
Deep learning based prediction 
on noncoding variants from 
whole genome sequencing data

안준용 _ 고려대학교



본 강의 자료는 한국생명정보학회가 주관하는 BIML 2024 워크샵 온라인 수업을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 전적으로 불법 행위자 본인에게 있음을 경고합니다.
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안녕하십니까?

한국생명정보학회가 개최하는 동계 교육 워크샵인 BIML-2024에 여러분을 초대합니다. 생명정보학 

분야의 연구자들에게 최신 동향의 데이터 분석기술을 이론과 실습을 겸비해 전달하고자 도입한 

전문 교육 프로그램인 BIML 워크샵은 2015년에 시작하여 올해로 벌써 10년 차를 맞이하게 되었

습니다. BIML 워크샵은 국내 생명정보학 분야의 최초이자 최고 수준의 교육프로그램으로 크게 

인공지능과 생명정보분석 두 개의 분야로 구성되어 있습니다. 올해 인공지능 분야에서는 최근 

생명정보 분석에서도 응용이 확대되고 있는 다양한 인공지능 기반 자료모델링 기법들에 대한 현장 

강의가 진행될 예정이며, 관련하여 심층학습을 이용한 단백질구조예측, 유전체분석, 신약개발에 

대한 이론과 실습 강의가 함께 제공될 예정입니다. 또한 단일세포오믹스, 공간오믹스, 메타오믹스, 

그리고 롱리드염기서열 자료 분석에 대한 현장 강의는 많은 연구자의 연구 수월성 확보에 큰 도움을 

줄 것으로 기대하고 있습니다. 

올해 BIML의 가장 큰 변화는 최근 연구 수요가 급증하고 있는 의료정보자료 분석에 대한 현장 강의를 

추가하였다는 것입니다. 특히 의료정보자료 분석을 많이 수행하시는 의과학자 및 의료정보 연구자

들께서 본 강좌를 통해 많은 도움을 받으실 수 있기를 기대하고 있습니다. 또한 다양한 생명정보학 

분야에 대한 온라인 강좌 프로그램도 점차 증가하고 있는 생명정보 분석기술의 다양화에 발맞추기 

위해 작년과 비교해 5강좌 이상을 신규로 추가했습니다. 올해는 무료 강좌 5개를 포함하여 35개 

이상의 온라인 강좌가 개설되어 제공되며, 연구 주제에 따른 연관된 강좌 추천 및 강연료 할인 

프로그램도 제공되며, 온라인을 통한 Q&A 세션도 마련될 예정입니다. BIML-2024는 국내 주요 연구 

중심 대학의 전임 교원이자 각 분야 최고 전문가들의 강의로 구성되었기에 해당 분야의 기초부터 

최신 연구 동향까지 포함하는 수준 높은 내용의 강의가 될 것이라 확신합니다.

BIML-2024을 준비하기까지 너무나 많은 수고를 해주신 운영위원회의 정성원, 우현구, 백대현, 

김태민, 김준일, 김상우, 장혜식, 박종은 교수님과 KOBIC 이병욱 박사님께 커다란 감사를 드립니다. 

마지막으로 부족한 시간에도 불구하고 강의 부탁을 흔쾌히 허락하시고 훌륭한 현장 강의와 온라인 

강의를 준비하시는데 노고를 아끼지 않으신 모든 강사분들께 깊은 감사를 드립니다. 

2024년 2월

한국생명정보학회장 이 인 석



강의개요

Deep learning based prediction on noncoding variants 
from whole genome sequencing data

전장유전체는 인간 유전체 모든 지역에 발생하는 다양한 유전변이를 발굴하고, 이를 통해 질병의 

유전연관성을 평가한다. 상당 수의 변이들은 논코딩 유전체에 발생하여, 전사조절 및 유전자 발현

에 관여하며, 병발생의 시공간적 특이성을 나타낸다. 따라서, 전장유전체 해석을 위해, 최근 발달

한 다양한 기능유전체 데이터를 통합하고 평가할 방법에 대한 이해가 필수적이다. 

본 강의에서는 전장유전체 데이터로부터 유전변이 예측을 하기 위한 분석 법을 소개한다. 대규모 

전장유전체를 효과적이고 빠르게 처리하기 위해 널리 쓰이고 있는 플랫폼인 Hail을 소개하고, 분

석에 활용할 유전변이 선별 작업을 시행한다. 딥러닝 기반 알고리즘을 활용하여 각 유전변이의 전

사조절 변화 및 위험도를 평가하는 방법을 학습한다.  

강의는 다음의 내용을 포함한다:

  ⚫ 전장유전체 데이터 개요

  ⚫ 전장유전체 데이터 처리를 위한 Hail 플랫폼 학습

  ⚫ 딥러닝 기반 유전변이 평가 방법 학습

* 참고강의교재: 

  - Hail 웹사이트 (https://hail.is/)

  - Avsec et al. (2021) Nature Methods

* 교육생준비물 및 필요조건: 구글 코랩, 인터넷

* 강의 난이도: 중급

* 강의: 안준용 교수 (고려대학교 바이오시스템의과학부)
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KSBi-BIML 2023 
Deep learning based prediction on noncoding 
variants from whole genome sequencing data 

 
Joon-Yong An 
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Overview 

• Deep learning based approaches for whole genome 
sequencing studies 
• Implication in biological and clinical research 

 
• Tutorial for deep-learning prediction on noncoding 

variants from WGS data 
• Subset noncoding and qualifying variants from WGS 

data 
• Predict functional impact of noncoding variants using a 

deep learning method 
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Why whole genome sequencing 
(WGS)? 
• Find all genetic variants in our genome 
• From single nucleotide variants to structural variants 
• Genome-wide association with traits or disorders 
• Assess rare variants in noncoding genome 

 

• Find pathogenic noncoding mutations for disorder 
• Pathogenic: contributes mechanistically to disease, but 

is not necessarily fully penetrant (i.e., may not be 
sufficient in isolation to cause disease). 

 
 

Regulatory elements in 
noncoding genome 
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Regulatory elements fine-tune 
development and cell types 

Visel et al. 2009, Nature 

Allou et al. 2021, Nature 

• Homozygous 27–63-kilobase deletions 
located 300 kilobases upstream of the 
engrailed-1 gene (EN1) in patients with a 
complex limb malformation featuring 
mesomelic shortening, syndactyly and 
ventral nails (dorsal dimelia) 
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Before we get into noncoding, we need to think 
about how to evaluate coding mutations in disease... 

Proof-of-concept for 
exome sequencing (NGS) 

First exome analysis for 
human disease 

How to prioritize “pathogenic” variant from 
numerous variants in our genome 

Choi et al. 2009, PNAS 
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Conservation in DNA or protein sequences 
indicate functional units in biological system 

Ryan & Grant 2009, Nat Rev Neuro 

Priotizing variants by sequence 
conservation 
• Nucleotide conservation 

• GERP, PhyloP, PhastCons 
• Protein sequence conservation 

• SIFT, PolyPhen2 
 
• These methods has scoring system at each locus or allele 

(variant) 
• chr1:122222:A:T is SIFT score 0.01, indicating “deleterious” or 

chr11:122222:C:G is SIFT score 0.13, indicating “benign” 
• chr3:13322 is phylop score 0.5, indicating “highly conserved” or 

chr3:13300 is phylop score 0.02, indicating “less conserved”  
 

• If you find ~30,000 variants in coding genome, how can we 
find which scoring system is good? 
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“Ensemble methods” 

• Integrate the results of multiple individual predictors can improve performance 
• CADD (Combined Annotation–Dependent Depletion) by Kircher et al. (2014) Nat 

Gen 
• Training a support vector machine (SVM) with a linear kernel on features derived from the 

63 annotations 

• Condel, DANN, Eigen, MetaSVM, MetaLR, KGGSeq, REVEL, LINSIGHT, GWAVA 
• Supervised or unsupervised learning for predictive features for pathogenic variants 

Kircher et al. (2014) Nat Gen 

Low predictive power on noncoding 
mutations 

“Biological relevance of computationally predicted 
pathogenicity of noncoding variants” 
Liu et al. (2019) Nat Comm 

Kircher et al. (2014) Nat Gen 
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Deep learning approaches 

• Learn patterns and features underlying regulatory 
elements 
• Transcription factor (TF) binding to unique motifs but 

TFs has position dependency so cannot be represented 
by a single motif 
• Generalization on functional noncoding regions   

 
• Enable genome-wide evaluation for noncoding 

hypothesis 
• Unlike coding genome, noncoding genome does not 

have “canonical” hypothesis to test 
• Coding -> triplet codon 

Deep learning approaches 

• DeepSEA (2015) 
• Basenji2 (2020) 
• Enformer (2021) 
• Sei (2022) 
• Orca (2022) 
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There are techniques to find regulatory 
elements in noncoding genome but... 

GATA
4 

ATAC-
seq 

ATAC-seq 
but no good quality 

Signal Signal Signal 

Signal Signal 

There are techniques to find regulatory 
elements in noncoding genome but... 

GATA
4 

ATAC-
seq 

ATAC-seq 
with other co-TFs 

seq

TBX5 

- 8 -



Predict functional regions in noncoding 
genome 

Prediction Prediction 

TFs has position dependency 
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Enformer (2021) 

• Deep learning model architecture composed of 
convolution layers and attention layers enabling the 
expansion of input sequences up to 200 kb 
 
• Training dataset including 5,313 human and 1,643 

mouse genomic signal tracks 
• Cell type specific information 

 
• Attention layers outperformed dilated convolutions 

across all model sizes, numbers of layers, and numbers 
of training data points  

Enformer (2021) 

• 200 kb genomic sequences with variants 
• The receptive field (window size) is increased compared to 

Basenji2, due to using attention layers 

Convolutional layers with pooling 
• To reduce the spatial dimension from 196,608 bp to 1,536 

each 128 bp bins, i.e. feature extraction 
• Use attention pooling in place of max pooling in Basenji2 

Transformer layers 
• To capture long-range interactions across the sequence, 

and encode as relative position 
• Relative positional encodings provide a parameterized 

baseline for how actively two positions in the sequence 
should influence each other during the layer’s 
transformation as a function of their pairwise distance 

• Enformer trained for multi genomic epigenetic signal 
including human and mouse dataset 

• Predicted genomic tracks for each chromatin feature used 
to the training model 

with relative encoding 

Avsec et al. 2021, Nature Methods 
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Enformer (2021) 

Function prediction of noncoding 
variants using enformer 
1. Input 

• 196 kb sequences with variants transformed to one-hot encoded matrix 
 

2. Output 
• Genomic sequence track for each chromatin feature 
• Contribution score of prioritizing enhancer-gene pairs with a sequence-

based model, computing the gradient of the CAGE target at the TSS for 
input 

• The enhancer–gene score was obtained by summing the absolute gradient 
× input scores in the 2-kb window centered at the enhancer 

• Variant scores computed by the difference between alternative predictions 
and reference predictions 
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Function prediction of noncoding 
variants using enformer 
3. Training/test/validation dataset 

• Training, testing, and validation dataset (5,313 human and 1,613 mouse) 
 
• Trained, evaluated, and tested on the same targets, genomic intervals, and 

using Poisson negative log-likelihood loss function to minimize residual 
between predicted and observed values 

 
• Sequences data: reference genomes of human (GRCh38) and mouse 

(mm10) divided into 1Mb regions 
• 34,021 training, 2,213 validation, and 1,937 test sequences for the human genome 
• 29,295 training, 2,209 validation, and 2,017 test sequences for the mouse genome 

• Available to train simultaneously for human and mouse genome 
 

 

Function prediction of noncoding 
variants using enformer 
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Function prediction of noncoding 
variants using enformer 

The variant rs11644125 is associated with changes in monocyte and lymphocyte blood cell 
counts 

Enformer pre-trained model 

• Pre-trained model https://huggingface.co/EleutherAI/enformer-preview 

• Predict variant impact via Python 
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Enformer pre-trained model 

$ pip install enformer-pytorch>=0.5 
 

from enformer_pytorch import  
Enformer enformer = Enformer.from_pretrained('EleutherAI/enformer-
official-rough’) 
 
$ python test_pretrained.py 
# 0.5963 correlation coefficient on a validation sample 
 
 

Sei (2022) 

• Updated model of DeepSEA as to the training dataset and model 
architecture. 

• Predicting regulatory activity or sequence class of input sequences into 
40 classes 

• Chromatin effect of noncoding variants on 40 sequence classes 
• Training for 21,907 cis-regulatory profiles across 1,300 cell lines and 

tissues from Cistrome, ENCODE and Roadmap Epigenomics projects  
• Classified 21,907 cis-regulatory profiles into 40 sequence classes by 

tissue or cell type and regulatory activity 
 
• Using deep learning model composed of three sequential sections: (1) 

convolutional layers with dual linear and nonlinear paths (2) residual 
dilated convolution layers (3) spatial basis function transformation and 
output layers 
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Sei (2022) 

4-kb length sequence with/without variants, transformed to one-hot encoded matrix  

Probability predictions of 21,907 chromatin features and classifying label of sequence into 40 
classes 

(1) Convolutional network with dual linear and nonlinear paths 
- Linear convolution block: fast and statistically efficient training 
- Nonlinear convolution block: strong representation power and the capability to learn complex 

interaction 
- Nonlinear blocks are stacked on top of linear blocks with residual connection 

(2) Residual dilated convolution layers 
- Dilated convolution further expand receptive fields (kernel sizes), added dilation rate that is 

interval between kernels 
- Enabling the expansion of the receptive field without reducing spatial resolutions 

(3) Spatial basis function transformation and output layers 
- Integrating information across spatial location with much higher efficient than fully connected 

layer 
- Spatial basis enables reducing dimensionality while preserving sequence patterns 
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Chen et al. 2022, Nature Genetics 

Sei (2022) 
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Sei (2022) 

Sei (2022) 

- 16 -



Tutorial 

1. Prioritizing qualifying variants from WGS 
2. Finding noncoding variants from qualifying 

variants 
3. Predicting functional impact of noncoding 

variants using Enformer model 

“Qualifying variants” 

• There is a large number of variants per a genome 
• SNPs: ~3.5 to 5 million 
• Indels: ~500,000  
• SVs: ~2,000 

 

• “Qualifying variants” refer to variants used for 
genetic association test or analysis  
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Two complications in qualifying variants 

• Many false positive calls 
• Raw data of WGS in the genome contains more calls, 

including true positive variants and false positive calls 
• Depends on variant calling algorithm - ~10-50% of false 

positive from a dataset 
• De novo variants - Mendelian violation calls without 

considering quality metrics are ~2,000 per genome 
 

• Defining genetic model for diseases of testing 
 

Variant calling 

• Variant calling   locus     
   

• Joint-call pipeline   locus   
      

 

G A Reference allele Alternative (or variant) allele 
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Variant calling 

G A G A 

sequence read 
Reference Allele G 1

 
Variant Allele A 1  

1:1 50%

Variant calling 

G A G A G G G A A A 

Reference Allele G 4
 

Variant Allele A 4  
4:4  50% 

- 19 -



Variant calling 

G A G A G G G A 

Reference Allele G 4
 

Variant Allele A 2  
4:2 33%

Variant calling 

G A G A G G G A 

   read  ? 
• Read   stochastic process 
• PCR  strand bias     mapping  

,  calling        
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Variant calls needed to be filtered 

• Filtering by quality metrics 
 
• INFO: Variant-level information ,   

   
 
• FORMAT: Genotype-level information ,  

    
 
 

INFO – AN 
Variant   Allele  ? 

• AN (Allele number) 
•  locus    allele   
• AN :     
•   genotype  quality  , 
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INFO – AC, AN 
Variant   Allele  ? 

A 

A 

A 

A 

1 

2 

Chr1:12345 G/A 

INFO – FS, SOR 
Variant   strand   systematic bias

 ? 

https://gatk.broadinstitute.org/hc/en-us/community/posts/360075017111-strand-bias-and-orientation-bias 
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INFO – FS, SOR 
Variant   strand   systematic bias

 ? 
• Strand   allele   2 x 2 contingency 

table   
 

 
 
 
 
 

• FS (FisherStrand): Fisher’s exact test  p-value  
phred scale   
• SOR: odds ratio   

 
 

+ Strand - Strand 

REF X[0][0] X[0][1] 

ALT X[1][0] X[1][1] 

INFO – MQ, MQranksum 
Variant    mapping  

? 
• MQ (RMS Mapping Quality) 
•    read  root mean square 

mapping quality 
•    mapping quality  . 

,    variant calling   
       

 

• MQRanksum 
•   reference allele  alternative allele  

  MQ   z score  , ref  alt 
allele     
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INFO – DP, QD 
Variant    read depth  

? 
• Sequence coverage    

 
• DP (Depth)     -> low-confidence 

call 
 
• DP     -> sequencing  systematic 

bias   
 
• QD: Quality score  depth   

 

Prioritizing qualifying variants from WGS 

• Use Hail .. 
• to qc your WGS dataset 
• to filter high quality variants 
• to filter variants of testing by genetic model 
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Introduction to HAIL 

            is an open-source Python library 
for genomic data manipulation and 

analysis. 

          

• “Parallelization”, ”Scalable", "GWAS" 
• Specifically applied on post-VCF analysis 
• Used with large-scale datasets like gnomAD, 

UKBB, FINJEN, TOPMED and etc… 

Computational Basis of Hail 

Written in python, based on Apache Spark 
 
Can run on Laptop/Desktop, Server, High 
performance cluster (HPC),  Cloud (AWS, GCP…) 
 
Similar to PySpark, but much more specific for 
genomic data 
 
Implements a genomic dataframe ”MatrixTable” 
 
As integrated with Spark, it can leverage SQL 
processing and machine learning algorithms 
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Apache Spark 

1. Hail is an open-source big data framework 
which enbles the parallel processing 

 
1. Written in Scala. can be accessed with 

Java, Python, Scala and R (API). SQL
. 

- Structured Query Language (SQL)  database

3. Big data software  

1. Spark RDD / Dataframe / Dataset 
- Resilient distributed datasets (RDDs)

intermediate dataset API  raw 
data RDD

dataframe  dataset

2. Spark Streaming 
- RDD 

 
3. Spark Machine Learning 
 

Main Features of 
Spark 

What is Apache 
Spark? 

• Hail github ‘build.yaml’  
GCP  hail set up

• Configuration 
• AWS  hail yaml 

set up 
 

- 26 -



MatrixTable: Genomic Dataframe 

( ) 

 

 Data Science Library  DataFrame    
Observation( ) x Variable( ) 2-dimension , 
genomic data (VCF)   . 

�  Hail  MatrixTable  Genomic Dataframe class  . 

MatrixTable  3  Table(=DataFrame)    
  

MatrixTable 

( ) 
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Variant( ) x Variant annotations( ) 
 

The rows table stores row fields that have one value per row 
(variant) like locus, alleles, and variant annotations (e.g. AC, 
AF).  
 

 
Sample( ) x Sample Info( ) 
 

The cols table stores column fields that have one value per 
column (sample), like the sample ID and phenotype 
information(e.g. population, sex, age).  
 

 
Variant, Sample( ) x Genotype fields( )  
 

The entries are a two-dimensional structured matrix that can 
contain genotype fields like GT, DP, GQ, AD, and PL.  
 

 

Computes summary statistics per sample from a genetic 
matrix and  
stores the results as a new column-indexed struct field 

 From depth (DP) & genotype quality (GQ) -> 

stats 
 From genotype (GT) -> following fields 

es summary statis

Filter samples using generated sample QC statistics 
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Quality Control  
Variant level 

Filter variants using generated variant QC 
statistics • GATK filter algorithm 

• Monoallelic variants
• Low complexity region 

•

Computes summary statistics per variant from the genotype 
data and  
stores the results as a new row-indexed struct field 

 From depth (DP) & genotype quality (GQ) -> 

stats 
 From genotype (GT) -> following fields 

es summary sta

Finding noncoding variants from 
qualifying variants 

• Variant annotation: find variant information from 
related databases 
• Genomic positions 
• Genes, transcripts 
• Codon changes 
• Functional scores 

 

• Various tools for variant annotations 
• VEP, ANNOVAR, SNPEFF 
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VEP: Calculated variant consequences 

VEP: Calculated variant consequences 
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VEP: Calculated variant consequences 

• Priority between coding and noncoding regions 
• Variant A is predicted as coding variant on 

transcript A but is predicted as noncoding variant 
on transcript B 
• Coding variants are likely to have strong impact 

than noncoding variants 
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1. Hail       
 

2. Enformer      
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https://colab.research.google.com/drive/1iKCIXNWa50i-SYWfRJIjQmECt-_Pnsbx?usp=sharing
https://colab.research.google.com/drive/1rKo0JN0tbNOUO1bchfeJIS8zvQGy9QRq?usp=sharing



