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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2024 워크샵 오프라인 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.



KSBi-BIML 2024
Bioinformatics & Machine Learning(BIML)

Workshop for Life and Medical Scientists

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



강의 시간표

DAY1 : 2월 24일 (토)

시간
강  의

(자연과학대학 28동 101호)

12:30-12:50 등록

12:50-13:00 공지사항 전달

13:00-14:30
의료빅데이터/인공지능 총론

김헌성 교수(가톨릭대학교)

14:30-14:45 휴식

14:45-16:15
의료영상 인공지능의 이해 및 의료영상 레이블링 실습

백서연 교수(연석대학교)

16:15-16:30 휴식

16:30-18:00
의료 정보처리 자동화 실습 / 독자적인 어플리케이션 만들기

김선근 대표(원닥 주식회사), 서사도 조교

시간
강  의

(자연과학대학 28동 102호)

12:30-12:50 등록

12:50-13:00 공지사항 전달

13:00-14:20

EMR 데이터를 활용한 머신러닝 기반 예후예측: 

Decision Tree-based Models + EMR 샘플 데이터 실습 (MIMIC sample dataset)

고태훈 교수(가톨릭대학교)

14:20-14:40 휴식

14:40-16:00

Chest X-ray 영상을 활용한 딥러닝 기반 폐질환 진단: 

Convolutional Neural Network + 의료영상 샘플 데이터 실습 (NIH Chest X-ray14)

고태훈 교수(가톨릭대학교)

16:00-16:20 휴식

16:20-17:40

심전도 데이터를 활용한 딥러닝 기반 부정맥 탐지: Recurrent Neural Network + 

Transformer + 심전도 샘플 데이터 실습 (MIT-BIH Arrhythmia Database)

 고태훈 교수(가톨릭대학교)



DAY1 : 2월 26일 (월)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50
DNN (이론)

이상근 교수(고려대학교)                                                              

10:50-11:00 휴식

11:00-12:10
CNN (이론)

이상근 교수(고려대학교)

12:10-13:40 점심

13:40-15:10
RNN, ChatGPT, XAI (이론)

이상근 교수(고려대학교)

15:10-15:20 휴식

15:20-16:50
CNN/RNN 모델 구조 정의, 학습 알고리즘 적용, 성능 평가, 시각화 방법 (Tensorflow 실습)

 이정현 조교, 한성민 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Best practice for single-cell data analysis

 박종은 교수(KAIST)

11:00-11:10 휴식

11:10-12:40
Practice1: Scanpy basic workflow

 정성민 조교, 고용준 조교

12:40-14:10 점심

14:10-15:30
Public database, data integration, reference mapping, multiomics

박종은 교수(KAIST)

15:30-15:40 휴식

15:40-16:50
Practice2: Advanced single-cell analysis (siVI universe)

정성민 조교, 고용준 조교



DAY1 : 2월 27일 (화)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50

AI-based protein structure prediction
 - Intro to protein structure prediction

- Early AI-based approaches
 - AlphaFold and RoseTTAFold 

백민경 교수(서울대학교)

10:50-11:00 휴식

11:00-12:10

단백질 구조 예측 실습
- ColabFold를 활용한 단백질 구조 및 상호작용 예측

- Tips &Tricks for better structure modeling
백민경 교수(서울대학교)

12:10-13:40 점심

13:40-15:10

AI-based protein design
- Intro to protein design

- Protein backbone design using RFdiffusion
- Protein sequence design using ProteinMPNN

백민경 교수(서울대학교)

15:10-15:20 휴식

15:20-16:50
단백질 디자인 실습

- RFdiffusion 및 ProteinMPNN의 활용법 실습
백민경 교수(서울대학교)

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Introduction to Single-cell biology

최정민 교수(고려대학교)

11:00-11:10 휴식

11:10-12:40
i. Unsupervised Spatial transcriptome analysis

ii. Tumor Boundary Determination in Spatial Transcriptomics
유광민 조교, 이문영 조교

12:40-14:10 점심

14:10-15:30
i. Deconvolution Analysis Using Single-cell RNA Sequencing and Spatial Transcriptomics

ii. Cell-Cell Interaction Analysis in Spatial Transcriptomics
김지현 조교, 최승지 조교

15:30-15:40 휴식

15:40-16:50

i. Open Chromatin Region Analysis and Biological Interpretation of Using scATAC-seq Dataset
ii. Construction of Gene Regulatory Networks Based on Integrated 

Analysis of scATAC-seq and scRNA-seq Datasets
천하림 조교, 이호진 조교



DAY1 : 2월 28일 (수)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Introduction to Transformers (이론)

전민지 교수 (고려대학교)

11:00-11:10 휴식

11:10-12:40
Introduction to Transformers (실습)

봉현수 조교, 임우택 조교

12:40-14:10 점심

14:10-15:40
Deep learning in Bioinformatics

노미나 교수(한양대학교)

15:40-15:50 휴식

15:50-17:20
Deep learning model을 이용한 실습

박예솔 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50
마이크로바이옴 기본 이론

이선재 교수(GIST)

10:50-11:00 휴식

11:00-12:10
16S rRNA amplicon seq. - DADA2 

조준우 조교, 백재우 조교

12:10-13:40 점심

13:40-14:40
최신 메타지놈 분석 기법의 현황

이선재 교수(GIST)

14:40-14:50 휴식

14:50-16:50
Shotgun metagenome 분석 (Linux)

조준우 조교, 백재우 조교



DAY1 : 2월 29일 (목)

시간
강  의

(자연과학대학 28동 101호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-10:50

화학정보학 기초(Cheminformatics) / 약물특성 및 약물다움(druglikeness)

Molecular Notations &Descriptors / AI 신약개발을 위한 Databases

AI 신약개발을 위한 Programming 기초

김동섭 교수(KAIST)

10:50-11:00 휴식

11:00-12:10

Google Colab에 RDKit 설치 / 화합물 정보 읽기 실습

Bioactivity database 검색 및 정보 읽기 실습

Molecular descriptor (fingerprint) 생성 및 similarity 계산 실습

정수재 조교, 나민주 조교

12:10-13:40 점심

13:40-15:10

AI 신약개발을 위한 기계학습법 기초 / QSAR 모델링 기초 / AI 신약개발을 위한 딥러닝 모델

Virtual screening (ligand-based, structure-based) 및 de novo design

김동섭 교수(KAIST)

15:10-15:20 휴식

15:20-16:50

QSAR modeling 전체 과정 실습/ 화합물의 Bioactivity 예측 모델 개발 

Virtual screening 과정을 통한 신약후보물질 발굴 실습

정수재 조교, 나민주 조교

시간
강  의

(자연과학대학 28동 102호)

09:00-09:20 등록

09:20-09:30 공지사항 전달

09:30-11:00
Single cell multiomics 이론 / Gene regulatory network 이론

김준일 교수(숭실대학교)

11:00-11:10 휴식

11:10-12:40
Seurat/Signac, ArchR, TENET+ 실습

김현규 조교, 정회빈 조교

12:40-14:10 점심

14:10-15:40
롱리드 시퀀싱 소개 및 유전체 조립 실습

김준 교수(충남대학교)

15:40-15:50 휴식

15:50-17:20
변이 분석 및 시각화 실습   

김준 교수(충남대학교)



강의개요

Single-cell Multiomics

다양한 생명 현상을 개별 세포 차원에서 파악하고 이해하기 위해 Single cell genomics 기술이 발

전하고 있으며, 이를 통해 단일 세포 수준의 전사체(transcriptomics), 유전체(genomics), 후성유전

체(epigenomics), 단백체(proteomics) 및 공간 전사체(spatial transcriptomics) 데이터 연구가 활발

히 진행 중이다. 이 강의에서는 R 프로그래밍을 기반으로 scRNA-seq, scATAC-seq 데이터와 10X 

visium 및 xenium을 포함하는 spatial transcriptomics 데이터 분석법을 다룬다. 각 데이터의 특성

과 기본 분석 파이프라인을 소개하며, multi-omics 데이터의 통합적 분석을 통해 세포 간의 다양

성을 확인하고 생물학적 기전을 심층적으로 이해하는 데 목표를 둔다. 

강의 내용은 다음과 같다:

  ⚫ Spatial Transcriptomics, Single cell ATAC-seq 소개

  ⚫ 다양한 단일 세포 유전체 데이터의 전처리(preprocessing) 및 분석

  ⚫ 단일 세포 유전체 데이터를 이용한 deconvolution 및 공간 전사체 데이터를 활용한 세포 간 

상호작용 분석 연구

* 교육생준비물: 

  노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상)

  분석에 필요한 R library packages list를 제공할 예정이니 원활한 강의 진행을 위해 강의 전에 

모두 설치해 오기 바랍니다.

* 강의 난이도: 초급-중급

* 강의: 최정민 (고려대학교 의과학과 의료정보학 교실)

  실습: 천하림, 김지현, 유광민, 이호진, 이문영, 홍주현, 이다준, 최승지
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1. What is R programming? 

What is R and Why R? 

4 

• R is used widely in biological research and provides a solid platform for beginner scientific programmers.  

• It’s free and open-source. 

• It runs on all major operating systems. 

• R is the most common statistics platform in genomics and easy to use. 

- 2 -



Several ways to use R 

5 

Command line Graphical user interface Rstudio 

Rstudio 

6 

Code editor 

R console 

Environment / History 

Other panes 
(Files, Plots, 

Packages, Help) 

Code editor   
    
. 

Ctrl+Enter      
   . 

• Rstudio – Integrated development environment (IDE) for R and python   
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2. Space Ranger 

What is Space Ranger? 

8 

• Space Ranger is a set of analysis pipelines for processing 10X Genomics Visium sequence data (FAST
Q files) with high resolution microscope images of tissue. 

• It maps the transcriptomic reads to the microscope image of the tissue from which the reads were obtain
ed 

• We will introduce spaceranger count pipeline among the 5 pipelines 

- 4 -



Space Ranger Pipelines 

9 

• spaceranger mkfastq  
• spaceranger count  
• spaceranger aggr  
• spaceranger targeted-compare  
• spaceranger targeted-depth  

https://support.10xgenomics.com/spatial-gene-expression/software/pipelines/latest/what-is-space-ranger 

Run sapceranger count command 

10 

# Do not run below 
$cd /home/jdoe/runs 
$spaceranger count --id=sample345 \ #Output directory 
                   --transcriptome=/home/jdoe/refdata/GRCh38-2020-A 
\ #Path to Reference 
                   --fastqs=/home/jdoe/runs/HAWT7ADXX/outs/fastq_path 
\ #Path to FASTQs 
                   --sample=mysample \ #Sample name from FASTQ filename 
                   --image=/home/jdoe/runs/images/sample345.tiff \ #Path 
to brightfield image 
                   --slide=V19J01-123 \ #Slide ID 
                   --area=A1 \ #Capture area 
                   --localcores=8 \ #Allowed cores in localmode 
                   --localmem=64 #Allowed memory (GB) in localmode 

https://support.10xgenomics.com/spatial-gene-expression/software/pipelines/latest/using/count 

• Input : the microscope image (.tiff), FASTQ files(Fastq) 
• Perform : sequence alignment, tissue detection 
• Output : gene-spot matrix 
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Output files of Space Ranger 

11 

read10XVisium Input files 

Output files 

12 

• raw_feature_bc_matrix 

     Dataset having spots that theoretically don’t overlap with tissue 

• filtered_feature_bc_matrix 
     Dataset filtered to the spots overlapping tissue, as determined by Loupe Browser 
     (Visium) alignment file 

• tissue_positions_list.csv 
The spot coordinates information is stored 

• scalefactors_json.json 
Scaling factors that convert spot coordinates to pixel coordinates 

• metrics_summary.csv 
Metrics displayed in the interactive website 

• web_summary.html 
Interactive website 
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3. BayesSpace 

14 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 

BIOINFO 2024 Spatial Transcriptomics 

What is BayesSpace? 

5. Annotation 

• BayesSpace is an useful tool to conduct Spatial clustering analysis 
• It also provides a method to enhance the resolution of each spot by 

generating subspots 
 

• In contrast to existing deconvolution methods using scRNA-seq data, the 
enhanced-resolution modeling of BayesSpace, which approaches single-cell 
resolution with the Visium platform, does not require independent single-cell 
data and allows us to infer the spatial arrangement of subspots. 

Zhao E, Stone MR, Ren X, et al. Spatial transcriptomics at subspot resolution with BayesSpace. Nat Biotechnol. 2021;39(11):1375-1384. doi:10.1038/s41587-021-00935-2 
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15 
Spatial Transcriptomics 

BayesSpace algorithm 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

1. Initial labeling with non-spatial clustering method ex) mclust (Follows Mixture of Gaussian distribution) 

2. Calculate the P(red) for  spot   

3. Considering neighboring spots label and label of  at present, with certain function,  
    calculate P(green), P(blue) for  spot 

4. If P(green) > P(red) or P(blue) > P(red) update the label for  spot, if P(red) > P(green) & 
P(blue) 

5. Repeat step 2~4 for set iteration 

Metropolis–Hastings algorithm 

Zhao E, Stone MR, Ren X, et al. Spatial transcriptomics at subspot resolution with BayesSpace. Nat Biotechnol. 2021;39(11):1375-1384. doi:10.1038/s41587-021-00935-2 

BIOINFO 2024 

16 
Spatial Transcriptomics 

Load data 
# Load 10X Genomics Visium dataset into Seurat 
breast_seurat <- Seurat::Load10X_Spatial( 
    data.dir = 'visium_dataset',  
      filename = 
'CytAssist_FFPE_Human_Breast_Cancer_filtered_feature_bc_matrix.h5', 
      assay = "Spatial", # specify name of the initial assay 
      slice = "slice1", # specify name of the stored image 
      filter.matrix = TRUE,  
      to.upper = FALSE 
    ) 
 # The directory contains the read count matrix H5 file and the image data in a 
subdirectory called `spatial`.  

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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17 
Spatial Transcriptomics 

Load data 
# Explore overall data 
breast_seurat 

BIOINFO 2024 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

18 
Spatial Transcriptomics 

Preprocessing 

The sctransform method models the UMI counts using a regularized negative binomial model to 
remove the variation due to sequencing depth (total nUMIs per cell), while adjusting the variance 
based on pooling information across genes with similar abundances 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

# Data normalization 
breast_seurat <- SCTransform(breast_seurat, assay = "Spatial", verbose = FALSE) 

- 9 -



19 
Spatial Transcriptomics 

Feature selection and Dimension reduction 

# PCA 
breast_seurat <- RunPCA(breast_seurat, assay = "SCT", verbose = FALSE) 
 
# Slim down Seurat obj prior to conversion 
breast_seurat_diet = Seurat::DietSeurat(breast_seurat, graphs = "pca") 
 
# Convert seurat to SCE  
sce = as.SingleCellExperiment(breast_seurat_diet) 
colData(sce) = cbind(colData(sce), breast_seurat@images$slice1@coordinates) 
 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

20 
Spatial Transcriptomics 

Feature selection and Dimension reduction data 
# Explore Col data 
colData(sce) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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21 
Spatial Transcriptomics 

Feature selection and Dimension reduction 
library(BayesSpace) 
sce = spatialPreprocess(sce, platform = "Visium", skip.PCA = T, 
        log.normalize = F) 
 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

22 
Spatial Transcriptomics 

Clustering 
breast_seurat <- RunPCA(breast_seurat, assay = "SCT", verbose = FALSE) 
 
# Selecting the number of clusters 
sce <- qTune(sce, qs=seq(2, 30), d=50) 
qPlot(sce) 
 

We suggest choosing a q around the elbow of this plot. 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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23 
Spatial Transcriptomics 

Visualization of our data 
# Clustering with BayesSpace 
sce = spatialCluster(sce, nrep = 10000, q = 16, d=50) 
breast_sce <- sce 
 
# Visualization of clustered data 
clusterPlot(breast_sce, color="black", size=0.1)+labs(title="BayesSpace") 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

24 
Spatial Transcriptomics 

Enhancing the resolution (1/2)  
# Enhance the resolution of the principal components 
breast.enhanced = spatialEnhance(breast_sce, q=16, d=10,      
        platform="Visium", gamma=2, nrep=1000,    
           verbose=TRUE, save.chain=TRUE,      
       jitter_scale=3.5, jitter_prior=0.3,      
      burn.in=100) 
 
breast.enhanced = readRDS(‘data/20240211_breast_enhanced_dl.rds‘) 
breast_sce 
breast.enhanced 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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25 
Spatial Transcriptomics 

Enhancing the resolution (2/2)  

# Visualization of enhanced data 
clusterPlot(breast.enhanced, color="black", size=0.1) + labs(title="BayesSpace") 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

26 
Spatial Transcriptomics 

Define marker genes for plotting 
markers = list() 
markers[["Tumor"]] = c("TACSTD2", "ERBB2", ESR1', 'PGR', 'FASN') 
markers[["Fibroblast"]] = c("COL1A1") 
markers[["Macrophage"]] = c("CD14", "FCGR1A", "FCGR1B") 
markers[["B-cell"]] = c("CD19", "MS4A1") 
markers[["T-cell"]] = c("CD2", "CD3D", "CD3E", "CD3G", "CD7") 
marker_genes <- c("TACSTD2", "ERBB2", 'ESR1', 'PGR', 'FASN', 'COL1A1’, 'CD14’,  
      'FCGR1A', 'FCGR1B , 'CD19', 'MS4A1', "CD2", "CD3D", "CD3E",  
      "CD3G", "CD7”) 
 
breast.enhanced = enhanceFeatures(breast.enhanced, breast_sce,     
         model="xgboost",feature_names=marker_genes, nrounds=0) 
 
sum_counts = function(sce, features) { 
  if (length(features) > 1) { 
    colSums(logcounts(sce)[features, ]) 
  } else { 
    logcounts(sce)[features, ] 
  } 
} 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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27 
Spatial Transcriptomics 

Define marker genes for plotting 

 
spot_expr = purrr::map(markers, function(xs) sum_counts(breast_sce, xs)) 
enhanced_expr = purrr::map(markers, function(xs)        
     sum_counts(breast.enhanced, xs)) 
plot_expression = function(sce, expr, title){  
    featurePlot(sce, expr, color=NA) +                                                          
 viridis::scale_fill_viridis(option="A")+ 
    labs(title=title, fill="Log-normalized\nexpression") 
} 
 
plot_expression_comparison = function(cell_type){ 
  spot.plot = plot_expression(breast_sce, spot_expr[[cell_type]],"Spot") 
  enhanced.plot = plot_expression(breast.enhanced,       
    enhanced_expr[[cell_type]],"Enhanced") 
  spot.plot + enhanced.plot +  
  plot_annotation(title=cell_type,     
                  theme=theme(plot.title=element_text(size=18))) 
} 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

28 
Spatial Transcriptomics 

Rough cell type check 
p1 = plot_expression_comparison("Tumor") 
p2 = plot_expression_comparison("Fibroblast") 
p3 = plot_expression_comparison("Macrophage") 
p4 = plot_expression_comparison("B-cell") 
p5 = plot_expression_comparison("T-cell") 
cowplot::plot_grid(p1,p2,p3,p4,p5, ncol=2) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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29 
Spatial Transcriptomics 

Find Marker genes for each other 

breast_seurat = Seurat::CreateSeuratObject( 
 counts=logcounts(breast.enhanced), 
 assay='Spatial’, 
 meta.data=as.data.frame(colData(breast.enhanced))) 
breast_seurat = Seurat::SetIdent(breast_seurat, value="spatial.cluster") 
breast_seurat@assays$Spatial@scale.data =  
 breast_seurat@assays$Spatial@data %>%  
 as.matrix %>%  
 t %>%  
 scale %>% t 
 
top_markers = Seurat::FindAllMarkers(breast_seurat, assay='Spatial’,    
        slot='data ,        
        group.by='spatial.cluster’,     
        only.pos=TRUE) %>%  group_by(cluster) %>%  
 top_n(5, avg_log2FC) 
 
head(top_markers,2) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

30 
Spatial Transcriptomics 

Visualize marker genes expression with heatmap 
Seurat::DoHeatmap(breast_seurat, 
                  features = top_markers$gene,  slot="scale.data",  
                  group.by = "spatial.cluster", angle=0, label = FALSE,   
    raster=FALSE) + guides(col = FALSE) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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31 
Spatial Transcriptomics 

Annotate spots for enhanced object 
coldata = colData(breast.enhanced)  
coldata$spatial.cluster.annotation =  
 ifelse(coldata$spatial.cluster %in% c(1, 4, 7, 13), "Immune", 
 ifelse(coldata$spatial.cluster %in%  
 c(2, 5, 6, 8, 9, 10, 14, 15, 16), "Tumor", "Fibroblasts")) 
coldata$spatial.cluster.annotation =  factor(coldata$spatial.cluster.annotation,  
 levels = c("Immune","Tumor","Fibroblasts")) 
colData(breast.enhanced)= coldata 
clusterPlot(breast.enhanced, color="black", size=0.1,  
     label="spatial.cluster.annotation") + labs(title="Annotation") 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 

32 
Spatial Transcriptomics 

Annotate spots for breast_sce object 
coldata = colData(breast_sce)  
coldata$spatial.cluster.annotation =  
 ifelse(coldata$spatial.cluster %in% c(1, 4, 7, 13), "Immune", 
 ifelse(coldata$spatial.cluster %in%  
 c(2, 5, 6, 8, 9, 10, 14, 15, 16), "Tumor", "Fibroblasts")) 
coldata$spatial.cluster.annotation =  factor(coldata$spatial.cluster.annotation,  
 levels = c("Immune","Tumor","Fibroblasts")) 
colData(breast_sce)= coldata 
clusterPlot(breast_sce, color="black", size=0.1,  
     label="spatial.cluster.annotation") + labs(title="Annotation") 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering 5. Annotation 

BIOINFO 2024 
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4. Cell Ranger 

What is Cell Ranger? 

34 

• Cell Ranger is a set of analysis pipelines that process single cell data to align reads, generate feature-ba
rcode matrices, perform clustering and other secondary analysis. 

• We will introduce cellranger count pipeline among the 5 pipelines 

 

 

Cell isolation 

https://www.rna-seqblog.com/wp-content/uploads/2018/08/droplet.png 

Same transcript molecule 

Different transcript molecule 

cellranger count 
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Installing Cell Ranger 

35 

1.  Download and unpack the cellranger-x.y.z.tar.gz tar file in any location. In this example, we unp
ack it in a directory called /opt. 

 

 

2.  Download and unpack proper reference data .tar.gz file in a convenient location 

 

 

3. Pre-pend the Cell Ranger directory to your $PATH 

cd /opt 
tar -xzvf cellranger-3.1.0.tar.gz 

$tar -xzvf refdata-gex-GRCh38-2020-A.tar.gz 

$export PATH=/opt/cellranger-3.1.0:$PATH 

Run cellranger count command 

36 

$cd /home/jdoe/runs 
$cellranger count --id=sample345 \ 
           --transcriptome=/opt/refdata-gex-GRCh38-2020-A \ 
           --fastqs=/home/jdoe/runs/HAWT7ADXX/outs/fastq_path \ 
           --sample=mysample \ 
           --localcores=8 \ 
           --localmem=64 

https://www.10xgenomics.com/support/software/cell-ranger/latest/analysis/running-pipelines/cr-gex-count 

• Input : FASTQ files (Fastq) 

• Perform : sequence alignment 

• Output : gene-expression-matrix 
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Output files of Cell Ranger 

37 

read10X Input files 

Output files 

38 

• raw_feature_bc_matrix 

     Contains all detected barcodes in MEX format. Each element of the matrix is the number of UMIs   
     associated with a feature (row) and a barcode (column). 

• filtered_feature_bc_matrix 
     The filtered gene-barcode matrix excludes barcodes that correspond to background noise.  

• possorted_genome_bam.bam 
     Indexed BAM file containing position-sorted reads aligned to the genome and transcriptome, as well as  
     unaligned reads, annotated with barcode information. 

• web_summary.html 

     Interactive website 
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5. scRNA-seq pre-processing 

Load packages in R environment 

40 

library(Seurat) 
library(scDblFinder) 
library(dplyr) 
library(ggplot2) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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Load a 10X dataset in R 

41 

# Dropbox    ,     . 
 
setwd("~/Downloads/BIML2024") # MAC 
setwd("/Users/LG/Downloads/BIML2024") # Windows 
 
dir <- c("SC3","SC5") 
Breast_sc <- Read10X(data.dir = dir) 
Breast_sc <- CreateSeuratObject(counts = Breast_sc, project = 
"Breast_sc", min.cells = 3, min.features = 200) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

scDblFinder 

42 

set.seed(123) 
 
doublet_ratio <- ncol(Breast_sc@assays$RNA$counts)/1000*0.008 
 
db <- scDblFinder(Breast_sc@assays$RNA$counts, dbr = doublet_ratio) 

Capture 
Droplets 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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scDblFinder 

43 

head(db@colData) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Calculate percent-mt of singlet 

44 

doublet <- row.names(db@colData)[which(db@colData$scDblFinder.class == 
'doublet’)] 
 
Breast_sc <- subset(Breast_sc, cells = doublet, invert = T) 
 
Breast_sc[["percent.mt"]] <- PercentageFeatureSet(object =  Breast_sc, 
pattern = "^MT-") 
 
head(Breast_sc@meta.data) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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Doublets in plot 

45 

VlnPlot(Breast_sc,features = 
c("nFeature_RNA","nCount_RNA","percent.mt"),ncol=3) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Quality control 

46 

 
Breast_sc <- subset(Breast_sc, subset = nCount_RNA > 500 & nCount_RNA 
< 100000 & percent.mt < 25) 
 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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Log normalization 

47 

Breast_sc <- NormalizeData(Breast_sc, normalization.method = 
"LogNormalize", scale.factor = 10000) 
 
Breast_sc@assays$RNA@data[1:10,1:10] 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Feature selection 

48 

Breast_sc <- FindVariableFeatures(Breast_sc, selection.method = "vst", 
nfeatures = 2000) 
 
top10 <- head(VariableFeatures(Breast_sc), 10) 
 
Plot1 <- VariableFeaturePlot(Breast_sc) 
plot2 <- LabelPoints(plot = plot1, points = top10, repel = TRUE) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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Dimension reduction 

49 

all.genes <- rownames(Breast_sc) 
 
Breast_sc <- ScaleData(Breast_sc, features = all.genes) 
 
Breast_sc <- RunPCA(Breast_sc, features = VariableFeatures(object = 
Breast_sc)) 
 
ElbowPlot(Breast_sc, 30) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Clustering 

50 

Breast_sc <- FindNeighbors(Breast_sc, dims = 1:30) 
 
Breast_sc <- FindClusters(Breast_sc, resolution = 0.8) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

SNN graph: the weight of an edge is the number of shared neighbors between vertices given that 
the vertices are connected 

i j 

Shared Near Neighbor Graph 

Link weights are number of Shared Nearest 
Neighbors 

https://web.iitd.ac.in/~bspanda/graphclustering.pdf 
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Visualization of clustering result 

51 

Breast_sc <- RunUMAP(Breast_sc, dims = 1:30) 
 
DimPlot(Breast_sc) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Finding differentially expressed genes 

52 

• "CD8A","CD8B” # CD8+ T cell – Cluster 5 &10 

 

• "IGHG1", "JCHAIN” # Plasma - Cluster 19 

• "CLDN5","VWF","RAMP2" # Endothelial– Cluster 17 &24 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

- 26 -



Annotation 

53 

Breast_sc_meta <- Breast_sc@meta.data 
Breast_sc_meta <- Breast_sc_meta %>% mutate( 
  annotation = ifelse(RNA_snn_res.0.8 %in% c(3, 7), c("CD4+ T cell"), 
               ifelse(RNA_snn_res.0.8 %in% c(5, 10), c("CD8+ T cell"), 
               ifelse(RNA_snn_res.0.8 == c(16), c("B cell"), 
               ifelse(RNA_snn_res.0.8 %in% c(15, 23), c("Myeloid cell"), 
               ifelse(RNA_snn_res.0.8 == c(19), c("Plasma cell"), 
               ifelse(RNA_snn_res.0.8 %in% c(17, 24), c("Stromal cell"), 
               ifelse(RNA_snn_res.0.8 %in% c(0, 1, 2, 4, 6, 8, 9, 11, 13, 
14, 18, 22), c("Invasive"),  
               ifelse(RNA_snn_res.0.8 == c(20), c("DCIS #1"), 
               ifelse(RNA_snn_res.0.8 == c(12), c("DCIS #2"), 
               ifelse(RNA_snn_res.0.8 == c(21), c("DCIS #3"),  
     "Others"))))))))))) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 

Annotation visualization 

54 

table(Breast_sc_meta$annotation) 
 
Breast_sc <- AddMetaData(Breast_sc, Breast_sc_meta) 
 
Breast_sc = SetIdent(Breast_sc, value = "annotation") 
 
Breast_sc$annotation <- factor(Breast_sc$annotation) 

1. Load data 2. Preprocessing 3. Feature selection / Dimension reduction 4. Clustering / Annotation 
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Load a Visium dataset in R 

55 

## renamed CytAssist_FFPE_Human_Breast_Cancer_filtered_feature_bc_matrix.h5 into 
filtered_feature_bc_matrix.h5 
 
breast_visium = Load10X_Spatial("./Raw_file/visium/", 
    filename = "filtered_feature_bc_matrix.h5") 

1. Load data 2. Preprocessing 

Preprocessing of Visium 

56 

breast_visium = SCTransform(breast_visium, assay = "Spatial", 
   verbose = FALSE) 
breast_visium = RunPCA(breast_visium, assay = "SCT", verbose = FALSE) 
breast_visium = FindNeighbors(breast_visium, reduction = "pca", 
   dims = 1:30) 
breast_visium = FindClusters(breast_visium, verbose = FALSE) 
breast_visium = RunUMAP(breast_visium, reduction = "pca", 
   dims = 1:30) 
 
# saveRDS(breast_visium, "./object/Biml2024_Breast_singlecell.rds") 

1. Load data 2. Preprocessing 
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Remove all objects before starting next chapter 

• Clear objects from the workspace. 

# clean up memory in R 
 
gc() 

57 

6. Deconvolution Analysis 
- RCTD 
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Spatial Transcriptomics Analysis 

59 

Purpose and limitation 
Purpose Discovery of cell-type-specific spatial patterns of localization and expression. 

Limitation Individual measurements may contain contributions from multiple cells in Visium. 

Robust Cell Type Decomposition (RCTD) process 

0.4 0.1 0.04 0.3 … 

0.8 0.01 0.1 0.02 … 

0.01 0.88 0.01 0.08 … 

0.02 0.2 0.6 0.12 … 

0.3 0.4 0.25 0.01 … 

[2] Spatial deconvolution 

CD8+ T Cell 

Invasive 

Myeloid cell 

Invasive 

… 

Spot1 

[1] Spatial mapping 

Analysis types 
Spatial Mapping One representative cell type is assigned to individual spot. 

-> For cell-cell interaction downstream analysis 
Spatial deconvolution Proportions of multiple cell types is assigned to individual spot. 

Spot2 

Spot3 

Spot4 

Spot1 

Spot2 

Spot3 

Spot4 

Myeloid cell Invasive CD4+ T Cell CD8+ T Cell … 

60 
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RCTD algorithm 

RCTD process 
1 Calculate single-cell reference cell type means 

2 Creates a spatial map of cell types by fitting each spatial transcriptomics pixel as a linear combination of individ
ual cell types 

3 Fitting a statistical model where the observed gene counts Yi,j (pixel i and gene j) are assumed to be Poisson dis
tributed 

4 To account for platform effects, we assume that λi,j is a random variable 

5 Maximum-likelihood estimation (MLE) to infer the cell type proportions, βi,k 

61 

RCTD model 

Model counts with hierarchical model (Pixel I, Cell type K, Gene j) 
Yi,j The observed gene expression counts 

λi,j Random variable to account for platform effects 

μk,j The mean gene expression profile for cell type k 

γj A gene-specific platform random effect  

εi,j A random effect to account for gene-specific overdispersion. 

αi A fixed pixel-specific effect 

Goal Estimate the βi,k’s, which represent the cell type or cell types present 
in each pixel i 
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Load RCTD input reference dataset (single cell) 

# Dropbox    ,     . 
 
setwd("~/Downloads/BIML2024") # MAC 
setwd("/Users/LG/Downloads/BIML2024") # Windows 
 
Breast_sc <- readRDS("./object/Biml2024_Breast_singlecell.rds") 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

63 

Prepare single cell dataset for RCTD input 
counts_sc = Breast_sc$RNA@counts 
 
annotation_sc  = Breast_sc$annotation 
names(annotation_sc) = rownames(Breast_sc@meta.data) 
annotation_sc = as.factor(annotation_sc) 

Features 

Spots 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 
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Prepare single cell dataset for RCTD input 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

nUMI_sc = Breast_sc@meta.data$nCount_RNA 
names(nUMI_sc) = rownames(Breast_sc@meta.data) 
 
reference = Reference(counts_sc, annotation_sc, nUMI_sc) 
gc() 
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Process spatial dataset for RCTD input 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

breast_visium = readRDS("./object/Biml2024_Breast_visium.rds") 
 
coords_visium = breast_visium@images$slice1@coordinates[,c("col","row")] 
 
counts_visium = breast_visium@assays$Spatial@counts 
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Spatial Transcriptomics Analysis 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

nUMI_visium = colSums(counts_visium) 
 
query = SpatialRNA(coords_visium, counts_visium, nUMI_visium) 
gc() 
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Run RCTD in doublet mode 

Analysis mode 
Doublet Fits at most two cell types per pixel 
Full No restrictions on number of cell types, recommended for low spatial resolution 

technologies such as Visium 
Multi Finitely many cell types per pixel, e.g. 3 or 4. 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

RCTD = create.RCTD(query, reference, max_cores = 8) 
# RCTD = run.RCTD(RCTD, doublet_mode = 'doublet’) 
RCTD = readRDS("./Biml2024_Breast_RCTD.rds") 
RCTD_results = RCTD@results$results_df 
breast_visium = AddMetaData(breast_visium, metadata = RCTD_results) 
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Process RCTD decomposed file 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

breast_visium = SetIdent(breast_visium, value="first_type") 
table(breast_visium$first_type) 
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Breast spatial map of predicted cell type by RCTD 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

breast_visium <- subset(breast_visium, first_type %in%  
     names(table(breast_visium$first_type))) 
breast_visium$first_type <- factor(breast_visium$first_type) 
SpatialDimPlot(breast_visium) 
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Spatial map of predicted cell type by RCTD (1) 

Cancer types 
DCIS low-grade and high-grade ductal carcinoma in situ 

Invasive invasive carcinoma 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

SpatialDimPlot(breast_visium, 
 cells.highlight = CellsByIdentities(object = breast_visium, 
 idents = c('DCIS #1','DCIS #2','Invasive’)), 
 facet.highlight = TRUE, ncol = 3) 
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Spatial map of predicted cell type by RCTD (2) 

Process single cell for RCTD input Process spatial for RCTD input Run RCTD Process output for deconvolution 

SpatialDimPlot(breast_visium, cells.highlight = CellsByIdentities(object 
= breast_visium, 
idents = c('CD4+ T cell', 'B cell', 'Myeloid cell',  'Plasma cell', 
'Stromal cell’)), 
facet.highlight = TRUE, ncol = 3) 
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Remove all objects before starting next chapter 

• Clear objects from the workspace. 

# clean up memory in R 
 
gc() 

73 

7. Cell-cell interaction analysis 
- Cellchat 
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What is CellChat? 

75 

CellChat is a useful tool to quantitatively infer and analyze intercellular communication networks from 
single-cell RNA-sequencing data and spatial transcriptomics data. 

Requires gene expression and spatial location data of spots/cells as the user input and models the proba
bility of cell-cell communication by integrating gene expression with spatial distance as well as prior knowled
ge of the interactions between signaling ligands, receptors and their cofactors. 

JIN, Suoqin, et al. Inference and analysis of cell-cell communication using CellChat. Nature communications, 2021, 12.1: 1-20. 
https://htmlpreview.github.io/?https://github.com/sqjin/CellChat/blob/master/tutorial/CellChat_analysis_of_spatial_imaging_data.html 

Load data 

76 

# Load cell type annotated visium data and visualization 
visium.breast = readRDS("./object/Biml2024_Breast_visium_final.rds") 
 
visium.breast$first_type = factor(visium.breast$first_type, 

levels = c("B cell", "CD4+ T cell",  "DCIS #1", "DCIS #2",  
  "Myeloid cell", "Plasma cell", "Stromal cell", "Invasive")) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Load data 

77 

Idents(visium.breast) = visium.breast$first_type 
colors = scPalette(nlevels(visium.breast)) 
names(colors) = c("B cell", "CD4+ T cell",  "DCIS #1", "DCIS #2", 
     "Myeloid cell", "Plasma cell", "Stromal cell", "Invasive") 
 
SpatialDimPlot(visium.breast, label = F, cols = colors) 

There are many myeloid cells and stromal cells around the tumor. 
 
We focus on the cell-cell interaction that occurs in the tumor layer. 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Cottrazm to delineate tumor boundary 

Cottrazm process 

1 Cottrazm initially normalizes ST gene expression data based on neighboring spot information and 
morphological distances of HE-staining images. 

2 Immune-related signatures are used to score spots and select reference cluster. 

3 InferCNV are used to assess CNV level for remained spots 

4 Annotate malignant cluster 

5 Find neighbor spots of tumor core 

6 Decide malignant spots (Mal), boundary spot (Bdy), and  non-malignant spots (nMal) 

Reconstruction of the tumor spatial microenvironment along the malignant-boundary-nonmalignant axis 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Load data 
# Please see visium_cottrazm_script.R to run cottrazm 
# Load tumor annotated visium data 
visium.tumor = readRDS("./R_object/BIML2024_Breast_visium_TumorST.rds") 
visium.tumor = subset(visium.tumor, nCount_Spatial > 100) 
table(visium.tumor@meta.data$tumor_annotation) 

We only need the boundary cells of the tumor and their layers. 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Load data 
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# Subset only tumor boundaries 
visium.breast@meta.data$tumor_annotation = 
visium.tumor@meta.data$tumor_annotation  
 
Idents(visium.breast)= visium.breast@meta.data$tumor_annotation 
visium.boundary = subset(visium.breast, idents = "Bdy") 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Load data 

81 

Idents(visium.boundary)= visium.boundary@meta.data$tumor_annotation 
names(colors) = "Bdy" 
 
SpatialDimPlot(visium.boundary, label = F, cols = colors)  

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Load data 
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Histology image &  
UMAP & t-SNE 

Manual 
Annotation 

of spots 

https://support.10xgenomics.com/spatial-gene-
expression/software/visualization/latest/analysis 

• Loupe Browser is a desktop application from 10x Genomics that allows to visualize gene expression 
data without having to write code. 
 

• Align gene expression spots to histological images, look for marker gene expression, annotate 
populations, and cluster. 
 

• The .cloupe file is the one that need to import into the Loupe Browser. 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Load data 

83 

Manually annotate the tumor layer using the Loupe browser. 

# Load layer annotated Loupe Browser data 
loupe.data = read.csv("./Raw_file/LoupeBrowser/layer_annotation.csv",  
      header = T, row.names = 1) 
table(loupe.data$layer_annotation) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Load data 
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# Subset only tumor boundaries and layers 
visium.breast@meta.data = merge(visium.breast@meta.data, loupe.data,  
       by = "row.names") 
 
row.names(visium.breast@meta.data) = visium.breast@meta.data$Row.names 
 
Idents(visium.breast) = visium.breast@meta.data$layer_annotation 
 
tumor.bdy = subset(visium.breast, nCount_Spatial > 100,  
      idents = c(“Bdy", “Layer")) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Visualization of our data 

85 

There are 8 cell types from our final tumor boundary data. 

Idents(tumor.bdy) = tumor.bdy$first_type 
 
names(colors) = c("B cell", "CD4+ T cell",  "DCIS #1", "DCIS #2", 
     "Myeloid cell", "Plasma cell", "Stromal cell", "Invasive") 
 
SpatialDimPlot(tumor.bdy, label = F, cols = colors) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Prepare input data for CellChat analysis 

86 

data.input = GetAssayData(tumor.bdy, slot = "data", assay = "SCT") 
meta = data.frame(labels = Idents(tumor.bdy),  
   row.names = names(Idents(tumor.bdy))) 
 
# check the cell labels 
unique(meta$labels) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Load spatial imaging information 

87 

# Load spatial imaging information to get the spot information 
spatial.locs = GetTissueCoordinates(tumor.bdy, scale = NULL,  
                                    cols = c("imagerow", "imagecol"))  
 
scale.factors = jsonlite::fromJSON(txt =   
 "./Raw_file/visium/spatial/scalefactors_json.json") 
 
scale.factors = list(spot.diameter = 65,  
                     spot = scale.factors$spot_diameter_fullres,  
                     fiducial = scale.factors$fiducial_diameter_fullres,  
                     hires = scale.factors$tissue_hires_scalef,  
                     lowres = scale.factors$tissue_lowres_scalef) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Create a CellChat object 

88 

# Create a CellChat object for the downstream analysis 
cellchat = createCellChat(object = data.input,  
                          meta = meta,  
                          group.by = "labels",  
                          datatype = "spatial",  
                          coordinates = spatial.locs,  
                          scale.factors = scale.factors) 
cellchat 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Set the ligand-receptor interaction database 

89 

CellChatDB : Manually curated database of literature-supported ligand-receptor interactions in both human 
and mouse. 
 
Since our toy data is a human breast 10x visium data, we load CellChatDB.human. 
 
Xenium In Situ Datasets : 313 genes chosen to explore a Xenium In Situ dataset from human breast cancer 
FFPE section. 

# Load CellChat DB 
CellChatDB = CellChatDB.human 
cellchat.gene = as.data.frame(CellChatDB.human$geneInfo$Symbol) 
colnames(cellchat.gene) = "gene” 
 
# Load Xenium gene panel 
xenium.gene =   
 read.csv("./Raw_file/xenium/Xenium_FFPE_Human_Breast_Cancer_Rep1_gene_group
s.csv") 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Set the ligand-receptor interaction database 

90 

# Filter CellChat DB by Xenium gene 
overlap.gene = merge(cellchat.gene, xenium.gene, by = "gene") 
 
CellChatDB$interaction =  
 CellChatDB$interaction[CellChatDB$interaction$ligand %in% overlap.gene$gene 
  & CellChatDB$interaction$receptor %in% overlap.gene$gene,] 
 
cellchat@DB = CellChatDB 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Preprocessing of the expression data for cell-cell 
communication analysis 

91 

# Subset the expression data of signaling genes for saving computation cost 
cellchat = subsetData(cellchat) 
 
# Identify over-expressed ligands or receptors in one cell group  
cellchat = identifyOverExpressedGenes(cellchat) 
 
# Identify over-expressed ligand-receptor interactions if either ligand or receptor is over-expressed 
cellchat = identifyOverExpressedInteractions(cellchat) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Compute the communication probability and infer 
cellular communication network 

92 

# Infers the biologically significant cell-cell communication with permutation test 
cellchat = computeCommunProb(cellchat, type = "triMean", distance.use = TRUE, 
     interaction.length = 200, scale.distance = 0.1) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Compute the communication probability and infer 
cellular communication network 

93 

# Check the number of spots of a cell type 
cellchat@meta$labels %>% table() %>% sort() 
 
# Filter cell-cell communication if there are only few number of spots in certain cell types 
cellchat = filterCommunication(cellchat, min.cells = 10) 
     interaction.length = 200, scale.distance = 0.1) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Compute the communication probability and infer 
cellular communication network 

94 

# Calculate the aggregated cell-cell communication network 
cellchat = aggregateNet(cellchat) 
 
#saveRDS(cellchat, file = './object/Bioinfo2023_Breast_CellChat.rds') 
 
# read RDS file if computeCommunProb() takes too much time (optional) 
cellchat = readRDS(‘./object/Bioinfo2023_Breast_CellChat.rds’) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

- 47 -



Visualization of the aggregated cell-cell communication 
network 

95 

netVisual_circle(cellchat@net$count, vertex.weight = 
rowSums(cellchat@net$count),  

  sources.use =  c("Stromal cell", "Myeloid cell"), 
  targets.use = c("DCIS #1", "DCIS #2", "Invasive"),  
  title.name = "Number of interactions") 

 
netVisual_circle(cellchat@net$weight, vertex.weight = 
rowSums(cellchat@net$weight),  

  sources.use =  c("Stromal cell", "Myeloid cell"),  
  targets.use = c("DCIS #1", "DCIS #2", "Invasive"),  
  title.name = "Interaction weights/strength") 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

Identify ligand-receptor pairs between cell types 
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CXCL12 – CXCR4 

CellChat::netVisual_bubble(cellchat,  
 sources.use = c("Stromal cell", "Myeloid cell"),     
 targets.use = c("DCIS #1", "DCIS #2", "Invasive"),    
 remove.isolate = FALSE, angle.x = 90, thresh = 0.05) +    
 coord_flip() 

Load data Preprocessing Inference of cell-cell communication network Visualization network 
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Compute the network centrality scores 

97 

Visualize the computed centrality scores using heatmap, allowing ready identification of major signaling 
roles of cell groups. 

https://github.com/jinworks/CellChat 

# Compute the network centrality scores 
cellchat = netAnalysis_computeCentrality(cellchat, net.name = "CXCL12-CXCR4") 
 
# Visualize the centrality score 
netAnalysis_signalingRole_network(cellchat, signaling = "CXCL12-CXCR4",  
                                  width = 8, height = 2.5, font.size = 10) 

Load data Preprocessing Inference of cell-cell communication network Visualization network 

8. Xenium in situ 
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Differences between Visium and Xenium 

10x Visium 10x Xenium 
Number of genes Tens of thousands Hundreds to thousands 

Spatial resolution Lower resolution 
(~55μm) 

Higher subcellular resolution 
(~200nm) 

Cell-cell boundaries Not defined Defined with cellular 
segmentation 

https://support.10xgenomics.com/spatial-gene-expression/software/pipelines/latest/rkit 
https://www.10xgenomics.com/platforms/xenium 

Visium & Xenium Loading dataset and Processing Visualization 
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Load and preprocess the dataset 
# Load the Xenium data 
s1r1 = 
LoadXenium('Raw_file/xenium/Xenium_FFPE_Human_Breast_Cancer_Rep1_outs', 
fov = 'fov') 
 
# Remove cells with 0 counts 
S1r1 = subset(s1r1, subset = nCount_Xenium > 0) 
 
# Add metadata 
s1r1@meta.data$cells = 'cells' 

https://cdn.10xgenomics.com/image/upload/v1694469210/support-documents/CG000584_Xenium_Analyzer_UserGuide_RevC.pdf 

Visium & Xenium Loading dataset and Processing Visualization 
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Intercellular communication inferred by cellchat 

• Myeloid / Stromal cells - tumor cells (CXCL12 - CXCR4, PTN - SDC4) 

Visium & Xenium Loading dataset and Processing Visualization 
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Visualize the expression level of CXCL12 and CXCR4 
# Plot the positions of CXCL12 and CXCR4 
ImageDimPlot(s1r1, fov = "fov", molecules = c("CXCL12", "CXCR4"), 
group.by = 'cells', nmols = 20000) 
 
# Visualize the expression level of CXCL12 and CXCR4 
ImageFeaturePlot(s1r1, features = c("CXCL12", "CXCR4"), max.cutoff = 
c(15, 3), size = 0.5, cols = c("white", "red")) 

Invasive 

DCIS #2 

CXCL12 

DCIS #1 

CXCR4 

Visium & Xenium Loading dataset and Processing Visualization 
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Visualize the expression level of PTN and SDC4 
# Plot the positions of PTN and SDC4 
ImageDimPlot(s1r1, fov = "fov", molecules = c("PTN", "SDC4"), group.by = 
'cells', nmols = 20000) 
 
# Visualize the expression level of PTN and SDC4 
ImageFeaturePlot(s1r1, features = c("PTN", "SDC4"), max.cutoff = c(8, 8), 
size = 0.5, cols = c("white", "red")) 

DCIS #1 

PTN SDC4 

Visium & Xenium Loading dataset and Processing Visualization 
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Zoom in on the PTN – SDC4 binding area 
# Increase your RAM usage (8GB) 
options(future.globals.maxSize = 8000 * 1024^2) 
 
# Define cropped area 
cropped.coords = Crop(s1r1[["fov"]], x = c(3850, 4900), y = c(6150, 
7000), coords = "plot") 
s1r1[["zoom"]] = cropped.cords 
 
# Visualize cropped area with cell segmentations & selected molecules 
DefaultBoundary(s1r1[["zoom"]]) = "segmentation" 
ImageDimPlot(s1r1, fov = "zoom", axes = TRUE, border.color = "white", 
border.size = 0.1, cols = "polychrome", coord.fixed = FALSE, molecules = 
c("PTN", "SDC4"), nmols = 10000, group.by = 'cells') 

DCIS #1 

PTN   SDC4 

Visium & Xenium Loading dataset and Processing Visualization 
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Visualize RNA transcript localization in tissue using 
Xenium Explorer 

Raw_file/xenium/Xenium_FFPE_Human_Breast_Cancer_Rep1_outs/
experiment.xenium 

10x genomics Xenium Explorer 

Visium & Xenium Loading dataset and Processing Visualization 
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Visualize RNA transcript localization in tissue using 
Xenium Explorer 

DCIS #1 DCIS #1 

PTN SDC4 

PTN   
SDC4 

Visium & Xenium Loading dataset and Processing Visualization 
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9. ArchR 

What is scATAC-seq and why is it used? 

https://www.sc-best-practices.org/_images/mechanisms_overview.png 

� Gene expression control is orchestrated by a complex interplay of regulatory mechanisms, including 
DNA methylation, histone modifications, and transcription factor activity. 
 

� Chromatin accessibility predominantly mirrors a cell's overall regulatory state, providing supplementary 
information to mRNA levels, which delineate cell identity. 
 

� Moreover, delving into chromatin accessibility profiles offers further understanding of gene regulatory 
mechanisms and cellular differentiation processes that may not be fully elucidated by single-cell RNA 
sequencing data. 

Buenrostro, Jason D., et al. Nature methods (2013) 
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Several tools for the scATAC-seq data analysis 

109 

What is ArchR? 

� ArchR is a comprehensive software suite for end-to-end analysis of single-cell chromatin 
accessibility that will accelerate the understanding of gene regulation at the resolution of individual 
cells. 
 

� Enabling the analysis of over 1.2 million single cells within 8 h on a standard Unix laptop 

https://github.com/GreenleafLab/ArchR?tab=readme-ov-file 
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Why ArchR? 

� ArchR provides features and enables analyses that other tools do not: 
 

� ArchR is faster and uses less memory than other available tools due to heavy optimization of the data 
structures and parallelization methods that form the basis of the ArchR software. 

https://www.archrproject.com/bookdown/why-use-archr.html 

111 

Installation of ArchR 
� Visit https://github.com/choilab-hr/KSBI_BIML_2024/tree/main/03_scATAC_seq/ArchR 

 
� ArchR is designed to be run on Unix-based operating systems such as macOS and linux. ArchR is NOT 

supported on Windows or other operating systems. 
 

� ArchR installation currently requires devtools and BiocManager for installation of GitHub and 
Bioconductor packages. 
 

First, install devtools (for installing GitHub packages) if it isn’t already installed: 
 
 
Then, install BiocManager (for installing bioconductor packages) if it isn’t already installed: 
 
 
Then, install ArchR: 
 
 
 
Install all of the ArchR dependencies that arent installed by default: 
 
 
 
Set a working directory variable for the session: 

if (!requireNamespace("devtools", quietly = TRUE)) install.packages("devtools") 

if (!requireNamespace("BiocManager", quietly = TRUE)) install.packages("BiocManager") 

devtools::install_github("GreenleafLab/ArchR", ref="master", repos = 
BiocManager::repositories()) 

library(ArchR) 
ArchR::installExtraPackages() 

biml_dir <- ‘your/directory' 
setwd(biml_dir) 112 
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Load ArchR and Download tutorial data 

library(ArchR) 
set.seed(2024) 

First, load ArchR and set a random seed. 

((ncore <- parallel::detectCores())) # 10 
addArchRThreads(threads = ncore-2)  

Set the default number of threads for parallelized operations in ArchR functions. 

inputFiles <- getTutorialData("Hematopoiesis") 
inputFiles 

Get tutorial data for the session. 

Lastly, add a reference genome annotation for ArchR. 
addArchRGenome("hg19") 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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Creating Arrow files 
Now we will create our Arrow files which will take 10-15 minutes. For each sample, this step will: 
 

1. Read accessible fragments from the provided input files. 
 

2. Calculate quality control information for each cell (i.e. TSS enrichment scores and nucleosome 
info). 
 

3. Filter cells based on quality control parameters. 
 

4. Create a genome-wide TileMatrix using 500-bp bins. 
 

5. Create a GeneScoreMatrix using the custom geneAnnotation that was defined when we 
called addArchRGenome(). 

ArrowFiles <- createArrowFiles( 
  inputFiles = inputFiles, 
  sampleNames = names(inputFiles), 
  filterTSS = 4, #Dont set this too high because you can always increase later 
  filterFrags = 1000,  
  addTileMat = TRUE, 
  addGeneScoreMat = TRUE 
) 
 
ArrowFiles 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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What is an Arrow file? 
� The base unit of an analytical project in ArchR is called an Arrow file. 

https://www.archrproject.com/bookdown/what-is-an-arrow-file-archrproject.html 

� Each Arrow file stores all of the data associated with an individual sample (i.e. metadata, accessible 
fragments, and data matrices). 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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What is an ArchRProject? 
� More explicitly, an Arrow file is not an R-language object that is stored in memory but rather an HDF5-

format file stored on disk. 
 

� Because of this, we use an ArchRProject object to associate these Arrow files together into a single 
analytical framework that can be rapidly accessed in R. This ArchRProject object is small in size and is 
stored in memory. 

https://www.archrproject.com/bookdown/what-is-an-arrow-file-archrproject.html 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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After the creation of Arrow files 

Per samples’ Arrow file Per samples’ Quality Control results 

We are now ready to tidy up these Arrow files and then create an ArchRProject. 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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Quality Control of scATAC-seq data 
� In ArchR, three characteristics are considered for the quality control. 

 
1. The number of unique nuclear fragments (i.e. not mapping to mitochondrial DNA). 

 
2. The signal-to-background ratio. Low signal-to-background ratio is often attributed to dead or dying 

cells which have de-chromatinzed DNA which allows for random transposition genome-wide. 
 

3. The fragment size distribution. Due to nucleosomal periodicity, we expect to see depletion of 
fragments that are the length of DNA wrapped around a nucleosome (approximately 147 bp). 

 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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Doublet Inference with ArchR 

https://www.archrproject.com/bookdown/how-does-doublet-identification-work-in-archr.html 

1. Synthesize in silico doublets from the data by mixing the reads from thousands of combinations of 
individual cells. 
 

2. Project these synthetic doublets into the UMAP embedding and identify their nearest neighbor. 
 

3. Identify “cells” in our data whose signal looks very similar to synthetic doublets. 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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Inferring scATAC-seq Doublets with ArchR 

doubScores <- addDoubletScores( 
  input = ArrowFiles, 
  k = 10, #Refers to how many cells near a "pseudo-doublet" to count. 
  knnMethod = "UMAP", #Refers to the embedding to use for nearest neighbor search. 
  LSIMethod = 1 
) 

One simple function infers scATAC-seq Doublets. 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 
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Creating an ArchRProject 

proj <- ArchRProject( 
  ArrowFiles = ArrowFiles,  
  outputDirectory = "2024_BIML_archR", 
  copyArrows = TRUE #This is recommened so that if you modify the Arrow files you 
have an original copy for later usage. 
) 

� An ArchRProject allows us to group multiple Arrow files together into a single project. 

getAvailableMatrices(proj) 

Which data matrices are available within the ArchRProject? 

proj <- filterDoublets(ArchRProj = proj) 
paste0("Memory Size = ", round(object.size(proj) / 10^6, 3), " MB") 

Filter putative doublets. This doesn’t physically remove data from the Arrow files but rather tells 
the ArchRProject to ignore these cells for downstream analysis. 
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Saving and Loading an ArchRProject 

saveArchRProject(ArchRProj = proj, outputDirectory = "Save-Proj", load = FALSE) 
� It is crucial to save the ArchRProject after executing functions that require high computing power. 

This will copy the Arrow files and save a .RDS file of the proj ArchRProject object in the 
specified outputDirectory. 

LoadedProj <- loadArchRProject(paste0(biml_dir, '/Save-Proj’)) 
rm(LoadedProj) 

To load an ArchRProject: 
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Load ArchRProject before the downstream 
analysis – “Optional” 

biml_dir 

If you have not followed the previous steps, don’t worry. We provide ArchRProjcet file for the toturial. 

First, check the biml_dir. 

proj <- loadArchRProject(paste0(biml_dir, '/Save-Proj')) 

If there’s no biml_dir, set them as following. 
biml_dir <- 'your/directory' 

Load an ArchRProject 
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Dimensionality reduction of scATAC-seq data 

proj <- addIterativeLSI(ArchRProj = proj, useMatrix = "TileMatrix", name = "IterativeLSI") 
 
# saveArchRProject(ArchRProj = proj, outputDirectory = "01_Dimensionality_reduction", load 
= FALSE) 
# proj <- loadArchRProject(paste0(biml_dir, '/01_Dimensionality_reduction')) 

An iterative LSI dimensionality reduction via the addIterativeLSI() function. 
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Clustering with ArchR and Seurat 

proj <- addClusters( 
    input = proj, 
    reducedDims = "IterativeLSI", 
    method = "Seurat", 
    name = "Clusters", 
    resolution = 0.8 
) 
 
# saveArchRProject(ArchRProj = proj, outputDirectory = "02_Clustering", load = 
FALSE) 
# proj <- loadArchRProject(paste0(biml_dir, '/02_Clustering')) 

Using the graph clustering approach implemented by Seurat::FindClusters(), clustering is 
performed. 
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Visualization in a Two-dimensional space 

proj <- addUMAP(ArchRProj = proj, reducedDims = "IterativeLSI") 
 
# UMAP colored by the Sample 
p1 <- plotEmbedding(ArchRProj = proj, colorBy = "cellColData", name = "Sample", 
embedding = "UMAP") 
 
# UMAP colored by the Clusters 
p2 <- plotEmbedding(ArchRProj = proj, colorBy = "cellColData", name = "Clusters", 
embedding = "UMAP") 
ggAlignPlots(p1, p2, type = "h") 
 
# Save a plot 
plotPDF(p1,p2, name = "Plot-UMAP-Sample-Clusters.pdf", 
        ArchRProj = proj, addDOC = FALSE, width = 5, height = 5) 
 
# saveArchRProject(ArchRProj = proj, outputDirectory = "03_UMAP", load = FALSE) 
# proj <- loadArchRProject(paste0(biml_dir, '/03_UMAP')) 

Visualization of single cell in a Two-dimensional UMAP space. 
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Visualization in a Two-dimensional space 

proj <- addTSNE(ArchRProj = proj, reducedDims = "IterativeLSI", name = "TSNE") 
 
# UMAP colored by the Sample 
p1 <- plotEmbedding(ArchRProj = proj, colorBy = "cellColData", name = "Sample", 
embedding = "TSNE") 
 
# UMAP colored by the Clusters 
p2 <- plotEmbedding(ArchRProj = proj, colorBy = "cellColData", name = "Clusters", 
embedding = "TSNE") 
ggAlignPlots(p1, p2, type = "h") 
 
# Save a plot 
plotPDF(p1,p2, name = "Plot-TSNE-Sample-Clusters.pdf", 
        ArchRProj = proj, addDOC = FALSE, width = 5, height = 5) 

Visualization of single cell in a Two-dimensional tSNE space. - Optional 
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Identifying Marker genes for each cluster 

# Do not run below 
# markersGS <- getMarkerFeatures( 
#   ArchRProj = proj,  
#   useMatrix = "GeneScoreMatrix",  
#   groupBy = "Clusters", 
#   bias = c("TSSEnrichment", "log10(nFrags)"), 
#   testMethod = "wilcoxon" 
# ) 
# saveRDS(markersGS, file = paste0(biml_dir, '/2024_BIML_markerGS.rds')) # Optional 
# Run below for the downstream tutorial 
markersGS <- readRDS(file = paste0(biml_dir, '/2024_BIML_markerGS.rds')) 

This function returns a SummarizedExperiment object containing relevant information on the marker 
features identified. 
 
Get the marker genes for the Cluster 6 

This function takes several minutes depending on the computational resource. 

markerList <- getMarkers(markersGS, cutOff = "FDR <= 0.01 & Log2FC >= 1.25") 
markerList$C6 
markerList$C6 %>% as.data.frame() %>% dplyr::arrange(desc(Log2FC)) %>% 
dplyr::pull(name) %>% head(10) 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 

128 

- 64 -



Visualize Gene scores - Heatmap 

markerGenes  <- c( 
  "CD34", #Early Progenitor 
  "GATA1", #Erythroid 
  "PAX5", "MS4A1", "EBF1", "MME", #B-Cell Trajectory 
  "CD14", "CEBPB", "MPO", #Monocytes 
  "IRF8",  
  "CD3D", "CD8A", "TBX21", "IL7R" #TCells 
) 
 
heatmapGS <- markerHeatmap(seMarker = markersGS, cutOff = "FDR <= 0.01 & Log2FC >= 
1.25", labelMarkers = markerGenes,transpose = TRUE) 
 
ComplexHeatmap::draw(heatmapGS, heatmap_legend_side = "bot", annotation_legend_side 
= "bot") 
plotPDF(heatmapGS, name = "GeneScores-Marker-Heatmap", width = 8, height = 6, 
ArchRProj = proj, addDOC = FALSE) 

We can visualize gene scores by creating a heatmap 
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Visualize Gene scores - Heatmap 
We can visualize gene scores by creating a heatmap 
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Visualize Gene scores – on an Embedding 
markerGenes  <- c( 
  "CD34",  #Early Progenitor 
  "GATA1", #Erythroid 
  "PAX5", "MS4A1", "MME", #B-Cell Trajectory 
  "CD14", "MPO", #Monocytes 
  "CD3D", "CD8A"#TCells 
) 
 
p <- plotEmbedding(ArchRProj = proj, colorBy = "GeneScoreMatrix", name = 
markerGenes, embedding = "UMAP", imputeWeights = getImputeWeights(proj)) 
 
p$CD14 

Load ArchR and Materials Create Arrow files QC Marker genes and Visualization Dimensionality reduction and Clustering 

131 

Visualize Gene scores – on an Embedding 

p2 <- lapply(p, function(x){ 
    x + guides(color = FALSE, fill = FALSE) +  
    theme_ArchR(baseSize = 6.5) + 
    theme(plot.margin = unit(c(0, 0, 0, 0), "cm")) + 
    theme( 
        axis.text.x=element_blank(),  
        axis.ticks.x=element_blank(),  
        axis.text.y=element_blank(),  
        axis.ticks.y=element_blank() 
    ) 
}) 
do.call(cowplot::plot_grid, c(list(ncol = 3),p2)) 

To plot all genes we can use cowplot to arrange the various marker genes into a single plot. 
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Visualize Gene scores – on an Embedding 
To plot all genes we can use cowplot to arrange the various marker genes into a single plot. 
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Marker Genes imputation with MAGIC 
We use MAGIC to impute gene scores by smoothing signal across nearby cells. 

proj <- addImputeWeights(proj) 
 
p <- plotEmbedding( 
  ArchRProj = proj,  
  colorBy = "GeneScoreMatrix",  
  name = 'CD14',  
  embedding = "UMAP", 
  imputeWeights = getImputeWeights(proj) 
) 
 
p 

No imputation After the imputation 
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Visualizing Genome Browser Tracks 
In addition to plotting gene scores per cell as a UMAP overlay, we can browse the local chromatin 
accessibility at these marker genes on a per cluster basis with genome browser tracks.  
p <- plotBrowserTrack( 
  ArchRProj = proj,  
  groupBy = "Clusters",  
  geneSymbol = markerGenes,  
  upstream = 50000, 
  downstream = 50000 
) 
 
grid::grid.newpage() 
grid::grid.draw(p$CD14) 
 
plotPDF(plotList = p,  
        name = "Plot-Tracks-Marker-Genes.pdf",  
        ArchRProj = proj,  
        addDOC = FALSE, width = 5, height = 5) 
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Visualizing Genome Browser Tracks 
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Defining Cluster Identity with scRNA-seq data 

� In addition to allowing cluster identity assignment with gene scores, ArchR also enables integration with 
scRNA-seq. 

� FindTransferAnchors() function from the Seurat package allows you to align data across two datasets. 
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Cross-platform linkage of scATAC-seq cells with 
scRNA-seq cells - “DO NOT RUN” 

if(!file.exists("scRNA-Hematopoiesis-Granja-2019.rds")){ 
  download.file( 
    url = "https://jeffgranja.s3.amazonaws.com/ArchR/TestData/scRNA-Hematopoiesis-
Granja-2019.rds", 
    destfile = "scRNA-Hematopoiesis-Granja-2019.rds" 
  ) 
} 
 
seRNA <- readRDS("scRNA-Hematopoiesis-Granja-2019.rds") 
seRNA 
 
colnames(colData(seRNA)) 
 
table(colData(seRNA)$BioClassification) 
 
proj <- addGeneIntegrationMatrix( 
  ArchRProj = proj,  
  useMatrix = "GeneScoreMatrix", 
  matrixName = "GeneIntegrationMatrix", 
  reducedDims = "IterativeLSI", 
  seRNA = seRNA, 
  addToArrow = FALSE, 
  groupRNA = "BioClassification", 
  nameCell = "predictedCell_Un", 
  nameGroup = "predictedGroup_Un", 
  nameScore = "predictedScore_Un" 
) 
 

Download scRNA-seq data and Integration of scRNA-cells and scATAC-seq cells 
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There are more advanced data analysis 

Visit following link of full manual for the advanced data analysis: 
https://www.archrproject.com/bookdown/index.html 
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10. FigR 
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What is FigR? 

• Functional inference of gene regulation (FigR) is a framework to 
 

 (1) computationally pair scATAC-seq with scRNA-seq cells by scOptMatch, 
 (2) infers cis-regulatory interactions, 
 (3) defines a TF-gene GRN 

 
 
• Utilizing these paired multi-omics data, FigR define domains of regulatory chromatin (DORCs) of 

immune stimulation and find that cells alter chromatin accessibility and gene expression at timescales 
of minutes.  

141 

Functional inference of gene regulation using 
scRNA-seq and scATAC-seq from resting immune cells 
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Installation of FigR 

devtools::install_github("buenrostrolab/FigR") 
 
BiocManager::install("BSgenome.Hsapiens.UCSC.hg19") 
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Loading ATAC-seq and RNA-seq data 

library(doParallel) 
library(BuenColors) 
library(FigR) 
library(BSgenome.Hsapiens.UCSC.hg19) 
 
setwd(“directory”) 
ATAC.se <- readRDS(”./FigR_stim/control1h_PBMC_atac_SE.rds") 
RNAmat <- readRDS(”./FigR_stim/control1h_PBMC_RNAnorm.rds") 
CCA_PCs <- readRDS(”./FigR_stim/control1h_PBMC_atac_rna_CCA_l2.rds”) 
 
dim(ATAC.se) # Peaks x ATAC cells 
dim(RNAmat) # Genes x RNA cells 
dim(CCA_PCs) # ATAC + RNA (rows), n components (columns) 
head(rownames(CCA_PCs)) # ATAC cells 
tail(rownames(CCA_PCs)) # RNA cells 

Download data from Dropbox link, and unzip the data.  
https://www.dropbox.com/scl/fi/q63f4wr4jlwtva7z72i9g/FigR_stim.zip?rlkey=gibefa8gdtj4z
to78rnvmuym1&dl=0 
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Loading ATAC-seq and RNA-seq data 
isATAC <- grepl("BC",rownames(CCA_PCs)) 
table(isATAC) # ATAC vs RNA 
 
ATACcells <- rownames(CCA_PCs)[isATAC] 
RNAcells <- rownames(CCA_PCs)[!isATAC] 
 
length(ATACcells) 
length(RNAcells) 
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Visualizing UMAP of the ATAC-RNA cell 
nPCs <- 20 # Num CCA PCs to use when running UMAP / pairing 
 
set.seed(123) 
umap.out <- uwot::umap(CCA_PCs[,1:nPCs], 
                       metric="cosine", 
                       n_neighbors=30) 
 
umap.d <- as.data.frame(umap.out) 
colnames(umap.d) <- c("UMAP1","UMAP2") 
rownames(umap.d) <- rownames(CCA_PCs) 
 
umap.d$Assay <- ifelse(isATAC,"ATAC","RNA") 
 
BuenColors::shuf(umap.d) %>%  
  ggplot(aes(UMAP1,UMAP2,color=Assay)) +  
  geom_point(size=0.1) +  
  theme_classic() + theme_classic() +  
  scale_color_manual(values = c("cadetblue","darkorange"))+ 
  guides(colour = guide_legend(override.aes = list(size=3)))) 
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Pairing cells using scOptMatch 
# Get PCs for each data 
ATAC_PCs <- CCA_PCs[isATAC,] 
RNA_PCs <- CCA_PCs[!isATAC,] 
dim(ATAC_PCs) 
dim(RNA_PCs) 

# Pair cells using scOptMatch 
pairing <- pairCells(ATAC = ATAC_PCs, 
                     RNA = RNA_PCs, 
                     keepUnique = TRUE) 
Dim(pairing) 

5,352 cells, 50 PCs 
 
3,508 cells, 50 PCs 

Cells from ATAC-seq Cells from RNA-seq 

Distance 
between 
two cells 
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Cell pairing by scOptMatch 

1. Creating a shared co-embedding of scATAC-seq and scRNA-seq cells using 
canonical correlation analysis (CCA) 
 

2. Sub-clustering the entire cell space and constructing a cell kNN graph between 
ATAC and RNA cells in the co-embedded space 
 

3. Global optimal pairing between scATAC and scRNA within subgraph 
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Visualizing ATAC-RNA pairs on the CCA UMAP 
library(ggrastr) 
plotPairs(ATAC = pairing$ATAC, 
          RNA=pairing$RNA, 
          max.show = 100, 
          umap.df = umap.d) 
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Getting count object for the ATAC-RNA paired cells 
ATAC.se.paired <- ATAC.se[,pairing$ATAC] 
RNAmat.paired <- RNAmat[,pairing$RNA] 
 
dim(ATAC.se.paired) 
dim(RNAmat.paired) 

4,912 cells included in pairs are assigned to each object  
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Peak-gene association testing 
# Compute correlation between RNA expression and peak accessibility for peaks falling 
within a window around each gene.  
 
# Do not run this code 
#cisCorr <- runGenePeakcorr(ATAC.se = ATAC.se.paired, 
#                           RNAmat = RNAmat.paired, 
#                           genome = "hg19", 
#                           nCores = 4, 
#                           p.cut = NULL,  
#                           n_bg = 100) # the number of background correlations to 
         compute per gene-peak pair 
 
cisCorr <- readRDS("./FigR_stim/control1h_PBMC_cisCor.rds") 
 

# head for cisCorr  
head(cisCorr) 

• This step use background peak correlations for significance testing.  
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Peak-gene association testing 

(Spearman correlation) 

Normalized 
peaks counts 

Normalized gene 
expression counts 

Peak-gene correlation Background peak-gene correlation 
by permutation 
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Determining DORCs 
# Filtering DORCs by p-value 
cisCorr.filt <- cisCorr %>% filter(pvalZ <= 0.05) 
cisCorr.filt %>% dplyr::arrange(desc(pvalZ)) %>% head() 
 
# Plotting DORCs  
library(ggplot2) 
dorcGenes <- dorcJPlot(dorcTab = cisCorr.filt, 
                       cutoff = 10, 
                       labelTop = 20, 
                       returnGeneList = TRUE,  
                       force=5) 
head(dorcGenes) 
length(dorcGenes) 
 
• cutoff :  the number of significant peaks needed to be called a DORC 
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Summary of DORC 
# To get the DORC accessibility scores, we can sum up the chromatin accessibility peak 
counts for peaks associated  
 
numDorcs <- cisCorr.filt %>% group_by(Gene) %>% tally() %>% arrange(desc(n)) 
numDorcs 

These genes are unstimulated (control) PBMCs, we expect most of these genes to be 
lineage-determining markers. 
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Calculating DORC scores 
# Calculate DORC scores 
dorcMat <- getDORCScores(ATAC.se = ATAC.se.paired, 
                         dorcTab = cisCorr.filt, 
                         geneList = dorcGenes, 
                         nCores = 4) 
 
dim(dorcMat) 
dorcMat[1:2,10:20] 

99 DORCs x 4,912 cells 

Single cell DORC scores per gene were calculated as the sum of normalized scATAC-seq reads 
in peak counts (mean-centered) using the corresponding significantly correlated DORC-peaks 
for that gene.  
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Smoothing RNA using cell KNNs 

lsi <- readRDS("./control1h_PBMC_atac_lsi.rds") 
dim(lsi) 
all(colnames(dorcMat) %in% rownames(lsi)) 
 

# Subset to paired ATAC 
length(colnames(dorcMat)) 
head(colnames(dorcMat)) 
lsi <- lsi[colnames(dorcMat),] 
lsi <- lsi[colnames(dorcMat),] 
dim(lsi) 
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Smoothing RNA using cell KNNs 
# For 30 LSIs, get the nearest cell for each cell 
cellkNN <- FNN::get.knn(lsi,k=30)$nn.index 
dim(cellkNN)# 4912 cells, 30 LSIs 
rownames(cellkNN) <- colnames(dorcMat) 
 

# Smooth dorc scores using cell KNNs (k=30) 
library(doParallel) 
dorcMat.s <- smoothScoresNN(NNmat = cellkNN,mat = dorcMat,nCores = 4) 
dim(dorcMat.s) # 99 DORCs, 4912 cells 

Cell 1 … Cell2 … Cell 4910 Cell 4911 Cell 4912 

DORC 1 2.34 … 4.12 … 1.34 4.66 3.63 

… 

DORC 99 dorcMat (99 DORCs x 4,912 cells) 

LSI1 … LSI29 LSI30 

Cell 1 2 4910 4911 

… 

Cell 4912 cellKNN (4,912 cells x 30 LSIs) 

For 30 LSIs, the nearest cell for each cell 

Smooth score for {cell1, DORC1} 
 = avg(4.12, … , 1.34,  4.66)  

Cell 1 … Cell 4912 

DORC 1 avg(4.12, …, 1.34, 4.66)  … … 

… 

DORC 99 dorcMat.s (99 DORCs x 4,912 cells) 
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Smoothing RNA using cell KNNs 
# Smooth RNA expression using cell KNNs (k=30) (Table1) 
# Smooth RNA using cell KNNs 
# This takes longer since it's all genes 
colnames(RNAmat.paired) <- colnames(ATAC.se.paired 
RNAmat.s <- smoothScoresNN(NNmat = cellkNN,mat = RNAmat.paired,nCores = 4) 
 
dim(RNAmat.s) 

Total RNA x cells 
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Visualizing DORC on UMAP 
# Visualize DORC on pre-computed UMAP 
# This is the ATAC UMAP shown in the paper (based on ATAC LSI) 
umap.d <- as.data.frame(colData(ATAC.se.paired)[,c("UMAP1","UMAP2")]) 
 

# DORC scores for top DORC(s) 
myDORCs <- c("IL7R", "TCF7", "CD83") 
dorcGGlist <- lapply(myDORCs,function(x) {  
  plotMarker2D(umap.d, 
               dorcMat.s, 
               markers = x, 
               maxCutoff = "q0.99", 
               colorPalette = "brewer_heat" 
  ) + ggtitle(paste0(x," DORC")) 
}) 
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Visualizing RNA expression for top DORCs 

# Paired RNA expression of top DORCs 
# Plot on the same reference ATAC UMAP 
rnaGGlist <- lapply(myDORCs,function(x) {  
  plotMarker2D(umap.d, 
               RNAmat.s, 
               markers = x, 
               maxCutoff = "q0.99", 
               colorPalette = "brewer_purple" 
  ) + ggtitle(paste0(x," RNA")) 
}) 
 
library(patchwork) 
(dorcGGlist[[1]] + dorcGGlist[[2]] + dorcGGlist[[3]]) /  (rnaGGlist[[1]] + 
rnaGGlist[[2]] + rnaGGlist[[3]]) 

DORC 

RNA expression 
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TF-gene associations 
# Determine TF-gene associations and inferring a regulatory network based on DORCs 
# To determine TFs that are putative regulators (activators or repressors) of DORCs, a built-
in reference motif database is used  
# Do not run this code 
#figR.d <- runFigRGRN(ATAC.se = ATAC.se.paired,  
#                     dorcTab = cisCorr.filt, # Filtered peak-gene associations 
#                     genome = "hg19", 
#                     dorcMat = dorcMat.s, 
#                     dorcK = 5,  
#                     rnaMat = RNAmat.s,  
#                     nCores = 4) 
 
figR.d <- readRDS("./FigR_stim/control1h_PBMC_figR.rds") 

(a) Enrichment test using TF motif and DORC (b) Correlation between TF RNA 
expression and DORC score 

Regulation score represents the intersection of motif-enriched and RNA-correlated TFs.  

Regulation 
score 

Regulation score calculated by combining (a) and (b) 
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Visualizing FigR results 
# Rank TF motifs by mean of regulation scores 
rankDrivers(figR.d,rankBy = "meanScore") 
# SPI1 gene  
SPI1 <-figR.d %>% dplyr::filter(Motif == "SPI1") %>% 
  dplyr::arrange(desc(Score)) %>% 
  dplyr::filter(Score !=0) 
SPI1$DORC <- factor(SPI1$DORC, levels = SPI1$DORC) 
SPI1 <- SPI1 %>% dplyr::mutate(color = case_when(Score > 0 ~ "pos", 
                                                 Score < 0 ~ "neg")) 
SPI1$color <- factor(SPI1$color, c("pos", "zero", "neg")) 
SPI1 %>% ggplot(aes(x= DORC, y=Score, fill = color)) +  
  geom_bar (stat="identity",position = position_dodge(0.9)) + 
  scale_y_continuous(breaks = seq(-2,5,0.2)) + theme_classic() + 
  theme(axis.text.x = element_text(angle = 90)) 

Top 1 TF is SPI1.  In resting immune cells, SPI1 positively regulated 
LINC01272, IRAK2, etc. 
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Thank you! 
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