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Cell type identification is a key step toward downstream analysis of single cell RNA-seq experiments.
Although the primary objective is to identify known cell populations, good identifiers should also recog-
nize unknown clusters which may represent a previously unidentified subpopulation of a known cell type
or tumor cells of an unknown phenotype. Herein, we present MarkerCount, which utilizes the number of
expressed markers, regardless of their expression level. MarkerCount works in both reference- and
marker-based mode, where the latter utilizes existing lists of markers, while the former uses a pre-
annotated dataset to find markers to be used for cell type identification. In both modes, MarkerCount first
utilizes the ‘‘marker count” to identify cell populations and, after rejecting uncertain cells, reassigns cell
type and/or makes corrections in cluster-basis. The performance of MarkerCount was evaluated and com-
pared with existing identifiers, both marker- and reference-based, that can be customized using publicly
available datasets and marker databases. The results show that MarkerCount performs better in the iden-
tification of known populations as well as of unknown ones, when compared to other reference- and
marker-based cell type identifiers for most of the datasets analyzed.
� 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Single-cell RNA-seq technology [1–3] has enabled the transcrip-
tomic analysis of heterogeneous tissue microenvironments [4],
such as the tumor microenvironment, wherein various cell types
co-exist. Cell type identification represents an instrumental step
in single-cell RNA-seq analysis. Manual annotation can be per-
formed through general work frames for single-cell RNA-seq data
analysis, such as Seurat [5], SCRAN [6], SC3 [7], and SCANPY [8],
where dimension reduction, clustering, differential gene expres-
sion analysis, and marker identification can be performed to man-
ually annotate cell types on a cluster basis.

Automatic pipelines have been developed to facilitate cell type
identification and annotation. One approach is marker-based iden-
tification, which utilizes lists of known markers for the identifica-
tion of cell populations. Garnett [9], SCINA [10], and scSorter [11]
fall into this class, with several utilizable databases for cell type
markers, including Panglao DB [12] and CellMarker DB [13].
Another approach is through the use of reference-based methods,
e.g., SingleR [14], scPred [15], scmap [16], CaSTLe [17], and CHE-
TAH [18], which utilize the existing annotation to obtain gene
expression profiles of different cell populations to be used for
identification.

These tools have sufficient performance for the most part, par-
ticularly if all cell types in the test data are already known, i.e., they
are present in the reference dataset or their markers are available.
However, a good identifier should also be able to successfully iden-
tify unknown cell clusters [19], facilitating further study of their
transcriptomic characteristics not identified so far. This is a big dis-
crepancy between cell type identification via the general classifica-
tion approaches, representing an important issue to consider when
evaluating cell type identifier performance. This is why other per-
formance measures (such as ‘‘correctly unassigned”, ‘‘erroneously
unassigned”, and ‘‘erroneously assigned”) beyond correct and erro-
neous were introduced to evaluate cell type identifiers [18].
Although most cell type identifiers provide rejection functions to
identify unknown clusters, they do not perform satisfactorily
[18]. As a matter of fact, there exists a tradeoff between these mea-
sures. For example, the ‘‘erroneously unassigned” can be reduced
by decreasing the rejection threshold. However, the ‘‘erroneously
assigned” will also increase and vice versa. Another aspect that
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should be noted is the measurement noise due to an insufficient
number of transcript numbers per cell as well as the batch effect
caused by different platforms and preprocessing. Most cell type
identifiers, especially the reference-based ones, directly utilize
the gene expression profiles to train identification models. Gene
expression profiles, however, are subject to noise and batch effects,
which may compromise performance.

To tackle the above-described problems and improve overall
performance, we present MarkerCount, a count-base cell type
identifier that supports both marker- and reference-based identifi-
cation. The overall procedure is shown in Fig. 1, while the detailed
description can be found in the Materials and Methods section.
Briefly speaking, the processing pipeline of reference-based Mar-
kerCount consists of two steps, (1) selecting markers for given ref-
erences and (2) identification of cell type utilizing ‘‘marker counts”
and cluster-wise cell type correction, where the second step can be
slightly modified for marker-based identification utilizing the
existing cell type markers, e.g., [12,13]. The key is to set a suitable
rejection threshold to determine the ‘‘unknown” cell type, which is
not present in the set of target cell types. We set a conservative
rejection threshold in the normalized marker counts, which poten-
tially yields many ‘‘unassigned” cells. To minimize unnecessarily
unassigned cells, we reassign cell types by using similarities in
their gene expression pattern, i.e., via cluster-basis reassignment.

Note that, in the current work, the term ‘‘cell type” does not fol-
low the strict definition used by biologists. Rather, it may refer to
major cell types, such as T cells or B cells, or subpopulations of a
major type, such as CD4 T cells or naïve T cells. Most of cell type
identifier, even if not all, accept customized list of cell types and
their lists of marker genes, which can be quite varied according
to specific study objective.
2. Materials and methods

The operation of MarkerCount can be divided into two steps: (1)
Find markers for each cell type using reference data and (2) Use
markers to identify cell types in test data. As the name suggests,
MarkerCount utilizes the number of marker genes that are
expressed, regardless of their expression level (transcript count),
which can be obtained via the binarized gene expression. The bin-
ary expression is used not only to find markers from a given refer-
Fig. 1. An overview of MarkerCount data processing. MarkerCount operates in both ref
along with cell type annotation (b) to find makers of each cell type (d), for which the gen
markers (e). In the test phase, it takes cell type markers and the test data (f) as input. Fol
rejection of unclear cells (h), PCA and clustering (i), as well as the cluster basis reassign
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ence (in training phase) but to also obtain the marker counts for
initial cell type identification (in test phase).
2.1. Finding markers from reference datasets

Using prior annotation provided with the gene expression
matrix, reference cell types are first identified. Let G be the set of
genes and xij the gene expression of the jth gene in the ith cell.
We first convert these to binary indicator bij 2 f0;1g, which indi-
cates whether the gene is expressed in that cell or not, i.e., bij ¼ 1
if xij > 0 or 0 otherwise. We then compute marker score sm;j for cell
type m as:

sm;j ¼ 1
Cmj j

X
i2Cm
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where Cm is the set of cells annotated as of typem (target cells), and

C
�
m is the complementary set of Cm (non-target cells). Cmj j is the size

of Cm. 1
Cmj j
P

i2Cm
bij is simply the occurrence frequency of the jth gene

in themth cell type. n is an hyper-parameter relatively weighing the
second term. We set it to 2 in all the experiments. Then, for each cell
type m, we sort sm;j in descending order and select the first N genes
as its markers. The integer N is also a hyper-parameter, which we
fixed to 18 for all cell types. The number 18 was chosen, as it
showed the best performance for most datasets used in this work.
Note that the selection of marker genes is done separately for each
cell type, and it is possible for two or more cell types to share com-
mon markers. In addition, before comparing the score in (1), one
can narrow down the candidate genes by enforcing the condition,
1
Cmj j
P

i2Cm
bij � f th for some occurrence frequency threshold f th, which

we opted to set at 0.9 as a heuristic choice. If f th is close to 1, the
number of candidate markers may be too small so that the number
of selected markers can be far less than the specified value, N. On
the other hand, if it is too small, too many markers with a small
occurrence frequency in a target cell type can be included. Since
most of the references are assumed to contain only a group of cell
types, one may obtain unexpected result if f th is too small, as there
are other cell types that have some common markers with a target,
but was not in the reference.
erence-based and marker-based mode. In the former, it requires reference data (a)
e-cell type association score (c) is used. In marker-based mode, it uses the existing
lwing data processing includes marker counting (g), initial cell type assignment and
ment for final identification (j).
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2.2. Counting markers

In the test phase, for a given binary expression profile of the ith
cell, bij, we obtain the normalized marker count yi;m defined as.

yi;m ¼ 1
N

X
j2Mm

bij ð2Þ

where Mm is the set of markers of the mth cell type. The cell type is
initially determined by taking the maximum of yi;m, i.e.,
m�

i ¼ argmax
m

yi;m, which is accepted if max
m

ym is greater than or

equal to the cell type specific rejection threshold, tm. Otherwise,
the cell is marked as ‘unassigned’.

2.3. Obtaining the rejection threshold

The threshold tm can be obtained in various ways. In this work,
we considered two approaches, parametric and non-parametric. In
the non-parametric approach, we directly obtain it from ym’s. Con-
sider two set of cells for a given rejection threshold t, CmðtÞ and
C�
mðtÞ. The former is the set of cells (in the reference data) of which

the true (manually annotated) cell type is m, and its normalized
marker count is yi;m � t, while the latter is the set of cells identified
as the mth cell type according to yi;m satisfying (1) yi;m > yi;m0 for all
other cell types m0 and (2) yi;m � t. The false positive rate can then
be defined as:

FPRðtÞ ¼ 1� Cm tð Þ \ C�
mðtÞ

�� ��
CmðtÞj j ð3Þ

where the second term is the true positive rate. The objective is to
find t such that FPRðtÞ � p for a given target FPR, p. In the non-
parametric approach, one can find t by sorting yi;m in descending
order and find the minimum yi;m such that FPRðtÞ � p. In the para-
metric approach, we use a univariate Gaussian mixture model with
two components, i.e., yi;m N l1;r2

1

� �
for m 2 Cm and yi;m0 N l0;r2

0

� �
for m0 2 C

�
m. With the relative sizes of Cm and C

�
m denoted as p0

and p1, respectively, FPRðtÞ can be defined as:

FPRðtÞ ¼ F0 tð Þ
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The parametric approach is particularly useful for the marker-
based operation of MarkerCount, where reference data is not avail-
able. Given test data only, one can resort to the bimodal fitting, for
which an expectation maximization (EM) algorithm can be used to
find pk;lk;r2

k for k ¼ 0;1. In reference-based mode, the rejection
thresholds for all the cell types are computed in the training phase
from the reference data using (3), while, in marker-based mode, it
is obtained by (4) applying bimodal fitting to the test data.

2.4. PCA and clustering

Although marker count-based cell type identification works
reasonably well, one can improve the identification accuracy by
employing cluster basis reassignment. To this end, we first perform
dimension reduction via principal component analysis (PCA) with
the number of components set at 15 and then perform clustering
on the dimension-reduced space. The developed software provides
an option to select a clustering algorithm, either a k-means- or
GMM (Gaussian mixture model)-based algorithm, for which the
number of clusters was set to

ffiffiffiffiffiffiffiffiffi
Ncell

p
=2, similar to Garnett. The user

can also provide the cluster labels after performing the clustering
by him/herself. Among these options, we used the Gaussian mix-
ture model.
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2.5. Cluster basis cell type reassignment

While some clusters have all cells assigned to a cell type, others
may not be fully covered or not covered at all. The latter might
include unknown cells that do not exist among reference cell types.
The former may be a specific cell type that was not fully covered
due to a high rejection threshold. In this case, one can reassign cell
types to those unassigned cells in a partially covered region in a
cluster by cluster fashion. To this end, we first identify cell types
that are partially occupying the cluster. With their centroids,
covariance matrices and size, we reassign a cell type to those unas-
signed cells by comparing their distances from the centroids as
follows:

d z;lm;Rm;pm
� � ¼ 1

pm
z� lm

� �T Rm þ qIð Þ�1 z� lm

� � ð5Þ

where z is a dimension-reduced gene expression profile of a cell,
lm;Rm;pm are the centroid (mean), covariance matrix, and the rel-
ative size of the mth cell type that resides in the cluster, respec-
tively, while q is a regularization constant, which we set at 0.1 of
the average variances. By comparing the weighted Mahalanobis dis-
tance in (5) of an unassigned cell from the centroids for the cell
types in that cluster, we determine cell type based on the closest
one. Reassignment is performed if the portion of unassigned cells
is below a certain threshold, say 0.8. This value was chosen as it
exhibited the best performance in the range of 0.1–0.9 at 0.1 steps.
While more sophisticated methods can be devised, we opted for
this rather simple heuristic approach.

Most cell type identifiers, including MarkerCount, utilize clus-
tering and assign cell types on a cluster basis, i.e., all the cells in
a cluster are assigned the same label. This means that identification
performance can be limited by the clustering resolution. When
performing cluster-based annotation, one encounters three cases
of correspondence between a cell population and a cluster, i.e.,
they can be one-to-one, one-to-many, or many-to-one, with the
last case causing errors. Although this problem can be avoided by
performing clustering with high resolution settings (with a high
number of clusters), cluster number can be also problematic if
too high, since statistical profiling of marker gene expression
becomes inaccurate if the cluster size is too small. Currently, there
are no rules to determine the best clustering resolution. Thus, we
need to provide means for resolving this issue. MarkerCount
addresses the problem via the following procedure, albeit not com-
pletely. Although it was originally devised to fill-out cell types to
the rejected cells, it assumes more than one cell populations reside
in a cluster and, by using the centroids and covariances of these
cell populations within a cluster, two or more cell types can be
identified within a cluster. In this way, many-to-one correspon-
dence can be resolved without increasing the clustering resolution
too much.
2.6. Reference-based and marker-based operation of MarkerCount

Using the functions described above, the operation of Marker-
Count can now be described more succinctly. In the reference-
based operation, MarkerCount uses reference data and its annota-
tion to find the best markers for each cell type in the reference.
Using these markers, it computes the normalized marker counts
and makes an initial prediction of cell types for all the cells in
the reference data. As per the initial prediction and the annotated
cell type, the rejection thresholds are obtained. The outputs of the
training phase consist of marker sets and the rejection threshold
for each cell type, which are used for cell type identification in test
data.
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In the test phase, we first assign cell types to cells whose nor-
malized marker count is above the rejection threshold. Clustering
is then performed for the test data, and the distance-based reas-
signment is applied on a cluster-by-cluster basis. In marker-
based mode, on the other hand, we first compute the normalized
marker counts for all cells utilizing the existing list of markers.
For each cell type in the marker database, bimodal fitting is applied
to determine the rejection threshold. One possible problem in the
marker-based mode is an uneven number of markers. In this case,
cell types with a few markers tend to get higher priority over those
with a much larger number of markers. This does not happen in the
reference-based mode as we select the same or at least a similar
number of markers for each cell type. To handle this problem, we
applied the following tricks.
2.7. Resolving uneven numbers of markers

One possible solution is to reselect markers for cell types with a
large number of markers. That is, in the first round of cell type
assignment, we assign cell types with higher rejection threshold
and use the prediction to obtain the score in (1) for all markers
and finally reselect markers that have higher scores. This is done
only for cell types with a number of markers larger than the
desired number, 18, which was determined as the best number
in reference-based MarkerCount. This approach, however, solves
the problem only partially since there exist cell types having only
a few or sometimes only one specific marker. To resolve this prob-
lem, we applied penalty weight per cell type according to the num-

ber of markers as w ¼ 1þ 3e�ðn�1Þ=2� ��1, where n is the number of
markers. The penalty weight w is multiplied by the normalized
marker count before obtaining the rejection threshold. Although
these tricks were devised for the case when the existing marker
database is used, the best way to avoid such a problem in Marker-
Count is to use the same or similar number of markers for each cell
type, in which case, the penalty weight will be the same for all the
cell types so that it does not affect the MarkerCount performance.
2.8. Dataset and cell type renaming

To properly evaluate and compare performances, we collected
eight single cell RNA-seq datasets with manual annotation avail-
able. These were four pairs of pancreas [20,21], peripheral blood
[22,23], lung [24,25], and tumor [26,27] datasets, with the latter
three containing various immune-related cells. Brief description
of the data is summarized in Table 1, with accession numbers.
These datasets were chosen since they include cell type annota-
tions. Although some of the datasets contain irrelevant cell types,
e.g., cells from mouse and T/Mono doublets in GSE100866, we dis-
regarded these when evaluating identification performance. In
lung datasets, ERP114453 contains spleen, esophagus epithelium,
and lung parenchyma cells under ischemic conditions, where we
Table 1
A summary of datasets used for analysis.

Data Reference Accession Protocol

Pancreas 2K [20] GSE84133 inDrops
Pancreas 8K [21] GSE85241 CEL-seq2
CBMC 8K [22] GSE100866 Drop-seq
PBMC 68K [23] GSE93421 10X genomics
Lung 29K [24] ERP114453 10X v2
Lung 38K [25] SRP218543 10X v2
Melanoma 5K [26] GSE72056 Smart-seq2
HeadNeck 6K [27] GSE103322 Smart-seq2

The numbers in brackets represent the number of cell types with the renaming we disc
*,** down-sampled by 2 and 3, respectively.
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used only the last one to cross-evaluate with the other lung data-
set, SRP218543. Although lung samples in ERP114453 and
SRP218543 were collected for different studies under distinct bio-
logical conditions, we still used them, as the majority of cell types
are identical. Further, it would be interesting to assess how well
reference-based cell-type identifiers work with a reference under
different conditions from those in the test data. Except for lung
datasets, others were used in the previous work [18] on the devel-
opment of cell type identification tools.

When evaluating the performance of cell type identifiers, we
need datasets with the same set of cell populations, hopefully
based on the same taxonomy. Unfortunately, however, there exists
a debate on the definition of cell types. Not only do the datasets
with an available cell type annotation have quite different sets of
cell type names, but cell types in marker databases are quite varied
with different levels in a taxonomy tree. For example, two tumor
datasets and CBMC 8 K used rather broad cell types, such as T cells,
NK cells, and dendritic cells, while PBMC 68 K used specific types,
such as CD8+/CD45RA+ Naive Cytotoxic, CD4+ T Helper2, CD4+/
CD45RA+/CD25� Naive T, CD8+ Cytotoxic T, CD4+/CD45RO+ Mem-
ory, and CD4+/CD25 T Reg. For the purpose of performance evalu-
ation, we need to rename manual annotation, taking widely
accepted taxonomies into account. To this end, we applied differ-
ent renaming for reference-based and marker-based identifiers.
For the former, we renamed the annotation in both reference and
test data to a broad type if one of them was annotated using broad
cell types. For example, when cross-evaluating blood dataset pair
(CBMC 8K and PBMC 68K), we renamed cell types to their corre-
sponding broad cell type, e.g., Naive Cytotoxic, T Helper2, Naive
T, Cytotoxic T, Memory T and T Reg were all mapped to one broad
type, T cell, to train the models for all the reference-based identifier
since CBMC 8K was annotated in broad types.

In marker-based approach, however, we cannot simply do this
since the set of cell types in the marker database must also be
matched to the datasets. Unfortunately, the two marker databases,
Panglao DB and CellMarker DB, have different cell type sets in dif-
ferent levels of the taxonomy tree, e.g., CellMarker DB provides 87
T cell markers along with several specific markers for CD8+, CD4+,
and memory T cells, while Panglao DB provides specific cell type
names, such as regulatory T cells, Follicular Helper T cell, T Helper
cells, and so on. Moreover, these sets of cell types do not match the
annotations in datasets. Therefore, in the evaluation of marker-
based approaches, we used the set of cell types and their respective
list of markers as is when running identifiers. Then, once the cell
types are determined (in the cell type names in the marker data-
base used), we renamed the predicted cell types to broad types if
necessary.

2.9. Performance criteria

To evaluate performance, we used five performance measures,
correct (C), error (E), erroneously assigned (EA), correctly unas-
Num. of cells total Num. of Tumor cells Num. of cell types

2126 None 10 (10)
8569 None 14 (13)
8617 None 15 (11)
68,579 None 11 (6)
57202* None 28 (18)
114396** None 31 (24)
4513 1251 11 (8)
5902 2215 10 (10)

ussed before.



Fig. 2. Comparisons of the two distributions of the primary decision metric, that is,
the normalized marker counts, for target cells and non-target cells in (a) pancreas,
(b) blood (c) tumor, and (d) lung datasets. For many cell types, the target and non-
target are largely separable using the normalized marker counts alone. For certain
cell types, including beta, delta, epsilon, and gamma cells in the pancreas, dendritic
cells in blood and B cells in tumors, as well as T cells in the lung, identification
through normalized marker counts alone would yield considerable errors. Taking
this into account, MarkerCount sets a rejection threshold for the normalized marker
counts conservatively at first and uses cluster-basis cell type reassignment and
correction utilizing similarity within a cluster.
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signed (CUA), and erroneously unassigned (EUA), similar to criteria
in a previous work [18]. These criteria are defined according to (1)
whether any valid label was assigned by the identifier or not (i.e.,
marked as unknown, unclear, or unassigned), (2) whether the
assigned label is in the reference or not, and (3) if the label is in
the reference cell type, whether the predicted label is the same
as the assigned label or not. The detailed definitions of the five
measures are as follows:

A. Correct (C) is the portion of cells that have a valid predicted
label, one from the reference cell type, and the predicted
label is the same as the original assignment.

B. Error (E) is the portion of cells that have a valid predicted
label, one from the reference cell type, while the predicted
label is different from the original assignment.

C. Erroneously assigned (EA) is the portion of cells that have a
valid predicted label, one from the reference cell type, but
the original assignment is not in the reference (ideally, the
prediction in this case should be ‘‘unassigned”).

D. Correctly unassigned (CUA) are cells, whose predicted label
is ‘‘unassigned”, and the original assignment is not in the ref-
erence, e.g., tumor cells.

E. Erroneously unassigned (EUA) are those cells, whose pre-
dicted label is ‘‘unassigned”, while the original assignment
is a valid label existing in the reference, other than ‘‘un-
known‘‘ or ‘‘unassigned”.

Although it is also informative to show precision versus recall,
we used these more specific measures to provide better insight
into the performance of cell type identifiers.

2.10. Cross-evaluation for the reference-based identification

To show the effectiveness of reference-based cell type identifi-
cation, we employed cross-evaluation, similar to the cross-
validation in statistical/machine learning terminology, i.e., with
multiple datasets, one is selected for testing, while others are used
as a reference to find cell type markers, and this is repeated by cir-
cularly shifting their role in the experiment.

3. Results

For evaluation, we ran MarkerCount in both reference-based
and marker-based mode. We compared the obtained results with
those yielded via existing reference- [14,16–18] and marker-
based [9–11] identifiers using the cell type markers described in
[13]. It should be noted that other available software packages
for cell type identification include DigitalCellSorter [28], Cell-
BLAST [29], scMatch [30], ACTINN [31], SCSA [32], and others, all
mentioned in a previous work [19]. However, some of these do
not have functions for building custom models via utilizing list of
a markers or reference data with annotation. Therefore, we con-
sider only packages which allow one to customize the model with
different cell type annotations for reference-based methods or
with different lists of markers for marker-based methods.

3.1. Distribution of the primary decision metric: normalized marker
count

Before performing comparison with existing methods, we first
present distribution of the primary decision metric, i.e., the nor-
malized marker counts, in order to obtain deeper insight into the
operation of MarkerCount. Fig. 2 shows comparisons between dis-
tributions of the normalized marker count yi;m for the target cells

Cm and the non-target cells C
�
m in four pairs of single-cell RNA-
3124
seq datasets, namely, pancreas, blood, tumor, and lung single-cell
data.

Most of the cell populations can be distinguished via the pri-
mary metric, while some show large overlap between the two dis-
tributions of target cells and non-target cells. In the second violin
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plot for blood data (b), a large portion of non-dendritic cells have
normalized marker counts comparable with those of dendritic
cells. These cells were mostly monocytes (based on manual anno-
tation). It can be inferred that they either expressed marker genes
of both monocytes and dendritic cells or some of the monocytes
subject to manual annotation were actually dendritic cells. Unfor-
tunately, however, we cannot ensure that the latter is true. Regard-
less of these unclear clusters, we see that most cell types are well
clustered in the primary metric and distinguishable from other
non-target cell types.
3.2. Reference-based identification

In the reference-based identification, we performed cross-
evaluation for each of the four pairs of datasets, i.e., circularly used
one as test data and the other as a reference to identify marker
genes and to set a rejection threshold on the normalized marker
counts. To show the stable performance, we also tested tumor
datasets using one of the blood datasets (CBMC 8K or PBMC 68K)
as a reference for markers. Note that blood datasets do not contain
tumor cells, while there are various tumor cells within the tumor
datasets. Ideally, these tumor cells and the cell types not annotated
in the reference must be determined as ‘‘unknown” or
‘‘unassigned”.
Fig. 3. Comparisons of the reference-based cell type identification performance betw
Pancreas, (b) peripheral blood (immune system), and (c) tumor tissue. C: Correct, EUA: Err
The first bar in each figure shows the ideal performance, where CUA accounts for tumor c
(or unassigned).
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Fig. 3 summarizes the results for the five performance criteria
mentioned before. The ‘‘Ideal” in the first bar is the performance
we obtain under the assumption that manual annotation is correct.
If correct and the identification is perfect, only C and CUA must
exist without any E, EA, and EUA. With imperfect identification,
we may have E, EA, and/or EUA, each of which may have different
impact depending on the purpose of analysis. Although too much
EUA is undesired, E and EA might have a worse impact than EUA
in most cases, as one can manually characterize clusters predicted
as unknown or unassigned. Roughly speaking, it is desirable that
the predicted results are as close to the ideal case (the first bar)
as possible. In pancreas, blood, and lung data, there was a very
small portion of cells whose type was not in the references while,
tumor data contained a large portion of cells that were ideally
identified as unknown (or unassigned).

For the pancreas and lung data, SingleR performed the best in
terms of correct prediction, followed by MarkerCount, scmap(cell),
CaSTLe, CHETAH, and scmap (cluster). However, if E and EA are to
be as small as possible, scmap(cell), scmap(cluster), or CHETAH
perform better than SingleR, MarkerCount, and CaSTLe, even
though scmap(cluster) and CHETAH did not assign a cell type for
a large portion of cells. In blood data, MarkerCount performed
the best in terms of correct prediction. Although scamp(cell) and
scmap(cluster) had very small error, their EUAs were too large,
and the correct precision was low.
een MarkerCount, CHETAH, SingleR, CaSTLe, scmap(cell), and scmap(cluster). (a)
oneously unassigned, E: Error, EA: Erroneously assigned, CUA: Correctly unassigned.
ells and cell types not in the reference. Ideally, these must be predicted as unknown
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The prediction accuracy in terms of CUA is highlighted in Fig. 3
(d) to (f) for tumor datasets with different references. In (e) and (f),
we used one of the blood datasets as reference. For all three results,
MarkerCount showed the closest pattern to the ideal case with a
small portion of E and EA. CHETAH, scmap(cell), and scmap(clus-
ter) yielded less Es than MarkerCount. However, they erroneously
assigned most tumor cells to normal cell types. Overall, Marker-
Count exhibited better performance than other identification tools
for the blood and tumor datasets. Although its performance for
pancreas and lung was not the best, it performed reasonably good.

3.3. Marker-based identification

Unlike other reference-based methods, MarkerCount also pro-
vides marker-based identification with a slight modification of
the test phase. Therefore, we also compared MarkerCount with
the existing marker-based methods, including Garnett, SCINA,
and scSorter. The marker-based approach requires only lists of cell
markers for which we used CellMarker DB [13]. We extracted cell
markers for pancreas, lung, blood, and peripheral blood, where the
last two were used for the blood datasets and the two tumor data-
sets. Results for the four pairs of datasets are summarized in Fig. 4.
Similar to the comparison of reference-based cell type identifiers,
we measured five criteria, namely, C, EUA, E, EA, and CUA. Although
scSorter performed slightly better than MarkerCount for pancreas
datasets, MarkerCount showed the best performance for all other
datasets.

3.4. Precision, recall, and F1 score

The reason we used the five criteria instead of recall and preci-
sion (or sensitivity and specificity), is that cell type identification is
different from the general classification problem, since we need to
identify not only known cell populations (C), but also unknown
populations (CUA), where performance in the latter was one of
the main advantages of MarkerCount. Although recall and preci-
sion are used for binary classification and, in a multinomial case,
they are evaluated separately for each class label (cell type), one
can define them in a simpler form using the five criteria as follows:
Fig. 4. Comparisons of the marker-based cell type identification performances of Marker
(d) tumor tissue data from the CellMarker DB. C: Correct, EUA: Erroneously unassigned,
figure shows the ideal performance, where CUA accounts for tumor cells and cell typ
unassigned).
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Recall ¼ cells with correctly assigned label
all known cells that are supposed to be identified correctly

¼ C
C þ Eþ EUA

ð6Þ
Precision ¼ cells with correctly assigned label
cells with valid label assigned ðother than unassingedÞ

¼ C
C þ Eþ EA

ð7Þ

With these definitions, F1 score can be obtained as:
2� Recall� Precision=ðRecallþ PrecisionÞ.

Fig. 5 shows comparisons of recall versus precision and the cor-
responding F1 score of the reference-based methods and the
marker-based methods for the four pairs of datasets. In terms of
F1 score, MarkerCount was the best in blood and tumor datasets
in reference-based mode as well as in blood, lung, and tumor in
marker-based mode, confirming its stable performance for various
datasets from different tissues and sequencing platforms.
3.5. Qualitative comparison of reference- and marker-based
MarkerCount

In Fig. 6, we plotted a Sankey diagram between the manual
annotation and the predicted ones for blood and tumor datasets,
respectively. A cell population is better identifiable with a larger
number of corresponding cells in the reference. Having more cells
in the reference data, the corresponding cell type can be well char-
acterized, resulting in a superior set of markers so that one can bet-
ter identify these cell populations. On the contrary, the
identification model for those cell types having a small number
of cells in the reference tends to be overfitted to the reference data
and may be inappropriate for the test data. Without a doubt, more
cells in the reference might lead to better identification perfor-
mance in most of the reference-based identifiers. The problem of
an uneven cell population is inherent. One may combine two or
more datasets into one reference set to train the model and
Count, scSorter, Garnett, and SCINA. (a) Pancreas, (b) peripheral blood, (c) lung, and
E: Error, EA: Erroneously assigned, CUA: Correctly unassigned. The first bar in each
es not present in the reference. Ideally, these must be predicted as unknown (or



Fig. 5. Comparison of recall versus precision and F1 scores of reference-based and marker-based methods, respectively. Although MarkerCount is not always the best, it is
high-ranked for most of the dataset pairs.
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improve performance. However, batch effects may compromise
this. Most cell type identifiers utilize clustering, and the identifica-
tion model is fitted on a cluster basis. Problems arise if there are
two or more clusters far apart for one cell type due to batch or
tissue-specific effects. Another issue to consider is that some cell
populations do not have clear cluster boundaries, specifically those
from the same progenitors such as monocytes, macrophages, and
dendritic cells. As shown in Figs. 6 and 7, some of these cell types
were hardly recovered and interchangeably detected. In many
cases, they were not well clustered with sufficient separation
(Fig. 7).

Compared to the reference-based approach, the marker-based
one does not require reference annotation, which is a big advan-
tage compared to the former. However, it highly depends on mar-
ker selection, and the best set of markers should be selected taking
the specific identification procedures into account. One reason for
the high dependency on marker set seems to be the uneven num-
ber of cell markers. In the CellMarker database, several subtypes of
dendritic cells have hundreds of marker genes while others, e.g.,
natural killer cells and B cells, have only around ten markers. Such
discrepant marker numbers may compromise identification per-
formance, which is why MarkerCount (marker-based mode) rese-
lects markers if too many are provided in marker database.
Depending on the specific procedures and algorithm of cell type
identifiers, the best set of markers will also be different. ‘‘Cell
marker” means that it is expressed only in a specific cell type
and not expressed at all elsewhere. However, it does not always
hold since the definition of cell type can be quite different accord-
ing to the analytical purpose and application. For example, one
application may be required to identify T cells as a whole, while
another may be required to identify specific subtypes, such as cyto-
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toxic T cells, memory T cells, helper T cells, and regulatory T cells.
Depending on what specific set of cell types are required, different
approaches and/or different tools must be used. Figs. 8 and 9 show
the Sankey diagram and the UMAP plots similar to those in the
reference-based identification experiments. In these figures, we
see that specific subtypes are interchangeably identified to other
subtypes within the same broader cell type. Having markers of
both broad and specific cell types, simultaneous identification of
both categories may cause unexpected results, as shown in Fig. 8.
As it is also risky to identify specific cell type using only a few
markers, a better option is to use hierarchical identification, i.e.,
identify broad cell types first using many markers and then deter-
mine their subtypes using specific markers. The specific hierarchy
to be used depends on the specific tissue analyzed.
4. Discussion

Marker-based and reference-based approaches have their
respective advantages and drawbacks. The reference-based
approach is useful when annotating new samples with previous
annotations at hand. However, since an uneven number of cells
for various cell types is inherent, rare cell populations can hardly
be identified. Another problem in reference-based identification
is the batch effect, especially when the reference is sequenced or
processed differently from test data. In our experiments, we had
such cases, i.e., in Fig. 3(b), (e) and (f), and we used references
obtained via different sequencing technology from test data.
Although we employed binarized gene expression in MarkerCount
to suppress the batch effect, it is unclear whether the superior per-
formance of MarkerCount in Fig. 3(b), (e), and (f) stems from this
feature. Nevertheless, the reference-based MarkerCount exhibited



Fig. 6. Sankey diagram for two datasets analyzed via different reference-based identifiers (two best identifiers for each dataset). Blood data analyzed with (a) MarkerCount
and (b) CaSTLe. Tumor data analyzed with (c) MarkerCount and (d) CHETAH. Left side is the manual annotation and right side is the predicted cell types. Those cell types with
limited number of cells tend to generate more errors than those with a larger number of cells.
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better performance in terms of correct identification of both
known and unknown cell types, i.e., both in C and CUA, in most
of the experiments we performed. Another advantage of
reference-based MarkerCount is that the tool outputs marker
genes obtained from the reference data, which can be used to iden-
tify new markers for specific cell types of interest.

When using the marker-based approach, cell types and markers
must be appropriately defined to obtain a good result. Cell types
and taxonomy are not standardized and debating so that
researcher should prepare their own list of markers for the specific
study and objective. This issue applies to all marker-based
approaches, including the marker-based mode of MarkerCount.
When using marker-based MarkerCount, it is desired to use the
same or similar number of markers for all cell types in order to
obtain the best result. In the background experiments for
reference-based MarkerCount, we ran MarkerCount with various
number of marker genes, and we found that 18 was the optimal
number of markers for most of the datasets. Since the marker-
based mode uses similar processes to that of the reference-based
mode in the test phase, selecting marker genes around this number
might yield better results.

Comparing performance between the two approaches,
reference-based was superior to marker-based identification.
However, this argument cannot be generalized as performance
depends on the list of markers (for marker-based) and the refer-
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ence annotations (for reference-based). In both approaches, one
of the key components is clustering and, for proper identification,
each cell populations should be well clustered, even though this
is not always the case. Although various clustering algorithms,
such as partitioning-based, distribution-based, or graph-based
clustering, are available, the performance difference between these
does not seem not critical. Rather, handling not-clearly-separable
sub-populations, such as monocytes, macrophage, and dendritic
cells, is a greater issue, which requires further studies in collabora-
tion with experts from different fields of study.
5. Conclusion

MarkerCount exhibited better performance than other tools in
identifying both known and unknown cell populations. The latter
aspect is especially important when unidentified cell populations,
a subpopulation of a known cell type with an unidentified tran-
scriptomic profile, or heterogeneous tumor cells co-existing in a tis-
sue are present. MarkerCount performed best for this purpose.
Further, it supports both reference- and marker-based modes for
versatile applications and is easily customized with user-defined
cell type sets and marker lists or with different annotations for
specific study objectives. The reference-based MarkerCount can
also be used to identify new markers (by feeding only reference



Fig. 7. A comparison of UMAP plots for tumor (HeadNeck 6K and Melanoma 5K) data analyzed with different reference-based identifiers. (a) Manual annotation, (b)
MarkerCount, (c) CHETAH, (d) SingleR, (e) CaSTLe, and (f) scmap(cell). UMAP plots clearly display identification performances. The UMAP plots were computed using a
dimension-reduced version of the gene expression matrix.
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data with manual annotation). Even though this is typically done
via differential gene expression analysis, there is a difference
between the two approaches. With MarkerCount, the lists of mark-
ers are obtained using binarized gene expression, and it provides
additional information such as the occurrence frequencies in both
3129
target and non-target cell populations, which seems suited for mar-
ker identification, since, in the context of cell type identification,
‘‘marker” refers to a gene expressed only in a specific cell popula-
tion, regardless of its expression level. To our best knowledge, no
other cell type identifiers provide the above-described functions.



Fig. 8. Sankey diagram for tumor and blood datasets with different marker-based identifiers using the CellMarker database. Tumor data analyzed with (a) MarkerCount and
(b) SCINA. Blood data analyzed with (c) MarkerCount and (d) scSorter. PBMC 68K analyzed with (e) MarkerCount and (f) Garnett. (a) to (d) were shown in the broad cell types
while (e) and (f) were shown in the original cell type names in the manual annotation (left) and the CellMarker database (right). As mentioned, when running marker-based
identifiers, we used cell types as provided in the CellMarker database, where makers for specific cell types are provided. After cell types are identified, we renamed the
predicted cell types to the respective broad type to evaluate performance. (e) and (f) were shown with the original cell type names in the manual annotation (left) and those
in the CellMarker database (right) in order to give insight into the performance for specific cell types.
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Fig. 9. A comparison of UMAP plots for blood (CBMC 8K and PBMC 68K) data with different marker-based identifiers. (a) Manual annotation, (b) MarkerCount, (c) Garnett,
and (d) SCINA. The UMAP plots were computed using dimension-reduced version of the gene expression matrix.
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6. Availability of software and datasets

The python code and the example in Jupyter notebook were
deposited to Github, available at https://github.com/combio-dku/
MarkerCount/tree/master (Project name: MarkerCount, license:
GPL 3.0, Operating system(s): Platform independent, Programming
language: python 3, other requirement: None). The datasets used
in this work can be freely downloaded from the internet: two lung
datasets from the human cell atlas, https://www.humancellatlas.
org/, and others from the gene expression omnibus https://www.
ncbi.nlm.nih.gov/geo/ (GEO). The full codes and datasets for repro-
ducing results are available at figshare and can be downloaded at
https://figshare.com/articles/journal_contribution/MarkerCount_-
cell_type_identification_results/14865918.
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