making it a powerful tool for multivariate categorical data analysis. Comparing to CA,
the input of MCA is a data matrix where each row represents an observation, and each column
represents a categorical variable, then the categorical data matrix is transformed to a binary
indicator matrix, and the following steps are the same as CA. It is widely utilized across various
fields: To analyze and visualize responses from surveys with multiple categorical questions in
survey analysis; To explore complex relationships between different social and psychological
factors in sociology and psychology. This versatility makes MCA an essential technique for
uncovering patterns and relationships in complex categorical datasets.

Based on the above description, if we want to apply CA or MCA to a scRNA-seq data
matrix, we will use MCA. In this context, each row, representing a cell, corresponds to an
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observation, and each column, representing a gene, corresponds to a categorical variable, mak-
ing MCA more appropriate. The Cell-ID paper does not explicitly mention the reasons for
using MCA instead of CA, this potential rationale aligns with the need to consider genes as
separate variables and cells as distinct observations, leading to the adoption of MCA in our
methodology.

Since each gene is treated as a categorical variable, we need to define categories. We use
fuzzy coding to transform the data matrix. Fuzzy coding converts a variable into two or more
categorical variables. It is important to note that this expansion of data into a higher-dimen-
sional space can result in longer computation times for matrix decomposition. For example, if
each gene is converted into four categories, a sample with 15,000 genes would expand to
60,000 gene categories. This significant increase in the number of categories presents chal-
lenges in terms of computation efficiency. Therefore, we adopt the “doubling” technique in
correspondence analysis [31,32]. In this approach, each gene is divided into two categories:
one representing the presence of the gene g,, and the other representing the absence of the
gene g_. Fuzzy coding is advantageous because it allows us to capture the variability and
nuances in gene expression more effectively. By representing each gene as both present and
absent, we can better model the partial expression levels that are common in scRNA-seq data.
This approach enhances the sensitivity of our analysis, providing a more detailed and accurate
representation of the underlying biological processes. We also conducted a comparison by
leaving out the pre-processing step. In other words, we examined the results when we bypassed
fuzzy coding and directly applied MCA. S21 Fig presents the results of this comparison. From
the figure, we observe that except for the fine-resolution simulated datasets, the performance
with preprocessing is superior to that without preprocessing.

In step (4) of our approach, the calculation of Euclidean distance involves projecting all
genes (g,), and cells onto the same space, referred to as a biplot. Biplots are a type of explor-
atory graph widely used in statistics. They represent the rows and columns of a data matrix as
points or vectors in a low-dimensional Euclidean space. While biplots are typically visualized
in two or three dimensions for ease of interpretation, they can be extended to higher-dimen-
sional spaces for computational or analytical purposes. In this low-dimensional space, the
proximity, as measured by Euclidean distance, between a column (e.g., gene) and a row (e.g.,
cell) indicates the degree of specificity of the gene to the cell. For example, if a gene j exhibits
extreme proximity to cell cluster A (i.e., ranking first in distances between all genes and cen-
troid A), but is distant from cluster B. (i.e., ranking last in distances between all genes and cen-
troid B), gene j can be considered a candidate HVG that provides informative discriminatory
power for distinguishing different cell types or cell states.

In our approach, the task of cell clustering is performed in an unsupervised manner, aiming
to discover latent cell types or states within the dataset. The motivation for clustering and then
computing distances between cell cluster centroids and genes, rather than directly calculating
pairwise distances between each gene and cell, lies in the high computational cost. Given the
large number of genes and cells in single-cell sequencing, computing pairwise distances
between each gene and individual cell would be computationally cumbersome. Clustering cells
into distinct types, where within-type similarity is high, significantly reduces the number of
distance calculations while maintaining biological relevance. While various existing clustering
algorithms, such as k-means, DBSCAN, and Gaussian mixture models, can be utilized, they
often face limitations when applied to high-dimensional and sparse scRNA-seq data. For
instance, k-means requires the number of clusters to be pre-specified, which is challenging for
unknown samples. As a result, we turn to graph-based community detection algorithms. One
drawback of community detection algorithms is their dependence on the resolution parame-
ter, which influences the clustering outcome. Different resolution values can lead to distinct
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cluster assignments, making the partitioning result less robust. However, in our context, it is
not necessary to precisely determine the exact number of cell types present in the sample. This
is due to several reasons: (1). After clustering, the selection of features is based on a novel met-
ric, the log-ratio between the maximum and minimum rank, which is not sensitive to the per-
formance of a specific clustering algorithm. (2). The clustering step in our feature selection
workflow aims to enhance the distinguishability of distances between genes and cells, simplify-
ing the identification of informative features. It is not intended to determine the exact number
of cell types present, as additional clustering techniques can be applied after the feature selec-
tion process. (3). To obtain a more robust clustering result, we consider a range of resolution
values and evaluate the overall test statistic. (4). The true partitioning of cell populations can
be dynamic, exhibiting variations in fine and coarse resolutions. Therefore, we employ the Lei-
den algorithm in our feature selection workflow to address this aspect.

However, it is essential to acknowledge the limitations of Mcadet. One limitation is the run-
ning time of the method, as demonstrated in S22 Fig. The experiments were conducted on a
desktop with an AMD Ryzen 9 7950X 16-Core Processor and 64 GB RAM. It was observed
that the running time of Mcadet increases linearly with the number of genes or cells in the
dataset. In comparison to other feature selection methods, Mcadet exhibits significantly longer
running times. This extended duration can be attributed to the inclusion of computationally
intensive machine learning steps within our framework, which are absent in other compared
feature selection methods. The second limitation of our approach is the current reliance on the
Leiden algorithm for cell clustering. While it is currently the optimal choice for our proposed
framework, advancements in clustering or network analysis may lead to the emergence of new
and powerful algorithms that could replace Leiden in the future. A third limitation is that
although we used a number of datasets, including 48 real-world datasets, all of them are PBMC
datasets. In future work, it would be beneficial to include datasets from other cell types or bio-
logical systems to further validate the performance and generalizability of Mcadet. Further-
more, it is important to note that we did not consider all available feature selection methods,
such as recently published machine learning-based approaches. Including these methods in
comparative evaluations would provide a more comprehensive analysis of Mcadet’s perfor-
mance and its position among other state-of-the-art techniques. Fourth, we acknowledge that
we did not extensively explore optimal parameter settings for Mcadet and instead relied on
default parameter configurations. Future investigations should consider conducting parameter
optimization to further refine the performance of the method and explore its sensitivity to dif-
ferent parameter choices. Finally, all the data in this study are split both by donor and batch, so
the technical biases are not present in our data modality. In the future, we will introduce inte-
grated scRNA-seq datasets to further validate our method.

4. Materials and methods
4.1 Materials and datasets

Coarse resolution scRNA-seq data implies that the differences between various cell popula-
tions are significant. These differences are easily distinguishable in terms of biological func-
tions and specific gene expressions. In the PBMC dataset, we can represent coarse resolution
with a broad classification, such as B cells, CD4 T cells, and CD8 T cells. In contrast, fine-reso-
lution scRNA-seq data means that the differences between different cell populations are mini-
mal and thus difficult to distinguish. This can be represented in the PBMC data with a more
detailed classification, such as CD4 Central Memory T Cells (TCM) and CD4 Effector Mem-
ory T Cells (TEM). When simulating scRNA-seq data, we can directly tune the differentially

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012560 October 28, 2024 25/39


https://doi.org/10.1371/journal.pcbi.1012560

PLOS COMPUTATIONAL BIOLOGY Mcadet: A feature selection method for fine-resolution single-cell RNA-seq data

expressed (DE) parameters to either increase or decrease the differences between cell popula-
tions, thereby generating coarse- or fine-resolution datasets.

To perform the simulation study, we generated 48 simulated datasets using the SPARsim
package [28] in R. SPARsim utilizes a Gamma-Multivariate hypergeometric probabilistic
model to create count matrices that closely resemble the distribution of zeros observed in real
count data. In a recent evaluation of 16 scRNA-seq simulation methods by Crowell et al. [33],
SPARsim produced results that were most similar to real data, followed by Splatter, which is a
widely used simulator for scRNA-seq data. Furthermore, SPARsim was highly recommended
in a benchmark study by Cao et al. [34] for systematic evaluation of simulation methods for
scRNA-seq data. These 48 datasets are divided into two groups: 24 fine-resolution and 24
coarse-resolution datasets. Each dataset consists of 6,000 cells and 15,000 genes, with a total of
10 cell populations. The abundances of these cell populations are as follows: 25%, 20%, 16%,
10%, 8%, 7%, 6%, 4%, 3%, and 1% of the total cells.

To set up the initial parameters, we estimated them using the 10X Genomics example datasets
from Zheng et al. [35], specifically the human Jurkat and 293T cells, which are also included as
built-in datasets in the SPARsim package. Based on the estimated parameters from 1,718 293T
cells, we created 10 different cell groups with the respective abundances mentioned above. In each
cell group, we designated 20 genes out of the 15,000 genes as driver genes, which were only upregu-
lated in one type of cell. Therefore, there were a total of 200 driver genes (20 genes per cell group).
Additionally, we selected another 1,800 genes to be DE genes, which were either upregulated or
downregulated in two or more cell types. This resulted in a total of 2,000 informative genes.

The SPARsim package uses fold change multiplier to control the magnitude of differential
expression. A fold change multiplier of 1 indicates no differential expression, while values
greater than 1 represent upregulation and values less than 1 represent downregulation. For the
upregulated and downregulated DE genes, we generated the fold change multipliers from uni-
form distributions: Unif (a,,, b.,) and Unif (@4oun» baown) respectively.

For the fine-resolution datasets, we defined 24 levels of intensities by selecting the parame-
ters, a,, € (1.5, 2), by, € (2,2.5), Agown € (0.4, 0.6), biowy € (0.6, 0.8). These four parameters
were chosen 24 times in equally spaced intervals within the specified ranges. Similarly, for the
coarse-resolution datasets, we set up 24 levels of intensities by selecting parameters a,,, € (2,
3), by € (2.5, 3.5), dgown € (0.1, 0.3), and by, € (0.3, 0.5). Each dataset in the fine- or coarse-
resolution group corresponds to a specific DE fold change multiplier.

Regarding the driver genes, the parameters in the uniform distributions Unif (a,,, b,,)
were multiplied by 1.2. As the value of a,,, increases and ag,,,,, decreases, the differential
expression of the genes becomes more pronounced between cell groups, making these genes
easier to identify using feature selection methods. Therefore, we considered the 24 datasets
with more extreme differences between cell groups as fine-resolution simulated datasets, while
the other 24 datasets were coarse-resolution simulated datasets.

In our study, we utilized scRNA-seq datasets provided by 10X Genomics, specifically the
datasets of PBMCs from the recently published CITE-seq reference dataset by Hao et al. [36].
It included 24 human PBMC datasets, which represented 8 different donors and 3 different
batch times. These datasets were manually annotated at three different resolutions: fine, mod-
erate, and coarse annotation. The fine annotation contained 56 cell types, but due to some cell
types having zero cells, we decided to focus on the moderate and coarse annotation for our
working datasets. The 24 datasets with coarse annotation labels were considered our real-
world coarse-resolution datasets. These datasets consisted of 8 different cell types: B cells, CD4
T cells, CD8 T cells, dendritic cells (DCs), monocytes (Mono), natural killer cells (NK cells),
Other cells, and Other T cells. For our fine-resolution datasets, we used the moderate resolu-
tion labels but restricted them to T cells. This resulted in 24 fine-resolution datasets containing
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11 T cell types: CD4 cytotoxic T lymphocytes (CTLs), CD4 naive T cells, CD4 central memory
T cells (TCMs), CD4 effector memory T cells (TEMs), CD8 naive T cells, CD8 TCMs, CD8
TEMs, double-negative T cells (dnT), gamma-delta T cells (gdT), mucosal-associated invariant
T cells (MAIT), and regulatory T cells (Tregs). To summarize, we have a total of 96 datasets: 24
datasets each for simulation coarse-resolution datasets, simulation fine-resolution datasets,
PBMC coarse-resolution datasets, and PBMC fine-resolution datasets.

To determine the ground truth informative gene list for the simulated datasets, we explicitly
specified which genes were considered informative, totaling 2,000 genes. Obtaining the ground
truth informative gene list for the PBMC datasets, however, was more challenging since we did
not have that information available. To address this, we utilized the Find AllMarks() function
from the Seurat package to identify HVGs for each annotated cell type in the PBMC datasets.
This approach allowed us to obtain a semi-ground truth for the PBMC datasets. We set the
parameters "return.thresh = 1" and "logfc.threshold = 0" in the Find AllMarks() function to col-
lect all HVGs. Within each cell type, we ordered the genes based on their adjusted p-values in
ascending order. If there were fewer than 400 genes with adjusted p-values less than 0.05, we
included all of them. However, if there were more than 400 such genes, we selected the top 400
genes based on their adjusted p-values. These collected genes were combined to create a true
informative gene list. It should be noted that there might be duplicate genes in this list, specifi-
cally when a gene had an adjusted p-value less than 0.05 and was selected in more than two cell
types. On average, each PBMC dataset yielded approximately 1,500-2,000 informative genes
using this approach. The designation of highly variable genes (HVGs) for the simulated data-
sets is provided in S2 Table. Additionally, the summary information for the PBMC datasets,
including both coarse- and fine-resolution datasets, can be found in S3 Table.

4.2 Methods (Mcadet Workflow)

4.2.1 Matrix pre-processing. For the sake of convenience, we transpose the expression
matrix, but this operation does not affect any calculations or interpretations. Let Y, in Eq 1
be the expression matrix of scRNA-seq data, where n represents the number of cells (rows)
and p represents the number of genes (columns). Y;; denotes the observed expression of the it
gene in the i cell.

Y, .. o Y,
Y= - Y (1)
RO Y"p_w

In many scRNA-seq data analyses, it is common to apply a log-normal transformation to
the raw count matrix and then perform PCA for dimensionality reduction. However, the ratio-
nale behind using log counts has limited theoretical justification, and in certain cases, it may
obscure meaningful variation. Townes et al. [15] suggested that the zero-inflation resulting
from log normalization can be problematic as it artificially amplifies the differences between
zero and non-zero values. Booeshaghi et al. [37] demonstrated that for genes with low expres-
sion levels, the average log-transformed expression can significantly differ from the expected
value Jog(1), where A is the parameter of the Poisson random variable X being modeled, thus
leading to potentially misleading interpretations. Furthermore, Hsu et al. [8] showed that CA
remains robust when applied to either count or log-count data, eliminating the need for log-
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transformation and its associated issues. Therefore, in our method, we retain the raw count
matrix for downstream processing. The fuzzy coding system comprises membership functions
and hinge points. By default, the membership function utilized is a piecewise linear (triangular
membership function) [38]. In our approach, we employ the “doubling” technique in CA.
This involves separating each variable into two categories. Consequently, the two hinge points
serve as endpoints. For the jth gene, m,; (minimum) and m,; (maximum) are used as the hinge
points. The membership functions for the “positive” and “negative” doubled variables are sim-
ply defined as follows in Eq 2:

z. =" 1,z MYy, € [0,1] (2)
- b b —m. ij+ ?
1j

2o T Luxap 3)

where Z;;,+Z;;_ = 1, so the total sum is S Zf:] Z;, + S ZJL Z; = np. Fuzzy coding
can be regarded as a form of linear transformation that restricts values between 0 and 1, similar
to the stabilizing effect of log-normalization. However, one distinctive aspect of fuzzy coding
in MCA is that it treats genes with high mean expression and genes with low mean expression
similarly, if their presence patterns are comparable. Consequently, both genes contribute
approximately equally to the biplot plot. This characteristic sets fuzzy coding MCA apart from
other transformations.

4.2.2. MCA decomposition. Then the correspondence fuzzy coded matrix can be con-
structed in Eq (4):

1+ - Ip+ 1p—

—Z
np

nx2p = nx2p =

Pus Puc oo o Py Py |

The row mass (margin) and column mass (margin) can be computed in Eqs 5 and 6:

» »
1
Rowmassri:ZPUJrJrZPij_:ﬂ:_ (5)
=1 = npn
Column mass G = Z Pj.c = Z P, (6)
i=1 i=1

In standard MCA method using indicator (or “pseudo indicator”) matrix, the next step is to
calculate the standardized Pearson residual matrix with each element:

_ observed — expected Py, — 716,/

ro., =
gl \/expected VTG

In matrix notation, we have:

D3(P—rc")DE =R, = .ccccconn... O Loy (8)
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where r is the vector of row mass, and c is the vector of column mass. D, is an nxn diagonal
matrix of row mass, and D, is a 2px2p diagonal matrix of column mass. Each element r;;, or r;;
_ is defined by standardized Pearson residual mentioned above. Next step is to decompose
R,,.», by using singular value decomposition (SVD) to find left singular matrix U, diagonal
matrix of singular values D,, and right singular matrix V such that:

R,, =UD V', U'U=VV =1 (9)

nx2p
In terms of computation method of matrix decomposition, the traditional SVD requires
long computation time for large matrix like data matrix in scRNA-seq. Therefore, a fast and
memory efficient methods of SVD is used, here we employ irlba [39] package in R [40].
After SVD of Ry2p, K = 60 (default is 60, one can tune this parameter as well) components
are selected as low-dimensional representation. After rearrangements:

K T K T
P—rc" ~ Z I (D%uk) (D%vk> = Z I (D,D;%uk> (Dch’%vk)
k=1 k=1

-D, ZK: A (D;%uk) (D zvk)T D, (10)
k=1
Denote standard coordinates of rows and columns as:
@, = DU and I'y, = D2V, (11)
Denote principal coordinates of rows and columns as:
Fy = DU Ay and Gy = DEV A (12)
The reconstitution formula is given by:
P~D,(1,1;, + @A, I )D, (13)
Written in column-principal form:
P~D,(1,1} + ®,,GL)D, (14)

An asymmetric map refers to a situation where the row and column points are scaled differ-
ently, such as row points being in standard coordinates and column points being in principal
coordinates. In contrast, a symmetric map scales the row and column points equally, but it
lacks a distance interpretation compared to the asymmetric map [10]. Biplots, which are asym-
metric CA maps, combine one set of points in principal coordinates and the other set in stan-
dard coordinates. In this study, we utilize a column-principal biplot, which involves using
standard row coordinates @, = [0,,0,, ,¢n]T and principal column coordinates G, =

81181 &y gpf]T for downstream calculations. Here, ¢; represents a Kx1 vector of

standard row coordinates for cell i, and gj,,_ represents a Kx1 vector of principal column
coordinates for gene j. g;, denotes the presence of the gene, while g;_ indicates its absence.

N
Each set of two categories for each gene is centered at the origin, that is, ?j L+ ?j_ =0

[7,38,41]. Consequently, only the gene category coordinates ?j . (principal column coordi-
nates), which convey the presence of gene expression relative to the maximum per gene, i.e.,

Gy =g gﬁ]T, are retained for downstream analysis.
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4.2.3. Community detection. Clustering or community detection is performed using the
Leiden algorithm, a graph-based clustering algorithm that is faster than the Louvain algorithm.
We utilize the R package leidenAlg for implementing the Leiden algorithm [42]. Our specific
weighting of the kNN graph for the clustering step was inspired by the methods outlined in
PhenoGraph [43] and SNN-Cliq [44]. In summary, this approach embeds cells within a graph
structure, such as a k-nearest neighbor (kNN) graph, where edges are established between cells
exhibiting similar feature expression patterns. The goal is to partition this graph into highly
interconnected "quasi-cliques’ or ‘communities.” Following the methodology of PhenoGraph,
we initially construct a kNN graph based on Euclidean distance in PCA space and subse-
quently refine the edge weights between any two cells by evaluating the shared overlap in their
local neighborhoods using Jaccard similarity. During the construction of the KNN graph, we
set the value of k as 1% of the total number of cells in the dataset. To obtain a robust partition,
we keep the value of k fixed for building the NNgraph and vary the “resolution” parameter in
the “find_partition()” function of the leidenAlg package. We start with a resolution of 0.5 and
increment it by 0.1, running the algorithm 10 times by default.

4.2.4 Calculating and ranking the Euclidean distance. Having established the cell com-
munities (or clusters), assume there are d clusters, a set of cells ¥ € {C,,- - -,C;} can be defined,
we can calculate the coordinates of each cluster centroid by taking the average coordinates of
the cells in a cluster in Eq 15:

1
TW:W'Z@ (15)

ic¥

where Ty is a Kx1 vector, the coordinates of cell community ¥, |'¥| is the number of cells in
community ¥, and ¢; is the coordinates of cell i in this low-dimensional space we defined
above.

Once we have obtained the coordinates of each cluster centroid in the low-dimensional
MCA space, we can calculate the Euclidean distances between each gene (+) and each cell cen-
troid. In this low-dimensional MCA biplot representation, the distance between a column
(representing a gene +) and a row (representing a cell) indicates the specificity of that gene to
the corresponding cell. A shorter distance suggests a higher specificity. Therefore, to assess the
specificity of a gene to a particular cell community, we calculate the Euclidean distance
between each gene and each community centroid in Eq 16.

d(/v‘*’) = \/(gj+ - T'I’)T(gj+ - Tlll) (16)

where d; ) is the Euclidean distance between gene j(+) and cell community centroid ‘¥, and
8j+ is the coordinates of gene j in this low-dimensional space we defined above. Ty is the coor-
dinate of cell community V. Next, based on the Euclidean distances we have obtained, we can
rank them by each community:

{rd(w), e ’d(p)y)} = rank{d, y)," - ,d@.w)}, Ye{C, --,C,} (17)

where rd; ) is the rank of gene j in the Euclidean distances between all genes to cell commu-
nity ¥’s centroid. We utilize ranks instead of the actual distances because the Euclidean dis-
tances can vary significantly in magnitude due to the cells being distributed across an irregular
and high-dimensional space. The distances do not follow a normal distribution, making
parametric models such as ANOVA less effective. This limitation is also present in the FEAST
method, which employs F-statistics to assess feature significance based on mean gene expres-
sion [20]. However, scRNA-seq data often deviate from normal distributions, even after log
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normalization, primarily due to the high fraction of zero counts [15,37]. Nonetheless, the prin-
ciple that “the closer a column is to a row, the more specific it is to it” can be applied in any
high-dimensional space, regardless of the “curse of dimensionality”, and is not confined to any
specific distribution. Thus, the rank of distances for genes within each cluster holds meaning-
ful information. Consequently, we can generate a rank list Q; for each gene:

Qj = {rd(j,Cl)7 T ”d(py)v Tt "d(j,cd)} (18)

The maximum and minimum order statistics of €2, denoted as max(£2;) and min(€,), pro-
vide insights into gene variability. For instance, consider gene m, with min(Q,, ) equal to 5,
indicating that it ranks significantly higher in a particular cell community compared to other
genes. This suggests that gene m, is highly expressed in this specific cell community. Con-
versely, its max(Q,, ) is 10,000, indicating that gene m, is not prominently expressed in
another population of cells compared to other genes. The log ratio between max(Q,, ) and
min(QY,, ), i.e., log(10000/5) = 7.6, is relatively large. Thus, gene m, can be considered a candi-
date driver gene in our feature selection task. In contrast, let’s consider gene m,, where
min(Q,, ) is 12,000 and max(Q,, ) is 14,000. These values indicate that gene m, is distanced
from any cell clusters compared to other genes. The log ratio between max(Q,, ) and
min(Q,, ) is only 0.15, suggesting that gene m, is unlikely to be selected as a feature. Similarly,
a housekeeping gene m3, which is expressed in the majority of cell types, would be close to any
of the cell clusters. In this case, we have min(Q,, ) = 200 and max(Q,, ) = 800, resulting in a
log ratio of 1.4, which is also small compared to #1;. Therefore, gene m; would not be chosen
as a feature in our method.

Hence, we define the metric as logR:

max(Qj)> (19)

]

Then we rank log R; from high to low, and get top y genes specified by users who know how
many genes they want:

I'={g:|vje{l,---,p}: rank(logR, descending) <y} (20)
j

where I"is the final gene set selected. y is the parameter can be tuned by users who have
domain knowledge. Descending stands for ranking from high to low.

4.2.5. Statistical testing. The approach described above requires users to specify the num-
ber of informative genes to be selected, which relies on domain knowledge and may vary
across different samples. However, since the number of genes detected can differ among sam-
ples, a more data-driven method is required.

Suppose after Leiden community detection, there are d clusters detected, and suppose there
are p detected genes, and for gene j, suppose the rank pattern is: {Xy, - - - Xj;, - - - X}, Xj;is an
integer in 1 to p, indicating the Euclidean distance rank for gene j in cluster i. Our assumption
is that for each gene the random variable of rank pattern Xj; is i.i.d. and follows uniform distri-
bution (discrete).

P(Xi].:k):}),lgkgp (21)

Suppose X(1)<X)<- - <Xy are the order statistic of random variable X. We can derive the
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joint distribution of minimum X(;y and maximum X as:

k,—k —1\* [k, —k +1\° k, —k\*
-t ) - () s () o(58) e

Let V = logR = log% as the log ratio between the maximum and the minimum rank. The

distribution of Vis,

P(V =v) = ; l(“e%‘_l)d + (W%;‘HY - 2(”‘3;_ ”) d] (23)

where U = {u : ue* € Z",ue’ < p}.
The proofs of Eqs 22 and 23 are in S1 Methods.
This implies that if our assumption (null hypothesis) holds, stating that ranks are chosen

with equal probability for each position, the random variable V' = log (%) will follow the dis-
tribution described in Eq 23 as Rdis(p, d), with two parameters p and d. Let Q(V =v) = P(V<v)
be the cumulative distribution function defined in Eq 23. For a specific gene, if its observed V
value is ¥ and Q(v) > 1 — «, where a is the type I error typically set at 0.05, we can reject the
null hypothesis. This suggests that the observed maximum or minimum rank is not randomly
selected from the range of 1 to p. Instead, it indicates that the gene is more likely to have a
higher probability of being assigned the maximum rank among larger numbers or the mini-
mum rank among smaller numbers. This observation implies that the gene may carry informa-
tive characteristics.

In real datasets, it is important to acknowledge that the variables X; are not independent.
This is because the presence of one cluster can influence another cluster. While this assump-
tion is strong, it provides a simple model to work with. Furthermore, if we reject the null
hypothesis H, which is based on the assumption of independent and identically distributed (i.
i.d.) variables Xj, it suggests that the true distribution of X; under gene j does not follow Eq 21,
and therefore, the clusters may not be independent of each other. Additionally, when dealing
with a large number of variables p (which is typically greater than 10,000 in real datasets),

there will be a vast number of possible observed v values, given by v = log (%) For instance,

if p = 15,000, there would be approximately 112,507,500 (about 0.1 billion) possible observa-
tions. After removing duplicates, we are left with approximately 68,394,316 (68 million)
unique v values. Considering this, if we obtain an observation ¥, calculating its p-value using
the exact probability mass function from Eq 23 would be time-consuming, as it requires sum-
ming up probabilities one by one due to the discrete nature of the distribution. To address
this, we employ Monte Carlo simulation to estimate p-values. In each simulation iteration, we

randomly draw a rank from 1 to p and compute v as log (%) . This process is repeated T
times, where T'is typically set to a large number such as 20,000 or 30,000, in order to generate
a simulated distribution. Consequently, p-values can be obtained by comparing the observed v
to the simulated distribution. Since each time we input a different resolution parameter for
Leiden community detection, we may obtain a different number of clusters d from Leiden
community detection. When the Leiden algorithm is run ¢ times, for time t we detect d; clus-

ters, then, under the null hypothesis, the overall log ratio between maximum rank and
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minimum rank will follow the distribution:

Mixture of log—ratio ~ Rdis(p, d,) + Rdis(p,d,) + - - - + Rdis(p,d,) (24)

Observed log ratios can be calculated by summing all observed data, that is,

Vv, + v, + - + ¥,. The upper-tailed p-value of each gene is then determined by using the
Monte Carlo simulation described above.

4.2.6. Multiple-testing issue. To address the issue of multiple testing, we will utilize the
Benjamini-Hochberg (BH) procedure [45] to control the false discovery rate. It is important to
note that the BH procedure assumes that p-value statistics follow a uniform distribution under
the null hypotheses. However, in the case of discrete distributions for the test statistics, this
assumption is violated. Our test statistic also follows a discrete distribution. To overcome this
limitation, Joshua and Edsel [49s] proposed a stochastic process framework that enables p-value
statistics to satisfy the condition of uniformity by introducing a uniform variate for test statistics
with discrete distributions. However, in our testing scenario, this correction for p-values has
minimal impact. Despite the discrete nature of our test statistic’s distribution, the large number
of possible values for the test statistics mentioned earlier results in an approximately continuous
distribution. Moreover, scRNA-seq datasets typically contain numerous genes with upper-tailed
p-values close to 1, which violates the assumption of uniformity. Therefore, we remove genes
with p-values greater than 0.9. Consequently, the remaining p-values under the null hypothesis
will be approximately uniformly distributed, allowing us to apply the BH procedure.

4.3 Evaluation metrics and other FS methods

In the context of feature selection, the goal is to identify the most relevant features that effec-
tively describe and comprehend the datasets. Specifically, this involves identifying subsets of
genes that, when used as inputs in a clustering algorithm, can yield a clustering solution where
each cluster represents a potential cell type. To address this, we approached the problem from
two perspectives: 1) the accuracy of the selected genes, and 2) the performance of the clustering
algorithm.

For assessing the accuracy of the selected genes, we used the Jaccard similarity index as the
evaluation metric. The Jaccard similarity index is a statistical measure used to assess the simi-
larity and dissimilarity between two sample sets. It calculates the similarity by dividing the size
of the intersection of the sets by the size of their union:

AN B AN B]
A,B) = =
J(AB) = 08 ~ AT B —JAUB

(25)

0<J(A, B)<1, where J(A, B) close to 1 indicates a higher similarity between the sets A and B. In
our context, the gene sets selected by different feature selection methods represent set A, while
the (semi-) ground truth of HVGs for each dataset, as specified in Section 3, represents set A.
By comparing the Jaccard similarity index, we can evaluate the accuracy of the selected HVGs.

To assess the clustering performance of different feature selection methods, we initially cre-
ated reduced-dimensional datasets using the selected informative gene sets. Next, we utilized
PCA to transform the scRNA-seq data into a lower-dimensional space, specifically reducing
the dimensionality to the first 15 principal components (PCs). Subsequently, we applied the k-
means algorithm to cluster the data within this reduced space. We opted for k-means due to its
effectiveness in low-dimensional spaces and its suitability when the number of cell clusters in
both artificial and real-world datasets is known, allowing for straightforward specification of
the value of k. After applying the k-means algorithm, we obtained the set of clustering denoted
as T, while the true class is denoted as T.
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To evaluate the quality of the clustering results, we employed various metrics, including the
silhouette score, purity, adjusted Rand index (ARI), normalized mutual information (NMI),
and the neighborhood hit. These metrics provide insights into different aspects of clustering
performance and help us compare the effectiveness of each feature selection method.

The silhouette value is a measure of how well an object is assigned to its own cluster com-
pared to other clusters [46]. It ranges from -1 to 1, with a higher value indicating a better
match to its own cluster and a poorer match to neighboring clusters. A higher average silhou-
ette value, known as the silhouette score, indicates that the clustering is more suitable, whereas
a lower or negative silhouette score may suggest an insufficient number of clusters or an incor-
rect clustering configuration. The purity of a cluster is a measure of the proportion of data
points belonging to the most frequent class within that cluster [47]. It is calculated by sum-
ming the number of data points in each cluster that belong to the most common class and
dividing it by the total number of data points N. The purity can be defined as follows:

1
N Z maxy.r,|a N bl (26)

acTy

Rand Index is a measure of similarity between two data clusters in statistics, and in particu-
lar in data clustering [48]. Normalized Mutual Information is a variation of a measure in infor-
mation theory known as Mutual Information [49]. Mutual information refers to the amount
of information about a distribution that can be derived from a second distribution. It is a good
measure for determining the quality of clustering. A major reason that it is usually considered
is that it has a comprehensive meaning and can be used to compare two partitions, even when
there is a difference in number of clusters. Normalized Mutual Information is given by:

2xI(T,; T))

NMI(T,, T,) ~H(T,) + H(T,)

(27)

where H(-) is the entropy function, I(T,; T,) = H(T,) — H(T,|T,) is the mutual formation
between T, and T.

Neighborhood hit [50], with values ranging from 0 to 1, where 1 indicates the best outcome.
In our study, this metric represents the proportion of the K neighbors N’ of a point i in the
embedded low-dimensional space (constructed using the top 15 PCs from MCA and calcu-
lated with Euclidean distance) that share the same label I as point i. This proportion is averaged
over all points in the embedded space. It measures how well the labeled data is separable in
this projection, which helps in evaluating whether the feature selection process can identify
informative genes, thus enhancing the distinguishable spatial structure of the embedded space.
We conducted the analysis using a value of K = 30 as the number of neighbors for calculating
the neighborhood hit.

v eNY L =1]

Y (28)

As mentioned in Sec. 1.3, we compared Mcadet with 7 existing feature selection methods.
In addition, we included a “Random” method as a reference for comparison. The details of
each method are as follows:

1. Random: Randomly select 2,000 genes from the datasets.

2. Seurat Disp: Uses the FindVariableFeatures() function with “method = disp” from the Seu-
rat package.
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3. Seurat Vst: Uses the FindVariableFeatures() function with “method = vst” from the Seurat
package, which is equivalent to the scran method described in Section 2.

4. Seurat Mvp: Uses the FindVariableFeatures() function with “method = mvp” from the Seu-
rat package.

5. Brennecke: Uses the BrenneckeGetVariableGenes() function from the M3Drop package.

6. NBdrop: Uses the NBumiFeatureSelectionCombinedDrop() function from the M3Drop R
package.

M3drop: Uses the M3DropFeatureSelection() function from the M3Drop R package.
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