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Abstract 032

Background: Single-cell RN A-sequencing (scRNA-seq) typically monitors thou- 033

sands of genes, resulting in high-dimensional data. Dimensionality reduction 034

methods are therefore essential, with principal component analysis (PCA) being 035

among the most widespread. PCA reduces dimensionality by selecting the first k 036
principal components to create a lower-dimensional embedding. Common recom-

. . . o 037
mendations suggest using 10-50 components, and the canonical pipelines have a 038
default of 50. However, no justification for this choice exist. Other resources sug- 039
gest data-driven methods to choose the number of components, however these
methods have not been systematically evaluated for scRNA-seq analysis. 040
Results: We therefore investigate the rationale for using a default number of 041
components and evaluate eight data-driven methods for choosing the number 042
of components in scRNA-seq analysis. Our study includes 25 real scRNA- 043
seq datasets and 37 simulated datasets spanning diverse data characteristics. 044
PCA embeddings are assessed by clustering-based downstream analyses (i.e. 045
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tasks based on KNN-graphs), with respect to clustering score, neighborhood
preservation, convergence, assumptions, and computational cost.

Conclusion: Evaluating clustering performance across a range of PCA embed-
ding sizes, we find that most datasets have a broad optimal range between 10
and 100 components. However, a few datasets behave differently, suggesting that
fixed defaults are insufficient as scRNA-seq data increase in size and complex-
ity and evolve with changing protocols. Although the general recommendation
of between 10-50 components, including the default 50, performs well for many
datasets, we argue that data-driven selection of the number of components is a
necessity for scRNA-seq analysis. Evaluation of the data-driven methods leads
to practical recommendations for data-driven methods.

Keywords: benchmarking, scRNA-seq data, dimensionality reduction, PCA, number
of components, clustering

1 Background

High-throughput methods, such as single cell RNA sequencing (scRNA-seq), allow
unique insights into cell diversity, population heterogeneity and cell behavior. How-
ever, the analysis of these data is challenging due to their complexity, sparsity, noise,
and not least high dimensionality [1]. The human coding genome is estimated to
be around 20000 genes [2], but many more gene products are assumed to play a
significant role in biological processes. Therefore, measuring thousands to hundreds
of thousands of genes (and their products) is needed to investigate and potentially
understand the complexity of biological processes and systems. This results in scRNA-
seq datasets of high dimension, both in samples (cells) and features (genes), where
it is not uncommon that the number of features is larger than the number of cells,
which can pose a challenge for classical machine learning (ML) and data analysis
methods. The large feature space, and the amount of data in general, further leads to

high computational costs and difficulty in human interpretability of the data.

Dimensionality reduction methods are therefore essential for scRNA-seq data. A

popular method to reduce data dimensionality, reduce noise, and lower downstream



computational cost is principal component analysis (PCA) [3]. Although this method
dates back to 1901 [4], the authors of [3] found it to be recommendable in most
settings compared to a number of more modern dimensionality reduction methods.
PCA computes a sequence of orthogonal linear approximations, denoted principal
components (PC) which are ordered according to the amount of variance in the orig-
inal data they account for. The reduction in dimensionality is obtained by choosing
the first & components, where k is much lower than the original dimension. We will
denote this low-dimensional representation of the data the PCA embedding of size k.
Selecting too few components can lead to a loss of local diversity (i.e., cell population
diversity), and as a result, vital biological information may not be considered in
downstream analysis. In contrast, using too many components increases the compu-

tational cost of downstream tasks and risks including technical noise.

In canonical analysis pipelines for scRNA-seq data, such as those provided in Seu-
rat (v5) [5] and Scanpy (v1.11) [6], the PCA embedding is used for a multitude of
downstream applications, such as clustering (e.g., Leiden algorithm [7]), visualization
(e.g., uniform manifold approximation projection (UMAP) [8]), trajectory analysis
(e.g., Monocle [9]), and differential gene expression analysis. The choice of components
is therefore essential for the outcome and conclusion of the scRNA-seq analysis. How-
ever, choosing the optimal number of components is not easy and we argue that it is
both dataset- and task-specific. The selection of components is further complicated
by the implementation of downstream tasks in the packages, which back-end runs a
PCA with 50 components (default), without taking into account the complexity of the
dataset or task. For example, when bulding the k-nearest neighbor (KNN) graph in
Seurat or Scanpy, the graph is typically constructed on the default PCA dimensions.
Consequently, downstream analyses such as Leiden and Louvain clustering [7, 10] as

well as UMAP visualization [8] are performed in this PCA space.
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A common recommendation is to choose between 10 and 50 components (see
tutorials [11-13]), aligning with the default value in these canonical analysis pipelines
and its frequent use in practice [13-15]. This opens an important question: Why do

we operate with a default number of components and is this appropriate?

In the first part of this paper we therefore investigate the impact of the size of
the PCA embedding on the downstream task clustering (i.e., tasks based on KNN
graphs) and the indication of a default size of the PCA embedding. Our investigation
cover both real scRNA-seq data from publicly available repositories and simulated
scRNA-seq data, for which the ground truth is known and the labels accurately

reflect the true classes.

Other resources suggest using data-driven methods to choose the number of
components [16, 17]. While several data-driven methods have been suggested, these
methods have not been systematically evaluated on scRNA-seq data. To the best of
our knowledge only the preprint by [18] focuses on scRNA-seq data and evaluates

some of these methods on simulated data.

In the second part of this paper, we therefore evaluate and discuss methods for
choosing the number of principal components in scRNA-seq analysis. We compare a
range of computational methods which represent different approaches and strategies
for estimation. We investigate the eigenvalue-based methods including Adjusted
Correlation Thresholding (ACT), two versions of Eigengaps (EG and EG-bound),
Explained Variance (EV) and Scree plot (SCREE); the hypothesis-based method
Kritchmann-Nadler (KN); simulation-based methods Jackstraw (JS) and Parallel

Analysis (PA); as well as the default 50 components (PC50).



To our knowledge, this is one of the first studies extensively exploring the indication
of a default size of the PCA embedding for scRNA-seq analysis as well as discussing
and evaluating data-driven methods in the context of scRNA-seq data, in order to

answer the question of how to choose the number of components.

2 Results

The results are split into two main sections. The first evaluates how different sizes of
the PCA embedding affect downstream clustering, while the second section assesses
data-driven methods to determine the size of the PCA embedding.

We focus on clustering as the downstream analysis and build the KNN-graph on
the reduced PCA space followed by the Leiden algorithm, consistent with the standard
pipeline. We measure the clustering quality by the adjusted rand index (ARI) between
the Leiden clustering labels and the true labels. Clustering quality is highly sensitive
to the number of clusters found by the Leiden algorithm, which is primarily controlled
by the resolution parameter [19]. We observe that the number of clusters varies with
the size of the PCA embedding when the resolution parameter is fixed, making joint
optimization of the resolution and the PCA dimension necessary. Since our purpose
of clustering is to evaluate the quality of the PCA embedding, we present results
using resolutions aligned with the true number of clusters. Although this approach
is not practically feasible, as it relies on extrinsic information, results based on a
practical alternative, namely the silhouette score, are provided in the appendix. A
more elaborate discussion is given in section 4.5.

We use 25 real scRNA-seq datasets along with 37 simulated datasets for evaluation.
The real datasets come from different labs, are obtained under different conditions,
investigate different research questions, and thus cover a wide variety of scRNA-seq
data while the simulated data are obtained by four different simulators (see section 4.2

for details).
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2.1 The impact of the size of the PCA embedding on

clustering performance

Fig. 1 presents the impact of the size of the PCA embedding on clustering performance
(ARI score) on the real scRNA-seq data where colors indicate the individual datasets.
For most datasets, the performance profile initially increases, then flattens, and some
profiles then decrease at higher dimensions. This behavior is expected according to
theory; too few components fail to capture all the information in the data, whereas
too many components include excessive amounts of noise. Most notably, most of the
performance profiles exhibit a broad range of embedding sizes that yield compara-
ble performances. For the majority, this range lies between 10 and 100 components.
The default 50 components conveniently falls within this range, which might be the
reason for its widespread adoption. However, while the exact choice of components
might not be critical for most datasets, it is critical to choose a value within this opti-
mal range. This range could change as datasets grow in size, quality, and complexity
(characteristics) or as laboratory techniques change. Supporting this, Seurat has his-
torically changed its default number of components from 20 components in v2! to 50
components in the later versions.

Even though most datasets share these characteristics, there are a few datasets
where the optimal range is more narrow (sharper peak) or shifted. For example, the
Koh and Kumar datasets in fig. 1c, do not include 50 components in the optimal range.
Thus, for some datasets the clustering performance is more sensitive to the size of the
PCA embedding and it is important to be careful. Combined, this calls for data-driven

methods to determine an appropriate size of the PCA embedding.

*Source code https://cran.r-project.org/src/contrib/Archive/Seurat//.
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Fig. 1: ARI scores over a range of sizes of the PCA embedding for the real scRNA-seq
datasets. Higher ARI scores indicate better clustering performance. The shaded areas
represent the 80th percentile across 10 repetitions, and the dotted line indicates the
default of 50 PCs.

The results for the simulated datasets in fig. 2 show similar but more pronounced
patterns. Note for example that the optimal range for several of the Splatter datasets

is narrow and do not include 50 components. For the simulated data, we were able

277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322



323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

to artificially construct balanced groups. Under balanced conditions, the performance
curves tend to have a wider optimal range including lower dimensionalities (see fig. D8
in the appendix).

Without standardization prior to PCA the optimal range is wider and extends to
higher dimensionalities for several real datasets (see eg. Fat, Marrow, and Zheng in
figs. D4 and D7 in appendix). Increasing the number of highly variable genes yields

similar results to those presented here (see figs. D3 and D6 in appendix).
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Fig. 2: ARI scores over a range of sizes of the PCA embedding for the simulated
scRNA-seq datasets. Higher ARI scores indicate better clustering performance. The
shaded areas represent the 80th percentile across 10 repetitions, and the dotted line

indicates the default of 50 PCs.
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2.2 Computational methods to estimate the size of the PCA

embedding

We investigate a wide variety of data-driven methods which have different methodolog-
ical approaches, different assumptions, and varying complexity to address the problem
of finding an appropriate size of the PCA embedding. For comparison, we also include
choosing the default 50 components (PC50). A description and discussion of these

methods are found in section 4.1.

2.2.1 The number of components

Figure 3 shows that the methods generally do not agree on the optimal number of
components for the PCA embedding. In fact, there is a large span between the small-
est and largest number of components suggested by these methods even within the
same dataset. EG typically chooses fewer components than the other methods (par-
ticularly for the real scRNA-seq datasets), followed by JS. The methods ACT, PA,
KN, SCREE, EG-bound, and PC50 tend to select a similar range of components,
whereas EV generally prefers more components than the other methods. The varia-
tion in the number of components selected by EG-bound tends to be small compared
to the other methods. This is a consequence of the method’s design, which limits the
range of components that can be selected.

When the data is not standardized prior to PCA, PA tends to suggest fewer compo-
nents, but still more components than EG (see fig. D9 in appendix). This may indicate
the presence of a shadowing effect in PA (described by [20]), where one factor domi-
nates, causing factors to be excluded as noise when then data is not standardized. For
some methods, we observe a slight increase in the optimal number of components when

the number of highly variable genes is increased to 5000 (see fig. D10 in appendix).

10
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Fig. 3: Boxplots (logscale) of the optimal number of components computed by each
method on the (a) real scRNA-seq datasets and (b) the simulated scRNA-seq datasets.

2.2.2 Clustering performance

Although the methods choose a wide range of components, this variation does not
necessarily translate into a large difference in clustering performance (see fig. 4). This

is expected based on the wide range of embedding sizes that gave similar clustering

F L

performances observed in section 2.1.
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Fig. 4: Boxplots of clustering performance (ARI) of the data-driven methods for (a)
all real scRNA-seq data (b) all simulated data sets.

EV performs poorly on most simulated datasets, suggesting that it selects too
many components and thereby introduces excess noise into the embedding. However,

EV outperforms the other methods for the simulated Splatter datasets Ear, Kidney
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and Testis, indicating that some datasets require a large number of components to
retain relevant information. When groups are balanced EV never achieves a better
clustering score than the other methods (see fig. D15). For several real scRNA-seq
datasets including Koh, Kumar, Zheng, Fat, and Marrow, EV also performs worse
than the other methods. However, for the Skin data and to some degree the Prostate
data, EV is the only method that chooses enough components to retain the infor-
mation necessary for optimal clustering. Overall, although EV still underperforms
relative to the other methods for the real datasets, selecting many components

appears less detrimental than for the simulated data.

EG selects fewer components than the other methods, which negatively affects clus-
tering performance, particularly for the real scRNA-seq datasets, possibly reflecting
their more complex nature.

ACT, EG-bound, JS, KN, SCREE, PA, and PC50 generally show similar cluster-
ing performance across datasets with few exceptions. For example, PA shows reduced
clustering performance for the Zheng datasets and the Testis data. No single method
selects a superior embedding in terms of clustering score across datasets. KN does not
converge (empty cells) for the majority of the simulated datasets and it is therefore

difficult to assess the performance of KN on the simulated data.

The patterns are similar when increasing the number of highly variable genes to

5000 or using non-standardized data (see section D in appendix).

12
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Fig. 5: Heatmap of the ARI scores across the data-driven methods for each real
scRNA-seq dataset. Larger values and lighter color indicate better clustering perfor-
mance. Empty cells indicate that the method did not converge.

- 1.0
ACT 100 100 100 09 100 10 038 100 099 [ 100 100100 10 100 035 100 100 100 100 [EROIIRRY ose
EG i 10 100 100 WNH. 100 100 100 098 100 100 100 100 (0se (OB 0se
0.8
EG-bd Jieo 0 0 uss 100 100 [ 10 w.m snfin 120 100 03 100 100 030 100 (RN o0
e 1 - O - I+ - - - - os
SCREE uee | on | 2on famn 220 | 10 Rl 10 m.m rnfio 100 100 03 100 100 030 200 O 100
KN Jiso 100 100 0sn| | 100 [ 10 m.m soflion 10| foss| |1 B .. 0.4
1S i 100 100 03 100 100 w100 nn.mo ol 100 100 [ 100 100 030 200 0o [ORH
PA i om0 xaoﬂxw 100 [ase] 100 mﬂ 100 [oaafi0 100 nona 100 100 100 [oss) ase 0.2
PC50 Jisofoof ootz o 1 nn‘xao 1000 10 100 038 100 100 ass 100 [ ass H
L L L L T T LI T T T 17T 17T 17T 177 LI L
Vo - oo CE>S0nunUCc s oo CE>0nuuvec s od cC = >0nun
c‘o‘“cu:E'gw'“wmu:c'oNoca‘gwmwmzuoﬂ’wcagwﬂ’wm:.g
IxEq:‘U;_cul-chmIxEq-:‘ULmU-l:EmI.\(Eq:‘“;_q)l-l-lcudmm
o SodE LS5 kel (e SodEgEs5 kel U O Sod g s3 kel v £
kg 22 c o SOF ¢ ER: T o 2SUF g 28 T o 20k
a b Eswn ¥ % a S Eswn ¥ % a b5 Eswn ¥ % >
< o a < © &L b= © K
[ N = ° N = e N =
[a] [a] [a)

Fig. 6: Heatmap of the ARI scores across the data-driven methods for each simulated
scRNA-seq dataset. Larger values and lighter color indicate better clustering perfor-
mance. Empty cells indicate that the method did not converge.

2.2.3 Neighborhood preserving

Ground truth data are available for the scRNA-seq simulators Sparsim, Splatter, and

Symsim. This enables investigation of whether the PCA embeddings preserve local
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neighborhoods. We measure this by the trustworthiness score, which compares the k-
nearest neighbors in the ground truth data to the k-nearest neighbors in the PCA
embedding for each observation. The results for £k = 15 neighbors are illustrated in
fig. 7.

Across nearly all datasets, neighborhoods are best preserved with few components,
as EG almost consistently achieves the highest trustworthiness score. ACT, EG-bound,
JS, PA, PC50, and SCREE generally give very similar trustworthiness scores, with the
exception that PA, PC50, and SCREE perform slightly worse for the Splatter datasets.
The embeddings produced by EV do not preserve neighborhoods as well as the other
methods. KN fails to converge for many of the datasets, limiting assessment. The
results for £k = 50 neighbors, increased highly variable genes, and non-standardized
data prior to PCA are found in section D.4 in appendix. The patterns in these plots

are similar.
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Fig. 7: Heatmap of the trustworthiness using 15 neighbors on each simulated scRNA-
seq data set where there exists a ground truth for each method. Higher values and
lighter colors indicate better neighborhood preservation. Empty cells indicate that the
method did not converge.
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2.2.4 Wall-clock time

With increasing sizes of scRNA-seq data, particularly increasing number of cells, (the
gene space is typically reduced beforehand by selecting the most highly variable genes,
which is also the case here), it is important that the data-driven methods are applicable
in terms of computation time. Figure 8 shows the median computation time and
scalability (slope) for each method. ACT, EG, EG-bound, EV, and SCREE mainly
spend computation time on computing the eigenvalues. Thus, their computation time
is very similar. KN is slightly slower, as it requires solving a system of nonlinear
equations that grows in size with the number of components. KN can “explode” in
computation time, depending on how many iterations it takes to solve the nonlinear
system of equations. The computations of PA and JS are slower than the remaining
methods, since they depend on simulations which require repetitive computations of

the eigenvalues. The scalability (slope in the plots) of the methods is very similar.
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Fig. 8: Log-log plots of the median computation times over the 10 repetitions for each
method.
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2.3 Practical summary

To summarize the results, we provide a practical overview of the methods and their
capabilities in table 1. The methods are divided into categories based on perfor-
mance for each evaluation criteria. Details of the categorization in tier 1-3 are given
in section 4.4. Methods in tier 1 are ranked on top, whereas methods in tier 3 are at
the bottom.

EG and EV perform worse than the other methods in terms of clustering. EG
improves on the simulated data, possibly owing to the simulated datasets less complex
nature and thereby suitability to lower-dimensional embeddings. A drawback of EG
is that it fails to converge for some datasets.

In general, clustering performance on the real scRNA-seq datasets is modest,
whereas the clustering performance for the simulated datasets is generally better. No
single method is consistently better than other methods.

ACT, EG-bound, SCREE, KN, and PC50 achieve the best clustering performances,
closely followed by JS and PA. This is the trend across the different pre-processing
settings (see tables D6 and D7 in appendix).

KN is placed in tier 3 for convergence success rate, reflecting convergence issues
for several datasets. KN also relies on strong distributional assumptions, limiting its
practical applicability.

EG-bound and especially PC50 are constrained by fixed limits on the size of the
PCA embedding. This reduces flexibility and may negatively affect analysis of scRNA-
seq data with characteristics different from those studied here (historical data), making
these methods less recommendable in practice, despite their performance across several
evaluation criteria.

Overall, ACT, SCREE, and the simulation-based methods JS and PA are recom-

mended. Although the simulation-based methods are computationally slower due to
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repeated computations, they scale similarly to the other methods. Since this is typ-

ically a one-time computation, the increased runtime may not be a major concern.

Note that ACT and JS assume standardized data, so their use depends on whether

standardization is appropriate for the analysis (see section 4.3 for a discussion hereof).

737
738
739
740
741
742
743
744
745

Table 1: Summary of the computational methods to estimate the number of components 744
of PCA. These results are based 2000 highly variable genes and standardization prior to 747

PCA. Y=Yes.
ACT EG EG-bd EV JS KN PA PC50 SCREE
_ Clustering accuracy
g Clustering stability
Number of components [ | [ |
© Clusteringaccuracy | @ ®H ® = ® ® ® ® H
EJ Clustering stability | | | | [ |
é Number of components [ | [ | [ | [ | | |
?  Neigh. preserving (k=15) | | | | [ |
Neigh. preserving (k=50) | | | | |
Convergence success rate | | | | | | |
Scalability | | | | | H B [ | [ |
Speed [ | [ | [ | [ | | |
Distributional assump. Y
Require scaled data Y Y)
Dimension constraints Y Y
Tier 1 M Tier 2 Tier 3 Not assessable

3 Discussion

We have presented, discussed, and evaluated a range of data-driven methods for select-

ing the number of principal components in the canonical scRNA-seq analysis pipelines.

No single method performs optimally across all settings. A central challenge is to avoid

the selection of too few or too many components. Methods such as eigengaps (EG)
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and explained variance (EV) illustrate this trade-off. For most datasets, there exists
a broad range of embedding sizes, typically between 10 and 100 components, which
gain similar clustering performance and thereby seem to retain the same information.
This explains why many methods yield comparable clustering performance. However,
we find that some methods such as adjusted correlation thresholding (ACT), the scree
plot (SCREE), Jackstraw (JS), and parallel analysis (PA) has better properties.

Our evaluation focuses on the canonical pipelines implemented in Scanpy and Seu-
rat. Specifically, we use typical pre-processing steps (log-normalization and selection
of highly variable genes) and assess downstream clustering performance using Leiden
clustering. Consequently, our results and recommendations are biased towards this
choice. We believe this to be a reasonable focus, as these pipelines are widely used in
practice. We explore variations in pre-processing, but these do not seem to affect our
conclusions drastically.

Methods differ in aspects such as convergence, computation time, assumptions
on data, and dimensionality restrictions. Although dimensionality restricted meth-
ods (e.g., selecting the default 50 components) perform comparably to non-restricted
methods on the datasets considered here, we argue against their use. The character-
istics of scRNA-seq data may evolve over time, shifting the appropriate number of
(range of) components. Indeed, we already see differences in one or two datasets ana-
lyzed here. Relying on dimensionality restricted methods risks overlooking these shifts,

potentially leading to suboptimal embeddings and impaired downstream analysis.

4 Methods

Section 4.1 describes methods for choosing the number of components in PCA, while
section 4.2 presents the datasets we use for our investigations. Section 4.3 and 4.4
describe our experiments and analysis, while section 4.5 describes different methods

to choose the resolution parameter of the Leiden algorithm and a discussion hereof.
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4.1 Methods to choose the Number of Components

We will start this section by an introduction to Principal Component analysis (PCA)
in order to ensure a consistent mathematical notation. PCA has been described exten-
sively in the literature and we refer to [21] for further reading. PCA is an essential tool
in scRNA-seq analysis to reduce the dimensionality of the data. The principal com-
ponents (PC) of a dataset X € R™*P are a sequence of linear approximations that are
mutually independent (orthogonal) and ordered according to the amount of variance
they explain in the original data. The principal components can be found by singular

value decomposition of the data matrix such that
X =UDV',

where U € R"*? and V € R?*P are orthogonal matrices, and D € R?%? is a diagonal
matrix with the singular values d; > ds > ... > d,; as diagonal elements. The value q is
given by ¢ = min(n, p). The principal components are then the columns of the matrix
UD, while the explained variance of component k is computed from the singular values

such that

EV(E) =X/ YA,

where

Me=di/n, k=1,..,q,

and A\ are the eigenvalues.
Alternatively, the principal components can be found by solving the eigenvalue prob-
lem for the covariance matrix of X. In the following, we will denote the optimal number
of components by K.

Several data-driven methods have been proposed in the literature to estimate the

number of principal components to retain in the PCA embedding. This paper considers
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8 different methods. We aim at including methods used in the analysis of scRNA-
seq data, while also including canonical methods from data science applicable to this
type of data. The selected methods represent different methodological approaches to

address this problem.

4.1.1 Choose 50 components

One approach, as discussed in the introduction, is to choose the default number of
components as implemented in the software packages, namely 50 components. We
denote this method PC50. To the best knowledge of the authors, this number (and/or
method) has not been validated in the literature, but seems to be a general consensus

in the field.

4.1.2 Threshold based methods

The most common approach to estimate the optimal number of components in scRNA-
seq data analysis is the scree (SCREE) or elbow plot [17]. This approach dates back
o [22]. Both Scanpy v1.11 (scanpy.pl.pca_variance_ratio) and Seurat v5 (ElbowPlot)
support functions to construct this plot. The scree plot is a plot of the eigenvalues Ag
associated to the principal components. The method determines the number of com-
ponents K by locating the point where the curve breaks, also known as the “elbow”
point. This point should separate the noise components from the signal components.
Investigators usually find this point by visual inspection [4], but there exist several
methods which aim to locate this point automatically. Six different methods to esti-
mate the elbow point are implemented in the R-package findPC [23]. They find that
the method, which determines the elbow point by maximizing the length of the line

perpendicular to the straight line spanned from the first to the last point in the curve,
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agrees best with visual inspection. The number of components is then determined by
K =arg max {dx},

where dj, is the length of the perpendicular line from the point (k, A;) to the line
spanned between the first point (1, A1) and the last point (g, A¢). We implement this
method in Python by converting their R-code. Note that these methods always find

a bend even if there is no clear bend.

Eigengaps is another method to estimate the optimal number of principal compo-
nents K. The method was introduced by [24]. Similar to the scree plot, this method
looks at the eigenvalues \j associated with each component. Eigengaps are the differ-
ences (gaps) between eigenvalues. The method sets a threshold mrg for the eigengaps
which separates noise components from signal components and thereby determines
the number of components K by

K= argm}gx{)\k — Akt1 > TEG)

There are several methods to determine an appropriate value of 7gg. The authors
of [24] provide a data-driven iterative method to estimate a threshold based on the
shape of the edge of the empirical eigenvalue distribution. This method assumes that
the noise is a linear transformation of an independent and identically distributed
random variable, but allows for correlation between both observations and features.
Additionally it is assumed that n/p — ¢, i.e. that the observation space grows with
the same rate as the feature space. Both of these assumptions might not hold for

scRNA-seq data. We implement this method to estimate g in Python and denote
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967 this method EG. The algorithm sets a hyperparameter kp,x < K which reduces the
968

969 search space to k =1, ..., kmax. We choose kpax = round (g —0.1¢). This method might
970
971
972 The authors of [25] uses eigengaps for scRNA-seq data. They propose a heuristic
973

974 to set the threshold Tgg based on the assumption that K << 100 and uses the last
975
976
977 o of a “typical spacing” between noise eigengaps. They then set Tsq = p + 60. The
978

979 authors of [25] mention that this method is not validated theoretically. However,
980
981
982 an estimate of K which most often lies between 40 and 90. We denote the eigengap
983

9g4 method with this choice of Trg by EG-bound.

985

986

987

988

989 Explained variance (EV) also focuses on the eigenvalues and use these to deter-
990
991
992 components. The method estimates K by setting a threshold 7gyv which decides the
993

994 amount of explained variance to retain such that

995

996 &

997 K = argmin EV(@{) | =7

998 g i ; (J) | = mev

999

1000

1001 This threshold is usually set by the investigator and is often between 70% and
1002

1003 90% [4, p. 113]. The R bioconductor tutorial [26], uses an estimate of the technical
1004
1005
1006 of the explained variance to retain. The paper which introduces this method to
1007

1008 €stimate technical variance [27] is not peer-reviewed and the method to estimate Try
1009
1010
1011 this approach, we will reside to the common practice in data science and choose a
1012

be sensitive to the choice of kyax.

20 eigengaps Agop — A7g, ---, A100 — Agg to estimate a mean p and a standard deviation

they claim that it works empirically. Note that the choice of Tgq is designed to give

mine the fraction of variance in the original data which is explained by including k

variance obtained by the function scran:trendVar to set a threshold for how much

is only published as a tutorial. As there does not seem to be rigorous evidence of
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threshold. Here we choose gy = 0.8.

Correlation based methods are commonly applied in data science. These methods
assume the data to be standardized such that each feature has mean 0 and standard
deviation 1 (solving the eigenvalue problem for the covariance matrix of the standard-
ized data is similar to solving the eigenvalue problem for the correlation matrix of
the non-standardized data). In contrast to covariance based methods, these methods
are scale-invariant. Kaiser’s criterion uses the eigenvalues of the correlation matrix to
estimate the number of PCs as

K= argml?x{lk > 1},

where [ is the kth eigenvalue of the correlation matrix. This method is known to
overestimate K [28]. The authors of [29] argue that this method cannot be consistent
in high-dimensional settings as the sample correlation matrix is inconsistent.

We implement Adjusted Correlation Thresholding (ACT) [29] which develops a
method that is consistent in high-dimensional settings, but still has the simple form
with no parameter tuning similar to the Kaiser’s criterion. The method bias-corrects
the estimated eigenvalues and adjust the threshold to find K by

K= argmgx{lg > s}, (1)

where s = 1++/p/(n — 1) and [{ is the bias corrected eigenvalues. The bias corrected

eigenvalues are found by

23

1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058



1059 where

1060 .

1061 my, 1 (2) = —(1 = prn—1)2"" + Prn—1Mnk(2),

1062

1063 and

1064

1065 q

1066 Man(2) = (p—k)~* Z (1 —2) + ((B8lx + 1) /4 — 2) 1]

1067 ekt

1068

1069 Pkn—1=(p—k)/(n—1).

1070

1071

18;3 We convert the R-code provided by the authors to Python. Similar to the code imple-
1074 mented in R, we restrict the search space for k in equation (1) to k =1, ..., kmax. We
1075

1076 choose kmax = round(q — 0.1q).

1077
1078
1079
1080 ) . .
1081 A second category of methods includes methods which are based on hypothesis test-
1082
1083
1084 might not be valid for scRNA-seq data. To the best of our knowledge, these meth-
1085

1086 ods are not widely used in analysis of scRNA-seq data, maybe due to the rigorous
1087
1088
1089 to estimate K which uses a sequence of nested hypothesis tests [30] to separate noise
1090

1091 components from signal components, such that

1092

1093

1094 Hp:  Agy1 is the largest noise eigenvalue,

1095

1096 Hy:  Ag is the largest noise eigenvalue,

1097

1098

1099 for k =1, ...,q — 1. The method assumes uncorrelated homoscedastic Gaussian noise

1100
1101 with mean zero and variance 2. This is generally not true for the raw-counts, but the

1102
1103 standard log-transformation during pre-processing of the scRNA-seq data attempts

1104

4.1.3 Hypothesis based methods

ing. These methods often pose rigorous distributional assumptions on the data, which

assumptions or the lack of availability. Kritchman-Nadler (KN) presented a method
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to achieve this. The KN method addresses the problem that when data are high-
dimensional, i.e. when the ratio p/n is large, then the spread of the noise eigenvalues
can be quite large.

The nested hypothesis tests are based on a result from [31] showing that in the
limit when n,p — oo and the ratio p/n is constant then the distribution of the largest

noise eigenvalue, denoted \,, converges to a Tracy-Widom distribution such that

P ()\* < g (tn,p + san,p)) ~ Fi(s)

where F is the Tracy-Widom distribution of order 1. Letting

(\/n— 1/2++/p - 1/2)2,
<\/nf 1/2+/p— 1/2) (1/(\/717 1/2) +1/(v/p — 1/2))é

Hn,p =

SI—= 3|~

On,p =

gives a convergence rate of O, (p_2/ 3). Tt has been shown both numerically and
theoretically that this result is a good approximation when p and n are large [30].
As the number of signal components K is unknown, we cannot estimate the noise
variance unbiased, but have to approximate the noise variance o2 for each k by U%( N (k).
This quantity is obtained by solving the system of k£ + 1 non-linear equations in k + 1

unknowns py, ..., pg, and o% 5 (k), such that

1 d i
U%N(k)—m Z )\j"‘Z()\j—Pj) =0,
j=k+1 =1

p—k
=03 (A + ohon ) = ahen 2 ) - ofen (i) =0,
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1151 where 0% (k) is constrained to be positive. Thus, K is estimated as
1152
1153
1154
1155
1156

1157
1158 Where a is the significance level and s(a) is the (1 — a)’th percentile of the Tracy-

K = arg rnkin {M € ok (k) (i + 5(@) 0 pi) } — 1,

ﬂgg Widom distribution. We use a significance level of o = 0.5% consistent with the

1161 original paper. For further information see [30].

1162

1163

1164 4.1.4 Simulation based methods

1165

1166 Simulation based methods represent another approach to estimate the number of com-
1167

1168 Ponents. These methods are usually computationally expensive as they require several

1169 gipulations to get reliable results, but often relies on fewer assumptions on the data,
1171 making them suitable for scRNA-seq data. In data science, one of the canonical meth-

1172
1173 ©ds is Parallel Analysis (PA) which was first described by [32]. The most commonly

ﬂ;g used version of this method is described by [33] (see also [21, p. 538]). This method cre-

1176 ates a number of independent datasets with the same variance as the original dataset
1177

1178 by permuting the columns of the original dataset and uses these to estimate a threshold
1179
1180
1181 compares the kth eigenvalue of the original dataset to the ¢th percentile of the kth

1182
1183 eigenvalues of the permuted data. If the k’th eigenvalue of the original dataset is larger

which separates noise components from signal components. The method successively

ﬂgg than the ¢th percentile, g4(), of the kth eigenvalues of the permuted data, then the

1186 kth factor is kept. That is

1187

1188

1189 K = argmax{\; > A
1190 g i {Ae > qp(Ari) ]
1191

1192 -
1193 where A, is the kth eigenvalues of the r permuted datasets. We use r = 100 and

1194 4 — 0.9,
1105

1196
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The most obvious disadvantage of this method is that it is computationally expen-
sive as it requires computation of eigenvalues for several potentially large matrices.
The authors of [20] additionally describe a shadowing effect of this method, which

means that one large factor may cause preceding factors to be excluded as noise.

A simulation based method which is commonly cited and proposed (see eg. [16,
34, 35]) for analysis of scRNA-seq data is Jackstraw [36]. The Jackstraw procedure
was originally presented by [37] as a method to determine if a specific variable is
significantly associated to a set (subset) of the principal component. The method thus
produces a vector of p-values, testing whether there is correlation between the jth
variable and any component for j = 1, ..., p. The method thus make one test for each
variable. The original implementation of this method uses PA to estimate the number
of principal components and then applies the Jackstraw procedure to determine if the
variables are significantly associated with these components.

The paper [36] argues that a principal component should only be included if it is
significantly associated with a gene (a variable in the original data set). To this end,
the authors of [36] adjust the original version of Jackstraw. Opposite of the original
version, this version constructs tests, testing whether there is an association between
each principal component and any gene (variable), resulting in a test for each principal
component. This version of jackstraw is implemented in Seurat.

To the best knowledge of the authors, the adjusted Jackstraw method implemented
in Seurat, has not been documented neither statistically nor technically in a published
paper. Only the two tutorials documenting the use of the jackstraw method in Seurat
(link to seurat tutorial, bioconductor tutorial) are available. We present the Jackstraw
algorithm implemented in Seurat in algorithm 1 in appendix and refer to the original

paper [37] for the theoretical foundation. The functions in Seurat are Jackstraw() and
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https://satijalab.org/seurat/archive/v3.0/pbmc3k_tutorial.html
https://www.bioconductor.org/packages/devel/data/experiment/vignettes/systemPipeRdata/inst/doc/SPscrna.html

1243 ScoreJackstraw(). We have implemented the Seurat code in Python by converting the
1244

1245 backend R-code from Seurat to Python.

1246
1247
1248 cran) and the Seurat version (see the Seurat package v. 5.5.0 on cran) assume stan-
1249

1250 dardized data such that each feature has mean 0 and standard deviation 1 (solving
1251
1252
1253 lar to solving the eigenvalue problem for the correlation matrix of the non-standard
1254

1255 data). Although there seem to be no formal requirements for standardized data in the
1256
1257
1258 ing to the newest Seurat vignette (v5) [38] this method is no longer routinely used in
1259

1260 ScRNA-seq analysis.

1261

1262

1263 4-2 Datasets

ggg The goal of the data collection has been to cover a wide variety of scRNA-seq data
1266
1267
1268 questions. We consider 25 real scRNA-seq datasets in total from different sources: 6
ggg Tabula Muris (TM) v2 [39] datasets, 8 Tabula Sapiens (TS) v2 [40] datasets, and 11
1271
1272
1273 tion and clustering methods for scRNA-seq data. In order to ensure that the cell labels
g;é are not biased towards previous analysis (a specific analysis method/pipeline), we
1276
1277
1278 not determined data-driven. This requirement is in line with prior evaluation studies
g;g on clustering [3, 41]. We did not include datasets with more than 40000 observa-
1281
1282
1283 be within the common size of scRNA-seq datasets according to [42]. Data and their
ggg characteristics are described in detail in appendix A.

1286

1287

1288

The source code for both the original paper (see the jackstraw package v 1.3.21 on

the eigenvalue problem for the covariance matrix of the standardized data is simi-

publications, we will only apply this method to standardized data. Note that, accord-

from different labs, under different conditions and investigating different research

datasets from the papers [3] and [41] (EVAL), which evaluates dimensionality reduc-

only include datasets where the corresponding publication states that these labels are

tions, as they were not computationally feasible for these experiments. This should
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https://cran.r-project.org/web/packages/jackstraw/index.html
https://cran.r-project.org/web/packages/Seurat/index.html

In addition to the real scRNA-seq data we also generate simulated data from four
different published scRNA-seq data simulation methods. All of them were ranked
among the top simulation methods in [43], which benchmarked a wide range of pub-
lished scRNA-seq data simulation methods. In addition, it has been a requirement
that the simulation methods could accommodate multiple cell groups. Where possi-
ble, we estimated the parameters for the simulation based on real scRNA-seq datasets.
This should ensure a wide variety both in terms of simulation models and parameters.
In total, we simulate 37 datasets: 12 datasets from each of the R-packages Sparsim
[44] (SPAR), ScDesign2 [45] (SCD), and Splatter [46] (SPLAT), and 1 dataset from
the R-package Symsim [47] (SYMSIM). We consider simulated scRNA-seq data in
order to have ground truth data, where we know that the labels reflect true classes in
data. A challenge of simulated data is that it may not accurately reflect the complex-
ity and characteristics of real scRNA-seq data [1] and these datasets are therefore a
supplement to the real datasets.

All datasets are pre-processed and log-normalized. The procedure and whether this

was performed by the authors or by author-guided tutorials are described in appendix

A.

4.3 Pre-processing and Experiments

Pre-processing: We perform highly variable gene selection to reduce computational
complexity as well as to align with standard analysis pipelines. Several methods exist
to choose these genes. We use the mean.var.plot method from Seurat, which is the
default in Scanpy. This method assumes log-normalized data. To investigate the impact
of this step, we run experiments using both the default number of highly variable genes
in Seurat (v5), namely 2000 and a substantially higher number of genes, namely 5000.

There does not appear to be a consensus in the field on whether genes (features)

should be standardized to have zero mean and unit variance prior to PCA. Some argue
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1335 that the genes should be standardized (see for example the Seurat clustering tutorial)

1336
1337 While others only center the genes prior to PCA (see for example the e-book single-cell

ggg best practices tutorial on dimensionality reduction and the scanpy clustering tutorial).

1340 The argument for standardizing genes is that it gives equal weight to all genes, pre-
1341

1342 venting highly expressed genes from dominating the analysis. Contrary, differences in
1343
1344

1345 in the data by standardization. For comparison, we run both non-standardized and

1346
1347 standardized versions. Note that some data-driven methods to determine the size of

expression levels could contain biological signal, thus removing relevant information

gjg the PCA embedding assume that data is standardized.

1350 Experiments: The purpose of the experiments is to compare different sizes (num-

1351
1352 ber of components) of the PCA embedding (low-dimensional representation of data).

ggi Directly assessing the quality of a PCA embedding is difficult, which makes such com-

1355 parisons nontrivial. We measure the quality of a PCA embedding indirectly through

1356
1357 the quality of the downstream clustering. We use the Leiden algorithm, as it is the

ggg default choice in both the Seurat and Scanpy pipelines. We choose this because cluster-

1360 ing is one of the most common downstream tasks of scRNA-seq data. Additionally, for

1361
1362 simulated data where ground truth is available, we assess embedding quality by mea-

1363 suring how well local neighborhood structure is preserved, using the trustworthiness

1365 metric.

1366

1367 We conduct two groups of similar experiments. The first group of experiments
ggg evaluate the quality of the PCA embeddings over a range of sizes. The steps are as
1370 follows:

1371

1372 1. Compute the PCA embedding of size k in the interval 1 to 1500, spaced such that
1373

1374
1375
1376
1377
1378
1379 This gives rise to 18 different embeddings.

1380

k =[2,5,10,15, 20,25, 30,40, 50, 75, 100, 200, 300, 400, 500, 750, 1000, 1500].
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2. Compute trustworthiness if the ground truth expression data is available for the
simulated data. This is the case for Symsim, Sparsim, and Splatter.

3. Cluster the data using the PCA embedding with the Leiden algorithm. See
section C.1 for more information. The choice of hyper-parameters of the Leiden
algorithm is discussed in section 4.5.

4. Measure the quality of the clustering using the adjusted rand index (ARI), which

is described in detail in section C.2.

The second group of experiments mimics the first group of experiments, but evaluate
the clustering quality obtained from PCA embeddings which size is determined by the

data-driven methods. Thus, step one is changed slightly such that the steps are:

la. Estimate the optimal number of components K by the data-driven methods

described in section 4.1.

laa. Measure the computation time for each method. Timings are obtained using the
function time.time() from the time library in Python. All computations were run

on a XeonE5-2650 processor with one core.

1b. Compute the PCA embedding of size K for each method.

All experiments were repeated 10 times using different seeds for the Leiden
algorithm.
4.4 Analysis of the results
This section describes the evaluation criteria used to analyze the results of the
experiments.
4.4.1 Clustering accuracy and stability

We compare the clustering quality obtained from the different PCA embeddings based

on ranking of the ARI scores. For each dataset, we categorize the ARI scores into three
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1427 groups (good, adequate, bad) by comparing the ARI scores to thresholds based on
1428

1429 ARI scores from random permutations of 10% and 25% of the labels. In the following,
1430
1431
1432 Let a, ., p be the ARI score for data-driven method m on data set D and repetition
1433

1434 7 The median of the ARI scores across all repetitions is denoted by G, p. These
1435
1436
1437 b, s p be the ARI scores obtained by the s'th permutation of p percent of the labels for

1438 -
1439 dataset D. Let b, p be the median across s simulations. We use s = 500. The ranking

we describe this ranking in details.

medians are compared to ARI scores from random permutations of the labels. Let

ﬁj(l) of the ARI scores are then found by

1442

1443 _

1444 Gm,p = b1o,p : good
1445 . B .

1446 b10,p0 > Gm,p > bas D : adequate
1447
1448
1449
1450
1451 To summarize this into a measure per dataset we define three classes of clustering
1452
1453
1454
1455
1456 > 60% of all datasets rank as good : Tier 1,

1457
1458 > 40% of all datasets rank as good : Tier 2,

ﬁgg < 40% of all datasets rank as good : Tier 3,
1461

1462

1463 and three classes of clustering stability

1464

1465

ﬁgg < 15% of all datasets rank as bad : Tier 1,

1468 > 15% of all datasets rank as bad : Tier 2,
1469

1470 > 33% of all datasets rank as bad : Tier 3.
1471

1472

625’1) > Qm,p bad

accuracy
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4.4.2 Number of components

We categorize methods based on the estimated number of components such that

1 — 30 median number of components : Tier 1,
31 — 150 median number of components : Tier 2,
> 150 median number of components : Tier 3.

All things being equal, we prefer fewer components as this reduces complexity and
downstream computational costs.
4.4.3 Neighborhood preservation

Neighborhood preservation was measured in terms of trustworthiness. We compute

the median trustworthiness for each method and split these in three groups such that

> 0.7 median trustworthiness : Tier 1,
> 0.4 median trustworthiness : Tier 2,
< 0.4 median trustworthiness : Tier 3.

4.4.4 Convergence success rate

Methods that converged (i.e., estimated the number of components) for all datasets
fall into Tier 1. If a method failed to converge for one or more datasets, it falls in Tier

3.

4.4.5 Scalability and speed

The scalability (slope) of all methods are similar, thus all methods are put in Tier 1.
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1519 The methods clearly split into two groups in terms of speed. KN solves a non-
1520

1521 linear system of equations which may take several iterations to solve, and thus can
12;; “explode” in computation time. KN is therefore put in Tier 2 instead of Tier 1.
1524

12;2 4.5 Methods to determine the hyper-parameters of the Leiden

1527 algorithm
1528

1233 The Leiden algorithm has two hyper-parameters, namely the number of neighbors
1531 which is used to construct the k-nearest-neighbor (KNN) graph and the resolution,
1532

1533 Which is the primary factor that determines the number of clusters [19]. We fix the
1534
1535

1536 ity and subsequent conclusions are highly sensitive to the number of Leiden clusters

1537
1538 and thereby the resolution parameter as shown on the Tabula Muris datasets in fig. 9.

number of neighbors to 15 which is the default value in Scanpy. The clustering qual-

Eig The figure shows the ARI scores from four different methods to choose the resolution

1541 parameter. The methods denoted optimal and true clusters rely on extrinsic informa-
1542

1543 tion to determine the resolution and are therefore generally not feasible in practice.
1544
1545

1546 clustering. The silhouette method uses only intrinsic information to determine the res-

1547
1548 olution and is thus, together with the default parameters, applicable in practice. The

However, they are useful when evaluating the quality of the embedding indirectly by

1?4513 methods are described in detail below.

1551 The ARI scores based on the true number of clusters and the silhouette scores
1552

1553 resemble the largest ARI scores (optimal) with some fluctuations, while the ARI scores
1554

1555 based on the default resolution are significantly lower for most datasets. Most impor-

1556 tant, notice that the peaks in cluster performance can be different depending on the
1557

1558 choice of resolution parameter. Thus, conclusions on the quality of the PCA embedding
1559
1560
1561
1562
1563
1564

may change depending on the choice of resolution.
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Fig. 9: Median ARI score for the Tabula Muris datasets using different settings of
the resolution parameter (data is standardized but the pattern is similar for non-
standardized). The shaded areas are the 80th percentile of the 10 repetitions. (a)
controls the resolution such that the number of clusters is equal to the number of
clusters in the true labels. (b) uses the maximal silhouette score to determine the
resolution. (c) uses the default resolution in Scanpy of 0.8. (d) displays the resolution
giving rise to the largest median ARI score across the 10 repetitions.

The most pronounced difference is seen for the default setting (fig. 9¢), where we
in contrast to the remaining settings would conclude that one should choose a large
number of components for the datasets Spleen and Mammary Gland to gain optimal

cluster performance. We find that this difference is caused by a dependence between
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1611 the number of clusters and the size of the PCA embedding keeping the resolution
1612

1613 Parameter fixed (see fig. 10). Concluding, that it is important to choose the resolution
1614
1615
1616 in the results. This is in line with the findings in [19].

1617

1618 We will present results, where the resolution is determined by the silhouette scores
1619
1620
1621
1622 30 30 4
1623
1624
1625
1626
1627
1628
1629 *]
1630 0 .

10! 102 10° 10! 102 10°
1631
1632 Number of components Number of components

ARI ARI
1633 0.0 0.2 ® 04 ® 06 ® o038 0.0 0.2 ® 04 ® 06 ® 038

1634
1635 (a) Range of resolutions [0.05,1.5] (b) Resolution 0.8

1636
1637 Fig. 10: Number of clusters obtained from different sizes of the PCA embedding (a)

1638 Over the same range of resolutions between 0.05 and 1.5 and (b) resolution equal to
1639 0-8 on the Tabula Muris Mammary Gland dataset (data is standardized). The colors
1640 indicate the ARI scores. If there are several observations we show the maximal ARI

1642

1643

1644 .

1645 4.5.1 Optlmal

1646

1647 This method determines the resolution as the resolution which gives the largest median

164
12 43 ARI score based on the 10 repetitions. This method reflects the maximal obtainable

parameter in combination with the size of the PCA embedding in order to avoid bias

(practically possible) and are aligned with the true clusters (not practically possible).
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1650 AR scores for a particular embedding and is therefore relevant in this study.
1651

1652
1653
1654
1655
1656
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4.5.2 True Clusters

This method determines the resolution such that the number of clusters is equal to
the true number of clusters (in the labels). This means that it is possible that the

resolution is slightly different over the 10 repetitions.

4.5.3 Silhouette

This method determines the resolution as the resolution which gives the largest median
silhouette score [48] based on the 10 repetitions. The silhouette score measures the
similarity of an observation to its own cluster compared to the neighboring cluster.
The silhouette score ranges between —1 and 1 with a high score indicating that an
observation is very similar to its own cluster but very dissimilar to the neighboring

cluster. Let i be an observation assigned to cluster A, and let

Z d(i, j)

a(i) =
|A| JEA i£j

be the average dissimilarity of observation i to all other observations in A, where
d(i,7) is the dissimilarity between observation ¢ and j. Similarly, let d(i,C) be the

dissimilarity of observation i and cluster C' and

b(i) = d(i, C
(i) = mnin (4,C)
be the average dissimilarity of observation i and all observations in the neighboring
cluster B. The neighboring cluster B is thus the cluster which has the smallest average
dissimilarity between observation ¢ and all observations in that cluster. The silhouette

score is then computed as
b(i) — a(i)

S0 = a{a(i), b))

37

1657
1658
1659
1660
1661
1662
1663
1664
1665
1666
1667
1668
1669
1670
1671
1672
1673
1674
1675
1676
1677
1678
1679
1680
1681
1682
1683
1684
1685
1686
1687
1688
1689
1690
1691
1692
1693
1694
1695
1696
1697
1698
1699
1700
1701
1702



1703 if |A| > 1 and s(i) = 0 otherwise.

1704
1705 Note that the silhouette score has limitations (see eg [49] which describes limitation

1;8675 for the use in scRNA-seq data). Thus, in some scenarios the silhouette score may not

1708 reflect the optimal clustering.

1709

1710

1711 4.5.4 Default

1712

1713 This method sets the resolution to be the default value in Scanpy v1.11, namely 0.8
1714

1715 (independent of data).

1716

1717 Supplementary information. This paper includes one additional file with the
1718
1719
1720 File name: Additional file_1.pdf
1721

17292 Title: Appendix

1723
1724
1725 necessity of data-driven optimization of the number of principal components in scRNA-
1726

1727 seq analysis - examples on real data” in the form of text, figures, and tables.
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Appendix A Data

This section first describes the real scRNA-seq data from Tabula Muris (TM) [39],
Tabula Sapiens (TS) [40], and the evaluation papers [3, 41] (EVAL), and then describes
the simulated datasets from Sparsim (SPAR) [44] , ScDesign2 (SCD) [45], Splatter
(SPLAT) [46], and Symsim (SYMSIM) [47].

The tables in the next sections present characteristics of the datasets such as label
(Label), number of classes (Classes), number of cells (Cells), number of genes (Genes),

and sparsity (%) of the dataset when reduced to 2000 and 5000 highly variable genes
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https://gitlab.com/digitstem/pca_components.git

1795 (Sparsity). If available, the datasets are downloaded including pre-processing (filtering,
1796

1797 duality control) and log-normalization. If not available, we use provided tutorials to
1798
1799
1800 described below.

1801

1802 .

1803 A.1 Tabula Muris (TM)

1804

1805 The Tabula Muris project [39] provides an atlas of scRNA-seq datasets from 20 organs

1806
1807 and tissues from Mus Musculus. We use a subset of all available datasets and present

generate pre-processed and log-normalized data. The approach for each dataset is

1283 the characteristics of these in table A1. The Tabula Muris (TM) data are downloaded

1810 from Figshare?. We downloaded version two of the scRNA-seq data from Smart-seq2

1811
1812 sequencing of FACS sorted cells. The downloaded data is the raw counts. We used the

123 tutorial provided by the authors to pre-process the data and used the cell ontology
1815 class as labels. The tutorial can be found in this Github repo. The number of cells and

1816
1817 genes reported in table A1l reflects values after pre-processing. Some classes have a

12}3 very small number of observations, compared to all other classes. We remove all classes
1820 where the number of observations in the class is less than 1% of data and indicate this
1821

1829 by a star (*) in the column “notes” in table Al.

1823

1824 Table Al: Summary of the Tabula Muris datasets. Parenthesis indicate the
12;2 actual number after applying the action(s) indicated in the column “notes”.

1827 Organ Label Classes Cells Genes Sparsity Notes
1828 Fat cell type 7 4709 18297 89/87

1829 Lung cell type 12 1620 16496 89/89

123(1) Mammary_Gland  cell type 4 2304 16618 85/84

1832 Marrow cell type 22 (16) 4897 (4710) 17479 84/83 *

1833 Skin cell type 5 (4) 2263 (2248) 16180 82/82

1834 Spleen cell type 3 1689 14600 90/90

1835

1836

1837

1838

1839

2https://ﬁgsharc.com/projccts/Tabula,Muris,Transcriptomic,characterization,of,20,organs,and,tissues,
1840 from,Mus,musculus,at,single,cell,resolution/27733

40


https://figshare.com/projects/Tabula_Muris_Transcriptomic_characterization_of_20_organs_and_tissues_from_Mus_musculus_at_single_cell_resolution/27733
https://github.com/czbiohub-sf/tabula-muris/blob/master/00_data_ingest/FACS_Notebook.Rmd
https://figshare.com/projects/Tabula_Muris_Transcriptomic_characterization_of_20_organs_and_tissues_from_Mus_musculus_at_single_cell_resolution/27733
https://figshare.com/projects/Tabula_Muris_Transcriptomic_characterization_of_20_organs_and_tissues_from_Mus_musculus_at_single_cell_resolution/27733

A.2 Tabula Sapiens (TS)

The Tabula Sapiens project [40] is a human cell atlas consisting of scRNA-seq datasets
from several organs and tissues from Homo Sapiens. We use a subset of all available
data and present the characteristics of these in table A2. The Tabula Sapiens (TS) data
are downloaded from Figshare®. We use the log-normalized counts and the cell ontology
class as labels. Some classes have a very small number of observations, compared to all
other classes. We remove all classes where the number of observations in the class is

less than 1% of data and indicate this by a star (x) in the column “notes” in table A2.

Table A2: Summary of the Tabula Sapiens datasets. Parenthesis indicate the

actual number after applying the action(s) indicated in the column “notes”.

Organ Label Classes Cells Genes Sparsity Notes
Ear cell type 16 (9) 3055 (3029) 61806 90/92 *
Kidney cell type 13 (6) 11376 (11148) 61806  89/92
Large Intestine  cell type 29 (16) 30084 (28882) 61,806 94/94 *
Liver cell type 24 (15) 22214 (21531) 61806 95/95 *
Pancreas cell type 23 (8) 14140 (13758) 61806 91/91 *
Prostate cell type 14 (9) 21030 (20634) 61806 91/92 *
Testis cell type 15 (3) 7513 (7195) 61806 89/91 *
Trachea cell type 28 (13) 22671 (21969) 61806 92/92 *

A.3 Evaluation Papers (EVAL)

The datasets from the evaluation papers [3, 41] are collected from different sources.
The Chubatch datasets [50] consists of snapshots of progenitor cells collected from
human pluripotent stem cells in two different batches (batch 1 and batch 2). The

chubatch datasets are also downloaded from the NCBI gene expression omnibus*

Shttps://figshare.com/articles/dataset/Tabula_Sapiens_v2/27921984

4https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSET5748
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1887 [Accession number: GSE75748]. This data is pre-processed and normalized but not
1888

1889 logarithmized. We therefore logarithmize these two datasets.

1890
1891
1892 data (using Fluidigm C1) across several cell types. The Kumar paper [52] studies

1893
1894 Pluripotent stem cells (PSC) in mice under different growth conditions while the zheng

The Koh paper [51] studies human mesoderm development and collects single cell

1232 datasets (Zhengdeq, Zheng8eq, Zhengduneq) were assembled by [41] from subsets of

1897 the data collected by [53]. The authors of [53] studies a droplet based system to count
1898

1899 3'mRNA in celll samples and sequence several thousands of cells by the 10X genomics
1900
1901
1902 from the R package DuoClustering2018 under the bioconductor initiative®. For these

platform. The Koh, Kumar, Zhengdeq, Zheng8eq, Zhengduneq datasets are retrieved

1904 datasets we save the full datasets of log-normalised counts found in the assays of the

1382 SingleCellExperiment object under the name logcounts().

1907 The mixology datasets [54] consists of 7 single-cell datasets downloaded from
1908

1909 Github®. These are scRNA-seq benchmarking datasets according to the authors and
1910

1011 consist of human lung adenocarcinoma cell lines. Four of the datasets contain the

1912 pre-processed and log-normalized counts in the layer logcounts() (see the tutorial” for
1913

1914 normalization of data). In three of the datasets (sc_Celseq2_5cl_p1, sc_Celseq2_5cl_p2,
1915
1916
1917 able to determine the normalization method. We will therefore not consider these
1918

1919 datasets.

1920
1921
1922 are found in [3] under the name FreytagGold.

1923

1924 .

1925 A.4 Sparsim (SPAR)

1926

1927 Sparsim simulates scRNA-seq data based on a Gamma-Multivariate Hypergeometric
1928

1929 distribution. This simulation method allows for estimation of simulation parameters

1930

1931 Shttps://bioconductor.org/packages/release/data/experiment /html/DuoClustering2018.html
Shttps://github.com/LuyiTian/sc_mixology?tab=readme-ov-file
1932 Thttps://github.com/LuyiTian/sc_mixology/blob/master /script /normalization_imputation

and sc_Celseq2_5cl_p3) the log-normalized counts are missing and we have not been

A summary of the datasets are found in table A3. Note that the mixology datasets
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Table A3: Summary of the datasets from evaluation papers (EVAL).

Name Label Classes Cells Genes Sparsity Reference
chubatchl cell type 5 350 19099 63/62 (50]
chubatch?2 cell type 6 425 19099 65/62 [50]
koh cell type 9 531 48081  69/77 [51]
kumar growth condition 3 246 45159 40/41 [52]
zhengdeq cell type 4 3994 15568 97/97 (53]
zheng8eq cell type 8 3994 15716 97/97 (53]
zheng4uneq cell type 4 6,498 16443 96/97 (53]
10x_qc cell line 3 902 16468 52/49 [54]
10x_5cl_qc cell line 5 3918 11786 69/67 [54]
CELseq2_qc cell line 3 274 28204  78/78 [54]
Dropseq-qc cell line 3 225 15127 71/67 [54]

from real scRNA-seq datasets. We use the datasets listed in table A4 to generate
the simulated data. All datasets have been reduced to only include the 5000 highest
variable genes (using the mean.var.plot method in Seurat which corresponds to the
default method in Scanpy) before given as input to the simulator. We simulate the
same number of cells and the same group distribution (imbalanced) as in the real
scRNA-seq datasets. In order to investigate the impact of imbalance in the cell groups
we additionally simulate balanced data. The simulation code is located in the folder

simulate_data at the GitLab repository (see link in Availability of data and Materials).

A.5 ScDesign2 (SCD)

ScDesign2 chooses a probabilistic model for each gene (either Poisson, Negative bino-
mial or their zero-inflated counter-parts) in a data-driven manner and then models the
correlation between genes by a Gaussian copula model to simulate scRNA-seq data.
Thus, ScDesign2 uses real scRNA-seq data to build the model from which it simulates
scRNA-seq datasets. We use the datasets listed in table A4 to generate the simulated

data. All datasets have been reduced to only include the 5000 highest variable genes
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1940
1941
1942
1943
1944
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1955
1956
1957
1958
1959
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1965
1966
1967
1968
1969
1970
1971
1972
1973
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1976
1977
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1979 (using the mean.var.plot method in Seurat which corresponds to the default method

1980
1981 in Scanpy) before given as input to the simulator. We simulate the same number of

1982 .olls and the same group distribution (imbalanced) as in the real scRNA-seq datasets.

1984 In order to investigate the impact of imbalance in the cell groups we additionally sim-

1985
1986 ulate balanced data. The simulation code is located in the folder simulate_data at the

132; GitLab repository (see link in Availability of data and Materials).

1989

1990 A.6 Splatter (SPLAT)

1991

133; Simulations from Splatter are based on a gamma-Poisson distribution. Splatter does

1994 not allow for parameter estimation for multiple cell groups. Instead, we estimate the
1995

199¢ parameters for the gamma distribution and expression outlier using one of the cell
1997
1998
1999 All datasets have been reduced to only include the 5000 highest variable genes (using
;88(1) the mean.var.plot method in Seurat which corresponds to the default method in
2002
2003
2004 and the same group distribution (imbalanced) as in the real scRNA-seq datasets. In
;882 order to investigate the impact of imbalance in the cell groups we additionally simulate
2007
2008
2009 The simulation code is located in the folder simulate_data at the GitLab repository
;8}(1) (see link in Availability of data and Materials).

2012

2013

2014 A.7T SymSIm (SYMSIM)

2015
2016 Symsim is an R-package which simulates scRNA-seq data in a two-step process. First,

2017
2018 it simulates the biological variance (true counts) followed by a simulation of the tech-

types in the real scRNA-seq datasets. The remaining parameters are kept as default.

Scanpy) before given as input to the simulator. We simulate the same number of cells

balanced data. We use the datasets listed in table A4 to generate the simulated data.

2019 pical variance which is added hereto to obtain the observed counts. Symsim does not
2020
2021 allow for estimation of simulation parameters from real datasets, but has the advantage

2022
2023 that it can simulate a hierarchical structure of the cell types.

2024
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Table A4: Summary of the real scRNA-seq datasets used to estimate parameters for
the simulation of data from Sparsim, ScDesign2, and Splatter.
Sparsity Sparsity Sparsity

Name Classes Cells Genes (SPAR) (SCD) (SPLAT) Source
Ear 9 3029 5000 95/93 93/92 36/36 TS
Kidney 6 11148 5000 92/88 93/87 19/19 TS
Pancreas 8 13758 5000 93/91 93/90 51/51 TS
Testis 3 7494 5000 92/89 91/88 38/38 TS
Lung 12 1620 5000 91/88 92/89 15/15 ™
Mammary_Gland 4 2304 5000 88/84 89/84 19/19 ™
Marrow 16 4710 5000 86/ 85/81 12/12  TM
Spleen 3 1689 5000 92/89 92/90 13/13 ™
Dropseq-qc 3 225 5000 7775 71/67 23/23 EVAL
koh 9 531 5000 86/82 81/75 51/51 EVAL
kumar 9 531 5000 71/74 52/44 34/34 EVAL
zhengdeq 4 3,994 5000 97/97 96/96 24/24 EVAL

We simulate data by Symsim with 8 cell groups (see fig. A1), 5000 cells and 5000
genes (see table A5). This simulated data is balanced, since the simulation engine does
not allow for different group sizes except for one group. The parameter settings for
the Symsim functions can be found in the code located in the folder simulate_data at

the GitLab repository (see link in Availability of data and Materials).

Fig. A1l: Cell group (class) structure of the simulated data.
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2071

2072 .
2073 Name Classes Cells Genes Sparsity

Table A5: Summary of the Symsim dataset.

2074 SYMSIM 8 5000 5000

2075
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2085
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2087
2088
2089
2090
2091
2092
2093
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2096
2097
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2099
2100
2101
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2110
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Appendix B Algorithm
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2117
2118
2119
2120
2121
2122
2123
2124
2125
2126
2127
2128
2129
2130
2131
2132
2133
2134
2135
2136
2137
2138
2139
2140
2141
2142
2143
2144
2145
2146
2147
2148
2149
2150
2151
2152
2153
2154
2155
2156
2157
2158
2159
2160
2161
2162



2163

2164 Algorithm 1 Jackstraw

2165
2166
2167
2168
2169
2170
2171
2172
2173
2174
2175
2176
2177
2178
2179
2180
2181
2182
2183
2184
2185
2186
2187
2188
2189
2190
2191
2192
2193
2194
2195
2196
2197
2198
2199
2200
2201
2202
2203
2204
2205
2206
2207
2208

1: Set the parameters: f = 0.01*, R = 100*, d = min(kmax, 500), 775 = 0.00001%,
Tysscore = 0.05, kmax = round(q — 0.1¢). A star indicates that it is the same

as the default in Seurat.
2: Compute loadings V € R?*P of the standardized data Xgq € R™"*P

// Simulate loadings under H, (no association between the j’th gene and the i’th
principal component //

3: forr=1,...,R do

4: Randomly select a subset of the genes, and denote this subset ggupset € R?®

where s = fp
5: Permute:che columns of Xgiq corresponding to gsubhset t0 create the adjusted

dataset Xgiq
Compute loadings V of the adjusted dataset Xtd
Let Vaubset = V[:, Esubset] € R7*® to extract the null-loadings
end for
Let Vgl subsets € R7<*R he the collection of null-loadings
// Obtain empirical p-values for the association between the j’th gene and the
i’th principal component //
10: fori=1,...,qdo
11: for j=1,...,pdo

© * 3D

12: Set Viet = Vi, j]
13: Compute the empirical p-values for the association between the j’th gene and
the ¢’th principal component
1 S
p[Z,J} = E Z 1 (eref S Vall subsets[ia lv’r}) )
r=11=1
where 1() denotes the indicator function.
14: end for
15: end for
// Obtain Jackstraw scores of the association between the i’th principal component
and the genes //

16: fori=1,...,d do

17: Compute the actual number of empirical p-values below the threshold 7jg,
namely TMbelow threshold = Z§:1 ]l(p[la]] < 7-JS)

18: if Npelow = 0 then

19: J[i] = 1 by definition

20: else

21: Perform a binomial test with npelow Successes, p trials and a probability of 755

22: The resulting p-value from the binomial test is the jackstraw score J[i]

23: end if

24: end for
25: K = arg mll’l{J > TJS,score}
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Appendix C Pre-processing and Experiments

C.1 The Leiden algorithm

Clustering using the Leiden algorithm is performed by the functions sc.pp.neighbors
and sc.tl.leiden from the Python library Scanpy (v1.11) [6]. The former function builds
the nearest-neighbor (NN) graph, while the preceding function applies the Leiden
algorithm to obtain the clustering. The hyper-parameters are the number of neighbors

TNneighbors t0 build the NN-graph and the resolution r of the Leiden algorithm.

C.2 Clustering Metrics

We evaluate the cluster quality based on adjusted rand index (ARI). We compute
adjusted rand index by the Python package scikit-learn (v 1.8) [55] using the function
adjusted_rand_score().

The rand index (RI) [56] measures the ratio between pairs of observations in agree-
ment and the total number of pairs in data. A pair of observations is in agreement if
they belong to the same class and end up in the same cluster or belong to different
classes and end up in different clusters. That is,

RI = TNagreement 7
Npairs
where Nagreement 1S the number of pairs in agreement and npairs is the total number of
pairs.

The adjusted rand index (ARI) is adjusted for chance and given by

RI — Expected RI

ARI = .
R Maximum RI — Expected RI
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2255 C.3 Neighborhood preservation

2256

2257 We measure the degree to which an embedding preserve neighborhoods using the
2258

2959 trustworthiness measure. The trustworthiness is computed by the python package
2260
2261
2262 trustworthiness compares the k nearest neighbors of the output space to the neighbors
2263

2964 of the input space. It is computed as

2265

2266 5 n

2267 Tk)=1-—7——— max0,7(i,j) — k

2968 nk(2n — 3k — 1) ;]g\%’“

2269

2270

2271 where N are the k nearest neighbors of observation 7 in output space and r(i, j) is the
;;;:23 rank in terms of nearest neighbor that observation j in input space has to observation
2274
2275
2276
2277
2278
2279
2280
2281
2282
2283
2284
2285
2286
2287
2288
2289
2290
2291
2292
2293
2294
2295
2296
2297
2298
2299
2300

scikit-learn (v 1.8) [55] using the function trustworthiness(). For each observation i the

i in output space (see function documentation in scikit-learn [55]).
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Appendix D Results

D.1 Performance profiles

Real scRNA-seq data, standardized, and 2000 HVG
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Real scRNA-seq data, standardized, and 5000 HVG
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Fig. D3: Performance profiles (ARI scores) of the real scRNA-seq datasets over a
range of sizes of the PCA embedding. Left column uses a resolution for the Leiden
algorithm aligned with the true clusters while the right column choose the resolution
based on the silhouette score. These figures use 5000 highly variable genes and data
is standardized.
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2439 Real scRNA-seq data, non-standardized, and 2000 HVG
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Simulated scRNA-seq data, standardized, and 2000 HVG
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Fig. D5: Performance profiles (ARI scored¥ of the simulated scRNA-seq datasets over
a range of sizes of the PCA embedding. Left column uses a resolution for the Leiden
algorithm aligned with the true clusters while the right column choose the resolution
based on the silhouette score. These figures use 2000 highly variable genes and data

is standardized.
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Simulated scRNA-seq data, standardized, and 5000 HVG
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Fig. D6: Performance profiles (ARI scores) of the simulated scRNA-seq datasets over
a range of sizes of the PCA embedding. Left column uses a resolution for the Leiden
algorithm aligned with the true clusters while the right column choose the resolution
based on the silhouette score. These figures use 5000 highly variable genes and data is
standardized. Symsim and the Sparsim Marrow dataset did not finish within 72 hours
using 5000 highly variable genes.
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Fig. D7: Performance profiles (ARI score8 of the simulated scRNA-seq datasets over
a range of sizes of the PCA embedding. Left column uses a resolution for the Leiden
algorithm aligned with the true clusters while the right column choose the resolution
based on the silhouette score. These figures use 2000 highly variable genes and data

is non-standardized.
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Fig. D9: Boxplots on a log-scale of the number of components estimated by each
method. These figures do not standardize data before applying PCA and use 2000
highly variable genes.
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Fig. D17: Heatmap of the ARI scores across the data-driven methods for each real
scRNA-seq dataset. The analysis does not standardize data before applying PCA and
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Fig. D18: Heatmap of the ARI scores across the data-driven methods for each sim-
ulated scRNA-seq dataset. The analysis standardizes data before applying PCA and

use 5000 highly variable genes.
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3004 Fig. D19: Heatmap of the ARI scores across the data-driven methods for each sim-
3005 ylated scRNA-seq dataset. The analysis does not standardize data before applying

3883 PCA and use 2000 highly variable genes.
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3024 Fig. D20: Heatmap of the ARI scores across the data-driven methods for each sim-
3025 y1ated scRNA-seq dataset. The analysis standardize data before applying PCA and
3026 156 2000 highly variable genes. The simulated data is constructed to have balanced
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D.4 Heatmaps of trustworthiness scores
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Fig. D21: Heatmap of the trustworthiness using 50 neighbors on each simulated
scRNA-seq dataset where there exist a ground truth for each method.
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Fig. D22: Heatmap of the trustworthiness using 15 neighbors on each simulated
scRNA-seq dataset where there exist a ground truth for each method. Data is stan-
dardized prior to PCA and we use 5000 highly variable genes.
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3096 Fig. D23: Heatmap of the trustworthiness using 50 neighbors on each simulated

3097

scRNA-seq dataset where there exist a ground truth for each method. Data is stan-

3098 jardized prior to PCA and we use 5000 highly variable genes.
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Fig. D24: Heatmap of the trustworthiness using 15 neighbors on each simulated
scRNA-seq dataset where there exist a ground truth for each method. Data is not
standardized prior to PCA and we use 2000 highly variable genes.
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Fig. D25: Heatmap of the trustworthiness using 50 neighbors on each simulated
scRNA-seq dataset where there exist a ground truth for each method. Data is not
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3183

3184

3185

3186 Table D6: Summary of the computational methods to estimate the number of compo-
3187 nents of PCA. These results are based 2000 highly variable genes and no standardization
3188 prior to PCA. Y=Yes.

3189
3190
3191 —
3192 é Clustering stability [ |

3193 Number of components [ | [ | [ |

3194 Clustering accuracy [ | [ | [ | [ | [ |
3195

3196
3197

3198
3199 Neigh. preserving (k=50)

ACT EG EG-bd EV JS KN PA PC50 SCREE

Clustering accuracy [ |

Clustering stability

Number of components

Simulated

Neigh. preserving (k=15)

3200 Convergence success rate

3201
3202

3203
3204 Distributional assump.

3205 Require scaled data Y Y)

3206 Dimension constraints Y Y
3207
3208
3209
3210
3211
3212
3213
3214
3215
3216
3217
3218
3219
3220

Scalability

Speed

<

Tier 1 M Tier 2 Tier 3  Not assessable l
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3223
3224
3225
3226
3227
3228
3229
3230
3231

Table D7: Summary of the computational methods to estimate the number of compo- 3232
nents of PCA. These results are based 5000 highly variable genes and standardization 3233
prior to PCA. Y=Yes.

ACT EG EG-bd EV JS KN PA PC50 SCREE
_ Clustering accuracy [ |
;:§ Clustering stability | |
Number of components | | | | [ |
" Clusteringaccuracy | @ ®H  ®H W ® = ® ®E @ ®
E Clustering stability [ | [ | [ | [ | | |
é Number of components [ | [ | [ | [ | [ |
% Neigh. preserving (k=15) | | | | |
Neigh. preserving (k=50) | | | | |
Convergence success rate | | | | | | | | |
Scalability | | | | | H B [ | [ |
Speed | | | | | | | |
Distributional assump. Y
Require scaled data Y (Y)
Dimension constraints Y Y

Tier 1 M Tier 2

Tier 3  Not assessable ll

71

3234
3235
3236
3237
3238
3239
3240
3241
3242
3243
3244
3245
3246
3247
3248
3249
3250
3251
3252
3253
3254
3255
3256
3257
3258
3259
3260
3261
3262
3263
3264
3265
3266



3267 References

3268
3269
3270
3271
3272
3273
3274
3275
3276
3277
3278
3279
3280
3281
3282
3283
3284
3285
3286
3287
3288
3289
3290
3291
3292
3293
3294
3295
3296
3297
3298
3299
3300
3301
3302
3303
3304
3305
3306
3307
3308
3309
3310
3311
3312

[1]

Lahnemann D, Koster J, Szczurek E, McCarthy DJ, Hicks SC, Robinson MD,
et al. Eleven grand challenges in single-cell data science. Genome Biology 2020

21:1. 2020 2;21(1):31—. https://doi.org/10.1186/S13059-020-1926-6.

Abdellah Z, Ahmadi A, Ahmed S, Aimable M, Ainscough R, Almeida J, et al.
Finishing the euchromatic sequence of the human genome. Nature 2004 431:7011.
2004 10;431(7011):931-945. https://doi.org/10.1038 /nature03001.

Sun S, Zhu J, Ma Y, Zhou X. Accuracy, robustness and scalability of dimension-
ality reduction methods for single-cell RNA-seq analysis. Genome Biology 2019
20:1. 2019 12;20(1):269—. https://doi.org/10.1186/s13059-019-1898-6.

I T Jolliffe. Principal Component Analysis. 2nd ed. Springer Series in Statistics.
New York: Springer-Verlag; 2002. Available from: http://link.springer.com/10.
1007/b98835.

Satija R, Farrell JA, Gennert D, Schier AF, Regev A. Spatial reconstruc-
tion of single-cell gene expression data. Nature Biotechnology 2015 33:5. 2015
4;33(5):495-502. https://doi.org/10.1038/nbt.3192.

Wolf FA, Angerer P, Theis FJ. SCANPY: large-scale single-cell gene expression
data analysis. Genome Biology 2018 19:1. 2018 2;19(1):15—. https://doi.org/10.
1186/s13059-017-1382-0.

Traag VA, Waltman L, van Eck NJ. From Louvain to Leiden: guaranteeing well-
connected communities. Scientific Reports 2019 9:1. 2019 3;9(1):5233—. https:
//doi.org/10.1038 /s41598-019-41695-z.

72


https://doi.org/10.1186/S13059-020-1926-6
https://doi.org/10.1038/nature03001
https://doi.org/10.1186/s13059-019-1898-6
http://link.springer.com/10.1007/b98835
http://link.springer.com/10.1007/b98835
https://doi.org/10.1038/nbt.3192
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1038/s41598-019-41695-z

8]

[10]

[13]

[14]

[15]

MeclInnes L, Healy J, Melville J. UMAP: Uniform Manifold Approximation and

Projection for Dimension Reduction. arXiv. 2020 9;.

Trapnell C, Cacchiarelli D, Grimsby J, Pokharel P, Li S, Morse M, et al. The
dynamics and regulators of cell fate decisions are revealed by pseudotemporal
ordering of single cells. Nature Biotechnology 2014 32:4. 2014 3;32(4):381-386.
https://doi.org/10.1038 /nbt.2859.

Blondel VD, Guillaume JL, Lambiotte R, Lefebvre E. Fast unfolding of communi-
ties in large networks. Journal of Statistical Mechanics: Theory and Experiment.

2008 10;2008(10):P10008. https://doi.org/10.1088,/1742-5468,/2008,/10,/P10008.

Schaar A, Heumos L. Dimensionality Reduction — Single-cell best prac-
tices; 2023. Available from: https://www.sc-best-practices.org/preprocessing._

visualization /dimensionality_reduction.html.

Amezquita R, Lun A, Hicks S, Gottardo R. Chapter 4 Dimensionality reduc-
tion; 2021. Available from: https://bioconductor.org/books/3.23/OSCA basic/

dimensionality-reduction.html#choosing-the-number-of-pcs.

Hayakawa Y, Ozaki H. A practical guide for single-cell transcriptome data
analysis in neuroscience. Neuroscience Research. 2025 5;214(11):9-15. https:

//doi.org/10.1016/j.neures.2025.03.006.

Nasrollahi FSF, Silva FN, Liu S, Chaudhuri S, Yu M, Wang J, et al. Cell
Type Differentiation Using Network Clustering Algorithms. bioRxiv. 2024 12;p.
2024.12.04.626793. https://doi.org/10.1101/2024.12.04.626793.

Staff TPCB. Correction: The specious art of single-cell genomics. PLOS Compu-
tational Biology. 2025 11;21(11):e1013655. https://doi.org/10.1371/JOURNAL.
PCBI.1013655.

73

3313
3314
3315
3316
3317
3318
3319
3320
3321
3322
3323
3324
3325
3326
3327
3328
3329
3330
3331
3332
3333
3334
3335
3336
3337
3338
3339
3340
3341
3342
3343
3344
3345
3346
3347
3348
3349
3350
3351
3352
3353
3354
3355
3356
3357
3358


https://doi.org/10.1038/nbt.2859
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://www.sc-best-practices.org/preprocessing_visualization/dimensionality_reduction.html
https://www.sc-best-practices.org/preprocessing_visualization/dimensionality_reduction.html
https://bioconductor.org/books/3.23/OSCA.basic/dimensionality-reduction.html#choosing-the-number-of-pcs
https://bioconductor.org/books/3.23/OSCA.basic/dimensionality-reduction.html#choosing-the-number-of-pcs
https://doi.org/10.1016/j.neures.2025.03.006
https://doi.org/10.1016/j.neures.2025.03.006
https://doi.org/10.1101/2024.12.04.626793
https://doi.org/10.1371/JOURNAL.PCBI.1013655
https://doi.org/10.1371/JOURNAL.PCBI.1013655

3359 [16] Luecken MD, Theis FJ. Current best practices in single-cell RNA-seq analysis: a

3360
3361
3362
3363
3364
3365
3366
3367
3368
3369
3370
3371
3372
3373
3374
3375
3376
3377
3378
3379
3380
3381
3382
3383
3384
3385
3386
3387
3388
3389
3390
3391
3392
3393
3394
3395
3396
3397
3398
3399
3400
3401
3402
3403
3404

[19]

[20]

tutorial. Molecular Systems Biology 2019 15:6. 2019 6;15(6):MSB188746—. https:
//doi.org/10.15252/msb.20188746.

Andrews TS, Kiselev VY, McCarthy D, Hemberg M. Tutorial: guidelines for
the computational analysis of single-cell RNA sequencing data. Nature Protocols

2020 16:1. 2020 12;16(1):1-9. https://doi.org/10.1038 /s41596-020-00409-w.

Lun A. Choosing the number of principal components for denoising single-
cell RNA sequencing data. University of Cambridge; 2018. Available from:
https://content.cruk.cam.ac.uk/jmlab/gitlab /miscellaneous/technical-reports/

pc-selection.pdf.

Sciaraffa N, Gagliano A, Augugliaro L, Coronnello C. Optimization of clustering
parameters for single-cell RN A analysis using intrinsic goodness metrics. Frontiers

in Bioinformatics. 2025 6;5:1562410. https://doi.org/10.3389/fbinf.2025.1562410.

Dobriban E, Owen AB. Deterministic Parallel Analysis: An Improved Method
for Selecting Factors and Principal Components. Journal of the Royal Statistical
Society Series B: Statistical Methodology. 2019 2;81(1):163-183. https://doi.org/
10.1111/rssb.12301.

Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning.
Springer Series in Statistics. New York, NY: Springer New York; 2009. Available
from: http://link.springer.com/10.1007/978-0-387-84858-7.

Cattell RB. The scree test for the number of factors. Multivariate Behavioral

Research. 1966 4;1(2):245-276.

Zhuang H, Wang H, Ji Z. findPC: An R package to automatically select the

number of principal components in single-cell analysis. Bioinformatics. 2022

74


https://doi.org/10.15252/msb.20188746
https://doi.org/10.15252/msb.20188746
https://doi.org/10.1038/s41596-020-00409-w
https://content.cruk.cam.ac.uk/jmlab/gitlab/miscellaneous/technical-reports/pc-selection.pdf
https://content.cruk.cam.ac.uk/jmlab/gitlab/miscellaneous/technical-reports/pc-selection.pdf
https://doi.org/10.3389/fbinf.2025.1562410
https://doi.org/10.1111/rssb.12301
https://doi.org/10.1111/rssb.12301
http://link.springer.com/10.1007/978-0-387-84858-7

[24]

[25]

[27]

[28]

[29]

[30]

5;38(10):2949-2951. https://doi.org/10.1093/bioinformatics/btac235.

Onatski A. Determining the number of factors from empirical distribution of

eigenvalues. Review of Economics and Statistics. 2010 11;92(4):1004-1016.

Linderman GC, Zhao J, Roulis M, Bielecki P, Flavell RA, Nadler B, et al. Zero-
preserving imputation of single-cell RNA-seq data. Nature Communications 2022

13:1. 2022 1;13(1):192—. https://doi.org/10.1038/s41467-021-27729-z.

Lun A. Using scran to analyze single-cell RNA-seq data. Bioconductor; 2019.
Available from: https://bioconductor.org/packages/devel /bioc/vignettes/scran/

inst/doc/scran.html#ref-lun2016step.

Lun ATL, McCarthy DJ, Marioni JC. A step-by-step workflow for low-level
analysis of single-cell RNA-seq data with Bioconductor. F1000Research 2016

5:2122. 2016 10;5:2122. https://doi.org/10.12688/f1000research.9501.2.

Zwick WR, Velicer WF. Comparison of Five Rules for Determining the Number
of Components to Retain. Psychological Bulletin. 1986 5;99(3):432-442. https:
//doi.org/10.1037/0033-2909.99.3.432.

Fan J, Guo J, Zheng S. Estimating Number of Factors by Adjusted
Eigenvalues Thresholding. Journal of the American Statistical Association.

2022;117(538):852—861. https://doi.org/10.1080/01621459.2020.1825448.

Kritchman S, Nadler B. Determining the number of components in a factor model
from limited noisy data. Chemometrics and Intelligent Laboratory Systems. 2008

11;94(1):19-32. https://doi.org/10.1016/j.chemolab.2008.06.002.

Johnstone IM. On the distribution of the largest eigenvalue in principal compo-

nents analysis. Annals of Statistics. 2001 4;29(2):295-327. https://doi.org/10.

75

3405
3406
3407
3408
3409
3410
3411
3412
3413
3414
3415
3416
3417
3418
3419
3420
3421
3422
3423
3424
3425
3426
3427
3428
3429
3430
3431
3432
3433
3434
3435
3436
3437
3438
3439
3440
3441
3442
3443
3444
3445
3446
3447
3448
3449
3450


https://doi.org/10.1093/bioinformatics/btac235
https://doi.org/10.1038/s41467-021-27729-z
https://bioconductor.org/packages/devel/bioc/vignettes/scran/inst/doc/scran.html#ref-lun2016step
https://bioconductor.org/packages/devel/bioc/vignettes/scran/inst/doc/scran.html#ref-lun2016step
https://doi.org/10.12688/f1000research.9501.2
https://doi.org/10.1037/0033-2909.99.3.432
https://doi.org/10.1037/0033-2909.99.3.432
https://doi.org/10.1080/01621459.2020.1825448
https://doi.org/10.1016/j.chemolab.2008.06.002
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1214/aos/1009210544

3451
3452
3453
3454
3455
3456
3457
3458
3459
3460
3461
3462
3463
3464
3465
3466
3467
3468
3469
3470
3471
3472
3473
3474
3475
3476
3477
3478
3479
3480
3481
3482
3483
3484
3485
3486
3487
3488
3489
3490
3491
3492
3493
3494
3495
3496

[36]

1214/a0s/1009210544.

Horn JL. A rationale and test for the number of factors in factor analysis.

Psychometrika. 1965 6;30(2):179-185. https://doi.org/10.1007/BF02289447.

Buja A, Eyuboglu N. Remarks on Parallel Analysis. Multivariate Behavioral
Research. 1992 10;27(4):509-540.

Carangelo G, Magi A, Semeraro R. From multitude to singularity: An up-to-date
overview of scRNA-seq data generation and analysis. Frontiers in Genetics. 2022

10;13:994069. https://doi.org/10.3389/fgene.2022.994069.

Su M, Pan T, Chen QZ, Zhou WW, Gong Y, Xu G, et al. Data analysis
guidelines for single-cell RNA-seq in biomedical studies and clinical applications.
Military Medical Research 2022 9:1. 2022 12;9(1):68—. https://doi.org/10.1186/
s40779-022-00434-8.

Macosko EZ, Basu A, Satija R, Nemesh J, Shekhar K, Goldman M, et al.
Highly parallel genome-wide expression profiling of individual cells using nano-
liter droplets. Cell. 2015 5;161(5):1202-1214. https://doi.org/10.1016/j.cell.2015.
05.002.

Chung NC, Storey JD. Statistical significance of variables driving systematic
variation in high-dimensional data. Bioinformatics. 2015 2;31(4):545-554. https:

//doi.org/10.1093 /bioinformatics/btu674.

Satija Lab and Collaborators. Seurat - Guided Clustering Tutorial e Seurat; 2023.

Available from: https://satijalab.org/seurat/articles/pbme3k_tutorial.html.

Schaum N, Karkanias J, Neff NF, May AP, Quake SR, Wyss-Coray T,

et al. Single-cell transcriptomics of 20 mouse organs creates a Tabula Muris.

76


https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1007/BF02289447
https://doi.org/10.3389/fgene.2022.994069
https://doi.org/10.1186/s40779-022-00434-8
https://doi.org/10.1186/s40779-022-00434-8
https://doi.org/10.1016/j.cell.2015.05.002
https://doi.org/10.1016/j.cell.2015.05.002
https://doi.org/10.1093/bioinformatics/btu674
https://doi.org/10.1093/bioinformatics/btu674
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html

[40]

[44]

[45]

Nature 2018 562:7727. 2018 10;562(7727):367-372.  https://doi.org/10.1038/
541586-018-0590-4.

Quake SR. Tabula Sapiens reveals transcription factor expression, senescence
effects, and sex-specific features in cell types from 28 human organs and tissues.
bioRxiv : the preprint server for biology. 2025 12;https://doi.org/10.1101/2024.
12.03.626516.

Duo A, Robinson MD, Soneson C. A systematic performance evaluation of clus-
tering methods for single-cell RNA-seq data. F1000Research 2020 7:1141. 2020
11;7:1141. https://doi.org/10.12688/f1000research.15666.3.

Pavel A, Grgnberg MG, Clemmensen LH. The impact of dropouts in scRNAseq
dense neighborhood analysis. Computational and Structural Biotechnology

Journal. 2025 1;27(D1):1278-1285. https://doi.org/10.1016/j.csbj.2025.03.033.

Cao Y, Yang P, Yang JYH. A benchmark study of simulation methods for
single-cell RNA sequencing data. Nature Communications 2021 12:1. 2021
11;12(1):6911—. https://doi.org/10.1038/s41467-021-27130-w.

Baruzzo G, Patuzzi I, Di Camillo B. SPARSim single cell: a count data simulator
for scRNA-seq data. Bioinformatics. 2020 3;36(5):1468-1475. https://doi.org/10.
1093 /bioinformatics/btz752.

Sun T, Song D, Li WV, Li JJ. scDesign2: a transparent simulator that generates
high-fidelity single-cell gene expression count data with gene correlations cap-
tured. Genome Biology 2021 22:1. 2021 5;22(1):163—. https://doi.org/10.1186/
$13059-021-02367-2.

Zappia L, Phipson B, Oshlack A. Splatter: simulation of single-cell RN A sequenc-
ing data. Genome Biology 2017 18:1. 2017 9;18(1):174—. https://doi.org/10.1186/

7

3497
3498
3499
3500
3501
3502
3503
3504
3505
3506
3507
3508
3509
3510
3511
3512
3513
3514
3515
3516
3517
3518
3519
3520
3521
3522
3523
3524
3525
3526
3527
3528
3529
3530
3531
3532
3533
3534
3535
3536
3537
3538
3539
3540
3541
3542


https://doi.org/10.1038/s41586-018-0590-4
https://doi.org/10.1038/s41586-018-0590-4
https://doi.org/10.1101/2024.12.03.626516
https://doi.org/10.1101/2024.12.03.626516
https://doi.org/10.12688/f1000research.15666.3
https://doi.org/10.1016/j.csbj.2025.03.033
https://doi.org/10.1038/s41467-021-27130-w
https://doi.org/10.1093/bioinformatics/btz752
https://doi.org/10.1093/bioinformatics/btz752
https://doi.org/10.1186/s13059-021-02367-2
https://doi.org/10.1186/s13059-021-02367-2
https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1186/s13059-017-1305-0

3543
3544
3545
3546
3547
3548
3549
3550
3551
3552
3553
3554
3555
3556
3557
3558
3559
3560
3561
3562
3563
3564
3565
3566
3567
3568
3569
3570
3571
3572
3573
3574
3575
3576
3577
3578
3579
3580
3581
3582
3583
3584
3585
3586
3587
3588

[47]

(48]

[49]

[52]

[53]

513059-017-1305-0.

Zhang X, Xu C, Yosef N. Simulating multiple faceted variability in single cell
RNA sequencing. Nature Communications 2019 10:1. 2019 6;10(1):2611—. https:
//doi.org/10.1038/s41467-019-10500-w.

Rousseeuw PJ. Silhouettes: A graphical aid to the interpretation and validation
of cluster analysis. Journal of Computational and Applied Mathematics. 1987
11;20(C):53-65. https://doi.org/10.1016/0377-0427(87)90125-7.

Rautenstrauch P, Ohler U. Shortcomings of silhouette in single-cell integration
benchmarking. Nature Biotechnology 2025. 2025 7;p. 1-5. https://doi.org/10.
1038/s41587-025-02743-4.

Chu LF, Leng N, Zhang J, Hou Z, Mamott D, Vereide DT, et al. Single-cell
RNA-seq reveals novel regulators of human embryonic stem cell differentiation
to definitive endoderm. Genome Biology 2016 17:1. 2016 8;17(1):173—. https:
//doi.org/10.1186/s13059-016-1033-x.

Koh PW, Sinha R, Barkal AA, Morganti RM, Chen A, Weissman IL, et al.
Data Descriptor: An atlas of transcriptional, chromatin accessibility, and sur-
face marker changes in human mesoderm development Background & Summary.

Scientific Data. 2016 12;3(1):160109—. https://doi.org/10.1038 /sdata.2016.109.

Kumar RM, Cahan P, Shalek AK, Satija R, Daleykeyser A, Li H, et al. Decon-
structing transcriptional heterogeneity in pluripotent stem cells. Nature. 2014

12;516(729):56-61. https://doi.org/10.1038 /nature13920.

Zheng GXY, Terry JM, Belgrader P, Ryvkin P, Bent ZW, Wilson R, et al.
Massively parallel digital transcriptional profiling of single cells. Nature Commu-

nications 2017 8:1. 2017 1;8(1):14049-. https://doi.org/10.1038 /ncomms14049.

78


https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1186/s13059-017-1305-0
https://doi.org/10.1038/s41467-019-10500-w
https://doi.org/10.1038/s41467-019-10500-w
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1038/s41587-025-02743-4
https://doi.org/10.1038/s41587-025-02743-4
https://doi.org/10.1186/s13059-016-1033-x
https://doi.org/10.1186/s13059-016-1033-x
https://doi.org/10.1038/sdata.2016.109
https://doi.org/10.1038/nature13920
https://doi.org/10.1038/ncomms14049

[54]

[55]

[56]

Tian L, Dong X, Freytag S, Lé Cao KA, Su S, JalalAbadi A, et al. Bench-
marking single cell RNA-sequencing analysis pipelines using mixture control
experiments. Nature Methods 2019 16:6. 2019 5;16(6):479-487. https://doi.org/
10.1038/s41592-019-0425-8.

Pedregosa F, Michel V, Grisel O, Blondel M, Prettenhofer P, Weiss R, et al.
Scikit-learn: Machine Learning in Python. Journal of Machine Learning Research.

2011;12:2825-2830.

Hubert L, Arabie P. Comparing partitions. Journal of Classification. 1985
12;2(1):193-218. https://doi.org/10.1007/BF01908075.

79

3589
3590
3591
3592
3593
3594
3595
3596
3597
3598
3599
3600
3601
3602
3603
3604
3605
3606
3607
3608
3609
3610
3611
3612
3613
3614
3615
3616
3617
3618
3619
3620
3621
3622
3623
3624
3625
3626
3627
3628
3629
3630
3631
3632
3633
3634


https://doi.org/10.1038/s41592-019-0425-8
https://doi.org/10.1038/s41592-019-0425-8
https://doi.org/10.1007/BF01908075

	Background
	Results
	The impact of the size of the PCA embedding on clustering performance
	Computational methods to estimate the size of the PCA embedding
	The number of components
	Clustering performance
	Neighborhood preserving
	Wall-clock time

	Practical summary

	Discussion
	Methods
	Methods to choose the Number of Components
	Choose 50 components
	Threshold based methods
	Hypothesis based methods
	Simulation based methods

	Datasets
	Pre-processing and Experiments
	Analysis of the results
	Clustering accuracy and stability
	Number of components
	Neighborhood preservation
	Convergence success rate
	Scalability and speed

	Methods to determine the hyper-parameters of the Leiden algorithm
	Optimal
	True Clusters
	Silhouette
	Default
	Supplementary information
	Acknowledgements




	Data
	Tabula Muris (TM)
	Tabula Sapiens (TS)
	Evaluation Papers (EVAL)
	Sparsim (SPAR)
	ScDesign2 (SCD)
	Splatter (SPLAT)
	Symsim (SYMSIM)

	Algorithm
	Pre-processing and Experiments
	The Leiden algorithm
	Clustering Metrics
	Neighborhood preservation

	Results
	Performance profiles
	Number of components
	Heatmaps of clustering performance
	Heatmaps of trustworthiness scores
	Practical summary


