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Overview of human gut microbiome

Factors
- Diet
- Lifestyle
- Geography
- Age
- Medication
- Diseases
- Genetics

Roles
- Protecting host against pathogenic microbes
- Modulating immunity
- Regulating metabolic processes 

Li et al., Nature Biotechnology, 2014, Human body picture designed by freepik.com



What is DREAM Challenge?

https://dreamchallenges.org/


Screenshot was taken on the challenge launch in September, 2022

Scan 
for 
more 
info

https://synapse.org/finrisk

https://synapse.org/finrisk




The National FINRISK 
Study - 2002

•Finnish prospective population cohort study

•Individual were followed through for 15+ years.

•There are 559 incident heart failure among 7231 
participants

Borodulin et al., 2018

Collected and 
hosted by

Sequence by



● Taxonomic signatures of cause-specific 
mortality risk in human gut microbiome 
(Salosensaari et al., 2022)

● Identifications and characterizations of 
combined effects of host genetics and diet 
on human gut microbiota and incident 
diseases (Qin et al., 2022)

● Gut microbiome signatures are predictive 
of incident type 2 diabetes (Ruuskanen M., 
Erawijantari PP., et al., 2022)

Highlight of the FINRISK 2002 microbiome 
studies

Learn more from 
https://datascience.utu.fi/

@openreslabs



Challenge 
overview

Baseline model
• Cox model with Age & Sex
• Cox model with clinical covariates
• Cox model with clinical covariates and species



Synthetic data generation: 
Why is it necessary?

IMPORTANT! The FINRISK data contains sensitive personal information from 
healthcare registers which cannot be shared without formal agreement with 
THL biobank

Rank-based Inverse Normal Transformation (by Aki Havulinna, 2022)



Synthetic data – continuous covariates



Synthetic data – categorical covariates

/Male
/Female



Received submissions 

• 35 VALID submissions 
from 9 participants were 
accepted in submission 
phase

• 7 teams submitted final 
model



Received model 
performance vs 
Baseline model



https://www.synapse.org/#!Syna
pse:syn50613972/wiki/620396

https://www.synapse.org/#!Syna
pse:syn47950082/wiki/620639

Top 
performing 
models



Post Challenge 
Phase

• Model refinement

• Model ensemble

• Investigating the most predictive features to discuss the 
clinical relevancy of the model



Microbiome perspective in 
HF-predictions

● Clinical covariates are stronger predictors for HF and 
microbiome features offer supplementary predictive value to 
improve model performance

● Microbiome-related features represent: 
- negative association of alpha-diversity index with incident HF
- Inflammation signatures: importance of species cluster 
consisting R. gnavus, C. bolteae, C. citroniae, C. difficile) 
- TMAO signatures: positive associations with species cluster 
consisting of C. citroniae, C. asparagiforme, H. hathewayi) 



Perspective of the challenge
• Open avenue to explore the potential of 

microbiome-based biomarkers to complement clinical 
risk factors in predicting individuals with an elevated 
risk of HF

• The crowdsourced Challenge provides a unique 
platform for collaboratively solving scientific problem

• Highlight the need for further investigation into model 
ensemble approaches to enhance the overall predictive 
capability and clinical relevance

• The synthetic dataset has proven beneficial for 
challenge participants and could become an option for 
data sharing while ensuring privacy protection.
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Q & A

Visit our poster number B-190
by Ece Kartal 



Can microbiome 
improve the 
predictions of heart 
failure?

• Heart failure remains difficult 
to diagnose due to the 
heterogeneity of the disease 
and a lack of agreement of 
diagnostic criteria

• The link between heart failure 
and the microbiome has long 
been postulated. 

• Lack of study with temporal 
follow-up

Trøseid et al., 2020

https://www.thelancet.com/journals/ebiom/article/PIIS2352-3964(20)30024-4/fulltext


What is Heart failure (HF)

Definition adapted from Bozkurt et al.. J Card Fail. 2021 Mar 

1:S1071-9164(21)00050-6. PMID: 33663906.
Burchfield et al. Circulation. 2013;128:388–400

•Heart failure is a clinical 
syndrome with signs and 
symptoms caused by 
structural and/or 
functional cardiac 
abnormality with elevated 
natriuretic peptide levels 
and/or evidence of 
pulmonary or systemic 
congestion.

•Heart failure occurs when 
the heart cannot pump 
blood to meet the needs 
of the body normally.



Bootstrap analysis (n=1000) for robust ranking

1. The individual scores and real survival value in the same 
order were bootstrapped for 1000 times
2. For each boots, Harrel’s C and Hosmer-lemeshow test were 
performed
3. Bayes Factor was calculated based on the 

Compares the number of times Team 1 is ranked superior to Team 2 
with the alternative scenario where Team 2 performs better than 
Team 1. 



25 to 74 years 
old Finnish 
permanent 
resident across 
different 
geographical 
area of Finland

1972 1977 1982 1987 1992 1997 2002 2007 2012

13500 11507 11395 7932 7927 11500 13498 12000 10000

years

Number of invitee 
randomly sampled from 
the National Population 
Information System

Follow up through record linkage to national 
administrative registers

- Questionnaires (e.g socioeconomic position, use 
of health care service, past and current diagnose, 
diet and health behaviour)

- Health examination (e.g weight, height, blood 
pressure)

- Collections of biological samples (e.g blood, 
urine), fecal samples were also collected in 2002

National FINRISK study

Borodulin et al., 2018



Synthetic data 
generation

• Rank normalized (inverse normal transformation) each variable of the data 
(phenotypes and species). 

• estimate the mean and covariance structure from the data. 

• experimentally increased the covariance of the response variable with the 
other variables (multipliers) 

• multinormal random draws with the mean and covariance structure to create 
as many observations as in the original data. 

• back-transfer the data to the original distribution

• Perform adjustment for event time and  recreated the missing patterns from 
the original data. 

• Compare the distribution and regression associations to the original data. 



Metadata covariates



Selected Synthetic dataset



Assessment

Model performance: Harrel’s 
concordance index 
• • A good measure for survival 

models when the data is censored 
• • Patients with shorter 

times-to-event should have higher 
risk scores

Model Calibration: 
Hosmer-Lemeshow test at 15 
years of follow-up
• • the estimated probabilities it 

outputs are accurate 



Baseline Models

■ Cox model with only Age + Sex covariates

■ Cox model with all clinical covariates

■ Cox model with all clinical covariates + microbiome data

 



Overall baseline model performance

Microbiome+ 
all covariates



Leaderboard 
submissions 

phase

Total accepted: 35 VALID submissions from 9 participants/teams



Leaderboard 
final round



More reading on the formula’s idea

Neto et. al, 2016

Bayesian perspective, and employ the Bayesian bootstrap to estimate the posterior 
distribution of the the statistic

where s(yˆ , y) represents an arbitrary scoring metric, and perform a 
onesided Bayesian hypothesis test to determine whether the current 
score is statistically better than the best score so far. With the larger 
score the better, the one sided test is:

https://arxiv.org/pdf/1607.00091.pdf


Opinion as organizer
• Level of participants exploiting the 

microbiome aspects varied
• The facts that participants failed to 

provide well-calibrated models despite 
of well score for accuracy raised a 
concern related to how well the 
machine learning methods could 
provide realistic models for predicting 
incident diseases 

• Prior information of evaluations 
metrics and code can limit the 
willingness of participants to innovate 
🡪 most of the motivations is to win



Participant 
point of view

• Work on synthetic data is challenging

• No comparable public datasets were identified, so 

leaderboard metrics had to be heavily relied on, 

without any feedback possible from visualizations or 

stdout 

• Limited runtime cut-off also minimizes the chance for 

participants to improve the parameter for model 

• Any other relevant metadata may support better 

interpretable model

• Due to limited access to real data, the 

hyperparameters of machine learning models can not 

be perfectly tuned. 


