
Precision Clinical Medicine , 2025, 8 : pbaf011 

DOI: 10.1093/pcmedi/pbaf011 
Research Article 

A benchmarking study of copy number v aria tion 

inference methods using single-cell RNA-sequencing 

data 

Xin Chen, 1 , 2 , 3 ,‡ Li Tai Fang, 4 ,‡ Zhong Chen, 1 ,2 Wanqiu Chen, 1 ,2 Hongjin W u, 1 Bin Zhu , 5 Malcolm Moos, Jr, 6 Andrew Farmer, 7 

Xiaowen Zhang, 8 Wei Xiong, 9 Shusheng Gong, 9 Wendell Jones , 10 Christopher E. Mason, 11 Shixiu W u, 12 , * Chunlin Xiao, 13 , * 

Charles Wang 1 ,2 , * 

1 Center for Genomics, School of Medicine, Loma Linda University, Loma Linda, CA 92350, USA 

2 Department of Basic Sciences, School of Medicine, Loma Linda University, Loma Linda, CA 92350, USA 

3 Discovery and Exploratory Statistics, AbbVie Bioresearch Center, Worcester, MA 01605, USA 

4 Bioinformatics Research Engineering, Freenome Holdings Inc., South San Francisco, CA 94080, USA 

5 Division of Cancer Epidemiology and Genetics, National Cancer Institute, National Institutes of Health, 9609 Medical Center Drive, Bethesda, Maryland 20892, 
USA 

6 Center for Biologics Evaluation and Research, Office of Cellular Therapies and Human T issues, U .S. Food and Drug Administr ation, Silv er Spring, Maryland 20993, 
USA 

7 Takara Bio USA, Inc., San J ose , C A 95131, USA 

8 Department of Otolaryngology, the First Affiliated Hospital of Guangzhou Medical University, Guangzhou 510182, China 
9 Department of Otolaryngology, Beijing Friendship Hospital, Capital Medical University, Beijing 100050, China 
10 IQVIA Laboratories Genomics, Durham, NC 27703, USA 

11 Department of Physiology and Biophysics, Weill Cornell Medicine, New York, NY 10065, USA 

12 Quzhou Hospital, Wenzhou Medical University, Quzhou 324000, China 
13 National Center for Biotechnology Information, National Library of Medicine, National Institutes of Health, Bethesda, MD 20894, USA 

∗Corresponding authors: Shixiu Wu, E-mail: wushixiu@medmail.com.cn ; Chunlin Xiao, E-mail: xiao2@ncbi.nlm.nih.gov ; Charles Wang, E-mail: chwang@llu.edu 
‡ Xin Chen and Li Tai Fang contributed equally to this work. 

Abstract 
Bac kground: Single-cell RN A-sequencing (scRN A-seq) has emerged as a powerful tool for cancer resear c h, enabling in-depth c har acter- 
ization of tumor heterogeneity at the single-cell le vel. Recently, se ver al scRN A-seq copy n umber v ariation (scCNV) infer ence methods 
have been developed, expanding the application of scRNA-seq to study genetic heterogeneity in cancer using transcriptomic data. 
However, the fidelity of these methods has not been investigated systematically. 

Methods: We benchmarked fiv e commonl y used scCNV inference methods: Hone yB ADGER, Cop yKAT, CaSpER, inferCNV, and sci- 
CNV. We evaluated their performance across four different scRNA-seq platforms using data from our pr evious m ulticenter study. We 
evaluated scCNV performance further using scRNA-seq datasets deri v ed fr om mixed samples consisting of five human lung adeno- 
carcinoma cell lines and also sequenced tissues from a small cell lung cancer patient and used the data to validate our findings with 

a clinical scRNA-seq dataset. 

Results: We found that the sensitivity and specificity of the five scCNV inference methods varied, depending on the selection of 
r efer ence data, sequencing depth, and read length. CopyKAT and CaSpER outperformed other methods overall, while inferCNV , sciCNV , 
and CopyKAT performed better than other methods in subclone identification. We found that batch effects significantly affected the 
performance of subclone identification in mixed datasets in most methods we tested. 

Conclusion: Our benchmarking study r ev ealed the str engths and w eaknesses of eac h of these scCNV infer ence methods and pr ovided 

guidance for selecting the optimal CNV inference method using scRNA-seq data. 

Ke ywords: scRN A-seq; RN A-seq; copy n umber v ariation (CNV) infer ence; scRN A-seq CNV methods; benc hmarking 
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Introduction 

Genetic heterogeneity, both inter-tumor and intra-tumor, has 
been re ported extensi vely in various cancer types [ 1–6 ]. Copy 
number variation (CNV) plays a crucial role in cancer de v elop- 
ment and pr ogr ession by amplifying oncogenes or inactivating tu- 
mor suppressor genes [ 7–10 ]. CNV is an important parameter for 
c har acterizing inter-tumor and intra-tumor heterogeneity. While 
recent studies have highlighted the impact of somatic CNVs on 

gene expression levels in bulk cell analyses [ 11–13 ], the relation- 
ship between single-cell genetic and transcriptional heterogeneity 
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emains unclear . The rapid development of single-cell RNA and
NA sequencing technologies [ 14–18 ] has allowed r esearc hers to
tudy this question dir ectl y. Ho w e v er, sim ultaneous assessment of
N A and DN A information from the same cell remains technically
hallenging, limiting studies [ 19 , 20 ] that integrate subpopulations
 har acterized by transcript abundance and genetic alterations at
ingle-cell resolution. 

To address this challenge, several methods have been de- 
 eloped r ecentl y to infer CNVs from single-cell RNA sequenc-
ng (scRN A-seq) data: HoneyB ADGER [ 21 ], inferCNV [ 22 ], sciCNV
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 23 ], CaSpER [ 24 ], and CopyKAT [ 25 ]. These methods enable the
ntegr ated anal ysis of RN A and DN A at the single-cell le v el.
oneyBADGER [ 21 ] utilizes a hidden Markov model (HMM) in-

egrated with a Bayesian method for CNV detection, providing
oth expression-based and allele-based CNV inference. Like the
xpression-based method, HoneyBADGER [ 21 ], inferCNV [ 22 ] im-
lements a similar strategy for CNV detection but uses differ-
nt data de-noising, smoothing, and normalization strategies and
onsiders more CNV states in a transition matrix for CNV detec-
ion. sciCNV [ 23 ] calculates an expression disparity score com-
ined with another score that assesses concordant expression
hanges in contiguous genes to identify CNV. CaSpER [ 24 ] adopts a
ignal processing approach, performing multiscale smoothing of
oth gene expression and allele frequency, integrating these two
ypes of data for CNV detection. CopyKAT [ 25 ] uses a statistical

odel to identify and c har acterize cellular subpopulations, while
onsidering technical noise and biological variation in gene ex-
ression for assessing cell-to-cell variation. All five methods claim
o be able to detect both large-scale and focal CNVs. Ho w e v er,
hese methods have not been e v aluated compr ehensiv el y with
cRNA-seq data derived from different platforms under different
equencing settings and clinical applications. 

Here we carried out a compr ehensiv e study to assess the ef-
ects of scRNA-seq platform, sequencing depth, and bioinformat-
cs algorithm on scRNA-seq CNV analysis. First, we assessed the
ensitivity and specificity of the five CNV inference methods using
cRNA-seq data derived from a multicenter benchmarking study
n the cell lines (HCC1395/HCC1395BL) based on different scRNA-
eq platforms and sequencing depths. We e v aluated v arious fac-
ors including cell numbers, read lengths, read depths, and ref-
rence data for the four scRNA-seq platforms. Second, we e v alu-
ted the accuracy of tumor subpopulation identification of each
cCNV inference method using a scRNA-seq dataset derived from
ixed samples consisting of five human lung adenocarcinoma

ell lines . T he accurac y w as assessed b y comparing estimated tu-
or subpopulations and known cell lines using metrics such as
djusted Rand Index (ARI) [ 26 ], Fo wlkes-Mallo ws index (FM) [ 27 ],
ormalized Mutual Information (NMI) [ 28 ], and V-Measure [ 29 ].
inall y, we gener ated a clinical dataset to v alidate our findings.
v er all, we found that the five methods exhibited large discor-
ance. CaSpER and CopyKAT showed better performance in terms
f sensitivity and specificity in CNV inference using scRNA-seq
ata, whereas inferCNV and CopyKAT exhibited the best perfor-
ance for identifying tumor subpopulations in the data derived

rom a single scRNA-seq platform. Howe v er, the expr ession-based
NV infer ence methods suc h as inferCNV , CaSpER, sciCNV , and
op yKAT w er e highl y affected by batc h effects (e.g., scRNA-seq
latform) when estimating tumor subpopulations using datasets
eriv ed fr om m ultiple platforms. Our e v aluation, based on the
linical dataset, sho w ed that CaSpER and Cop yKAT outperformed
ther methods in terms of sensitivity and specificity of CNV infer-
nce. Ho w e v er, r egarding subpopulation identification, inferCNV
nd CopyKAT ac hie v ed mor e accur ate r esults. Our findings r e-
ealed the limitations of the current CNV inference methods us-
ng scRNA-seq data and provided some guidelines for de v eloping
ew ones. 

ethods 

atasets used in our study 

e used three different data sets, including scRNA-seq data from
 m ulticenter benc hmark study [ 30 ], scRNA-seq data fr om mixed
uman lung adenocarcinoma cell line samples [ 31 ], and the ne wl y
enerated clinical human small cell lung cancer data. These
atasets were as follows. 

cRN A-seq da tasets from a multicenter study 

e used the scRNA-seq datasets from our previous multi-center
enc hmarking study, whic h wer e obtained fr om a human br east
ancer cell line (HCC1395) vs. the matc hed “normal” contr ol B
ymphocyte cell line (HCC1395BL) from the same donor [ 30 , 32–
5 ]. The scRNA-seq datasets were generated from four scRNA-seq
latforms including two full-length tr anscript tec hniques: Flu-

digm C1 (r eferr ed to as C1) and Takara Bio’s ICELL8 (referred to
s ICELL8), and two tag-based 3’-transcript techniques: 10x Ge-
omics (hereafter referred to as 10x) and Fluidigm C1 HT (here-
fter r eferr ed to as C1 HT). Detailed methods describing how
he scRNA-seq data were generated were described in our previ-
us publication [ 30 ]. The multi-center scRNA-seq fastq raw data
s available in the SRA repository with the access code #: PR-
NA504037. 

cRN A-seq da ta fr om mix ed human lung 

denocarcinoma cell line samples 

e also used the Tian et al. scRNA-seq dataset [ 31 ], derived from
ixed samples consisting of either three or five human lung

denocarcinoma cell lines, to mimic tumor subpopulations [ 31 ].
hese datasets were generated using three tag-based techniques:
0x, CEL-seq2, and Drop-seq. The detailed methods on how these
ixed scRNA-seq data were generated can be found in the Tian

t al paper [ 31 ]; these data are available under GEO SuperSeries
SE118767. 

linical human small cell lung cancer data 

issue collection: All sample collection, patient consent, and pa-
ient recruitment follo w ed Institutional Review Board (IRB) plat-
orms a ppr ov ed by the Hangzhou Cancer Hospital, Hangzhou,
hina. The samples were obtained from a 59-year-old male with
n initial diagnosis of left lung cancer by a chest computed tomog-
 a phy (CT) scan. The patient underwent further CT-guided lung
iopsy yielding three pieces of cancer tissue (0.2 ×1.5 cm/each)
or pathology examination with hematoxylin and eosin (HE) stain-
ng, which confirmed a diagnosis of stage 4 small cell lung cancer
SCLC) with liver and bone metastasis . T he patient then received
 hemother a py. A 10 ml blood sample was obtained as control. One
ancer tissue sample was stored at -80 ◦C, and the other two tissue
amples were used immediately for single-cell isolations. When
he patient r ela psed after c hemother a p y, tw o pieces of cancer tis-
ue (0.2 ×1.5 cm/eac h) wer e obtained by CT-guided lung puncture.
ne sample was stored at -80 ◦C, the other was used for single-
ell isolations. For the tissue collections both during the primary
nd r ela pse periods, adjacent normal tissues (3 perforated tissues)
ere also obtained from the patient; these were also subject to
E staining and pathology confirmation as peritumoral normal

issues. 
Bulk cell WGS: genomic DN A (gDN A) w as extr acted fr om the

r esh fr ozen tissues using the Qia gen QIAamp DNA mini kit (Qia-
en, Germany) according to manufacturer’s instructions . T he DNA
ample quality and integrity were evaluated by A260/A280 ratio
nd a gar ose gel electr ophor esis . T he concentration of gDN A w as
etermined by Nanodrop 2000 (Thermo, USA) and Qubit 3.0 (Life
ec hnologies, USA). WGS libr aries wer e constructed using the Il-
umina Tru-seq Nano DNA HT Sample Prep kit with 0.5 μg gDNA
ollowing the manufacturer’s procedure and sequenced on an Il-
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lumina X10, paired end (PE, 150 bpx2) with 30x cov er a ge. The fastq 

sequencing data were deposited in the SRA database, under SRA 

number SRP149859. 
Single cell isolation: The tissues were digested with collagenase 

IV (Sigma Aldrich, Shanghai, China), at 37 ◦C for 30 min, washed 

in phosphate-buffered saline, and then diluted to 1000 cells/ml.
Single cells were isolated using a micromanipulation system [ 36 ].

Single-cell RNA-seq (scRNA-seq): cDN As w ere amplified from 92 
primary tumor cells and 39 r ela pse tumor cells using the SMART- 
seq2 kit as described pr e viousl y [ 37 ]. scRNA-seq libr aries wer e 
constructed with 1 ng amplified cDNA using the Nextera XT DNA 

Libr ary Pr epar ation kit (Illumina, San Diego, CA, USA) following 
the manufacturer’s protocol. The scRNA-seq libraries were se- 
quenced with 20M reads per cell on an Illumina X10 with PE reads,
150 pbx2. The fastq sequencing data were deposited in the SRA 

database, under SRA number SRP149859. 
Single-cell WES (scWES): Single-cell genomic DNA obtained 

from 69 primary tumor cells and 76 r ela pse tumor cells were am- 
plified with the Qiagen REPLI-g Single Cell kit (Qiagen, Shanghai,
China) as described pr e viousl y [ 36 ]. Exome ca ptur e was performed 

on amplified DNA from each single cell using the Agilent SureSe- 
lect Clinical Research Exome panel (Agilent Technologies, Shang- 
hai, China) following the manufacturer’s instructions . T he Agilent 
SureSelect Clinical Research Exome panel targets a 54 Mb region 

including gene exons . T he ca ptur ed DN As w ere purified using AM- 
Pure XP beads (Beckman Coulter). The scWES libraries were se- 
quenced on an Illumina X10 with PE reads, 150 bpx2, with 200x 
cov er a ge for each cell. The fastq sequencing data were deposited 

in the SRA database, under SRA number SRP152993. 

Human reference genome 

The r efer ence genome and tr anscriptome wer e downloaded fr om 

the 10X website as r efdata-cellr anger -GRCh38-1.2.0.tar .gz. This 
r efer ence corr esponds to the GRCh38 genome and Ensmebl v84 
tr anscriptome. All data anal yses wer e performed using this r efer- 
ence genome and transcriptome. 

Preprocessing of scRNA-seq data 

For 10x data, the raw fastq data were processed using CellRanger 
(v2.1.0 and v3.1.0) to generate gene count matrices. In the Cell- 
Ranger pipeline, cellranger count was used with all default pa- 
rameter settings. 

For C1, C1-HT, and ICELL8 data, the quality of the raw fastq data 
was assessed by fastqc. cutadapt (v1.9.1) was used for trimming 
and filtering. Bases with quality less than 10 were trimmed from 

5’ and 3’ ends of reads. Reads less than 20 bases were excluded 

fr om further anal ysis. STAR (v2.5.4b) with default par ameter set- 
tings was used for alignment to generate bam files. featureCounts 
(v1.6.1) was used to generate gene counts per cell with all default 
parameter settings. 

For T ian’ s Drop-seq and CEL-seq2 data, umitools (v1.0.0) was 
used to process the raw fastq data and generate gene count ma- 
trices. In the umitools pipeline, ‘umi_tools whitelist’ with de- 
fault parameter settings was used to generate a list of cell bar- 
codes for downstream analysis. ‘umi_tools extract’ was used to 
extract the cell barcodes and filter the reads if the phred se- 
quence quality of the cell barcode bases was < 10 or UMI bases 
< 10 (options: –quality-filter-threshold = 10 –filter-cell-barcode). 
STAR was used for alignment to generate bam files containing 
the unique mapped reads (option: outFilterMultimapNmax 1). 
For gene counting, featureCounts was used to assign reads to 
genes and generate a BAM file (option: -R BAM). Finally, ‘umitools 
ount’ (options: –per -gene –gene-tag = XT –per -cell –wide-format- 
ell-counts) was used for the sorted BAM files to generate gene
ount per cell matrices. 

NV inference methods 

eterozygous SNP identification for HoneyBADGER: Three het- 
r ozygous SNP r efer ence sets wer e used in the HoneyBADGER
llele-based method. For SNPs sourced from ExAC, common het- 
r ozygous v ariants in Variant Call Format (VCF) wer e extr acted
rom the database . T hese variants underwent filtering to include
nly common SNPs with a minor allele frequency (MAF) greater 
han 10%. 

Consensus Single Nucleotide Pol ymor phisms (SNPs) identified 

rom 63 HCC1395BL WGS samples follo w ed the data processing
nd VCF extraction guidelines outlined in a reference paper [ 34 ].
he same variant filtering strategy was applied to obtain the final
NP r efer ences. 

In one WES sample, the fastq files were trimmed using cutadapt
v1.9.1). Reads less than 20 bases were excluded from further anal-
sis . T he trimmed fastq files were aligned to the human r efer ence
enome (GRCh38) using BWA MEM (v0.7.13). Duplicates wer e r e-
oved using Picard tools (v1.141). Indel realignment and quality 

cor e r ecalibr ation wer e performed using GATK v3.8.1. Germline
eter ozygous v ariants wer e identified using GATK’s Haplotype-
aller, follo w ed b y variant quality score recalibration. The same
 ariant filtering str ategy was a pplied to obtain the final SNP r ef-
rence set. 

HoneyBADGER: For expression-based analysis (HoneyBADGER- 
xpr ession), the log-tr ansformed counts per million (CPM) were 
sed as input, and the following gene filtering par ameters wer e
pplied: Genes with mean expression lo w er than 1 CPM in both
est and control samples, genes with mean expression lo w er than
.5 CPM in the test sample, or genes with mean expression lo w er
han 2.6 CPM in the control sample wer e filter ed fr om further
nalysis. 

For the allele-based analysis (HoneyBADGER-allele), SNPs with 

reater than 0.05 deviation from the expected 0.5 heterozygous 
llele fraction were excluded from for further analysis. 

InferCNV: The inferCNV analysis involved the following steps: 
denoise” was performed using the default hidden Markov model 
HMM) settings, with a “cutoff” value of 0.1 for tag-based platforms
nd 1 for full-length platforms . T he “subcluster” method was ap-
lied to infer the subcluster cells using the “r andom_tr ees” parti-
ion method. The default p-value of 0.05 was used to determine
ut-points in the hier arc hical tr ee. 

CaSpER: B AFExtract w as used to obtain B AF for each bam file
f the scRNA-seq data. The log-transformed counts per million 

CPM) were used as gene expression matrices . T he CaSpER anal-
sis was performed in “single-cell” mode, with expressed genes 
ltered out when their expression was less than 0.1. 

sciCNV: The gene count matrices were normalized using the 
TAM2 normalization method de v eloped by the same group.
he sciCNV analysis was performed on the normalized gene 
xpression matrices with default parameter settings . T he sci-
NV scores per gene per cell were calculated for further
nalysis. 

Cop yKAT: Cop yKAT analysis w as performed using default pa-
ameter settings. 

ytoband-based CNV comparison 

n the cytoband-based CNV comparison, we started by defining 
he ground-truth CNVs based on their cytoband locations . T his
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llo w ed us to generate total events, positive events, and negative
 v ents, and further calculate sensitivity and specificity. We con-
ider ed CNVs r eported fr om the two r efer ence pa pers [ 7 , 38 ] as
otal e v ents. To determine the positiv e e v ents, we identified the
NVs that ov erla pped between the total e v ents and the CNVs

dentified in the WGS data using subHMM. The CNVs that did not
v erla p wer e consider ed negativ e e v ents. 

Due to the variations in CNV output among the five scCNV in-
erence methods, we converted the CNV output into gene-based
NVs for downstream analysis . T his in volved assigning CNVs to
enes at the single cell le v el if they ov erla pped with the genomic
egion of the CNVs. Subsequently, we defined consensus gene-
ased CNVs if the genes were called in more than 10% of the cells.
sing the cytoband location of gene-based CNVs and the ground

ruth, we calculated sensitivity and specificity. ROC curves were
enerated based on the consensus gene-based CNVs with differ-
nt cell percentage cutoffs ranging from 5% to 100%. 

ell type identification for Tian’s data 

o determine the cell types identified in T ian’ s scRNA-seq data,
e initially obtained bulk RNA-seq data from the five lung cancer

ell lines (GSE64098) [ 39 ]. We performed a differential gene ex-
r ession anal ysis on this bulk RNA-seq data to identify the top 5
ene marks for each of the five cell lines. 

For scRN A-seq datasets, w e applied the standar d pr epr ocessing
nd clustering steps using the Seur at pac ka ge . T he identified gene
arks for each of the cell lines from the bulk RNA-seq data were

sed as inputs to generate feature plots to determine the cell lines
or estimated clusters. 

etric score calculation 

o calculate the four metric scores (ARI, FM, NMI, and V-Measure),
e used se v er al R pac ka ges: fossil (v0.4.0), dendextend (v1.13.4),
ricode (v1.0.0), and infotheo (v1.2.0). Each of these packages was
sed for specific calculations related to the four metrics. To cal-
ulate the scor es, hier arc hical clustering was performed on the
utputs of the five CNV inference methods . T hen the metric scores
ere calculated based on the cluster labels in hierarchical cluster-

ng and the true cell type labels or batch labels. Here is a descrip-
ion of the hier arc hical clustering a ppr oac h used for each CNV
nference method: 

� HoneyB ADGER: hierar chical clustering was applied to the
posterior probability of each CNV in each cell. 

� inferCNV: tumor subclustering was used to obtain hier arc hi-
cal clustering results. 

� CaSpER: hier arc hical clustering was a pplied to smoothed
genome-wide gene expression data. 

� sciCNV: hier arc hical clustering was applied to sciCNV scores
deriv ed fr om the method. 

� CopyKAT: the default hier arc hical clustering pr ovided by the
CopyKAT method was used. 

etrics to e v alua te r are subpopula tion 

dentification 

o e v aluate the performance of the fiv e scCNV infer ence meth-
ds in identifying r ar e subpopulations, w e emplo y ed three met-
ics: percentage of successful runs, number of clusters required
o identify the r ar e cell subpopulation (r eferr ed to as number of
lusters), and the proportion of cells labeled as rare subpopulation
ells (r eferr ed to as cell pr oportion). 
We used hier arc hical clustering to estimate clusters. We con-
tructed a contingency table comparing the estimated cluster la-
els with the cell line labels. Initially, we set the estimated number
f clusters to three and gr aduall y incr eased the number of clus-
ers until we obtained one cluster that included only the rare sub-
opulation cells . T he upper limit of the number of clusters was set
t 30. If the number of clusters exceeded 30, the run was consid-
red a failure. 

To ensur e r obustness, we performed 10 runs for the same
ataset using each scCNV inference method, considering the
MM a ppr oac h emplo y ed in these methods . T he percentage of

uccessful runs r epr esented the number of successful runs out
f 10 repeated runs for each dataset and scCNV method. The cell
roportion metrics indicated the proportion of rare subclonal cells
ithin the estimated cluster compared with the total number of
 ar e subclonal cells. 

a ta av ailability 

he datasets generated and analyzed (multi-center scRNA-seq
ata) in the current study are available in the SRA repository with
he access code #: PRJNA504037, and the following URL: https:
/ www.ncbi.nlm.nih.gov/ bioproject/ PRJNA504037 

T he ra w data from the Tian et al. mixture scRNA-seq data for
he five lung cancer cell lines are available under GEO SuperSeries
SE118767, and the following URL: https://www.ncbi.nlm.nih.gov/
eo/ query/ acc.cgi?acc=GSE118767 

T he ra w data for human SCLC is available in the SRA repository
ith the accession code #: SRP152993 (scWES and bulk cell WGS),
RP149859 (scRNA-seq) and the following URL: https://trace.ncbi.
lm.nih.gov/ Traces/ ?view=study&acc=SRP15299 

https://trace .ncbi.nlm.nih.go v/Tr aces/?vie w=study&acc= 
RP149859 

ode availability 

he algorithms and code for our bioinformatics analyses have
een published pr e viousl y ( https:// github.com/ xchen004/ CNV _

nfer ence _ benc hmark ). 

esults 

verall study design and associated datasets 

o e v aluate the sensitivity and specificity of the CNV infer-
nce methods, we utilized scRNA-seq data deriv ed fr om our
r e vious m ulti-center benc hmarking study, whic h used pair ed
umor/normal samples from a human breast cancer cell line
HCC1395, r eferr ed to as Sample A) and a matched “normal” con-
rol cell line derived from B lymphocytes (HCC1395BL, referred
o as B) from the same donor [ 30 , 32–35 ]. Four scRNA-seq plat-
orms w ere emplo y ed [ 30 ], including tw o full-length transcript
echniques: Fluidigm C1 (referred to as C1) and Takara Bio’s ICELL8
r eferr ed to as ICELL8), as well as two tag-based 3’-transcript tech-
iques: 10x Genomics (hereafter referred to as 10x) and Fluidigm
1 HT (hereafter referred to as C1 HT) (Fig. 1 A). In our study, we
rst determined the CNVs for the breast cancer cell line based on
he bulk cell whole-genome sequencing (WGS) and we detected
umerous CNVs [ 34 , 35 ]. Ho w ever, to increase the stringency and
o make a conserv ativ e c hoice about whic h of these ar e most likel y
rue positive CNV events, we chose only the 79 CNVs which were
lso reported by Zack et al. [ 7 ] to be highly recurrent in breast
ancers (e.g., the amplification of the MYC oncogene at 8q24.21)

https://www.ncbi.nlm.nih.gov/bioproject/PRJNA504037
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE118767
https://trace.ncbi.nlm.nih.gov/Traces/?view=study&acc=SRP15299
https://trace.ncbi.nlm.nih.gov/Traces/?view=study&acc=SRP149859
https://github.com/xchen004/CNV_inference_benchmark
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(A)

(B)

(C)

Figure 1. Study design of the scCNV benchmark analysis . T he top panel (A) illustrates the evaluation scheme for sensitivity and specificity of scCNV 

detection using the scRNA-seq datasets (10x, C1-HT, C1, and ICELL8 full-length) of a breast cancer cell line vs. the paired B-cell line derived from the 
same donor, which was generated from our previous multicenter benchmarking study. The middle panel (B) illustrates the evaluation scheme for 
accuracy of subclone identification using the mixed scRNA-seq data from the Tian et al. study derived from a mixture including either three or five 
human lung adenocarcinoma cell lines. Drop-seq_3cl, scRNA-seq data from the mixed three human lung adenocarcinoma cell lines; CEL-seq2_3cl, 
scRNA-seq data from the mixed three human lung adenocarcinoma cell lines; 10x_3cl, 10x scRNA-seq data from the mixed three human lung 
adenocarcinoma cell lines; and 10x_5cl, 10x scRNA-seq data from the mixed five human lung adenocarcinoma cell lines . T he lower panel (C) 
illustrates the application of scCNV methods to a human small cell lung cancer (SCLC) scRNA-seq dataset (20M read/each cell, full-length transcript, 
SMART-seq2) including 92 primary SCLC single cells and 39 r ela pse SCLC single cells, plus scWES and bulk cell WGS from primary SCLC and relapsed 
tumoral tissues as well as peri-tumoral normal tissues. 
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as ground truth (based on biology with high stringency) for our 
e v aluation study. Of these 79 CNVs (34 gains and 45 losses), 26 
CNVs (11 gains and 15 losses), whic h wer e identified in our breast 
cancer cell line using subHMM [ 40 ] based on bulk cell WGS, were 
regarded as true positive events, and the remaining 53 CNVs were 
consider ed negativ e e v ents. 

To examine the accuracy of tumor subpopulation identifica- 
tion, we used the Tian et al. scRNA-seq dataset [ 31 ], derived from 

samples consisting of mixtures of either three or five human lung 
adenocarcinoma cell lines to mimic tumor subpopulations [ 31 ].
These datasets were generated using three tag-based techniques: 
10x, CEL-seq2, and Drop-seq (Fig. 1 B). 
To e v aluate the clinical r ele v ance and to v alidate our r esults
ased on the above cell line data, we generated a clinical dataset
eriv ed fr om a human small cell lung cancer (SCLC) whic h is com-
rised of scRNA-seq data from 92 primary SCLC single cells (20M
 eads/cell, full-length tr anscript, SMART-seq2) and 39 r ela pse
CLC single cells (20M reads/cell, full-length transcript, SMART- 
eq2), as well as single-cell whole-exome sequencing (scWES, 200x 
ov er a ge/cell) fr om 69 primary SCLC single cells, 76 r ela pse SCLC
ingle cells, and 10 peri-tumoral normal lung single cells plus bulk
ell whole-genome sequencing (WGS, 60x cov er a ge/eac h) data
rom the primary tumor tissue, relapse tumor tissue, and peritu-

oral tissue (Fig. 1 C). 
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(D)

(A) (B) (C)

(E)

(F) (G) (H)

Figure 2. Sensitivity, specificity, and consensus e v aluation of scCNV inference methods. ( A-C ) Sensitivity and specificity of scCNV inference methods 
applied to four different scRNA-seq plus bulk-cell RNA-seq data sets, considering ( A ) all 79 CNVs, ( B ) CNV gains, and ( C ) CNV losses. ( D ) CaSpER and ( E ) 
Cop yKAT sho wing the CNV identifications based on 79 highl y r ecurr ent CNVs detected using data deriv ed fr om four differ ent scRNA-seq platforms 
along with the corresponding bulk-cell RNA-seq and bulk-cell WGS datasets. ( F-G ) Consensus CNVs identified between any two platforms by ( F ) 
CaSpER and ( G ) CopyKAT . Y -axis refers to the ARI. Each box represents the ARI between CNV identification status of the x-axis labeled platform and 
other platforms. ( H ) ROC curves of CaSpER and CopyKAT applied to four different scRNA-seq platforms along with bulk-cell RNA-seq dataset. 
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ensitivity and specificity of CNV inference by 

cCNV methods 

ytoband-based CNV comparison was used for the e v aluation
see “Methods”). Briefly, 79 highly recurrent CNVs [ 7 ], as described
bo ve , were considered as total events . T hese included 34 CNV
ains and 45 losses that were denoted by their cytoband loca-
ions. CNVs (at cytoband le v els) identified by subHMM [ 40 ] in
he WGS data were used as ground truth to assess sensitivity
nd specificity of scCNV callers using scRNA-seq data. Among
hese 79 highly recurrent CNVs, 26 CNVs (11 CNV gains and 15
NV losses) identified in the WGS data wer e consider ed positiv e
 v ents, while the r emaining 53 CNVs wer e consider ed negativ e
 v ents. In this study, fiv e scCNV methods, inferCNV, CaSpER, Copy-
AT, sciCNV, and HoneyBADGER (both expression- and allele-
ased) wer e a pplied to scRNA-seq datasets deriv ed fr om four dif-
erent scRNA-seq platforms (Fig. 1 A) to identify CNVs and fur-
her annotated at cytoband le v els (see “Methods”). In addition,
e also applied these five scCNV methods to the bulk RNA-seq
ata (as a control for e v aluation) but found that only CaSpER and
opyKAT could identify CNVs successfully. We included the re-
ults of bulk RNA-seq as a control for these two methods in the
 v aluation. 
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(A) (B)
(C)

(D) (E) (F) (G)

(K)(J)(I)
(H)

Figure 3. Sensitivity and specificity of scCNV inference methods under multiple conditions. (A) Sensitivity and specificity of the four scCNV inference 
methods using three reference datasets. Each box represents the sensitivity or specificity of the x-axis labeled method applied to four scRNA-seq 
platforms. (B-C) ROC curves of CaSpER ( B ) and CopyKAT ( C ) applied to four scRNA-seq platforms using three different reference datasets. ( D-K ) ROC 

curves of CaSpER ( D-G ) and CopyKAT ( H-K ) applied to four scRNA-seq platforms . T he reads of each scRNA-seq data set were down sampled to specific 
read depths . 
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Ov er all, CaSpER and CopyKAT showed better performance than 

the other scCNV methods (Fig. 2 A). These two methods did not 
show significant performance differences across the four scRNA- 
seq platforms. To compare the performance of scRNA-seq data 
deriv ed fr om four differ ent platforms in mor e detail, we gener- 
ated Receiv er Oper ating Char acteristic (ROC) curv es based on the 
consensus CNVs identified using different cell percentages (see 
“Methods”, Fig. 2 H). The results are consistent with the above find- 
ings, with CaSpER performing slightly better in Fluidigm C1 data,
while both methods exhibited less favorable performance with 

the Fluidigm C1-HT data. We extended the e v aluation to CNV 
ains and losses separ atel y (Fig. 2 B, C) and observed differences
n performance between CaSpER and CopyKAT. In CNV gains,
opyKAT significantly increased sensitivity but slightly sacrificed 

pecificity compared to CaSpER, except with the Fluidigm C1-HT 

ata (Fig. 2 B). In CNV loss, the performance of the two methods
 as scRN A-seq data platform dependent. CaSpER outperformed 

opyKAT in both sensitivity and specificity with scRNA-seq data 
eriv ed fr om Fluidigm C1 and 10x platforms, whereas CopyKAT
ho w ed better specificity with the ICELL8 scRNA-seq data (Fig. 2 C).
n addition, CopyKAT performed better at detecting CNV gains 
han CNV losses. It outperformed in sensitivity and specificity, or
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oth with the four different platform derived scRNA-seq data sets
Fig. 2 B, C). The sta gger ed bar c harts (Fig. 2 D, E) illustrate the con-
istency of the 79 highly recurrent CNVs identified across the five
ifferent data sets, including the bulk RNA-seq data, for CaSpER
nd CopyKAT, r espectiv el y. 

In Figure 2 D and E, consensus CNVs were defined as those iden-
ified in all five datasets, while lo w-concor dance CNVs were iden-
ified in two or fewer platform derived data sets. CopyKAT de-
ected more lo w-concor dance CNVs than CaSpER in both CNV
ains (9 vs. 6) and CNV losses (12 vs. 4). Most of these low-
oncordance CNVs (5 in CNV gains, 7 in CNV losses) originated
rom the bulk RNA-seq data, indicating a larger number of falsely
dentified CNVs, which contributed to the lo w er specificity com-
ared with CaSpER (Fig. 2 B, C). In terms of consensus CNVs, Copy-
AT detected more CNV gains (9 vs 4), but the number was compa-
able for CNV losses (14 vs 13) compared with CaSpER, resulting in
igher sensitivity for CNV gains across the three scRNA-seq data

C1, 10x, and ICELL8). 
To assess the consistency of scCNV identification across data

eriv ed fr om differ ent scRN A-seq platforms, w e measured the
imilarity of CNV detection status using the ARI. Box plots of
RI between a selected platform derived data and any one of the
ther platform derived data were generated for CaSpER (Fig. 2 F)
nd CopyKAT (Fig. 2 G). The bulk RNA-seq data were also in-
luded as a control for ARI analysis . T he Fluidigm C1-HT and
ulk RN A-seq sho w ed the lo w est consistenc y for CaSpER and
opyKAT (Fig. 2 F, G, Supplementary Fig. 1A -D), suggesting that

hese methods may not perform optimally for Fluidigm C1-HT
nd bulk RNA-seq data. The ROC curves (Fig. 2 H) confirmed the
ubpar performance of these two methods for Fluidigm C1-HT
nd bulk RNA-seq data. We also e v aluated the consistency be-
ween any two platforms for CNV gains and losses. In CaSpER,
o significant difference was observed between CNV gains and
NV losses ( Supplementary Fig. 1E ). In CopyKAT, the ARI score was
igher for CNV gains ( Supplementary Fig. 1F ), indicating better
erformance. 

ffect of scRNA-seq CNV detection using 

ifferent RNA-seq reference datasets 

efer ence data ar e r equir ed as contr ols to perform scCNV in-
erence for CNV calling. In our e v aluation, we examined thr ee
iffer ent r efer ence datasets using the four scCNV infer ence
ethods, excluding HoneyBADGER due to its extr emel y low

ensitivity. 
For this e v aluation, we used the following three reference

atasets: scRNA-seq data from sample B (HCC1395BL), bulk RNA-
eq data from sample B (HCC1395BL), and bulk RNA-seq data
r om normal br east tissue in the GTex database [ 41 ]. Twelv e cases
n total wer e e v aluated for each scCNV method when three ref-
rence datasets and four scRNA-seq platforms were considered.
n general, sensitivity decreased significantly in all scCNV in-
erence methods (except inferCNV) across four scRNA-seq plat-
orms when the two bulk RNA-seq r efer ence data sets were
sed (Fig. 3 A). Ho w e v er, when using bulk RNA-seq data from the
Tex database, most scCNV methods sho w ed lo w er sensitivity
nd/or specificity (Fig. 3 A). The findings highlight the importance
f selecting an a ppr opriate r efer ence dataset. Ideall y, a matc hed
cRNA-seq dataset from normal cells is preferred. If scRNA-seq
ata are una vailable , a matched bulk RNA-seq dataset can serve
s the next best alternative. 

We analyzed the performance of CaSpER and CopyKAT with
he three reference datasets in more detail since the two meth-
ds sho w ed the better balance between sensitivity and specificity.
he ROC curves of CaSpER (Fig. 3 B) and CopyKAT (Fig. 3 C) sug-
ested that both methods performed better with scRNA-seq ref-
rence data than with bulk RNA-seq r efer ence data. Ho w e v er,
hen using the two bulk RNA-seq r efer ence datasets (Fig. 3 B-C),
aSpER failed to call concordant CNVs with high cell percentages
 Supplementary Fig. 2 ), resulting in the a ppar ent low sensitivity
n the ROC curves in 6 out of 8 cases. Of these six scenarios, more
han 57% of CNVs could be called in fewer than 5% of cells . T his re-
ulted in only a limited number of concordant CNVs being called
n a high percentage of cells ( Supplementary Table 1 ). In contrast,
hen using Cop yKAT, few er than 21% of CNVs were called in less

han 5% of the cells in the 8 scenarios using the same RNA-seq
 efer ence datasets ( Supplementary Table 1 ).”

he effect of read length and read depth of 
cRNA-seq on scCNV inferences 

o assess the impact of read length and read depth, we fo-
used on CaSpER and CopyKAT. We e v aluated fiv e differ ent r ead
engths (50bp , 75bp , 100bp , 125bp , and 150bp) and read depths
50k, 100k, 250k, 500k, and 1M). For CopyKAT, the ROC curves did
ot exhibit noticeable differ ences acr oss fiv e r ead lengths and
v e r ead depths (Fig. 3 H-K, Supplementary Fig. 4 ). Conv ersel y, for
aSpER, the R OC curves w ere affected substantially by both read

ength and de pth, exce pt for the Fluidigm C1 platform (Fig. 3 D-G,
upplementary Fig. 3 ). The AUCs corresponding to the iCELL8, C1-
T, and 10x platforms sho w ed dr astic decr eases at specific com-
inations of read length and read depth (Fig. 3 G, Supplementary
ig. 3F -I, K, M, N, Q). Ho w e v er, the ROC curv es wer e not monoton-
call y r elated to the r ead depth or r ead length. Further anal ysis
 e v ealed that the unstable performance was due to use of differ-
nt B-allele frequencies (BAFs) files at different read lengths and
epths, leading to r emarkabl y differ ent BAF shift signal pr ofiles to
all CNVs. 

To validate this presumption, we used 100bp SE data from
he ICELL8 platform ( Supplementary Fig. 3H ). The initial analy-
is ( Supplementary Fig. 3M ) sho w ed high and low AUCs at read
epths of 500K and 1M, r espectiv el y. We r epeated CaSpER anal-
sis on 100bp SE data at five different read depths, but instead
f using the BAF files corresponding to each read depth, we re-
laced them with the BAF files from the read depths at 500K or
M, separ atel y ( Supplementary Fig. 5A ). For simplicity, we named
hese two BAF files as 500K-BAF and 1M-BAF. Consistently low
UCs were observed across the five read depths when the 1M-BAF
le was used. In contr ast, the AUCs incr eased when the 500K-BAF
le was used ( Supplementary Fig. 5A ), indicating that the perfor-
ance of CaSpER was affected by the BAF file. Similar results were

btained when extending the analysis to other cases in ICELL8
125bp SE: 500K-BAF vs 250K-BAF) and Fluidigm C1-HT (100bp SE:
50K-B AF vs 500K-B AF; 125bp SE: 500K-B AF vs 250K-B AF) plat-
orms ( Supplementary Fig. 5B -D). Ov er all, CaSpER was indeed af-
ected by both read length and read depth when using different
AF files. 

ccuracy of scCNV inferred subpopulations 

sing mixed scRNA-seq lung cancer cell line 

atasets 

ne of the major applications of scRNA-seq CNV inference meth-
ds is the identification of tumor subpopulations. To mimic these
ubpopulations, we used a mixed sample scRNA-seq dataset
btained from public database GSE118767 [ 31 ], which consists
f four datasets with mixtures of either three (H1975, H2228,

https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
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F igure 4. Accurac y of subpopulation identification based on scRNA-seq data from a single platform. Four measurement scores, Adjusted Rand Index 
(ARI), Fo wlkes-Mallo ws index (FM), Normalized Mutual Information (NMI), and V-Measure were used to evaluate the accuracy in six datasets . T he 
measur ement scor es wer e calculated between the estimated clusters and the true cell type labels . T he number of clusters estimated was identical to 
the number of true cell types. 
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HCC827) or five (A549, H1975, H2228, H838, HCC827) human 

lung adenocarcinoma cancer cell lines . T he mixed scRNA-seq 

datasets wer e gener ated using thr ee differ ent platforms: Dr op- 
seq, CEL-Seq2, or 10x Genomics. We r eferr ed to the datasets 
as Drop-seq_3cl, CEL-seq2_3cl, 10x_3cl, and 10x_5cl, respec- 
tiv el y. In our e v aluation, we consider ed thr ee or fiv e cancer 
cell lines as the major subpopulations, making the follow- 
ing assumptions: (1) Each cell line comprises relatively ho- 
mogeneous clonal cells; and (2) Different cell lines exhibit 
high heterogeneity. We assessed the performance of the sc- 
CNV inference methods using hierarchical clustering trees, ARI, 
FM, NMI, V-Measure, and number of estimated clusters. We 
consider ed thr ee e v aluation scenarios for subpopulation iden- 
tification based on: a single scRNA-seq platform; combined 

multiple scRNA-seq platforms; or rare subpopulation infer- 
ence. 

Subpopulation inference based on data from a single scRNA- 
seq platform 

In this scenario, we e v aluated the scCNV inference methods in- 
dividually on the four datasets. We processed the Drop-seq and 

CEL-seq2 datasets using umitools (v1.0.0), while both Cell Ranger 
V2 and V3 were used to process 10x_3cl and 10x_5cl datasets.
This resulted in a total of six gene count matrices (referred to 
as datasets) for e v aluation. Methods that ac hie v ed higher ARI,
FM, and V-Measur e scor es wer e consider ed to hav e better per- 
formance. HoneyBADGER-expr ession (expr ession-based method) 
could not identify CNVs in any of the 10x datasets, so it was not 
considered further in the evaluation. Similarly, HoneyBADGER- 
allele (allele-based method) was not considered further in the 
 v aluation for 10x_5cl datasets. We found that inferCNV, sci-
NV, and CopyKAT performed better than CaSpER or HoneyBAD- 
ER (Fig. 4 ). inferCNV outperformed sciCNV and CopyKAT in the
0x_5cl datasets, suggesting its ability to identify cell subpop- 
lations in more complex and heterogeneous scenarios (Fig. 4 ).
nother notable finding was that sciCNV was less affected by
0x_3cl datasets processed by the two Cell Ranger pipelines (Fig. 4 ,
upplementary Fig. 6C , D). The metrics scores of the two 10x_3cl
atasets were similar in sciCNV but not in inferCNV or CopyKAT

Fig. 4 ). Inter estingl y, we observ ed that most of the additional low
NA content cells called by Cell Ranger V3 were HCC827 cells (631
ut of 636 cells). In the case of inferCNV and Cop yKAT, hierar chical
lustering failed to merge the HCC827 cells called by Cell Ranger
2 and V3 ( Supplementary Fig. 6A , B, E, F). Instead, these methods

reated the low RNA content HCC827 cells as a unique subpopula-
ion. To assess the ambient RNA contamination le v els in 10x_3cl
nd 10x_5cl datasets, we conducted a contamination test [ 1 , 42 ]
nd found that the additional cells called by Cell Ranger V3 in-
r oduced ele v ated contamination ( Supplementary Fig. 6G ). These
ndings indicated that inferCNV and CopyKAT may not be good
ptions for low-quality data, as these methods might be sensi-
ive to gene expression changes in individual cells, leading to false
NV identification. Ov er all, when used with a single platform, in-

erCNV , sciCNV , and CopyKAT performed well to identify cell sub-
opulations. 

ubpopulation inference based on combined datasets from 

ultiple scRNA-seq platforms 
atc h effects ar e a common issue in scRNA-seq analysis [ 30 ].
e simulated a test dataset with strong batch effects by com-

https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
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(A) (B) (C)

(F)(E)(D)

(I) (J) (K)(H)

(N) (O)(M)(L)

(P) (Q)

(G)

F igure 5. Accurac y of subpopulation identification based on scRNA-seq data from multiple platforms. ( A-C ) The ARI scores between true cell types or 
batches and the clusters estimated by the five CNV inference methods applied to the dataset ( A ) before, and ( B ) after limma, or ( C ) after ComBat batch 
corr ections. ( D-Q ) Hier arc hical clustering of the fiv e CNV infer ence methods a pplied to the dataset befor e and after batc h corr ection. The bottom bars 
r epr esent the true cell line labels and batch labels . T he HoneyBADGER scCNV method was e v aluated separ atel y based on either expr ession or allele. 
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ining datasets from different platforms. To create the com-
ined dataset, we included all cells in the Drop-seq_3cl and
EL-seq2_3cl datasets and r andoml y selected 250 cells from
ach of the 10x_3cl and 10x_5cl (processed by Cell Ranger V2)
atasets, resulting in a combined dataset consisting of 943 cells.
n this scenario, we tested the fiv e scCNV infer ence methods on
he combined dataset and e v aluated batc h-based metrics. Well-
erforming methods exhibited a strong association between the
lusters identified and the true cell lines, but a weak association
ith batch (defined by different scRNA-seq datasets or platforms).
he HoneyBAGDER methods were less affected by batch effects,
specially for the allele-based method, which achieved the best
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balance between cell line and batch based metric score when the 
number of clusters was five (Fig. 5 A, P, Q). On the contrary, infer- 
CNV, CaSpER, sciCNV, and Cop yKAT w er e highl y affected by batc h 

effects (Fig. 5 A, D-G, Supplementary Fig. 5A , D, G). To impr ov e their 
performance, we a pplied batc h corr ection methods befor e CNV in- 
fer ence. We observ ed incr eased cell line-based metric scor es, and 

decr eased batc h based metric scor es for all four scCNV infer ence 
methods (especially inferCNV and CopyKAT) after applying Com- 
Bat batc h corr ection (Fig. 5 I, O). Ther efor e, for subpopulation in- 
ference in the scRNA-seq data combined fr om m ultiple scRNA- 
seq datasets or platforms, inferCNV or CopyKAT combined with 

ComBat batch correction were the recommended options for in- 
ferring cell subpopulations. Ho w e v er, it should be noted that the 
batc h corr ected gene expr ession data may affect the accur acy of 
CNV detection. If the batch correction methods were not used, the 
HoneyBADGER methods, especially the allele-based HoneyBAD- 
GER, performed the best. 

Rare cell subpopulation identification from the mixed lung 

cancer cell scRNA-seq datasets 
In this scenario, we tested the sensitivity of five methods in iden- 
tifying r ar e cell subpopulations using thr ee scRNA-seq datasets 
from the mixed lung cancer cell lines: Drop-seq_3cl, CEL-seq2_3cl,
and 10x_5cl [ 31 ]. To simulate a rare cell subpopulation, we se- 
lected a low percentage of cells from one specific cell line for 
e v aluation [ 31 ]. The experimental design details ar e pr ovided in 

Supplementary Table 2 . In summary, for Drop-seq and CEL-seq2,
we r andoml y selected a total of 100 cells from the three cell lines,
with H2228 cells r epr esenting the r ar e cell subpopulation at low 

percentages (1%, 2%, 5%, and 10%). For 10x_5cl, we considered 

H1975 cells as the r ar e cell subpopulation and expanded the de- 
sign to consider a total of 200, 500, and 1000 r andoml y selected 

cells. HoneyB ADGER w as not e v aluated on 10x_5cl data due to its 
poor performance on that dataset. 

Since the scCNV inference methods used Hidden Markov Mod- 
els (HMM) to infer CNVs, there might have been a slight variation 

in the CNVs generated between different runs, which could in- 
fluence cluster accuracy. To account for this, we repeated each 

scCNV inference method 10 times for the same dataset. We used 

three metrics to evaluate the performance: percentage of success- 
ful runs, number of clusters r equir ed to identify the r ar e cell sub- 
population, and proportion of cells labeled as the rare cell sub- 
population (see “Methods”) 

The results of the evaluation are presented in Supplementary 
Table 3 . Ov er all, inferCNV performed the best. CopyKAT and 

CaSpER performed similarly, though CopyKAT slightly outper- 
formed CaSpER in most cases. sciCNV and HoneyBADGER are not 
recommended for identifying rare cell subpopulations. 

We then focused primarily on evaluating inferCNV. For Drop- 
seq and CEL-seq2, at least 5% of cells were required for the r ar e 
subpopulation to be identified. For 10x, when the total number of 
cells was small (100 or 200 cells), inferCNV needed at least 5% of 
cells to be in the r ar e population to identify it. Ho w e v er, as the to-
tal number of cells increased, inferCNV exhibited increased sen- 
sitivity and it could identify the r ar e subpopulation cells e v en at 
1% when the total number of cells exceeded 500. A similar trend 

was observed for other scCNV methods as well, indicating that 
the sensitivity of the scCNV inference methods in identifying rare 
cell subpopulations depends on both the percentage and the ex- 
act number of r ar e cells. For inferCNV, if the total number of cells 
exceeded 500, r ar e cells could be detected when pr esent at least 
1%. If the total number of cells decreased to 200 or lo w er , a per - 
centage of 5% or higher was required for accurate identification. 
NV detection using scRNA-seq data deri v ed 

rom a clinical SCLC stud y. 
o further validate our findings, we compared CNVs detected by
our methods (excluding HoneyBADGER) using a clinical dataset 
f human small cell lung cancer (SCLC). Similarly, we used CNVs
dentified by subHMM in WGS data from primary and relapse
amples of the same patient as the ground truth. For the compar-
son of cytoband-based CNVs, we considered 54 highly recurrent 
NVs (denoted as cytobands) from a r efer ence pa per [ 7 , 38 ] as the

otal e v ents . T hese c ytobands w ere divided into 27 CNV gains and
7 CNV losses. In the primary scRN A-seq SCLC data, w e observed
esults similar to our e v aluation (Fig. 6 A); CaSpER and CopyKAT
xhibited the best performance in terms of sensitivity and speci-
city. Ho w e v er, in the r ela pse data, these two scCNV inference
ethods sho w ed lo w specificity. This discrepanc y might be at-

ributed to the selection of the 54 highl y r ecurr ent CNVs, whic h
ere detected mainly in primary SCLC samples. In the evaluation
f subpopulations, the results were consistent with the conclu- 
ions dra wn abo ve . inferCNV and CopyKAT outperformed other
ethods and were able to cluster primary and r ela pse cells with

igh accuracy (Fig. 6 B-E). 

iscussion 

n this study, we e v aluated the capability of five scCNV inference
ethods across 8 datasets r epr esenting differ ent scRNA-seq plat-

orms including both tag-based and full-length transcript scRNA- 
eq technologies [ 30 , 43 ]. We also applied the methods to a clini-
al dataset for validation. Two major aspects wer e consider ed in
he e v aluation, accur acy (sensitivity and specificity) of inferr ed
NVs and accuracy of subclones identified. To e v aluate the accu-
acy of inferred CNVs, the CNVs identified by WGS data were used
s ground truth [ 7 , 34 , 35 ]. In the evaluation, four different fac-
ors were considered: number of cells, normal reference samples,
ead length, and sequencing depth. We observed large variations 
f CNVs inferred by the five scCNV inference methods, resulting
n quite different sensitivity and specificity (Fig. 2 A-C). HoneyBAD-
ER was the most conserv ativ e method; it identified the fewest
NVs and had the lo w est sensitivity and highest specificity. infer-
NV and sciCNV sho w ed opposite patterns in terms of sensitivity
nd specificity, indicating either high false negative or low true
ositiv e r ate. CaSpER and CopyKAT ac hie v ed the best balance be-
ween sensitivity and specificity. 

The r efer ence dataset affected scCNV infer ence r esults. Ov er-
ll, the best performance was ac hie v ed using scRNA-seq r efer ence
ata (Fig. 3 A). When the two bulk RNA-seq r efer ence datasets were
sed, CopyKAT outperformed other methods (Fig. 3 A-C). Further- 
ore, we confirmed that CopyKAT worked extr emel y well for tag-

ased scRNA-seq platforms, especially the 10x platform, with all 
hr ee normal r efer ence datasets (Fig. 3 C). We speculate that this
as because CopyKAT was originally trained on 10x scRNA-seq 

ata during de v elopment, and ov er 90% of our testing data wer e
rom this platform. Also, we found that CaSpER was not robust
ith differ ent r ead depths/lengths since the method r equir es BAF

ignal pr ofiles, whic h may v ary significantl y with differ ent r ead
epths/lengths. 

We found it interesting that CaSpER led to inconsistent sensi-
ivity and specificity at different read depths of the same sample
Fig. 3 G, Supplementary Fig. 3 ). We belie v e the inconsistency was
ue to a lar ge v ariation in BAF shift thr esholds estimated fr om dif-
erent BAF signal profiles at each read depth. For example, in the
CELL8 125bp case, we found the highest BAF shift thresholds at a

https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
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(A)

(B) (C)

(E)(D)

Figure 6. Evaluation of scCNV inference methods using a clinical small cell lung cancer (SCLC) dataset. ( A ) Sensitivity and specificity of the four 
scCNV inference methods applied to primary and relapse SCLC datasets. ( B-E ) Hierarchical clustering of the four scCNV inference methods applied to 
the SCLC dataset. 
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ead depth of 250K as compared with the other four read depths
 Supplementary Table 4 ). In the CaSpER algorithm, the estimation
f BAF shift threshold was critical for CNV filtering. The high BAF
hift thr eshold r esulted in a lar ge number of filter ed CNVs and
ow sensitivity. In our analysis, we used only the recommended
arameter settings to extract BAF. A better fine-tuning of param-
ters in the current BAF extracting algorithm or developing a bet-
er BAF extracting algorithm might improve CaSpER analysis sub-
tantially. 

Batch effects pose a significant challenge in scRNA-seq
atasets, and it is critical to perform a batch effect correction
o the scRNA-seq data using a ppr opriate methods, as thor oughl y
 v aluated in our pr e vious study [ 30 ]. Most batch effect correction
r integration methods for scRNA-seq focus on grouping the same
ell types fr om differ ent batc hes to enhance cell type clustering.
o w e v er, these methods typicall y do not modify the original gene
xpression data but rather produce low-dimensional embeddings
or clustering purposes . T his a ppr oac h is not suitable for CNV in-
er ence, whic h r elies on the r aw gene expr ession data for CNV
etection. Curr entl y, the primary option for correcting batch ef-
ects in CNV inference is to a ppl y tools like ComBat or limma. For
e wl y de v eloped scRNA-seq CNV infer ence methods, it is essen-
ial to account for batch effects and incorporate them as a factor
ithin the model to ensure accurate CNV calling. 

https://academic.oup.com/pcm/article-lookup/doi/10.1093/pcmedi/pbaf011#supplementary-data
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In terms of subpopulation identification, inferCNV and Copy- 
KAT sho w ed better performance with scRNA-seq data from a 
single platform than with data derived from multiple platforms 
using the mixed samples [ 31 ]. Ho w e v er, with m ultiple plat- 
forms, all methods except HoneyB ADGER w er e deepl y affected 

by batch effects [ 30 ]. We tested two batc h corr ection methods,
limma [ 44 ] and ComBat [ 45 ], which were designed for bulk RNA- 
seq, and found ComBat impr ov ed the performance of inferCNV 

and CopyKAT dr amaticall y. The r ecentl y de v eloped scRNA-seq 

batc h corr ection methods seemed not to w ork w ell with cur- 
rent scRNA-seq CNV inference methods because most of them 

onl y pr ovided embedding matrices or normalized gene expres- 
sion matrices instead of batc h corr ected gene expression ma- 
trices [ 30 ]. Since batch effects strongly affected the scRNA-seq 

CNV infer ence methods, we belie v e it is essential to de v elop 

nov el scRNA-seq batc h corr ection methods that ov ercome this 
limitation. 

Computational efficiency is critical for single cell analysis be- 
cause current scRNA-seq techniques can generate gene expres- 
sion data from a few hundred to hundreds of thousands of sin- 
gle cells. In our study, we tested the dataset used in the “mul- 
tiple platform inference” section with a total of 943 cells and 

further down sampled to 100, 200, and 500 cells. Since infer- 
CNV supports m ulticor e running, we e v aluated differ ent num- 
bers of cores (1, 5, 10, and 20) to run inferCNV. All runs were 
conducted on a server with 2x Intel Xeon E7-8860 CPUs at 2.2 
GHz, 384 GB memory. CopyKAT r equir ed the least computa- 
tional time. HoneyBADGER-allele based method r equir es an ex- 
cessiv el y long time ( > 24 h) when 500 or more cells wer e anal yzed 

( Supplementary Fig. 7 ). CaSpER and HoneyBADGER-expression 

based methods r equir ed less time compared with inferCNV with 

less than 20 cores. inferCNV benefited a lot from multicore 
running, especially when the number of cells increased. With 

943 cells, the three methods CaSpER, HoneyBADGER-expression, 
and inferCNV (with 20 cores) had similar computational time 
( ∼ 2 h). 

Conclusions 

We observ ed lar ge differ ences in performance between the five sc- 
CNV inference methods evaluated. CaSpER and Cop yKAT sho w ed 

better sensitivity and specificity, while inferCNV and CopyKAT 

were the best for identifying tumor subpopulations using scRNA 

data derived from a single platform compared with the scRNA-seq 

data from multiple platforms derived from a mixture of scRNA- 
seq datasets [ 31 ]. Ho w e v er, the expr ession based scCNV infer ence 
methods such as inferCNV, CaSpER, sciCNV, and Cop yKAT w ere 
highly affected by batch effects when estimating tumor subpop- 
ulations in mixed samples using multiple platforms. In the clini- 
cal application, CaSpER and CopyKAT outperformed other meth- 
ods in terms of sensitivity and specificity. Regarding subpopula- 
tion identification, inferCNV and CopyKAT ac hie v ed better perfor- 
mance . T he o v er all performance and our recommendations on se- 
lecting scCNV method inference methods using scRNA-seq data 
wer e pr esented in Supplementary Table 5 . Our findings addr ess 
the limitations of the current methods and provide guidance for 
de v eloping ne w ones. 
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