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Abstract

Background: Genomic safe harbors are regions of the genome that can maintain
transgene expression without disrupting the function of host cells. Genomic safe
harbors play an increasingly important role in improving the efficiency and safety of
genome engineering. However, limited safe harbors have been identified.

Results: Here, we develop a framework to facilitate searches for genomic safe harbors
by integrating information from polymorphic mobile element insertions that naturally
occur in human populations, epigenomic signatures, and 3D chromatin organization.
By applying our framework to polymorphic mobile element insertions identified in the
1000 Genomes project and the Genotype-Tissue Expression (GTEx) project, we identify
19 candidate safe harbors in blood cells and 5 in brain cells. For three candidate sites in
blood, we demonstrate the stable expression of transgene without disrupting nearby
genes in host erythroid cells. We also develop a computer program, Genomics and
Epigenetic Guided Safe Harbor mapper (GEG-SH mapper), for knowledge-based tissue-
specific genomic safe harbor selection.

Conclusions: Our study provides a new knowledge-based framework to identify
tissue-specific genomic safe harbors. In combination with the fast-growing genome
engineering technologies, our approach has the potential to improve the overall safety
and efficiency of gene and cell-based therapy in the near future.

Keywords: Genomic safe harbor, Genetic engineering, Gene therapy, Epigenome,
Chromatin organization, Mobile genetic elements

Background

Gene and cell-based therapies usually rely on stable expression of transgene to replace
defective genes [1, 2], enhance cell functions [3], and improve the safety of engineered
cells [4, 5]. However, most of the transgenes are delivered with lentivirus/retrovirus vec-

tors and integrated into the genome in a random or semi-random manner [6], leading
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to unpredictable gene expression patterns, disruption of endogenous transcription, and
malignancy [7]. One approach to improve the safety is to deliver transgenes into prede-
fined genomic loci called genomic safe harbors (GSHs).

An ideal GSH needs to have several properties. First, it should be highly accessible
to transgene integration and allow high efficiency in the transgene delivery via homol-
ogy directed repair (HDR) in the desired cells/tissues. Second, it should be in an actively
transcribed region and not be targeted by silencing mechanisms, allowing cell type- and
tissue-specific expression. Most importantly, for safety consideration, a GSH should
not overlap any known functional sequences in the genome, including exons, promot-
ers, enhancers, transcription units, and ultra-conserved regions, or affect nearby gene
expression [4]. So far, only a few human GSHs have been defined, including AAVS] [8],
CCR5 [9], and the human ortholog of the mouse Rosa26 locus [10]. However, none of
the current GSH sites show adequate evidence for therapeutic safety. For example, the
inserted gene in the AAVSI site could affect the expression of myosin binding subunit 85
(PPPIRI2C) and could also be silenced [11]. Similarly, studies regarding the mutation at
the CCR5 site also showed increased risk of West Nile virus and Japanese Encephalitis
[12, 13]. Thus, stringent GSH selection and evaluation are needed.

With the increasing availability of genomics and epigenomics data, different criteria
have been applied to genome-wide searches for GSHs in the human genome [14, 15].
Generally, those criteria require a minimal linear distance from functional DNA ele-
ments such as promoters, enhancers, and coding sequences. However, the distance
selected is usually arbitrary, and the locus-specific features along the genome are not
considered. For example, a locus that is linearly distant from a gene can still be involved
in long-range chromatin interaction and contribute to gene activation [16]. Indeed, sev-
eral studies have shown regulation of genes through long-range interactions [16—18]. In
addition, most current methods are based only on genomic features and do not consider
tissue-specific gene expression and regulatory elements. A knowledge-based approach
that takes the three-dimensional (3D) chromatin organization of the human genome and
tissue-specific expression pattern into consideration can overcome these limitations and
better define GSHs.

As the starting point of GSH screening, common genetic variants in healthy human
populations, particularly large structure variations, can serve as markers for neutral
regions. Mobile element insertion is one type of structure variation that is ideal for this
purpose. Mobile elements (MEs) are segments of DNA that contribute to at least 50% of
the human genome [19, 20]. MEs can move around within the genome and create new
insertions. As a result, thousands of polymorphic mobile elements insertions (pMEIs)
are present in human populations [21, 22]. pMEIs with high allele frequency (AF) among
human populations are considered as common pMEls. Common pMEIs that are not
associated with expression of nearby genes in the tissue of interest can be considered as
natural landmarks for genomic loci that can potentially harbor transgene integrations
without deleterious effects.

Here, we developed a framework to identify and validate cell type-specific GSHs by
integrating pMEI distribution among healthy individuals with gene expression, 3D chro-
matin organization, and epigenetic modification information. Using data from the 1000
Genomes project and the Genotype-Tissue Expression (GTEXx) projects, we identified 19
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Fig. 1 A schematic representation of the overall genomic safe harbor identification strategy. a Selection

of common pMElIs from healthy individuals with AF > 0.1. b Removing pMEls significantly associated with
gene expression (FDR < 0.1 in eQTL mapping). ¢ Removing pMEls showing spatial proximity with oncogenes,
tumor suppressor genes, and dosage-sensitive genes based on TADs and chromatin interaction mapping. d
Removing pMEls overlapping repressive chromatin regions

blood GSH candidate loci. For three candidate loci, we demonstrated the stable expres-
sion of transgene without alternating transcription of nearby genes in erythroid cells.
We further extended the framework to gene expression data in brain tissues and identi-
fied 5 candidate brains GSHs. In addition, we developed a computer program for knowl-
edge-based GSH selection.

Results

Overall design of the genomic safe harbor identification procedure

Our goal is to identify genomic loci that meet two main criteria for genome engineering:
have minimal effects on normal functions of host cells and maintain stable transgene
expression. The overall strategy is illustrated in Fig. 1. Because common pMEIs, espe-
cially those with high AF in the genomes of healthy people, can harbor large insertions
(300 base pairs (bps)—6000 bps) without apparent deleterious effects, we reasoned
that these pMEI sites are plausible candidates for GSH selection (Fig. 1a). From com-
mon pMElIs, we remove pMEIs associated with tissue-specific gene expression based on
expression quantitative trait loci (eQTL) analysis (Fig. 1b). To assess the potential inter-
actions between transgene and the genome of host cells, we use genomic spatial prox-
imity information identified by technologies such as whole-genome Hi-C and promoter
capture Hi-C. These technologies can extract genome-wide interactions among different
genomic loci. These unbiased long-range interactions allow us to remove pMEI sites that
may affect functionally significant genes, such as oncogenes, tumor suppressor genes,
and dosage-sensitive genes, through long-range interactions (Fig. 1c). To avoid hetero-
chromatin regions that can potentially decrease the transgene cassette integration and
transcription efficiency, genomic regions with repressive and quiescent state markers are
also excluded (Fig. 1d). Active chromatin regions have been reported to be associated
with high editing efficiency and expression of transgenes. So, we further labelled GSH
sites that overlap with active chromatin markers.

Identification of GSHs in blood cells

To test our framework, we identified common pMEIs in the 1000 Genomes project [23,
24] and conducted eQTL analysis between these common pMEIs and genome-wide
expression profiles in matched lymphoblastoid cell lines [25]. We excluded pMEIs that



Shrestha et al. Genome Biology =~ (2022) 23:199 Page 4 of 17

are associated with gene expression within 500 thousand base pairs (kbs) (eQTL FDR
< 0.1) (Additional file 1: Figure S1). We then used Hi-C data from GM12878 cells [26]
to define topological associated domains (TADs), which are fundamental units of 3D
chromatin organization. Because most chromatin interactions happen within the same
TAD [26], we removed pMEIs that are within the same TAD as tumor suppressor genes,
oncogenes, or dosage-sensitive genes [27-29]. We then removed pMEIs that formed
loops with gene promoters within the same TAD using promoter capture Hi-C data [30].
We also removed pMElIs that are within high gene density TADs, defined as TADs with
more than the mean gene density of all TADs (28.13 genes/million bps). To avoid the
less-frequent inter-TAD interaction, we further removed pMEIs that formed loops with
promoters of tumor suppressor genes, oncogenes, or dosage-sensitive genes that are not
within the same TAD. To ensure the accessibility of the candidate loci for genome edit-
ing, we removed pMEIs that are located within regions with repressive marks, including
the heterochromatin regions, regions with polycomb modification signals, and regions
labelled as the quiescent state. After filtering, we identified 16 candidate GSHs in blood
cells from the 1000 Genomes project data (Table 1, Additional file 1: Figure S2a).

Next, we examined the contribution of different genomics features to the GSH filter-
ing (Additional file 1: Figure S1). Repressing marks was the most important factor, with
94.7% of pMEI loci overlapping repressive regions. Another major factor is AF, with
55.3% of pMEIs” AF outside of our requirement (10% < AF < 90%). This is consistent with
the hypothesis that the majority of pMEIs are deleterious and under purifying selection.
About 32% of pMEIs were within a TAD harboring oncogenes, tumor suppressor genes,
or dosage-sensitive genes. In addition, 27.6% of pMEIs form a loop with promoters of
those genes within the same TAD (16.3%) or across different TADs (11.3%).

Fifteen of sixteen candidate GSHs are in intronic regions, and one is in an intergenic
region. All GSHs are in active chromatin regions, and 13 are located outside of TADs
identified in GM12878 cells. For example, BLD_GSH_10 (chr3:37361602-37361603) is
in the intron of GOLGA4 (Fig. 2a, Additional file 1: Figure S2a), which is the only gene
within the TAD. This pMEI has a 10.4% AF, is in active chromatin regions, and does not
form any loops with surrounding genes or their promoters.

To test the reproducibility of our framework, we conducted a similar analysis using a
published pMEI-associated eQTL dataset generated in blood cells from the GTEx pro-
ject [21]. In the GTEx dataset, our framework identified nine candidate blood GSHs.
Six of these sites (66.7%) overlap (defined as within 15 bps) with GSHs identified in the
1000 Genomes data (Table 1). For the three unique GSHs in the GTEx data, two (BLD_
GSH_19, BLD_GSH_16) were removed from the 1000 Genomes project data by the
AF filter and eQTL filter respectively, and for the other (BLD_GSH_18) the pMEI was
present only in the GTEx data. The highly consistent results between two independent
datasets further confirmed the robust performance of our framework.

Identification of GSH sites in brain

To test the selection criteria in a different tissue, we mapped GSHs in brain cells using
GTEx pMEI and brain-specific gene expression data [21], epigenetic profiles, and 3D
chromatin organization profiles [31, 32]. Altogether, we identified five candidate GSH
sites (Additional file 1: Figure S2b, Table 2, one example (BRN_GSH_4) is shown in
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Table 1 Identified GSH sites in blood from the 1000 Genomes project and the GTEx data

GSH_ID Position FDR AF TAD Active regions Gene Location  Dataset

gene

density
BLD_GSH_1 chr1:150200138-150200139 0.84 0.14 NA 4_Tx,5_TxWk ANP32E Intron 1KG
BLD_GSH_2 chr1:198243300-198243301 1 0.11 4.94 5_TxWk NEK7 Intron 1KG, GTEx
BLD_GSH_3 chr11:129759556-129759557 1 0.25 NA 4_Tx,5_TxWk NFRKB Intron 1KG
BLD_GSH_4 chr12:122722288-122722289 1 023 NA 4_Tx,5_TxWk VPS33A Intron 1KG
BLD_GSH_5 chr13:111559414-111559652  0.87 0.2 NA 4_Tx,5_TxWk ANKRD10  Intron 1KG
BLD_GSH_6 chr15:49609604-49609605 1 0.17 10.7 5_TxWk GALK2 Intron 1KG, GTEx
BLD_GSH_7 chr15:59169388-59169389 047 0.16 NA 4_Tx,5_TxWk - Intergenic  1KG
BLD_GSH_8 chr2:39071477-39071819 0.16 0.32 NA 4_Tx,5_TxWk DHX57 Intron 1KG
BLD_GSH_9 chr2:223481690-223481979 0.93 0.28 NA 4_Tx,5_TxWk FARSB Intron 1KG
BLD_GSH_10  chr3:37361602-37361603 1 0.1 25 4_Tx,5_TxWk GOLGA4 Intron 1KG, GTEx
BLD_GSH_11 chr3:45542662-45542663 0.13 0.36 NA 4_Tx,5_TxWk LARS2 Intron 1KG, GTEx
BLD_GSH_12  chr3:45768351-45768676 0.26 0.38 NA 4_Tx,5_TxWk SACM1L Intron 1KG
BLD_GSH_13  chr4:88032137-88032469 0.76 058  NA 4_Tx,5_TxWk AFF1 Intron TKG, GTEX
BLD_GSH_14  chr6:157397700-157397701 1 0.13 NA 2_TssAFInk,5_TxWk ARID1B Intron 1KG, GTEx
BLD_GSH_15  chr8:120800792-120800793 0.89 0.21 NA 4_Tx,5_TxWk TAF2 Intron 1KG
BLD_GSH_16  chr9:100675550-100675551 ns. 016 NA 4_Tx,5_TxWk TRMO Intron GTEx
BLD_GSH_17  chr9:115937084-115937379 0.34 035 NA 4_Tx,5_TxWk FKBP15 Intron 1KG
BLD_GSH_18  chr1:1654012-1654013 ns. 0.15 NA 5_TxWk CDK11A Intron GTEx
BLD_GSH_19  chr15:79167169-79167170 ns. 0.12 NA 1_TssA2_TssAFInk ~ MORF4L1  Intron GTEx

GSH_ID: Unique GSH ID, Position: genomic coordinates for the GSH (hg19), FDR: eQTL FDR value, n.s. non-significant, AF:
pMEI allele frequency, TAD gene density: Gene density of GSHTAD, NA GSH not assigned to a TAD, Active regions: active

transcription region based on ChromHMM states, Gene: GSH overlapping gene, Location: position of GSH (intron, exon,

intergenic), Dataset: data source, 1KG the 1000 Genomes Project, GTEX the Genotype-Tissue Expression Project

Fig. 2b). Similar to GSHs identified in blood cells, all the brain-GSHs were in intronic
regions and labelled as active chromatin region. GSHs identified in brain and blood cells
were unique to each other, highlighting the importance of tissue-specific mapping for
GSHs.

Validation of GSH site in HUDEP2 cells
To experimentally assess the candidate blood GSHs identified by our framework, we
integrated a green fluorescent protein (GFP) expression cassette into candidate GSH
loci through homologous recombination in HUDEP2 cells. HUDEP?2 is an erythroid
progenitor cell line and can be differentiated into mature erythroid cells. We tested
three GSHs identified in blood cells. As controls, we included two randomly selected
non-GSH pMEIs, one GSH identified in brain tissue but is located within heterochro-
matin in blood cells, and the AAVS1 locus. We designed two CRISPR guide RNAs for
each locus and chose the one with higher editing efficiency for the cassette integra-
tion (editing efficiency for all gRNAs are greater than 50%, Additional file 2: Table S1).
GFP cassettes were integrated into the GSH loci through HDR-mediated insertion.
We sorted GFP-positive cells and established the stable cell line for each locus. We
further carried out PCR assays to validate each integration site (Additional file 1: Fig-
ure S3).

To compare the expression profiles between GFP integrated cell lines and wild-type
(WT) HUDEP2 cells, we performed RNA-seq assays with 4 replicates per cell line
(Fig. 3a). In general, genome-wide expression profiles among all samples are highly
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Fig. 2 Epigenetic and chromatin interactions near the candidate GSH sites in blood and brain. a Genome
browser screenshot of a representative GSH in blood. From top to bottom: Interaction heatmap and TADs
from Hi-C in GM 12878 cells. Chromatin interaction loops from promoter capture Hi-C in blood cells (see
Method section for details). The coordinate of the GSH. Active and repressive genomic regions defined by
15-state ChromHMM from blood cells in the Roadmap project (Additional file 9: Table S8), and reference
genes. b Genome browser screenshot of a representative GSH in brain. From top to bottom: Interaction
heatmap and TADs from Hi-C in brain hippocampus. Chromatin interaction loops from promoter capture
Hi-C in brain cells (dorsolateral prefrontal cortex, hippocampus, and neural progenitor cells). The coordinate
of the GSH. Active and repressive genomic regions defined by 15-state ChromHMM from brain cells in the
Roadmap project (Additional file 9: Table S8), and reference genes. Regions surrounding the GSH sites are
highlighted with blue shade

correlated (minimal spearman correlation coefficient R=0.89, Additional file 1: Figure
S4). We then performed differential gene expression analysis (See “Methods”). On aver-
age, there are ~ 250 genes upregulated and ~ 800 genes downregulated in GFP inte-
grated cell lines (FDR<0.01, Log2 Fold Change (LFC) >1 or LFC<—1, Additional file 3:
Table S2). Interestingly, most (~80%) of these differential expressed genes are shared
among at least three cell lines with different integration sites (Fig. 3b—d, Additional file 1:
Figure S5). Gene ontology (GO) enrichment analysis showed that genes which involved
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Table 2 Identified GSH sites in brain from the GTEx data

GSH_ID Position FDR AF TAD Active regions Gene Location Dataset
gene
density
BRN_GSH_1 c¢hr1:247027889- ns 046 NA 4_Tx,5_TxWk AHCTF1 Intron GTEX
247027890
BRN_GSH_2 ¢hr12:987960- ns 014 NA 4_Tx,5_TxWk WNK1 Intron GTEX
987961
BRN_GSH_3 chr22:18283915- ns 032 NA 5_TxWk MICAL3 Intron GTEx
18283916
BRN_GSH_4 chr4:5834890- ns 022 NA 4_Tx,5_TxWk CRMP1 Intron GTEx
5834891
BRN_GSH_5 chr7:5553845- ns 015 NA 1_TssA,2_TssAFInk LOC221946 Intron GTEX
5553846

GSH_ID: Unique GSH ID, Position: Genomic coordinates for the GSH (hg19), FDR: eQTL FDR value, n.s. non-significant, AF:
pMEl allele frequency, TAD gene density: gene density of GSH TAD, NA GSH not assigned to a TAD, Active regions: active
transcription region based on ChromHMM states, Gene: GSH overlapping gene, Location: position of GSH (intron, exon,
intergenic), Dataset: data source, GTEX the Genotype-Tissue Expression Project

protein degradation such as Ubl conjugation are highly enriched (FDR 1.1E-8), indicating
that the expression level changes of those genes are likely triggered by cellular response
to GFP [33, 34]. To assess the cis effect of GFP integration at each GSH, we focused on
genes within the same TAD of integration sites. Among the three blood GSHs, there are
no significantly changed genes (Fig. 3b, Additional file 4: Table S3) within same TAD. In
contrast, the GFP cassette integrated into one randomly selected MEI (MEI_chr3_3707_
INS) leads to significantly increased (LFC =1.12, FDR=9.39E—05) expression of PTX3
(Fig. 3c). GFP integrated in the AAVSI1 locus also alternated the expression of two
genes, TNNI3 (LFC=1.684, FDR=3.1E—04) and PPP6RI (LFC=—1.59, FDR=1.34E—07)
(Fig. 3d, Additional file 4: Table S3). This result is consistent with previous studies show-
ing that cassette integration at the AAVSI site could affect the nearby gene expression
[11].

Expression cassettes integrated in intron regions can potentially affect RNA splic-
ing. To assess this risk, we performed alternative splicing analysis on genes with GFP
cassettes integrated in their introns. No significant alternative splicing events were
detected in any locus (rMATS FDR<0.01, Additional file 5: Table S4). We further
flipped the orientation of the GFP cassette at the BLD_GSH_10 locus and found
that neither direction affects the splicing of GOLGA4 (Additional file 5: Table S4). In
addition, the expression levels of GOLGA4 and other genes within the same TAD did
not change significantly (FDR< 0.01, LFC>1 or LFC <—1) between the two cassette
integration directions (Additional file 4: Table S3).

To assess the stability of GFP expression at the GSH sites, we continually cul-
tured the cells for 1 month. Among the three cell lines with GFP integrated into the
heterochromatin regions, two cell lines lost more than 30% GFP-positive cells. In
contrast, at least 85% cells with GFP integrated into the active regions remain GFP
positive (Additional file 6: Table S5, Additional file 1: Figure S6). We further gener-
ated 5 clones of GOLGA4 locus and cultured the cells for 3 months. In all 5 clones,
strong GFP signals were well-maintained (average normalized geometric mean
of 42.1) for 3 months of continued culture (Fig. 4a, b, Additional file 1: Figure S7,



Shrestha et al. Genome Biology

(2022) 23:199

a b
02 BLD_GSH_10
AAVS1 ' e common
BLD_GSH10 80 same TAD
BLD_GSH14
* BLD_GSH15 o +TAD
0.0 BRD_GSH4
9 HUDEP2 &
) MEI_chr1 o
5 I ME_cha < 40
S
o 02 20
0
-4 -2 0 2 4 6 8
log2FC
0.2 0.0 0.2 0.4
PC1 (15.22%) d
c MEI_chr3_3707_INS AAVST
175 ’ e common 175 * common
same TAD 150 same TAD
150 o +/- TAD « +-TAD
< 125 3 125
g &
& 100 & 100
g) (=)
2 75 2 75
50 1. - 50
25 : - 25
0 0
-4 2 0 2 4 6 8 10 -4 2 0 2 4 8 10
log2FC log2FC

Fig. 3 Experimental validation of GSHs in HUDEP2 cells. a PCA plot showing the RNA-seq data for all tested
cell lines. b—d Volcano plots showing differential expressed genes (DEGs) in a blood GSH (BLD_GSH_10),
non-GSH MEI (MEI_chr3_3707_INS) and AAVS1. Common: DEGs share by more than two cell lines. Same
TAD: genes within the same TAD of the GFP integration site; +/— TAD: genes in the TADs flanking to the GFP
integration site

Additional file 7: Table S6), suggesting that the integrated transgene can maintain
stable transcription in the target cells. To assess whether the integrated transgene
affects normal red blood cell functions, we induced terminal maturation for 5 days
and fractionated cells according to expression of the late-stage erythroid marker
Band3. All five clones show similar expression level of Band3 (14.2-41.2%) com-
pared to WT (10.1%) in undifferentiated cells and in differentiated cells (71.7-82.7%
compared to 73% in WT) (Fig. 4c, d and Additional file 1: Figure S8).

User-friendly pipeline for identifying GSH sites in different tissues

To extend the application of our framework, we developed a user-friendly program:
Genomics and Epigenetic Guided Safe Harbor mapper (GEG-SH mapper, https://
github.com/dewshr/GEG-SH). To use the program, a user first provides a list of
genomic variants with genomic coordinates and optional information, such as AF
and eQTL significance. Then, GEG-SH mapper will select candidate GSH sites by
integrating TAD information; chromatin interaction information; epigenetic infor-
mation such as repressive chromatin region and active chromatin region; and anno-
tation of oncogenes, tumor suppressor genes, and dosage-sensitive genes. Because
epigenetics features can be tissue-specific, a user can also replace the default data
sets with those from the tissue/cell type of interest. The program reports candidate
GSHs and the link to the UCSC genome browser for visualization of the candidate

Page 8 of 17
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Fig. 4 Long-term validation of BLD_GSH_10 clones. a Representative distribution of GFP fluorescence signals
in HUDEP2 WT cells (gray) and cells from a HUDEP2 clone with a GFP reporter transgene integrated in the
GSH site (blue) in day 1 and day 90, respectively. b Bar plots showing the normalized GFP fluorescence signals
of five independent clones and WT HUDEP?2 cells. ¢ Representative immuno-flow cytometry results showing
cell differentiation comparison between WT cells and cells from one GFP clone. Y-axis is the signal for red
blood cell maturation marker Band3. X-axis is the signals for GFP. The mature red blood cell compartment

is highlighted in red. d Bar plots showing the percent of Band3 high cell populations before and after
differentiation for five GFP clones and WT cells

GSHs. A file containing annotations for all input variants is also generated to allow
users to conduct custom query and filtering (Additional file 8: Table S7).

Discussion

Genome engineering technologies have developed rapidly over the last decade. Gene
and cellar therapies have the potential to treat once-incurable diseases [1, 2, 35]. How-
ever, the functions of the human genome are not fully understood. Avoiding unintended
changes in important genomic regions remains a major consideration during genome
engineering. A large amount of effort has been spent to establish complicated experi-
ment systems to identify and prevent these potential deleterious effects [36—38]. How-
ever, since the functional consequences of genomic alternation may only be detected in a
specific cell type during a specific development stage and/or under specific conditions, it
is challenging to include all these factors in the experimental design.

In this study, we developed a novel GSH discovery approach. First, we select GSH can-
didate regions based on common pMEIs in healthy human populations. Because these
PMEIs have been subjected to hundreds of thousands of years of purifying selection and
remained common in human populations, they marked genomic regions that are selec-

tively neutral with little or no impact on genomic functions. Among common pMElIs,

Page 9 of 17
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we then excluded loci that are associated with tissue-specific expression of nearby genes
to further increase the likelihood of selecting region with no functional impacts. Sec-
ond, unlike most current GSH mapping approaches that mask genome with arbitrary
defined linear windows near important DNA elements [14, 15], our approach is knowl-
edge-based and considers 3D chromatin organizations of the genome and the 3D spa-
tial distance between genomic loci. Third, stable expression of the transgene is essential
for an effective gene therapy. Thus, it is crucial that the GSHs are outside of the repres-
sive/heterochromatin regions. To this end, we use tissue-specific epigenetic signatures
to identify genomic regions that are open for transcription in the tissue of interest. This
step is crucial for GSH selection, as we found that 94.7% (5880/6206) of the pMEIs from
the 1000 Genomes project overlaps repressive chromatin marks. More importantly, we
identified no shared GSHs between blood and brain. The large amount of tissue-specific
repressive regions in the genome and the tissue-specific nature of the candidate GSHs
highlight the importance of including tissue-specific epigenetic information for GSH
identification. Using a cell-culture system, we showed that GFP transgene cassette can
be effectively integrated into candidate GSH loci. After integration, the cassettes were
stably expressed for several months, and they did not alter the expression of nearby
genes in host cells. These results demonstrate that our method can identify tissue-spe-
cific GSH candidates. It is worth mentioning that the commonly used AAVS1 locus is
located within a high gene density TAD. In our cell line-based validation system, GFP
cassette integration in AAVSI significantly altered the expression of two nearby genes.
Thus, there is an urgent need to identify more and better GSHs.

Importantly, our goal is to provide a framework for GSH identification. Although
our validation experiments demonstrate promising results, our experiments have sev-
eral limitations and the GSHs we tested should not be considered fully validated. One
safety concern of gene therapy is that the integration of gene expression cassettes can
potentially change RNA splicing of host genes [39]. Even though no significant alterna-
tive splicing events were detected in our study, we cannot completely exclude the pos-
sibility for other expression cassettes, especially those with splicing acceptor consensus
sequences, could affect the nearby gene splicing. Thus, carefully assessing the splicing
events is important for new expression cassettes. Another concern is the transcriptional
leakage of gene expression cassettes [40]. In our validation experiment, we observed
transcriptional leakage that can extend up to 600 bps downstream of GFP cassettes. One
potential solution is adding insulator elements to the cassettes [41]. Another limit in our
pipeline is that some functional genomic data used are from cell lines instead of more
clinically relevant primary cells such as CD344- hematopoietic stem and progenitor cells
(HSPCs). This is largely due to the data availability. Our pipeline does have an option
to let users provide their own functional genomic data and identify best GSHs for their
own systems. Last but not least, we used a GFP expression cassette in our experimen-
tal validation. Since transgene-genome interaction can be transgene-dependent, expres-
sion cassettes with different transgene can potentially induce different local epigenetic
and chromatin interaction changes. Thus, researchers should perform their own tests
to select the GSHs that work the best for their specific studies. Nevertheless, the evi-
dence that more than 10% of the healthy human population has large DNA fragments
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integrated in these candidate GSHs for thousands of years provides extra information
that is not available from any cell or animal models.

Conclusion

We developed a knowledge-based computational tool (GEG-SH mapper) for selecting
tissue-specific GSH sites for gene therapy and genomic engineering studies and dem-
onstrated its utility in blood and brain. In total, we identified 19 GSH in blood and 5 in
brain tissues. We also validated three GSH sites and showed high gene expression cor-
relations in cells with and without the transgene integration as well as similar prolifera-
tion and differentiation state in these cells. Combining with targeted cassette integration
technology, our approach will allow more efficient development of genomic engineering
studies and gene therapies in the near future.

Methods

pMEl-associated eQTL identification in the 1000 Genomes project

Genotypes for pMEI loci in 2504 individuals were extracted from the 1000 Genomes
project phase 3 release of structure variation (ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/
phase3/integrated_sv_map/) [23, 24]. In this dataset, 16,631 pMEIs were present in cer-
tain samples but not in the reference genome (referred as insertions), and 1304 were
present in the reference genome but missing in certain samples (referred as deletions).
RNA-Seq data from 462 individuals were downloaded from GEUVADIS RNA sequenc-
ing project for the 1000 Genomes project samples [25]. Among the 462 individuals, 445
individuals matched the pMEI genotype file. The following analyses were based on these
445 individuals.

For the eQTL analysis, pMEI were filtered to include pMEI with >1% and <99% AF
in the 445 individuals. The gene expression level was calculated as the Reads Per Kilo-
base of transcript, per Million mapped reads (RPKM) values using cufflinks software
[42]. Both protein-coding and non-coding genes defined in the GENCODE annotation
[43] were used. Matrix-eQTL [44] was used to perform eQTL tests for the associa-
tion between pMEIs and expression changes in cis (i.e., a pMEI and a gene are located
within 500 kbs of each other) by using an additive linear regression model. Population
and gender information were considered in the matrix-eQTL analysis as covariates.
pMEIs that are more than 500 kbs away from genes are also included in the down-

stream analysis.

GSH-mapper filtration of pMEls

The eQTL data from the 1000 Genomes project (as described above) and the GTEx
project [21] were processed to generate the GSH-mapper input format containing ID,
position, eQTL FDR, and AF. Both eQTL datasets included pMEI’s association with the
expression of protein coding and non-coding genes. The position column was used to
generate a bed file with the chromosome coordinates, which was used for further filtra-

tion steps.
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Oncogenes, tumor suppressor genes, and dosage-sensitive genes

The lists of oncogenes and tumor suppressor genes were downloaded from [27, 28],
respectively. The list of dosage-sensitive genes was downloaded from the Exome Aggre-
gation Consortium [29], supplementary table 13 with a pLI (probability loss of function
intolerant) value greater than 0.9. The gene coordinate information was assigned by
using BioMart Ensemble genes 104 database for GRCh37.

TAD

TAD information for blood was obtained from GSE63525 [26], and brain data were
obtained from GSE86189 [32]. For blood pre-processed arrowhead [45], data for
GM12878 cells were used. For brain hippocampus, raw data (SRA: SRR4094699) was
downloaded and processed locally using Hic-pro [46] (Version 2.11.1) with default
parameters. A bin size of 100 kbs was used to generate Iterative Correction and Eigen-
vector decomposition (ICE) normalized contact maps. Normalized contact maps were
converted into “h5” format by using hicConvertFormat, and TADs were identified using
hicFindTADs. Both tools are parts of HiCExplorer (version 3.6) [47-49] and were run
using default parameters through the command line version. TAD information was
assigned to pMEIs using Bedtools intersect (Version 2.29.2) [50]. The gene coordinate
information was downloaded from BioMart Ensemble genes 104 database for GRCh37.
Gene density for each TAD was calculated as:

Gene density = (number of genes in TAD/length of TAD) x 1000000.

Mean gene density was calculated based on gene densities of all TADs in the genome
for the given cell/tissue. pMEIs within TADs with gene density greater than the mean
gene density were removed. The mean gene density value will vary depending on the
input TAD regions.

Promoter interaction

Gene promotor chromatin interaction data for blood (PCHiC_peak_matrix_cutoff5.txt.
gz) [51] were downloaded from https://osf.io/u8tzp/ and all the interactions files were
combined except for endothelial precursors and fetal thymus cells. Similarly, for brain
data, supplementary Tables 3 and 4 were downloaded from Jung et al [32], and inter-
actions involving dorsolateral prefrontal cortex, hippocampus, and neural progenitor
cells were combined. For promoter-promoter interaction data in supplementary Table 4,
where only gene name was provided, promoter regions were defined as regions 2 kbs
upstream and downstream of the gene transcription start site (TSS). pMEIs interacting
with gene promoters within the same TAD were removed. pMEIs with chromatin inter-
action to promoters of dose-sensitive genes, tumor suppressor genes, or oncogenes were
removed.

Chromatin regions

The pMEIls were further filtered and annotated based on chromatin regions. Chroma-
tin region information inferred by ChromHMM [52, 53] for both blood and brain were
obtained from the Roadmap Epigenome Consortium (Additional file 9: Table S8) [31].
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Heterochromatin, Repressed Polycomb, Weak Repressed Polycomb, and Quiescent
regions defined by ChromHMM were considered as repressive regions. Active TSS,
Flanking TSS, Strong transcription, and Weak transcription regions were considered as

active regions.

HUDEP2 clone generation with GFP marker at GSH

For Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) integration, 1
ul of 50 uM sgRNA and 0.5pl of 40puM 3xNLS-Cas9 protein were mixed and incubated at
room temperature for 10 min. The gRNA and Cas9 (RNP) mixture were then transferred
to ice. A total of 200,000 HUDEP?2 cells were resuspended in 10 pl buffer R (Invitrogen:
MPK1096R). Then 1.5 pl of RNP mixture was added along with 1 ul of 1 pg/ul Donor
EGFP plasmid (Additional file 1: Figure S9), which contains homologous arms and GFP
expression cassette. The cells were subjected to electroporation using Invitrogen Neon
transfection system at 1200v, 40 ms, 1 pulse. After electroporation, cells were transferred
into 2-well plates, with 1 mL/well containing 10% FBS without any antibiotics. After 1
week of cell culture, GFP+ single cell was sorted into 96-well u-bottom plates. When cell
pellets are visible (around 10-14 days), the subclones were then transferred into 12-well
plates for clonal expansion. GFP insertions in cells were validated by PCR to amplify
GEFP cassette. The sequences of gRNAs and PCR primers are listed in Additional file 2:
Table S1.

HUDEP2 cell differentiation and FACS staining

For cell differentiation analysis, HUDEP2 cells were cultured in IMDM medium con-
taining 2% human AB plasma, 3% human AB serum, 1% penicillin/streptomycin, 3 U/
mL heparin, 10 pg/mL insulin, 3 U/mL EPO, 1 mg/mL transferrin, 50 ng/mL hSCE, and
1 pg/mL doxycycline for 3 days. The cell density was maintained between 0.7 x10%/mL
and 1.4x10%/mL. After day 4, hSCF was withdrawn from the culture medium and cell
density was maintained between 1x10°/mL and 2x10°/mL. For cell sorting, 0.5x10°/
mL cells were resuspended in 1000 mL of PBS with 2% FBS. Then, 2 mL of Band3-APC
(Dr. Xiuli An from Laboratory of Membrane Biology, New York Blood Center provided
the antibody) was added, and the cells were kept on ice for 20 min. The cells were then
washed twice with 200 mL of PBS containing 2% FBS and resuspended in 200 mL of PBS
containing 2% FBS for Fluorescence Activated Cell Sorting (FACS).

RNA sequencing and analysis
RNA sequencing was performed as previously described [54]. Briefly, quick-RNA
MiniPrep kit (Zymo Research, R1054) was used to extract RNA from one million
normal HUDEP2 cells or HUDEP2 GFP cells. For each cell line, RNAs were pre-
pared from four batches of bulk sorted GFP cells as biological replicates. The TruSeq
Stranded RNA Library Prep Kit (Illumina) was used to create libraries for sequencing.
Sequencing was performed using NovaSeq 6000 (Illumina) with 100PE format.
Kallisto quant (0.43.1) [55] with the default setting using bootstrap-samples set
to 100, and Ensembl gene annotation (version 75) for the human reference genome
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(hgl19) was used to get the transcript abundance data. Differential gene expression
analysis was performed using Sleuth [56] with the default parameters. FDR<0.01,
LFC>1, or LFC<-1 were used to identify significantly changed genes. In addition,
the normalized TPM counts generated by Sleuth were used for correlation analysis
among the GFP inserted cell lines and HUDEP2 WT.

For alternative splicing analysis, RNA sequencing data were mapped using STAR
(version 2.5.3a) [57] and alternative splicing events were analyzed using rMATS
(4.0.2) [58] using default settings, where each GFP inserted cells were compared with
WT HUDEP2 cells. GENCODE v309lift37 is used as annotation file. Five different
events (skipped exon, mutually exclusive exon, alternative 3’ splice site, alternative 5’
splice site, and retained intron) were evaluated to identify significant alternative splic-

ing events.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/513059-022-02770-3.

Additional file 1: Supplementary figures: Figure S1. Pipeline workflow for identification of GSH sites. Figure S2: Circos
plot representation of GSH sites identified in blood (a) and brain (b) data. Figure S3: PCR validation of GFP inserted
cell line. Figure S4: Genome wide gene expression Correlation between GFP integrated cell lines and HUDEP2 cells.
Figure S5: Volcano plot representation of Differentially Expressed Genes for four GSH integration sites. Figure S6:
GFP maintenance after one month based on different integration sites. Figure S7: GFP expression in Day 1 and Day
90 for 5 GFP clones of BLD_GSH_10. Figure S8: Flow cytometry of GFP and Band3 staining of HUDEP2 GFP clones
and HUDEP2 WT cells on day 0 and day 4 of differentiation. Figure S9: Plasmid vector used for the GFP insertion in
HUDEP?2 cells.

Additional file 2: Table S1. gRNA editing efficiency for different loci and primers used for validation of GFP integration
Additional file 3: Table S2. Differentially expressed genes in GFP integrated cell lines.

Additional file 4: Table S3. Expression level changes of genes near integration sites

Additional file 5: Table S4. Alternative splicing events detected by rMATS.

Additional file 6: Table S5. Loss of GFP level based on integration sites.

Additional file 7: Table S6. GFP flow cytometry data of day 1 and day 90 for WT and GFP inserted HUDEP2 clones.
Additional file 8: Table S7. Detailed pMEI annotations for GSH selection.

Additional file 9: Table S8. Data used to define repressive and active chromatin regions.

Additional file 10. Review history.

Acknowledgements

Ryo Kurita and Yukio Nakamura (Cell Engineering Division, RIKEN BioResource Center, Tsukuba, Japan) provided the
HUDEP-2 cells. The authors thank Dr. Xiuli An (Laboratory of Membrane Biology, New York Blood Center) for providing
Band3 antibody, St. Jude Children’s Research Hospital's Flow Cytometry core facility for cell sorting and the Hartwell
Center for Biotechnology, for providing the high-throughput RNA sequencing, and Center for Advanced Genome
Engineering (CAGE) for designing gRNAs and donor plasmids. We thank Cherise M. Guess for scientific editing of the
manuscript.1

Review history
The review history is available as Additional file 10.

Peer review information
Kevin Pang was the primary editor of this article and managed its editorial process and peer review in collaboration with
the rest of the editorial team.

Authors’ contributions

Y.Cand J.X. designed the project. D.S., AB, Y.C, and J.X. wrote the manuscript. D.S. and A.B. wrote the pipeline script

for GSH identification. D.S, AB, Y.Z, and X.T. analyzed the data. RW. generated insertion clones and performed flow
cytometry and RNA-seq experiment. QQ. designed the plasmid vector and performed FACS data analysis. Y.C. and J.X.
supervised the study. All the authors discussed and approved the results and contributed to the manuscript preparation.

Funding

This study was supported in part by research funding from the Human Genetics Institute of New Jersey (to J.X.) and by
National Science Foundation grant 2128307 (to J.X.). This study was also supported by ALSAC and in part by the National
Cancer Institute of the National Institutes of Health under Award Number P30 CA021765, St. Jude Children’s Research
Hospital Consortium on Novel Gene Therapies for Sickle Cell Disease (SCD) (to Y.C.), and by NIH grants R35GM133614 (to


https://doi.org/10.1186/s13059-022-02770-3

Shrestha et al. Genome Biology =~ (2022) 23:199 Page 150f 17

Y.C). The content is solely the responsibility of the authors and does not necessarily represent the official views of the
National Institutes of Health.

Availability of data and materials

RNA sequencing data are available on GEO database (GSE183935) [59] and code and other data used to identify candi-
date GSH sites are available at https://github.com/dewshr/GEG-SH/tree/v1 [60] as well as in Zenodo (https://doi.org/10.
5281/zenodo.7041570) [61]. The source code is released under an open source MIT License.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 5 November 2021 Accepted: 9 September 2022
Published online: 21 September 2022

References

1. AliHG, Ibrahim K, Elsaid MF, Mohamed RB, Abeidah MIA, Al Rawwas AO, et al. Gene therapy for spinal muscular
atrophy: the Qatari experience. Gene Ther. 2021;28:676-80.

2. MamcarzE, Zhou S, Lockey T, Abdelsamed H, Cross SJ, Kang G, et al. Lentiviral gene therapy combined with low-
dose busulfan in infants with SCID-X1. N Engl J Med. 2019;380:1525-34.

3. Tang R, Harasymowicz NS, Wu CL, Collins KH, Choi YR, Oswald SJ, et al. Gene therapy for follistatin mitigates systemic
metabolic inflammation and post-traumatic arthritis in high-fat diet-induced obesity. Sci Adv. 2020;6:eaaz7492.

4. Papapetrou EP, Schambach A. Gene insertion into genomic safe harbors for human gene therapy. Mol Ther.
2016;24:678-84.

5. KimuraY, Shofuda T, Higuchi'Y, Nagamori |, Oda M, Nakamori M, et al. Human genomic safe harbors and the suicide
gene-based safeguard system for iPSC-based cell therapy. Stem Cells Transl Med. 2019,8:627-38.

6. Shinn P, Chen H, Berry C, Ecker JR, Bushman F, Jolla L. HIV-1 Integration in the human genome favors active genes
and local hotspots. Cell. 2002;110:521-9.

7. Davé UP, Akagi K, Tripathi R, Cleveland SM, Thompson MA, Yi M, et al. Murine leukemias with retroviral insertions at
Lmo?2 are predictive of the leukemias induced in SCID-X1 patients following retroviral gene therapy. PLoS Genet.
2009;5:1000491.

8. Kotin RM, Linden RM, Berns KI. Characterization of a preferred site on human chromosome 19q for integration of
adeno-associated virus DNA by non-homologous recombination. EMBO J. 1992;11:5071-8.

9. LiuR, Paxton WA, Choe S, Ceradini D, Martin SR, Horuk R, et al. Homozygous defect in HIV-1 coreceptor accounts for
resistance of some multiply-exposed individuals to HIV-1 infection. Cell. 1996;86:367-77.

10. lIrion S, Luche H, Gadue P, Fehling HJ, Kennedy M, Keller G. Identification and targeting of the ROSA26 locus in
human embryonic stem cells. Nat Biotechnol. 2007;25:1477-82.

11. MizutaniT, Li R, Haga H, Kawabata K. Transgene integration into the human AAVS1 locus enhances myosin II-
dependent contractile force by reducing expression of myosin binding subunit 85. Biochem Biophys Res Commun.
2015;465:270-4.

12. Glass WG, McDermott DH, Lim JK, Lekhong S, Shuk FY, Frank WA, et al. CCRS deficiency increases risk of symptomatic
West Nile virus infection. J Exp Med. 2006;203:35-40.

13. Larena M, Regner M, Lobigs M. The chemokine receptor CCRS5, a therapeutic target for HIV/AIDS antagonists, is criti-
cal for recovery in a mouse model of Japanese encephalitis. PLoS One. 2012;7:e44834.

14. Aznauryan E, Yermanos A, Kinzina E, Devaux A, Kapetanovic E, Milanova D, et al. Discovery and validation of human
genomic safe harbor sites for gene and cell therapies. Cell Rep Methods. 2022,2:100154 Available from: https://
www.sciencedirect.com/science/article/pii/S2667237521002319.

15. Pellenz S, Phelps M, Tang W, Hovde BT, Sinit RB, Fu W, et al. New human chromosomal sites with “safe harbor” poten-
tial for targeted transgene insertion. Hum Gene Ther. 2019;30:814-28.

16. Akincilar SC, Khattar E, Boon PLS, Unal B, Fullwood MJ, Tergaonkar V. Long-range chromatin interactions drive
mutant TERT promoter activation. Cancer Discov. 2016;6:1276-91.

17. Cai M, Kim S, Wang K, Farnham PJ, Coetzee GA, Lu W. 4C-seq revealed long-range interactions of a functional
enhancer at the 8g24 prostate cancer risk locus. Sci Rep. 2016;6:22462.

18. QianY, Zhang L, Cai M, Li H, Xu H, Yang H, et al. The prostate cancer risk variant rs55958994 regulates multiple
gene expression through extreme long-range chromatin interaction to control tumor progression. Sci Adv.
2019;5:.eaaw6710.

19. de Koning APJ, Gu W, Castoe TA, Batzer MA, Pollock DD. Repetitive elements may comprise over two-thirds of the
human genome. PLoS Genet. 2011;7:21002384.

20. Lander ES, Linton LM, Birren B, Nusbaum C, Zody MC, Baldwin J, et al. Initial sequencing and analysis of the human
genome. Nature. 2001;409:860-921.


https://github.com/dewshr/GEG-SH/tree/v1
https://doi.org/10.5281/zenodo.7041570
https://doi.org/10.5281/zenodo.7041570
https://www.sciencedirect.com/science/article/pii/S2667237521002319
https://www.sciencedirect.com/science/article/pii/S2667237521002319

Shrestha et al. Genome Biology (2022) 23:199

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31

32.

33

34

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,
45,

46.

47.

48.

49.

50.

51

52.

53.
54.

55.

Cao X, Zhang Y, Payer LM, Lords H, Steranka JP, Burns KH, et al. Polymorphic mobile element insertions contribute to
gene expression and alternative splicing in human tissues. Genome Biol. 2020;21:185.

Stewart C, Kural D, Stromberg MP, Walker JA, Konkel MK, Stitz AM, et al. A comprehensive map of mobile element
insertion polymorphisms in humans. PLoS Genet. 2011;7:1002236.

Auton A, Abecasis GR, Altshuler DM, Durbin RM, Abecasis GR, Bentley DR, et al. A global reference for human
genetic variation. Nature. 2015;526:68-74.

Sudmant PH, Rausch T, Gardner EJ, Handsaker RE, Abyzov A, Huddleston J, et al. An integrated map of structural
variation in 2,504 human genomes. Nature. 2015;526:75-81.

Lappalainen T, Sammeth M, Friedlander MR, 't Hoen PAC, Monlong J, Rivas MA, et al. Transcriptome and genome
sequencing uncovers functional variation in humans. Nature. 2013;501:506-11.

Rao SSP, Huntley MH, Durand NC, Stamenova EK, Bochkov ID, Robinson JT, et al. A 3D map of the human genome at
kilobase resolution reveals principles of chromatin looping. Cell. 2014;159:1665-80.

LiuY, Sun J, Zhao M. ONGene: a literature-based database for human oncogenes. J Genet Genomics.
2017;44:119-21.

Zhao M, Kim P, Mitra R, Zhao J, Zhao Z. TSGene 2.0: an updated literature-based knowledgebase for tumor suppres-
sor genes. Nucleic Acids Res. 2016;44:D01023-31.

Lek M, Karczewski KJ, Minikel EV, Samocha KE, Banks E, Fennell T, et al. Analysis of protein-coding genetic variation in
60,706 humans. Nature. 2016;536:285-91.

Schoenfelder S, Javierre B-M, Furlan-Magaril M, Wingett SW, Fraser P. Promoter capture Hi-C: high-resolution,
genome-wide profiling of promoter interactions. J Vis Exp. 2018;,e57320.

Kundaje A, Meuleman W, Ernst J, Bilenky M, Yen A, Heravi-Moussavi A, et al. Integrative analysis of 111 reference
human epigenomes. Nature. 2015;518:317-30.

Jung I, Schmitt A, Diao Y, Lee AJ, Liu T, Yang D, et al. A compendium of promoter-centered long-range chromatin
interactions in the human genome. Nat Genet. 2019;51:1442-9.

Coumans JVF, Gau D, Poljak A, Wasinger V, Roy P, Moens P. Green fluorescent protein expression triggers proteome
changes in breast cancer cells. Exp Cell Res. 2014;320:33-45.

Liu HS, Jan MS, Chou CK, Chen PH, Ke NJ. Is green fluorescent protein toxic to the living cells? Biochem Biophys Res
Commun. 1999;260:712-7.

Pearson TS, Gupta N, San Sebastian W, Imamura-Ching J, Viehoever A, Grijalvo-Perez A, et al. Gene therapy for aro-
matic L-amino acid decarboxylase deficiency by MR-guided direct delivery of AAV2-AADC to midbrain dopaminer-
gic neurons. Nat Commun. 2021;12:4251.

Zhou S, Ma Z, LuT, Janke L, Gray JT, Sorrentino BP. Mouse transplant models for evaluating the oncogenic risk of a
self-inactivating XSCID lentiviral vector. PLoS One. 2013;8:262333.

Zhou S, Fatima S, Ma Z, Wang Y-D, Lu T, Janke LJ, et al. Evaluating the safety of retroviral vectors based on insertional
oncogene activation and blocked differentiation in cultured thymocytes. Mol Ther. 2016;24:1090-9.

Shahryari A, Burtscher I, Nazari Z, Lickert H. Engineering gene therapy: advances and barriers. Adv Ther.
2021;4:2100040.

Moiani A, Paleari Y, Sartori D, Mezzadra R, Miccio A, Cattoglio C, et al. Lentiviral vector integration in the human
genome induces alternative splicing and generates aberrant transcripts. J Clin Invest. 2012;122:1653-66.

Zaiss A-K, Son S, Chang L-J. RNA 3'readthrough of oncoretrovirus and lentivirus: implications for vector safety and
efficacy. J Virol. 2002,76:7209-19.

Hasegawa K, Nakatsuji N. Insulators prevent transcriptional interference between two promoters in a double gene
construct for transgenesis. FEBS Lett. 2002;520:47-52.

Trapnell C, Williams BA, Pertea G, Mortazavi A, Kwan G, van Baren MJ, et al. Transcript assembly and quantification
by RNA-Seq reveals unannotated transcripts and isoform switching during cell differentiation. Nat Biotechnol.
2010;28:511-5.

Harrow J, Frankish A, Gonzalez JM, Tapanari E, Diekhans M, Kokocinski F, et al. GENCODE: the reference human
genome annotation for The ENCODE Project. Genome Res. 2012;22:1760-74.

Shabalin AA. Matrix eQTL: ultra fast eQTL analysis via large matrix operations. Bioinformatics. 2012;28:1353-8.
Durand NC, Robinson JT, Shamim MS, Machol I, Mesirov JP, Lander ES, et al. Juicebox provides a visualization system
for Hi-C contact maps with unlimited zoom. Cell Syst. 2016;3:99-101.

Servant N, Varoquaux N, Lajoie BR, Viara E, Chen C-J, Vert J-P, et al. HiC-Pro: an optimized and flexible pipeline for Hi-C
data processing. Genome Biol. 2015;16:259.

Wolff J, Rabbani L, Gilsbach R, Richard G, Manke T, Backofen R, et al. Galaxy HiCExplorer 3: a web server for repro-
ducible Hi-C, capture Hi-C and single-cell Hi-C data analysis, quality control and visualization. Nucleic Acids Res.
2020;48:W177-84.

Wolff J, Bhardwaj V, Nothjunge S, Richard G, Renschler G, Gilsbach R, et al. Galaxy HiCExplorer: a web server for
reproducible Hi-C data analysis, quality control and visualization. Nucleic Acids Res. 2018,46:W11-6.

Ramirez F, Bhardwaj V, Arrigoni L, Lam KC, Griining BA, Villaveces J, et al. High-resolution TADs reveal DNA sequences
underlying genome organization in flies. Nat Commun. 2018;9:189.

Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for comparing genomic features. Bioinformatics.
2010;26:841-2.

Javierre BM, Burren OS, Wilder SP, Kreuzhuber R, Hill SM, Sewitz S, et al. Lineage-specific genome architecture links
enhancers and non-coding disease variants to target gene promoters. Cell. 2016;167:1369-1384.e19.

Ernst J, Kellis M. ChromHMM: automating chromatin-state discovery and characterization. Nat Methods.
2012;9:215-6.

Ernst J, Kellis M. Chromatin-state discovery and genome annotation with ChromHMM. Nat Protoc. 2017;12:2478-92.
Cheng L, LiY, Qi Q Xu P, Feng R, Palmer L, et al. Single-nucleotide-level mapping of DNA regulatory elements that
control fetal hemoglobin expression. Nat Genet. 2021;53:869-80.

Bray NL, Pimentel H, Melsted P, Pachter L. Near-optimal probabilistic RNA-seq quantification. Nat Biotechnol.
2016;34:525-7.

Page 16 of 17



Shrestha et al. Genome Biology =~ (2022) 23:199 Page 17 of 17

56.

57.

58.

59.

60.

61.

Pimentel H, Bray NL, Puente S, Melsted P, Pachter L. Differential analysis of RNA-seq incorporating quantification
uncertainty. Nat Methods. 2017;14:687-90.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, et al. STAR: ultrafast universal RNA-seq aligner. Bioinfor-
matics. 2013;29:15-21.

Shen S, Park JW, Lu Z, Lin L, Henry MD, Wu YN, et al. IMATS: robust and flexible detection of differential alternative
splicing from replicate RNA-Seq data. Proc Natl Acad Sci U S A. 2014;111:E5593-601.

Shrestha Dewan, Bag Aishee, Wu Ruigiong, Zhang Yeting, Tang Xing, Qi Qian, Xing Jinchuan, Cheng Yong. Genomics
and epigenetics guided identification of tissue-specific genomic safe harbors.Datasets.Gene Expression Omnibus.
2022. https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?7acc=GSE183935.

Shrestha Dewan, Bag Aishee, Wu Ruigiong, Zhang Yeting, Tang Xing, Qi Qian, Xing Jinchuan, Cheng Yong. Genom-
ics and Epigenetic Guided Safe Harbor mapper (GEG-SH mapper) (Version v1). Github. 2022. https://github.com/
dewshr/GEG-SH/tree/v1.

Shrestha Dewan, Bag Aishee, Wu Ruigiong, Zhang Yeting, Tang Xing, Qi Qian, Xing Jinchuan, Cheng Yong. Genomics
and Epigenetic Guided Safe Harbor mapper (GEG-SH mapper) (Version v1). Zenodo. 2022. https://doi.org/10.5281/
zenodo.7041570.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE183935
https://github.com/dewshr/GEG-SH/tree/v1
https://github.com/dewshr/GEG-SH/tree/v1
https://doi.org/10.5281/zenodo.7041570
https://doi.org/10.5281/zenodo.7041570

	Genomics and epigenetics guided identification of tissue-specific genomic safe harbors
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Results
	Overall design of the genomic safe harbor identification procedure
	Identification of GSHs in blood cells
	Identification of GSH sites in brain
	Validation of GSH site in HUDEP2 cells
	User-friendly pipeline for identifying GSH sites in different tissues

	Discussion
	Conclusion
	Methods
	pMEI-associated eQTL identification in the 1000 Genomes project
	GSH-mapper filtration of pMEIs
	Oncogenes, tumor suppressor genes, and dosage-sensitive genes
	TAD
	Promoter interaction
	Chromatin regions

	HUDEP2 clone generation with GFP marker at GSH
	HUDEP2 cell differentiation and FACS staining
	RNA sequencing and analysis

	Acknowledgements
	References


