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ABSTRACT

In genomics, effectively identifying the biological ef-
fects of genetic variants is crucial. Current methods
handle each variant independently, assuming that
each variant acts in a context-free manner. However,
variants within the same gene may interfere with each
other, producing combinational (compound) rather
than individual effects. In this work, we introduce
COPE, a gene-centric variant annotation tool that
integrates the entire sequential context in evalu-
ating the functional effects of intra-genic variants.
Applying COPE to the 1000 Genomes dataset, we
identified numerous cases of multiple-variant com-
pound effects that frequently led to false-positive
and false-negative loss-of-function calls by conven-
tional variant-centric tools. Specifically, 64 disease-
causing mutations were identified to be rescued in a
specific genomic context, thus potentially contribut-
ing to the buffering effects for highly penetrant dele-
terious mutations. COPE is freely available for aca-
demic use at http://cope.cbi.pku.edu.cn.

INTRODUCTION

Tremendous advances in high-throughput sequencing tech-
nologies have enabled several large-scale human genome se-
quencing projects, such as the 1000 Genomes Project (1) and
the Personal Genome Project (2), to identify millions of ge-
netic variants in thousands of individual genomes. Conse-
quently, there is a great demand for effectively interpreting
these variants (3–5). The majority of current variant anno-
tation tools adopt a variant-centric approach that assesses
the functional consequence of each variant independently
by assuming that each variant acts in a context-free manner
(6–8). Several reports have shown that such an assumption
results in both false-positive and false-negative calls (9–11)
when multiple variants affect the same gene.

A few recently released tools have applied additional
filters to identify (and try to correct) the common false-

positive calls caused by multiple Single Nucleotide Variants
(SNVs) in the same codon (12), multiple indels in the same
gene (11) and in-frame alternative acceptor sites (13). How-
ever, none of these tools integrate the entire sequential con-
text in addition to their own particular configurations. For
an accurate annotation algorithm, the entire sequential con-
text within a gene should be considered together, because
multiple variants in the same gene may interfere with each
other, thus producing combinational rather than individual
effects (e.g., the complementary rescue effect (9)). Here, we
present a fully gene-centric variant annotation tool, COPE
(Context-Oriented Predictor for variant Effect), for evalu-
ating the effects of variants in a context-sensitive approach.
Using each transcript as the basic annotation unit, COPE
infers the ‘mutant peptide’ from the entire variant set input
and reports the final amino acid alteration through com-
parison against the reference sequence. Incorporating the
whole sequence context enables COPE to accurately an-
notate complex compound effects of multiple genetic vari-
ants like alternative isoforms caused by gain/loss of splicing
sites, which are cannot be handled by previous tools (11–13)
(Figure 1B, also see Supplementary Tables S1 and S5). The
web server and source code of COPE are freely available for
academic use at http://cope.cbi.pku.edu.cn/.

MATERIALS AND METHODS

Overview of COPE

COPE is a framework for predicting the effects of variants
through a context-sensitive, gene-centric approach (Figure
1A). Firstly, genetic variants are mapped to protein-coding
genes derived from a user-supplied reference gene model
such as RefSeq (14). Using the phase information, COPE
handles two haplotypes separately. Then, COPE tries to
reconstruct the ‘mutant peptide’ from the entire inputted
variant set. Briefly, COPE attempts to identify splicing-
changing variants (i.e. variants that disrupt existing splice
sites or create novel splice sites), and, if a splicing-changing
variant is found, new isoforms are inferred accordingly
(Supplemental Figure S1). Finally, COPE translates all cod-
ing sequences into amino acid sequences and compares
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Figure 1. (A) Overview of COPE. COPE uses each transcript as a basic annotation unit. The variant mapping step identifies variants within transcripts. The
coding region inference step removes introns from each transcript; all possible splicing patterns are taken into consideration for splice-altering transcripts (in
this case, the red dot indicates a splice acceptor site SNP, and intron retention and exon skipping are considered). The sequence comparison step compares
a ‘mutant peptide’ against a reference protein sequence to obtain the final amino acid alteration. (B) Schematic diagram of typical types of annotation
corrections implemented in COPE. A rescued stop-gained SNV indicates that another SNV (‘A’ to ‘C’) in the same codon rescues a variant-centric stop-
gained SNV (‘A’ to ‘T’). Stop-gained MNV indicates that two or more SNVs result in a stop codon (‘A’ to ‘T’ and ‘C’ to ‘G’). A rescued frameshift indel
indicates that another indel in the same haplotype recovers the original open reading frame. A splicing-rescued stop-gained/frameshift variant indicates
that a stop-gained or frameshift variant is rescued by a novel splicing isoform. A rescued splice-disrupting variant indicates that a splice-disrupting variant
is rescued by a nearby cryptic site (as shown in the figure) or a novel splice site. The asterisk in the figure indicates a stop codon.

them against the reference sequence to obtain the final
amino acid alterations.

Transcript inference

The accurate inference of a ‘mutant’ transcript is the most
important step in the COPE pipeline. We used MaxEntScan
(15), a commonly used splice sequence scoring tool, to iden-
tify splice site gain/loss events. Inspired by the results of
Jian et al. (16), we used relative score variation to measure
the scale of change caused by the variant and adopted the
cut-off recommended in their paper (16).

We evaluated the performance of isoform inference in
COPE by following the protocol from Jian et al. (16).
Briefly, for splice site gain events, the positive set was de-
rived from a publication by Stein et al. (17); the neg-
ative dataset was constructed from the 1000 Genomes
Project Phase 3 genotype data through the following steps
(16): (i) we kept only intronic variants within protein-
coding genes of the Ensembl gene model that could
be downloaded from ftp://ftp.ensembl.org/pub/release-83/
gtf/homo sapiens/Homo sapiens.GRCh38.83.gtf.gz; (ii) we
discarded variants within multi-transcript genes; (iii) we dis-
carded variants within single-exon genes and (iv) we dis-
carded variants with an allele frequency less than or equal to
0.1. For splice loss events, the positive set was derived from
the publication by Jung et al. (18), and the negative dataset
was derived from Jian et al. (16). The results showed that
COPE is accurate for isoform inference, with a high sensi-
tivity (85.4% for splice gain events and 94.7% for splice loss
events) and a high specificity (89.8% for splice gain events

and 92.9% for splice loss events) (Supplementary Figure
S8).

Application of COPE

To provide a proof of concept, we applied COPE to
the genotype data of a male Caucasian (NA12144),
downloaded from ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/
release/20130502/.

We further applied COPE to a list of 1147 curated
high-confidence LoF variants reported by MacArthur et
al. (9). Because there was no phase information in the
dataset reported in that paper, we used the phased dataset
downloaded from ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/
release/20130502/. Ninety-three curated LoF variants were
no longer existent in the current phased dataset (released
in 2 May 2013) and were excluded from our analysis. Ad-
ditionally, to exclude the effects resulting from dataset up-
dates, we further assessed the context of 53 rescued (i.e. the
putative damaging effect is neutralized by the specific ge-
nomic context) loss-of-function variant candidates in the
original MacArthur et al. dataset (released in July 2010,
downloaded from ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/
pilot data/release/2010 07/) and discarded three variants
with different sequential contexts (Supplementary Figure
S11).

We then extended the analysis to the full 1000 Genomes
Project Phase 3 SNVs and indels variant set (downloaded
from ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/
20130502/). Inconsistent variant calls (SNVs/indels over-
lapping with indels) were removed. Then, the SNVs and
indels were annotated with VEP by using the RefSeq gene
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model. Following previous studies (9,13), we removed
putative LoF variants that result in less than 10% protein
sequence alteration. Finally, 5559 splice-disrupting, 2092
frameshift and 9728 stop-gained variants were fed into
COPE for reanalysis.

Validation of the rescued false-positive splice-disrupting vari-
ants

To validate the results on rescued false-positive splice-
disrupting variants, we used RNA-seq data to confirm the
novel splice junctions predicted by COPE. RNA-seq data
on 445 individuals in the 1000 Genomes Project were ob-
tained from the Geuvadis RNA Sequencing Project (19)
(downloaded from EBI ArrayExpress, accession E-GEUV-
1). For each rescued false-positive splice-disrupting variant,
we extracted the inferred genomic sequence (with intron re-
tained) of each transcript from each individual and then
mapped the RNA-Seq reads to the inferred genomic se-
quence by HISAT2 (20). We used junction reads to validate
the rescued false-positive splice-disrupting variants. Briefly,
a given junction is called as ‘expressed’ if and only if ≥1
RNA-Seq reads are found to be spanning the junction. A
transcript is considered as ‘expressed’ in a particular sam-
ple when all its reference junctions (i.e. junctions annotated
in the reference gene model) are expressed in the given sam-
ple. And a putative novel junction identified by COPE in
an expressed transcript will be classified as ‘True Positive’
if and only if the junction itself is called as ‘expressed’ too
(Supplementary Figure S9).

Search for rescued pathogenic LoF variants in healthy indi-
viduals

We compiled a list of pathogenic LoF variants by merg-
ing 60,556 LoF variants tagged as ‘DM’ from the HGMD
(21) database and 11,777 annotated with the label ‘(likely)
pathogenic mutations’ from the ClinVar (22) database.
In addition, we downloaded a total of 9,362 disease-
associated genes from DisGeNET (23). Then, we searched
for pathogenic variants that were rescued in at least one
healthy individual from the 1000 Genomes Project and
identified 64 pathogenic LoF variants, including 21 from the
HGMD database and 43 from DisGeNET (Supplementary
Table S4).

The variant rs549508773 is a stop-gained SNV within
the gene CHD7, a driver gene of CHARGE syndrome. To
demonstrate the disease-causing effect of SNP rs549508773,
175 disease-causing (CHARGE syndrome) stop-gained
SNVs were collected from the HGMD database. In addi-
tion, we also collected CADD scores (24) of 43 pathogenic
missense variants, 156 pathogenic stop-gained variants and
26 benign missense variants from the CHD7 database (25)
to demonstrate the benign effect of the single amino acid
substitution resulting from SNP rs549508773 together with
SNP rs567756521.

RESULTS

COPE handles complex compound effects of multiple vari-
ants correctly

As a gene-centric annotation tool, COPE is able to han-
dle complex compound effects of multiple variants correctly
(Figure 1B, also see Supplementary Table S1). For proof-
of-concept analysis, we applied COPE to the male Cau-
casian sample NA12144 from the 1000 Genomes Project.
We compared the COPE results with the official variant an-
notation generated by Variant Effect Predictor (VEP) (6), a
commonly used variant-centric annotation tool. COPE cor-
rected two false-positive stop-gained calls, five false-positive
frameshift calls, eight false-positive splice-disrupting calls
and one false-negative stop-gained call (Supplementary Ta-
ble S2). For example, the VEP called two indels (rs67712719
and rs67322929) in ZFPM1 ‘frameshift variants’ and sug-
gested that both of them lead to a loss-of-function (LoF)
event. In contrast, COPE correctly identified the combina-
tional effect of these two variants as one amino acid dele-
tion (Supplementary Figure S2). Similarly, COPE also ac-
curately identified a cryptic splicing site 3 bp downstream of
the VEP-reported splice acceptor variant rs1152522 within
the C14orf105 gene, which can rescue the splicing at the cost
of a single amino acid (glutamine) deletion; this finding was
validated by both corresponding RNA-Seq data (Supple-
mentary Figure S3) and an independent report (26).

To further assess the performance of COPE, we reana-
lyzed the manually curated high-confidence LoF variants
listed in 1000 Genomes (9). After exclusion of 93 nonex-
istent variants in the current phased release, COPE iden-
tified 4.74% curated LoF variants (consisting of one stop-
gained and 49 splice-disrupting variants) as potential false-
positive calls in at least one sample from 1000 Genomes
(Supplementary Figure S11 and Table S3). Further inspec-
tion showed that the stop-gained variant was rescued by an-
other SNV in the same codon (Supplementary Figure S4)
that was previously incorrectly handled, and all 49 variants
were able to be correctly annotated only when the entire se-
quential context was considered, thus demonstrating the ne-
cessity of COPE even after manual variant reannotation.

Application to genotype data from the 1000 Genomes Project

We then extended the analysis to the full 1000 Genomes
Project Phase 3 SNVs set. All LoF variants reported by
VEP, including splice-disrupting variants (in either donor
or acceptor site), frameshift indels, and stop-gained SNVs,
were extracted and reanalyzed by COPE. Unexpectedly,
we found that a total of 1290 (23.21%) reported splice-
disrupting variants were rescued in their particular sequen-
tial context and 1251 (97.0%) were rescued by in-frame
cryptic splice sites within 100 bp. An average of 39.6% VEP-
annotated splice-disrupting variants in each individual were
rescued (Figure 2A). On the basis of the Geuvadis RNA-
Seq data (19), we validated 78 (79.6%) out of 98 rescued
false-positive splice-disrupting variants supported by 129
expressed transcripts. Additionally, COPE also identified
6.45% (135 out of 2092, Figure 2A) reported frameshift
indels and 2.10% (204 out of 9728, Figure 2A) reported
stop-gained SNVs as false-positive calls. Statistical analysis
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Figure 2. LoF variants in the 1000 Genomes Project rescued in a specific genomic context. (A) The number of rescued LoF variants. The pie charts show
the proportion of rescued LoF variants, and the histograms show the proportion of rescued LoF variants in each individual. The ‘mean’ labels in the
histograms indicate the average number. (B) Enrichment analysis of the rescued LoF transcripts. The numbers represent the corrected P-values. (C) The
38 genes affected by stop-gained MNVs. The red bar represents the number of transcripts affected by each stop-gained MNV, and the gray bar represents
the total number of transcripts of the gene.

showed that 1398 genes containing these false-positive LoF
calls were likely to be involved in several particular biolog-
ical processes, including adhesion and signal transduction,
thus suggesting a systematic bias in the variant-centric func-
tion calling tool (Figure 2B, even such bias did not signifi-
cantly change the global functional spectrum of LoF genes
(Supplementary Figure S12)). Notably, by incorporating
the entire sequential context, COPE was also able to iden-
tify false-negative LoF variants, such as stop-gained MNV
(i.e. multiple co-occurring SNVs in the same codon that
jointly introduce a new STOP codon), which are usually
neglected by variant-centric tools. We identified 38 stop-
gained MNVs in 38 genes, including TNFRSF10D, encod-
ing a member of the TNF-receptor superfamily, and NEU-
ROG3, encoding a transcription factor involved in neuroge-
nesis (Figure 2C). Unexpectedly, we found that 78% (1960
of 2504) of the individuals sequenced by the 1000 Genomes
Project had at least one of the 38 identified stop-gained
MNV-harboring genes (Supplementary Figure S5). In par-

ticular, the stop-gained MNV-harboring zinc finger protein
ZNF705E (Supplementary Figure S6) was found in 64.5%
(1616) of individuals.

Pathogenic variants rescued by specific genomic context

We also found 64 rescued disease-causing mutations in the
list (Supplementary Table S4). One highly intriguing case
was the rescued stop-gained SNV rs549508773 within the
CHD7, a confirmed disease-causing gene for CHARGE
syndrome (OMIM 214800), a severe childhood autoso-
mal dominant disease with a recognizable appearance of
birth defects (27–31). The variant rs549508773 itself results
in a nonsense mutation and, along with 32 downstream
HGMD-reported stop-gained SNVs (Figure 3A), was iden-
tified as deleterious by variant-centric tools. However, in the
individual HG02861 harboring this SNV, a co-occurring
SNV rs567756521 was found in the same codon (Figure 3B),
thus leading to a mild single amino acid substitution to-
gether with rs549508773 that was predicted to be neutral
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Figure 3. A pathogenic SNV is rescued in its specific genomic context. (A) Compared with SNV rs549508773 (red), 32 disease-causing (DM) stop-gained
SNVs (black) recorded in the HGMD database are located downstream of the gene CHD7. (B) The figure shows an IGV image of the whole exome
sequencing data of HG02861, a healthy participant in the 1000 Genomes Project. As shown in the figure, SNV rs567756521 rescues the stop-gained
mutation, and the combined effect is a single amino acid substitution (Glu>Leu). (C) Polyphen-2 predicted the single amino acid (Glu>Leu) as a benign
mutation (Left). Boxplot of CADD scores for three different kinds of mutations (benign missense, pathogenic missense and pathogenic nonsense) collected
from the CHD7 database (Right). The score for rs549508773 (G>T) is located within the range of pathogenic nonsense (red dotted line). The score for the
MNV (GA>TT) is located within the range of benign missense (black dotted line).
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Figure 4. Screenshot of the COPE web server. (A) An example of input. (B) Annotation by COPE.

by both PolyPhen-2 (32) and CADD (24) (Figure 3C), thus
suggesting a plausible mechanism for the buffering effects
of highly penetrant, deleterious mutations (31) (also see an-
other case in Supplementary Figure S7).

Online web server and standalone package

A web server is available at http://cope.cbi.pku.edu.cn/
whole PCG Analysis.html for users to try COPE online
(Figure 4). The input is a space-delimited file with five
columns per line: chromosome, position, reference allele,
alternative allele and haplotype information. The output
on the website includes seven columns: transcript, sym-
bol, splicing code, protein length, amino acid (including all
amino acid alterations), and variant (including all variants
in the transcript).

For large-scale analysis, we also provide a standalone
package, which can be downloaded freely for academic use.
A detailed guideline for installation and setup is also avail-
able at http://cope.cbi.pku.edu.cn/PCG manual.html.

DISCUSSION

During recent years, annotating each variant independently
has been taken for granted and variant-centric annotation
algorithms have widely been used in the downstream anal-
ysis of genome sequencing. The challenges of a variant-
centric algorithm have been discussed previously (9). COPE
aims to avoid the annotation errors caused by variant-
centric methods by considering the genomic sequential con-

text. COPE was designed as an isoform-oriented annota-
tor, and all isoforms of a gene are analyzed simultaneously.
By analyzing the genotype data from the 1000 Genomes
Project, we demonstrated that COPE is able to correct nu-
merous annotation errors, including both false-positive and
false-negative LoF calls. To the best of our knowledge,
COPE is the first fully gene-centric tool for annotating the
effects of variants in a context-sensitive approach. Detailed
comparison based on both typical sample and whole 1000
Genome dataset shows COPE’s gene-centric strategy signif-
icantly improves the accuracy of variant annotation (Sup-
plementary Tables S6 and S7).

Phase information is important for accurate annotation.
Several algorithms have been proposed for inferring the
haplotype from un-phased sequencing data (33,34). COPE
makes full use of phasing information for accurately anno-
tating the variant effect. We have made a script available
for inferring the phase directly from short-read sequenc-
ing data (http://cope.cbi.pku.edu.cn/phase.html) when such
information is not available. Our evaluation suggested that
our pipeline achieves a rather high (>90%) haplotype recov-
ery rate (i.e, the proportion of completely phased transcripts
over transcripts with multiple variants) for un-phased data
with reasonable coverage (>30x), and the rate kept increas-
ing with higher coverage (Supplementary Figure S10). We
also note that rapid development of the sequencing tech-
nology is effectively enabling haplotype resolved experimen-
tally (35–37).

http://cope.cbi.pku.edu.cn/whole_PCG_Analysis.html
http://cope.cbi.pku.edu.cn/PCG_manual.html
http://cope.cbi.pku.edu.cn/phase.html
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COPE accesses functional effects of genetic variants by
comparing the inferred ‘mutant’ transcript with the ‘wild-
type’ one based on user-specified reference gene models.
The quality and completeness of reference gene models is
critical to the accuracy of COPE annotation. Thus, while
COPE is designed to be species-neutral, its performance
may suffer when being applied to less-annotated genomes
(e.g. genomes of non-model organism).

Epistasis is a phenomenon in which the functional influ-
ence of a variant at a genetic locus is affected by another
variant at another locus (38). It leverages the SNP–SNP
interaction between different genes to explain the lack of
heritability of numerous types of complex human disease
(39,40). COPE is a variant effect annotator that considers
the compound effects of multiple variants within the same
gene, in contrast to epistasis, to annotate their effects accu-
rately.

Protein-coding genes are not the only player in the com-
plex biological network; the current framework could also
be readily extended to and adapted for other functional
molecules other than protein-coding genes, such as miR-
NAs and long noncoding RNAs, when more functional and
mechanistic information becomes available.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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