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ABSTRACT
Single-cell sequencing gives us the opportunity to analyze cells on an individual level rather than at
a population level. There are different types of sequencing based on the stage and portion of the cell
from where the data are collected. Among those Single Cell RNA seq is most widely used and most
application of cell type annotation has been on Single-cell RNA seq data. Tools have been developed
for automatic cell type annotation as manual annotation of cell type is time-consuming and partially
subjective. There are mainly three strategies to associate cell type with gene expression profiles of
single cell by using marker genes databases, correlating expression data, transferring levels by
supervised classification. In this SLR, we present a comprehensive evaluation of the available tools
and the underlying approaches to perform automated cell type annotations on scRNA-seq data.
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__________________________________________________________________________________________

1.

INTRODUCTION

In the central dogma of biology, it’s known that DNA is transcribed into pre-mRNA, then
it's processed into mature mRNA than translated into protein (Fig. 1). For the process of RNA
sequencing (RNA-Seq) RNA of tissues are isolated and a snapshot is taken of them in the
exact point before the translation to protein. As we all know that all cell of our body has the
same DNA but they eventually became different cells because they express different genes.
So, for knowing what are the different genes that are being expressed RNA sequencing is
done. Still the expressions got by the sequencing is not clear enough as it was done on the
RNA of a tissue. A tissue contains around 30 trillion cells. So, it's quite impossible to
understand the underlying cells behavior. As it gives us an average expression level of all
the cells that the tissue contains.
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Fig. 1.

Brief description of RNA sequencing.

For solving this issue, a new technology has emerged that is Single-cell RNA sequencing
(scRNA-Seq). scRNA-Seq in particular, uses optimized next-generation sequencing
technologies to analyze individual cells, leading to a better understanding of cell function
at the genetic and cellular levels (Pasquini et al., 2021b). It allows researchers to analyze
cellular heterogeneity and transcriptome heterogeneity at the single-cell level (Qi et al.,
2021).
As we have the cell level data, now comes the most important job that is to identify the cell
type based on the captured gene expression from scRNA-seq. However, annotating cell
types by hand takes a long time and has a low level of repeatability. Computational
methods for the automated annotation of cell have recently evolved to overcome these
constraints. In brief, there are mainly three different techniques to identify cells
automatically. Those are Correlation Based, Marker Genes Based and Supervised
Classification. We are going to focus on the Supervised Classification based techniques in
this review.

2. METHODOLOGY:
This review is conducted by following the protocol written in Systematic Literature Review
(SLR) (Kitchenham et al., 2007). Review needs to follow three main phases which is the
protocol of SLR. First phase is selecting the search strings or search keywords based on the
research topic and deciding on the selection criteria. Second phase is running the search
on the databases using the keywords and retrieving the studies selected based on the
selection criteria. Final phase is analyzing and synthesizing the extracted papers and
presenting them.

2.1. RESEARCH QUESTION:
Below are the Research Questions this review paper is addressing:
RQ1: Is feature selection helpful in the automatic cell type annotation when the approach
follows supervised classification?
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RQ2: What are the computational approaches in annotating cell?

2.2. SEARCH STRATEGY:
At First, three standard databases are selected (See Table 1). Then based on the research
topic and Research question some keywords are detected. Those are "Automated Cell Type
Identification", "Single Cell RNA-Seq Data", "Supervised Classification". Complex search
strings were generated using these keywords with logical operators (See Table 1). Then the
search was conducted using the range 2018-2022. I have used Publish or Perish for
searching from the Databases Google Scholar, Scopus . Searched directly from the
Database Science Direct as it's not available from Publish or Perish.
Table 1.

Search strings with condition.

Database Name

Search String

Condition

Google Scholar

("Automated Cell Type Identification" OR "Automated Cell Type

2018- 2022

Annotation") AND "Single Cell RNA Seq" AND "Supervised Classification"
Science Direct

("Automated Cell Type Identification" OR "Automated Cell Type

2018- 2022

Annotation") AND "Single Cell RNA Seq"
Scopus

("Automated Cell Type Identification" OR "Automated Cell Type

2018- 2022

Annotation") AND "Single Cell RNA Seq"

2.3. SELECTION CRITERIA:
Through searching relevant and irrelevant papers both are retrieved. A selection criterion
is needed for selecting the relevant ones from the search result. This selection criteria are
divided in three steps. At first need to identify the duplicate ones and remove them as
search is conducted on three different databases and sometimes same database search
also returns duplicate papers. Also need to identify the non-English language papers and
exclude them. The paper found after this step are ready for going through screening based
on title and abstract. Papers will be excluded from this step if the abstract and title seems
unaligned with the research interest. The papers retrieved after this step are ready for full
text analysis. If any paper doesn’t have full text access that will be excluded.

2.4. STUDIES SELECTION:
34 records were selected through the strategic search compiled on three databases.
Following the flow of PRISMA (Kitchenham et al., 2007) (See Fig. 2) at first the duplicates
found between and within the search results of three Databases were removed. There were
5 duplicates after removing those we got 29 papers for further inquiry. Next elimination
round was based on the title and abstract part of the papers. After reviewing the title and
abstract part 8 results were found irrelevant. After removing those, remaining 21 papers
were selected for full text analysis and full text of all of them were available.
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Fig. 2. Flow of searching to selection using PRISMA flowchart.

7 of them were found not to satisfy the research questions. As the first RQ was looking for
the supervised classification approach of annotating cell automatically. Two of them were
found using unsupervised clustering and one of them using Marker gene-based
classification. As the research topic is for annotation of single cell of human or animal. There
was one focused on plant cell and another one was focused on sequencing process of
single cell. By these, it came to 14 papers from 34.
There are 4 review papers included in these 14 papers. Seven more papers were identified
with the help of forward and backward referencing on these review papers and the others.
Accumulating these papers with the previous ones finally it became 21 records for result
analysis.

3. DATA EXTRACTION, SYNTHESIS AND REPORTING:
Extracted papers based on selection criteria are analyzed here in this section. Here
descriptive analysis and the findings of review will be reported

3.1. RESULT AND DISCUSSION:
Results found from databases search and forward backward referencing were filtered and
ultimately came to 21 selected papers. This section contains analysis based on the details
of those papers such as published year, source database, Languages used in the
computational approaches.
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3.1.1. Publications Based on Year:
The Fig. 3 shows the number of publications published per year between 2018-2022 which
are under review. From this graph it’s interpretable that the number of automatic
annotation tools those used supervised classification as approach are increasing in
number. As the review is being conducted in the first quarter of the 2022 so it’s reasonable
that 2022 has less publications then 2021.

Fig. 3. Publications distributed over the years.

3.1.2. Publications Based on Database:
Three Databases are used for this review are Google Scholar, Scopus and Science Direct.
72% of the selected findings are from google scholar, 21% are from Scopus and 7% are from
science direct (See Fig. 4). Thus, it can be said that google scholar is the prime source of the
findings for this review.

Fig. 4. Publications distributed over the databases.

3.1.3. Languages used in developing the computational approaches of the tools:
As all the computational approaches are in the Machine Learning domain. So, it doesn’t
have many options anyways. Python and R are known as the best ones for this domain.
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Table 2. Languages used in the computational approaches.
Tool Name

Language Used

Ref

Moana

Python

(Wagner & Yanai, 2018)

LAmbDA

Python

(Johnson et al., 2019)

superCT

Python

(Xie et al., 2019)

SingleCellNet

R

(Tan & Cahan, 2019)

Garnet

R

(Pliner et al., 2019)

scPred

R

(Alquicira-Hernandez et al., 2019)

ACTINN

Python

(Ma & Pellegrini, 2020)

OnClass

Python

(Wang et al., 2019)

scClassify

R

(Lin et al., 2020)

scANVI

Python

(Xu et al., 2021)

scNym

Python

(Xu et al., 2021)

Superscan

Python

(Shasha et al., n.d.)

scAnnonate

R

(Ji et al., 2022)

MarkerCapsule

Python

(Ray & Schönhuth, 2020)

Besca

Python

(Mädler et al., 2021)

RMTL

Python

(Upadhyay et al., n.d.)

JIND

Python

(Goyal et al., 2022)

Fig. 5. Languages Used for the computational approaches of the publications in Percentage.

From the Fig. 5 and Table 2, it shows no exception than that. 67% of the approaches are
written in Python and the rest 33% uses. It can be said that Python is more popular among
these two. Though it totally depends on the programmer preference. As both of them offer
more or less same flexibilities.

4. RELATING

RESEARCH

QUESTIONS

TO

THE

SELECTED

PUBLICATIONS:
4.1. IS FEATURE SELECTION HELPFUL IN THE AUTOMATIC CELL TYPE ANNOTATION WHEN
THE APPROACH FOLLOWS SUPERVISED CLASSIFICATION?

Feature selection is a process to reduce the input variable based on the relevancy of the
variable with the goal. It helps to increase the quality of the data and ease the analysis as it
reduces the data size. Though with present technologies it’s not a problem to work with
the standard scRNA-seq dataset sizes. However, if the data have unnecessary information
(features) it can be misleading.

104

Systematic Literature Review and Meta-Analysis. Vol. 3 No. 2

As single cell data could have many zero reads of the genes expression levels and all genes
are not important for cell type identification. So, we can say single cell data is quite noisy
without proper processing or filtration may lead the classification model to cause overfit
and thus suboptimal performances.
Almost all the tools under this review either have a pre-processing step for their data or
runs feature selection process before proceeding to training the model.
SingleCellNet (Tan & Cahan, 2019), ACTINN (Ma & Pellegrini, 2020), Moana (Wagner & Yanai,
2018), scPred (Alquicira-Hernandez et al., 2019) are four tools under this review which use
feature selection prior to training. An experiment was done in this (Theunissen, 2021) review
paper which concludes that feature selection leads to classification improvement. “If
datasets with meaningful features and sufficient label representation are available,
supervised learning methods might offer a powerful and flexible alternative for their
analysis” (Pasquini et al., 2021b).
It summarizes that feature selection can help in a positive way for the automation of cell
type and it’s an important step.

4.2. WHAT ARE THE COMPUTATIONAL APPROACHES IN ANNOTATING CELL?
Automatic cell type annotation approaches try to find commonalities between scRNA-seq
datasets while accounting for the data's inherent noise and variability. Indeed, the
variability reported between scRNA-seq datasets is due to a number of confounding
factors. Machine learning approaches have proven to be an excellent resource for a range
of tasks in analysis pipelines, including dimensionality reduction operations, due to the
characteristic noise and multidimensionality of scRNA-seq data. Supervised classification,
or the transfer of labels from labeled to unlabeled datasets, is a classic machine learning
paradigm for which many techniques have been developed. The term 'supervised learning'
is used in the field of machine learning to describe the construction of a model distribution
of labels (cell types) in terms of a set of features (genes) that is trained on ground truth data
(a previously annotated dataset).
Table 3. Computational approaches used in the tools.
Tool Name

Computational Approach

Moana

kNN-smoothing + SVM

Ref
(Wagner & Yanai, 2018)

LAmbDA

Multiple ML Techniques

(Johnson et al., 2019)

superCT

Artificial Neural Network

(Xie et al., 2019)

SingleCellNet

Random Forest

(Tan & Cahan, 2019)

Garnet

Elastic net regression

(Pliner et al., 2019)

scPred

SVM

(Alquicira-Hernandez et al., 2019)

ACTINN

Artificial Neural Network

(Ma & Pellegrini, 2020)

OnClass

kNN and Bilinear Neural Network

(Wang et al., 2019)

scClassify

Weighted kNN Classifier

(Lin et al., 2020)

scANVI

kNN Classifier

(Xu et al., 2021)

scNym

Adversarial Neural Network

(Xu et al., 2021)

Superscan

XGBoost (eXtreme Gradient Boosting)

(Shasha et al., n.d.)

scAnnonate

Marginal model-based ensemble learning

(Ji et al., 2022)

MarkerCapsule

Supervised learning with capsule network

(Ray & Schönhuth, 2020)
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Tool Name

Computational Approach

Ref

Besca

SVM and logistic regression

(Mädler et al., 2021)

RMTL

Regularized multi-task learning

(Upadhyay et al., n.d.)

JIND

Artificial Neural Network

(Goyal et al., 2022)

Though approach of automatic annotation of cell can be divided into main three branches
such as Correlation based, Marker Gene based and Supervised Classification. However, only
supervised classification related approaches are listed above as this review is focused on
the supervised classification related approaches. Almost all possible methodologies of
supervised classification are present in the list such as neural networks, support vector
machines, ensemble learning etc. From the above list (Table 3) it’s not viable to say that any
one of the approaches is the most effective approach. Though Neural network and KNN
seem the most applied approach among these 17 approaches.

5. CONCLUSION AND LIMITATIONS:
A systematic Literature Review on Automatic Cell Annotation using Supervised
Classification has been done. 21 papers are selected after all searching, forward backward
referencing and filtering following the SLR principles (Kitchenham et al., 2007). In this
review some descriptive analysis and answers of research questions are provided which are
taken from the selected papers. These will be very helpful for anyone who is interested to
work with Automatic annotation of single cell.
There are obviously some drawbacks of this review as this was a bounded work for time
constraint. This review has used only three databases as source of research papers. In
research there are many factors to look into but this paper only focused on the two specific
factors that supported the research questions.
Nonetheless, this review is a concise and useful one for anyone who is interested in this
domain.
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