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Abstract 1 

Background: HBV-HCC is heterogeneous and frequently contains multifocal tumors.  To interrogate 2 

heterogeneity of HBV-HCC, we developed a HBV genome enriched single cell sequencing (HGE-scSeq) 3 

procedure and a computational method to identify HBV integration sites and infer DNA copy number 4 

variations (CNVs).   5 

Results: We performed HGE-scSeq on 269 cells from 4 tumor sites and 2 tumor thrombi of a HBV-HCC 6 

patient.  HBV integrations were identified in 142 out of 269 (53%) cells sequenced, and were enriched in 7 

two HBV integration hot spots chr1:34,397,059 (CSMD2) and chr8:118,557,327 (MED30/EXT1).  There 8 

were also 162 rare integration sites. HBV integration sites were enriched in DNA fragile sites and 9 

sequences around HBV integration sites were enriched for microhomologous sequences between human 10 

and HBV genomes. Cells were grouped into 4 clonal groups based on CNVs. The HBV integration 11 

heterogeneity was associated with single cell’s CNVs. All of 269 cells carried chromosome 1q 12 

amplification, a recurrent feature of HCC tumors, suggesting that 1q amplification occurred before HBV 13 

integration events in this case study.  Further, we performed simulation studies to demonstrate that the 14 

sequential events (HBV infecting transformed cells) could result in the observed phenotype with 15 

biologically reasonable parameters.  16 

Conclusion: Our HGE-scSeq data reveals high heterogeneity of HCC tumor cells in terms of both HBV 17 

integrations and CNVs.    18 

Keywords: Hepatocellular Carcinoma, Hepatitis B virus integration, Enriched single cell sequencing, 19 

Copy number variation, Clonal evolution. 20 



 

Background 21 

Hepatocellular carcinoma (HCC) is ranked as the third most lethal cancer worldwide [1], and 54% 22 

of HCC cases originate from chronic Hepatitis B Virus (HBV) infection [2].   During HBV infection, a 23 

small fraction of viral replication is in double-stranded linear DNA (dslDNA) form, which can be inserted 24 

into the host genome at double-stranded break points [3]. HBV integrations only occur in early phase of 25 

HBV infection [3, 4]. HBV integration into the human genome is one of the most important etiological 26 

mechanisms of HBV inducing HCC [5].  Recurrent HBV integrations are identified by sequencing studies 27 

[6-11].   28 

HBV-HCC tumors are of high heterogeneity in terms of HBV DNA integration patterns and 29 

somatic genomic alterations, and the heterogeneity associates with prognosis and drug response in HBV-30 

HCC [12].  Both empirical and simulation studies show that only integration events of high allele 31 

frequency can be detected at a given sequencing depth [9, 13].  It is expensive to implement whole 32 

genome sequencing (WGS) with high sequencing depth in a large scale study in general. HIVID (high-33 

throughput Viral Integration Detection) by Li et al. [14] describes an efficient way to accurately detect 34 

HBV integration in the whole genome.  Regions containing virus genome sequences are enriched in the 35 

process of preparing DNA library so that the genomic regions to be sequenced are remarkably smaller 36 

than the whole human genome. Recently, HIVID has been applied in sequencing of a large number of 37 

HBV-HCC samples [15] as well as in detecting Human papillomavirus (HPV) integration sites [16]. 38 

DNA single cell sequencing has demonstrated its power in studying tumor clonal expansion and 39 

tumor heterogeneity.  Navin et al. [17] first introduce DNA single cell sequencing technique in tumor 40 

evolution study. Although only 6% of genome is covered due to limitation of whole genome 41 

amplification technique (Sigma-Aldrich GenomePlex WGA4 kit), computational methods have been 42 

developed to accurately estimate DNA copy number variations (CNVs). Zong et al. [18] proposed the 43 

multiple annealing and looping-based amplification cycles (MALBAC) for whole genome sequencing.44 



 

Both GenomePlex and MALBAC are extensively reviewed and compared with multiple displacement 45 

amplification (MDA) under different circumstances [19-26] due to the vital importance of Whole 46 

Genome Amplification (WGA) in DNA single cell sequencing. However, none of WGA methods perform 47 

consistently best in all situations. Some studies suggest MDA as the approach [20, 21, 23] while other 48 

studies disagree [19]. In general, studies [24-26] indicate that MDA performs well in terms of single-49 

nucleotide variations detection and CNVs detection. Single cell sequencing has been used in studying 50 

human brain cells [27],  kidney cancer [28], lung cancer [29], bladder cancer [30], JAK2-negative 51 

myeloproliferative neoplasm [31], and individual’s gamete genomes [32]. More recently, Wang et al. [33] 52 

and Leung et al. [34] significantly improved the WGA technique by sequencing cells under G2/M stage 53 

when the cell has two times DNA material comparing to other stages. The coverage width has been 54 

increased to 91%, which makes it possible to study the single nucleotide variation at single cell level [33, 55 

34]. 56 

With single cell sequencing technology advances, several open questions of HBV-HCC 57 

tumorigenesis need to be re-examined.  (1) What is the frequency of HBV integration?  The frequency of 58 

HBV integration is estimated in the range of 1 in per 1000 hepatocytes [35, 36]. The expected frequency 59 

of 2 HBV integrations in one hepatocyte is ~10-6 , a unlikely event under a normal condition as suggested 60 

in literature [3].  As HBV integrations occur in early phase of HBV infection [3, 4], HBV integrations 61 

will not increase during tumorigenesis. Thus, multiple HBV integrations occurred in one hepatoma cell is 62 

highly unlikely as well.  However, there are HBV-HCC cell lines with multiple integrations [37, 38].  A 63 

single cell genome sequencing study also indicates that there are 5-6 HBV integrations in a cell, which are 64 

also identified by bulk tissue WGS [39].   It is shown that tumor-initiating cells are more prone to HBV 65 

integration due to genome instability [40].  It is possible that integration frequency is much higher in cells 66 

prone to double-stranded breaks [41].   (2) What is the role of HBV integrations, initiating tumorigenesis 67 

or accelerating clonal expansion of tumor-initiating cells?  (3) Clonal relationship among multifocal 68 

HBV-HCC tumors in terms of HBV integrations and CNV patterns?    69 



 

To address these questions, we aimed to examine cells from a HBV-HCC patient with multifocal 70 

tumors and metastasis using single cell genomic sequencing technique.  One of the limitations with 71 

sequencing studies on HBV integration is the low coverage of HBV reads.  It is expensive to sequencing 72 

whole genomes at high depth for a large number of single cells. In this paper, we present a proof-of-73 

concept study based on HBV genome-enriched Single cell sequencing (HGE-scSeq) approach to identify 74 

the heterogeneity of HBV integrations and genomic alterations in HBV-HCC tumor cells at the single cell 75 

level (Figure 1). The approach has potential to achieve two goals: to yield a high coverage at HBV-76 

integration sites for HBV integration identification and to generate shallow genome-wide sequencing for 77 

CNV estimation.  We performed HGE-scSeq and WGS on a HBV-HCC cell line MHCC97H, and 78 

validated HGE-scSeq results using the WGS data. We then performed HGE-scSeq on 269 cells from 4 79 

independent tumor sites and 2 tumor thrombi from a HBV-HCC patient (Supplementary Figure S1) and 80 

HBV genome-enriched bulk sequencing data on 4 corresponding adjacent normal tissue samples. HBV 81 

virus sequences were detected in 205 of 269 cells, and HBV integrations were identified in 142 cells. In 82 

total, 471 integration events corresponding to 164 unique integration sites were observed. Two integration 83 

hot spots, chr1:34,397,059 (CSMD2) and chr8:118,557,327 (MED30/EXT1), were detected in 100 and 84 

121 cells, respectively. And we showed that these genes affected tumor cell growth experimentally [42].  85 

In addition, we estimated CNVs based single cell sequencing data and showed that all 269 cells contained 86 

1q amplification, a recurrent feature of advanced HCC [43].  Based cell’s CNVs, we further clustered 269 87 

cells into 4 clonal groups. Our result of this HBV-HCC case suggests that (1) there were multiple HBV 88 

integrations per cell, the integration frequency was much higher than 1 integration per 1000 cells, 89 

suggesting there were cells of genome instability before HBV infection; (2) there were heterogeneities in 90 

both HBV integrations and CNVs at the single cell level; (3) multifocal tumors and tumor thrombi had a 91 

common origin with common CNV and HBV integration patterns.  To show the scenario is reasonable, 92 

we performed a series of simulation studies to demonstrate that the proposed sequential events resulted in 93 

observed phenotypes with biologically reasonable parameters. 94 



 

Results 95 

Identification of HBV integration sites and estimation of CNVs in HBV-HCC cell line MHCC97H 96 

MHCC97 is a HBV positive, highly metastatic HCC cell line [44]. MHCC97H is further isolated from 97 

MHCC97 due to its higher metastatic potential [45].  We characterized MHCC97H by WGS with 98 

1,485,306,632 100bp pair-end reads. After read QC [13] (Methods), 1,308,162,600 reads were mapped to 99 

human genome with average 42.2 folds coverage.  CNVs of MHCC97H were estimated based on the 100 

WGS data.  Read counts were normalized and corrected for GC content.  CBS [46] was used to infer the 101 

segmentation. CNVs of MHCC97H were also measured using SNP arrays (GSE38326 [47]).   The copy 102 

number amplifications based on WGS and SNP arrays were similar (correlation γ=0.96, Supplementary 103 

Table S1, Supplementary Figure S2).  104 

We performed HGE-scSeq on 5 MHCC97H cells.  For each cell, 32,253,536 (in average) reads 105 

were generated (Supplementary Table S2).   After read QC (Methods), 10,336,455 (in average) reads 106 

were included in further analysis. Among them, 19,717 (in average) contained sequences in HBV genome, 107 

and 5,452,432 (in average) were mapped to human genome (Supplementary Table S2).    108 

 109 

HBV integration sites 110 

For the WGS data, we applied the pipeline as described previously [13] and set the threshold of 111 

supporting reads (one soft clipped read or 2 adjacent reads). Total 5 HBV integration sites were identified 112 

(Supplementary Table S3). For HGE-scSeq data, 22-69 integration sites were identified in each cell, 113 

resulting total 176 unique integration sites (Methods, Supplementary Table S4).  If treating WGS and 114 

HGE-scSeq data derived integration sites that were within 5000bp as the same sites, 57 of HBV 115 

integration sites based on single cell data matched with 4 integration sites based on WGS (Highlighted in 116 

Supplementary Table S4).  Each cell had 2-4 integrations common with the integrations identified by 117 

WGS.  Among 176 HBV integration sites, 41 were identified in at least 2 cells (Supplementary Table S4).  118 



 

 119 

CNV estimations 120 

Even though sequencing libraries were enriched for HBV genome sequences, on average 52.97% of reads 121 

were mapped to human genome and 2.68% of human genome covered with at least one read. Some 122 

regions were covered by multiple reads.  Numbers of reads at each locus across human genome followed 123 

a Poisson distribution (Supplementary Figure S3, chi-seq test, p-value 0.98). And the loci covered by 124 

reads in multiple cells were enriched in copy number amplified regions defined by WGS (Supplementary 125 

Figure S4).  To check whether there were any genome feature differences between human genome 126 

regions with and without mapped reads, we first constructed a Fisher machine prediction model [48] to 127 

distinguish HBV and human genomes (Supplementary Figure S5A, Methods).  Then, we applied the 128 

Fisher machine to quantify sequence feature differences between genome regions with and without 129 

mapped reads. There was no clear difference between human genome regions with and without mapped 130 

reads (Supplementary Figure S5 B&C). These results together suggest that HGE-scSeq reads dispersed 131 

randomly across human genome.   132 

We developed a method to infer CNVs based on HGE-scSeq data (Methods) and applied it to 133 

infer CNVs of MHCC97H cell line.  The inferred CNVs based on HGE-scSeq data were consistent with 134 

WGS and SNP array data (correlation γ=0.85-0.92 and 0.8-0.88, respectively, Supplementary Table S1, 135 

Supplementary Figure S2).  136 

 137 

Heterogeneity of MHCC97H cells 138 

A single cell genomic sequencing study of HepG2 cells suggests that HepG2 cells are heterogeneous in 139 

term of CNVs [49], and the variation of CNVs among cells are consistent with transcription level 140 

variations at the CNV regions, suggesting the variations are unlikely due to random errors in single cell 141 

sequencing.  Our HE-scSeq data of MHCC97H cells were not identical in terms of both HBV integrations 142 

and CNVs at the single cell level.  The variations could be due to errors introduced during genome 143 

multiplication and sequencing or due to true heterogeneity of cells in a cell line. Multiple HBV 144 



 

integrations were identified in more than one cell, suggesting these HBV integrations were unlikely 145 

resulted from random sequencing errors.  As HBV integrations only occur in early phase of HBV 146 

infection [3, 4], the results suggest that the rare integrations might not have any impact on cell 147 

proliferation so that the composition of cells with different HBV integrations was stable during cell 148 

passage. 149 

 150 

HGE-scSeq of multifocal HBV-HCC tumors 151 

HGE-scSeq was applied to 269 cells from 6 sites (Supplementary Figure S1).  HBV virus sequence reads 152 

were detected in 205 out of 269 cells (detailed in Methods, Figure 2A). HBV assemblies were close to 153 

HBV isolate G247-B3 (an example of pileup of sequencing reads is shown in Supplementary Figure S6).  154 

It is worth to note that HBV sequencing reads from normal tissues contained reads covering the whole 155 

HBV genome (Supplementary Figure S6A).   In contrast, the HBV virus assemblies from all single cells 156 

missed most of the HBV genomic region encoded for X protein (Supplementary Figure S6B).   157 

 158 

Heterogeneity of HBV integrations 159 

Among the 205 cells with HBV sequence reads detected, HBV integrations were detected in 142 cells 160 

(detailed in Methods). A total 471 integration events were identified (Supplementary Table S5, which 161 

corresponds to 164 unique integration sites (Supplementary Table S6). The HBV integration sites were 162 

not evenly distributed across the human genome (Figure 2B).  There were two integration hot spots, chr1: 163 

34,397,059 (CSMD2) and chr8:118,557,327 (MED30/EXT1), where the integration events were identified 164 

in 100 and 121 cells, respectively (Figure 2B). With regard to HBV genome, most of HBV integrations 165 

located in HBVgp2_S, HBVgp3_X and HBVgp4_Precore/Core proteins (Supplementary Figure S7A) 166 

with the integrations at the hot spot on human chr1 mapped to HBVgp3_X while the ones at the hot spot 167 

on chr8 mapped to HBVgp4_Precore/Core. The distribution of HBV integration sites across HBV 168 

genome is shown in Supplementary Figure S7B. On average 3.32 integration events were detected in each 169 



 

cell.  Based on HBV integration profile, cells were clustered into two groups with one group only 170 

carrying integrations at the hot spots and the second group carrying extra rare integrations (Figure 2C). 171 

Numbers of sequencing reads for cells in the two groups were similar (Supplementary Figure S8). Most 172 

of integration sites were detected in only in 1 cell. Only 39 integration sites were detected in multiple 173 

cells or multiple tumor sites. The heterogeneity on frequency of HBV integrations across cells and tissues 174 

was observed. All the cells with HBV integration carried at least one of the hotspot integrations. The 175 

HBV integration sites were distributed across 46 genes or gene pairs based on UCSC known genes.  The 176 

integration sites at the two hot spots, chr1: 34,397,059 (CSMD2) and chr8:118,557,327 (MED30/EXT1), 177 

were not reported in previous HBV integration studies (except in this dataset as we previously reported 178 

[42]), but overlapped with multiple fusion events from both cancer cell lines and TCGA [50] 179 

(Supplementary Table S7).   180 

Next, we compared HBV integration patterns in adjacent normal tissues close to the 4 tumor sites. 181 

In total, 17 integration events (Supplementary Table S5) were detected at 13 loci (Supplementary Table 182 

S6) in the four adjacent normal tissues. The numbers of HBV integrations in adjacent normal tissues and 183 

in tumors were not directly comparable as one based on bulk tissue sequencing and one based on single 184 

cell genomic sequencing.  In a loose sense, there were more integration events in tumors than in normal 185 

tissues than tumors, consistent with previous reports [51]. The integration sites at the two hot spots were 186 

also detected in each adjacent normal tissue except that the integration site at chr1 hot spot was not 187 

detected in N1 and chr8 hot spot integration was not detected in N2 (in which only one soft clipped read 188 

was detected and less than the minimum threshold of two soft clipped reads). The integration events at the 189 

two hot spots were the only two recurrent events across 4 adjacent normal tissues. The available 190 

information is not sufficient to distinguish whether HBV integrations at the two hot spots in adjacent 191 

normal tissues were results of clone expansion or diffusion from tumor tissues. Additional information is 192 

needed to inform clonal relationship between cells with HBV integrations at the two hot spots in adjacent 193 

normal and tumor tissues.   194 



 

Properties of HBV integration sites  195 

The mechanism of how HBV genome is integrated into the human genome is still under explored. Hu et 196 

al. [16] observed significant enrichment of microhomologous (MH) sequences at or near 120 HBV 197 

integration sites detected from 31 liver samples from Sung et al [8]. Recently, Zhao et al. [52] sequenced 198 

426 HBV-HCC patients and shows enrichment of microhomologous sequences around the HBV 199 

integration sites as well. All these observations suggest the potential involvement of MH mediated 200 

mechanism in the process of HBV integration. Based on single cell sequencing data we identified 164 201 

unique integration sites. Microhomologous sequences between the human genome and HBV genome (an 202 

example shown in Figure 2D) were enriched at the HBV integration sites (Figure 2E). We also found the 203 

enrichment of integration sites within the common and rare fragile regions [53] (Figure 2F). The 204 

enrichment of microhomologous sequences near HBV integration and enrichment of HBV integration on 205 

fragile region elucidate that the HBV integration is a physical driven process, which is highly related with 206 

the sequence content and corresponding physical characteristics of host genome sequence. 207 

HBV integration hot spots 208 

The two integration hot spots, chr1: 34,397,059 and chr8:118,557,327 locate at the intronic region of 209 

CSMD2 and the intergenic region of MED30-EXT1, respectively. The chr1 hot spot could partially be 210 

explained by microhomology (Figure 2D), which led to loss of CSMD2 expression.  The integration at the 211 

chr8 hot spot resulted over expression of EXT1, which promoted cell growth in vitro and in vivo [42].   212 

Heterogeneity of CNVs 213 

In addition to HBV integration, we estimated each cell’s CNVs based on the HGE-scSeq data (Methods).  214 

The whole human genome was divided into 5000 bins which were then group into 49 super-bins of equal 215 

sizes for visualization purpose.  As expected, most of the bins had normal copy number of DNA (Figure 216 

3A). All cells carried a DNA copy number amplification at chromosome 1q, which is a recurrent feature 217 

of HCC [43] (Figure 3A).  The cells were clustered into 4 clone groups based on CNVs (Figure 3A), each 218 

clone had a distinct pattern of DNA copy number amplifications.  And each clone group contained cells 219 



 

with different types of HBV integrations (Figure 3B). From clones 1 to 4, the ratio of cells carrying rare 220 

integrations decreased.  221 

Clonal evolution and its relationship with HBV integration 222 

Based on CNV pattern, we constructed a phylogenetic tree (detailed in Methods, Figure 4A), which 223 

suggests that clone 1 directly developed from the ancestor. Clone 2 and clones 3&4 were derived from 224 

clone 1, suggesting there were two different evolution directions. The inner node corresponding to the 225 

origin of clone 2 and clones 3&4 as well as the inner node corresponding to the split between clone 2 and 226 

clones 3&4 were annotated in Figure 4A. These inner nodes can be directly linked to CNVs on a specified 227 

region. The root node in the phylogenetic tree corresponded to the cells with CNVs of 1q.  The common 228 

origin of clones 2, 3, and 4 had Chr11 amplification. The regions differentiating clones 2-4 from clone 1 229 

contained potential genomic regions that may associate with the decreasing ratio of rare integration 230 

carrying cells. Cells in clone 2 contained CNVs on Chr11 while cells in clones 3 and 4 contained 231 

additional CNVs at Chr8:118,268,000-146,364,000. More CNVs split clones 3 and 4. Supplementary 232 

Figure S9 is the same as Figures 4A except nodes colored according to cells with hot spot and rare HBV 233 

integrations. It is clear that rare HBV integrations were not randomly distributed in the phylogenetic trees.   234 

To identify the potential CNV regions associated with decreasing number of rare HBV 235 

integrations, we tested the association between CNV and HBV integrations in the clone evolution process 236 

from clone 1 to clones 2-4 and the split between clone 2 and clones 3&4 separately. The significant 237 

regions (Supplementary Table S8) associated with the HBV integration difference between clone 1 vs. 238 

clones 2-4 were enriched for immune related genes (Table 1).  Genes encoding for secretoglobin family 239 

proteins (SCGB1A1, SCGB1D1, SCGB1D2, SCGB1D4, SCGB2A1, and SCGB2A2) were enriched in the 240 

regions (Fold change=50.9, p-value=5.8E-8).  Secretoglobin family 1 proteins have anti-inflammation and 241 

immunomodulation property [54] and are inducible by interferon-gamma [55].  Members (APOA1, 242 

APOA4, APOA5, SAA1, SAA2, and SAA4) of high density liporprotein (HDL) were significantly enriched 243 



 

in the regions (Fold change=32, p-value=8.5E-7).  It has been shown that serum HDL level is reversely 244 

associated with serum HBV DNA level [56].  Similarly, AIM2 inflammasome complex was enriched (p-245 

value=2.8E-5, Fold change=58.4), which contains genes CASP1, CASP4, CASP4 and CASP12.  In 246 

addition, AIM2 locates in chromosome 1q, which was amplified in all cells (Figure 3). AIM2 247 

inflammasome complex is reported contributing to the defend against bacterial and double-stranded 248 

viral DNA [57]. Another annotated inflammasome IPAF complex was enriched (p-value=1.4E-5, Fold 249 

change=70.1). Inflammasome  has been shown to relate to both cancer suppression and promotion under 250 

different context, which is described as “double-edged sword” for cancer development [58]. Serum 251 

amyloid A (SAA) proteins, which were also significantly enriched in the regions (Fold change=115.6, p-252 

value=2.4E-6), interact with inflammasome [59].  For the evolution process separating clone 2 and clone 253 

3&4, significant regions consisting of 48 genes (Supplementary Table S9) were identified.  These genes 254 

were enriched for genes in Urokinase-type plasminogen activator receptor (uPAR) complex (p-255 

value=1.1E-6, Fold change=182.4, Table 2), which  expression is elevated during inflammation and 256 

tissue remodeling [60], again suggesting that tumor cells of different genomic features may have 257 

different ability against HBV replication and HBV insertion.  Also, uPAR expression is associated with 258 

invasiveness of malignant tumor cells [61], which is consistent with the observation that more than 50% 259 

cells in the two tumor thrombi were clones 3 and 4 (Figure 4B). 260 

Clone 2 vs. other clones 261 

Somatic mutation patterns were derived from bulk tissue whole genome sequencing T1-4 tumors, 2 262 

thrombi and a normal tissue [42]. A phylogenetic tree was constructed based the somatic mutation 263 

patterns, which suggested that the largest tumor T1 was the primary tumor and other tumors were derived 264 

from T1 [42].   Even though all tumors were from the same origin, the clonal composition of each tumor 265 

was different.  The proportion of clone 2 cells was significantly higher in T1 than in other tumors (Figure 266 

4B).  To identify differences between clone 2 cells and other cells, we compared CNVs across all bins and 267 

identified 282 bins (consisting of 2246 genes) where clone 2 cells had lower CNVs comparing to cells of 268 



 

other clones.  These genes were enriched in the GO term calcium-dependent cell-cell adhesion (p-269 

value=9.6E-7, Fold enrichment=3.7, 0 3) and chemokine activity (p-value=6.2E-6, Fold enrichment=4.0, 270 

Table 3). N-cadherin promotes cancer cell invasion [62].  Chemokines and their receptors involved in 271 

tumor immunogenicity and aggressiveness [63, 64].   Lower abundance of chemokines and their receptors 272 

might lead to lower potential to metastasis.  These may explain why the fraction of clone 2 cells in the 273 

primary tumor T1 was higher than the fractions in other tumors (Figure 4B). 274 

Simulation of clonal evolution 275 

To assess different clonal evolution scenarios, we performed cell simulations according the birth-death 276 

[65, 66]. We tested a wide range of parameter space, then calculated the posterior of parameters based on 277 

the distance of simulated distribution and the observed data.  A simulation starts from a cell after 278 

malignant transformation. In the observed data (Figure 4A), the root node had to carry the chromosome 279 

1q amplification.  Otherwise, no simulation resulted in the scenario that 100% cells carried the 280 

chromosome 1q amplification.  In each replication cycle, a cell divided or died at the probability Pdiv and 281 

Qdeath, respectively (Figure 5A). The simulations stopped when the total number of cells reached to 107, 282 

corresponding to a tumor of size 0.5cm x 0.5cm x 0.5cm.  First, we simulated clonal evolution due to 283 

CNV changes without HBV integrations. Each novel CNV change likely alters the fitness of the cell and 284 

increases the probability of cell division over the probability of cell death, and the selection coefficient 285 

was noted as SC (Figure 5A). With n CNVs acquired addition to the root event, the division probability 286 

was P(1+SC)n, and the corresponding death probability was 1- P(1+SC)n.  In a normal cell, the DNA copy 287 

number mutation rate (MR) per cell per division is in the range from 10-10  to 3.4*10-6  [67] . We 288 

simulated HCC cells with the copy number mutation rate (5e-6,1e-5,5e-5,1e-4,5e-4,1e-3) and the 289 

selection coefficient (0.01, 0.05, 0.1, 0.2, 0.3) for each additional CNV.  For each simulation, a CNV 290 

among the CNVs in Figure 3A was randomly draw and introduced to the cell according the mutation rate.  291 

With10,000 cell populations simulated and compared with the observed one, the posterior of parameters 292 

(Figure 5B) indicated the parameter combination SC=0.01 and MR=0.001 fitted the observation the best.  293 



 

Next, we performed simulations to examining HBV integrations with the parameter combination 294 

for CNVs fixed as SC=0.01 and MR=0.001 estimated above.  We assumed HBV infection occurred when 295 

the tumor grew to 105 cells and random HBV integrations occurred in 1 out of 50 HCC cells in the tumor 296 

(Figure 6A). Among the HBV integrations, 1% were hot spot integrations, and only cells with hot spot 297 

integrations gained cell growth advantage with the selection coefficient SCHBV in (0.01,0.05, 298 

0.075,0.1,0.2,0.3). Similar as above, the simulations stopped when the total number of cells in the tumor 299 

reached to 107 cells.  For each SCHBV we simulated 2000 cell populations/tumors. Then, we compared the 300 

ratios of cells with HBV integrations among cells in tumors at the end of simulation (Figure 6B). After 301 

HBV acute infection, 2% of cells in the simulated tumor carried HBV integrations (blue line in Figure 302 

6B). When the simulated tumors reached to 107 cells, around 50% of cells carried HBV integrations with 303 

SCHBV in the range between 0.075 and 0.1, close to the ratio 53% observed in the patient data (red line in 304 

Figure 5B).  Similarly, after HBV acute infection, 2x10-4 of cells in the simulated tumor carried HBV 305 

integrations (blue line in Figure 6C).  When the simulated tumors reached to 107 cells, around 50% of 306 

cells carried hot spot HBV integrations with SCHBV in the range between 0.075 and 0.1, close to the ratio 307 

52% observed in the patient data (red line in Figure 6C), indicating the ratios of cells with hot spot HBV 308 

integrations vs. cells with HBV integrations were close to 1 (Figure 6D).   309 

Discussion 310 

HBV genome-enriched single cell sequencing approach can efficiently identify HBV integration sites and 311 

genomic alterations.  We developed a data analysis pipeline for HBV genome enriched single cell 312 

sequencing data. Our analyses revealed both highly recurrent and rare HBV integrations in cells. 313 

Especially, a large number of rare HBV integrations were identified in the single cell sequencing study, 314 

and these rare HBV integrations suggest that HBV genome was randomly integrated at sites according to 315 

physical properties (Figures 2E&2F). The MH enrichment around the HBV integration sites indicates that 316 

MH mediates HBV integrations in general.  The HBV integration frequency here was much higher than 1 317 

integration expected per 1000 cells  [35, 36], suggesting that cells of genome instability (which leading to 318 



 

higher HBV integration frequency [40]) existed before HBV infection.  The result is consistent with the 319 

result that all tumor cells had 1q amplification but not all tumor cells had HBV integrations. Our 320 

simulation studies demonstrated that the event sequence was possible under biological possible 321 

parameters (Figures 6). 322 

There were two HBV integration hot spots (Figure 2C). The integration hot spot chr1: 34,397,059 323 

(CSMD2) could partially be explained by microhomology (Figure 2D). For the HBV integration hot spot 324 

at chr8, EXT1 expressed significantly higher in tumor tissues than in adjacent nonneoplastic liver tissues 325 

(Supplementary Figure S10), and high expression of EXT1 was associated poor prognosis in lung, thyroid, 326 

and cervical cancers in TCGA. EXT1 promoted cell growth in vitro and in vitro [42]. These results 327 

together suggest that the hot spots chr1: 34,397,059 (CSMD2) chr8:118,557,327 (MED30/EXT1) were 328 

likely due to proliferation advantage of cells with these integrations over other cells. 329 

Our analyses indicate that not only HBV integration sites but also CNVs can be identified from 330 

HBV genome-enriched single cell sequencing data.  Both CNV analysis and cell evolution analysis 331 

suggested that 1q amplification was one of driver alternations [43] (Figures 3A and 4A). The 1q 332 

amplification common among all tumor cells based on HBV genome-enriched single cell sequencing data 333 

was consistent with bulk tissue whole genome sequencing data [42].  Although T2-4 and the two thrombi 334 

were derived from T1 [42], our CNV analyses revealed heterogeneity of clone composition at each tumor 335 

site.  All clones were likely to share the same clone origin (Figure 4A).  The clone compositions at T2-4 336 

and the two thrombi sites were different from the composition of the original tumor site T1 (Figure 4B), 337 

likely due to different invasive potentials of each clone, e.g. clones 3 and 4 cells were more likely to 338 

invade to other sites. 339 

There are multiple limitations of the HGE-scSeq approach.  The sensitivity of the approach is 340 

hard to estimate unless an extensive single cell whole genome sequencing was performed as the ground 341 

truth to compare with, which is expensive to do.  Given the uncertainty of the sensitivity, it is not clear 342 



 

whether some tumor cells lacking chr1 or chr8 hot spot integrations were due to capture/sequencing 343 

sensitivity or due to clonal expansion.  We compared two scenarios: (1) the root clone had HBV 344 

integration, which drive tumorigenesis.  In this scenario, all clones should have exact same HBV 345 

integration pattern (as HBV integration occurs only in early phase of HBV integration [3, 4]), which 346 

contradicts with our observation that some clones had more HBV integrations than other (Figure 3B). (2) 347 

the root clone had 1q amplification, and the root clone cells were of genome instability.  Then, HBV 348 

infection occurred and HBV integration in each cell occurred at different sites and at different frequency 349 

depending on cell’s molecular state and genome stability, consistent with our observation (Figure 3B).  350 

The cells in clone 4 were more likely missing the hot spot integrations than the cells in clone 1, 351 

suggesting that no hot spot integration in these cells was unlikely due to the sensitivity of the assay but 352 

due to molecular differences between the clones. 353 

The relationship between CNVs and HBV integrations observed in this case study needs to be 354 

considered as anecdotal until the relationship can be replicated in more patient samples or validated in 355 

vitro experiments that exceeds the scope of this study.     356 

Conclusion  357 

We developed a data analysis pipeline for HBV genome-enriched single cell sequencing data.  HCC 358 

tumor cells were heterogeneous in terms of both HBV integration sites and CNVs. The frequency of HBV 359 

integration observed in the study was much higher than expected.  For the HBV-HCC case in the study, 360 

multifocal tumors and tumor thrombi shared common HBV and CNV patterns, suggesting that they 361 

shared the same tumor origin.   362 

 363 

Methods 364 

Patient and tissue samples 365 



 

The study of tumor cell heterogeneity was approved by the Institutional Review Board of Tongji Hospital, 366 

Tongji Medical College of HUST, in Hubei province, China. The signed written informed consent was 367 

obtained before patients’ recruitment, according to the regulations of the institutional ethics review boards. 368 

The patient and sample information was detailed in Chen et al. [42].  The clinicopathological information 369 

of the patient is summarized in Supplementary Table S10.  In brief, a 47-year-old patient matched with 370 

the research design. Obtained medical history indicated that he had no history of alcohol abuse, 371 

recognized acute hepatitis, mother-to-child transmission of HBV, blood transfusion, or injection drug use. 372 

Tests indicated the patient had a resolved HBV infection (HBs Ab level 884.5 mIU/mL, HBs Ag-negative, 373 

HBc Ab-positive, HBe Ab-positive, HCV Ab-negative, and blood HBV undetectable). MRI revealed a 374 

15cm x 10cm main lesion in the left hepatic lobe and multiple smaller lesions in the right hepatic lobe, all 375 

under 3 cm in diameter (Supplementary Figure S1A). Tumor thrombi involved in the right portal vein 376 

branch (PVTT) and inferior vena cava (IVCTT) were revealed by MRI with contrast enhancement, 377 

indicating the intrahepatic and extrahepatic vascular spreading of HCC (Supplementary Figure S1B). 378 

Tumor tissues from the 4 tumor sites (noted as T1-4) and corresponding adjacent normal tissues as well as 379 

tissues from two tumor thrombi were collected after surgery.   380 

 HBV genome enriched single cell sequencing (HGE-scSeq)  381 

The fresh (with 1 hour after surgery) frozen (stored in -80°C) tumor tissue samples were thaw in water 382 

bath at room temperature and digested into cell solution by collagenase as previously described [68]. With 383 

sufficient collagenase dissociation and dilution, the cancer tissues were separated into single cells solution, 384 

cell clusters and cell debris. Suspension was filtered by injecting into the membrane filter (pore size = 385 

20µm) to filter out the massive cell clusters. To avoid contamination of cell debris, suspension was re-386 

suspended and centrifuged in Phosphate Buffered Saline (PBS) for 5 times. After filtration, cell 387 

suspension was added into a PBS droplet containing 0.5% BSA. Single cell isolation was performed  388 

using micro pipette as previously described [68] under microscope and cells with intact cell membrane 389 

were randomly selected for single cell sequencing.   390 



 

For each cell, WGA was performed with MDA using REPLI-g Mini Kit (QIAGEN, Inc.) 391 

according to the instructions of the manufacturer as previously described [68].  HIVID [14] procedure 392 

was then used to enrich for sequences containing HBV genome sequence. DNA library from amplified 393 

single cell genome was hybridized with the biotinylated HBV probe to enrich DNA fragments containing 394 

HBV DNA sequences. Then, the enriched libraries were quantified and subjected to 101 cycles paired-395 

end index sequencing in Illumina HiSeq 2000 sequencer according to manufacturer's instructions 396 

(Illumina Inc., San Diego, CA).   The raw data are deposited at NIH SRA (BioProject: PRJNA553308) 397 

(reviewer link: 398 

https://dataview.ncbi.nlm.nih.gov/object/PRJNA553308?reviewer=rmut731nv0i3cor179v2vr0g47). 399 

 400 

Mapping HGE-scSeq reads 401 

On average, 17.39M (17,393,993) reads were generated for each cell. Low quality reads were filtered out 402 

according the following criteria. If any single read in a read pair had more than half base of quality less 403 

than 5, the corresponding read pair was filtered (Supplementary Figure S11A). If a read pair was 404 

contaminated by adaptor sequences, it was filtered. If two read pairs were the same, only one copy was 405 

kept in further analysis.  After quality filtration 5.49M (5,494,183) reads were kept in further analyses. 406 

Among them 77.13% and 0.24% were aligned to human and HBV genome, respectively on average. With 407 

paired-end assembly and re-mapping, reads supporting virus integration were identified. The number of 408 

reads supporting HBV virus integration in each cell was in a range of 0 to 53,290. The average percentage 409 

of human genome covered by sequencing reads was 3.13% with average depth of coverage 3.14.  The 410 

detailed information of reads distribution can be found in Supplementary Table S2 and Supplementary 411 

Table S11.  412 

 413 

Bulk tissue HBV enriched DNA sequencing  414 

https://dataview.ncbi.nlm.nih.gov/object/PRJNA553308?reviewer=rmut731nv0i3cor179v2vr0g47


 

Corresponding adjacent non-neoplastic liver tissues for the four independent tumor sites, noted as N1-4, 415 

were collected for bulk tissue HBV enriched DNA sequencing. For the 4 adjacent normal tissues, the 416 

HIVID procedure was directly applied to the extracted DNA without the WGA step, followed by the 417 

same 101 cycles paired-end index sequencing. On average, 45.96M reads were generated for each tissue 418 

sample. After quality filtration 12.13M reads were kept for further analyses. Among them 78.48 % reads 419 

were mapped to the human genome, and 0.013% reads were mapped to HBV genome. On average only 420 

50 reads supporting HBV integration were detected for each control tissue sample. The average 421 

percentage of human genome covered by reads was 6.9% with average depth of coverage 1.272. The 422 

detailed information of reads distribution can be found in Supplementary Table S2 and Supplementary 423 

Table S11.  424 

 425 

Quality check of whole genome sequencing reads 426 

Our previously described pipeline [13] was used to process the whole genome sequencing data. In brief, 427 

prinseq-lite [69] was used to filter the reads that were exactly the same or of mean reads quality lower 428 

than 20 and more than 10% Ns. The remaining reads were mapped to human genome with Bowtie2 (-D 429 

15 -R 2 -N 0 -L 22 -i S,1,1.15) [70]. Duplicated reads after alignment were filtered using Picard.  430 

 431 

 Quality check of chimera reads in HGE-scSeq data 432 

Limited amount of input material from a single cell for WGA causes a lot of technical errors, including 433 

low physical coverage, non-uniform coverage, allelic dropout events,  false positive and false negative 434 

errors due to insufficient coverage [18-21, 23, 26, 71-73].  Chimera reads, which can be partially mapped 435 

to different parts of the genome that are not physically linked [26],  are common artifacts of single cell 436 

WGA [26], which can interfere our ability to identify HBV-human genome chimera sequences. The 437 

frequency of chimera reads (identified following the standard protocol [26, 74]) was 0.025 % which is 438 

much lower than 6.19%  reported by Tu et al. [74] and 2-3% by Huang et al. [26] for MDA. Also the 439 

number of chimera reads from both inter chromosome and intra chromosome were independent from 440 



 

number of HBV-Human soft clipped reads, HBV reads and Human reads (Supplementary Figure S12). 441 

Numbers of inter chromosome and intra chromosome chimera reads were correlated, and they both 442 

correlated with the length of chromosome, consistent with random nature of human chimera reads 443 

(Supplementary Figure S13). The numbers chimera reads did not correlate with the number of reads on 444 

HBV or soft clipped reads, nor correlate with number of reads on human genome, suggesting that chimera 445 

reads had no impact on the HBV integration detection and copy number variation detection. The number 446 

of soft clipped reads and the number of HBV reads were strongly correlated (Supplementary Figure 447 

S12F), which suggests that we need to correct the number of HBV reads when identifying HBV 448 

integration.  449 

 450 

 Quality check of reads mapped to human genome  451 

Although the regions containing HBV sequences were enriched in the sequencing library preparation step, 452 

around 77.13% of the sequencing reads on average were mapped to human genome. The reads 453 

distributions were summarized in Supplementary Table S2. The average percentage of human genome 454 

covered by sequencing reads was 3.13% with average depth of coverage 3.14. For the adjacent normal 455 

tissues, the average percentage of human genome covered by reads was 6.9% with average depth of 456 

coverage 1.272.  The coverage and width of bulk tissue data were comparable with the ones in the single 457 

cell data.  458 

To check whether loci covered by sequencing reads were randomly distributed across human 459 

genome, for each locus, we counted the number of cells with reads covering the locus. If the reads 460 

mapped to human genome were randomly distributed, then the number of cells with reads at each locus is 461 

expected to follow a poison distribution. The largest number of cells with reads covering a locus was 209, 462 

the mean was 8.2277, and the fraction of loci not covered by reads in any cell was 11.22% 463 

(Supplementary Figure S14). The observed distribution was tested against a Poisson distribution with chi 464 

square test on range of [1, k] (k indicates a locus covered by reads in k cells, which corresponds to the kth 465 

bar in Supplementary Figure S14) with k from 15 to 37 (Supplementary Table S12). The distribution 466 



 

matched with a Poisson distribution until k=28, which corresponding to 87.97% of human genome. When 467 

k>=29, the distribution was not a Poisson distribution anymore. Thus, the mapped reads on the majority 468 

of human genome following a Poisson distribution, except the region consistently missed by all cells and 469 

0.81% of human genome covered by reads from a number of cells significantly more than expected by 470 

chance. These observations suggested that CNV profile at single cell level could be accurately estimated 471 

with appropriate normalization method. 472 

 473 

 Comparing human genome regions with and without HGE-scSeq reads  474 

To infer CNVs from reads mapped to the human genome, these reads should be evenly distributed across 475 

the human genome and there should be no systematic difference between the regions covered with 476 

sequencing reads and the regions without reads.  To investigate the property of the regions with and 477 

without read sequence coverage, we first constructed a Fisher machine prediction model [48] to 478 

distinguish HBV and human genome sequences by randomly sampling 10,000 sequences of 100bp length 479 

from HBV and human genomes.  Then, we applied to Fisher machine to test whether the sequences in the 480 

human genome regions with or without HGE-scSeq reads were similar to HBV or human genome 481 

sequences.  For each cell, 10,000 sequences of 100bp length were randomly samples from human genome 482 

regions with and without mapped reads, and input them to the Fisher machine.  There was no difference 483 

between scores of regions with and without mapped reads (Wilcox rank sum test p-value=0.3636, 484 

Supplementary Figure S15). 485 

 486 

 Mapping to HBV virus genomes 487 

The filtered reads were aligned to UCSC hg19 with soap2 [75] (Version: 2.20) in paired-end mode 488 

(Supplementary Figure S11B). The parameters used were “-s 85 -l 50 -v 2 –r 1 -p 6 -m 100 -x 500”. If any 489 

read in a pair was not mapped to human genome, the pair was kept as a candidate for virus detection. 490 

These reads were collected and transformed from FASTQ to FASTA format. The virus detection part in 491 

VirusFinder [76, 77] was used to detect the virus. The reads not mapped to human genome were aligned 492 



 

to a virus database which contains genomes of all known viruses (32102 in total) [78]. The reads aligned 493 

to virus genome were de novo assembled into contigs. Then, the contigs were aligned to human genome 494 

and virus database. The contigs that can be aligned to human genome were filtered out. If the percentage 495 

of identity between the contig and virus’ genome was less than 85% or less than 75% of the contig was 496 

aligned to a reference genome, the alignment was filtered out. The alignment score of contigs was defined 497 

as the multiplication of the mapped length of the contig and percentage of identity between the mapped 498 

region of the contig and the virus genome. The virus substrains were ranked by the maximum alignment 499 

score of contigs aligned to its genome. The top ranked virus substrain was reported as the matched virus 500 

substrain in the cell (Supplementary Table S13). The top common substrains were all HBV B subtype and 501 

were similar in sequences (Supplementary Table S14). 502 

 503 

Detecting HBV integration sites 504 

The reads not mapped to the human genome were aligned to the detected virus genome using soap2 505 

(Version: 2.20 with the following parameters “-s 85 -l 50 -v 5 –r 1 -p 6 -m 100 -x 500”). The paired-end 506 

reads not mapped to the human genome and virus genome were collected and assembled to long reads 507 

using flash (with parameters “-m 5 x 0.2 –p 64”) [79]. The designed smaller insertion size compared to 508 

the total length of a pair of reads enabled most read pairs to be assembled into one read of much longer 509 

length. The assembled reads were aligned to the human genome and virus genome using bwa and bwasw 510 

[80] (-a 1 –b 2 –q 5 –r 2). The soft clipped reads with at least 30bp aligned to the human genome and at 511 

least 30bp aligned to virus genome were collected for identifying the integration sites. If the distance 512 

between two breakpoints was less than 20bp on both the human genome and HBV genome, we defined 513 

them as one breakpoint which was supported by reads combined from the two breakpoints. In order to 514 

make the predicted integration events between different cells comparable, we also merge integration sites 515 

within 20bp when collecting the predicted integration sites across different cells. The number of soft 516 

clipped reads was tightly correlated with the number of HBV reads (Supplementary Figure S12F). We 517 

normalized soft clipped read against the number of HBV reads. The Optimal threshold of soft clipped 518 



 

reads for HBV integration was selected to minimize the correlation between numbers of HBV reads and 519 

detected HBV integrations.  Further refinement based on Bayesian model was used to identify recurrent 520 

HBV integrations.  Steps are detailed as following: 521 

 522 

 523 

1. We collect soft clipped reads into a matrix A   of m n , m is the number of cells, n is the number 524 

of candidate integration sites. ( , )A i j is the number of soft clipped reads for cell i on site j. Only 525 

cell i and site j was included if 
1

( , ) 0
m

i

A i j


  and 
1

( , ) 0
n

j

A i j


 . As result, n=1108 sites and 526 

m=189 cells were included for our data. 527 

2. We collect the number of HBV reads 1m
H   in each cell. i

H is the number of HBV reads in cell i. 528 

3.  We normalize the number of soft clipped reads against the number of HBV reads as 529 

,1
,

HBV

10000
( 100) / L

i j

i j

i

A
A

H



, where the denominator is the estimation of HBV load. The 530 

number of soft clipped reads is normalized with the same load of HBV, or the same scale of HBV 531 

probe enrichment. 532 

4. We rank order 
1[ 2]A A  and convert them into 1 to 100 quantiles as the probability of 533 

integration as
1
,i j

P  .  At this step, we only consider integrations supported with at least 2 soft 534 

clipped reads in a cell. 535 

5. Next, we search for the optimal cutoff value at which the total number of integration sites is least 536 

depended on the total number of HBV reads.   For each quantile cutoff k, calculate the correlation 537 

coefficient between the number of integrations and number of HBV reads as the following: 538 

1
,( ) ( ( /100), )i j i

j

r k corr P k H   . 539 



 

At the cutoff k  corresponding to lowest absolute correlation coefficient, we identified 141 cells 540 

carrying HBV integrations on 164 unique sites, which are denoted as INT_SITE1. Among them, 541 

31 integrations were identified in more than one cell. There are totally 427 HBV integration 542 

events, which are denoted as INT_EVENT1. 543 

6. Then, we tried to identify more recurrent integrations. We implemented a Pseudo Count Weight 544 

Adjustment (PCWA) to rescue the potential false negative integrations given supporting reads in 545 

other cells. The pseudo count weight matrix m n
W  is defined as: 

1
, ,

,

( )i j i j

i j i m

W sqrt A
 

  . 546 

The pseudo count weight adjusted score m n
S  is defined as: 

1
, ,(1 )

, 1 i j i jA W

i j
S e

   .  is the tuning 547 

parameter used to adjust the contribution from pseudo count weight. 548 

7. For a given , a score matrix ( )
m n

S  is generated. Following step 5, we convert ( )
m n

S  into 1 549 

to 100 quantiles as the probability of integration as
2
, ( )

i j
P  . A cutoff is needed to call 550 

integrations. 551 

8.  In order to find the optimal cutoff k which recovers most repeated integrations while incorporates 552 

random integrations and misses detected integrations as few as possible, we select the following 553 

optimization criteria: 554 

 555 

, where                                       556 

2
,_ ( ) #{ ( ) /100, _ 1} _ 1

i j
N gain k P k j INT STIE INT EVENT    I  is the number of new 557 

integrations above threshold at the sties included in the first round; 558 

2
,_ _ ( ) #{ ( ) /100, _ 1} _ 1i jN gain random k P k j INT STIE INT EVENT    I is the 559 

number of new integrations above threshold at the sites NOT included in the first round; 560 

_ ( )
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val k

N gain random k N loss k
 

  



 

2
,_ ( ) #{ ( ) /100} _ 1

i j
N loss k P k INT EVENT   I is the number of integrations below 561 

threshold for integrations included in the first round. And k is selected as the cutoff producing the 562 

maximum validation score ( )val k  as 
1 100

arg max{ ( )}
k

k val k
 

  563 

 564 

9. For a given , the maximum validation score
1 100
max { ( )}

k
val k 

indicates the best performance with 565 

the . Therefore, we define the validation score for  as 
1 100

( ) max { ( )}
k

VAL val k
 

 . 566 

10. We searched  on
6 6 4 4[10 ,2 10 ...10 ,2 10 ,...,0.01,0.02,...1,2...100]     . We find that the 567 

best alpha arrive at 0.26 (Supplementary Figure S16A). Corresponding to the best cutoff,  568 

N_gain=44, N_gain_random=4, N_loss=1 (Supplementary Figure S16B).  569 

11. The 44 new recovered HBV integration events are merged to the results from step 5. Finally, 570 

HBV integrations are detected on 164 unique sites and 142 cells. 39 of HBV integrations are 571 

repeatedly discovered.  572 

 573 

Estimating copy number variations 574 

Reads mapped to human genome were randomly distributed (Supplementary Figure S14), which enabled 575 

us to estimate DNA copy numbers across human genome. Because the sequencing data was based on an 576 

enriched single cell sequencing protocol [14], the existing pipelines for detecting copy number variations 577 

in single cell sequencing data [17, 81, 82] are not applicable directly. If applied directly, more regions of 578 

copy number aberration than the regions of normal copy number were identified, which is counter 579 

intuitive. Therefore, a new pipeline was needed for analyzing the data set.  Based on reads mapped to 580 

human genome, we developed a pipeline for inferring copy number variations by modifying the method 581 

reported by Baslan et al [82].  582 



 

Kuilman et al. [83] shows that off-target reads from enriched sequencing can be used to obtain 583 

DNA copy number profiles by removing peaks of mapped reads and compensating according to the size 584 

of peaks and average local coverage. However, Kuilman et al.’s method [83] was not directly applicable 585 

for this data set due to the sparsity of reads covered region originated from single cell whole genome 586 

amplification.  Baslan et al. [82] describes a procedure characterizing single cell copy number variation 587 

based on flow sorting of single nuclei, whole genome amplification and next generation sequencing.  An 588 

informatics workflow of inferring CNV from the raw single cell sequencing data is outlined in 589 

Supplementary Figure S11C. In addition to correction for mappability, removal of duplication, and GC 590 

content normalization,  we used soap [84] as the alignment software to be consistent with the alignment 591 

software used in HIVID.  592 

There are following steps in the pipeline for calling CNV:  593 

1). The sequence of pseudo autosomal regions on chrY was changed to N. The sequence of pseudo 594 

autosomal regions on chrY is exactly the same as the corresponding regions on chrX. Generate the index 595 

of the reference genome for soap with 2bwt-builder. 596 

2). Sequencing reads were simulated based on the reference genome. Starting from the first position of a 597 

chromosome a fragment of 100 bases was extracted to generate a sequencing read. The step continued at 598 

the following positions until the end of the chromosome. 599 

3). The simulated sequencing reads were mapped to the modified human reference genome with soap (-s 600 

85 -l 50 -v 2 -r 1 -p 6 -m 100 -x 500) 601 

4) Genome positions with simulated sequencing reads mapped uniquely back to where they were 602 

extracted from were defined as mappable positions. All the mappable positions were collected, and the 603 

number of mappable positions on each chromosome was counted.  604 



 

5) Mappable positions were grouped into 5000 bins. Number of bins allocated to each chromosome was 605 

proportional to the number of mappable positions on that chromosome. The number of mappable 606 

positions for each bin was computed by dividing the number of mappable positions on the chromosome 607 

with the number of allocated bins on that chromosome. The boundaries of bins were decided by the 608 

number of mappable positions in each bin sequentially on the chromosome. The average length of bin is 609 

560485.9 (sd: 989.8). If more than 50% of a bin overlaps with bad bins reported in the paper [82], the bin 610 

is defined as a bad bin. These bad bins are mainly located at centromere regions of chromosomes. As a 611 

result 11 bad bins were filtered out.. 612 

6) The GC content in each bin was calculated. 613 

7) The filtered reads were mapped to reference human genome with soap (-s 85 -l 50 -v 2 -r 1 -p 6 -m 100 614 

-x 500) 615 

8) The result of pair end aligned reads was converted to sam format with soap2sam.pl, then to bam format 616 

with samtools. The duplicated reads were removed with Picard.   617 

9) The number of reads in each bin was counted and normalized by dividing the mean read count of a cell. 618 

10) GC content was normalized using LOWESS smoothing. In brief, a regression model was constructed 619 

by regressing the read count against the GC content percentage with LOWESS regression.  Then, the 620 

corrected read count is calculated by minus the input read count with the one predicted by the regression 621 

model on the corresponding GC percentage. 622 

11) The read counts after mappability and GC content normalization were collected into a 269 by 4989 623 

matrix M, where 269 was the number of cells and 4989 was the number of bins. The index of dispersion 624 

for each cell was calculated as the ratio between standard deviation and mean of bin’s read count. As 625 

suggested in Garvin et al. [81], the sample with lowest index of dispersion is mostly likely to be the cell 626 



 

with the most balanced ploidy. Therefore, the read count profiles of all cells were normalized against the 627 

one having lowest index of dispersion with LOWESS.  628 

12) Similar to Gao et al. [85], outliers were removed with R function winsorize.  Then, a multiple sample 629 

population segmentation algorithm with default parameter [86] was used to call the segments under the 630 

condition that these cells are related. Segments with less than 10 bins were removed and the neighbor 631 

segments were joined or separated in the middle of removed segment if they differed significantly.  At the 632 

end, bins were merged into a total of 49 segments. 633 

13) A least-square rounding method was used to get the optimum scaling factor that had the least sum of 634 

deviations from the closet integer after rounding. Integer copy number status was further classified into 3 635 

cases of loss, normal and amplification and denoted as -1, 0, 1. 636 

Evaluation of read count correction 637 

Because sequences containing HBV sequence were enriched at the DNA library preparation step, we need 638 

to correct read count bias due to enrichment sequencing. For each cell, we collected the rank of read 639 

counts for bins with HBV integrations detected. Then, for all the bins with HBV integrations, we 640 

calculated the fraction of bins with rank higher than % , ( )f  , where  is ranging from 1 to 100. Then 641 

the fold enrichment of top  % ranked bins among bins with HBV integration is defined as642 

100 ( ) /f   . In an ideal case where there is no bias from enrichment sequencing, the fold enrichment 643 

should be around 1. 644 

Two metrics to characterize the overall quality of binned reads were introduced. Assuming there 645 

are n bins, the number of reads in each bin is count[k] (k=1..n). The average number of reads across bins 646 

is C. Garvin et. al [81] introduce median absolution deviation (MAD) to quantify the uniformity of bin’s 647 

read count. For each cell, MAD is defined as
[ ] [ 1]

{| |, 2... }
count k count k

MAD median k n
C C


   . 648 

MAD is expected to reflect the bin count dispersion due to technical noise. Another metric named as 649 



 

MAPD[87] is defined as 2 2

[ ] [ 1]
{| log ( ) log ( ) |, 2... }

count k count k
MPAD median k n

C C


   , which is 650 

originally used as a QC metric for microarray data.  Cai et al. [27] propose to utilize MAPD [87] to 651 

measure the quality of read counts in bins. MAPD is shown to be more robust to identify true CNVs [27]. 652 

An optimal threshold of 0.45 is suggested by Cai et al. [27], which is also used in other studies [19]. 653 

Supplementary Figure S17 A&B are the bar plots of fold enrichment of top ɑ% ranked bins 654 

according to reads count across all the bins with HBV integration. The bins with HBV integration were 655 

enriched for top ranked bins according to raw read count (Supplementary Figure S17A). The highest fold 656 

enrichment was for top 1% ranked bins, which was as high as 19.48.  The reads counts after 657 

normalization are showed in Supplementary Figure S17B.  The highest fold enrichment was 2.03, which 658 

means the bias of reads count from enrichment sequencing had been successfully corrected.  The 659 

Supplementary Figure S17C &D show the box plot of MAD and MAPD. The Supplementary Figure 660 

S17C shows MAPD and MAD for the reads count after mappabiliy and GC content correction, and 661 

Supplementary Figure S17D shows the read count after further corrected by the reads count from the cell 662 

with least dispersion. Both MAD and MAPD were significantly decreased after the corrections.  At the 663 

threshold of 0.45 suggested by Cai et al. [27] for filtering the cells with low reads quality, only 3 cells 664 

passed the threshold before the least dispersion sample correction, while all the cells passed the threshold 665 

after the least dispersion sample correction.  666 

Evaluating the CNV pipeline with reads from normal control 667 

As our CNV pipeline was modified from a CNV pipeline for single cell sequencing data, which takes full 668 

consideration of correcting for bias incorporated from WGA [88]. Whether our modified pipeline can 669 

handle bulk tissue enrichment sequencing data needs to be evaluated.  670 

As shown above, the reads mapped to human genome for normal control tissue resulted in higher 671 

average coverage and width comparing to ones for tumor single cells. However the improvement on 672 

coverage and width was not large. The cases for normal control tissue and tumor single cell were 673 



 

comparable (Supplementary Figure S18).  Thus, the sequencing data for normal tissue samples can be 674 

used for evaluating the performance of our CNV pipeline in correcting the bias generated from enriched 675 

sequencing.  676 

The dispersion of the binned reads counts for the four adjacent normal liver tissue samples after 677 

mappability and GC content correction was lower than the smallest corresponding dispersion in tumor 678 

single cells (Supplementary Figure S19A). Therefore, mappability correction and GC content correction 679 

for the normal control tissue data were necessary. Most of the regions across the 4 adjacent normal tissue 680 

samples were of normal copy number (Supplementary Figure S19B). Therefore, our CNV pipeline for 681 

correcting the potential bias due to enriched sequencing step was validated. 682 

 683 

Association between clone evolution and HBV integrations 684 

Parsimony method is mostly recommended for constructing phylogenetic trees from single cell CNV 685 

profiles [85, 89]. The distance based tree building method generally assumes that evolution drives by 686 

mutations independently accumulated one at a time.  CNVs estimated in our study contain multiple 687 

alterations. Therefore, in this study, we used a parsimony method [85] to build phylogenetic trees based 688 

on CNVs at the 49 identified CNV segments. 689 

We identified 4 putative clones according to copy number profiles (Figure 3A). Meanwhile, there 690 

were two categories for cells based on HBV integration, cells with only hot spot integrations and cells 691 

with extra rare integrations. There was a clear trend that the ratio of cells carrying rare integrations 692 

decreased when number of regions with DNA copy number amplification increased (Figure 3B).  693 

A phylogenetic tree based test of association method was used to decode the association between 694 

specific CNV and ratio for cells with rare HBV integrations. First, inner node in the phylogenetic tree that 695 

separate parent and child clones which are identified by hierarchical clustering was detected. Second, 696 

copy number variations at the genomic region corresponding to the detected inner node for the cells 697 

belonging to parent and child clones were collected. Third, a contingency table was built based on 698 



 

numbers of cells with extra rare HBV integrations or only HBV integrations at hot spots, copy number 699 

amplification, copy number normal. Fourthly, Fisher’s exact test p-value corrected by multiple testing 700 

was used to assess the association. Last, functional enrichment analysis by DAVID [90] was used to 701 

annotate genes in the CNV bins that were significantly associated with rare HBV integration events.   702 

For example, CNVs on Chr11 which differentiated Clone 1 and Clones 2-4 were identified based 703 

on the phylogenetic tree shown in Figure 4A.  Next, the cells from related clones (Clone 1 and Clones 2-4) 704 

were compared at bins within the genomic signaling region. For each bin in the region, a contingency 705 

table was built to test the association between hot spot integration vs. rare integration and copy number 706 

amplification vs. normal. Bins of FDR<0.05 were collected and annotated for potential enriched functions. 707 

Last, genes located on the significant regions were used as input for functional enrichment analysis. 708 
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 980 

 981 

Figure Legends 982 

Figure 1 Overview of the study. 269 cells from 4 tumor tissues and 2 thrombi tissues were extracted. 983 

HBV genome sequence enrichment was performed after whole genome amplification on the single cell 984 

DNA genome. Pair-end sequencing was used.  A pipeline was developed for HBV integration 985 

identification and CNV inference.  Tumor clones were inferred based CNV profile. Association between 986 

HBV integration and CNV was assessed based on clone inference and phylogenetic tree. Key CNVs 987 

differentiate two clones were identified with phylogenetic tree. Statistical test was performed on the key 988 

genetic regions while considering only cells belonging to related clones. 989 

Figure 2 HBV integration heterogeneity and mechanisms of HBV integration.    A) Fractions of cells 990 

in each tissue with or without HBV sequences detected. B) Circos map of integration; each circle 991 

indicates integrations identified in a tumor tissue.  C)  HBV integration distribution across the human 992 

genome.  Each row represents the integration profile of a cell. The cells are labeled by its tissue source. 993 

The columns are loci with HBV integrations along chromosomes. The cells were clustered by hierarchical 994 

clustering.  D) An example of Microhomolog between sequences of the human genome and HBV genome 995 

at an HBV integration hot spot site Chr1 34,307,059. There are two 4bp homologs between human 996 

genome and HBV genome (AGAG and TGAA) with 1bp mismatch in the middle.  E) Microhomology 997 

enrichment.  Numbers of HBV integrations carrying different length of homology sequences between 998 

human genome and HBV genome near the HBV integration sites were collected (blue).  The observed 999 

numbers were significantly different from the numbers based on random simulations (red).   F) Fragile 1000 

region enrichment. Both common and rare fragile regions on the human genome were enriched for HBV 1001 

integrations. 1002 



 

 1003 

Figure 3.  Copy number variation heterogeneity at single cell level. A) CNV profiles. Each row 1004 

corresponds to a cell. The cells are labeled with regard to source tissue, clone annotation, HBV 1005 

integration category and HBV sequence detection result. Each column corresponds to a bin. The bins are 1006 

ordered by their chromosome locations (chromosome 1 to 22). Cells can be categorized into 4 groups 1007 

corresponding to 4 clones.  White means normal copy number, blue indicates copy number loss, red 1008 

indicates copy number amplification.  B) Composition of cells with no HBV detected, cells with HBV 1009 

sequence detected but no integration, cells carrying rare integration, and cells carrying only hot spot 1010 

integration only in each clone. The frequency of cells carrying rare HBV integrations is highest for clone 1011 

1 and lowest for clone 4. The frequencies for clones 2 and 3 were comparable, and both were lower than 1012 

the one for clone 1.  1013 

Figure 4. Clonal relationship of cells from different tumor sites. A) A phylogenetic tree built based on 1014 

single cell CNV profiles. Each node corresponds to a cell. The cells are colored according clone 1015 

annotation. Splitting nodes are marked as squared nodes. The scale of splitting node correlates to the 1016 

number of its decedent nodes.  B) Clone composition of each tumor tissue. Pie plots for each bin on the 1017 

fractions of 4 clones. Each tumor tissue had one major clone and 3 minor clones.  There was no single 1018 

major clone in the thrombus tissues, but clones 3 and 4 together accounted for more than 50% of cells in 1019 

the tumor thrombi, suggesting the two clones were more invasive.  1020 

Figure 5. Simulation of clonal evolution with only CNVs. A) The scheme of birth-death clonal 1021 

evolution model.  Cells accumulated CNVs during cell growth.  Each additional CNV increased cell’s 1022 

probability to divide over to die. B) Cell populations/tumors were simulated with different combinations 1023 

of mutation rates (MRs) and selection coefficients (SCs).  The posterior probability of each parameter 1024 

combination was calculated.  1025 

Figure 6. Simulation of clonal evolution with both CNVs and HBV integrations. A) The scheme of 1026 

birth-death clonal evolution model with HBV integration.  At the tumor size of 105 cells, cells were 1027 



 

infected with HBV and HBV integration events occurred.  Simulations were generated with the selection 1028 

coefficient of the hot spot integrations SCHBV in a wide range.  B) The frequency of cells with HBV 1029 

integrations in the simulated cell populations.  The red line is the observed frequency of cells with HBV 1030 

integrations in the patient data (142/269) and the blue line marks the initial frequency of HBV integration 1031 

(2%). C) The frequency of cells with the hot spot HBV integrations in the simulated cell populations.  1032 

The red line is the observed frequency of cells with the hot spot HBV integrations in the patient data 1033 

(139/269) and the blue line marks the initial frequency of the hot spot HBV integrations (0.02%). D) The 1034 

ratio of cells with the hot spot HBV integrations versus cells with HBV integrations.  The red line is the 1035 

observed ratio in the patient data (139/142) and the blue line marks the initial ratio (1%).  1036 

 1037 

 1038 

 1039 

 1040 

 1041 

 1042 

 1043 

Table Legends 1044 

Table 1. Functional enrichment of genes in the CNV blocks that were significantly different between 1045 

clone1 and clones 2-4. A total of 370 genes were in the regions. DAVID [90] was used to test functional 1046 

enrichment. 1047 

Table2.  Functional enrichment of genes in the CNV blocks that were significantly different between 1048 

clone 2 and clones 3 and 4. A total of 48 genes were in the regions. DAVID [90] was used to test 1049 

functional enrichment. 1050 



 

Table 3. GO enrichment of genes in the CNV bins where cells of clone 2 had consistently lower CNVs 1051 

than clones 1, 3, and 4 cells. 1052 

 1053 



Figures

Figure 1

Overview of the study. 269 cells from 4 tumor tissues and 2 thrombi tissues were extracted. HBV genome
sequence enrichment was performed after whole genome ampli�cation on the single cell DNA genome.
Pair-end sequencing was used. A pipeline was developed for HBV integration identi�cation and CNV



inference. Tumor clones were inferred based CNV pro�le. Association between HBV integration and CNV
was assessed based on clone inference and phylogenetic tree. Key CNVs differentiate two clones were
identi�ed with phylogenetic tree. Statistical test was performed on the key genetic regions while
considering only cells belonging to related clones.

Figure 2



HBV integration heterogeneity and mechanisms of HBV integration. A) Fractions of cells in each tissue
with or without HBV sequences detected. B) Circos map of integration; each circle indicates integrations
identi�ed in a tumor tissue. C) HBV integration distribution across the human genome. Each row
represents the integration pro�le of a cell. The cells are labeled by its tissue source. The columns are loci
with HBV integrations along chromosomes. The cells were clustered by hierarchical clustering. D) An
example of Microhomolog between sequences of the human genome and HBV genome at an HBV
integration hot spot site Chr1 34,307,059. There are two 4bp homologs between human genome and HBV
genome (AGAG and TGAA) with 1bp mismatch in the middle. E) Microhomology enrichment. Numbers of
HBV integrations carrying different length of homology sequences between human genome and HBV
genome near the HBV integration sites were collected (blue). The observed numbers were signi�cantly
different from the numbers based on random simulations (red). F) Fragile region enrichment. Both
common and rare fragile regions on the human genome were enriched for HBV integrations.



Figure 3

Copy number variation heterogeneity at single cell level. A) CNV pro�les. Each row corresponds to a cell.
The cells are labeled with regard to source tissue, clone annotation, HBV integration category and HBV
sequence detection result. Each column corresponds to a bin. The bins are ordered by their chromosome
locations (chromosome 1 to 22). Cells can be categorized into 4 groups corresponding to 4 clones. White
means normal copy number, blue indicates copy number loss, red indicates copy number ampli�cation.



B) Composition of cells with no HBV detected, cells with HBV sequence detected but no integration, cells
carrying rare integration, and cells carrying only hot spot integration only in each clone. The frequency of
cells carrying rare HBV integrations is highest for clone 1 and lowest for clone 4. The frequencies for
clones 2 and 3 were comparable, and both were lower than the one for clone 1.

Figure 4



Clonal relationship of cells from different tumor sites. A) A phylogenetic tree built based on single cell
CNV pro�les. Each node corresponds to a cell. The cells are colored according clone annotation. Splitting
nodes are marked as squared nodes. The scale of splitting node correlates to the number of its decedent
nodes. B) Clone composition of each tumor tissue. Pie plots for each bin on the fractions of 4 clones.
Each tumor tissue had one major clone and 3 minor clones. There was no single major clone in the
thrombus tissues, but clones 3 and 4 together accounted for more than 50% of cells in the tumor thrombi,
suggesting the two clones were more invasive.

Figure 5



Simulation of clonal evolution with only CNVs. A) The scheme of birth-death clonal evolution model. Cells
accumulated CNVs during cell growth. Each additional CNV increased cell’s probability to divide over to
die. B) Cell populations/tumors were simulated with different combinations of mutation rates (MRs) and
selection coe�cients (SCs). The posterior probability of each parameter combination was calculated.

Figure 6

Simulation of clonal evolution with both CNVs and HBV integrations. A) The scheme of birth-death clonal
evolution model with HBV integration. At the tumor size of 105 cells, cells were infected with HBV and
HBV integration events occurred. Simulations were generated with the selection coe�cient of the hot spot
integrations SCHBV in a wide range. B) The frequency of cells with HBV integrations in the simulated cell
populations. The red line is the observed frequency of cells with HBV integrations in the patient data
(142/269) and the blue line marks the initial frequency of HBV integration (2%). C) The frequency of cells
with the hot spot HBV integrations in the simulated cell populations. The red line is the observed
frequency of cells with the hot spot HBV integrations in the patient data (139/269) and the blue line
marks the initial frequency of the hot spot HBV integrations (0.02%). D) The ratio of cells with the hot
spot HBV integrations versus cells with HBV integrations. The red line is the observed ratio in the patient
data (139/142) and the blue line marks the initial ratio (1%).
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