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Reverse Engineering Assessment and Methods (DREAM) - are an open science, collaborative
challenge framework - to spur innovative solutions.

Examples from some of the previous challenges include:

 Prediction of drug sensitivity in cell lines using genomic data.
» Prediction of patient outcomes in metastatic prostate cancer using clinical trial data.



f|| DREAM Challenge @2024

Develop more capable and accurate placental clocks to predict gestational
age based on DNA methylation measured by the lllumina methylation arrays.
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Selecting top gestational aging correlated CpGs

GA (Young --> Old)

Inspired by Varshavsky et al. 2023
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i f|| Clustering of selected CpGs

Prediction task
Usual aging clocks (Using a regression model)
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i f|| Clustering of selected CpGs

Prediction task
Usual aging clocks (Using a regression model) Clustering approach
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PCA on selected-clustered features

PC2: 9.5% variance

n = 1400
Safiple1766
Sample 1
# b
Sampled13 Sample518
Sample140m Bomplel
e
S | 8 N
L Samign 51
Sampleig40 iﬂp|6696 Sampl 5 le149
i mple457 1; ﬁample122
SEIS Sample3T6
24 Samplej Sample4ad Sample514 San L el a
v = @ le121
mplasg
Samplg307 ‘ 5 mple
4 ple118
QQplelSO
Sample94d FBMple942
Sarfiple138 L :
ple1744 A Sample943 )
04 " "/978 Safgple940
ample938 @R
Sample939
" amp e1842
24 ‘
SampleT7 14
Sample2t RS\ 8 SaMpled40 . Samp'i18
Sample210 ample ample1796
S |
S8Mple187 Al
ample1788
Sample1813
ample1821

PC1: 44% variance

Sample51
OB....c2
‘.'x.l.Au\ 751

SampleS

am|

f‘.u‘f\'l} Sample 148 54

S”plaﬁ‘d ' @ .
Sample147

10

Array
450K
850K

s’u
” SMMple307
457

52
Sample61 T,
Sampled

- )

am) \r\h. ‘v ”

"ym'v:ﬂnH}JA

SampleTo2

ample1819

PC1: 22.4% variance



& R )
] f|| Sample distribution & cross-validation (CV) design q;:
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R fli !mportant CpGs across models and their biology @\Ky
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ﬂi Enrichment of common CpGs associated genes
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fli Model comparison for CV performance Q;:
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Performance on final test data

Top 3 performers
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“fli Summary

* Filtering and clustering CpG approach captures the gestational aging comprehensively

— defining important role of feature selection and engineering in ML approaches.

« A simple multivariate elastic-net regression works better in this case compared to more

complex non-linear models such as Gaussian Process.

* The selected CpGs indicate to known changing immune related processes in placenta —

highlighting the biological explainability of our modeling approach.
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““fli Background

« The placental tissue has an overall unique-lower levels of genome-wide CpG methylation. [Mayne, Benjamin T et al. 2019]

* An overall progressive increase in average methylation from first to third trimester. [Novakovic, Boris et al. 2011]
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B ﬂl Processing raw methylation data

vV Filter out problematic CpG probes ~106k
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Finding gestational aging signature
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X £]i 'mmunity during pregnancy (\\y\@

Science Immunology

AN IMMUNOLOGICAL
“CLOCK” OF
PREGNANCY

An immune clock of human pregnancy

NIMA AGHAEEPOLR, EDWARD A. GANIO DAVID MCILWAIN, AMY 5. TSAI MARTHA TINGLE SOFIE VAN GASSEN , D¥YANI K. GAUDILLIERE QUENTIN BACA,
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o to initiude the . Mob.lllzatlon of s.peclahzed
3“‘?[”“. ) uterine natural killer cells
Jollowing « Entrapment of antigen
SCIENCE IMMUNOLOGY Sep 2017 - Vol 2 Issue 15 - DOk 10.11 26/sciimmunol.aan2946 i g

resolution
* Maternal tolerance to fetal
cell implants

* Dampened antigen presenting
cell responses

« Progressive enhancement of pathogen responses via:
- Increased neutrophil numbers
- Enhanced neutrophil and natural killer cell
responses to viral and bacterial pathogens
* Progressive expansion of peripheral regulatory
T cell pool

Aghaeepour et al. used mass cytometry to examine the precise
timing of these pregnancy-induced changes in immune function e o]
and regulation.

MiID TO LATE

ScienceImmunology | Aaaas

An immunological “clock” of pregnancy.
Credit: Carla Schaffer / AAAS

 Example: STAT5ab featured in immune clock & JAK3 from our
findings.
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Cell Reports

GP-age: chronological age prediction from blood DNA
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Benchmarking

1) model type
2) feature selection method
3) number of input features to the model
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