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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 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 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

Introduction to ConnectivityMap

ConnectivityMap 플랫폼은 3만 가지의 약물에 대한 300만 개 유전자 발현 프로파일을 포함하고 

있어, 연구자들이 약물과 질병, 유전자 간의 복잡한 상호작용을 이해할 수 있게 도와주고 있다. 연

구자들은 ConnectivityMap을 사용하여 기존 약물이 새로운 질병에 대해 어떤 효과를 보일 수 있는

지 예측할 수 있으며, 이는 약물 개발 과정을 가속화하고 비용을 절감하는 데 큰 도움이 되고있다.

ConnectivityMap 튜토리얼 강의를 통해 이러한 대규모 데이터셋을 탐색하고 분석하는 방법을 배

우게 되며, 실제 사례 연구를 통해 ConnectivityMap이 어떻게 실제 연구에 적용될 수 있는지 배운

다. 또한 이론적 지식뿐만 아니라 실제적인 적용 능력을 함양하는 것을 목표로 한다. 

강의는 다음의 내용을 포함한다:

  ⚫ ConnectivityMap 데이터의 이해 

  ⚫ ConnectivityMap 데이터의 활용

  ⚫ ConnectivityMap 데이터의 응용

* 교육생준비물: 노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상)

* 강의 난이도: 초급

* 강의: 전민지 교수 (고려대학교 의과대학) 
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KSBi-BIML 2024 

Introduction to ConnectivityMap 
고려대학교 의과대학 전민지 

 

Genome-based Disease Research 

• GWAS (Genome Wide Association Study) 
• To identify genomic variants that are statistically associated with a risk for a disease or 

a particular trait 
• Limitations: association with disease is generally not sufficient to establish causality or 

to provide mechanistic and circuit-level biological insights 

2 
Uffelmann, Emil, et al. Nature Reviews Methods Primers (2021) 
Tam, Vivian, et al. Nature Reviews Genetics (2019) 
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ConnectivityMap Concept 

• Linking disease, therapeutics and cell physiology 

4 

Disease Genes 

Drugs 

mRNA 
Transcript 

ConnectivityMap Concept 

• ConnectivityMap: Linking disease, therapeutics and cell physiology 

3 Lamb, Justin, et al. science 2006 
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Applications of the ConnectivityMap 

• The Connectivity Map is a tool for the bench researcher 

6 Lamb, Justin. et al. Nature reviews cancer (2007) 

ConnectivityMap Concept 

• Gene expression data could be used for the functional annotation of small 
molecules and genes 

5 
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ConnectivityMap v1 

• Perturb cells and measure cellular responses 

 

8 

164 small molecules 
FDA-approved drugs 

nondrug bioactive tool compounds 

4 cell lines 
MCF7 (breast cancer) 
PC3 (prostate cancer) 

HL60 (leukemia) 
SKMEL5 (melanoma) 

564 microarray profiles 
10 uM concentration  

6 or 12 hours  
with controls 

-> 453 gene signatures 

Definitions 

• Perturbation: an alteration of the function of a biological system, induced 
by external or internal mechanisms. 

 

• Perturbagens: perturbing agents that are screened in an assay (e.g., small 
molecules, shRNA etc) 

 

• Gene Signatures: differential expression of genes between two conditions, a 
control condition and a perturbation condition 

7 
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Results: HDAC inhibitors 

• Query gene signatures 
• 13 signatures downloaded from T24 (bladder), MDA 435 (breast carcinoma), MDA 468 

(breast carcinoma) cells treated with HDAC inhibitors (Vorinostat, MS-27-275, 
Trichostatin A) 

 

• Results 
• New molecules: HC toxin, valproic acid 

 

10 

ConnectivityMap v1 

• Query 
• Input: gene signature (query signature) 
• Search: rank-based pattern matching strategy based on Kolmogorov-Smirnov statistics 

• The genes on the array are rank-ordered according to their differential expression relative to 
the control  

• The query signature is then compared to each rank-ordered list to determine whether up-
regulated query genes tend to appear near the top of the list and down-regulated query 
genes near the bottom  

• ‘‘connectivity score’’ ranging from +1 to -1 

 

9 
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Next-Generation ConnectivityMap (CMap v2) 

12 

L1000 assay 

+80 cell lines 

+20,000 perturbagens 

Pattern matching algorithm 

CMap version 2 with 1.3 M profiles 

 

Results 

• anthelmintic drug parbendazole as an inducer of osteoclast differentiation 
(Brum et al., 2015) 

• celastrol as a leptin sensitizer (Liu et al., 2015) 

• compounds targeting COX2 and ADRA2A as potential diabetes treatments 
(Zhang et al., 2015) 

• small molecules that mitigate skeletal muscular atrophy (Dyle et al., 2014) 
and spinal muscular atrophy (Farooq et al., 2009) 

• new therapeutic hypotheses for the treatment of inflammatory bowel 
disease (Dudley et al., 2011) and cancer (Singh et al., 2016; Muthuswami et 
al., 2013; Wang et al., 2008; Schnell et al., 2015; Fortney et al., 2015; Wang 
et al., 2011; Churchman et al., 2015; Rosenbluth et al., 2008; Saito et al., 
2009; Stockwell et al., 2012) 

11 
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L1000 Assay Enables Massive Scale Up of Data 

14 

 

LINCS Consortium 

• The Library of Integrated Network-Based Cellular Signatures (LINCS) 

13 
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1M Profiles of CMap v2 

16 

 

L1000 Assay Enables Massive Scale Up of Data 

15 

 



- 9 -

1M Profiles of CMap v2 

18 
Big Data Science with the BD2K-LINCS DCIC by Avi Ma’ayan 

Control replicate 

Experiment replicate 

Replicates of the same experiment 

plate1 plate2 plate3 

Batch 
(e.g. CPC020_VCAP_6H) 

• 384 wells in each plate 
• About 18 control replicates per plate 
• About 2~4 plates per batch 
• About 366 experiments per batch 

 

1M Profiles of CMap v2 

• small molecule compounds 
• ~1,300 FDA-approved drugs 
• ~5,585 bioactive tool compounds 
• 2000+ screening hits 

• knocking-down genes (shRNA) or over-expressing genes 
• ~900 target/pathways of FDA-approved drugs 
• ~600 candidate disease genes 
• 500+ community nominations 

• cells including primary cell lines, cancer cell lines, stem cell lines, and 
differentiated cell lines from different tissue types 

17 
Big Data Science with the BD2K-LINCS DCIC by Avi Ma’ayan 
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ConnectivityMap Score 

• Computing similarities - Weighted Connectivity Score (WTCS) 

 

 

 

 

• Normalization of Connectivity Scores (NCS) 
• Given a vector of WTCS values w resulting from a query, we normalize the values 

within each cell line (c) and perturbagen type (t) to obtain normalized connectivity 
scores (NCS) as follows: 

 

 

 
 

20 

Where ESup is the enrichment of qup in r and ESdown is the enrichment 
of qdown in r. WTCS ranges between −1 and 1 

Data Levels 

Level 1  
(LXB) 

Raw fluorescent intensity (FI) values measured for every bead detected by Luminex 
scanners. Each 384-well plate generates 384 LXB files, where each file contains a 
fluorescent intensity value for each observed bead in the well.  

Level 2 
(GEX) 

Gene expression levels for the 978 landmark genes, deconvoluted from the measured 
fluorescent intensity values.  

Level 3 
(NORM, INF) 

NORM - Gene expression are normalized to invariant gene set curves and quantile 
normalized across each plate.  
INF- Additional values for 11,350 additional genes not directly measured in the 
L10000 assay are inferred based on the normalized values for the 978 landmark genes. 

Level 4 
(ZS) 

Z-scores for each gene based on Level 3 with respect to the entire plate population. 
This comparison of profiles to their appropriate population control generates a list of 
differentially expressed genes. 

Level 5 
(MODZ) 

replicate-collapsed z-score vectors based on Level 4. Replicate collapse generates 
one differential expression vector, which we term a signature. Connectivity analyses are 
performed on signatures. 

19 
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Results 

• Discovery of MOA of Unannotated Small Molecules 

22 

ConnectivityMap Score 

• Connectivity Map Score (Tau τ) 
• by comparing each observed NCS value ncsq,r between the query q and a reference 

signature r to a distribution of NCS values representing the similarities between a 
reference compendium of queries (Qref) and r 

• Tau (τ) that ranges from −100 to +100 and represents the percentage of queries 
in Qref with a lower |NCS| than |ncsq,r| 

 

 

 

 
 

21 
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Results 

25 Musa, Aliyu, et al Briefings in bioinformatics (2018) 

 

Results 

• Discovery of a Selective CSNK1A1 inhibitor 

23 
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How to get gene signatures? 

• The most fundamental problem: 
• Detecting and interpreting differences in the abundance of genes or other genomic 

features between experimental conditions, cell types, or disease states 

27 

Wild-type Mutant 

Mouse 1 Mouse 2 Mouse 1 Mouse 2 

Gene 1 45 60 30 39 

Gene 2 0 4 3 7 

Gene 3 1010 800 3099 3450 

… … … … … 

세포주 약물 반응 데이터의 활용 
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Differential expression analysis 

• There are a number of software packages that have been developed for diff
erential expression analysis of RNA-seq data 

• Tools like edgeR and DESeq2 overcome these limitations using statistical m
odels based on negative binomial distribution. 

• There is no one method that performs optimally under all conditions 

Soneson, Charlotte, and Mauro Delorenzi  
BMC bioinformatics  (2013) 

Differential expression analysis 

• Differential expression analysis tests thousands of hypotheses (one test for 
each gene) for gene activity changes between conditions (case and control). 

• Factors affecting analysis power include limited biological replicates, non-
normal distribution of read counts, and measurement uncertainty for lowly 
expressed genes. 
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ConnectivityMap 

• Visit clue.io 
• Single keyword search 

31 

NIH LINCS Program 

• LINCS Tools 
• >50 tools developed by the consortium 
• Interactive visualizations 
• Data querying and browsing 
• Various analysis workflows  

• LINCS Data 
• Transcriptomics, proteomics, epigenomics, imaging cell phenotypes 
• L1000 data contain >3 million samples, >1 million signatures 
• Programmatic access via APIs 
• User interfaces for querying and viewing signatures 

30 

https://lincsproject.org/LINCS/tools  
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ConnectivityMap 

• Query signature 
• To find perturbagens that give rise to similar (or opposing) expression signatures 
• Take some time.. ~50min 

33 

ConnectivityMap 

• Search tools 

32 
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ConnectivityMap 

• Repurposing 
• Explore the collection of ~5000 drugs and tool compounds to find potential drug 

repurposing opportunities to improve disease treatments 

35 

ConnectivityMap 

• Touchstone 
• Find connectivities between signatures from ~3000 drugs and genetic loss/gain of 

function of ~2000 genes that make up the CMap touchstone database 
 

• AKT1 inhibitor MK-2206 

34 
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L1000CDS2 

• L1000CDS2: LINCS L1000 Characteristic Direction Signature Search Engine 
(npj Systems Biology and Applications, 2016) 

 

37 

• CD improves compared to MODZ  

 

 

 

ConnectivityMap 

• Morpheus 
• To explore, analyze and annotate heat maps. Choose an existing dataset or upload 

your own data  
 

36 
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L1000CDS2 

• Query and results 
• Input: Ebola virus signatures  
• Top candidate: Kenpaullone 

39 

L1000CDS2 

• Query and results 

38 

Up, down gene sets 

Example gene sets 

Parameters 
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L1000FWD 

• L1000 fireworks display (L1000FWD, https://maayanlab.cloud/l1000fwd/) (Bioinformatics, 
2018) 

• Graph visualization of L1000 signatures 
• Similarity between signatures is computed by cosine similarity 
• 16.8K nodes and 594K edges from 68 cell lines, 3K compounds, 3 time points, 132 dosages 

 
 

41 

L1000CDS2 

• Drug combinations 

40 



- 21 -

SigCom LINCS 

• A cloud-agonistic platform for serving, storing, and querying biomedical data 
• >1 million signatures from 
• LINCS 
• GTEx (Genotype-Tissue Expression) 

• Signatures of aging 

• GEO (Gene Expression Omnibus) 
• RNA-seq signatures automatically extracted from GEO 

• CREEDS (Crowd Extracted Expression of Differential Signatures) 
• Participants extracted signatures from GEO 

43 Evangelista, et al. NAR 2022 

https://maayanlab.cloud/sigcom-lincs 

L1000FWD  

• Query and results 

42 
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Appyters 

• Transform Jupyter Notebooks into lightweight, fully functional, standalone 
web-based bioinformatics applications 

• Enable reusable workflows for  
• Customized machine learning pipelines 
• Analyzing omics data 
• Producing publishable figures and interactive visualizations 

45 Clarke DJB et al. Patterns (2021) 

SigCom LINCS 

44 Evangelista, et al. NAR 2022 
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Upload users dataset
s  

(.csv, .txt format files) 
 

 
 
 
 
 
 
 

Data Normaliz
ation 

(z-norm, q-norm, l
og) 

Dimension R
eduction 

(PCA, t-SNE, UM
AP) 

 
 
 
 
 

Hierarchical 
Clustered He

atmap 
 
 
 
 
 
 

 

Library Size A
nalysis 

Differential Gene E
xpression Analysis 
(limma, Characteristi
c direction, edgeR, D

ESeq2) 
 
 
 
 
 

Small Molecule Identific
ation 

(L1000CDS2, L1000FWD) 
 
 
 
 
 
 
 
 
 

Enrichment Analysis by 
Enrichr 

 
 
 
 
 
 

Visualization 

Data Preprocessing 

Differential Gene Ex
pression 

Differential Gene Ex
pression Analysis 

URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Bulk RNA-seq Analysis Appyter 

 

Appyter Cataolog 

• Integrates all available Appyters (>100) into a unified web interface 
• Github pull requests 
• Standardized, machine-validatable requirements 

• Allows for categorization and search 

• https://appyters.maayanlab.cloud 

 

46 Clarke DJB et al. Patterns (2021) 
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URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Input for Bulk RNA-seq Analysis Appyter 

 

URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Input for Bulk RNA-seq Analysis Appyter 
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URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Input for Bulk RNA-seq Analysis Appyter 

 

Input for Bulk RNA-seq Analysis Appyter 

• The bulk RNA-seq analysis Appyter starts with an expression matrix of r
aw read counts and metadata 

 

 
 

URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 
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URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Results from Bulk RNA-seq Analysis Appyter 

 

URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Results from Bulk RNA-seq Analysis Appyter 

 



- 27 -

세포주 약물 반응 데이터의 응용 

URL: https://appyters.maayanlab.cloud/#/Bulk_RNA_seq 

Results from Bulk RNA-seq Analysis Appyter 
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Traditional Drug Discovery Pipeline: Ligand-based Drug Discovery 

Target Identification PubMed 

Hypothesis from Experience 

Data Analysis 

Select Target Candidates by.. 

Experimental  
Evaluation 

Target Discovery Drug Candidate Discovery 

Target 
Hit Identification 

Compounds 

High 
Throughput 
Screening 

 

56 
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Gene Expression-based Drug Discovery 
• ConnectivityMap (CMap) by LINCS Consortium 

• Gene expression profile-based drug repurposing  platform 
• Over 3 million gene expression profiles before and after drug 

treatments, shRNA knockdown, CRISPR knockout, etc. and 1 
million gene signatures 

• User's up- and down-regulated genes in the signature DB to 
find chemical compounds/shRNA/CRISPR that can mimic or 
reverse them 

• Provide transcriptional response-based similarity scores of 
compound pairs (CMap Scores) 

• However, as a drug repurposing platform, it is difficult to 
discover novel drug candidates 

Introduction 

• Ligand-based drug discovery 
• To find common structures among prototype drugs that bind to a desired target 
• To design structural analogs of the prototype drugs, and evaluate them 

 

 

• Target discovery is essential 
• Unable to work for undruggable targets 
• Limited range of drug candidates: excludes drug candidates that may have similar effects despite binding to 

another protein 
 

https://application.wiley-vch.de/books/sample/3527312579_c01.pdf 

Developed a drug discovery model that can find functional analogs  
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Results 

Bioinformatics, 2019 

Example pairs with similar structures but low actual CMap scores 

Example pairs with dissimilar structures but high actual CMap scores 

Approach 

Bioinformatics, 2019 
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Drug discovery case study 1: Haloperidol 

Bioinformatics, 2019 

 

Drug discovery case study 1: Haloperidol 

• Haloperidol 
• FDA-approved drug for schizophrenia  
• Dopamine receptor antagonist 
• Structure: 

 



- 32 -

 

Drug discovery case study 2: Selumetinib 

• Selumetinib 
• FDA-approved cancer drug 
• MoA: MEK1/2 inhibitor 
• Structure: 

 

Bioinformatics, 2019 
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Introduction – Limitations & Challenges 

• Half of the protein-coding gene are missing from the L1000 data 
• This limits knowledge discovery about those missing genes 
• This limits the potential for integration of the CMap data with other transcriptomics pr

ofiling data 

 

• Transform L1000 profiles to RNA-seq-like profiles at the full genome scale with Deep Learning 

• How can we train a model when there are not a lot paired L1000 and RNA-seq profiles for training? 

• How can we demonstrate that predicted RNA-seq-like profiles contain knowledge? 

• What new applications the predicted RNA-seq-like profiles can provide and how we can demonstrate these 
applications as use cases? 

• How the trained model compares to other published models and simpler baseline models? 

Project Challenges 

Limitations of the L1000 Data 

Introduction – The LINCS L1000 Data 

• L1000 assay 
• The L1000 assay only measures the mRNA expression of 978 landmark genes 
• An additional 11,350 genes are computationally inferred 

• L1000 data 
• An expression profile is generated from a single perturbagen, cell type, dose, and time 

point 
• Signatures (differentially expressed genes) are calculated across all profiles in the same 

plate 

 

 

https://lincsproject.org/LINCS/tools/workflows/find-the-best-place-to-obtain-the-lincs-l1000-data 



- 34 -

Step 1 

Step 2 

BMC Bioinformatics, 2022 

Methods – Two-Step Model for L1000 to RNA-seq-like Profiles 

Methods – CycleGAN: Supervised Learning for Unpaired Data 

• CycleGAN (Zhu and Park et al.): An approach for learning to translate an im
age from a source domain X to a target domain Y in the absence of paired 
samples  

 

Zhu and Park et al., ICCV 2017 
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Results - PCA of GTEx L1000-RNA-seq Paired Samples 

• GTEx and LINCS profiled the same postmortem tissue samples using L1000 and RNA-seq 
• 2,929 samples from 53 tissues downloaded from GSE92743  

• PCA plot of real RNA-seq profiles, predicted RNA-seq profiles, and original L1000 profiles fr
om colon in GTEx using 11,780 common genes 

BMC Bioinformatics, 2022 

Results - GTEx Paired Samples 

• Evaluation Metrics: The average of PCC and RMSE for each sample  

• Step 1 

 

 

 

 

 

 

• Step 2 

BMC Bioinformatics, 2022 
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Results – Gene Centric Signature Reverse Search 

SFRP2 

LGI3 

KO genes Small Molecules 

BMC Bioinformatics, 2022 https://appyters.maayanlab.cloud/L1000_RNAseq_Gene_Search/ 
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2강 실습 링크1 

https://colab.research.google.com/drive/1dryAvI-OyQ_XoodhcpIkzAM0syb4F5AC?usp=sharing

2강 실습 링크2 

https://colab.research.google.com/drive/1YBuRAZ5TwcJ4Lq5zeUOG9j50SMSibMM8?usp=sharing

2강 실습 데이터 다운로드 링크

https://drive.google.com/file/d/1Olc2FvdGlJC2G1SwHjb5DstD3ozlB11b/view?usp=shari
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DESeq2 

• Models estimate parameters (mean and dispersion) to describe count data 
distribution accurately. 

• Dispersion parameter α affects variance; edgeR and DESeq2 employ similar 
empirical Bayes methods to shrink α towards similar-gene dispersions, 
enhancing differential expression test results. 

• DESeq2 workflow: 
• Normalize read counts by computing size factors, addressing differences in library sizes 

and library compositions. 
• Calculate dispersion estimate for each gene. 
• Plot dispersion estimates of genes against mean normalized counts,  

and fit a line. 
• Shrunk dispersion values of each gene towards the fitted line. 
• A Generalized Linear Model accounts for confounding variables and negative binomial 

distribution, fitting count data. 
• For a contrast (e.g., drug-A treated vs. untreated), differential expression test assesses l

og fold change of normalized gene counts. 
• P-values are adjusted for multiple testing. 

KSBi-BIML 2024 

Introduction to ConnectivityMap 
고려대학교 의과대학 전민지 
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DESeq2: Normalization 

• Step 1: DESeq2 creates a pseudo-reference sample by calculating a row-
wise geometric mean (for each gene).  

• Step 2: For every gene in every sample, ratios of counts/pseudo-reference 
sample are calculated. 

• Step 3: The median value of all ratios for a given sample is taken as the 
scale factor for that sample.  

• Step 4: Normalized counts can be obtained by dividing each raw count 
values in a given sample by that sample’s scaling factor. 

 

DESeq2: Normalization 

• DESeq2 expects as an input a matrix of raw counts (un-normalized counts).  

• These counts are supposed to reflect gene abundance (what we are 
interested in) 

• But they are also dependent on other less interesting factors such as gene 
length, sequencing biases, sequencing depth or library composition. 

Gene length Sequencing depth Library composition 
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DESeq2: Count Modeling 

• But RNA-seq data does not fit Poisson distribution 
• variance ≠ mean 

• Negative Binomial distribution 
• variance > mean 

 

K_ij = count of gene i for sample j 

DESeq2: Count Modeling 

Sample1 Sample2 Sample3 Sample4 

Gene1 

Gene2 

Gene3 

Gene4 

Count matrix K 

• Normal distribution (X) 

• Continuous (X) 

 

 

 

Fit Poisson 
distribution 

• Number of cases is large 
• Probability of an event happening is low 
• Selecting mRNA from a large number of 

mRNA read  
• mean = variance 
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DESeq2: Generalized linear model 

• Generalized linear model: 

8 

DESeq2: Count Modeling 

• Dispersion estimation 
• Dispersion: When comparing gene expression levels between groups, it is important to 

know also its within-group variability 
• RNA-seq experiments typically have only few replicates 
• It is difficult to estimate within-group variability 
• Solution: pool information across genes with are expressed at similar level 

• assumes that genes with similar average expression strength have similar dispersion 
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Characteristic Direction 

• Characteristic Direction (Clark et al. 2014, BMC bioinformatics) 
• Genes do not function in isolation but as part of a complex network of interactions 

• This leads to significant correlations 
• Univariate approaches can miss some structure in the data 
• Multivariate approaches are sensitive to the curse of dimensionality 

 

Characteristic Direction 

• Linear discriminant analysis 
• Bayes rules for the classification probability 
• The contribution of each b can be interpreted as quantifying the relative contribution 

of each component to the total differential expression giving the significance of the 
corresponding gene 
 

10 

Linear classification boundary 

Normal vector = direction of 
characteristics in gene 
expression data 

b 




