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AGENDA

12:30 – 12:45 Recap [Germline cancer genomics]

12:45 – 13:00 Break + questions

13:00 – 13:30 Lecture 1 [Integrative genomics]

13:30 – 13:40 Break

13:40 – 14:00 Discussion of article [Multi-omic prediction of incident type 2 diabetes]

14:00 – 14:20 Lecture 2 [Multimodal data integration]

14:20 – 14:30 Break

14:30 – 15:45 Group work + presentation

15:45 – 16:00 Evaluation at Moodle
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RARE CANCER MUTATIONS

Can be germline or somatic

Inherited driver mutations include BRCA1/2 and APC

Nearly 10% of cancers are inherited

Autosomal dominant pattern with incomplete penetrance

Presents early and bilaterally

BRCA1/2 follow the “two-hit” hypothesis

Inherited cancers are recessive at the cellular level but dominant at the individual level
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COMMON CANCER MUTATIONS

Common variants are not strong enough to be considered driver mutations

Identified by GWAS

Identification of common SNPs relies on 
sample size

allele frequency

effect size 

phenotypic clarity

Heritability estimates range from 4-26%

Strength of PGS will vary between cancers



P A G E
7

COMBINING CANCER MUTATIONS
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What do we combine?
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What do we combine?

How do we combine it?
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STARTING WITH THE “HOW”

Regression models
𝑌 = 𝛽! + 𝛽"𝑋" + 𝛽#𝑋# +⋯+ 𝛽$𝑋$ + 𝜀

Can be penalized to reduce overfitting

Always interpretable
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STARTING WITH THE “HOW”

Regression models
𝑌 = 𝛽! + 𝛽"𝑋" + 𝛽#𝑋# +⋯+ 𝛽$𝑋$ + 𝜀

Can be penalized to reduce overfitting

Always interpretable

Decision trees
Can be combined in “forests” to reduce overfitting

Each tree contains random feature subsets

Large feature sets increase complexity

Becomes ”blackbox” at scale

Age

Sex

LDL-c

CAD

No CAD

No CAD

No CAD

<65≥65

FemaleMale

<2.6≥2.6
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FITTING A LOGISTIC REGRESSION

Minimize the cost function
∑%&"$ (𝑦% − ,𝑦%)#

Risk of overfitting

Extend cost function with penalty term

∑%&"$ (𝑦% − ,𝑦%)# + 𝜆∑'&"
( /𝛽'

𝜆 is a tuning parameter

𝑝 is the number of predictors

Penalty term increases with many predictors and large coefficients
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FITTING A RANDOM FOREST

Sample random subset of data

Train decision tree on data subset

Summarise decision trees by majority vote

T2D

Sex

LDL-c

CAD

No CAD

CAD

No CAD

FALSETRUE

MaleFemale

<3.2≥3.2

Age

Sex

LDL-c

CAD

No CAD

No CAD

No CAD

<65≥65

FemaleMale

<2.6≥2.6

. . . .
Majority 

vote

Repeat N times
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THINGS TO CONSIDER

Classification or regression

Interpretability

Model size

Non-linear interactions

Over-/Underfitting

Computational costs
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WHAT DO WE COMBINE?
W H AT  I S  AVA I L A B L E ?

Clinical data – age, sex, behaviour, comorbidities

Genomics

Epigenomics

Microbiomics

Lipidomics

Proteomics

Glycomics

Transcriptomics

Metabolomics
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THE GENOME SO FAR

Monogenic effects Polygenic effects Combined effects
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Monogenic effects Polygenic effects Combined effects

ID Gene A
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ID PGS
1 0.1
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5 -0.7
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THE GENOME SO FAR

Monogenic effects Polygenic effects Combined effects

ID Gene A
1 0
2 2
3 1
4 0
5 0
6 1
7 2

ID PGS
1 0.1
2 -0.2
3 1.3
4 0.5
5 -0.7
6 -0.4
7 0.3

ID Gene A PGS
1 0 0.1
2 2 -0.2
3 1 1.3
4 0 0.5
5 0 -0.7
6 1 -0.4
7 2 0.3
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OTHER ASPECTS OF THE GENOME

The Human Leukocyte Antigens (HLA)
41560 alleles across 20 genes

The Killer-cell Immunoglobin-like Receptors (KIR)
2219 alleles across 17 genes
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OTHER ASPECTS OF THE GENOME
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OTHER ASPECTS OF THE GENOME

Dark genomic regions
36794 regions across 6054 genes

7,383

Ill
um
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a
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T

CFC1B
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THINGS TO CONSIDER

Genomics is a very broad term

What is the technology underlying your data?

What are the limitations of that technology?

Is the immune system implicated?

How much complexity have you removed to facilitate analysis?
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GLMNET algorithm, combining ridge and lasso regularization

Ensuring balanced dataset by focusing on CAD absence group

Leveraging proteomics, genomics and clinical data

Proteomics are age- and sex-corrected

Finds proteomics to be ineffective

PRSCAD significantly improves prediction of CAD absence
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HIGH-RISK PLAQUE PREDICTION

GLMNET algorithm

Unbalanced dataset

Leveraging proteomics, genomics and clinical data

Proteomics are not age- and sex-corrected

Estimates protein to be almost on par with clinical 
risk factor, but the combination does not improve 
prediction significantly

Patients with chest pain 
undergoing CCTA

n=1462

Features for prediction of 
high-risk plaque 

Olink targeted 
proteomics
n=300

Genome-wide 
polygenic 
score (GPSMult) 
n=1

Distribution Curve

Distribution Curve

Clinical risk 
factors (CRF)
n=9

Positive remodelling
n=309

Low attenuation
n=144

Spotty calcification
n=181

Napkin-ring sign
n=36

Image analysis to 
determine high-risk plaque 

characteristics

High-risk plaque (HRP): a plaque with two 
or more high-risk characteristics n=165
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HIGH-RISK PLAQUE PREDICTION

GLMNET algorithm

Unbalanced dataset

Leveraging proteomics, genomics and clinical data

Proteomics are not age- and sex-corrected

Estimates protein to be almost on par with clinical 
risk factor, but the combination does not improve 
prediction significantly

Feature importance estimates



P A G E
3 3

CONDITIONAL PGS APPLICATION

PTP (clinical model) referral of women is no better than chance

Age-wise analysis of models reveal PGS to be the best predictor in young people, especially women



P A G E
3 4

CONDITIONAL PGS APPLICATION

CAD risk Sex Age PTP* RF-CL* PGS*

High risk 
(>15%)

Female
<55 0 (0%) 0 (0%) 43 (12%)
≥55 156 (10%) 57 (7%) 136 (12%)

Male
<55 189 (12%) 100 (16%) 138 (18%)
≥55 661 (22%) 404 (28%) 368 (31%)

Intermediate 
risk (5-15%)

Female
<55 185 (5%) 53 (8%) 32 (3%)
≥55 484 (4%) 348 (7%) 227 (7%)

Male
<55 146 (10%) 172 (10%) 117 (5%)
≥55 72 (10%) 307 (12%) 198 (13%)

Low risk 
(<5%)

Female
<55 97 (2%) 229 (3%) 207 (2%)
≥55 49 (2%) 284 (3%) 326 (2%)

Male
<55 60 (5%) 123 (5%) 140 (6%)
≥55 0 (0%) 22 (9%) 167 (7%)

*Percentages denote the observed obstructive CAD prevalence within groups.
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MULTI-OMIC PREDICTION OF INCIDENDT 
TYPE 2 DIABETES
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What is HbA1c and why do they use it for 
stratifying their cohort?
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What is HbA1c and why do they use it for 
stratifying their cohort?

Hemoglobin A1c

Used for diagnosis and monitoring of diabetes patients

Reflects average glucose levels over a longer period (10-12 weeks)

≥48 mmol/mol indicates diabetes

≥42 mmol/mol indicates prediabetes

<42 mmol/mol indicates normoglycaemia
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Why is it valuable to identify individuals 
at risk of type 2 diabetes?
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Why is it valuable to identify individuals 
at risk of type 2 diabetes?

High prevalence of disease in the general population

Early treatment reduces risk of complications

Prediabetic individuals can often be ”treated” with preventative behavioural interventions
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Which type of omics would you prioritize, 
if you could only have one?
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Looking at figure 3, could the researchers 
have done anything differently?

“However, individuals at high predicted 
polygenic risk were at a substantially lower 
absolute risk than people with prediabetes, 
suggesting limited potential value in targeted 
genetic screening for preventative interventions”



P A G E
4 4

AGENDA

12:30 – 12:45 Recap [Germline cancer genomics]

12:45 – 13:00 Break + questions

13:00 – 13:30 Lecture 1 [Integrative genomics]

13:30 – 13:40 Break

13:40 – 14:00 Discussion of article [Multi-omic prediction of incident type 2 diabetes]

14:00 – 14:20 Lecture 2 [Multimodal data integration]

14:20 – 14:30 Break

14:30 – 15:45 Group work + presentation

15:45 – 16:00 Evaluation at Moodle



MULTIMODAL DATA INTEGRATION



P A G E
4 6

DATA SO FAR

Tabular data

Variables can be
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DATA SO FAR

Tabular data

Variables can be
Continuous
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DATA SO FAR

Tabular data

Variables can be
Continuous

Categorical
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OTHER TYPES OF DATA

Text – Electronic health records

Images – CT/MRI scans

Speech – Operative dictation

Video – Endoscopy 

3D scans – Ultrasound 
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OTHER TYPES OF DATA

Text – Electronic health records

Images – CT/MRI scans

Speech – Operative dictation

Video – Endoscopy 

3D scans – Ultrasound 

Is it feasible to convert to tabular data?
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IMAGE ANALYSIS

Input

MAE = 3.26; R2 = 0.74

Five-year MACE predictionAge prediction
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FOUNDATION MODELS
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FOUNDATION MODELS 
IN MEDICINE
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FOUNDATION MODELS
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GROUP WORK

1) Make groups of three-four individuals 
q For your type of “omics”, give a short 

presentation of the methodology and 
perspectives, considering the following:
q How does the method work?
q How much data is generated?
q Why is this type of data interesting?
q Does it interact with other “omics”?

2) Presentation [5-7 min per group]
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TYPES OF “OMICS”

Proteomics

Metabolomics

Microbiomics

Epigenomics

Lipidomics

Glycomics

Transcriptomics
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YOUR OPPINION MATTERS
M O O D L E  E VA L U AT I O N


