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Abstract

Single-cell RNA sequencing (scRNA-seq) has gained prominence as a valuable technique for examining cellular gene expres-
sion patterns at the individual cell level. In the analysis of sScRNA-seq datasets, it is common practice to visualise a subset of
principal components (PCs), obtained via principal component analysis (PCA), using dimensionality reduction techniques such
as t-stochastic neighbour embedding (t-SNE). Determining the number of PCs (i.e. dimensionality) is a critical step that influ-
ences the outcome of single-cell analysis, and this process typically requires a labour-intensive manual assessment involving
the inspection of numerous projection plots. To address this challenge, we present a visualisation system that assists analysts
in efficiently determining the optimal dimensionality of scRNA-seq data. The proposed system employs two hull heatmaps, a
cell type heatmap and a cluster heatmap, which offer comprehensive representations of target cells of multiple cell types across
various dimensionalities through the utilisation of a convex hull-embedded colour map. The cell type heatmap shows overlaps
between cell types, and the cluster heatmap compares cell clustering results. The proposed hull heatmaps effectively alleviate the
labourious task of manually evaluating hundreds of projection plots for searching for the optimal dimensionality. Additionally,
our system offers interactive visualisation of gene expression levels and an intuitive lasso selection tool, thereby enabling ana-
lysts to progressively refine the convex hulls on the hull heatmaps. We validated the usefulness of the proposed system through

two quantitative evaluations and three case studies.

Keywords: scientific visualisation, visual analytics, visualisation, visualisation
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1. Introduction

The advent of single-cell RNA sequencing (scRNA-seq) technology
has made it possible to identify cell-to-cell differences, greatly en-
hancing our understanding of diseases such as cancer [LTX*21].
The scRNA-seq analysis workflow (Figure 1) consists of mul-
tiple stages, including data pre-processing, feature selection, di-
mensionality reduction, clustering and identification of differen-
tially expressed genes (DEGs) [RSTK17, LT19, KAH19, ZLL*23,
SKH*24]. Among these, dimensionality reduction has a substan-
tial impact on the results of the analysis. Selecting a subset of prin-
cipal components (PCs) derived from principal component analy-
sis (PCA) for visualisation through dimensionality reduction meth-
ods such as t-stochastic neighbour embedding (t-SNE) [VAMHOS]
is a widely adopted practice in single-cell analysis [LT19, KB19,

HL20, AKMH20, KL21, XLL24]. Through PCA, the initial high-
dimensional scRNA-seq data, often comprising thousands of di-
mensions, is condensed into a more manageable form, typically
fewer than 100 dimensions, while preserving global structural in-
formation in the subsequent 2D projection. It in turn, effectively
characterises different cell types.

This work focuses on the challenging task of selecting the opti-
mal (PCA intermediate) dimensionality, which is a time-consuming
and labourious aspect of single-cell analysis. Finding a good embed-
ding, that is grouping identical cell types and distinguishing diverse
cell types within the embedding space, is difficult because the shape
of the embedding changes depending on the selected dimensionality
(Figure 2). Single-cell analysts identify several target cell types in a
dimensionality reduction plot. However, in certain instances, these
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Figure 1: Overview of the single-cell RNA sequencing (scRNA-seq) data analysis process. SCRNA-seq generates an expression matrix that
includes thousands of cells and genes. The data undergoes processing steps, which include filtering, normalisation, scaling, and principal
component analysis (PCA). Dimensionality reduction and clustering are applied to the top-N principal components (PCs), and the marker
expression and cluster plots are created for each dimensionality (i.e. the number of used PCs). Analysts select the optimal dimensionality
based on the plots. They subsequently conduct cluster analysis and finalise the identification of cell types. Notably, Steps 2 and 3, which is the
process of the optimal dimensionality selection based on the marker expression and cluster plots, are the contributions of our work presented

in this paper.
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Figure 2: Embedding changes of dendritic cells (DC) according
to the dimensionality. In dimensionalities 4 to 5, DC are scattered,
making it challenging to identify their cell type. However, in dimen-
sionality 6, DC form a distinct cluster, which enables identifying
their cell type. This example illustrates how the choice of dimen-
sionality can influence the outcomes of cell type identification.

target cell type clusters overlap with each other (Figure 3) or do
not align with the outcomes of the clustering algorithm (Figure 4),
thereby introducing complexity into the analysis. Therefore, tradi-
tional dimensionality selection methods require exhaustive explo-
ration of the dimensionality space to identify the dimensionality that
clearly separates multiple target cell types while aligning with the
clustering results. This process involves an extensive back-and-forth
examination of various embeddings, relying on the analysts’ mem-
ories for the final decision.
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Figure 3: CDSA is a cell marker of CD8+ T cells, and
GNLY/NKG?7 are cell markers of NK cells. Because there is an over-
lap (marked with red circles) between different cell types, this di-
mensionality is hardly considered optimal dimensionality.

To address this challenge, we introduce a visualisation system
that guides the selection of optimal dimensionality in single-cell
analysis for improved cell type identification with reduced effort.
This work makes three main contributions: (1) Through inter-
views with domain experts, we identified the challenges currently
present in scRNA-seq analysis and defined system requirements
to address them. (2) Based on the requirements, we propose a novel
visualisation technique called the hull heatmap, which provides
a holistic overview of marker expression plots across multi-
ple dimensionalities and cell markers. This technique substan-
tially reduces the labour-intensive process of manually reviewing
diverse embeddings. Two variants of the hull heatmap are intro-
duced: the cell type heatmap, which reveals overlaps in cell type
areas across dimensionalities, simplifying the identification of the
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(a) (b)

Figure 4: (a) A small number of dendritic cells (DC) are scattered
within the red ellipse. (b) However, in the cluster plot, DC and other
adjacent cells are grouped into the same green cluster. Therefore,
the accuracy of cell type identification in this dimensionality may
be lower than in other dimensionalities.
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Figure 5: An expression matrix is created using collected cells, and
cell types are determined by analysing the matrix in combination
with cell markers.

dimensionality where target cell types separate distinctly, and the
cluster heatmap, which facilitates the discovery of the dimension-
ality where user-defined cell type clusters and clusters generated
by a clustering algorithm are the most similar. (3) We demonstrate
the effectiveness of our proposed system through two quantitative
evaluations and three case studies. In the quantitative evaluations,
using the dimensionality determined by our method yielded results
that were similar to or better than those obtained with other dimen-
sionalities. In the case studies, we demonstrate how our method
facilitates a more convenient determination of the optimal dimen-
sionality. We also provide an online demo and source codes at
https://github.com/hvcl/DESC.

2. Background
2.1. Overview of single-cell analysis workflow

Gene expression is the process of transcribing genes into RNA. Cell
markers denote genes specifically expressed in a particular cell type
(Figure 5). These unique combinations of cell markers are instru-
mental in the classification and identification of individual cells. To
discern the diverse cell types and their characteristics, researchers
must check the expression levels of cell markers within the cells.
This task has been improved by scRNA-seq technique which quan-
tifies gene expression at the individual cell level [TBW*09].

As depicted in Figure 1, the scRNA-seq analysis workflow begins
with the scRNA-seq data, providing an expression matrix that de-
tails the gene expression levels in each cell. This matrix comprises
thousands of cells and genes. Data processing steps such as filtering,
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Figure 6: Expression plots for cell markers (a) GNLY and (b)
NKG7. The colour indicates the expression level, while the or-
ange ellipses highlight cells where each marker is differentially ex-
pressed. Since GNLY and NKG7 are both markers for NK cells, the
cells within the yellow dashed ellipses, where both genes are differ-
entially expressed, are identified as NK cells.

normalisation, and scaling are applied to the expression matrix, fol-
lowed by dimensionality reduction and clustering. The goal of the
single-cell analysis is to determine specific cell types based on the
expression level of cell markers, as well as to identify cell markers
and relationships between cell types [KAH19, YZC*20, ZLL*23].

Given that different cell types may express the same genes, ana-
lysts rely on differentially expressed cell markers (genes) to identify
cell types. A gene is considered differentially expressed within a cell
cluster if a significant difference in expression levels exists among
multiple cell clusters. Typically, this examination of cell marker ex-
pression is accomplished through 2D projection plots of cells us-
ing dimensionality reduction techniques such as t-SNE and uniform
manifold approximation and projection (UMAP) [MHM18]. Cells
in the plots are colour-coded based on the expression levels of spe-
cific markers (Figure 6).

One of the key procedures is dimensionality reduction. It is nec-
essary because of the inherently high dimensionality of scRNA-seq
data, which renders clustering and 2D projection results unreliable
(i.e. the curse of dimensionality) [KAH19]. In single-cell analysis,
PCA is the most prevalent method employed for dimensionality re-
duction, primarily because it effectively reduces the technical noise
associated with individual features in sScRNA-seq data. The selected
PCs are commonly used for 2D projection through methods such
as using PCs as input for t-SNE or UMAP [LT19, KB19, HL20,
AKMH20, KL21, XLL24].

Selecting the appropriate number of PCs (i.e. dimensionality)
is essential because this choice directly influences the 2D projec-
tion result, ultimately affecting cell type identification. The analysts
gather valuable insights from the spatial proximity of cells in the 2D
projection plot, assuming that similar cells tend to exhibit smaller
feature distances. However, certain rare cell types, characterised by
arelatively small number of cells, may only become evident in spe-
cific dimensionalities. Consequently, relying solely on a small sub-
set of PCs may not effectively represent these cell types [KB19].
Furthermore, Raimundo et al. demonstrated that the selection of di-
mensionality significantly affects the performance scores, such as
adjusted mutual information and silhouette, of the embedding of
scRNA-seq data [RVV20]. Hence, determining the optimal num-

© 2025 The Author(s). Computer Graphics Forum published by Eurographics - The European Association for Computer Graphics and John Wiley & Sons Ltd.


https://github.com/hvcl/DESC

4 of 15

ber of PCs that efficiently capture critical information related to tar-
get cell types while eliminating technical noise and other undesired
sources of variability is a challenging yet crucial task.

2.2. Optimal dimensionality selection

Conventional approaches to selecting the optimal dimensionality re-
volve around analysing the changes in data distribution across vari-
ous dimensionalities. One method involves the use of an elbow plot
(Figure S1a) to illustrate the fraction of variance explained by each
PC. Analysts are tasked with visually identifying the point at which
the curve displays a sharp bend, referred to as the “elbow,” and re-
taining only those PCs preceding this point. Another commonly
used method is the JackStraw plot [CS15] (Figure S1b), which
presents the distribution of p-values for each PC. The best PC is typ-
ically observed near a sharp drop (change) in the p-values within this
plot. However, determining a precise threshold in these plots is not
always straightforward because subtle changes may occur, making
accurate differentiation challenging. Thus, analysts perform cluster-
ing, cell type identification and other downstream analyses across
various dimensionalities and compare the results. Throughout this
process, they conduct visual inspections of dimensionality reduction
plots [ZJ20, SCS*21].

The process of determining optimal dimensionality through the
review of marker expression and cluster plots is as follows: Both
marker expression and cluster plots share the same 2D embedding
from the projection of the selected PCA intermediate dimensional-
ity. First, target cell types and markers must be listed. Analysts typ-
ically search for known cell markers of target cell types through lit-
erature reviews. A target cell is a candidate for the target cell type in
which a specific cell marker is highly expressed. Subsequently, the
analysts determine the target cells for each target cell type across dif-
ferent dimensionalities based on marker expression plots. As shown
in Figure 6, the plots display the expression levels of the genes (that
is, the degree to which a particular gene is expressed) in individual
cells, with each dot representing a cell, and colour signifying the
gene’s expression level. Analysts identify target cells where each
marker is highly expressed (i.e. cells enclosed in the orange ellipses
in Figure 6). Note that GNLY and NKG7 in this instance serve as
cell markers for NK cells. Once analysts identify target cells for
GNLY and NKG7, they aggregate cells shared between these target
cells and assign the final cell type accordingly (as shown in Figure 6,
within the yellow dashed ellipses). Some cell types may not be ev-
ident in certain dimensionalities, as illustrated in Figure 2, where
a few target cells are dispersed across dimensionalities 4-5, com-
plicating the definition of a target cell type cluster. In such cases,
analysts need to explore better dimensionalities with a more cohe-
sive cluster, such as dimensionality 6 in Figure 2.

Additionally, analysts evaluate dimensionalities through cluster
plots (Figure 7b). These cluster plots are colour-coded based on
clustering outcomes achieved at the chosen PCA intermediate di-
mensionality. If the target cells estimated as the same cell type ex-
hibit disparate clustering or are clustered with cells from other cell
types, it may indicate that some target cells have been misclassi-
fied (as seen in Figure 7). In such instances, analysts may reeval-
uate target cells based on the cluster plot or examine cluster plots
from different dimensionalities. In conclusion, analysts search for
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(a) Marker Expression Plot (b) Cluster Plot

Figure 7: Marker expression plot and cluster plot. (a) The marker
expression plot reveals two distinct target cell clusters (cyan and
yellow circles) for ILCI-like cells. (b) Nevertheless, on the cluster
plot, it is evident that the cells within the cyan circle form a cluster
with other non-target cells. Consequently, the cells within the yellow
circle are more likely to represent ILC1-like cells.

the optimal dimensionality that yields the best target cell clusters,
where all target cell types are identifiable, cells of the same cell type
cluster closely together while different cell types remain distinctly
separated, and the clusters on the cluster plots are most similar to the
target cell type clusters defined by analysts. Therefore, the process
of determining the optimal dimensionality requires the thorough ex-
amination of hundreds of plots, encompassing various dimension-
alities and target cell markers.

3. Related Work
3.1. Single-cell analysis methods

Clustering is a common approach used for handling the multidi-
mensional nature of scRNA-seq data encompassing diverse cell
types. Several publicly available software packages for single-cell
analysis, such as Seurat [BHS*18], Scanpy [WAT18], and SIN-
CERA [GWP*15], offer various clustering methods. These tools
primarily focus on clustering rather than dimensionality consider-
ations. Although some of these tools provide insights into different
dimensionalities, analysts often resort to heuristic approaches to de-
termine optimal dimensionality. These tools are valuable for identi-
fying significant cell clusters and obtaining insights into cell types,
especially following the selection of optimal dimensionality.

In single-cell analysis, using pcs as input for t-SNE has been the
preferred choice for 2D projections [KAMK19], although more re-
cent techniques, such as UMAP [MHM18], have emerged as alter-
natives. Deep learning-based dimensionality reduction methods, in-
cluding parametric t-SNE [VDMO09], parametric UMAP [SMG20],
scvis [DCS18], DR-A [LMK?20], and VASC [WG18], have also
gained traction in single-cell analysis; however, they require sub-
stantial scRNA-seq datasets for good performance. Various dimen-
sionality reduction methods specifically designed for single-cell
analysis exist [VTMP20, RSTK17, VIDP19, WTZ18, TVGP18,
AHB*15, SCMD19]. However, to employ these methods effec-
tively, analysts must manually fine-tune the algorithm parameters
and data dimensionality, which significantly influence the projec-
tion outcomes. The challenge of selecting the appropriate parame-
ters remains unresolved [KAH19].
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Most existing R or Python packages for single-cell analysis re-
quire analysts to write code. Furthermore, analysts must indepen-
dently select suitable analytical algorithms and visualisation tech-
niques. To overcome these challenges, various visual analytical
tools have been developed to assist analysts in exploring single-
cell data. Cerebro [HPL20] provides an intuitive graphical interface
for investigating single-cell data. CyteGuide [HPvU*17] enables
the exploration of single-cell data hierarchies within a single view.
Cytosplore [HPvU*16] offers multiple linked views for the iden-
tification of known and unknown cell types. VDJView [SRGL20]
visualises scRNA-seq data using metadata profiles, streamlining
hypothesis testing, data interpretation, and the discovery of cel-
lular heterogeneity. scQuery [ARP*18] automates the process of
downloading and analysing publicly available scRNA-seq datasets.
scSVA [TGR19] enables interactive three-dimensional visualisation
and exploration of massive single-cell data. However, none of these
visual analytical tools is specifically designed for dimensionality se-
lection, making direct comparisons with our system inappropriate.

Widely used visualisation methods for selecting optimal dimen-
sionality include not only the elbow plot and JackStraw plot, as dis-
cussed in Section 2.2, but also the DimHeatmap function in Seu-
rat [BHS*18]. It visualises the expression of the top genes that con-
tribute to each PC. Based on this, domain experts assess whether
each PC captures sufficient variability to identify their target cell
types, and they select an appropriate number of PCs accordingly.
A method to automatically determine the optimal dimensionality is
provided by findPC [ZWJ22], which is an R package including six
methods that computationally detect the elbow point on the elbow
plot using different heuristics. However, these methods do not guar-
antee the detection and separation of all target cell types. Therefore,
we propose a method that allows for easier comparison of various
dimensionality reduction plots using information about cell types
and cell markers, in order to identify the optimal dimensionality that
best represents different target cell types.

3.2. Visual analysis of dimensionality reduction and clustering

Various analytical methods use dimensionality reduction or clus-
tering with visualisation. Poco er al. [PEP*11] and Bernard
et al. [BHZ*17] used convex hulls to interact with projections. Eck-
elt et al. [EHA*22] introduced an interactive visual method for
constructing and investigating the structural relationships in low-
dimensional embeddings. DimBridge [MAR*24] employs predi-
cate logic to enable users to identify relevant subspaces by interact-
ing with projections. PRIM-9 [FFT74] enables analysts to explore
multidimensional data by using continuously updated projections.
Asimov [Asi85] proposed a sequence of orthogonal projections of
multidimensional data and searched for suitable sequences to un-
derstand the data. Hierarchical Clustering Explorer [SS02] is a vi-
sualisation tool for hierarchical clustering that offers an overview
of large datasets, dynamic query controls, coordinated displays, and
cluster comparisons. Cluster Sculptor [NHM*07] is a cluster analy-
sis framework that allows analysts to interactively fine-tune clus-
tering parameters based on the visualisation of high-dimensional
data characteristics. Clustrophile 2 [CD18] recommends diverse
clustering parameters and iteratively refines clustering results based
on user feedback. INCREMENT [Mit16] enhances clustering out-
comes through user feedback by training a feature embedder to map

the input features to a new feature space. TINDER [SZS16] intro-
duced a Bayesian prior elicitation framework that incorporates user
feedback, allowing analysts to reject clustering results and obtain
new results.

Similarly, our method enables users to easily explore multiple
projection plots and guides them in searching for optimal solutions
based on user feedback. However, the key distinction lies in our ap-
proach, which leverages intuitive visualisation-guided techniques to
compare over hundred projection plots in a single view (i.e. hull
heatmaps and an interactive visual interface). Our method reduces
the time and effort required to compare numerous marker expres-
sion plots across multiple dimensionalities and cell markers.

4. Requirement Analysis for System Design

In the process of designing our visualisation system, we inter-
viewed five domain experts who regularly used Seurat [BHS*18]
and SC3 [KKS*17] for single-cell analysis. The requirements were
derived through structured interviews with the experts, during which
we inquired about the existing analysis workflows, the methods for
using the tools, the challenges encountered in current analyses, and
the functionalities they would like to see added to the existing work-
flow. The responses received were then used to formulate the follow-
ing requirements:

R1: Visualisation of multiple cell marker expressions across
various dimensionalities in a single view: To determine the opti-
mal dimensionality, analysts typically need to create and assess ex-
pression plots for tens of markers and dimensionalities. This task is
time-consuming and demanding. In traditional workflows, analysts
view multiple marker expression plots on a single screen. Owing to
limited screen space, they frequently switch between views to exam-
ine hundreds of plots. Moreover, they must commit previous views
to memory and mentally compare them, which is a challenging task
given the large number of plots to analyse. Therefore, a compact vi-
sual representation that enables analysts to simultaneously evaluate
the expression of multiple cell markers across various dimensional-
ities in a single view would significantly simplify their work.

R2: Tracking target cells of target cell types: Identifying a par-
ticular cell type requires analysts to check the expression of relevant
cell markers. Within each dimensionality, expression plots for mul-
tiple cell markers must be compared to identify target cells where
all markers associated with a specific cell type are highly expressed.
This process involves tracking the cells across numerous dimen-
sionalities to ascertain the optimal dimensionality, which requires
substantial time and memory resources. Incorporating features that
highlight these target cells alleviates the need for continuous com-
parisons across multiple plots.

R3: Visual cues to help identify target cells: Analysts currently
rely on colour (expression levels) and spatial positioning in marker
expression plots to identify target cells. Since there are no uni-
versally accepted criteria (e.g. intercellular distance and intensity
thresholds) for defining target cells, analysts subjectively determine
them by assessing the relative distances and differences in expres-
sion levels between cells. In such cases, visual cues that provide
additional information about expression level distribution and local
densities enhance the ability to make informed judgements.
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(a) Cell Type Heatmap
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Figure 8: An example of the proposed hull heatmaps. (a) A cell type heatmap illustrates the changes in the hull overlap. In each block of the
heatmap, a cell type area without overlapping with other cell types is depicted as black convex hulls (referred to as “preserved hulls” ), while
the regions with overlapping are shown as purple convex hulls (referred to as “overlapping hulls”). (b) Users can examine the expression
levels of individual cells and assess the overlap between cell types using a marker expression plot. (c) A cluster heatmap shows the changes in
the consistency between cell type hulls and cluster hulls. The cell type hull represents the convex hull outlining the cell type region, whereas the
cluster hull represents the convex hull of the cluster region on the cluster plot (d). By comparing these two types of hulls, the cluster heatmap
aids in the identification of dimensionalities where the cell type estimations and clustering results are similar.

R4: Visualisation to help identify overlaps between target cell
types: Analysts aim to find a dimensionality in which all target cell
types are distinctly separated. However, two challenges arise: First,
cell positions vary with dimensionality, making it impossible for an-
alysts to identify dimensionalities with overlaps until they have re-
viewed them all. Second, cells may express cell markers from mul-
tiple cell types. In such instances, analysts need to identify the cell
type by examining the expression levels of various markers and the
clustering results. To address these challenges, a visualisation tool
that helps prevent unwanted overlap between cell types is essential.

RS5: Visualisation that shows whether the target cell type clus-
ters judged by the analyst are similar to the cell clusters created
by the clustering algorithm: In the case studies from our previous
work [JJLJ23], we found that the analysts identified the optimal di-
mensionality using a cell type heatmap and subsequently compared
the defined cell type clusters with the cluster plot to make a final de-
termination regarding the optimal dimensionality. If an algorithm-
defined cluster contains different analyst-defined cell type clusters,
the cell type identification may be inaccurate in that dimensionality.
Therefore, the analyst usually selects the dimensionality at which
the analyst-defined cell type cluster and the cluster obtained as a re-
sult of clustering are most similar. Thus, visualisation is required to
make it easier to compare these clusters in each dimensionality.

5. Proposed Method

Our approach assists analysts in determining optimal dimension-
ality by introducing a novel visualisation technique to explore di-
mensionality space. We propose hull heatmaps that are convex hull-
embedded colour maps to provide comprehensive views of multiple
cell type regions across various dimensionalities. Analysts can up-
date hull heatmaps interactively based on their expertise. All dimen-
sionality reduction plots (t-SNE plots) utilised in our system were
created using the RunTSNE function in Seurat [BHS*18] with de-

fault settings. In the following subsections, we describe the design
rationale of the proposed system and how to determine optimal di-
mensionality using it.

5.1. Hull heatmap

We devised hull heatmaps to present the changes in marker expres-
sion across various dimensionalities and cell markers within a single
view (R1). In the heatmaps, rows represent individual cell markers
or cell types, whereas columns represent different dimensionalities
(Figure 8). To show hundreds of target cell regions in a limited vi-
sualisation space, we chose convex hulls, which can visualise the
regions in a relatively simpler manner than other methods, such as
concave hulls and alpha-shapes. We call a cell in the hull heatmap
a block to avoid confusion with the word ‘cell’, which is also used
in the single cell we analyse. Hulls are drawn for each block. Thus,
analysts can easily track the area of target cells over multiple dimen-
sionalities without reviewing multiple plots. The hulls of the hull
heatmaps consist of two types: cell type or marker hulls and cluster
hulls. A cell type or marker hull is a convex hull of the target cells
of a cell type or marker, and is defined based on the expression level
and local density of the target cells. A cluster hull is a convex hull
of cells from different clusters in the clustering results of all cells in
a given dataset, which is adjusted by the local density of the cells.
Based on these hull definitions, the hull heatmaps are divided into
two categories: a cell type heatmap, which reveals overlaps between
the cell type hulls, and a cluster heatmap, which compares the cell
type and cluster hulls.

5.1.1. Cell type heatmap

A cell type heatmap (Figure 8a) was designed to visualise the over-
laps between multiple target cell types across several dimensional-
ities (R4). Each cell type block of the heatmap displays cell type
hulls of the corresponding cell type and other cell type hulls that
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overlap with it, allowing users to easily identify the overlap between
cell types.

Users can create groups of target cell markers that track target cell
types (e.g. IL7R_CCR7 is a marker group consisting of two mark-
ers, IL7R and CCR7); therefore, the blocks are divided into cell type
blocks (marker group blocks) and marker blocks. When creating a
cell type hull, we identify cells whose expression levels of all group
member markers are higher than the expression level threshold, fil-
ter the cells based on local density, and create a convex hull of the
cells. A marker hull is a convex hull of cells that are also filtered
by expression level and local density threshold. These hulls can be
modified interactively using a cell filtering function (Section 5.4).

To show the overlap information between the target cell types, a
cell type hull is divided into preserved and overlapping hulls. The
preserved hulls represent the areas of the cell type hulls not over-
lapped by the cell type hulls of other target cell types. Overlapping
hulls represent the areas of cell type hulls overlapped by the cell type
hulls of other target cell types. The preserved hulls are black, and
the overlapping hulls are purple. Thus, analysts can easily identify
the areas that overlap with other target cell types.

The colour of the block also provides information regarding the
overlap. When a cell type block has only preserved hulls, it is white.
When a cell type block has both preserved and overlapping hulls,
its colour is determined by the preservation ratio. The ratio is de-
fined as the area of the preserved hulls divided by the area of the
cell type hull. For colouring, the ratio is normalised in each row of
the heatmap. The cell type block with the lowest ratio in the row
is dark orange, and the block with the highest ratio is light orange.
The colours of the intermediate cells is obtained through linear in-
terpolation. The colour of the marker block is determined by the
area of the marker hull. The total row shows the average preserva-
tion ratio of all target cell types. Based on this colour visualisation,
analysts can easily identify the extent to which different cell type
hulls overlap in each dimensionality. The black inner edge, called
the highlight edge, highlights the cell type block that has the largest
preservation ratio in each row of the heatmap, so analysts can refer
to it when they search for dimensionalities without overlap.

5.1.2. Cluster heatmap

A cluster heatmap (Figure 8c) is a visualisation that compares the
cell type and cluster hulls of each cell type (RS). On each block,
while the cell type heatmap represents a cell type hull as preserved
hulls and overlapping hulls, the cluster heatmap displays a cell type
hull and corresponding cluster hulls. Therefore, users can easily find
the dimensionality in which the areas indicated by the cell type hull
and cluster hulls are the most similar.

To create cluster hulls, we use the clustering function of Seu-
rat [BHS*18] with the default parameters. The function clusters
cells using a shared nearest neighbour modularity optimisation-
based clustering algorithm [WVE13]. Next, the set of clusters (S)
corresponding to each cell type is found in each dimensionality, as
follows:

{ <|C,ﬂH| ) (|c,-mH| )}
S=1C| >0 v >0 ey
ICil |H|

where C; is a cluster, and H is the set of target cells of the corre-
sponding cell type hull in the dimensionality. 6 denotes a match-
ing threshold and its default value is 0.6. Next, the local density of
the cells in each cluster of S is obtained using the Gaussian kernel
density estimation [Scol5]. Cluster hulls are created by filtering the
cells of each cluster with a density threshold and creating convex
hulls of the cells. When the generated cluster hulls and the corre-
sponding cell type hull do not match well, users can directly select
the clusters on the cluster plot (Section 5.2) with mouse clicks. In
this case, the set of clusters (S) is found in each dimensionality as
|C: N U;j|

follows:
i NU;
>9) Vv (M >9>} )
ICil Ul

where U is a set of user-selected clusters, U, is a user-selected clus-
ter, and C; is a cluster with a dimensionality other than the dimen-
sionality in which the user selects the clusters (U). New cluster hulls
are then created from § in the same manner as described above, and
the cluster heatmap is updated. € and the density threshold can be
changed by the user.

S:{CilaneU,(

Each block colour in the cluster heatmap represents the average
ToU between the target cells of a cell type hull (H) and the cells of
each corresponding cluster (S;). The higher the IoU, the brighter the
block colour, and the lower the IoU, the darker the block colour.
The highlight edge indicates the block with the largest average loU
in the heatmap row. Analysts can observe how the IoU changes be-
tween the cell type hull and the corresponding cluster hulls by look-
ing at the block colour and edges of the heatmap. They can identify
whether the corresponding clusters are splitting or merging by visu-
ally checking the changes in the cluster hulls in the dimensionalities
where the block colour changes significantly. Therefore, the user
can easily find the optimal dimensionality where the cell type clus-
ters defined by the user (cell type hulls) and the clusters obtained as
a result of the clustering (cluster hulls) are the most similar.

5.2. Cluster plot

The cluster plot (Figure 8d) is a t-SNE plot that is coloured accord-
ing to the clustering results of each dimensionality. The clustering
results used to generate the cluster plot is the same as those used
to create the cluster hulls. Analysts can change the dimensionality
of the hull heatmap; subsequently, the cluster plot is updated into a
dimensionality reduction plot for the selected dimensionality. After
the optimal dimensionality is selected, analysts commonly explore
the clustering results performed on the selected dimensionality with
various clustering algorithms and parameters, and compare the cell
type identification results. Because this step is beyond the scope of
this paper, we used the default clustering algorithm and parameters
provided in Seurat [BHS*18] to generate the cluster plots.

5.3. Marker expression plot

The marker expression plot (Figures 8b) is a dimensionality re-
duction plot in which the colouration is determined by the expres-
sion level of an individual cell marker or target cells belonging to a
marker group (cell type). This plot shares the same embedding as the
cluster plot. In the marker expression plot specific to a particular cell
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Figure 9: Example of the cell filtering process for (a) the
FCGR3A_CYTIP group. (b) In step 1, analysts can change each ex-
pression threshold with each cell filtering window of the member
markers. (a) The target cells of the group are updated based on the
new thresholds, and the colour of the cells changes to green. In step
2, the colour of the target cells changes based on their local densi-
ties. Analysts can select a new density threshold using the density
colour bar. In step 3, the target cells and cell type hull are updated.
(c) Before the cell filtering, there were several overlaps between the
FCGR3A_CYTIP group and other cell types. (d) After the cell fil-
tering, the overlaps disappeared and the background colour of the
blocks changed to white in the dimensionalities larger than 3.

type, the hull of that cell type is illustrated, along with any overlap-
ping cell type hulls. These marker expression plots enable analysts
to identify target cells and overlapping cell types. Furthermore, the
plots show which cell type hulls need to be modified to what shape.

5.4. Cell filtering

Before applying cell filtering, the configuration of the cell type or
marker hulls rely on the default expression level and density thresh-
olds. Typically, analysts engage in subjective assessments to deter-
mine which cell markers are highly expressed within a given cell
cluster on marker expression plots. Discrepancies between these
subjective judgements and actual hulls can render hull heatmaps and
marker expression plots less effective. Analysts must focus on par-
ticularly noteworthy cells and monitor their positional changes as
the dimensionality evolves (R2).

To address this concern, we introduce a feature called cell filter-
ing (Figure 9). A cell filtering window comprises three key com-
ponents: a marker expression plot, an expression level histogram,
and an expression threshold slider. A distinct cell filtering window
is presented for each constituent marker when cell filtering is con-
ducted for a marker group or cell type. The expression level his-
togram shows the distribution of marker expression levels across
all cells within the dataset (R4). Analysts can readily modify the
marker expression threshold by sliding the threshold slider, which
subsequently results in the visualisation of target cells whose ex-
pression levels surpass the updated threshold. These target cells are

Jeong et al. / Optimal Dimensionality Selection using Hull Heatmaps for Single-Cell Analysis

colour-coded in green on the marker expression plot within the win-
dow. As the expression level threshold for any member marker is ad-
justed, the corresponding target cells are also updated and rendered
in green on the marker expression plot (Figure 9a). When the user in-
teracts with the system by clicking a specific button, the target cells
are colour-coded based on their local densities (R4) (Figure 9 Step
2), and a density colour bar becomes visible. This tool equips ana-
lysts with the ability to readily discern regions in which target cells
are closely clustered. Subsequently, analysts can select a new den-
sity threshold by selecting an appropriate colour from the density
colour bar. This mechanism enables analysts to filter out a limited
number of target cells that may be positioned far from the remain-
ing cells, thereby preventing excessive hull expansion. An alterna-
tive method for selecting cells of interest is to employ a lasso tool
for the direct selection of cells within the marker expression plot.
This empowers analysts to efficiently filter out less relevant cells.
Across all dimensionalities, our system updates the target cells and
hulls of the group based on the new density threshold and selected
cells (Figure 9 Step 3).

Analysts can leverage the cell filtering feature to explore the ex-
pression level distribution of a marker. For example, the expression
of IFITM3 in the Clusters 1 and 8 in Figure S2a can be compared. In
Figure S2b, the cells within Clusters 1 and 8 appear to exhibit similar
expression levels, without any defined expression level threshold.
In Figure S2c, cells with an expression level of zero are excluded,
and the difference between the two clusters cannot be identified. In
Figure S2d, after elevating the threshold, it becomes evident that
IFITM3 is highly expressed in cells from Cluster 1 but not in those
from Cluster 8. This observation suggests that the two clusters likely
represent different cell types.

6. Evaluation

To demonstrate the usefulness of our system, we conducted two
quantitative evaluations and three case studies with three domain
experts (P1-3). The participants’ information is listed in Table S1.
The quantitative evaluations focus on a comparison of the dimen-
sionality selected using our method and others, and the case studies
focus on demonstrating how our method is useful for determining
the optimal dimensionality.

6.1. Quantitative evaluations

The primary objective of the quantitative evaluations is to numer-
ically assess the performance of the proposed method. To demon-
strate that the optimal dimensionality derived from our method con-
tributes to downstream analysis, we compared the performance of
state-of-the-art single-cell clustering methods by comparing their
scores on clustering evaluation metrics and their similarities of
DEGs to the ground truth across clustering results at different di-
mensionalities.

We compared the differences in clustering performances result-
ing from variations in input dimensionality, while using the same
clustering method. The state-of-the-art scRNA-seq data clustering
techniques employed—scGAD [WZZ*24] and scDFC [HLZ*23]—
both use PCA dimensionality as the input, similar to our method.
Two publicly available datasets were used: epithelial cells and en-
dothelial cells datasets [KKL*20]. For each clustering method and
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Table 1: Average clustering metric scores for each method using the epithe-
lial and endothelial cells datasets.

scGAD scDFC

Default findPC Ours Default findPC Ours

Epithelial ARI 0917 0909 0911 0.717 0.842 0.875
NMI 0.856 0.848 0.846 0.653 0.786 0.818
Endothelial ARI 0.340 0471 0.546 0214 0439 0473
NMI 0.509 0.582 0.609 0.447 0.572 0.550

dataset, we compared the performance when using three different
input dimensionalities: the default dimensionality of the clustering
method (256 for scGAD and 512 for scDFC), the dimensionality
suggested by findPC [ZWJ22] (4 for the epithelial dataset and 11
for the endothelial dataset), and the dimensionality determined by
our approach (8 for both the epithelial and endothelial datasets).

The epithelial cells dataset comprises 3643 cells and 29 634
genes, whereas the endothelial cells dataset contains 2107 cells
and 29 634 genes. In the epithelial cells dataset, the participants
aimed to identify four target cell types: AT1, AT2, Club, and Cil-
iated, using the cell markers AGER, SFTPC/LAMP3, SCGB1Al,
and FOXJ1/RFX2, respectively. In the endothelial cells dataset,
they distinguished five target cell types: Tumor ECs, Tip-like ECs,
Stalk-like ECs, Lymphatic ECs, and EPCs, using the cell mark-
ers HSPG2/INSR/VWA1, RAMP3/RGCC/ADM, SELP/ACKRI,
CCL21/LYVE]1, and TYROBP/C1QB, respectively.

6.1.1. Clustering evaluation metrics

We assessed the clustering performance using adjusted rand
index (ARI) [HAS85] and normalised mutual information
(NMI) [DDGDAOS] to gauge agreement with the ground truth. For
these metrics, higher values indicate superior performance. We ran
each clustering method ten times under the same conditions and
calculated the average score.

The average clustering metric scores for each method using the
epithelial and endothelial cells datasets are listed in Table 1. When
using the endothelial dataset with scGAD and the epithelial dataset
with scDFC, both ARI and NMI scores were highest when the di-
mensionality selected by our method was applied. When using the
endothelial dataset with scDFC, the ARI score was highest when
our method was applied. With the epithelial dataset and scGAD,
both ARI and NMI scores were highest when using scGAD’s default
dimensionality; however, there was minimal difference when apply-
ing our method. When using the endothelial dataset with scDFC, the
NMI was highest, with a slight difference, when the dimensionality
determined by findPC was applied. In summary, our method yielded
results that were either better than or comparable to those obtained
with other methods.

6.1.2. DEG similarity

Using the different dimensionalities, we examined how similar the
DEGs detected from the clustering results were to those identified
based on ground truth clusters, following the evaluation approach

identical to one of those used to assess a scCRNA-seq data cluster-
ing method [CWZD20]. We used the FindAllMarkers function in
Seurat [BHS*18] with default parameters to identify the DEGs for
each cluster. Next, we selected the top 100 DEGs from each cluster
and calculated the similarity between the top 100 DEGs of clusters
obtained through the clustering methods and those of the ground
truth clusters. The similarity was calculated by dividing the num-
ber of overlapping DEGs by 100. The similarity heatmaps for each
clustering result are shown in Figure 10. In each heatmap, the rows
represent clusters from each clustering result, and the columns rep-
resent ground truth clusters. The heatmap colours range from blue to
white to red as the similarity ranges from O to 1, with values closer to
0 appearing blue, those near 0.5 appearing white, and values closer
to 1 appearing red.

In the scGAD/epithelial results (Figure 10a—c), across all three
different dimensionalities, each cell type corresponds to a unique
cluster with a single high similarity. In the scGAD/endothelial re-
sults (Figure 10g—i), when using scGAD’s default dimensional-
ity, there is no cluster matching EPCs (see the far-left column in
Figure 10g). When comparing the results of findPC (Figure 10h)
and ours (Figure 10i), the similarity of the cluster matching Tip-
like ECs (the fourth column from the left) is higher in ours. In the
scDFC/epithelial results (Figure 10d—f), when using scDFC’s de-
fault dimensionality, there is no cluster with high similarity to Club
(see the far-right column in Figure 10d). When comparing the re-
sults of findPC (Figure 10e) and ours (Figure 10f), the similarity of
the cluster matching with AT1 is nearly identical, while the others
are higher in ours. In the scDFC/endothelial results (Figure 10j-1),
when using scDFC’s default dimensionality (Figure 10j), cluster 0
(the first row from the top) shows very low similarity with any cell
type, and no clusters display high similarity with cell types other
than Lymphatic ECs (the second column from the left). When com-
paring the results from findPC (Figure 10k) and ours (Figure 101),
both show similar outcomes. In summary, for all results, using the
dimensionality identified by our method yielded DEG lists with sim-
ilarity to the ground truth that is either similar to or higher than when
using the default dimensionalities of the two clustering methods or
the dimensionality found by findPC.

6.2. Case studies

The goal of the case studies was to conduct an in-depth analysis of
how our method can help analysts identify optimal dimensionality.
Three domain experts analysed three publicly available scRNA-seq
datasets [ZTB*17, LWB*18]: peripheral blood mononuclear cells
(PBMO), T cells and myeloid-like cells in the lung tumour microen-
vironment. The analysis dimensionalities ranged from 2 to 30 for the
PBMC dataset, and from 2 to 50 for the T cells and myeloid-like
cells datasets.

Each case study consisted of the following four steps: (1) loading
the dataset into our system, (2) searching the dimensionalities with-
out overlap between target cell types using the cell type heatmap,
(3) searching the dimensionalities where cell type and cluster hulls
are most similar using the cluster heatmap, and (4) selecting the op-
timal dimensionality. In our previous work [JJLJ23], the same ex-
perts conducted case studies using the same datasets but without the
cluster heatmap. The previous case studies were conducted, except
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Figure 10: Heatmaps showing the similarity between DEGs identified in each clustering result and those found in the ground truth clusters.

for the third step of the four steps above. Nineteen months after the
previous case studies were conducted, we re-ran the studies using a
cluster heatmap and compared the results.

In each case study, domain experts created a cell type heatmap
based on the given target cell types and target cell markers informa-
tion. First, they identified the overlapping pattern of the target cell
types based on the colour of each block and the shape of the cell type
hulls. Because the dimensionality highlighted by the highlight edge
of the total row is where the average overlap between all target cell
types is the lowest, they usually started the analysis with that dimen-
sionality. They generated marker expression plots for all target cell
types and checked the cell type hulls and overlapping hulls drawn
on the plots. For a cell type with many overlapping hulls drawn on
a marker expression plot, there is a high probability that the cell
type hull was created inappropriately. The experts modified the cell
type hulls through cell filtering starting with cell types with many
overlapping hulls. During the cell filtering process, they checked the
expression level and local density distribution and modified the cell
type hull mainly using lasso selection. After finishing all cell filter-
ing and completing satisfactory cell type hulls, they identified the
smallest dimensionality without overlap, as indicated by the high-
light edge of the total row.

Next, they created a cluster heatmap and identified changes in
the clusters by examining the block colour and shape of the hulls of
the cluster heatmap, as they did when creating a cell type heatmap.
For cell types with pink blocks for which no corresponding clus-
ters were selected, they directly selected appropriate corresponding
clusters from the cluster plot and modified the cluster hulls of those
cell types. They found that the cluster hull was often too large and
modified it to become tighter by increasing the density threshold.
After modifying the cluster hulls, they checked the cluster heatmap
for dimensionalities with sharp colour changes. They checked the
cluster and marker expression plots to see if there was actually a
cluster change in the dimensionalities, and then selected the last di-
mensionality in which a significant cluster change occurred as the

optimal dimensionality. In the previous study, experts reviewed the
cluster plot for most of the 49 dimensionalities; however, in this
study, owing to the cluster heatmap, the experts checked the cluster
plot for fewer than 10 dimensionalities. In addition, because there
was no need to check all clusters on the cluster plot in each dimen-
sionality, only the corresponding clusters visualised in the cluster
heatmap were needed; thus, the time to look at one dimensionality
was greatly reduced.

We identified several noteworthy points in the study us-
ing the myeloid-like cells dataset. The target cell types used
in the study were as follows: Langerhans, Tumor-associated,
Cross-presenting  dendritic, Granulocytes, Lung-associated
macrophage, and Monocyte-derived dendritic cells. The cell
markers used to identify the cell types were as follows:
FCER1A/CD1C/CD1A/CD207, CD163/IFITM3, CLEC9A/XCRI1,
S100A12/S100A9, CD163/RGCC, and FCGR3A/CYTIP.

With this dataset, the experts encountered more challenges when
defining hulls compared to other datasets because of the larger over-
lapping areas among the target cell types. Consequently, they found
that it was necessary to refer to cluster plots more frequently dur-
ing the hull definition process. When they were adjusting the hull
of FCGR3A_CYTIP, they observed FCGR3A and CYTIP were
highly expressed in the middle of their respective marker expres-
sion plots. As a result, they initially assumed that the target cells of
FCGR3A_CYTIP would be clustered in the middle when analysing
the individual expression plots. However, our system’s visualisation
demonstrated that there were relatively few target cells in which
both genes were highly expressed in the middle of the plot, as shown
in Figure 9. This visualisation aided in locating the cell type area
with greater precision.

In the previous study, after eliminating overlaps between differ-
ent target cell types, the experts compared cell type hulls and clus-
ter plots by increasing the dimensionality one step at a time. They
observed that FCER1A_CD1C_CD1A_CD207 and CLE9A_XCR1
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Figure 11: (a) The cluster hull of S100A12_S100A9 and
FCGR3A_CYTIP includes both cell type hulls of the two cell
types in dimensionality 14. (b) The cluster hull is divided into two
in dimensionality 15.

D163 IFTMS-

CLECOA XER

Figure 12: (a) The cluster hull of CLEC9A_XCRI includes the cor-
responding cell type hull and other areas in dimensionality 16. (b)
The cluster hull is reduced to a similar shape as the corresponding
cell type hull in dimensionality 17.

appeared to be clustered together, and S100A12_S100A9 and
FCGR3A_CYTIP were in the same cluster, as shown in Figure S3a.
Subsequently, they aimed to identify the specific dimensionality
in which all target cell types were consistently separated into dis-
tinct clusters in the cluster plot. Through their analysis, they de-
termined that FCER1A_CD1C_CD1A_CD207 and CLE9A_XCR1
began to appear in different clusters with dimensionality 9 or
higher, as shown in Figure S3b. Similarly, SI00A12_S100A9 and
FCGR3A_CYTIP were found in different clusters with dimension-
ality 15 or higher (Figure S3c). Consequently, the experts selected
dimensionality 15 as optimal.

In this study, the cell type heatmap analysis results were the same,
but the final optimal dimensionality was changed through cluster
heatmap analysis. The cluster separation of SI0O0A12_S100A9 and
FCGR3A_CYTIP at dimensionality 15, which was discovered by
increasing the dimensionality individually in the previous study, was
observed as a sharp change in block colour in the cluster heatmap
(Figure 11). Furthermore, a drastic change in the block colour was
observed at dimensionality 17 in CLEC9A_XCR1 (Figure 12). It
was observed that the cluster hulls became drastically smaller in
the dimensionality, and when checking the cluster plots, it was con-
firmed that the corresponding clusters were split when the dimen-
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sionality changed. Therefore, the optimal dimensionality was 17,
where the split in the corresponding cluster occurred last.

Descriptions and figures from the studies using the PBMC and T
cells datasets, along with overall feedback comparing existing meth-
ods with ours—based on interviews with the experts involved in the
case studies—can be found in Supplementary Section S2.

7. Discussion and Limitation

In this work, we focused on selecting the optimal number of PCs
for t-SNE projection. Although it is feasible to directly employ raw
input data for 2D projection using t-SNE, a straightforward appli-
cation of t-SNE is not effective. This is mainly because of the high
dimensionality (i.e. the substantial number of genes) of sScRNA-seq
data. Consequently, the distances between the cells tend to be quite
similar, making it challenging to preserve global structures. Hence,
the standard practice in single-cell analysis involves using PCs as
input for t-SNE [LT19, KB19, HL20, AKMH20, KL21, XLL24].

T-SNE introduces various hyperparameters, including perplexity,
learning rate, and number of iterations. Many single-cell analysis
studies employ t-SNE with its default hyperparameters [KKS*17,
CWZD20, XHZ*20, INE*22]. Xiang et al. applied t-SNE with per-
plexity values ranging from 1 to 50 on single-cell RNA-seq datasets,
followed by clustering, and evaluated the results using ARI and NMI
against the true cell types. ARI and NMI increased as the perplex-
ity was raised from 2 to 5, after which both metrics tended to sta-
bilise [XWY*21]. Kobak et al. have suggested that adjusting t-SNE
hyperparameters might be necessary for extremely large datasets
(e.g. with n >> 100,000) [KB19]. However, in many state-of-the-
art methods for scRNA-seq data [CM22, CD22, HLZ*23, WZZ*23,
WXW#*23, WZZ*24, XRT*24], the sizes of the real-world datasets
used for the evaluations do not exceed 100 000, and this is also the
case for the dataset we utilised. There are lines of work targeting
large scRNA-seq datasets [ XHZ*20, ZHZ21, RLG*24], but this is
beyond the scope of this paper. With reference to previous studies,
we used Seurat’s RunTSNE function with its default parameters (the
default perplexity is 30). Further in-depth investigation into the sen-
sitivity of t-SNE to its hyperparameters would be worthwhile.

We replicate the approach used by analysts in conventional meth-
ods, where they visually assess overlap between cell types, by rec-
ommending dimensionality based on the overlap of convex hulls for
target cells within the cell type heatmap. However, a limitation ex-
ists: even when labelling through convex hulls does not accurately
reflect relationships between cells in the original high-dimensional
space, the dimensionality may still receive a high rating based on
the degree of overlap. Label-T&C [JKM*23] measure the differ-
ence between cluster-label matching evaluated in both original and
embedded spaces. Applying such an approach to our method could
enhance its reliability. Our goal is to improve the ease of use of ex-
isting analyses that utilise t-SNE. We do not claim that t-SNE is en-
tirely accurate, and addressing its limitations lies beyond the scope
of our work. Our method shares the known limitations and criticisms
associated with t-SNE.

In the case of rare cell types, we observed that choosing the opti-
mal number of PCs could be challenging and complex using conven-
tional methods because significant changes often occur in the most
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important PCs. However, less-prominent PCs may convey vital in-
formation about infrequent cell types. Our approach provides ana-
lysts with a straightforward means of tracking positional changes in
target cells across various dimensionalities, even aiding in the iden-
tification of less significant PCs where all target cell types are dis-
cernible. However, the limitation of our method is that it selects the
top-N PCs and creates them within a single dimensionality, which
restricts the comparison of various PC combinations.

8. Conclusion and Future Work

In this paper, we presented a novel visual analytics system de-
signed for the interactive determination of optimal dimensionality
in dimensionality reduction, particularly in the context of cell type
identification. Through the introduction of novel visualisation tools,
such as cell type and cluster heatmaps, along with several interac-
tive cell filtering methods, our approach significantly streamlines
the process of reviewing a substantial number of dimensionality
reduction plots. We demonstrate the effectiveness and practicality
of our proposed system by conducting quantitative evaluations and
three case studies.

In the future, we aim to expand our system by incorporating
a range of dimensionality reduction techniques, including UMAP.
Currently, our system exclusively supports the default t-SNE hy-
perparameters. However, investigating the impact of various t-
SNE hyperparameters in conjunction with PCA dimensionality is
an intriguing avenue for future research. Additionally, we plan
to apply various class separability evaluation measures, such as
Sepme [AS16] and Label-T&C [JKM*23], and compare their re-
sults. Moreover, the combination of dimensionality reduction and
clustering provides additional opportunities for visualisation and in-
teraction [WCR*17]. Leveraging this advantage, we aim to explore
methods for identifying the optimal combination of dimensionality
reduction and clustering in a single step.
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