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Explore the World of 
End-to-End Integrated 
Laboratory Services
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Clinical Testing Locations
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Eurofins Scientific

BIOPHARMACEUTICALFOOD ENVIRONMENTAL

• FOUNDED IN 1987 WITH 4 EMPLOYEES 

• 61,000 STAFF IN 940 LABORATORIES ACROSS 59 COUNTRIES 

• EURO 6.7 BILLION IN ANNUAL REVENUE IN 2021 

• OVER 200,000 VALIDATED ANALYTICAL METHODS

• 450,000,000 ASSAYS PERFORMED ANNUALLY

• OVER 40 MILLION COVID-19 PCR TESTS CARRIED OUT SINCE START OF THE PANDEMIC 
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End-to-End Testing Solution

VIRACOR

BioA

ECL



5

Eurofins Scientific

BIOPHARMACEUTICALFOOD

Center of 
Excellence for 
Bioinformatics 

& A.I.

Oncology

Bioinfo

Stats

M.L

ClinDx

Bio-
Pharma
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Bioinformatics/AI to mine the public-data & boost 

the Lab of the Future

Rohita Sinha, PhD
Director, CoE for BI & AI, Eurofins, US
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Complex 
data

Cloud 
computing

Big 
data
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Deep Learning Cloud computing
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We (healthcare industry) need to either generate or collaborate with hospitals/other-
centers to get enough data to validate our products. 

For model-development: we can certainly source the data 
from the public-databases

Public databases offered by NIH (NCBI, GEO, PDB, TCGA, 
PubChem) and other groups such as GISAID (a global repository 
of Covid-2 genome sequences)  

TCGA
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Data 
Normalization

Data 
Harmonization

Batch effect
Platform 

effect
Data 

curation

We created a computational tool to automate the detection and correction of 
many of these issues.

Data 
Annotation

It’s an important but iterative and complex task.  
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Batch effect
Platform 

effect
Data 

curation

Data 
Annotation

A
B

A
B
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1- Transplant patient’s gene-expression profiles.
2- Phenotype: no-rejection & sub-clinical rejection.
3- No-rejection patients/samples are not healthy individuals.
4- Observed 4 clusters, none were unique to a phenotype.
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Found blocks of 
homogeneously methylated 

CpG sites 

2,783,421 methylation blocks 
of at least three CpGs with an 

average length of 544 bp

DNA methylation creates a 
cell-specific epigenetic 

signature  
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Cell-types % in healthy blood cell-free DNA
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Blood cell-free DNA is 
a biological-mix

Microbiome is 
another biological-mix

Blood transcriptome is 
a biological-mix

We assume knowing all the components of these biological-mixtures. 

It helps us using following constraints: 

 1- Sum of proportion of all known components would be 1.0 (or 100%).

 2- We deal with non-negative numbers, since proportions are positive numbers.
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We solve this equation:  E = S x C

S (signature matrix) : 
 rows = component-id, columns = feature-ids
 matrix-values = feature-frequency of a component 

E (bulk matrix) : 
 rows = sample-id, columns = feature-ids
 matrix-values = frequency of a feature for the given sample 

C (proportion matrix) : 
 rows = sample-id, columns = component-id
 matrix-values = proportion of a component in a sample

We eventually try to minimize the difference between the observed matrix (E ) 
and computed matrix ( S x C) i.e., E – (S x C) = 0. Which yields optimal values for 
the matrix C (proportion of each component in a biological-mixture). 
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We implemented Quadratic-programming to compute the fraction of multiple 
tissues in the blood cell-free DNA, using cell-specific methylation patterns.

HOW TO VALIDATE OUR PROTOCOL
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Chromosomal 
location

Cell Types
Probability of 
methylation
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In order to test our method, we create a bulk data which shows the percentage of methylation in 

each position in a specific sample.

Step 1 : Simulate mixtures: define the proportions of each cell types in the mix (i.e., c1:c2:c3 = 

10:20:70) 

Step 2 :For each position in the Methylome table: 

 * Let’s say we have (N) methylation records (based on the NGS data): let’s

                 make N = 10 

 * Let’s say the methylation-probabilities for each cell types are: c1 = 70%, c2 

                 = 30%, c3 = 80%

 * Run a uniform random-number generator N times 

 * based on the simulated mix, the methylation records (MR) would ideally 

                 have following distribution: c1 = 1 MR, c2 = 2 MR, c3 = 7MR

 * Run a uniform random-number generator 10 times-- by looking at the     

                 original number which shows the probability of the methylation in that 

                 specific position, if the random number is greater than the original 

                 methylation probabilities, convert the number to 0( unmethylated), 

                 otherwise convert the number to 1 ( methylated)

Step 3: Finally, sum all the 1s and divide by N (10), which is the observed frequency of 

methylation on a position. 
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Simulation mix: 
 3 cell types
 cell proportions: 2, 8 ,20 MRs (2/30 = 0.06; 8/30 = 0.26; 20/30 = 0.66) 
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Simulation mix: 
        3 cell types
        cell proportions: 1, 19 ,80 MRs (1/100 = 0.01; 19/100 = 0.19; 80/100 = 0.80) 
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Simulation mix: 
        5 cell types
        cell proportions: 5, 10 ,15, 170, 800 MRs (5/1000 = 0.005; 10/1000 = 0.01; 
                                      15/1000 = 0.015, 170/1000 = 0.17, 800/1000 = 0.80) 
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We extracted cell-free DNA from multiple 
Kidney-transplant patients 

Generated cell-free DNA methylation data 

Processed cf-DNA methylation data using our 
protocol  



25 25CONFIDENTIAL and PROPRIETARY – Eurofins BioPharma Services

We discussed: 

• How a centralized Bioinfo & AI unit helps our plans.

• Why the current A.I/M.L are more data hungry. 

• What skill sets we may need for the optimal utilization of the big-data.

• Usage of the public-data and associated challenges.

• Strategies to account for the heterogeneity of the biological data.

• Epigenetic data and solving mixture-models.

• Our pursuit to use the Methylation-data to better understand the 

allograft injuries.  
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Subtitle

Thanks for 
joining us & 
listening!
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