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With the advent of genomic sequencing, a number of balanced and unbalanced structural variants (SVs) can be detected per individual. Mainly due to incompleteness and the scattered nature of the available annotation data of the human genome, manual interpretation of the SV’s clinical significance is laborious and cumbersome. Since bioinformatic tools developed for this task are limited, a comprehensive tool to assist clinical outcome prediction of SVs is warranted. Herein, we present SVInterpreter, a free Web application, which analyzes both balanced and unbalanced SVs using topologically associated domains (TADs) as genome units. Among others, gene-associated data (as function and dosage sensitivity), phenotype similarity scores, and copy number variants (CNVs) scoring metrics are retrieved for an informed SV interpretation. For evaluation, we retrospectively applied SVInterpreter to 97 balanced (translocations and inversions) and 125 unbalanced (deletions, duplications, and insertions) previously published SVs, and 145 SVs identified from 20 clinical samples. Our results showed the ability of SVInterpreter to support the evaluation of SVs by (1) confirming more than half of the predictions of the original studies, (2) decreasing 40% of the variants of uncertain significance, and (3) indicating several potential position effect events. To our knowledge, SVInterpreter is the most comprehensive TAD-based tool to identify the possible disease-causing candidate genes and to assist prediction of the clinical outcome of SVs. SVInterpreter is available at http://dgrctools-insa.min-saude.pt/cgi-bin/SVInterpreter.py.
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INTRODUCTION
Structural variants (SVs) are a class of genomic alterations that include balanced (translocations and inversions) and unbalanced (deletions, duplications, and insertions), as well as complex (cx) SVs (Collins et al., 2017). Currently, genome sequencing technologies allow a broader view of genomic variation. Nevertheless, technical issues, as breakpoints located in low complexity sequence regions that defy the bioinformatic mapping and detection tools capability, still hinder the identification of SVs (Guan and Sung, 2016).
Determining the phenotypic consequences of SVs is challenging. The diversity of its size, genomic content, location, and the intricacy of cxSV make these difficult to interpret, especially considering that they can impinge functional elements located not only within but also outside the affected genomic region (Weischenfeldt et al., 2013). Indeed, SVs alter the genome architecture of the affected regions and have a high probability of changing the position of regulatory elements, known as position effect, which may result in altered gene regulation (Spielmann et al., 2018). Previous studies showed the importance of 3D genome architecture on gene regulation, and how topologically associated domain (TAD) disruption and modification can lead to phenotypic consequences, including the alteration of chromatin loops that are recurrently associated with enhancer–promoter interaction (Lupiáñez et al., 2015; Spielmann et al., 2018)
Therefore, considering the complexity of mechanisms that can link a SV to human disease, the large number of variants identified per individual, and the substantial revision of dispersed data that this entails, ascertainment of SV pathogenicity is a daunting task (Smedley and Robinson, 2015; Zitnik et al., 2019). Furthermore, scarce integration of the available human genome annotation resources and databases also hampers clinical impact prediction of the identified variants (Lindblom and Robinson, 2011).
To date, a number of tools have been shown to tackle the role of unbalanced SVs or copy number variants (CNVs) in human diseases. Tools such as StrVCTVRE and SVscore focus on a single genomic feature to classify CNVs, as overlap with exons of important genes and precomputed pathogenicity scores of affected single nucleotide polymorphisms, respectively (Ganel et al., 2017; Sharo et al., 2020 [preprint]). ClinTAD provides annotation based on TAD context of each CNV, and a possible phenotypic overlap (Spector and Wiita, 2019), whereas SVFX uses artificial intelligence approach, based on genomic, epigenomic, and conservation features (Kumar et al., 2020).
For SVs, AnnotSV collects clinically relevant information on the genomic elements directly affected by breakpoints (Geoffroy et al., 2018) and position_effect predicts genes affected by position effects due to balanced chromosomal abnormality (BCA) breakpoints (Zepeda-Mendoza et al., 2017).
To assist the evaluation of balanced and unbalanced SVs, we previously published two useful bioinformatic tools: TAD-GConTool and CNV-ConTool. TAD-GConTool automatically defines the regions for following analysis, based on TADs affected by the breakpoints, and retrieves relevant information, whereas CNV-ConTool performs an overlap search against curated CNV databases (David et al., 2020). However, they are still limited in their scope.
Here, we present a more comprehensive tool, SVInterpreter, which combines the strengths of our previously published tools, with new features, to retrieve a ready-to-use data table. SVInterpreter gathers the information using breakpoints or genomic positions of balanced or unbalanced SVs, highlighting the relevant data for variant evaluation. Additionally, it performs similarity calculation between the proband’s Human Phenotype Ontology (HPO)-based clinical features and those from disorders reportedly associated to genes located within the defined regions (Köhler et al., 2019). Specifically, for CNVs, it performs an overlap search with reported CNVs in public databases and establishes classification scores according to the guidelines of American College of Medical Genetics and Genomics (ACMG) (Riggs et al., 2020).
To demonstrate the robustness of SVInterpreter, we retrospectively applied it to a set of 97 balanced (including 80 translocations and 17 inversions) and 125 unbalanced (5 insertions, 60 deletions, and 60 duplications) previously published SVs as well as 145 SVs identified in 20 clinical samples, by chromosomal microarray (CMA) or genome sequencing. Overall, we demonstrated the efficacy of this tool in retrieving exhaustive genome annotation data of genomic elements affected by SVs, allowing the prediction of their clinical significance.
METHODS
Code and Data Sources
SVInterpreter is a Python-CGI developed Web application, freely available on https://dgrctools-insa.min-saude.pt/cgi-bin/SVInterpreter.py. The code is accessible at https://github.com/DGRC-PT/SVInterpreter, and can be run locally with an Apache configuration.
TAD data from 10 tissue or cell types, available at YUE Lab website1, were accessed for SVInterpreter. The regions bordering TADs–TAD boundaries—known to potentially restrict interactions of regulatory elements, were predicted using the Dixon pipeline (Dixon et al., 2012), whereas loops were established by Peakachu (Salameh et al., 2020).
For the chromosome Y, the TAD average size was calculated for each tissue or cell line, varying from 815 kb for lymphoblastoid cell line GM12878 to 1.8 Mb for bladder tissue (human genome assembly GRCh38/Hg38), and used as reference (Supplementary Table S1).
Full description of data sources used by SVInterpreter is available in Supplementary Table S2.
Features and Functionality
SVInterpreter analyzes any type of balanced and unbalanced SVs larger than 1 kb (translocations, inversions, insertions, deletions, and duplications) and retrieves a table of compiled information to assist their interpretation. Complex SVs must be subdivided in distinct SVs and analyzed separately (Supplementary Figure S1). Optionally, the user can apply SVInterpreter to any genomic region, without specifying the SV type.
SVs can be mapped within cell- or tissue-specific TADs, using the breakpoints as signpost. In this case, by default, TADs affected by breakpoints (brTADs) are retrieved, with the possibility of including up to five additional breakpoint flanking TADs (TAD−5 to TAD+5). Alternatively, instead of a TAD based analysis, SVs can be analyzed within a genomic region defined by its genomic position (Supplementary Figure S2).
To run SVInterpreter, a series of general parameters, such as genome version, tissue, or cell line to be used as reference for TAD and loop definition, and SVs or genomic region-specific parameters (Figure 1 and Supplementary Figure S2), are required.
[image: Figure 1]FIGURE 1 | SVInterpreter input form overview. The form starts with (A) the selection of the human genome version (Hg19/Hg38), and then (B) the tissue or cell line to use as reference for TAD and loop definition. Optionally, the user can (C) insert the SV-associated phenotype using HPO terms or (D) define an inheritance of interest that will be highlighted on the output. In (E), the type of SV is chosen, which will open a submenu to input the SV-specific parameters as chromosome, breakpoints, and TAD/genomic region to analyze, among others. All SVInterpreter options are shown in detail in Supplementary Figure S2.
From the selected specific genomic regions, SVInterpreter data were downloaded from public databases (last updated by March 31, 2021) or are automatically retrieved through an Application Programming Interface (API). From the breakpoints, all functional and non-functional genomic elements are retrieved, whereas from the remaining region, only protein-coding genes, lincRNAs, lncRNAs, functional, and non-functional genomic elements with a GTEx expression pattern are selected (Ardlie et al., 2015). Then, associated data are collected, including human disorders, cancer-specific rearrangements, phenotypes reported in animal models, genome-wide association studies (GWAS) data, and bibliography (Supplementary Table S2). The data are organized into a table, with indication of the breakpoint positions following the International System for Human Cytogenomic Nomenclature 2020 (McGowan-Jordan et al., 2020). In addition, to help visualization and interpretation of the SVs within the analyzed genomic regions, links to UCSC genome browser are made available on the output table. In this UCSC genome browser session, the selected genomic region is depicted, highlighting the SV (breakpoint or deleted/duplicated region). Native UCSC genome browser tracks compatible with the output table are shown, together with custom tracks, including the cell line/tissue-specific TADs and chromatin loops. Further description is available in Supplementary Methods.
For CNVs, SVInterpreter offers an option of performing an overlap search between the query CNV and those curated in several public CNV databases and published datasets (Supplementary Figure S2). The overlap specifications are similar to our previously published CNV-Content Tool (David et al., 2020), which retrieves the best hit by database, with the respective overlap percentage and variant frequency. In addition to the SVInterpreter standard output table, a detailed overlap table is available for download on the output web page.
Furthermore, to facilitate the evaluation of CNVs according to the ACMG guidelines, together with the standard output, the scoring parameters, as presented on the CNV pathogenicity calculator2, are retrieved. SVInterpreter outputs the scores for the parameters that are possible to be established automatically and then performs an automatic calculation of the final score and their respective class (Riggs et al., 2020).
The output table(s) are written in XLSX format and made available for download. Further description of the output, a step-by-step tutorial, and an application example is available in Supplementary Methods and Supplementary Table S3.
Phenotypic Similarity Search
Optionally, the proband’s HPO-based phenotypic features can be inputted for phenotype comparison (Köhler et al., 2019).
For this, the HPO ontology provided by the HPO.db package3 and the links between genes, diseases, and terms provided by R data file (RDA) are a prerequisite. Since these were deprecated, we developed in-house scripts and used the June 2021 HPO release data4 (Köhler et al., 2019) to create state-of-the-art HPO.db and RDA files. The scripts and guidelines are available at https://github.com/DGRC-PT/HPOSim_Helper_Scripts.
The phenotype similarity is evaluated based on phenotype similarity score (PhenSSc), maximum similarity score (MaxSSc), and p-value (p), which are calculated for each combination of inputted phenotype and Online Mendelian Inheritance in Man (OMIM)5 phenotype associated with functional genomic elements within the analyzed region. This is performed by HPOSim—getTermListSim function that calculates pairwise similarities between HPO terms, using the information content (IC) of the most informative ancestor shared by both terms (Deng et al., 2015). The IC is a numeric value associated to each term, which inversely reflects the number of diseases annotated by the term, or any of its descendent terms. That is, terms with higher ICs annotate fewer diseases, being more specific, whereas lower ICs are associated to most common terms. When comparing groups of HPO terms, the getTermListSim result is the mean of the ICs of the pairwise comparisons, and reflects the similarity between the said groups, where higher scores represent higher similarities.
For PhenSSc, the inputted clinical features and the ones associated to a disorder are compared. This score reflects the similarity between the inputted phenotypic traits and the ones used to describe the disorder.
For MaxSSc, the inputted clinical features are compared with themselves, which means that MaxSSc consists of the mean of the ICs of the inputted terms. This metric was developed by us to reflect the maximum similarity score that can be obtained from the inputted terms, and to be used in comparison with PhenSSc.
The p-value, which reflects the probability of obtaining the PhenSSc by random chance, was adapted from Redin et al. (2017). In sum, for each disorder that PhenSSc and MaxSSc was previously calculated, a random set of HPO terms is selected. Most importantly, this set must have the same number of terms as the input, to limit the bias. The similarity score is then calculated between this set of terms and a disorder-associated phenotype (simulated score). Then, this is repeated 100 (n) times, where each time a different set of HPO terms is selected, and a new simulated score is obtained. Finally, the disorder specific p-value is calculated as:
[image: image]
Phenotypes mainly composed of terms common in a wide range of disorders, as global developmental delay, or intellectual disability (with 1,386 and 1,619 associated OMIM disorders4, respectively), can present high PhenSSc, close to MaxSSc, and a high p-value as well. In these cases, the high p-value reflects the high probability of the phenotype to overlap by chance, warning for the limited significance of PhenSSc. Hence, ideally, the PhenSSc should be close to MaxSSc and present a p-value as close to zero as possible.
SVs and Clinical Cases
For retrospective analysis, 97 and 125 previously published and unpublished balanced (translocations, inversions) and unbalanced (insertions, deletions and duplications) SVs were selected, respectively (Table 1; Supplementary Table S5) (David et al., 2003, 2009, 2015, 2018, 2020; Redin et al., 2017; Riggs et al., 2020). Of note, about half of those published by Redin et al. (2017) were previously analyzed by Zepeda-Mendoza et al. (2017), with the position_effect6 tool, for identification of additional candidate genes.
TABLE 1 | SVs analyzed with SVInterpreter.
[image: Table 1]For effectiveness evaluation in clinical setting, nine prenatal cases (three without associated ultrasound abnormalities, four with isolated increased nuchal translucency, one with limb abnormalities, and another with multisystemic traits) and 11 postnatal cases (with isolated organ-specific or complex multisystem disorders) were used (Table 1; Supplementary Table S5). These were randomly selected among those referral for clinical diagnosis, of which genomic variants were identified by CytoScan 750K (nine cases), CytoScan HD microarrays (six cases), and long-insert genomic sequencing (liGS) (five cases). Microarray and liGS analysis was carried out as previously described (David et al., 2018, 2020).
Criteria for SV Interpretation and Clinical Prediction
The microarray data were processed using Chromosome Analysis Suite 4.2.0.80 with NetAffx 20200828 (GRCh37/Hg19) and with the detection criteria of, at least, 15 probes within 35 kb for gains and losses. Selected SVs were manually interpreted based on the following criteria: absence/presence of OMIM genes, their association with autosomal dominant (AD) or recessive (AR) disorders, disruption of genes by the breakpoints, haploinsufficiency/triplosensitivity, and genotype/phenotype correlation (Silva et al., 2019). For this, data available at UCSC genome browser7, Decipher8, ClinGen9, ClinVar10, OMIM, DGV11, Unique12, and Orphanet13 databases were used.
For liGS, SVs larger than 1 kb, and CNVs identified by discordant pair clustering and coverage analysis, were selected. Then, among these, novel variants and SVs overlapping a reported variant (Collins et al., 2017; Chaisson et al., 2019, Gnomad14) with a database frequency <1%, and affecting loss-of-function (LoF) sensitive genes [with an expected vs. observed ratio (oe) of LoF variants of <0.35] and/or associated to AD disorders, were indicated for clinical evaluation. On average, per individual, 11 SVs were selected for analysis.
Three evaluators classified the Riggs dataset (Riggs et al., 2020) of unbalanced SVs. Therefore, based on the following criteria: (1) a classification equal by at least two of the evaluators, or (2) a median classification that reflects dissimilar evaluations, we merged them into a consensus classification (Supplementary Table S5).
To allow the comparison between published predicted outcomes of SVs and SVInterpreter-based prediction, criteria for translocations, inversions, and insertions were adapted from the previously described ones (Table 2) (Redin et al., 2017; David et al., 2020). For CNVs, ACMG guidelines were applied (Riggs et al., 2020). In addition, the same genome version and reference cell line as in the original publications was used. If available, the proband’s phenotype was inputted. For variants without pre-set of reference cell line, the human embryonic stem cell was used. By default, for all types of variants, the brTAD was used as reference, with rare exceptions. For CNVs, the overlap search against all available databases with a minimum mutual overlap of 70% was applied. The full set of variants and parameters used is available at Supplementary Table S5.
TABLE 2 | Parameters used for the classification of SVs.
[image: Table 2]RESULTS
Retrospective Reevaluation of Published SVs
For retrospective analysis, 97 balanced and 125 unbalanced previously published SVs were reevaluated (Table 1; Supplementary Table S5). With the exception of chromosome 21, SVs are distributed regularly along the genome, with an average of 12 rearrangements per chromosome. Nevertheless, the larger number of translocations (n = 15), inversions (n = 5), and insertions (n = 3) involved chromosome 1, chromosomes 2 and X, and chromosome 3, respectively (Supplementary Table S4).
These variants were reevaluated by SVInterpreter, and based on its retrieved data, their clinical outcome was predicted according to the established parameters (Figure 2; Supplementary Table S5).
[image: Figure 2]FIGURE 2 | Comparison between the original and the SVInterpreter-based clinical outcome prediction. Each graphic presents the comparison between the original classification, and tool-based clinical outcome prediction for (A) total of SVs, (B) balanced SVs, (C) unbalanced SVs, (D) translocations, (E) inversions, (F) deletions, (G) duplications, and (H) insertions. Bars are color-coded, according to the clinical outcome prediction, as benign (dark green), likely benign (light green), VUS (gray), likely pathogenic (light red), and pathogenic (dark red). Number of variants is shown above the bars.
The first level of analysis involves functional and non-functional genomic elements localized within the brTADs and their annotation data, which is usually sufficient to evaluate a SV. For clinical outcome prediction of a gene disruption, SVInterpreter retrieves gene-specific annotation data such as the LoF sensitivity, Genomics England PanelApp15 data, its association with disorders and respective phenotypic overlap, animal model data, gene expression patters, and GWAS data.
Concomitantly, the disruption of major genes by de novo BCA breakpoints leading to major AD developmental disorders, as retrieved by SVInterpreter, indicated the pathogenicity of ANKRD11 (OMIM *611192; proband DGRC0016) and WDR26 (OMIM *617424; proband DGRC0025) (David et al., 2020). In the abovementioned cases, the calculated similarity between the inputted phenotypes and of gene-associated disorders localized within the analyzed regions played a major part on the interpretation, where ANKRD11 PhenSSc was 2.64 (p = 0.02; MaxSSc = 4.01) and WDR26 PhenSSc was 2.31 (p = 0.02; MaxSSc = 2.91).
If the full extent of the clinical features cannot be explained by disruption or misregulation of a candidate gene, or the breakpoint is within an intergenic region, in search for potential position effect, annotation data of all genomic elements within a brTAD must be evaluated. Several data retrieved by SVInterpreter can suggest position effect events. In addition to the phenotypic overlap and expression pattern, disruption of chromatin loops and GeneHancer clusters of interactions are important signs for possible position effect (Gloss and Dinger, 2018).
DGAP131 t(1;5)(p31;q33)dn, was originally classified by Redin et al. (2017) as variant of uncertain significance (VUS). SVInterpreter showed MEF2C’s (OMIM *600662) GeneHancer cluster of interactions and 10 of its 14 chromatin loops disrupted by the chromosome 5 breakpoint. The PhenSSc of 1.82 (p = 0.02; MaxSSc = 3.1) corroborated the proposed position effect. Likewise, MEF2C was indicated as a potential candidate gene by Zepeda-Mendoza et al. (2017).
Then, if the protein coding genes or functional genomic elements localized within the brTADs are insufficient to explain the observed phenotype, additional upstream (–1 to –5) and downstream (+1 to +5) flanking TADs are analyzed.
Accordingly, the t(2;11)(q14.2;q14.2) breakpoints reported in proband DGRC0001 were located in intergenic regions, and no gene at the brTADs, capable of explaining the verified phenotype, was found. At TAD+1, SVInterpreter shows that the GeneHancer cluster of interactions of the proposed candidate gene GLI2 (OMIM * 165230) was disrupted by the 2q14.2 breakpoint, confirming the previously proposed position effect (David et al., 2009). Furthermore, the involvement of GLI2 was reinforced by its PhenSSc of 1.33 (p = 0.3; MaxSSc 4.2), with disorders OMIM#615849 and OMIM#610829. Ergo, the translocation was predicted to be likely pathogenic and confirmed the published assertion of the involvement of GLI2 (David et al., 2009).
Furthermore, DGAP107 t(Y;3)(p11.2;p12.3)dn, reported by Redin et al. (2017), presents, among others, neurological defects, urinary tract, and genital abnormalities. They originally classified the SV as potentially pathogenic, due to the disruption of ROBO2 (OMIM *602431). By assessing the associated disorder (OMIM #610878), we realized that ROB O 2 only explained the urinary tract defects (PhenSSc = 1.12; p = 0.08; MaxSSc 1.48). However, SVInterpreter brTAD analysis suggested a position effect on PCDH11Y (OMIM * 400022), which had its GeneHancer cluster of interactions disrupted. The gene function, expression pattern, and animal model data suggest its role in the development of the nervous system, and therefore may explain the neurological defects observed in the proband. Besides, Zepeda-Mendoza et al. (2017) also indicate SRY (OMIM *480000), located at TAD-3, as a candidate gene due to the overlap with the genital abnormalities.
The overlap search of query CNVs in public database data and the automatic ACMG scoring showed to be of utmost utility, since it can clarify immediately the potential significance of deletions and duplications, even in cases where the genomic data are scarce. As such, a 374-kb deletion, arr[GRCh37]10q22.3(81,603,169_81,976,925)x1, in case CK without associated phenotype, was classified by Riggs et al. (2020) as VUS. According to SVInterpreter, the CNV deleted five genes that were not associated to phenotype or reported to be haploinsufficient. The CNV had 100% overlap with a likely benign ClinGen deletion (nsv3896137), and according to its ACMG CNV score of −0.9, the deletion was classified as likely benign.
Overall, more than half (57.2%) of the reevaluated SVs (45 translocations, 8 inversions, 32 deletions, and 42 duplications) were originally classified as VUS, whereas only 10.4% (23) were classified of benign and likely benign (Figures 2A–C). SVInterpreter-based reevaluation of published SVs provided a consistent finding with the original studies on 62.6% of all SVs (39 translocations, 9 inversions, 44 deletions, 45 duplications, and 2 insertions) (Supplementary Table S5). Comparatively with the original classification, the number of variants predicted as VUS decreased by 40% (from 127 to 76) (Figure 2A). For balanced SVs, SVInterpreter-based interpretation led to the reevaluation of 81.1% of the original VUS as pathogenic (9.4%), likely pathogenic (32.1%), and benign (39.6%) (Figures 2B,D,E). In addition, position effect events identified by SVInterpreter sustained the categorization of 30.2% of the potentially pathogenic balanced SVs (Supplementary Table S5). For deletions, the differences between published and tool-based prediction were minor, with similar results obtained by both (Figure 2F). Differently, 19% of the duplications categorized the VUS transited to another category, whereas only three insertions were reclassified from benign to likely pathogenic (Figures 2G,H).
To assess the position effect on distal genes and their contribution on the observed phenotypes, from the 87 balanced SVs published by Redin et al. (2017) and reevaluated by us, Zepeda-Mendoza et al. (2017) also analyzed 44 (Figure 3A). Similar candidate genes were identified in 11 of the SVs (Figure 3B), whereas in 5, neither of them proposed a candidate gene (Figure 3A). SVInterpreter and position_effect identified the same candidate genes for two originally classified VUS and two pathogenic SVs (Figure 3B; Supplementary Table S5). The position_effect tool uniquely identified 24 candidate genes in 19 SVs, where, in 14 of them, the genes were located outside the brTAD (Figure 3C; Supplementary Table S5). Based on expression, phenotypic overlap, and animal model data, SVInterpreter predicted six candidate genes not foreseen by the other two approaches, in five SVs (Figure 3C; Supplementary Table S5).
[image: Figure 3]FIGURE 3 | Result comparison of 44 SVs analyzed by SVInterpreter (blue), Redin et al. (2017) (orange), and position_effect (green), in three different perspectives. (A) SVs with associated candidate genes, including five SVs with no candidate gene identified by any of the approaches (“None”, light gray). (B) Similarity between the sets of candidate genes identified by SV, including four SVs where the retrieved candidate genes were different in the three approaches (“Distinct”, dark gray). (C) Intersection between the identified candidate genes. For (A) and (B), the numbers inside the circles correspond to the number of SVs, while in (C), the numbers represent the number of candidate genes.
Variant Interpretation in Clinical Setting
The effectiveness of this bioinformatic tool in a clinical setting was evaluated by comparative (manual vs. SVInterpreter-based), clinical outcome prediction of SVs identified by Cytoscan 750K microarray in nine prenatal cases, by Cytoscan HD microarray in six postnatal cases, and by liGS in five postnatal cases. Altogether, 145 variants (SVs, CNVs, and cxSVs) were analyzed (Table 1). The average number of SVs per individual, identified by genomic array, was 6, whereas for liGS, it was 289, with 44 balanced and 244 unbalanced variants. From the latter, on average, only 11 SVs (3 balanced and 8 unbalanced) were recognized to be potentially disease causing or pathogenic, and consequently selected for clinical outcome prediction (Supplementary Table S5).
Proband DGRC0004 presented a severe phenotype characterized by global developmental delay, facial dysmorphisms, and heart defects. Among other, the liGS data analysis identified a 67.3-Mb inversion inv(2)(p16.1q14.3) and a 589-kb duplication dup(2)(q21.1). Since, based on the SVInterpreter data, none of the inversion breakpoints disrupted a gene, nor any gene localized within the brTAD supported the verified phenotype, the inversion was classified as benign. Concerning the dup(2)(q21.1), although SVInterpreter identified an identical CNV in a cohort of patients with developmental delay (nsv999864) (Coe et al., 2014), the duplication has the same gene content as reported in benign SVs and did not affect triplosensitive genes, which led to its likely benign classification (ACMG CNV score = −0.9). Furthermore, none of the remaining eight clinically evaluated SVs was predicted to be likely pathogenic or pathogenic; therefore, genomic disorder was excluded in this case. Indeed, exome sequencing identified a pathogenic single-nucleotide variant within KAT6A (OMIM *616268) exon 18, causing AD Arboleda-Tham syndrome (OMIM #616268) (data not shown). The clinical features of this syndrome overlap that of the proband.
As CMA is the technique of choice for identification of CNVs in a clinical setting, the automatic mutual overlap search with CNV public databases and the inclusion of the ACMG scoring system is especially valuable for faster and more informed clinical outcome prediction of these.
A female in her 40s presented a dichorionic diamniotic pregnancy with an elevated risk for aneuploidy following first trimester combined screening test and normal ultrasound examination. Microarray analysis of chorionic villus sample DNA (CS750K07) identified five deletions and two duplications. By manual analysis, due to the absence of genes within the five deleted regions, these were classified as benign, whereas one of the two duplications, encompassing only a non-morbid gene, was classified as likely benign. SVInterpreter confirmed the benign and likely benign classifications, and the absence of overlapping CNVs and triplosensitive genes. In contrast, the remaining 1.1 Mb duplication at 16p13.11, arr[GRCh37]16p13.11(15,416,498_16,527,659)x3, was classified as VUS, since the CNV was overlapped by the 16p13.11 microduplication syndrome, which likely presents an incomplete penetrance and phenotypic variability. SVInterpreter identified four overlapping disorder-associated genes, NDE1 (OMIM *609949), MYH11 (OMIM *160745), ABCC1 (OMIM *158343), and ABCC6 (OMIM *603234). Although these genes are associated to AD or AR disorders, neither of them is triplosensitive or is disrupted by the breakpoints. SVInterpreter identified overlapping duplications that were reportedly classified as pathogenic (nssv15605791), likely pathogenic (nssv15149610), likely benign (nssv15159627), and VUS (nssv15159626). In addition, automatic bibliography search identified publications that described the 16p13.11 microduplication syndrome (PMID: 30287593, PMID: 23637818). Hence, in the absence of prenatal phenotype–genotype correlation, the contradictory classifications of similar duplications, and the overlap with the microduplication syndrome, we maintained the original classification of VUS.
We confirmed the reported manual clinical prediction of SVs identified in 20 individuals analyzed in a clinical setting, with marginal variability between these two approaches (Supplementary Table S5).
DISCUSSION
Here, we describe SVInterpreter, a web-based tool to assist the clinical outcome evaluation of balanced and unbalanced SVs. SVInterpreter assesses the regions affected by SVs, retrieves associated genome annotation data, and organizes the results in a user-friendly table. Furthermore, it scores CNVs according to ACMG criteria and assesses the overlapped variants from public databases. SVInterpeter can be used in a straightforward identification of gene disruption, evaluation of phenotypic similarities, and the indication of potential position effects within the breakpoint or flanking TADs.
As shown by retrospective analysis of the BCA cases DGRC0016 and DGRC0025 (David et al., 2020), assessment of genotype–phenotype correlation through comparison between the probands’ clinical features and of disorders caused by the disrupted genes localized within the affected genomic regions easily and quickly pointed out the pathogenicity of the analyzed variants.
Importantly, clinical setting requires tools that retrieve sufficient and adequate information to allow exclusion of the pathogenicity of SVs, in a timely fashion.
Due to the limited clinical manifestations, phenotype similarity search cannot assist in guiding the clinical outcome prediction of SVs in prenatal cases. Certainly, the availability of a dedicated fetal genotype–phenotype correlation database would further assist prenatal evaluation of SVs. Indeed, ultrasound features were absent in our prenatal sample CS750K07, making genotype–phenotype correlation practically impossible, for the 1.1-Mb duplication at 16p13.11. However, long-term follow-up would be warranted to exclude any later-onset disorder that might be associated with the SV (Halgren et al., 2018). By SVInterpreter, we were able to corroborate the manual prediction results in clinical setting, although the main advantage was essentially a more straightforward, comprehensive, and faster evaluation process.
As demonstrated by DGAP131 and DGRC0001, combination of phenotypic overlap search and identification of disrupted GeneHancer cluster of interactions and chromatin loops within the breakpoint or flanking TADs is essential for prediction of position effect events. This is true not only for breakpoints within intergenic regions where assessment of a position effect is crucial, but also for SVs where disruption of a main candidate gene is insufficient to explain the full spectrum of clinical features.
In most cases, gene disruptions or position effects within brTADs were sufficient to explain the phenotypes. Even in comparison with candidate genes uniquely identified by position_effect (Figure 3C), most of the ones located outside the brTAD showed to be associated to phenotypic traits that were already explained by genes inside the brTAD. However, in DGAP107, the full extent of associated clinical features was only resolved by a potential position effect on the third flanking TAD. This, combined with the current lack of knowledge in respect to TADs, shows the difficulty of establishing, at first hand, the region to be reviewed when evaluating an SV. This includes the arduousness of choosing, among the few, the adequate cell line or tissue to use as reference, as only recently has the TAD boundaries variability between tissues been documented (Sauerwald et al., 2020). SVIntepreter allows users to develop their own strategy to tackle this; nevertheless, we suggest to progressively increase the size of the analyzed genomic region, from the brTADs up to the fifth flanking TADs.
SVInterpreter retrieves the most comprehensive information, unraveling the role of genes not yet associated with disease. This was demonstrated by the identification of the potential candidate gene PCDH11Y in DGAP107, which was neglected by both Redin et al. (2017) analysis and position_effect (Zepeda-Mendoza et al., 2017).
For CNV analysis, SVInterpreter takes advantage of the resources available for unbalanced SVs. As displayed on CK and CS750K07, the overlap with database-classified CNVs and the automatic ACMG scoring made the evaluation much easier. Also, the automatic bibliography search complements the analysis, by presenting to the user a selection of publications of interest, which can provide data that eventually is unavailable on databases.
According to the features and results presented above, and especially the decrease of the previously classified VUS by 40%, we conclude that SVInterpreter alone provided enough support for assessment of the SVs. Nevertheless, we recognize that differences between Redin et al (2017) and our evaluation were affected by the fact that their classification criteria were more stringent and did not comprise benign and likely benign categories, and that additional knowledge has been acquired since their publication (El Mecky et al., 2019). Supporting this is the small number of deletions that were reclassified, since the ACMG criteria were equally used for the original and SVInterpreter-based analysis.
A major improvement of SVInterpreter was the inclusion of a function for phenotype comparison, developed mainly based on Köhler et al. (2009), Deng et al. (2015), and Redin et al. (2017). Since the phenotypic similarity scores are based on the HPO terms’ IC (Köhler et al., 2009), the score has no scale, varying with the specificity of the term, and the number of terms used for phenotype description, making it difficult to evaluate PhenSSc by itself. Therefore, MaxSSc, which reflects the upper limit of the scale for each specific set of inputted clinical features, together with the p-value, which measures the probability of the PhenSSc being obtained by chance, are used to interpret the PhenSSc.
Comparatively with other recent tools that support the evaluation of SVs, such as position_effect (commit: fced2c49, 13 June 2017), AnnotSV (Version 1.0, 21 December 2017) and ClinTAD (commit: 09b4925fb, 18 September 2019), SVInterpreter seems to be more comprehensive (Zepeda-Mendoza et al., 2017; Geoffroy et al., 2018; Spector and Wiita, 2019). First, SVInterpreter showed to be the one that allows more customization and adjustments, since, for example, AnnotSV and ClinTAD only work with one genome version, and ClinTAD only uses TAD boundaries of human embryonic stem cell data. Then, SVInterpreter shows a broader view of the affected regions, accounting for both gene disruption and position effects: AnnotSV is focused on the identification of genes directly affected by a breakpoint, and position_effect was designed to identify candidate genes essentially from position effect events. In regard to phenotypic comparison, as AnnotSV does not perform any, and ClinTAD is limited to the full HPO term overlap, position_effect is the only one with a similar functionality. Also, SVInterpreter is the one that retrieves the most information, including the position effect important data, GeneHancer cluster of interactions and chromatin loops, phenotypic data from DDG2P and clinGen, Gene-phenotype/disease associations in animal models, and GWAS data. Therefore, the existence of overlooked information by position_effect and AnnotSV, as shown in DGAP107, may contribute to limited results, biased candidate gene prioritization, and the need of additional resources.
Nonetheless, SVInterpreter still presents some limitations. The retrieved data are limited to the content of the available databases, which are regularly outdated with respect to the state of the art. This is currently remedied by the inclusion of the bibliographic search, but it can be improved by application of automatic text-mining systems (Luque et al., 2019). For cases of multisystemic phenotypes where more than one gene may be involved, the phenotypic overlap search could eventually be improved by adding individual phenotypic scores calculated for HPO supercategories. Additionally, SVInterpreter is prepared to analyze one variant at a time, which can be a disadvantage when dealing with complex rearrangements, or clinical cases with a large number of variants. Therefore, periodical update of this bioinformatic tool seems warranted.
The interpretation of any SV is not a straightforward task, even with the help of the right tools, since it is difficult to make sure that all factors are being considered. We do not expect SVInterpreter to change the result of the current SV evaluation, since it depends on the level of genome annotation, our current knowledge on pathological mechanisms in human disease, and, ultimately, reported data. Instead, this tool allows a well-informed and faster way to interpret SVs. Regardless of the bias given by the currently available data, attempts are being made to automate the clinical SV interpretation, which will change the current paradigm (Kumar et al., 2020). We believe that SVInterpreter, a tool to support the evaluation of balanced and unbalanced SVs, represents one more step towards this goal.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.
ETHICS STATEMENT
The studies involving human participants were reviewed and approved by the Ethics Committee of the National Institute of Health Doutor Ricardo Jorge. The patients/participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
JF developed the code of the application. DD, BM, and ZD advised on the functionality and content of the tool. DD supervised the tool’s development and application. JF and BM performed the analysis of SVs. All the authors tested the tool, wrote revised, read, and approved the final article.
FUNDING
This research was supported by national funds through FCT—Fundação para a Ciência e a Tecnologia, Research Grant HMSP-ICT/0016/2013 of the Harvard Medical School—Portugal Program in Translational Research and Information.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We would like to thank Márcia Rodrigues, João Freixo, Joana Paiva, and Manuela Cardoso for their feedback on the tool functionality and data, during its development. In addition, we thank the Citogenetics Unit of the Human Genetics Department of the National Health Institute Doutor Ricardo Jorge, for their contribution. Lastly, we thank the Technologies and Information Systems Unit of the National Health Institute Doutor Ricardo Jorge for the informatics support and for hosting the tool.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.757170/full#supplementary-material
FOOTNOTES
1http://3dgenome.fsm.northwestern.edu/publications.html
2https://cnvcalc.clinicalgenome.org/cnvcalc/
3http://www2.uaem.mx/r-mirror/web/packages/HPO.db/index.html
4https://hpo.jax.org/app/
5https://omim.org/
6https://github.com/ibn-salem/position_effect
7https://genome.ucsc.edu/
8https://decipher.sanger.ac.uk/
9https://clinicalgenome.org/
10https://www.ncbi.nlm.nih.gov/clinvar/
11http://dgv.tcag.ca/dgv/app/home
12https://rarechromo.org/
13https://www.orpha.net/consor/cgi-bin/index.php
14https://gnomad.broadinstitute.org/
15https://panelapp.genomicsengland.co.uk/
REFERENCES
 Ardlie, K. G., DeLuca, D. S., Segrè, A. V., Sullivan, T. J., Young, T. R., Gelfand, E. T., et al. (2015). Human Genomics. The Genotype-Tissue Expression (GTEx) Pilot Analysis: Multitissue Gene Regulation in Humans. Science 348, 648–660. doi:10.1126/science.1262110
 Chaisson, M. J. P., Sanders, A. D., Zhao, X., Malhotra, A., Porubsky, D., Rausch, T., et al. (2019). Multi-platform Discovery of Haplotype-Resolved Structural Variation in Human Genomes. Nat. Commun. 10, 1784. doi:10.1038/s41467-018-08148-z
 Coe, B. P., Witherspoon, K., Rosenfeld, J. a., Van Bon, B. W. M., Vulto-Van Silfhout, A. T., Bosco, P., et al. (2014). Refining Analyses of Copy Number Variation Identifies Specific Genes Associated with Developmental Delay. Nat. Genet. 46, 1063–1071. doi:10.1038/ng.3092
 Collins, R. L., Brand, H., Redin, C. E., Hanscom, C., Antolik, C., Stone, M. R., et al. (2017). Defining the Diverse Spectrum of Inversions, Complex Structural Variation, and Chromothripsis in the Morbid Human Genome. Genome Biol. 18, 36. doi:10.1186/s13059-017-1158-6
 David, D., Almeida, L. S., Maggi, M., Araújo, C., Imreh, S., Valentini, G., et al. (2015). Clinical Severity of PGK1 Deficiency Due to a Novel p.E120K Substitution Is Exacerbated by Co-inheritance of a Subclinical Translocation t(3;14)(q26.33;q12), Disrupting NUBPL Gene. JIMD Rep. 23, 55–65. doi:10.1007/8904_2015_427
 David, D., Anand, D., Araújo, C., Gloss, B., Fino, J., Dinger, M., et al. (2018). Identification of OAF and PVRL1 as Candidate Genes for an Ocular Anomaly Characterized by Peters Anomaly Type 2 and Ectopia Lentis. Exp. Eye Res. 168, 161–170. doi:10.1016/j.exer.2017.12.012
 David, D., Cardoso, J., Marques, B. á., Marques, R., Silva, E. D., Santos, H., et al. (2003). Molecular Characterization of a Familial Translocation Implicates Disruption of HDAC9 and Possible Position Effect on TGFβ2 in the Pathogenesis of Peters' Anomaly. Genomics 81, 489–503. doi:10.1016/S0888-7543(03)00046-6
 David, D., Freixo, J. P., Fino, J., Carvalho, I., Marques, M., Cardoso, M., et al. (2020). Comprehensive Clinically Oriented Workflow for Nucleotide Level Resolution and Interpretation in Prenatal Diagnosis of De Novo Apparently Balanced Chromosomal Translocations in Their Genomic Landscape. Hum. Genet. 139, 531–543. doi:10.1007/s00439-020-02121-x
 David, D., Marques, B., Ferreira, C., Vieira, P., Corona-Rivera, A., Ferreira, J. C., et al. (2009). Characterization of Two Ectrodactyly-Associated Translocation Breakpoints Separated by 2.5 Mb on Chromosome 2q14.1-q14.2. Eur. J. Hum. Genet. 17, 1024–1033. doi:10.1038/ejhg.2009.2
 Deng, Y., Gao, L., Wang, B., and Guo, X. (2015). HPOSim: An R Package for Phenotypic Similarity Measure and Enrichment Analysis Based on the Human Phenotype Ontology. PLoS One 10, e0115692. doi:10.1371/journal.pone.0115692
 Dixon, J. R., Selvaraj, S., Yue, F., Kim, A., Li, Y., Shen, Y., et al. (2012). Topological Domains in Mammalian Genomes Identified by Analysis of Chromatin Interactions. Nature 485, 376–380. doi:10.1038/nature11082
 El Mecky, J., Johansson, L., Plantinga, M., Fenwick, A., Lucassen, A., Dijkhuizen, T., et al. (2019). Reinterpretation, Reclassification, and its Downstream Effects: Challenges for Clinical Laboratory Geneticists. BMC Med. Genomics 12, 170. doi:10.1186/s12920-019-0612-6
 Ganel, L., Abel, H. J., and Hall, I. M. (2017). SVScore: An Impact Prediction Tool for Structural Variation. Bioinformatics 33, btw789–1085. doi:10.1093/bioinformatics/btw789
 Geoffroy, V., Herenger, Y., Kress, A., Stoetzel, C., Piton, A., Dollfus, H., et al. (2018). AnnotSV: an Integrated Tool for Structural Variations Annotation. Bioinformatics 34, 3572–3574. doi:10.1093/bioinformatics/bty304
 Gloss, B. S., and Dinger, M. E. (2018). Realizing the Significance of Noncoding Functionality in Clinical Genomics. Exp. Mol. Med. 50, 1–8. doi:10.1038/s12276-018-0087-0
 Guan, P., and Sung, W.-K. (2016). Structural Variation Detection Using Next-Generation Sequencing Data. Methods 102, 36–49. doi:10.1016/j.ymeth.2016.01.020
 Halgren, C., Nielsen, N. M., Nazaryan-Petersen, L., Silahtaroglu, A., Collins, R. L., Lowther, C., et al. (2018). Risks and Recommendations in Prenatally Detected De Novo Balanced Chromosomal Rearrangements from Assessment of Long-Term Outcomes. Am. J. Hum. Genet. 102, 1090–1103. doi:10.1016/j.ajhg.2018.04.005
 Köhler, S., Carmody, L., Vasilevsky, N., Jacobsen, J. O. B., Danis, D., Gourdine, J.-P., et al. (2019). Expansion of the Human Phenotype Ontology (HPO) Knowledge Base and Resources. Nucleic Acids Res. 47, D1018–D1027. doi:10.1093/nar/gky1105
 Köhler, S., Schulz, M. H., Krawitz, P., Bauer, S., Dölken, S., Ott, C. E., et al. (2009). Clinical Diagnostics in Human Genetics with Semantic Similarity Searches in Ontologies. Am. J. Hum. Genet. 85, 457–464. doi:10.1016/j.ajhg.2009.09.003
 Kumar, S., Harmanci, A., Vytheeswaran, J., and Gerstein, M. B. (2020). SVFX: a Machine Learning Framework to Quantify the Pathogenicity of Structural Variants. Genome Biol. 21, 274. doi:10.1186/s13059-020-02178-x
 Lindblom, A., and Robinson, P. N. (2011). Bioinformatics for Human Genetics: Promises and Challenges. Hum. Mutat. 32, 495–500. doi:10.1002/humu.21468
 Lupiáñez, D. G., Kraft, K., Heinrich, V., Krawitz, P., Brancati, F., Klopocki, E., et al. (2015). Disruptions of Topological Chromatin Domains Cause Pathogenic Rewiring of Gene-Enhancer Interactions. Cell 161, 1012–1025. doi:10.1016/j.cell.2015.04.004
 Luque, C., Luna, J. M., Luque, M., and Ventura, S. (2019). An Advanced Review on Text Mining in Medicine. Wires Data Mining Knowl Discov. 9, e1302. doi:10.1002/widm.1302
 McGowan-Jordan, J., Hastings, R. J., and Moore, S. (2020). An International System for Human Cytogenomic Nomenclature (Iscn 2020. Basel, Switzerland: Karger Publishers. doi:10.1159/isbn.978-3-318-06867-2
 Redin, C., Brand, H., Collins, R. L., Kammin, T., Mitchell, E., Hodge, J. C., et al. (2017). The Genomic Landscape of Balanced Cytogenetic Abnormalities Associated with Human Congenital Anomalies. Nat. Genet. 49, 36–45. doi:10.1038/ng.3720
 Riggs, E. R., Andersen, E. F., Cherry, A. M., Kantarci, S., Kearney, H., Patel, A., et al. (2020). Technical Standards for the Interpretation and Reporting of Constitutional Copy Number Variants: a Joint Consensus Recommendation of the American College of Medical Genetics and Genomics (ACMG) and the Clinical Genome Resource (ClinGen). Genet. Med. 22, 245–257. doi:10.1038/s41436-021-01150-910.1038/s41436-019-0686-8
 Salameh, T. J., Wang, X., Song, F., Zhang, B., Wright, S. M., Khunsriraksakul, C., et al. (2020). A Supervised Learning Framework for Chromatin Loop Detection in Genome-wide Contact Maps. Nat. Commun. 11, 1–12. doi:10.1038/s41467-020-17239-9
 Sauerwald, N., Singhal, A., and Kingsford, C. (2020). Analysis of the Structural Variability of Topologically Associated Domains as Revealed by Hi-C. NAR genombioinform 2, lqz008. doi:10.1093/nargab/lqz008
 Sharo, A. G., Hu, Z., Sunyaev, S. R., and Brenner, S. E. (2020). StrVCTVRE: A Supervised Learning Method to Predict the Pathogenicity of Human Structural Variants. Laurel Hollow, New York: bioRxiv. preprint. doi:10.1101/2020.05.15.097048
 Silva, M., de Leeuw, N., Mann, K., Schuring-Blom, H., Morgan, S., Giardino, D., et al. (2019). European Guidelines for Constitutional Cytogenomic Analysis. Eur. J. Hum. Genet. 27, 1–16. doi:10.1038/s41431-018-0244-x
 Smedley, D., and Robinson, P. N. (2015). Phenotype-driven Strategies for Exome Prioritization of Human Mendelian Disease Genes. Genome Med. 7, 81. doi:10.1186/s13073-015-0199-2
 Spector, J. D., and Wiita, A. P. (2019). ClinTAD: a Tool for Copy Number Variant Interpretation in the Context of Topologically Associated Domains. J. Hum. Genet. 64, 437–443. doi:10.1038/s10038-019-0573-9
 Spielmann, M., Lupiáñez, D. G., and Mundlos, S. (2018). Structural Variation in the 3D Genome. Nat. Rev. Genet. 19, 453–467. doi:10.1038/s41576-018-0007-0
 Weischenfeldt, J., Symmons, O., Spitz, F., and Korbel, J. O. (2013). Phenotypic Impact of Genomic Structural Variation: Insights from and for Human Disease. Nat. Rev. Genet. 14, 125–138. doi:10.1038/nrg3373
 Zepeda-Mendoza, C. J., Ibn-Salem, J., Kammin, T., Harris, D. J., Rita, D., Gripp, K. W., et al. (2017). Computational Prediction of Position Effects of Apparently Balanced Human Chromosomal Rearrangements. Am. J. Hum. Genet. 101, 206–217. doi:10.1016/j.ajhg.2017.06.011
 Zitnik, M., Nguyen, F., Wang, B., Leskovec, J., Goldenberg, A., and Hoffman, M. M. (2019). Machine Learning for Integrating Data in Biology and Medicine: Principles, Practice, and Opportunities. Inf. Fusion 50, 71–91. doi:10.1016/j.inffus.2018.09.012
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Fino, Marques, Dong and David. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-12-757170-t002.jpg
Classification

Pathogenic
Likely Pathogenic

Variant of unknown significance (VUS)

Likely Benign

Benign

Parameters (translocation, inversion, insertion)

Variant affecting or encompassing genes associated with dominant developmental disorders

Variant affecting or encompassing genes with a pli > 0.9 not associated with disease

Or Breakpoint located near a candidate gene associated with AD developmental disorders in a subject showing significant
phenotype overlap with the referred disorder and predicted to impact long-range regulatory interactions

Al other variants ot fitting Pathogenic, Likely Pathogenic, Likely Benign, and Benign parameters

Variant affecting or encompassing genes only associated with AR disorder

And No other data that support at least a partial overiap between the proband'’s phenotype and the affected genoric region
Variant not affecting or encompassing any genes

/And No human pathology reported to be associated with genomic elements localized within the disrupted TAD or no other
data that support at least the partial overlap between the proband’s phenotype and the affected genomic region





OPS/images/math_1.gif
|simulatedscore; 2 PhenSSc]

[0





OPS/images/fgene-12-757170-g003.gif





OPS/images/fgene-12-757170-t001.jpg
Retrospectively reevaluated SVs

Clinical cases (PND; PN)*

David et al.*

Translocation
Inversion

Deletion

Duplication
insertion

cXSVs

Total by Publication

orBENNMO

N

"David et al,, 2003, 2009, 2015, 2018, 2020

“Redn et al., 2017
Riggs et al,, 2020

PND, Prenatal diagnosis; PN, Postnatal diagnosis
*PN diagriosis perfarmed by Cyfoscan HD with microarray; PND performed by Cytoscan 750K,

Redin et al.® Riggs et al.® Microarray (9; 6)°

n
e B Tl
oo

roo0n

iGS (0; 5)

; 2
; 9
2

R

00000
o

on

Total by SV
(retr. SVs/Clin. Cases)

80/2
179
60/74
60/45
513
02
222/145





OPS/xhtml/nav.xhtml
Contents

		Cover

		SVInterpreter: A Comprehensive Topologically Associated Domain-Based Clinical Outcome Prediction Tool for Balanced and Unbalanced Structural Variants		Introduction

		Methods		Code and Data Sources

		Features and Functionality

		Phenotypic Similarity Search

		SVs and Clinical Cases

		Criteria for SV Interpretation and Clinical Prediction





		Results		Retrospective Reevaluation of Published SVs

		Variant Interpretation in Clinical Setting





		Discussion

		Data Availability Statement

		Ethics Statement

		Author Contributions

		Funding

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		Footnotes

		References









OPS/images/cover.jpg
* frontiers
in Genetics

SVinterpreter: A Comprehensive
Topologically Associated
Domain-Based Clinical Outcome
Prediction Tool for Balanced and
Unbalanced Structural Variants





OPS/images/fgene-12-757170-g001.gif
Structural Variant Interpreter - SVinterpratar

Tt et g o o e o oerst

ey

i 1 ko o 138 et it o e vt g

e s o, A ot o e oo
[ ——

A [Sm—— .

et 11 8 e st s 1A st .
o o s o St U b

3 soacaine 5
Pronoe oo sng 60 cpuans)
A ————
P —

P —
tsertes e vt r o i i i s

et o
o Pra— 5
3 E— -





OPS/images/fgene-12-757170-g002.gif
20 578 B s Belenced SVe

150, T 222
b b
B} o » L
: ge - N |

el e —

. T e ot
RS = “ ry
“ " (21 22 £l o2 = e
. g

e S
Inversion F lon.

Eio lmveson - Doteion
: o 7 “ a2 £l
L b I. I.
o - o

i e

e
B B:

2 :

: ;
o — —

ferign @ikl Senign I Viviestof Uscermms Sgrticonce T Lty Mattogeric B Paltigens









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
’ frontiers
1N Genetics





