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Multi-Omics Causal Mediation Analysis
1. Causal mediation analysis
2. The difficulty of mediation analysis in omics data
3. Overview of high-dimensional mediation analysis
4. Penalization-based method: HIMA (lab session)

Single-Cell Multi-Omics Analysis
1. Bulk vs. Single-Cell
2. Single-Cell multi-omics data and integration methods
3. Integrated analysis: Seurat 4.0 (lab session)
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Causation vs. Association

Group A

Group B

Health outcome

Exposure X Outcome Y?

• Causal inference is an essential component for the discovery of disease mechanism.
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Treatment 1

Treatment 2



Causation vs. Association

Group A

Group B

Group A

Group B

Group A

Group B

• If we control for age, each group would have the same outcome, regardless of treatment.
- older

- younger
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• To claim causation, we could do randomized experiment or control all confounding variables.

Health outcome

Treatment 1

Treatment 2



Causal mediation effect:
• Exposure has a causal effect on the mediator 
• Mediator has a causal effect on the outcome conditional on the exposure
Example
• Genetic variant leads different expression level which may increase the risk of 

disease.
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Exposure X Outcome Y

Mediator M

Disease riskGenetic variant

Gene expression

Mediation Effect
Mediation analysis: to further explore the mechanism behind the causation



• Causal mediation analysis seeks to investigate the intermediate 
mechanism through an exposure on the outcome of interest.

• Rising interest in omics studies to identify the mechanism of 
molecular-level traits
• E.g. DNA → RNA → Protein → outcome

• Mediation analysis in omics studies is challenging:
• High-dimensional mediators → identifiability problem
• Composite null hypothesis → weak power
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Causal Mediation Analysis In Omics Studies



General setting: One exposure →multiple mediators → one outcome

• Environment → DNA Methylation → Outcome
• E.g. Normative Aging Study (Bind et al., 2014 Epigenetics; Zhang et al., 2016 Bioinformatics; Liu et al., 2022 JASA)

Prostate Cancer (Dai et al., 2022 JASA)
Atherosclerosis (Song et al., 2020 Biometrics; Clark-Boucher et al., 2023 medRxiv)

• Also known as epigenome-wide mediation analysis

• microRNAs → Gene expression → Outcome
• E.g. Glioblastoma (Huang et al., 2014 AOAS; 

Huang and Pan, 2016 Biometrics)
Brain cancer (Loh et al., 2020 Biometrics)

• Others
• E.g. Air Pollution (Inoue et al., 2020 JASA)

Neuroimaging (Chén et al., 2018 Curr. Environ. Health Rep.; 
Zhao et al., 2021 CSDA)
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Some Applications

• miRNA
• Methylation
• SNPs

• Transcriptomics
• Methylation
• Proteomics



• (Model X → M) 𝑀 = 𝐶𝛼! + 𝑋𝛼" + 𝜖#

• (Model M → Y)  𝑌 = 𝐶𝛽! + 𝑋𝜃 +𝑀𝛽# + 𝜖$,  where 𝜖$~𝑁(0, 𝜎$%) and 𝜖#~𝑁(0, 𝜎#% )

• Since 𝑌 = 𝐶𝛽! + 𝑋𝜃 +𝑀𝛽# + 𝜖$
= 𝐶𝛽! + 𝑋𝜃 + 𝐶𝛼! + 𝑋𝛼" + 𝜖# 𝛽# + 𝜖$
= 𝐶𝛽! + 𝑋𝜃 + 𝐶𝛼!𝛽# + 𝑋𝛼"𝛽# + 𝜖$∗

• Direct effect is 𝜃, and indirect effect (mediation effect) can be expressed as 𝛼"𝛽#
• Total effect 𝛾 = 𝜃+ 𝛼"𝛽#
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Two linear regressions method proposed by Baron and Kenny, 1986 J Pers Soc Psychol

Exposure X Outcome Y

Mediator M
𝛼! 𝛽"

𝜃

Confounder C

Causal Mediation Model



• Challenge 1: High-dimensional mediators (M1,…, Mp)
• (Model M → Y) 𝑌 = 𝐶𝛽# + 𝑋𝜃 + ∑$𝑀$𝛽",$ + 𝜖&

• When the number of mediators (p) is much greater than

the sample size (N), 𝛽",$ are not estimable.

• Identification assumptions could be easily violated after dimension reduction (Huang and Pan, 2016 Biometrics)

• Challenge 2: Composite null hypothesis (H/: 𝛼0𝛽1 = 0)
• Traditional hypothesis tests are underpowered for testing composite null hypothesis. (Liu et al., 2022 JASA)

E.g. Sobel’s test and joint significant test (MaxP)
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X Y

M

X Y

M

X Y

M

Exposure X Outcome Y

Mediator Mp

Mediator M1

…

High-Dimensional Mediation Analysis

𝛼! 𝛽"

𝛼! 𝛽" 𝛼! 𝛽" 𝛼! 𝛽"



• [A1] Y 𝑥 ∐𝑋|𝐶: no unmeasured confounding for the association of Y and X

• [A2] Y 𝑥,𝒎 ∐𝑴|(𝑋, 𝐶): no unmeasured confounding for the association of Y and M given X

• [A3] 𝑴 𝑥 ∐𝑋|𝐶: no unmeasured confounding for the association of M and X

• [A4] 𝑌 𝑥,𝒎 ∐𝑴(𝑥∗)|𝐶: no X-induced confounder for the M-Y association
(cross-world assumption)
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Exposure X Outcome Y

Mediator M

C (A4)

Exposure X Outcome Y

Mediator M

U (A2)U (A3)

U (A1)

Four Identification Assumptions

VanderWeele and Vansteelandt, 2014 Epidemiologic methods

Since the causal ordering of mediators is unknown, it is
hard to identify causal effect through the single mediator.
(Clark-Boucher et al., 2023 medRxiv)



Overview Of High-Dimensional Mediation Analysis

11Zeng et al., 2021 Computational and structural biotechnology journal

*Lab session

Popular methods
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High-Dimensional Mediation Analysis (HIMA)

Zhang et al., 2016 Bioinformatics

• The most user-friendly tools for
high-dimensional mediation analysis

Supported mediator types:
• Epigenetics
• Transcriptomics
• Proteomics
• Metabolomics
• Microbiome

Supported outcomes:
• Continuous
• Binary
• Count
• Survival



Mediator p

Mediator 𝑑 + 1

…

• HIMA assumes that the true mediators are sparse and applied Sure independence screening and
penalty regression to reduce the dimensionality.

• Workflow
1. Sure independence screening to identify those mediators with large absolute 𝛽'
2. Penalty regression: Minimax concave penalty for variable selection
3. Joint significance test (MaxP) of mediator effect (p-value of 𝛼" and 𝛽#)

𝑇#()* = max 𝑝+, 𝑝,
4. Control the family wise error rate (Bonferroni)
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Exposure X Outcome Y

Mediator 𝑑

Mediator 1

…

High-Dimensional Mediation Analysis (HIMA)

(Model X → M) 
• 𝑀- = 𝐶𝛼!,- + 𝑋𝛼",- + 𝜖#-

⋮
• 𝑀/ = 𝐶𝛼!,/ + 𝑋𝛼",/ + 𝜖#/
(Model M → Y) 
• 𝑌 = 𝐶𝛽! + 𝑋𝜃 +𝑀-𝛽#,- +⋯+𝑀/𝛽#,/ + 𝜖$

SIS: Fan and Lv, 2008 JRSS B; MCP: Zhang, 2010 Ann. Stat

𝛼! 𝛽"



TCGA Glioblastoma Multiforme 
• 469 patients of glioblastoma multiforme have complete genomic data on gene expression (UNC 

AgilentG4502A-07) archived in The Cancer Genome Atlas (TCGA). 
• Chemotherapy have been reported to be associated with survival of cancer patients.
• Hypothesis: chemotherapy affects survival outcome mainly through its influence on gene 

expression levels

Exposure (X): chemotherapy (Yes/No)
Mediator (M): gene expression (17450 genes)
Outcome (Y): dichotomous 1-year survival status
Confounders (C): Age, Gender Chemotherapy 1-year survival status

Gene expression
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(Total effect) (Mediation effect)

To understand the biological mechanism across multi-omics, you can also try different exposure. 
E.g. methylation and miRNA



Multi-Omics Causal Mediation Analysis
1. Causal mediation analysis
2. The difficulty of mediation analysis in omics data
3. Overview of high-dimensional mediation analysis
4. Penalization-based method: HIMA (lab session)

Single-cell Multi-Omics Analysis
1. Bulk vs. Single-Cell
2. Single-Cell multi-omics data and integration methods
3. Integrated analysis: Seurat 4.0 (lab session)
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Bulk RNA-Seq

Treatment groupControl group

D
E 

ge
ne

s
Single-Cell level

Bulk Expression change Single-Cell possibility 1 Single-Cell possibility 2

Increase 
Increase in: Increase in:

Decrease
Decrease in: Decrease in:

No change

No change in: Increase in:

Decrease in:

CD4 T cell

CD8 T cellB cell

Dendritic cell

https://www.youtube.com/watch?v=y1mFdkDVc-c&t=651s&ab_channel=ActiveMotif

From Bulk To Single-Cell
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Analogy from Ya-Chi Ho’s talk

Bulk data Single-Cell data

Heterogeneity Rarity

Heterogeneity And Rarity 

17Pan and Jia, 2021 Frontiers in Molecular Biosciences; Liu et al., 2019 Nature Communications; Collora et al., 2022 Immunity

• Understanding disease machenism is challenging because of heterogeneity and rarity of target cells.

• E.g. HIV cells < 0.1% (Collora et al., 2022 Immunity)



18Zhu et al., 2020 Nature methods

Single-Cell Multi-Omics Data

!Whole cell RNA
Surface protein



Epigenome Transcriptome Proteome

Chromatin
accessibility Nuclear RNA Whole cell RNA Protein abundance

scRNA-Seq ✓

snRNA-Seq ✓

scATAC-Seq ✓

CITE-Seq ✓ ✓ (surface)

ASAP-Seq ✓ ✓ (surface + intracellular)

10X Multiome ✓ ✓

inCITE-Seq ✓ ✓ (intranuclear)

DOGMA-Seq ✓ ✓ ✓(surface + intracellular)

Single-Cell (Multi-)Omics Methods

19From Wei Chen’s lab

• CITE-Seq and 10X Multiome are the two frequently used methods in single-cell multi-omics.

• DOGMA = CITE-Seq + 10X Multiome



CITE-Seq
Example: CITE-Seq = scRNA-Seq + ADT
• scRNA: gene expression (Transcriptome)
• ADT: surface protein (Proteome)

scRNA-Seq

Noisy but broad
✓ Large number of genes
✗ High rate of false negative
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Data from Stuart et al., 2019 Cell

Antibody-Derived Tags (ADTs)

Targeted but narrow
✓ Doesn’t have dropout problem
✗ Limited number of antibodies
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Zero expression because of  "technical" dropouts



Data Integration Strategy for Matched and Unmatched Data

Miao et al., 2021 Nephrology 21

Matched data: different modalities were profiled 
from the same cell
Unmatched data: different modalities were profiled 
from different cells



Seurat 4.0
• Introduce to WNN

• Hands-on CITE-Seq analysis

• Omics vs. Multi-Omics analysis

Hao et al., 2021 Cell 22

Weighted Nearest Neighbor Analysis
• Parallele intergration analysis
• An unsupervised framework to learn 

the relative utility of each data type 
in each cell, enabling an integrative 
analysis of multiple modalities.



Weighted Nearest Neighbor Analysis (WNN)
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1. Constructing independent k-nearest neighbor (KNN) graphs for each modality

2. Performing within and across-modality prediction

3. Calculating cell-specific modality weights based on the relative accuracy 
of each modality

4. Calculating a WNN graph



Case I: Protein Is Worse Than RNA 
cDC

Protein

CD14 Mono

cDC

CD56+NK

CD14 Mono
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RNA Target cell: cDC



Case II: Protein Is better Than RNA 
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Target cell: CD8 T
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Modality Weight From WNN

https://www.youtube.com/watch?v=9MP2y3ZgD4M&ab_channel=AllenDiscoveryCenterforCellLineageTracing

Case II: Low RNA weight & high protein weight
CASE I: High RNA weight & low protein weight R
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