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ABSTRACT

Purpose: Angiotensin-converting enzyme 2 (ACE2), a critical regulator of the Circulating endocrine renin-angiotensin
system, regulates cardio vascular and pulmonary homeostasis. Emerging studies gives solid evidence linking ACE2 to
various cancer types. However, the expression pattern and functional impacts of ACE2 in cancer is little known. This
study systematically analysed ACE2 expression across various cancer forms, with an emphasis on head and neck
squamous cell carcinoma (HNSC), using advanced non-linear dimensionality reduction techniques.
Methods: The study analysed pan-cancer dataset from The Cancer Genome Atlas (TCGA) that included 5,141 tumour
samples from 10 distinct cancer types. A radial basis function (RBF) kernel was employed in Kernel Principal
Component Analysis (Kernel PCA) to identify non-linear patterns in ACE2 expression. K-means clustering and t-
distributed Stochastic Neighbor Embedding (t-SNE) were employed to demonstrate the high-dimensional data and to
identify distinct subgroups. The Mann-Whitney U test was used to assess the statistical significance in ACE2 expression
between HNSC and other cancer types.

Results: Kernel PCA revealed three distinct ACE2 expression patterns across cancer types: high (KIRC, COADREAD),
moderate (HNSC), and low (BRCA, PRAD). Comparative analysis using the Mann-Whitney U test showed a
statistically significant difference in ACE2 expression between HNSC and other malignancies (p = 2.169 x 107°).
Clustering with K-means in the Kernel PCA-transformed space achieved optimal separation of expression profiles, with
a silhouette score of 0.68. Compared to PCA and t-SNE, Kernel PCA demonstrated superior performance with a lower
reconstruction error (0.2760) and improved interpretability of tumour-associated heterogeneity.
Conclusion: This study demonstrates the effectiveness of non-linear dimensionality reduction using Kernel Principal
Component Analysis (Kernel PCA) in delineating the heterogeneity of ACE2 expression across multiple cancer types.
Head and Neck Squamous Cell Carcinoma (HNSC) was identified as a distinct molecular subtype, exhibiting unique
ACE2 expression profiles. These findings support the potential utility of ACE2 profiling in cancer stratification,
highlighting its relevance in precision oncology.

Keywords: ACE2 Expression, Kernel Principal Component Analysis (Kernel PCA). Head and Neck Squamous Cell
Carcinoma (HNSC), Pan-Cancer Analysis, Non-Linear Dimensionality Reduction, Machine learning

Angiotensin-converting enzyme 2, a transmembrane
metalloenzyme of the Renin Angiotensin System,
gained significant interest for its role as the SARS-
CoV-2 ' entry receptor and also for its expanding
importance in cancer biology. Beyond its classical
function of regulating cardiovascular and pulmonary
homeostasis, ACE2 also plays vital role in the
regulation of oxidative stress, inflammation, tissue
remodelling, along with infiltrating tumours,

interferon signalling, and the epithelial-mesenchymal
transition, all of which are associated with tumour
microenvironment* Hence understanding ACE2's
expression pattern and its functional impact across
various range of cancers, can

help us identify new biomarkers and therapeutic targets in
the era of oncology intersections and tailored cancer
immunotherapy. In the world of cancer research,
integrating Machine Learning (ML) algorithm and gene
expression data has been proven to learn about cancer
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patients. Conventional ML  techniques could™ “not
process the data with precision. In order to attain
précised output, genes are selected and the data size is
reduced before using ML analysis. Dimensionality
reduction technique is one of the conventionally used
ways to reduce the data size. Dimensionality reduction
techniques reduce the dimension and complexity of
the data, but maintaining the relevance between genes
by generating a representation of the original data in a
lower dimension. Linear dimensionality reduction
techniques such as Principal Component Analysis
(PCA) have been extensively used for gene expression
data analysis **. However, gene regulatory systems,
cellular signalling pathways, and gene-environment
interactions involves complex non-linear dynamics
that are difficult for linear models technique. Principal
Component Analysis >° and other standard linear
dimensionality reduction approaches are commonly
used and they depend on Euclidean distance principle,
but their inherent disadvantage is that they are
incapable of precisely representing the complex, non-
linear interactions with high dimension that constitute
biological systems. Kernel PCA (KPCA) surpasses
this limitation and effectively captures non-linear
patterns from the original data space by projecting data
into a higher-dimensional feature space where linear
links can be discovered. Clustering analysis helps in
identifying comparable expression patterns, but it is
challenging due to small sample numbers and high
dimensionality "8 A study demonstrates that when
preprocessing five cancer expression datasets prior to
grouping, nonlinear dimensionality reduction (NDR)
works better than PCA (9).
Previous studies have analysed distribution of ACE2
expression using the GTEx, CCLE, and TCGA pan-
cancer databases and moreover majority of the earlier
analyses used linear dimensionality reduction
approaches . Hence by employing non-linear
dimensionality reduction technique we analysed ACE
2 expression patterns and their intricate correlations
across various cancers in  high-dimensional
expression. Studies have evaluated the effect of ACE2
on clinical prognosis using the Kaplan-Meier survival
plot and COX regression analysis *. Further, the
relationship between ACE2 and immune infiltration
levels, ACE2's interactions with immunological
neoantigens, DNA Methyltransferase (DNMT), TMB,
microsatellite instability, Mismatch Repair Genes
(MMRs), and HLA gene members were also analysed.
Analysis was performed on the frequency of ACE2
gene mutations in different tumour types ***3, ACE2 is
widely expressed in normal tissues but shows low to
medium levels in cancer cell lines. Its expression
correlates with immune cell infiltration in various
cancers, indicating a potential role in the tumour
environment *,

With a particular emphasis on head and
neck squamous cell carcinoma (HNSCC), this study

uses transcriptomic data from The Cancer Genome Atlas
(TCGA) to systematically analyse ACE2 expression
profiles using Kernel Principal Component Analysis
(Kernel PCA). Comparative analyses of Kernel PCA with
conventional techniques like PCA in determining the
prognostic variables and tumour-associated heterogeneity
was done to check the reliability and accuracy of Kernel
PCA. Furthermore, its capacity to distinguish ACE2
expression patterns across subtypes of cancers was also
assessed. Thus, our study aims to promote the use of non-
linear  dimensionality  reduction  techniques in
oncogenomic and offers novel insights on the ACE2
expression patterns across various cancers.

Data Source and Preprocessing

The study utilized data from the pan-cancer
ACE2 expression dataset (Dataset ID: TCGA-PANCAN-
ACE2-2023) from The Cancer Genome Atlas (TCGA) for
the analysis. The dataset includes 5,141 tumour samples
from 10 different cancer types. Each dataset record
contains a unique sample identifier 1D, their associated
cancer type, normalized ACE2 gene expression levels,
and an extra binary indicator variable designating
particular cancer type Preprocessing procedures like data
cleaning, creating one-hot encoded label using feature
engineering depending on the cancer type were carried
out to guarantee data consistency and quality before
employing  dimensionality  reduction  techniques.
Followed by standardization of ACE2 expression values
was done by normalizing to zero mean and unit variance
using the StandardScaler function from scikit-learn which
is paramount for distance-based algorithms such as
Kernel PCA.

Dimensionality Reduction with Kernel PCA
Dimensionality reduction of the ACE2 expression
dataset was performed using Kernel Principal Component
Analysis (Kernel PCA) to detect the non-linear ACE2
expression patterns across cancer types. Scikit-learn
library's Kernel PCA class with two set of components
was used to facilitate visualization. The Radial Basis
Function (RBF) kernel was chosen due to its superior
ability to distinguish between different types of cancer
within the reduced feature space, following a comparison
of several kernel functions, including linear, polynomial,
sigmoid, and cosine. The mathematical definition of the
RBF kernel isK(x,y)=expi/of(—yllx—yll2)K(X, y) = \exp(-
\gamma \|x — y\|*2), where y\gamma (gamma) is a crucial
parameter governing the influence radius of every data
point. While a higher gamma highlights local variations
by reducing the radius of influence, a lower gamma
captures larger, global structures. After much empirical
testing, this study determined that a gamma value 0.1
would effectively balance local and global patterns. This
number ensured the reduced representation maintained
significant biological variance by offering the best
possible separation between cancer types without
overfitting. A fixed random state of 42 was used for
reproducibility.
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Statistical Analysis

Mann-Whitney U Test for HNSC

Mann-Whitney U test was employed to
evaluate and compare the ACE2 expression in head
and neck squamous cell carcinoma (HNSC) with other
cancer types. Mann-Whitney U test, a non -parametric
test is used because gene expression data is
inconsistent and deviates from the assumptions of a
normal distribution. The analysis revealed statistically
significant ~ difference, with a p-value of
2.169x10-52.169 \times 10" {-5} signifying the
differences in ACE2 expression levels between HNSC
and the pooled group of other cancer types. These
findings infer a substantial variation in ACE2
expression in HNSC. Degree of uncertainty
surrounding the observed differences can be measured
by using confidence intervals (Cls) values to improve
the results' interpretability. By doing this, the results
would be more reliable as these intervals would
furnish the actual range where the true variation in
ACE 2 expression exists. Similarly, in depth analysis
on the variation of ACE2 expression across the cancer
field could be evaluated by employing Mann-Whitney
U tests in pairwise comparisons among cancer types.
Clustering and Comparative Analysis

K-means clustering analysis was applied to

identify underlying intrinsic patterns of ACE2
expression from the data extracted from Kernel PCA.
The optimal number of clusters was determined by
calculating silhouette scores for cluster numbers

*DATA SOURCE:
TCGA
*ACE 2 EXPRESSION
VALUE PRE
PROCESSING -
STANDARD SCALER
FUNCTIO

*KERNAL PCA

ranging from 2 to 10~ and” selected the number that
maximized the score. Three clusters were used in the
clustering configuration. K-means++ initialization
method with a maximum of 300 iterations, a fixed random
state of 42 and K-means algorithm was applied to increase
convergence efficiency and reproducibility. Thus, the
clustering analysis approach facilitated to stratify
significant subgroups of varying ACE2 expression
patterns within the cancer types.

Comparative analysis with t-Distributed Stochastic
Neighbor Embedding (t-SNE) was performed using two
visualization components with a perplexity of 30, at a
learning rate of 200, 1,000 iterations and with random
state set at 42. Various qualitative and quantitative
techniques were employed to detect the efficacy of
dimensionality reduction and clustering techniques.
Silhouette scoring method was employed to measure the
cluster cohesion and separation range. Visual analysis
provided the new aspects into clustering efficacy.
Furthermore, biological relevance of ACE2 expression
levels across clusters, analysis of cluster composition by
cancer type and the composition of each cluster was
examined for cancer types.

The analysis found significant variation in ACE2
expression among the 10 cancer types examined (Table
1, Fig 2,3,4,5). Head and neck squamous cell carcinoma
(HNSC) produced a distinct clear cluster demonstrating
moderate ACE2 expression, when dimensionality was
decreased using Kernel PCA.

*MANN-WHITNEY U *k MEANS
TEST FOR HNSC CLUSTERING
*t-SNE

Figure 1. Study workflow chart
Table 1.The summary statistics of ACE2 expression by cancer type, sorted by mean expression level

Cancer Type | Sample Count | Mean ACE2 Expression | Std Dev | Min Max
3 KIRC 510 1910.06 2003.24 | 0.0 | 17099.9
1 | COADREAD 592 1029.76 1093.35 | -0.08 | 8560.71
7 PAAD 177 398.52 768.05 | 0.53 | 4924.19
9 STAD 412 369.4 745.18 | -0.09 | 7216.32
4 LIHC 366 264.84 731.08 | 0.0 | 7809.05
5 LUAD 510 222.64 678.08 | 0.0 | 12898.6
2 HNSC 515 121.12 134.88 | 0.0 | 1256.01
6 LUSC 484 120.6 202.16 | 0.0 | 1997.15
0 BRCA 1082 88.82 780.82 | 0.0 | 13683.8
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This distribution of ACE2 expression demonstrates highly right-skewed pattern, with majority of samples exhibiting
relatively low expression levels and minority of samples exhibit extremely high expression with a median value of 52.35
and the maximum value was 17099.9. This pattern is consistent with the known biology of ACE2, which is highly
expressed in specific tissues such as the kidney and intestinal epithelium. (Table 1).

The Mann-Whitney U test compared ACE2 expression in head and neck squamous cell carcinoma
(HNSCC) to other cancer types. The findings showed a statistically significant difference with a p-value of
2.169000428741905e-05 and a U-statistic of 1326881.5. Mann-Whitney U test demonstrates statistically significant
difference in ACE2 expression between HNSC and other cancer types (p < 0.05). Kidney Renal
Clear Cell Carcinoma (KIRC) has the highest median ACE2 expression of any cancer type at 1430.04, followed by
Colorectal Adenocarcinoma (COADREAD) at 717.84. Additional noteworthy mentions include Head and Neck
Squamous Cell Carcinoma (HNSC) at 79.37, Pancreatic Adenocarcinoma (PAAD) at 182.96, and Stomach
Adenocarcinoma (STAD) at 108.15. HNSC ranks fifth in ACE 2 expression among all the ten cancer types. And on the
list expressing ACE2 contains Lung Adenocarcinoma (LUAD) at 72.37, Lung Squamous Cell Carcinoma (LUSC) at
61.35, Liver Hepatocellular Carcinoma (LIHC) at 18.79, Prostate Adenocarcinoma (PRAD) at 6.37, and Breast
Carcinoma (BRCA) at 2.64.

ACE2 Expression Across Cancer Types

Figure 2 The boxplot of ACE2 expression levels across different cancer types, with sample sizes indicated for each.
There is considerable variation in ACE2 expression among different types of cancer

The bar graph exhibits marked differences in the median ACE2 expression between kidney (KIRC) and colorectal
(COADREAD) cancers and other cancer types (Fig 2).

Out of all the cancer types, Breast cancer (BRCA) exhibits the lowest expression levels, whereas KIRC and
COADREAD exhibit the highest (Fig 3) and HNSC (oral cancer) shows moderate ACE2 e

xpression (Fig 4,5).

Distribution of ACE2 Expression Across Cancer Types
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Figure 3. shows that the density plot reveals different distribution patterns of ACE2 expr ession across cancer types.
Some cancer types, such as KIRC and COADREAD, exhibit higher overall expression levels with wider distributions.
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ACE2 Expression: HNSC vs Other Cancer Types
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Figure 4. compares Head and neck squamous cell carcinoma (HNSC) with other cancer types.

The study identified ACE2 expression levels varies substantially across most cancer types, with some exceptions where
cancers share similar regulatory environments and tissue origin. The strong significance in pairwise differences
involving KIRC, COADREAD, and PRAD reinforces their distinctive ACE2 expression profiles.

This visualization supports the study's conclusion that ACE2 expression is highly heterogeneous across cancers and
supports further exploration of its implications for cancer biology (Fig 6).

Effect Size (Cohen's d) of ACE2 Expression: HNSC vs Other Cancer Types

Effect Size (Cohen's d)

Cancer Type

Figure 5. Effect size (Cohen’s d) of ACE 2 expression: HNSC vs other cancer types
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Figure 6. 10 cancer types (HNSC, LUAD, LUSC, BRCA, COADREAD, STAD, KIRC, LIHC, PRAD, PAAD), which
found that most cancer types show significant differences in ACE2 expression compared to KIRC, COADREAD, and
PRAD

Clustering Analysis: Kernel PCA transformation using Radial Basis Function (RBF) kernel successfully captured non-
linear relationships in the data and demonstrated distinct clustering patterns between BRCA and HNSC groups (Fig 7).
The clear separation of BRCA and HNSC indicates distinct ACE2 expression patterns, while the mixed cluster shows
some internal structure, with subclusters for specific types like KIRC and COADREAD. These clustering patterns
exhibits their biological significance blending with their tissue-specific ACE2 expression profiles.
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PCA Reconstruction of ACE2 Expression Values
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Figure 7 shows PCA reconstruction of ACE 2 expression values
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Cluster Statistics: The study identifies three distinct clusters of samples based on ACE2 expression, produced by K-
means clustering from the data extracted from Kernel PCA, and the silhouette score of those clusters were 0.68 (Tab 2).
Table 2 Percentage of Each Cancer Type in Each Cluster

0 1 2
BRCA 100.0 | 0.17 | 0.0
COADREAD | 0.0 16.68 1 0.0
HNSC 0.0 0.0 100.0
KIRC 0.0 14.37 1 0.0
LIHC 0.0 10.31 1 0.0
LUAD 0.0 14.37 1 0.0
LUSC 0.0 13.63 0.0
PAAD 0.0 499 | 0.0
PRAD 0.0 13.89 1 0.0

Cluster 1, which has the highest average ACE2 expression (602.96), Cluster 2, which has moderate expression with
some variability, and Cluster 0, which has very low ACE2 expression (34.16). Cluster 0 consisted only BRCA samples,
Cluster 2 was made up of HNSC samples, and Cluster 1 contains of all other cancer types. (Fig 8,9)

Kernel PCA with K-means Clustering

Second Principal Component

| ¥
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Figure 8. Kernel PCA plot reveals three clusters: one for BRCA samples, one for HNSC samples, and a mixed cluster

of other cancer types.

Shivani Sivasakthivel, Pratibha Ramani, Pradeep Kumar Yadalam. ACE2 Expression As A Predictive
Biomarker In Oral Squamous Cell Carcinoma: A Non-Linear Dimensionality Reduction Approach.Bulletin of
Stomatology and Maxillofacial Surgery. 2025;21(7). 423-433 doi: 10.58240/1829006X-2025.21.7-423 428



ACE2 Expression (RNA-Seq V2)

Figure 9. Bimodal distribution of ACE2 expression in cancers. Cluster 1 (Blue) includes most samples with low

K-means Clustering of ACE2 Expression (k=2)

e Cluster 1

Cluster 2
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expression, while Cluster 2 captures a smaller group with high or outlier levels.

The clustering analysis based on ACE2 expression, reveals potential distinctions in cancer biology between the clusters

(Tab 3, Fig 10)

Table.3 Results presented in the clusters and provides valuable insights into the ACE2 expression levels across

different groupings of samples.
Cluster | Sample Count Mean ACE2 Expression | Std Dev | Min | Max
1 1 3550 602.96 1246.76 | -0.09  17099.9
2 2 515 121.12 13488 | 0.0 1256.01
0 0 1076 34.16 137.43 1 0.0 1735.27

Figure 10. Mean ACE2 Expression by cluster

Silhouette Scores: The highest silhouette score occurs at 3 clusters, indicating the best-defined structure. The score

Mean ACE2 Expression

Mean ACE2 Expression by Cluster
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decreases as the number of clusters increases, with a slight rebound at 9 clusters. Hence, the optimal number of clusters
is 3, aligning with previous results. (Figll)

Silhouette Score for K-means Clustering of Kernel PCA Results
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Figure 11. shows that the study uses the K-means algorithm to cluster ACE2 expression profiles across 10 cancer

Silhouette Score

Number of Clusters

types into three biologically meaningful patterns.
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Cluster Cancer Composition: Kernel Principal Component Analysis with an RBF kernel effectively processed the
high-dimensional data into a two-dimensional capturing the non-linear relationships with an error of 0.2760 whereas
KNN Imputation results were with higher error of 1.3901 and Iterative Imputation using MICE has an error of 0.5984.
Final visualization by Kernel PCA showed distinct patterns and clusters that corresponded well with different types of
cancer, Principal Component Analysis (PCA) and Truncated Singular VValue Decomposition (SVD) report an error of
0.4369 (Fig 8). At the same time, non-negative matrix factorization (NMF) applied to the ACE2 expression records an
error of 0.0000.

t-SNE with K-means Clustering

"

1-SNE Component 2

t-SNE Component 1

Figure 12. t-SNE with K-means Clustering

Comparison with t-SNE: The t-SNE visualization of the data showed analogous patterns as noted in Kernel PCA
findings, particularly with the t-SNE clusters for BRCA and HNSC samples. In terms of interpretability and cluster
separation, t-SNE offered a nonlinear projection method to contrast with Kernel PCA (Fig 12). While t-SNE offers a
visually convincing data, Kernel PCA delivered greater comprehension mapping in terms of original feature space and
the reduced dimensions. The difference between t-SNE and Kernel PCA indicates need to balance between the impact
of visualization and the interpretability of the data in dimension reduction techniques.

Kernel Comparison: The Radial Basis Function (RBF) kernel showed the best separation of cancer types, resulting in
compact and well-defined clusters while preserving both local and global structure. The sigmoid kernel had moderate
clustering performance and was less effective in capturing underlying biological variability. The linear kernel, while
basic and interpretable, and could not capture the non-linear correlation data. Though polynomial kernel could account
higher variance, it was compact and less interpretable. The cosine kernel captured angular relationships well, but couldn’t
cope up with variations in expression magnitude. Further kernels demonstrated modest separation but unable clear or
biologically relevant clusters. (Fig 13).

Kernel PCA with Linear Kernel Kernel PCA with Poly Kernel Kernel PCA with Rbf Kernel

Second Principal Component
[)
Second Principal Component

Second Principal Component

A
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4 o e 0z 0
st Principal Component First Principal Component

i
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e
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Figure 13. illustrates various kernel functions used in Kernel PCA for dimensionality reduction across data on cancer
expression.

Second Principal Component
Second Principal Component
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As per these findings, Kernel PCA has still the best overall reconstruction performance across all the
dimensionality reduction techniques with the least reconstruction error of 0.2760. Non-negative Factorization
(NMF) showed the best reconstruction for ACE2 expression values, which proves its importance for
investigation of gene expression as it retains non-negativity, a crucial characteristic of biological data.The
analysis of ACE2 expression in different cancer types uncovered a unique pattern in oral cancer, especially in head and
neck squamous cell carcinoma (HNSC). HNSC exhibited a moderate level of ACE2 expression, creating a distinct cluster
in the Kernel PCA analysis. This discrete ACE2 expression pattern of oral, head and neck cancers differentiate HNSC
from other cancer types. The relatively stable ACE2 expression pattern that is observed in HNSC during the analysis
suggests particular regulatory mechanisms that are modulated by environmental, molecular traits and epigenetic factors

of HNSC.

Angiotensin-Converting Enzyme 2  plays
predominant role in maintaining cardiovascular,
pulmonary homeostasis. The biological significance
of ACE2 drastically increased, during COVID-19
pandemic, as ACE2 remained the primary entry
receptor for the SARS-CoV-2, which facilitated viral
invasion into host cells. In addition to its importance
in virion penetration, ACE2 related pathways have
been linked to numerous human cancers. Over the past
decades, several studies have explored the role of ACE
2 in various malignancies 2'%'2%15 Accordingly,
studies have shown that, ACE2 is upregulated in
epithelial-derived cancers, particularly those that
involve mucosal linings such as the respiratory and
gastrointestinal systems 316 Experimental studies
have demonstrated that down-regulation of ACE 2
promotes cancer metastasis . By modulating
significant  molecular  pathways  linked to
angiogenesis, the epithelial-mesenchymal transition
(EMT), cell proliferation, and immune regulation,
ACE2 may play a role in tumor growth, invasion, and
metastasis. Hence, it is necessary to understand the
pattern of ACE2 expression in different cancer types.
An earlier ELISA-based study revealed that ACE2
protein expression was significantly lower in OSCC
tissues compared to normal oral tissues 8.

However, contrastingly, RT-PCR analysis shows
MRNA expression levels of ACE2 were found to be
elevated in OSCC samples. These results suggest
possible post-transcriptional regulation, protein
degradation, or translational inhibition mechanisms
affecting ACE2 in oral squamous cell carcinoma.
Wherefore in the present study we emphasized on
ACE2 expression in Head and Neck Squamous Cell
Carcinoma, and to analyse, compare the expression
among HNSC and different cancers.

In this study, we analysed the ACE2 expression levels
in ten different cancer types by using the data from
high-throughput genomic repositories like Cancer
Genome Atlas (TCGA), GEPIA2, and Oncomine.
Analysis shows that ACE2 expression varies among
the tumor types that includes lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC),
kidney renal papillary cell carcinoma (KIRP), colon

adenocarcinoma (COAD), and oral squamous cell
carcinoma (OSCC). The distribution of ACE2 expression
is represented in highly right-skewed pattern, with a
median value of 52.35 and the maximum value was
17099.9. The Dunn post hoc p value for ACE2 expression
(Fig 6) shows that ACE2 differs greatly amongst cancer
types, with colorectal adenocarcinoma (COADREAD)
and kidney renal clear cell carcinoma (KIRC) showing the
highest levels. On the other hand, breast cancer (BRCA)
and prostate adenocarcinoma (PRAD) displayed the
lowest. ACE2 expression was found to be moderate in
head and neck squamous cell carcinoma (HNSC).

Cancer prediction models better performed on
dimensionally reduced data. Nonlinear dimensionality
reduction techniques provide greater performance than
linear and  sublinear  techniques on  high
dimensional continuous data like gene expression data
1920 This study evaluated various non-linear dimensional
reduction approaches to determine appropriate
dimensional reduction methods for high-dimensional
gene and protein expression profiling. Methods like
kernel-based PCA, and principal component analysis
(PCA) were used for the dimensional reduction of data.
Kernel PCA employing an RBF kernel technique
performed better than other kernels and conventional
PCA in maintaining non-linear relationships, with a lower
reconstruction error (0.2760) and a more distinct visual
separation of ACE2 expression clusters (Fig. 2, 3, 4, 5, 6).
Though t-SNE revealed consistent patterns, Kernel PCA
offered superior global interpretability (Fig. 7, 8, 9, 10,
11). Cluster analysis of ACE2 in HNSC created a unique
cluster pattern in the Kernel PCA space and Mann-
Whitney U test with the HNSC data demonstrated
statistically significant difference from other cancers (p =
2.169 x 10°). The ACE2 expression distribution of cancer
types were supported by a peak silhouette score at k=3,
and K-means clustering on Kernel PCA-transformed data
revealed three distinct clusters that corresponded to low
(Cluster 0), moderate (Cluster 2), and high (Cluster 1)
ACE2 expression. The study suggests Kernel Principal
Component Analysis (Kernel PCA) with a Radial Basis
Function (RBF) kernel technique for identifying non-
linear ACE2 expression patterns in various cancer types
121419 The study findings indicate ACE2's potential role
in tumor stratification, viral vulnerability profiling, and
biomarker-driven cancer grouping.
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Limitations

The study has few limitations. The study utilized bulk
tumor samples, which has limited generalizability.
The study has considered only 10 cancers, unstudied
cancer types to be included in future for profiling.
Furthermore, we took only three non-linear
dimensional reduction algorithms. Hence, studies
including more cancer types, larger cohorts, multi-
omics data, single-cell RNA sequencing methods,
clinical information integration, functional studies and
other non-linear dimensional reduction algorithms to
be carried out to validate our findings.

The study used Kernel Principal Component
Analysis (Kernel PCA) to examine ACE2 gene
expression data from various cancer types, pinpointing
unique patterns that distinguish them, particularly
between breast and head and neck squamous cell
carcinoma. RBF kernel algorithm shows greater
capacity in capturing non-linear relationships
demonstrating the intricate regulation of gene
expression throughout the cancer profiling. Our
findings highlight the significant variability in levels
and distribution pattern of ACE2 expression among
cancer types. Head and Neck Squamous Cell
Carcinoma (HNSC) was identified as unique
molecular subtype, exhibiting distinct ACE2
expression profile. Future investigations using non-
linear dimensionality reduction technique could
deepen our understanding of ACE2 in cancer profiling
that aids in precision oncology, risk-stratification,
management strategies for cancers and associated
infectious diseases.
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COADREAD: Colorectal Adenocarcinoma
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PRAD: Prostate Adenocarcinoma
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coronavirus 2

ML.: Machine Learning

NDR: Nonlinear Dimensionality Reduction
GTEx:Genotype-Tissue Expression database
CCLE:Cancer Cell Line Encyclopedia

GEPIA2:Gene Expression Profiling Interactive Analysis
DNMT: DNA Methyltransferase

MMR: Mismatch Repair Genes

PAAD: Pancreatic Adenocarcinoma

STAD: Stomach Adenocarcinoma

LUAD: Lung Adenocarcinoma

LUSU: Lung Squamous Cell Carcinoma

LIHC: Liver Hepatocellular Carcinoma

SVD: Truncated Singular Value Decomposition
NMF: Non-Negative Matrix Factorization
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