


predict SNP deleteriousness scores. What is the definition of small noncoding variants here? 

For the result section “screening of SVs detected in large-scale population and clinical SVs”, SVs without disease-related
phenotypes tend not to affect gene expressions, and pathogenic deletions are more likely to affect gene expression. This
result should be quantified. In addition, why the authors only use pathogenic deletions from ClinVar? Comparisons can be
made between pathogenic and benign SVs for different SV types, and perhaps some interesting biological insights can be
inferred from such analysis. 

When predicting SV effects on gene expressions, it would be interesting to see if tissue-specific predictions are different and
whether the tissue with significant expression changes relates with phenotype. For example, COSMIC database has SVs for
different cancer types and can be used to examine if tissue-specific predictions of SVEN are aligned with cancer tissue type.

The input sequence length of Enformer is 197k, which is larger than 131bp window of SVEN. This is advantageous of
modeling distal gene regulatory effects since many regulatory variants can be located kilobases away from transcription start
site. How would the authors address this? 

Minor: 

Define what is positive and negative variants, does it refer to variants altering gene expression levels? (Line 135-136) Or
does it refer to those increasing/decreasing expression levels? 

How are class-oriented genome tracks derived? Are they the average across different tissues and cell lines? It should be
addressed in the method. 

What are the definitions for small variants and large-scale SVs used in this study? 

When referring figures to text, subfigure information should be added. For example, at line 114, it should likely be Extended
Data Fig.8a. 

(Remarks on code availability) 
The code and software documentation can be improved. For example, what are the expected input and output, and how to
interpret the results. 

Right now I only see the following statement: 

"This is a quick guide for usage, the full guideline is coming soon." 

Reviewer #2 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 
The resource includes instructions for installing and running the application. 

Reviewer #3 

(Remarks to the Author) 
In this manuscript, the authors introduce a novel computational method (SVEN) for predicting tissue-specific gene
expression levels from the human genome sequence. They claim that SVEN can quantify the regulatory effects of both small
and large-scale genetic variants in >350 tissues. The basic architecture of SVEN looks similar to previous models, such as
Basenji2 and Enformer, but SVEN is a hybrid model with many additional processes. Although the manuscript is easily read
and the topic is very important and interesting, I think that this work suffers from the following points: 
1. Although the superiority of SVEN shown in Fig.2 and Fig.3d is impressive, its predictability for the effects of pathogenic
SVs is questionable: among the top 5 deletions (from many samples; I could not find the exact number), only two were
statistically significant; in addition, the values of relative expression in Fig.3b(right) look very small and the right graph does
not seem to be the prediction result for the experimentally deleted sequence. Overall, I have an impression that the authors
tend to present only favorable examples in the main Figures and avoid presenting more comprehensive results (i.e., cherry-
picking). 
2. As noted above, their model is complicated and even looks ad hoc. For example, the details of the feature-oriented model
are not explained well (although we downloaded its code, this module was still unclear). As another example, the treatment
of the mRNA-decay feature does not look systematic (in other words, does it really predict mRNA decay accurately?). 
3. Moreover, each module's contribution is not tested/reported. An ablation study (or sort of) is necessary. For example, what
happens if they apply the outputs of Enformer to their downstream steps (i.e., feature selection and the construction of
gradient-boosting trees)? 
4. Some results presented in Fig.4 are hard to interpret. Looking at Figs. 4a and 4b, is it reasonable to conclude that the



contribution of the mRNA decay is the largest? More explanations are needed. Similarly, despite the statistical significance
notation, drawing any conclusions from Figs 4d, 4e, and 4f seems difficult. I suggest adding the information on
corresponding TSS ranges to their x-axis; adding precise p-values might be helpful, too. 
5. If I understand correctly, the prediction results do not cover deleted regions. However, there are no such gaps in Fig.3c.
Also, the changes are more abundantly seen over the gene-body regions rather than the promoter regions, which may be
strange. 
6. More explanation/data on the ‘SVEN-CellType-Match’ should be given. Related to this perhaps, Fig.3a is the result for cell
lines, though they describe that SVEN was trained with the data from 32 diverse genomes. 

(Remarks on code availability) 
(my co-reviewer checked the code and I included her comment in my comments) 

Reviewer #4 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 
The README file says “For reproducing results from our manuscript, please use Full mode”, but the code only supports fast
mode. 
Since the code does not support full mode, it is not possible to reproduce the results. 

Reviewer #5 

(Remarks to the Author) 
I read with great interest the manuscript by Wang et al. entitled “Quantifying the regulatory potential of genetic variants via a
1 hybrid sequence-oriented model”. In this manuscript the authors implement a novel computational tool, SVEN, that can be
used to predict tissue specific gene expression across many cell types/tissues and, importantly, quantify the potential
transcriptional impact of structural variants, which in turn might help interpreting their pathogenicity. 

Although the tool seems to have great potential, I have the overall feeling that its performance, especially with regard to
pathogenic SVs, has not been properly tested. Furthermore, the authors seem to neglect the major and well-established role
of distal regulatory elements, such as enhancers and insulators, in the controls of cell-type specific gene expression patterns
as they “infer the gene expression levels from promoter-proximal sequences in a tissue-specific manner”. My major concerns
are the following ones: 

- The authors claim that “SVEN employs a hybrid architecture to learn “regulatory codes” and infer the gene expression
levels from promoter-proximal sequences in a tissue-specific manner”. However, later in the text as well as in the methods it
is stated that they consider 131 Kb around the TSS of genes, which clearly does not only include promoter-proximal
sequences. Moreover, why did the authors use a 131 Kb window?. 
- My main conceptual problem is that by focusing on promoter features, such as histone marks or TF that preferentially bind
at promoters, it is not surprising that the authors can infer gene transcript levels as it is well known that many of those
promoter features show very strong positive or negative correlations with gene expression. However, those promoter
features are not necessarily causative of gene expression, particularly in the case of developmental and tissue-specific
genes whose expression is largely dependent on distal regulatory elements such as enhancers. Moreover, the specificity of
those distal elements is determined, at least to a large degree, by insulators and TAD boundaries. 
Without learning the sequence features that are causative of gene expression changes, it is highly unlikely that SVEN can
predict the transcriptional consequences of SVs acting through long-range mechanisms (e.g. enhancer adoption, enhancer
disconnection). 
- To test SVEN performance in predicting the effects of SVs, the authors perform global correlation analysis. However, most
SVs should either have no effects on gene expression or significantly affect the expression of a few genes close to their
breakpoints. Therefore, even if SVEN would not accurately predict the effects of the SVs, the global correlations might still
look pretty OK. The authors should identify SVs that significantly change the expression of genes close to their breakpoints
according to RNA-seq data and then evaluate SVEN performance for those genes affected by the SVs. 
- In the context of SVs implicated in disease, it is becoming increasingly clear that SVs can act through long-range
pathomechanisms (enhancer adoption, enhancer hijacking). In order to predict and interpret these long-range
pathomechanisms it is essential to consider 3D chromatin organization (i.e. TAD maps) and tissue-specific enhancer maps.
However, SVEN does not consider these important regulatory features but rather focuses on proximal-promoter sequences.
The authors should collect information regarding SVs acting through long-range pathomechanisms (e.g. DECIPHER
database, PMID: 36999617, PMID: 32973355) and evaluate SVEN performance for those SVs. 
- As currently implemented, my impression is that SVEN can successfully predict the transcriptional (and pathogenic) impact
of SVs that affect either promoter or coding sequences. However, these pathogenic mechanisms are relatively easy to
predict and there are other tools that have already been implemented for those tasks. However, as stated above, what
remains challenging is to predict the pathogenicity of SVs acting through long-range pathomechanisms. Therefore, the
authors should perform a more thorough assessment of how SVEN compares with other tools (e.g. CADD-SV,
STRVCTVRE, TADA, SVScore, POSTRE, etc.) on SVs whose coding, promoter or long-range pathomechanisms have
been experimentally validated and that can be considered as positive controls. Similarly, the authors could also collect SVs



identified in healthy individuals and that can be thus considered as benign SVs (negative controls) and compared SVEN
performance to that of other tools focusing on genes located close to the SVs breakpoints and whose expression is not
affected by the SVs. 

(Remarks on code availability) 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have generally addressed all my previous comments and concerns. It is a pity that the author of ExPecto didn’t
respond to your emails, yet the author of Enformer cannot located their original results any more; nevertheless, it is great to
know that you were able to reproduce the published results on 218 tissues using the procedures previously described. 

I appreciate your efforts in performing COSMIC analysis in response to the comments. I wonder if you can dig deeper into
the three tissues (Adrenal gland, liver, prostate). The statistics looks very significant, and differ from other tissues a lot, so
something else may be going on. Maybe manually examine some specific examples of the top pairs, or something similar,
can help reveal what are the underlying causes for these three tissues that are drastically from others. 

(Remarks on code availability) 
The repository is updated to address my concern. 

Reviewer #2 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I believe the authors have satisfactorily replied to almost all my comments. Specifically, I still find it difficult to extract
conclusions from Figure 3d-f as the differences are very subtle. Maybe using a different scale in the y-axis could help to
highlight the difference in feature importance. 

(Remarks on code availability) 
My co-reviewer checked the code and the documentation and confirmed that the revision was done appropriately. 

Reviewer #4 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 

Reviewer #5 

(Remarks to the Author) 
I would like to thank the authors for addressing my previous comments and concerns. Although they have addressed some
of my concerns, mostly those associated to the focus on promoter regions, the relevance and advanatges of the tool in
comparison to other existing ones is still not fully resolved. As already mentioned in the abstract, the relevance of SVEN is
ultimately link to the importance of SVs for human disease. In this regard, the comparison with other computational tools that
can predict the pathogenicity of SVs indicates that SVEN is not superior in that task. Therefore, the authors might need to
consider how to improve SVEN (e.g. add 3D data) in this regard as well as to peform a more exhaustive bookmarking of the
tool in comparison to other existing tools including pathogenic and benign SVs as well as all major types of SVs (not only



CNVs). 

(Remarks on code availability) 

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were
made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/



Responses to reviewers:

O_pc_q_l $/ (O_g[lem ni nb_ >onbil)8

In this manuscript, Wang et al presented a machine learning model called SVEN to

predict regulatory potential of genetic variants based on DNA sequence. SVEN is

capable of quantifying tissue-specific gene expression alterations impacted by

structural variants (SV). The authors demonstrated that SVEN can accurately predict

genome tracks and gene expression levels across various tissues. Interpreting the

functional consequences of SVs, particularly regarding tissue specificity, is a significant

area of interest in this field. There are several major concerns regarding the evaluation

of the model’s performance. Additionally, the existence of several similar tools, such as

Enformer, mitigates the novelty of this study. These comments are listed below as major

and minor, to help improve the quality of the manuscript.

Qb[hem `il siol _h]iol[acha [h^ p[fo[\f_ ]igg_hnm" ?[m_^ ih ]igg_hnm* q_ b[p_

l_pcm_^ nb_ g[hom]lcjn []]il^chafs,

Major comments:

1. What is the novelty of SVEN compared to existing DNA sequence-based models such

as Enformer, ExPecto, and Basenji2? This is an important issue to address so readers

have a clear idea of the innovation of SVEN compared to the current state of the art.

Also, what is the rationale of splitting the SVEN model into three components instead

of directly predicting gene expression-related experiments such as CAGE as used in

Enformer?

Qb[hem `il siol ]igg_hnm" Boe[lsinc] ncmmo_+mj_]c`c] a_h_ _rjl_mmcih l_aof[ncih cm

\[m_^ ih ]igjf_r a_h_ _rjl_mmcih h_nqilem* chpifp_m nb_ ]iil^ch[ncih i` gofncjf_

l_aof[nilm [h^ mj_]c`c] AK> _f_g_hnm [h^ nb_s []n ch ]ig\ch[nilc[f q[s [1], Ac``_l_hn

`lig ][hihc][f ~ih_+bifcmnc]+h_nqile+`il+[ff� ^_mcah* PSBK n[e_m [ bs\lc^ [l]bcn_]nol_

qb_l_ cn `clmn f_[lhm ^cmnch]n ~l_aof[nils ]i^_m� qcnb gofncjf_ m_j[l[n_^ mo\+h_nqilem*

nb_h g[e_m nb_ `ch[f ch`_l_h]_ \s chn_al[ncha ip_l nb_m_ p[lciom mo\+gi^_fm,

?_h_`cncha `lig cnm ohcko_ ^_mcah* PSBK mbiqm ]ihmcmn_hnfs moj_lcil j_l`ilg[h]_ ip_l

][hihc][f ~ih_+bifcmnc]+h_nqile+`il+[ff�+\[m_^ Bh`ilg_l ch jl_^c]ncha ncmmo_+mj_]c`c]



a_h_ _rjl_mmcih f_p_f (Fig. 2a) [h^ [mm_mmcha _``_]nm i` PSm ih a_h_ _rjl_mmcih

(Additional Table 1 and 3)* qcnb 2.% mg[ff_l gi^_f mct_ (/31J `il PSBK f[la_mn

gi^_f [h^ 027J `il Bh`ilg_l),

Qb_ f[mn \on hin nb_ f_[mn* PSBK�m gi^of[l ^_mcah hin ihfs g[e_m PSBK gil_

chn_ljl_n[\f_* \on [fmi _h[\f_m [ ]omnigct_^ gi^_f `il om_lm� j[lnc]of[l n[mem (q_ b[p_

jlipc^_^ nb_ nonilc[f [n bnnjm8--acnbo\,]ig-a[i+f[\-PSBK=n[\;l_[^g_+ip+

`cf_$]omnigct_+siol+iqh+mp_h+gi^_f),

2. The author claims “SVEN showed consistently better performance across different

tissues than ExPecto and Enformer”. However, only 6 tissues were compared for Figure

2a. This result is susceptible to cherry-picking. A scatter plot with histograms showing

distributions of correlation coefficients between SVEN vs Enformer and SVEN vs

ExPecto for all tissues can provide a more comprehensive comparison. It is fine to show

expected and observed expression levels for 6 example tissues for Figure2b though.

Qb[hem `il nb_ moaa_mncih" Qb_ l_[mih qbs q_ ihfs ]igj[l_^ 4 ncmmo_m ch ilcach[f Fig

2a cm nb[n BrM_]ni [h^ Bh`ilg_l ihfs l_jiln_^ nb_ ^_n[cf_^ j_l`ilg[h]_ i` nb_m_ 4

ncmmo_m ch nb_cl ilcach[f jo\fc][ncihm, Rh`ilnoh[n_fs* qb_h q_ nlc_^ ni l_[]b nb_ [onbilm*

nb_ [onbil i` BrM_]ni ^c^h�n l_mjihm_ ni iol _+g[cf [h^ nb_ [onbil i` Bh`ilg_l l_jfc_^

qcnb ~F ][h'n m__g ni `ch^ nb_ _r[]n ]ill_f[ncihm [hs gil_, Mf_[m_ om_ nb_ [p_l[a_

j_l`ilg[h]_ ch nb_ j[j_l [m nb_ e_s g_[mol_ il l_jli^o]_ nb_ l_mofnm�,

Qb_l_`il_* q_ nlc_^ ni l_jli^o]_ nb_cl l_mofnm []]il^cha ni nb_cl j[j_lm [h^ l_f_[m_^

]i^_m ih 0/6 ncmmo_m [h^ ]_ff fch_m (m__ Ich_ 12/|124* M[a_ /1 `il gil_ ^_n[cfm), Qb_

l_mofnm q_ff ]ih`clg_^ nb_ moj_lcilcns i` PSBK (Additional Fig. 1* [m Fig 2a ch nb_

l_pcm_^ g[hom]lcjn),





chm_lncihm* 0*/.7 gi\cf_+_f_g_hn chm_lncihm* 14*23. ^_f_ncihm* 6*45/ ^ojfc][ncihm* 66

chp_lmcih ^ojfc][ncihm [h^ /3*474 ]igjf_r PSm,T_ ^c^h�n `ch^ mcahc`c][hn j_l`ilg[h]_

^c``_l_h]_ []limm ^cmnch]n nsj_ i` PSm* [h^ PSBK mbiqm [ ]ihmcmn_hnfs moj_lcil

j_l`ilg[h]_ ip_l Bh`ilg_l* _mj_]c[ffs qcnb nb_m_ oh_rjl_mm_^ a_h_m l_gip_^

(Additional Table 1* [m Table 1 ch nb_ l_pcm_^ g[hom]lcjn),

Additional Table 1 Ji^_f j_l`ilg[h]_ ch [mm_mmcha nb_ _``_]nm i` PSm ih a_h_

_rjl_mmcih

SV type SV-gene pair

number

SVEN Enformer

>ff 72*144 (4/*6//) .,70/ (.,7.5) .,62/ (.,564)

Fhm_lncih 1/*130 (0.*14.) .,70/ (.,7/.) .,62/ (.,563)

JBF 0*/.7 (/*2./) .,706 (.,7/3) .,647 (.,6/.)

A_f_ncih 14*23. (02*/64) .,701 (.,7.3) .,622 (.,563)

Aojfc][ncih 6*45/ (3*6.3) .,701 (.,7.7) .,617 (.,570)

Fhp_lmcih

^ojfc][ncih

66 (40) .,701 (.,677) .,624 (.,572)

@igjf_r /3*474 (7*775) .,7/2 (.,7.1) .,61/ (.,563)

()8 l_mofnm [`n_l l_gip[f i` oh_rjl_mm_^ a_h_m,

5. Is there a requirement for SV length/type when predicting SV-impacted gene

expression for SVEN? What if an SV partially overlaps with the 131072bp window of

gene TSS? For Figure 3a, is the performance different between different SV types?

Qb[hem `il siol ]igg_hnm" >m q_ b[p_ ^_m]lc\_^ ch nb_ g[hom]lcjn (Ich_ 146|151*

M[a_ /2)* [ff PSm g_n nb_ `iffiqcha l_kocl_g_hnm [l_ n[e_h chni []]iohn qb_h [mm_mmcha

_``_]nm ih a_h_ _rjl_mmcihm8 (/) nb_ `off m_ko_h]_m i` \inb l_`_l_h]_ [h^ [fn_lh[ncp_

[ff_f_ [l_ [p[cf[\f_ ([m PSBK cm [ m_ko_h]_+ilc_hn_^ gi^_f)9 (0) nb_ PSm `[ff qcnbch nb_

PSBK�m ]ihn_rn qch^iq (c,_,* /1/*.50 \j ]_hn_l_^ ih nb_ QPP)* l_a[l^f_mm i` nb_cl

nsj_-f_hanb, @ihmcmn_hnfs* _gjclc][f _p[fo[ncih moaa_mnm PSBK cm [\f_ ni qile li\omnfs

[]limm ^c``_l_hn nsj_m i` PS (Additional Table 1* [m Table 1 ch nb_ l_pcm_^ g[hom]lcjn),

6. When reporting the results, relying solely on a single descriptive statistic such as

average correlations is insufficient. It is essential to include measures such as standard

deviations and p-values when comparisons are being made.



Qb[hem `il nb_ hc]_ l_gch^_l" T_ b[p_ ch]iljil[n_^ _r[]n j+p[fo_m [m q_ff [m mn[h^[l^

^_pc[ncihm qb_h ]igj[lcmihm [l_ \_cha g[^_,

7. It is not clear what the model is predicting and comparing with benchmark methods

for the section of “SVEN improves small noncoding variant effects prediction” (line

131). The author used AUC for model performance evaluation, what is the outcome

here? If the outcome is gene expression change, why and how to dichotomize it? The

benchmark methods here have different outputs. For example, DeepSEA is a sequence-

based model predicting chromatin profiles. CADD is used to predict SNP

deleteriousness scores. What is the definition of small noncoding variants here?

Pills `il nb_ jin_hnc[f ]ih`omcha mn[n_g_hn ch nb_ ilcach[f g[hom]lcjn, ?lc_`fs* ch nbcm

\_h]bg[le* q_ `clmn ][f]of[n_^ jl_^c]n_^ m]il_ _ (Ich_ /24|/3/* M[a_ 4) i` _[]b

p[lc[hn* nb_h ]igj[l_^ qcnb nb_ _rj_lcg_hn[f ion]ig_m `il 3*026*/02 hih]i^cha

p[lc[hnm f_mm nb[h 3.\j (c,_,* ~mg[ff hih]i^cha p[lc[hnm�) ]ol[n_^ ch _rcmncha ^[n[\[m_

[2],

Qb_ ion]ig_ `il Figure 3d and 3e cm qb_nb_l [ j[lnc]of[l p[lc[hn cm _rj_lcg_hn+\[]e_^

`oh]ncih[f hih]i^cha p[lc[hn (#/#) il hin (#.#), Bmm_hnc[ffs* q_ niie nb_ l[q m]il_m

l_jiln_^ \s _[]b niif (c,_, nb_ `oh]ncih[f mcahc`c][h]_ m]il_ `il A__jPB> [3] [h^ nb_ @

m]il_m `il @>AA [4])* jfin OL@ ]olp_ [h^ ][f]of[n_ >ROL@ []]il^chafs* [cgcha ni

[mm_mmcha [ff niifm qcnbch [ ohc`ilg m_noj,

8. For the result section “screening of SVs detected in large-scale population and

clinical SVs”, SVs without disease-related phenotypes tend not to affect gene

expressions, and pathogenic deletions are more likely to affect gene expression. This

result should be quantified. In addition, why the authors only use pathogenic deletions

from ClinVar? Comparisons can be made between pathogenic and benign SVs for

different SV types, and perhaps some interesting biological insights can be inferred from

such analysis.

Qb[hem `il nb_ hc]_ l_gch^_l" T_ om_^ PSm qcnb ]fchc][f [hhin[ncihm (~j[nbia_hc]� [h^

~\_hcah�) `lig ^\S[l (hmn^/.0* 0.01/./0) [h^ m_f_]n_^ ^_f_ncihm (//*3.7)*

^ojfc][ncihm (351) [h^ chp_lmcihm (/2) ^o_ ni nb_ f[]e i` m_ko_h]_ ch`ilg[ncih `il inb_l



nsj_m i` PSm, Fhp_lmcihm q_l_ _r]fo^_^ iqcha ni nb_ fcgcn_^ hog\_l i` PSm [h^ `ch[ffs

q_ i\n[ch_^ /7*040 PS+a_h_ j[clm (j[nbia_hc]8 /7*.269 \_hcah8 0/2) `il `iffiqcha

[h[fsmcm (Methods),

T_ ]igj[l_^ j[nbia_hc] ^_f_ncihm (/6*40. PS+a_h_ j[clm) [h^ ^ojfc][ncihm (206 PS+

a_h_ j[clm) qcnb l_jiln_^ \_hcah ^_f_ncihm (/53 PS+a_h_ j[clm) [h^ ^ojfc][ncihm (17

PS+a_h_ j[clm)* [m q_ff [m ^_f_ncihm (62*66/ PS+a_h_ j[clm) [h^ ^ojfc][ncihm (/6*555

PS+a_h_ j[clm) ^_n_]n_^ ch f[la_+m][f_ jijof[ncih, Tbcf_ q_ `ioh^ nb[n j[nbia_hc]

^_f_ncihm [l_ gil_ fce_fs ni [``_]n a_h_ _rjl_mmcih nb[h \_hcah [h^ jijof[ncih ih_m

(Tcf]irih l[he+mog ih_+mc^_^ n_mn M+p[fo_ ; /,656�/.+/5 [h^ .* l_mj_]ncp_fs)* hi

mn[ncmnc][ffs mcahc`c][hn ^c``_l_h]_m q_l_ ^_n_]n_^ `il ^ojfc][ncihm (ih_+mc^_ Tcf]irih

; .,563 [h^ .,0//5* l_mj_]ncp_fs) qbc]b g[s \_ (j[lnc[ffs) [nnlc\on_^ ni nb_ l_f[ncp_fs

fiq_l mn[ncmnc][f jiq_l ][om_^ \s fcgcn_^ hog\_l i` ^ojfc][ncihm,

9. When predicting SV effects on gene expressions, it would be interesting to see if

tissue-specific predictions are different and whether the tissue with significant

expression changes relates with phenotype. For example, COSMIC database has SVs

for different cancer types and can be used to examine if tissue-specific predictions of

SVEN are aligned with cancer tissue type.

Qb[hem `il nb_ al_[n moaa_mncih" T_ ^iqhfi[^_^ PS m_n `lig @LPJF@ (p/..*

DO@b16) [h^ jli]_mm_^ qcnb m[g_ jli]_^ol_ ^_m]lc\_^ ch iol g[hom]lcjn (Ich_ 144|

16/* M[a_ /2) `il `iffiqcha [h[fsmcm, >m PSBK l_kocl_m l_`_l_h]_ [h^ [fn_lh[ncp_ [ff_f_

m_ko_h]_m `il PSm* q_ `i]om ih ^_f_ncihm* ^ojfc][ncihm [h^ chp_lmcihm (^_f_ncihm8

11*1059 ^ojfc][ncihm8 0*6709 chp_lmcihm8 0*552), Qb_h q_ g[n]b_^ PSBK�m jl_^c]ncih

qcnb ][h]_l ncmmo_ nsj_ [h^ q_ ain 14*.56 PS+a_h_ j[clm, T_ `ioh^ nb[n PSm ch [^l_h[f

af[h^* fcp_l [h^ jlimn[n_ q_l_ gil_ fce_fs ni ][om_ ncmmo_+mj_]c`c] ]b[ha_m ([\mifon_

fia0 `if^ ]b[ha_ < /* ih_+mc^_^ Ccmb_l�m _r[]n n_mn M+p[fo_ : .,./* Additional Table 2),

Additional Table 2 Kog\_l i` PS+a_h_ j[clm ch g[n]b_^ ncmmo_m

Tissue Number of

SV-gene

pairs

Number of SV-gene

pairs (Absolute log2

fold change > 1)

Odds

ratio

P-value

>^l_h[f af[h^ 0.. 11 0,635 6,.67�/.+5

?l_[mn /*01. 66 /,/13 .,/22



Icp_l /*/22 /32 0,1.. /,/66�/.+/5

Ioha 4/2 17 .,764 .,336

Lp[ls /1*122 6// .,653 .,777

M[h]l_[m /4*6/0 66. .,470 /,...

Mlimn[n_ 0*512 1/2 0,.5/ 1,736�/.+04

10. The input sequence length of Enformer is 197k, which is larger than 131bp window

of SVEN. This is advantageous of modeling distal gene regulatory effects since many

regulatory variants can be located kilobases away from transcription start site. How

would the authors address this?

Qb[hem `il siol ]igg_hnm" T_ ^ih�n nbche nb[n ^cl_]nfs _rn_h^ m_ko_h]_ f_hanb cm [h

_``c]c_hn q[s ni gi^_f ^cmn[f l_aof[ncih, Tcnb go]b fiha_l m_ko_h]_ [m chjon* nb_

cgjlip_g_hn i` gi^_f j_l`ilg[h]_ cm g[lach[f qcnb go]b bcab_l ]igjon[ncih ]imn

(Additional Fig. 2), ?_mc^_m* acp_h nb_ gi^_f j_l`ilg[h]_ ]igj[lcmih \_nq__h PSBK

[h^ Bh`ilg_l* nbioab PSBK om_^ [ go]b mbiln_l m_ko_h]_ nb[h Bh`ilg_l* PSBK

mbiq_^ ]ihmcmn_hnfs \_nn_l j_l`ilg[h]_ ch ncmmo_+mj_]c`c] a_h_ nl[hm]lcjncih jl_^c]ncih

nb[h Bh`ilg_l,

>m q_ ^_m]lc\_^ ch iol g[hom]lcjn (Ich_ 0/2|0/6* M[a_ 7)* q_ b[p_ hinc]_^ nb[n nbl__+

^cg_hmcih[f mnlo]nol_ i` bog[h a_hig_ g[s b_fj ni gi^_f ^cmn[f l_aof[ncih \_nn_l [m

q_ff [m _rj[h^ nb_ m]ij_ i` [jjfc][\f_ a_h_nc] p[lc[hnm ch [ gil_ _``c]c_hn q[s,



Additional Fig. 2 M_l`ilg[h]_ [h^ l_f[ncp_ ch`_l_h]_ ncg_ i` gi^_fm qcnb ^c``_l_hn

qch^iq mct_ i` [hhin[ncihm (QPP { /-0-2-6-/4-10-35 e\) ih 31 DQBr ncmmo_m, Ji^_f

j_l`ilg[h]_ q[m nb_ g_[h Pj_[lg[h ]ill_f[ncih []limm 31 DQBr ncmmo_m (mn[h^[l^

^_pc[ncih q[m .,.0/ `il `clmn nqi jichnm [h^ .,.00 `il l_mn jichnm), Qi _mncg[n_ nb_

]igjon_ ]imnm i` gi^_fm qcnb ^c``_l_h]_ ]ip_l[a_ i` [hhin[ncihm* q_ om_^ nb_ ch`_l_h]_

ncg_ i` nb_ f[la_mn gi^_f ch PSBK [hhin[ncih gi^of_ (/31J) [m [jjlircg[n_, ?lc_`fs*

q_ `clmn a_h_l[n_^ 0*.26 l[h^ig m_ko_h]_m qcnb ^c``_l_hn f_hanb l_mj_]ncp_fs* nb_h

jl_^c]n_^ qcnb [hhin[ncih gi^_f (\[n]b mct_ ; /4) `il 3 lioh^m (0h^ | 4nb lioh^) [h^

][f]of[n_ [p_l[a_ ch`_l_h]_ ncg_, E_l_* ^cfajekc ehdcichbc jegc ¢
z

z���
* qb_l_

` q[m ch`_l_h]_ ncg_ [h^ �̀�� q[m nb_ gchcgog ch`_l_h]_ ncg_ i` [ff,

Minor comments:

1. Define what is positive and negative variants, does it refer to variants altering gene

expression levels? (Line 135-136) Or does it refer to those increasing/decreasing

expression levels?

Qb[hem `il nb_ l_gch^_l" >m q_ b[p_ g_hncih_^ [\ip_* q_ qiof^ ][ff [ p[lc[hn

~jimcncp_� [m fiha [m cn cm ]ihmc^_l_^ ni \_ [h _rjl_mmcih+[fn_lcha p[lc[hn []]il^cha ni

JMO> _rj_lcg_hnm, Qb_m_ b[p_ \__h ch]iljil[n_^ chni nb_ l_pcm_^ g[hom]lcjn (Ich_

/22|/23* M[a_ 4),



2. How are class-oriented genome tracks derived? Are they the average across different

tissues and cell lines? It should be addressed in the method.

Qb[hem `il siol b_[^m+oj" Qb_ [hhin[ncih gi^of_ i` PSBK jl_^c]n_^ 2*3/4 `oh]ncih[f

a_higc] `_[nol_m* ch]fo^cha /*674 QC \ch^cha `_[nol_m* /*754 bcmnih_ gi^c`c][ncih

`_[nol_m* [h^ 462 AK> []]_mmc\cfcns `_[nol_m, Qb_ ionjonm i` nbl__ ]f[mm+ilc_hn_^

gi^_fm q_l_ ] ¡ BC@ ¡ >BC@* ] ¡ BC@ ¡ >CA@ [h^ ] ¡ BC@ ¡ @B? l_mj_]ncp_fs

(N8 hog\_l i` chjon m_ko_h]_m), Cil `_[nol_+ilc_hn_^ gi^_f* nb_ ionjon q[m ] ¡ BC@ ¡

>, Qb_m_ b[p_ \__h ch]iljil[n_^ chni nb_ l_pcm_^ g[hom]lcjn (Ich_ 037|040* M[a_ /.),

3. What are the definitions for small variants and large-scale SVs used in this study?

>m \_cha ^_m]lc\_^ ch nb_ g[hom]lcjn (Ich_ /2.|/2/* M[a_ 49 Ich_ 14* M[a_ 1)* q_ n[e_

p[lc[hnm mg[ff_l nb[h 3.\j [m ~mg[ff p[lc[hnm� [h^ inb_lm [m ~f[la_+m][f_ PSm�

[]]il^cha ni fcn_l[nol_ [5],

4. When referring figures to text, subfigure information should be added. For example,

at line 114, it should likely be Extended Data Fig.8a.

Qb[hem `il siol l_gch^_l" T_ b[p_ [^^_^ mo\`caol_ ch`ilg[ncih `il [ff _rn_h^_^ ^[n[

`caol_m,

O_pc_q_l $/ (O_g[lem ih ]i^_ [p[cf[\cfcns)8

1. The code and software documentation can be improved. For example, what are the

expected input and output, and how to interpret the results. Right now I only see the

following statement: "This is a quick guide for usage, the full guideline is coming soon."

Qb[hem `il siol ]igg_hnm" T_ b[p_ cgjlip_^ nb_ ]i^_ qcnb ^_n[cf_^ om[a_ aoc^_

(bnnjm8--acnbo\,]ig-a[i+f[\-PSBK-\fi\-g[ch-OB>AJB,g^) ih nb_ ihfch_ DcnEo\

l_ji,



O_pc_q_l $0 (O_g[lem ni nb_ >onbil)8

I co-reviewed this manuscript with one of the reviewers who provided the listed reports.

This is part of the Nature Communications initiative to facilitate training in peer review

and to provide appropriate recognition for Early Career Researchers who co-review

manuscripts.

O_pc_q_l $0 (O_g[lem ih ]i^_ [p[cf[\cfcns)8

1. The resource includes instructions for installing and running the application.

Qb[hem `il siol ]igg_hnm" T_ b[p_ cgjlip_^ nb_ ]i^_ qcnb ^_n[cf_^ om[a_ aoc^_

(bnnjm8--acnbo\,]ig-a[i+f[\-PSBK-\fi\-g[ch-OB>AJB,g^) ih nb_ ihfch_ DcnEo\

l_ji,

O_pc_q_l $1 (O_g[lem ni nb_ >onbil)8

In this manuscript, the authors introduce a novel computational method (SVEN) for

predicting tissue-specific gene expression levels from the human genome sequence.

They claim that SVEN can quantify the regulatory effects of both small and large-scale

genetic variants in >350 tissues. The basic architecture of SVEN looks similar to

previous models, such as Basenji2 and Enformer, but SVEN is a hybrid model with

many additional processes. Although the manuscript is easily read and the topic is very

important and interesting, I think that this work suffers from the following points:

Qb[hem `il siol _h]iol[acha [h^ p[fo[\f_ ]igg_hnm" ?[m_^ ih ]igg_hnm* q_ b[p_

l_pcm_^ nb_ g[hom]lcjn []]il^chafs,

1. Although the superiority of SVEN shown in Fig.2 and Fig.3d is impressive, its

predictability for the effects of pathogenic SVs is questionable: among the top 5

deletions (from many samples; I could not find the exact number), only two were

statistically significant; in addition, the values of relative expression in Fig.3b (right)

look very small and the right graph does not seem to be the prediction result for the

experimentally deleted sequence. Overall, I have an impression that the authors tend to

present only favorable examples in the main Figures and avoid presenting more

comprehensive results (i.e., cherry-picking).



Qb[hem `il siol ]igg_hnm" >m \_cha ^_m]lc\_^ ch nb_ g[hom]lcjn (Ich_ 215|221 * M[a_

/4)* PSm `lig nqi ^[n[m_nm a_h_l[n_^ \s Ebert et al. [6] [h^ Beyter et al. [7] [l_ n[e_h

[m ][h^c^[n_m `il _rj_lcg_hn[f p[fc^[ncih, T_ `cfn_l_^ ^_f_ncihm qcnb f_hanb f_mm nb[h /

e\ [h^ ain 4/*//2 PS+a_h_ j[clm, Qi _p[fo[n_ nb_ a_h_l[fct[ncih [\cfcns i` PSBK* q_

`i]om_^ ih ^_f_ncihm jl_^c]n_^ ni ][om_ nb_ ojl_aof[ncih i` a_h_ _rjl_mmcih ch `iol ]_ff

fch_m (E_jD0* J@C+5* >153 [h^ >327), T_ m_f_]n_^ nb_ nij 3 ^_f_ncihm qcnb [p[cf[\f_

@OFPMO n[la_n mcn_m []]il^cha ni nb_cl _``_]nm ih nb_ n[la_n a_h_ ch nb_ n[la_n ]_ff fch_

[h^ p[fc^[n_^ nb_m_ 3 ^_f_ncihm ch >153 ]_ff fch_ (Methods), PSBK mo]]_mm`offs

jl_^c]n_^ nb_ ^cl_]ncih i` nb_ cgj[]n ih a_h_ _rjl_mmcih `il 2 ^_f_ncihm* qbcf_ 1 `il

Bh`ilg_l [h^ 0 `il @KS Coh]ncih[f >hhin[ncih (Supplementary Table 4),

>m qb[n sio jichn_^ ion ]ill_]nfs* nb_ Cca,1\ (lcabn) q[m not nb_ jl_^c]n_^* \on nb_

_rj_lcg_hn[ffs [mm_mm_^ l_mofn `il nb_m_ ^_f_ncihm, J_[hqbcf_* nb_m_ m__gchafs p_ls

mg[ff hog\_lm [l_ j[lnfs ^o_ ni nb_ `[]n nb[n nb_ RPL41* [ bcabfs _rjl_mm_^ a_h_ []limm

[ff ncmmo_m (bnnjm8--qqq,h]\c,hfg,hcb,aip-a_h_-4/5/)* q[m n[e_h [m l_`_l_h]_ a_h_

chcnc[ffs, T_ b[p_ ^ih_ hilg[fct[ncih `il \_nn_l cffomnl[ncih,

2. As noted above, their model is complicated and even looks ad hoc. For example, the

details of the feature-oriented model are not explained well (although we downloaded

its code, this module was still unclear).

Pills `il iol jl_pciom jin_hnc[ffs [g\caoiom ^_m]lcjncih, Qb_ \[mc] c^_[ b_l_ cm ni

]ig\ch_ `_[nol_+ilc_hn_^ gi^_fm (ni f_[lh nb_ ]ihn_rn+m_hmcncp_ m_ko_h]_+ni+l_aof[nils

]i^_* fce_ nb_ @Q@C \ch^cha _p_hnm ch H340) [h^ ]f[mm+ilc_hn_^ gi^_fm (ni f_[lh [ gil_

a_h_l[fct_^ lof_* fce_ QC \ch^cham []limm ^c``_l_hn ]_ff fch_m-ncmmo_m) `il \_nn_l oncfctcha

[p[cf[\f_ ^[n[, (Additional Fig. 3),

Qb_ ^_n[cf_^ ]i^_m ]iof^ \_ []]_mmc\f_ [n bnnjm8--acnbo\,]ig-a[i+

f[\-PSBK-\fi\-g[ch-mp_h-gi^_fm,js* qcnb `oh]ncihm ~m_jZ`/Zgi^_f�-~m_jZ`0Zgi^_f�

`il `_[nol_+ilc_hn_^* [h^ `oh]ncihm ~[]]ZbifZgi^_f�- ~bcmZbifZgi^_f�-~n`ZbifZgi^_f�

`il ]f[mm+ilc_hn_^ gi^_fm, T_ b[p_ ch]iljil[n_^ [ ^_^c][n_^ gi^_f+ni+]i^_ j[a_ `il

_[ms ]i^_ chmj_]ncih (bnnjm8--acnbo\,]ig-a[i+

f[\-PSBK-\fi\-g[ch-mp_h-OB>AJB,g^),





j_l`ilg[h]_ (Tcf]irih l[he+mog ih_+mc^_^ n_mn M+p[fo_ ; 3,131�/.+// [h^

6,110�/.+17 l_mj_]ncp_fs),

L` chn_l_mn* q_ hinc]_^ nb[n mcgjfs l_jf[]cha PSBK [hhin[ncih gi^of_ qcnb Bh`ilg_l

[hhin[ncihm ]iof^ `olnb_l ch]l_[m_ j_l`ilg[h]_* bcabfcabncha nb_ _rn_hmc\cfcns [h^

`f_rc\cfcns i` ]oll_hn PSBK [l]bcn_]nol_,

Additional Table 3 Ji^_f j_l`ilg[h]_ ih 0/6 ncmmo_m [h^ ]_ff fch_m

Model Model performance

Llcach[f PSBK .,67. { .,./5

O_jf[]_ [hhin[ncih gi^of_ qcnb Bh`ilg_l .,7.. { .,./6

O_gip_ gOK> ^_][s `_[nol_m .,66/ { .,./5

O_jf[]_ al[^c_hn+\iimncha nl__m qcnb fch_[l gi^_fm .,65. { .,./4

S[fo_m8 J_[h Pj_[lg[h O { mn[h^[l^ ^_pc[ncih

4. Some results presented in Fig.4 are hard to interpret. Looking at Figs. 4a and 4b, is

it reasonable to conclude that the contribution of the mRNA decay is the largest? More

explanations are needed. Similarly, despite the statistical significance notation,

drawing any conclusions from Figs 4d, 4e, and 4f seems difficult. I suggest adding the

information on corresponding TSS ranges to their x-axis; adding precise p-values might

be helpful, too.

Qb[hem `il nb_ al_[n l_gch^_l" Tbcf_ nb_ gOK> ^_][s `_[nol_m b[^ nb_ bcab_mn g_[h

`_[nol_ cgjiln[h]_* nb_ nin[f ]ihnlc\oncih i` QC \ch^cha* [m [ ]f[mm* cm nb_ gimn

mcahc`c][hn ih_ [m q_ ^_m]lc\_^ ch nb_ g[hom]lcjn []]il^chafs, T_ b[p_ l_pcm_^ nbcm j[ln

`il \_nn_l ]f[lc`c][ncih (Ich_ /43|/44* M[a_ 5),

Cil Fig. 4d, 4e [h^ 4f* q_ b[p_ [^^_^ ]ill_mjih^cha QPP l[ha_m [m q_ff [m jl_]cm_ M+

p[fo_m `il gil_ ]f_[l jl_m_hn[ncih,

5. If I understand correctly, the prediction results do not cover deleted regions. However,

there are no such gaps in Fig.3c.

Qb[hem `il siol ]igg_hnm" >m \_cha ^_m]lc\_^ ch nb_ g[hom]lcjn (Ich_ 144|16/* M[a_

/2)* q_ `clmnfs jl_^c]n_^ nb_ PSBK `oh]ncih[f [hhin[ncih `il nb_ l_`_l_h]_ m_ko_h]_ [h^





\ch^cha* bcmnih_ gi^c`c][ncih [h^ AK> []]_mmc\cfcns, Qb_h q_ nl[ch_^ [ m_n i` al[^c_hn+

\iimncha nl__ gi^_fm qcnb nl[hm`ilg_^ `_[nol_m m_f_]n_^ \[m_^ ih [ m_j[l[n_^ `_[nol_

m_f_]ncih jli]_^ol_, Qb_m_ gi^_fm* [fiha qcnb a_h_ _rjl_mmcih jli`cf_m `lig DQBr [h^

BK@LAB* q_l_ om_^ ni ch`_l a_h_ _rjl_mmcih ch 143 ncmmo_m [h^ ]_ff fch_m (Methods),

Cil ilcach[f Cca,1[ (hiq cm Supplementary Table 3)* q_ om_^ [ f[la_+m][f_ PS ^[n[m_n

c^_hnc`c_^ `lig 10 ^cp_lm_ bog[h a_hig_m `il _p[fo[ncha nb_ [\cfcns i` PSBK ch

jl_^c]ncha nb_ _``_]nm i` PSm ih a_h_ _rjl_mmcih, >m nb_ j[cl_^ OK>+m_k ^[n[ q[m

a_h_l[n_^ `lig B?S+nl[hm`ilg_^ fsgjbi\f[mnic^ ]_ff fch_m* nb_l_`il_* q_ om_^ PSBK

(DJ/0656 gi^_f) ni jl_^c]n nb_ _``_]nm i` nb_m_ PSm ih a_h_ _rjl_mmcih [h^ ]igj[l_^

nb_ jl_^c]n_^ p[fo_m qcnb nb_ i\m_lp_^ p[fo_m (Methods),

T_�l_ mills `il nb_ jin_hnc[ffs ]ih`omcha mn[n_g_hnm* [h^ b[p_ jifcmb_^ nbcm j[ln ch nb_

l_pcmcih,

O_pc_q_l $1 (O_g[lem ih ]i^_ [p[cf[\cfcns)8

My co-reviewer checked the code and I included her comment in my comments.

Qb[hem `il siol ]igg_hnm" T_ b[p_ cgjlip_^ nb_ ]i^_ qcnb ^_n[cf_^ om[a_ aoc^_

(bnnjm8--acnbo\,]ig-a[i+f[\-PSBK-\fi\-g[ch-OB>AJB,g^) ih nb_ ihfch_ DcnEo\

l_ji,

O_pc_q_l $2 (O_g[lem ni nb_ >onbil)8

I co-reviewed this manuscript with one of the reviewers who provided the listed reports.

This is part of the Nature Communications initiative to facilitate training in peer review

and to provide appropriate recognition for Early Career Researchers who co-review

manuscripts.

O_pc_q_l $2 (O_g[lem ih ]i^_ [p[cf[\cfcns)8

1. The README file says “For reproducing results from our manuscript, please use

Full mode”, but the code only supports fast mode. Since the code does not support full

mode, it is not possible to reproduce the results.



Qb[hem `il siol ]igg_hnm" T_ b[p_ l_pcm_^ nb_ l_ji qcnb Coff gi^_ gi^_fm

(bnnjm8--acnbo\,]ig-a[i+f[\-PSBK-nl__-g[ch-gi^_fm-`offZgi^_) [m q_ff [m [ ^_n[cf_^

om[a_ aoc^_ (bnnjm8--acnbo\,]ig-a[i+f[\-PSBK-\fi\-g[ch-OB>AJB,g^)

ch]iljil[n_^,

O_pc_q_l $3 (O_g[lem ni nb_ >onbil)8

I read with great interest the manuscript by Wang et al. entitled “Quantifying the

regulatory potential of genetic variants via a 1 hybrid sequence-oriented model”. In

this manuscript the authors implement a novel computational tool, SVEN, that can be

used to predict tissue specific gene expression across many cell types/tissues and,

importantly, quantify the potential transcriptional impact of structural variants, which

in turn might help interpreting their pathogenicity.

Although the tool seems to have great potential, I have the overall feeling that its

performance, especially with regard to pathogenic SVs, has not been properly tested.

Furthermore, the authors seem to neglect the major and well-established role of distal

regulatory elements, such as enhancers and insulators, in the controls of cell-type

specific gene expression patterns as they “infer the gene expression levels from

promoter-proximal sequences in a tissue-specific manner”.

Qb[hem `il siol _h]iol[acha [h^ p[fo[\f_ ]igg_hnm" ?[m_^ ih ]igg_hnm* q_ b[p_

l_pcm_^ nb_ g[hom]lcjn []]il^chafs,

Major comments:

1. The authors claim that “SVEN employs a hybrid architecture to learn “regulatory

codes” and infer the gene expression levels from promoter-proximal sequences in a

tissue-specific manner”. However, later in the text as well as in the methods it is stated

that they consider 131 KB around the TSS of genes, which clearly does not only include

promoter-proximal sequences. Moreover, why did the authors use a 131 KB window?

Pills `il iol jl_pciom jin_hnc[ffs [g\caoiom ^_m]lcjncih, PSBK hin ihfs `i]om_^ ih

jligin_l+jlircg[f m_ko_h]_ \on [fmi ]ihmc^_l_^ /1/ e\ m_ko_h]_ [lioh^ QPP, T_

b[p_ ]b[ha_^ nb_ qil^ ~jligin_l+jlircg[f� ni ~QPP+]_hn_l_^� (Ich_ 4/|40* M[a_ 2),



Qb_ ]oll_hn qch^iq mct_ (/1/ e\) cm gimnfs nb_ \[f[h]_ \_nq__h gi^_f j_l`ilg[h]_

[h^ gi^_f mct_, Qbioab fiha_l m_ko_h]_ qch^iq ]iof^ chpifp_ gil_ ^cmn[f l_aof[ncih

_f_g_hnm* nb_ cgjlip_g_hn i` gi^_f j_l`ilg[h]_ g[s \_ g[lach[f qcnb go]b bcab_l

]igjon[ncih ]imn (Additional Fig. 2),

2. My main conceptual problem is that by focusing on promoter features, such as

histone marks or TF that preferentially bind at promoters, it is not surprising that the

authors can infer gene transcript levels as it is well known that many of those promoter

features show very strong positive or negative correlations with gene expression.

However, those promoter features are not necessarily causative of gene expression,

particularly in the case of developmental and tissue-specific genes whose expression is

largely dependent on distal regulatory elements such as enhancers. Moreover, the

specificity of those distal elements is determined, at least to a large degree, by insulators

and TAD boundaries. Without learning the sequence features that are causative of gene

expression changes, it is highly unlikely that SVEN can predict the transcriptional

consequences of SVs acting through long-range mechanisms (e.g. enhancer adoption,

enhancer disconnection).

Qb[hem `il nb_ hc]_ l_gch^_l" >m \_cha ^_m]lc\_^ [\ip_* PSBK n[e_m hin ihfs

jligin_l+jlircg[f \on [fmi l_gin_ m_ko_h]_m chni []]iohn, Cil _r[gjf_* nb_ ]oll_hn

PSBK [hhin[ncih gi^of_ _``_]ncp_fs gi^_f @Q@C \ch^cha _p_hnm* [h _mm_hnc[f

]igjih_hn `il Q>A [13]* [m q_ff [m E1H05[]* [ q_ff+ehiqh bcmnih_ g[le_l `il []ncp_

_hb[h]_l [14]* []limm gofncjf_ ncmmo_m [h^ ]_ff fch_m \[m_^ ih _rj_lcg_hn+\[]e_^ ^[n[

(Supplementary Table 1), Qb_ f[mn \on hin nb_ f_[mn* [m \_cha ^cm]omm_^ ch nb_

g[hom]lcjn* q_�l_ [jjli[]bcha ni ch]iljil[n_ 1A a_hig_ mnlo]nol[f [l]bcn_]nol_ chni

nb_ `olnb_l p_lmcih i` PSBK (Ich_ 0/2|0/6* M[a_ 7),

3. To test SVEN performance in predicting the effects of SVs, the authors perform global

correlation analysis. However, most SVs should either have no effects on gene

expression or significantly affect the expression of a few genes close to their breakpoints.

Therefore, even if SVEN would not accurately predict the effects of the SVs, the global

correlations might still look pretty OK. The authors should identify SVs that

significantly change the expression of genes close to their breakpoints according to

RNA-seq data and then evaluate SVEN performance for those genes affected by the SVs.



Qb[hem `il siol ]igg_hnm" Cil [ gil_ ]igjl_b_hmcp_ _p[fo[ncih ih [mm_mmcha _``_]nm

i` PSm ih a_h_ _rjl_mmcihm* q_ [^^_^ [ h_q PS ^[n[m_n `lig nb_ /... D_hig_m Mlid_]n

(bnnjm8--^ic,ila-/.,//./-0.02,.2,/6,37..71) `il _p[fo[ncih (Ich_ 163|17.* M[a_ /3),

Qb_ `ch[f ^[n[m_n ]ihmcmn_^ i` 72*144 PS+a_h_ j[clm* ch]fo^cha 1/*130 chm_lncihm* 0*/.7

gi\cf_+_f_g_hn chm_lncihm* 14*23. ^_f_ncihm* 6*45/ ^ojfc][ncihm* 66 chp_lmcih

^ojfc][ncihm [h^ /3*474 ]igjf_r PSm (Additional Table 1), Qi _p[fo[n_ nb_ gi^_f

j_l`ilg[h]_ i` PSBK ih PSm qbc]b ][h mcahc`c][hnfs ]b[ha_ nb_ _rjl_mmcih* q_ `clmn

][f]of[n_ nb_ fia0 `if^ ]b[ha_ i` OK>+m_k f_p_f \_nq__h n[la_n m[gjf_m [h^ \[]ealioh^

l_`_l_h]_ (PSBK�m nl[chcha ^[n[m_n), T_ m_f_]n_^ a_h_m qcnb mcahc`c][hnfs ]b[ha_

([\mifon_ fia0 `if^ ]b[ha_ </) [h^ ain 1/*467 PS+a_h_ j[clm, @igj[l_^ qcnb Bh`ilg_l*

PSBK ]ihmcmn_hnfs ][h jl_^c]n _``_]nm i` PSm ih a_h_ _rjl_mmcihm gil_ []]ol[n_fs

(Pj_[lg[h O ; .,6./ [h^ .,52. l_mj_]ncp_fs),

4. In the context of SVs implicated in disease, it is becoming increasingly clear that SVs

can act through long-range pathomechanisms (enhancer adoption, enhancer hijacking).

In order to predict and interpret these long-range pathomechanisms it is essential to

consider 3D chromatin organization (i.e. TAD maps) and tissue-specific enhancer maps.

However, SVEN does not consider these important regulatory features but rather

focuses on proximal-promoter sequences. The authors should collect information

regarding SVs acting through long-range pathomechanisms (e.g. DECIPHER database,

PMID: 36999617, PMID: 32973355) and evaluate SVEN performance for those SVs.

Qb[hem `il nb_ al_[n moaa_mncihm" T_ b[p_ ]b_]e_^ [ff 03 j[nbia_hc] PSm (`il /5

^_f_ncihm* 2 ^ojfc][ncihm* [h^ 2 chp_lmcihm) qbc]b [l_ l_jiln_^ ni ][om_ ^cm_[m_m nblioab

fiha+l[ha_ g_]b[hcmgm `lig jo\fc] l_miol]_ [15]* \on `ioh^* oh`ilnoh[n_fs* hih_ i`

nb_g ]iof^ \_ jl_^c]n_^ \s ]oll_hn PSBK ^o_ ni nb_ f_hanb (g_^c[h f_hanb8 665 e\) il

nb_ ^cmn[h]_ ni QPP (g_^c[h ^cmn[h]_8 74. e\),

>m \_cha ^_m]lc\_^ ch ion g[hom]lcjn (Ich_ 0/2|0/6* M[a_ 7)* q_ b[p_ hinc]_^ nb[n

nb_l_ q_l_ mncff m_p_l[f j[nbm `il `olnb_l cgjlipcha nb_ []]ol[]s [h^ m][f[\cfcns i`

PSBK* ch]fo^cha ]ig\chcha nb_ nbl__+^cg_hmcih[f mnlo]nol_ i` bog[h a_hig_ ni

gi^_f ^cmn[f l_aof[ncih \_nn_l [m q_ff [m _rj[h^ nb_ m]ij_ i` [jjfc][\f_ a_h_nc] p[lc[hnm,

T_�l_ [jjli[]bcha ni ch]iljil[n_ 1A a_hig_ mnlo]nol[f [l]bcn_]nol_ chni nb_ `olnb_l

p_lmcih i` PSBK,



5. As currently implemented, my impression is that SVEN can successfully predict the

transcriptional (and pathogenic) impact of SVs that affect either promoter or coding

sequences. However, these pathogenic mechanisms are relatively easy to predict and

there are other tools that have already been implemented for those tasks. However, as

stated above, what remains challenging is to predict the pathogenicity of SVs acting

through long-range pathomechanisms. Therefore, the authors should perform a more

thorough assessment of how SVEN compares with other tools (e.g. CADD-SV,

STRVCTVRE, TADA, SVScore, POSTRE, etc.) on SVs whose coding, promoter or long-

range pathomechanisms have been experimentally validated and that can be considered

as positive controls. Similarly, the authors could also collect SVs identified in healthy

individuals and that can be thus considered as benign SVs (negative controls) and

compared SVEN performance to that of other tools focusing on genes located close to

the SVs breakpoints and whose expression is not affected by the SVs.

Qb[hem `il nb_ al_[n moaa_mncih" Tbcf_ PSBK q[m ^_mcah_^ ni ko[hnc`s nb_ ncmmo_+

mj_]c`c] nl[hm]lcjnigc] cgj[]nm i` PSm* l[nb_l nb[h ni jl_^c]n nb_ j[nbia_hc]cns i` PSm

^cl_]nfs* q_ b[p_ ch]iljil[n_^ nb_ [^^cncih[f _p[fo[ncih \s ]igj[lcha qcnb @>AA+PS

[16]* PnlS@QSOB [17]* Q>A> [18]* PSP]il_ [19] [h^ MLPQOB [15] \[m_^ ih /13

]ol[n_^ j[nbia_hc] PSm (`il /10 ^_f_ncihm [h^ 1 ^ojfc][ncihm) `lig @fchS[l

(0.01/./0)1, >m \_cha _rj_]n_^* q_ `ioh^ nb[n PSBK mbiq_^ [ l_f[ncp_fs jiil_l

j_l`ilg[h]_ nb[h nbim_ j[nbia_hc]cns+ilc_hn_^ [failcnbgm (Additional Table 4)* qbc]b*

q_ \_fc_p_* cm j[lnc[ffs ^o_ ni PSBK�m _rjl_mmcih+ilc_hn_^ h[nol_ [h^ nb_ `[]n nb[n a_h_

_rjl_mmcih [fn_l[ncih ^i_m hin h_]_mm[lcfs g_[h ^cm_[m_+][omcha2 [20],

Additional Table 4 Ji^_f j_l`ilg[h]_ ih jl_^c]ncha nb_ j[nbia_hc]cns i` PSm

Tool Model performance (AUROC)

PSBK .,631

MLPQOB .,67.

1 ?lc_`fs* q_ m_f_]n_^ jimcncp_ m_n qcnb PSm g_n8 (/) ^_f_ncihm [h^ ^ojfc][ncihm (mojjiln_^ \s [ff niifm)9 (0) ]fchc][f
[hhin[ncih q[m ~j[nbia_hc]�9 (1) l_pc_q mn[nom b[^ [n f_[mn nqi aif^ mn[lm (~]lcn_lc[ jlipc^_^* gofncjf_ mo\gcnn_lm*
hi ]ih`fc]nm�* ~l_pc_q_^ \s _rj_ln j[h_f� il ~jl[]nc]_ aoc^_fch_�)9 (2) ^cmlojncha jligin_lm il _rihm, Cil h_a[ncp_
]ihnlifm* q_ om_^ PSm `lig nb_ ^[n[m_n q_ g_hncih_^ [\ip_ (a_h_l[n_^ \s nb_ /... D_hig_m Mlid_]n) [h^ m_f_]n_^
13*0.1 PSm (`il 07*.04 ^_f_ncihm [h^ 4*//5 ^ojfc][ncihm) n_h^_^ ni b[p_ hi mcahc`c][hn _``_]nm ([\mifon_ fia0 `if^
]b[ha_ :/ `il [ff PS+a_h_ j[clm) ih a_h_ _rjl_mmcih (PnlS@QSOB ihfs mojjiln_^ PSm ^cmlojncha _rihm* mi cn q[m
_p[fo[n_^ ih /*232 PSm l[nb_l nb[h 13*0.1 PSm),
2 >m _pc^_h]_* q_ `ioh^ [ PSBK _rjl_mmcih+ihfs g_nlc] (`il _[]b PS* q_ ][f]of[n_^ nb_ g[rcgog [\mifon_ fia0

`if^ ]b[ha_ []limm [ff PS+a_h_ j[clm ch 31 DQBr ncmmo_m [m jl_^c]n_^ ionjon) qiof^ l_mofn ch `olnb_l ch`_lcil
j_l`ilg[h]_ (>RMO@ ; .,45.),
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Responses to reviewers:

Reviewer #1 (Remarks to the Author):

The authors have generally addressed all my previous comments and concerns. It is a

pity that the author of ExPecto didn’t respond to your emails, yet the author of Enformer

cannot located their original results anymore; nevertheless, it is great to know that you

were able to reproduce the published results on 218 tissues using the procedures

previously described.

Thanks for your encouraging comments!

I appreciate your efforts in performing COSMIC analysis in response to the comments.

I wonder if you can dig deeper into the three tissues (Adrenal gland, liver, prostate).

The statistics looks very significant, and differ from other tissues a lot, so something

else may be going on. Maybe manually examine some specific examples of the top pairs,

or something similar, can help reveal what are the underlying causes for these three

tissues that are drastically from others.

Thanks for the nice suggestion! Manually examining top SV-gene pairs with significant

changes (absolute log2 fold change > 1) suggests a potential contribution from tissue-

specific genes for the observed interesting pattern. For example, gene ALB expresses

strictly in liver (https://www.ncbi.nlm.nih.gov/gene/213); LINC01554 is a long

noncoding RNA (lncRNA) mainly expressed in liver

(https://www.ncbi.nlm.nih.gov/gene/202299), and was reported to be associated with

tumor invasion, tumor size, tumor staging, and shorter survival of hepatocellular

carcinoma patients [1]; RP11-356O9.1 is annotated as a lncRNA and predominantly

expresses in the prostate [2] (Additional Fig. 1). We didn’t find tissue-specific genes

from top pairs in other tissues.





Visualization of a 62-kb prostate-targeted deletion (chr14:37510161-37572732)

disrupting gene RP11-356O9.1. No significance detected in adrenal gland-targeted SV-

pairs which could partly be attributed to its relatively limited number of SV-gene pairs

(200 out of 36,078; 0.55% of all pairs)

Reviewer #1 (Remarks on code availability):

The repository is updated to address my concern.

Thanks for your comments!

Reviewer #2 (Remarks to the Author):

I co-reviewed this manuscript with one of the reviewers who provided the listed reports.

This is part of the Nature Communications initiative to facilitate training in peer review

and to provide appropriate recognition for Early Career Researchers who co-review

manuscripts.

Reviewer #3 (Remarks to the Author):

I believe the authors have satisfactorily replied to almost all my comments. Specifically,

I still find it difficult to extract conclusions from Figure 4d-f as the differences are very

subtle. Maybe using a different scale in the y-axis could help to highlight the difference

in feature importance.

Thanks for your nice suggestions! We have revised the Fig. 4d-f for more clear

presentation.

Reviewer #3 (Remarks on code availability):

My co-reviewer checked the code and the documentation and confirmed that the

revision was done appropriately.

Thanks for your comments!



Reviewer #4 (Remarks to the Author):

I co-reviewed this manuscript with one of the reviewers who provided the listed reports.

This is part of the Nature Communications initiative to facilitate training in peer review

and to provide appropriate recognition for Early Career Researchers who co-review

manuscripts.

Reviewer #5 (Remarks to the Author):

I would like to thank the authors for addressing my previous comments and concerns.

Although they have addressed some of my concerns, mostly those associated to the focus

on promoter regions, the relevance and advantages of the tool in comparison to other

existing ones is still not fully resolved. As already mentioned in the abstract, the

relevance of SVEN is ultimately link to the importance of SVs for human disease. In this

regard, the comparison with other computational tools that can predict the

pathogenicity of SVs indicates that SVEN is not superior in that task. Therefore, the

authors might need to consider how to improve SVEN (e.g., add 3D data) in this regard

as well as to perform a more exhaustive bookmarking of the tool in comparison to other

existing tools including pathogenic and benign SVs as well as all major types of SVs

(not only CNVs).

Thanks for the great comments! As being discussed in the manuscript, we have noticed

that there were still several paths for further improving the accuracy and scalability of

SVEN, including combining the three-dimensional structure of human genome to

model distal regulation better as well as expand the scope of applicable genetic variants

(Line 215–219, Page 9).

Meanwhile, we’d noted that SVEN was designed for quantifying the tissue-specific

transcriptomic impacts of SVs, and the fact that gene expression alteration does not

necessarily mean disease causing [3–5], we would expect that the SVEN will hardly

surpass these pathogenicity-oriented algorithms in predicting the pathogenicity of SVs1.

Instead, we’d suggest that SVEN and these algorithms could be rather complementary,

enabling a possibility to jointly identify pathogenic SVs which function through

transcriptomic changes. We have further revised the part of Discussion for better

1 As evidence, we found that expression-oriented SVEN showed a relatively poorer performance than pathogenicity-

oriented algorithms as showed in Additional Table 4 of previous response letter (and now as Supplementary Table 2

in this revision).



clarification (Line 207–213, Page 9).
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