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FOREWORD

Breakthroughs in deep learning led to a great comeback of the 

topic artificial intelligence (AI) and raises hopes for great inno-

vations. This spectacular progress in the field of AI is only made 

possible by large amounts of available data for learning. AI can 

perform complex tasks while simulating human-like levels of in-

telligence and has stepped in to navigate the scientific commu-

nity through the enormous ocean of data produced all over the 

world. And thus, AI will transform research in the life sciences.

The German Network for Bioinformatics Infrastructure (de.NBI) 

and the German Node of the European ELIXIR network are aware 

of the potential of AI and the richness of data and therefore bun-

dle all forces and bioinformatics experts to meet this challenge. 

To handle, analyze and store Big Data, de.NBI provides bioinfor-

matic tools and infrastructure like the de.NBI cloud, to apply AI 

to answer biological questions and improve AI algorithms. More-

over, de.NBI makes data available in a transparent, democrati-

cally controlled, and directly usable form (FAIR principles). 

This brochure gives an overview about de.NBI and ELIXIR Ger-

many activities in the field of AI, which are carried out by de.NBI 

members and/or with de.NBI resources. In total, we highlight 16 

projects showing various aspects of integration and usage of 

de.NBI resources in AI projects, starting from prediction and 

modelling with the support of AI, improvement for research ser-

vices and the acceleration of science through the application of 

AI. This booklet demonstrates that the existing diverse bioinfor-

matics infrastructure of the de.NBI network and ELIXIR Germany 

is aware of the AI potential for the life sciences community.

The editorial team and the authors of this brochure, hope that 

we can provide all interested readers with exciting insights into 

current research approaches in the field of AI. We wish you enjoy 

reading these articles.

Dear Reader,FOREWORD

Andreas Tauch    Alfred Pühler
Head of Node of ELIXIR Germany de.NBI Coordinator  

 

Prof. Dr. Andreas Tauch Prof. Dr. Alfred Pühler
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de.NBI is a distributed bioinformatics infrastructure which started in March 2015 as an 

academic and non-profit initiative of the German Ministry of Research and Education 

(BMBF). The de.NBI network is aimed to deliver high standards of bioinformatics ser-

vices, comprehensive training, powerful computing capacities (de.NBI Cloud) as well as 

connections to industrial companies that assist researchers to more effectively exploit 

their own data and contribute to the advancement of Life Science research in Germany 

and Europe.

THE GERMAN NETWORK  FOR BIOINFORMATICS INFRASTRUCTURE – de.NBI
THEMATIC FOCUSES & 
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ELIXIR, the European Life Science Infrastructure for Biological 

Information, was founded in 2014 as an intergovernmental orga-

nization and brings together life science resources from across 

Europe. The consortium currently consists of 22 member states 

plus EMBL, and Cyprus which is an observer country and ELIXIR 

Germany being the German Node of ELIXIR since 2016. The node 

is run by members of the German Network for Bioinformatics 

Infrastructure (de.NBI). The infrastructure of ELIXIR Germany is  

represented by eight service units distributed across Germany 

and the associated EMBL Heidelberg. ELIXIR Germany is co-

ordinated from Bielefeld University and funded by the German 

government. The National Node is led by the Head of Node  

Prof. Dr. Andreas Tauch.

The organization of ELIXIR activities is structured around Plat-

forms, Communities and different Focus Groups. Various Focus 

Groups are currently under consideration to become a mature 

community – one of which is Machine learning (ML). This Group 

was initiated in October 2019 to capture the emerging need in 

Machine learning expertise across the network.

ELIXIR Germany is represented in almost all platforms and  

communities and actively participates in numerous studies  

to further develop them in a future-oriented manner.

THE GERMAN NODE WITHIN ELIXIR EUROPE

Andreas Tauch

Head of Node

tauch@cebitec.uni-bielefeld.de

www.denbi.de/elixir-de
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de.NBI CLOUDCloud Computing for Life Sciences

Alexander Sczyrba

de.NBI Cloud Coordinator

asczyrba@cebitec.uni-bielefeld.de

https://cloud.denbi.de/get-started/

Peter Belmann
de.NBI Cloud Governance

cloud@denbi.de

https://cloud.denbi.de/get-started/

CONTACT

In today ́s life sciences the handling, analysis and storage of 
enormous amounts of data is a challenging issue. An appropriate 

IT infrastructure is crucial to perform analyses with such large 

datasets and to ensure secure data access and storage. The de.NBI 

Cloud is an excellent solution to enable integrative analyses and 

the efficient use of data in research and application. Researchers 

from the life sciences in Germany can use the de.NBI Cloud free 

of charge. User meetings are regularly organized to ensure that 

the requirements of the community are taken into account for 

the future development of the de.NBI Cloud.

• Full OpenStack Environment per Project
• For fully customizable provisioning and  
 development of VMs and Services/Clusters

• Custom project-type based an OpenStack
• For simple development of VMs and Services/
 Clusters and integration of e.g. Bioconda

Largest scientific 
cloud in Germany and 

one of the leading 
European academic 

clouds in life  
sciences.

Cloud Access
• principal investigator of German university  

or research institution applies for cloud  

resources by proposing a 

project and describing required resources 

through the de.NBI Portal

• the project is reviewd by a scientific commitee

• after appoval of the application, the project is 

created in the de.NBI Cloud Portal

• project resources are allocated at one of the 

cloud sites
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de.NBI virtual organisation.

Log in at the de.NBI Cloud portal 
using your existing ELIXIR ac-

count.

Select a project type 
in ‘New Application’. 

Fill in the application form for the 
selected project type and submit. 

Now the application will be re-

viewed by the Cloud committee.

You will be notified as soon as your 
application is approved.

The requested resources are now 

allocated in the  de.NBI Cloud and 
managed  within our portal.

Add members to your project.

LOGIN
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SUBMIT

REVIEW
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de .NBI CLOUD – CLOUD COMPUTING FOR LIFE SCIENCES
de.NBI

https://cloud.denbi.de/get-started/
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Johanna Nelkner

de.NBI Service Coordinator

contact@denbi.de

https://www.denbi.de/services

CONTACT CONTACT

Daniel Wibberg

de.NBI Training Coordinator

contact@denbi.de

www.denbi.de/training

Status: September 2021

de .NBI SERVICES: TOOLS, WORKFLOWS, DATABASES, CONSULTING
de.NBI

One of the main tasks of the de.NBI network is the service 

area. de.NBI offers a diverse portfolio for the analysis of 

large amounts of data. Services are aimed at application 

users in life sciences as well as bioinformaticians and de-

velopers. The de.NBI services will be unified with regard to 

standards,interoperability and reproducibility.

de.NBI SERVICESTools, Workflows, Databases, Consulting
CONSULTINGS

SOFTWARE  
LIBRARIES

TOOLS

DATA  
BASES

WEB  
SERVICES

WORK- 
FLOWS 

The de.NBI network organizes high-quality, coherent, timely, and 

impactful training events and provides online training materials on a 

broad range of topics in bioinformatics. Current developments in the 

field of bioinformatics are also addressed in de.NBI symposia, special 

workshops and annual summer schools. Life scientists learn how to 

handle and analyze biological big data more effectively by applying 

tools, standards and compute services provided by de.NBI. 

de.NBI TRAINING  for Life Scientists

TRAINING MINUTES 
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TRAINING 
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361

PARTICIPANTS  

 
 
7321

TRAINERS 
 
 

89
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ARE FEMALE

 
 

49 % OF OUR 

PARTICIPANTS 

ARE MALE

 
 

NUMBER OF TRAINING COURSES 

dede.NBI.NBI
TRAININGTRAINING

PARTICIPANTS  

FROM ABROAD
 
 
35%

de .NBI-TR AINING FOR LIFE SCIENTISTS
de.NBI
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de.NBI INDUSTRIAL FORUM Industry services,  Consulting, Networking

de .NBI USER MEETINGS 
de.NBI

The de.NBI Industrial Forum offers a 

networking platform for industrial com-

panies that deal with huge amounts 

of data in the life sciences. Members 

of the de.NBI Industrial Forum receive 

access to de.NBI services and training, 

and are informed about developments 

in the network.

de.NBI USER MEETINGS
The user meetings within the de.NBI 

network are targeted towards a net-

work-wide framework for user-cen-

tered activities. The main aim of 

those activities is to exchange expe-

riences, opinions and expectations 

of de.NBI users. The gathered users’ 

feedback should be implemented in 

the offered services, training, and 

compute resources of the de.NBI 

network. 

With this, the user meeting efforts 

support the improvement of the 

offered bioinformatics service and 

foster the sustainable development 

of the bioinformatics infrastructure 

within the de.NBI network.

Manuel Wittchen

de.NBI Industrial Forum Manager

contact@denbi.de

https://www.denbi.de/industrial-forum

CONTACT CONTACT

Nils-Christian Lübke

de.NBI Community Coordinator

contact@denbi.de

www.denbi.de
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de.NBI
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PREDICTION REQUIRED – PHENOTYPING AND  MODELLING OF CELLULAR  PROCESSES USING AI
Artificial Intelligence (AI) is emerging as one of the 

key disruptive technologies in Life Sciences. The 

strong suit of AI is the prediction by learning to 

process rules from examples rather than relying on 

manual adjustments of parameters or predefined 

processing steps. From modeling biological 

processes from the cellular to the organisms’ 

level, identifying drug targets, detecting 

hidden phenotypes or making healthcare more 

personalized, the applications of AI are endless.
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Antibiotic-resistant bacteria are increasingly common in hospi-

tals, farm animals, food and the environment. The continued rise 

in resistance even against last-resort antibiotics and the lack of 

new compounds make treatments challenging and inevitably lead 

to a return to the pre-antibiotic era. The recent increase in bac-

terial genomic data provides a promising source to explore ap-

proaches that tackle this problem and address so far unexplained 

antibiotic resistance. The BMBF funded project Deep-iAMR aims 

at developing automatic scalable bioinformatics workflows. New 

deep learning approaches are applied to predict antimicrobial re-

sistance rapidly and reliably and to uncover hitherto hidden path-

ways and novel targets for the development of new antibiotics.

ANTIBIOTIC RESISTANT BACTERIA –  

A GLOBAL THREAT FOR PUBLIC 

HEALTH WORLDWIDE

Antibiotic resistance is one of the big-

gest threats to global health, food secu-

rity and development today. Antimicrobial 

resistance (AMR) threatens the effective 

prevention and treatment of a constantly 

increasing range of infections caused by 

bacteria, parasites and fungi. The pres-

ence of clinically relevant AMR has signifi-

cantly increased worldwide resulting in 

expensive and difficult-to-treat infections 

in humans. While some new antibiotics 

are in development, none of them are ex-

pected to be effective against highly an-

tibiotic-resistant bacteria. For example, 

resistance in Escherichia coli to one of the 

most common drugs used to treat urinary 

tract infections (fluoroquinolone antibi-

otics) is very widespread. This treatment 

is already ineffective in more than half of 

the patients in many countries. The ad-

vent of affordable and high throughput 

genome sequencing technologies has 

opened new avenues to address the prob-

lem of AMR. With the resulting availability 

of large-scale genome data sets, compar-

ative and genome-wide studies have re-

vealed associations with known and novel 

genetic AMR determinants (genes or sin-

gle nucleotide variations (SNVs)). Current 

AMR predictions are generally based on 

the detection of the presence or absence 

of previously recognized genetic deter-

minants. Regardless, this ‘presence-ab-

sence’ approach does not adequately ac-

count for the plethora of AMR phenotypes 

that bacteria exhibit. Notably, the extent 

and the varying degree of resistance, 

which is commonly indicated by the min-

imum inhibitory concentration, could not 

be elucidated. The AMR profile is a cumu-

lative result of contributions from more 

than one genetic determinant, in which 

each genetic determinant imparts a dif-

ferent weightage [1-3]. A strategy that 

considers genes or SNVs irrespective 

of previous knowledge individually or in 

combination with varying weightage of 

each genetic determinant is required to 

predict the qualitative and quantitative 

profile of AMR. This is a computationally 

time-consuming and expensive strategy 

that takes into account a large number of 

parameters (genetic differences between 

bacterial strains) and is essentially much 

larger than the total number of samples. 

For the bacterium E. coli, in silico detec-

tion of single antibiotic resistance and its 

level of resistance could result from one 

or more or combinations of any of five 

million bases of the genome. In summa-

ry, analyzing and interpreting such a large 

scale of information has been a limiting 

factor. With advances in scalable, feder-

ated and nearby (’cloud‘) infrastructures, 

effective machine learning approaches 

and more complex analyses can now be 

used to accommodate the huge increases 

in data.

DEEP-iAMRIdentification of new  antimi crobial resistance  targets by high-through-  put deep learning
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In the joint Deep-iAMR project, we apply 

deep learning approaches for modelling 

AMR that satisfy the demand for combin-

ing a large number of parameters. These 

models will enable rapid and accurate 

diagnostics, enhance surveillance and 

allow an exploration of the role of genetic 

bacterial determinants in treatment fail-

ures beyond the classical well-studied re-

sistance genes. The high dimensionality 

of the data required for genotype-pheno-

type predictions tends to hinder general-

izations and challenges the scalability of 

most learning algorithms. Therefore, this 

project aims at combining various omics 

data sets together with clinical and phe-

notypic information available for a large 

well-characterized set of multi-drug re-

sistant E. coli isolates. As illustrated in 

Figure 1, this data will be used to train 

deep neural networks (DNNs). Clinical 

samples for this project are collected at 

the Institute of Medical Microbiology at 

the Justus Liebig University (JLU) hos-

pital Giessen headed by Prof. Dr. Trinad 

Chakraborty. By this means, a contempo-

rary set of multi-drug resistant bacterial 

pathogens are collected, sequenced and 

a phenotypic AMR profile is determined. 

During this project, this set of input data 

will be extended by higher-level informa-

tion from detailed feature annotations 

that will be generated by automated bio-

informatics analysis pipelines provided 

by Prof. Dr. Alexander Goesmann and his 

team from the Systems Biology group 

at JLU Giessen. Ultimately, it is our goal 

to use the DNNs developed by Prof. Dr. 

Dominik Heider and his group from the 

Department of Mathematics and Comput-

er Science at the University of Marburg 

for sophisticated prediction and classifi-

cation of AMR mechanisms and patterns 

in newly sequenced genomes. In addition, 

we will extract relevant elements from 

the DNNs and validate whether they indi-

cate potentially new targets for AMR. 

ARTIFICIAL INTELLIGENCE FOR 

DRUG RESISTANCE PREDICTION

Artificial intelligence (AI), and particu-

larly deep learning (DL), is well-suited for 

the development of predictive models 

in many different areas, especially for 

image data, e.g., magnetic resonance 

imaging or computer-assisted tomog-

raphy scans for medical diagnostics. In 

the current project, we focus on genom-

ic data, either from microbial communi-

ties or single bacterial genomes, which 

is typically not provided as image data. 

Different approaches exist to incorporate 

and encode genomic data into images 

for further analyses. One very promising 

approach is the Chaos Game Representa-

tion (CGR). CGR can be used to visualize 

sequential data as a fractal. As DNA mol-

ecules can be represented as sequences 

of characters (namely A, C, G and T), DNA 

can also be encoded using CGR leading 

to a fractal of squares (Figure 2). It has 

already been demonstrated that models 

based on CGR-encoded data are highly 

accurate and very fast [4,5], too, for in-

stance in enabling phylogenetic analyses 

of bacterial genomes.

In our project, we will encode the bacteri-

al genomic data with CGR and use the re-

sulting fractals as input for Convolutional 

Neural Networks (CNNs). CNNs are a class 

of deep neural networks, namely regular-

ized versions of multilayer perceptrons. A 

CNN typically uses a tensor as input and 

consists of convolutional layers, which 

learn filters and thus features of the data 

as well as pooling layers, which perform 

a non-linear down-sampling of the input 

space, e.g., by using the max function 

(Figure 3).

We will analyze different network topolo-

gies, i.e. different numbers of layers, dif-

ferent numbers of neurons per layer, etc. 

to find the best working model for the 

prediction of AMR. Moreover, we will be 

able to identify novel resistance mech-

anisms by differential CGRs and gain 

insights into the underlying biology of 

mutations in multi-resistant pathogens, 

which will lead to better treatment of the 

patients. 
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FIGURE 1: The flow of data within 

the Deep-iAMR project. The project 

aims to combine various omics data 

sets with clinical and phenotypic 

information for a large well-charac-

terized set of multi-drug resistant 

E.coli isolates. This data is then used 

to train deep neural networks. Final-

ly, our software will be deployed via 

user-friendly containerization tech-

niques and scalable cloud solutions.

FIGURE 2: Chaos Game Representa-

tion for DNA. A) Sub-quadrants of the 

CGR. B) Way walked to draw points. C) 

CGR of the HIV genome (NCBI Refer-

ence Sequence: NC_001802.1). Here 

we reuse Figure 1 from ’Deep learn-

ing on chaos game representation 

for proteins‘ by Löchel et al., 2020, 

reproduced by permission of Oxford 

University Press.

FIGURE 3: Schematic structure 

of a CNN. Red: input neurons; yel-

low: convolutional or pool neurons; 

green: feed forward neurons; blue: 

output neuron.

DEEP-iAMR – IDENTIFICATION OF NEW ANTIMICROBIAL RESISTANCE TARGETS BY HIGH-THROUGHPUT DEEP LEARNING
PREDICTION REQUIRED - PHENOTYPING & MODELLING OF CELLULAR PROCESSES USING AI

https://academic.oup.com/bioinformatics/article/36/1/272/5521624

DEEP-iAMR – IDENTIFICATION OF NEW ANTIMICROBIAL RESISTANCE TARGETS BY HIGH-THROUGHPUT DEEP LEARNING
PREDICTION REQUIRED - PHENOTYPING & MODELLING OF CELLULAR PROCESSES USING AI
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SCALABLE DATA PROCESSING AND 

USER-FRIENDLY BIOINFORMATICS 

APPLICATIONS IN THE de.NBI CLOUD

Due to the tremendous progress in the 

field of DNA sequencing, character-

izations of pathogenic bacteria have 

changed considerably over the last de-

cades. Today, bacterial genomes can be 

deciphered in many laboratories world-

wide within a few hours. As a result, large 

amounts of raw sequencing data need 

to be analyzed in scalable and automat-

ic manners to fully exploit this genetic 

treasure trove and extract all information 

encoded therein. Moreover, the analysis 

of such sequence data via modern DL ap-

proaches requires vast and standardized 

training data sets of the highest quality. 

Therefore, large numbers of collected 

and sequenced pathogenic bacterial ge-

nomes are automatically processed in 

the de.NBI Cloud to apply strict quality 

controls and finally transform raw se-

quencing data into higher-level genome 

characterizations usable as input fea-

tures for different DL approaches. Hence, 

as a first data processing step, raw se-

quencing data are filtered and revised 

to meet strict quality requirements and 

to streamline the subsequent assembly 

process resulting in bacterial genomes. 

In a second step, these genomes are then 

annotated to assign genomic features, 

e.g. genes and regulatory elements. Fur-

thermore, all genomes are deeply charac-

terized by various insilico analyses as for 

example the detection of AMR genes and 

virulence factors. High standards of cu-

ration enable comparison to high-quality 

reference genomes to detect individual 

mutations, e.g. SNVs. To distribute the 

computational workload of the analysis 

of these large datasets and to exploit the 

vast capacities of modern cloud com-

puting infrastructures as, for instance 

the de.NBI Cloud, all data processing 

and analysis workflows are implemented 

using Nextflow - a state-of-the-art work-

flow management system [6]. Finally, this 

information is automatically collected 

and used as standardized input features 

for DL models.

As soon as successful DL models have 

been sufficiently trained and validated 

they will be used to implement reusable 

bioinformatics software tools for im-

proved AMR predictions. In order to con-

duct reproducible analysis workflows and 

to provide these tools to the scientific 

community, resulting software tools will 

therefore be packaged and distributed 

via modern containerization techniques 

like, for instance, Docker and Podman. 

By doing so, researchers are enabled to 

scale out their analysis within high-per-

formance or cloud computing infra-

structures in order to meet the growing 

computational requirements of ever in-

creasing amounts of data.

      CONCLUSION & OUTLOOK

The huge increase of genome-based 

data from bacterial genome sequenc-

ing studies represents a scientific 

treasure trove for developing robust, 

rapid, and validated approaches to 

predict antimicrobial resistance. How-

ever, much information remains hid-

den in the data due to its sheer amount 

and the implied requirements for suit-

able data analysis strategies and IT in-

frastructures. Modern DL approaches 

are a promising tool to address these 

issues. Within the project Deep-iAMR 

we will use deep neural networks to ex-

ploit the hitherto unknown genetic in-

formation hidden in the genomic data 

to improve the prediction of AMR re-

sistances insilico. In combination with 

our genotype-phenotype studies it will 

potentially help to identify new targets 

for the development of new antibiot-

ic drugs and provide new insights for 

the rational assessment of treatments 

against resistant bacterial pathogens.
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COMPUTER-BASED IMAGE ANALYSIS AND CELLULAR PHENOTYPING
DEEP LEARNING FOR ANALYZING MICROSCOPY IMAGES 

Analyzing high-throughput and high-con-

tent microscopy image data is import-

ant for elucidating cellular processes to 

better understand diseases and to find 

suitable medical treatments. Typically, 

enormous amounts of digital image data 

are generated in biological experiments. 

However, accurate and efficient com-

puter-based analysis of microscopy im-

age data poses a number of challenges. 

Recently, deep learning methods within 

the field of artificial intelligence emerged 

which have a high potential to improve 

automated image analysis. 

DEEP NEURAL NETWORKS

Deep learning is a subfield of machine 

learning within artificial intelligence. The 

basis of deep learning methods are deep 

neural networks, which consist of mul-

tiple layers: An input layer, multiple hid-

den layers, and an output layer (Figure 1).  

These artificial neural networks model 

the function of the human brain using 

multiple connected artificial neurons 

(also denoted as perceptrons). An artifi-

cial neuron has multiple inputs, and com-

putes the weighted sum over the input 

followed by a non-linear activation func-

tion (Figure 2). The weights are learned 

during training from sample images us-

ing backpropagation, which is a gradi-

ent-based optimization method. 

Multiple artificial neurons build one net-

work layer. The fundamental layer type 

is a fully connected layer, where every 

neuron in one layer is connected to all 

neurons in the previous and the next lay-

er. The layers are stacked to generate a 

multi-layer neural network (also denot-

ed as multi-layer perceptron). Networks 

with multiple (hidden) layers are called 

deep neural networks in comparison to 

shallow networks.

Besides fully connected layers, there ex-

ist other types of layers. Important are 

convolutional layers, which perform a 

convolution on the input data using mul-

tiple kernels to generate different feature 

maps. A network which contains convolu-

tional layers is called Convolutional Neu-

ral Network (CNN). CNNs are powerful in 

processing multi-dimensional data such 

as images since they learn a hierarchical 

representation of features. In addition to 

FIGURE 1: General architecture of a deep neural network.

Automated analysis of microscopy image data is important 

to elucidate cellular processes. However, analyzing such data 

poses a number of challenges. Recently, deep learning methods 

within the field of artificial intelligence emerged which yield 

superior results compared to classical methods. Deep learning 

methods use deep neural networks and are typically trained 

from example data. We describe deep learning methods for 

computer-based image analysis of cell microscopy data.

DEEP LEARNINGFOR ANALYZING MICROSCOPY IMAGES Computer-Based Image  Analysis and Cellular  Phenotyping

Input Hidden layers Output
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feedforward neural networks which con-

tain only forward connections, there also 

exist Recurrent Neural Networks (RNNs) 

which are suited to process sequential 

data. RNNs contain blocks with loop con-

nections to represent information from 

previous sequential steps. 

Training of deep neural networks can be 

performed supervised, semi-supervised, 

or unsupervised. For supervised learn-

ing, annotated (labeled) data is required. 

Since labeling of data is generally difficult 

and time consuming, semi-supervised 

and unsupervised learning methods have 

been introduced. A general problem of 

network training is overfitting, which oc-

curs when the complexity of the model is 

high compared to the amount and vari-

ety of labeled data.  Then the model can 

fit the training data very well, but is not 

able to generalize well to unseen data. To 

improve the generalization capability of 

a neural network, regularization can be 

used. An often used technique is dropout, 

where single neurons are temporarily re-

moved during training.

A main advantage of deep learning meth-

ods is that the features are learned au-

tomatically, whereas classical machine 

learning methods employ hand-crafted 

features. This is important for difficult 

tasks such as automated analysis of cell 

microscopy images.

DEEP LEARNING FOR COMPUTER -

BASED IMAGE ANALYSIS 

Deep learning methods can be used for 

different kinds of data. In particular, such 

methods have been applied to analyze 

natural video images and medical im-

ages. Deep learning methods have been 

shown to outperform classical methods 

and they partially exceed the perfor-

mance of human annotation [1, 2].

A central task of computer-based image 

analysis is segmentation. The aim is to 

partition an image into a set of mean-

ingful regions. In the case of microscopy 

images, it is often important to identify 

cells and to distinguish them from the 

background. Cell segmentation is a pre-

requisite to quantify cell properties such 

as size, shape, and signal intensity. This 

is required in many applications and de-

noted as cellular phenotyping. However, 

cell segmentation in microscopy images 

poses a number of challenges such as 

high image noise, low image contrast, 

inhomogeneous image intensities, and 

high variation of cell size and shape.

The Biomedical Computer Vision group 

at Heidelberg University headed by PD 

Dr. Karl Rohr is developing deep learning 

methods for accurate computer-based 

analysis of cell microscopy images. The 

aim is to improve automated quantifica-

tion of cellular phenotypes at the single 

cell level as well as to efficiently process 

large scale microscopy data. In particu-

lar, deep learning methods for cell seg-

mentation have been developed. The 

methods combine different types of neu-

ral network architectures such as con-

volutional neural networks and recurrent 

neural networks. This enables exploiting 

information at different image scales as 

well as performing iterative refinement of 

the segmentation result  [3, 4, 5]. A deep 

neural network with an hourglass shape 

and an encoder-decoder structure has 

been developed. The network comprises 

densely connected blocks, gated recur-

rent neural networks, pooling and unpool-

ing blocks, and residual blocks.

Network training is performed end-to-

end using example images. For the loss 

function, an extension of the cross-en-

tropy is used to deal with class imbal-

ance, and stochastic gradient descent is 

employed for optimization. To reduce the 

amount of manually annotated training 

images, data augmentation is employed. 

With this technique, the available anno-

tated image data is enlarged by applying 

different image transformations such 

as rotation, flipping, scaling, and image 

intensity changes. In addition, trans-

fer learning methods can be used. This 

means that the network is pre-trained on 

available annotated images from other 

domains, and then fine-tuned using im-

ages from the considered application.

The developed deep learning methods for 

cell segmentation have been applied to 

analyze high-throughput and high-con-

tent microscopy image data. Cell fluo-

rescence microscopy images and tissue 

images have been used to extract cellular 

phenotypes. An experimental compari-

son with classical image analysis meth-

ods such as local thresholding, k-means 

clustering, and random forest classifier 

showed that the deep learning methods 

yield superior segmentation results. An 

example segmentation result for a cell mi-

croscopy image is displayed in Figure 3.  

It can be seen that cells with high and low 

image contrast can be well segmented. 

The developed methods have been ap-

plied, for example, to segment cells in 

tissue images for subsequent quantifi-

cation of the length of telomeres (end of 

chromosomes) which can be exploited for 

medical diagnosis. This work has been 

carried out within the BMBF project Can-

cerTelSys. The development and appli-

cation of the deep learning methods has 

been benefitting from the de.NBI com-

puting infrastructure and cloud.

FIGURE 3: Deep neural network for segmentation of cell microscopy images.
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     CONCLUSION

We describe deep learning methods for 

computer-based analysis of microsco-

py images, which is important to eluci-

date cellular processes. Deep learning 

methods are based on deep neural 

networks. These methods improve the 

image analysis results compared to 

classical methods and are well suited 

to cope with the challenges of cell mi-

croscopy data. Automated image anal-

ysis and extraction of cellular pheno-

types from microscopy image data is 

important for biological research and 

to identify relevant targets for medical 

diagnosis and therapy.

      INFORMATION

For further information, please visit:
http://www.bioquant.uni-heidelberg.de/bmcv 
https://www.hd-hub.de/galaxy-image-analysis/
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New image-based methodologies that enable to measure phenotypic effects of perturbations 

are increasingly being used to identify and characterize drug candidates early in the drug de-

velopment process. These methodologies promise to generate deep biological profiles about 

intended and unintended effects of pharmaceutical agents and aid the decisions about their 

further development. However, such increasingly deep data sets pose new challenges in their 

analysis and our ability to learn meaningful biological information. Here, we summarize recent 

approaches in the field and our efforts to create an integrated platform for the generation and 

analysis of image-based drug screens. This platform can predict a drug candidate mode of ac-

tion, learn from drug profiles for predicting their targets and off-target toxicities and evaluate 

opportunities for drug repurposing. We describe how artificial intelligence (AI) plays a key role 

in the analysis of large image data sets and supports analysis to derive target and biological 

profiles for pharmacological agents.

CHALLENGES IN DRUG DISCOVERY

Though new technologies and method-

ological breakthroughs enable drug dis-

covery research at an increasing pace, 

relatively few new drugs reach the mar-

ket. In drug discovery this trend is known 

as ‘Eroom’s law’ [1]. Concordantly, the po-

tential to deploy approved drugs in multi-

ple disease areas often remains unused. 

New strategies for drug development are 

therefore required to (1) shorten the de-

velopment time for new chemical or bio-

logical entities, (2) reduce the failure rate 

of candidates and (3) uncover re-purpos-

ing potential. 

One strategy broadly discussed has been 

to gain more comprehensive information 

on the biological effects of drug candi-

dates early in the drug development pro-

cess. The information gathered about a 

drug candidate’s biochemical properties 

and its effects on biologically relevant 

model systems can form comprehen-

sive profiles to identify nonspecific or 

ineffective chemicals and guide further 

drug development. Cell-free biochemi-

cal assays to identify pharmacologically 

active agents are widely used in drug 

development. However, unlike testing 

chemicals on biological models, such as 

cells, biochemical assays lack informa-

tion on biological characteristics of the 

drug candidate that are important for 

understanding their impact on a biologi-

cal system. Furthermore, each functional 

property of a new chemical is tested us-

ing a specific biochemical assay, leading 

to narrow functional profiles that lack 

the depths to comprehensively identify a 

drug candidate’s characteristics.

IMAGE-BASED PROFILING DELIVERS 

INFORMATIVE PROFILES

Image-based profiling of candidate com-

pounds promises to address key chal-

lenges of classical biochemical assays 

REmatch:  AI FOR DRUG DISCOVERY  AND REPURPOSINGImage-based profiling to create a  high-resolution reference map of  targetable cellular pathways
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by generating information-rich profiles 

in single assays. These phenotypic pro-

files can be used to quantitatively assess 

changes in shape, texture and staining in-

tensity of cells and are derived from mea-

suring a cell’s reaction to the drug based 

on microscopy images. AI aided comput-

er vision algorithms are used to extract 

numeric measurements from images of 

fluorescently stained cells that are later 

combined into profiles describing the 

different facets of cellular reactions. 

Thanks to modern laboratory automation 

this can be done by testing thousands of 

drugs in parallel.

These approaches, however, come with 

three major challenges: First the col-

lected data often comprise millions of 

microscopy images. A screen of 2000 

chemicals in four cell lines can amount 

to more than 2 TB of raw data. Second 

the speed of available algorithms limits 

rapid analysis of screening data sets. 

Analyzing this 2 TB of raw imagery would 

for example take up to 8000 CPU hours of 

pure computation. Furthermore, the lack 

of suitable models and reference profiles 

for data interpretation and exploitation 

complicate the wide-spread use of large-

scale image-based profiling for routine 

drug discovery pipelines. 

Extracted profiles often comprise hun-

dreds of data points, each describing a 

different feature measured on a single 

cell and having different levels of infor-

mation content towards the character-

istics of the investigated chemical. If 

integrated with prior information on drug 

candidates and reference drugs the pro-

files can be used to establish predictive 

models for drug re-purposing and models 

for off-target and mode-of-action pre-

diction [2,3]. Together, these approach-

es can be employed early in the drug 

development process and facilitate the 

cost-efficient early filtering of successful 

and failing candidate compounds. 

A PROOF-OF-CONCEPT KNOWLEDGE 

BASE OF DIVERSE PROFILES

In an ERC funded Proof-of-Concept proj-

ect we developed REmatch, a technology 

platform that integrates an optimized im-

age-based profiling assay [3], a diverse 

set of relevant biological cell line mod-

els [4,5], and an optimized pre-process-

ing pipeline with AI models for improved 

predictions. The goal of this project has 

been to create a diverse reference data-

base of phenotypic profiles allowing to 

chart a comprehensive map of the drug 

target space. One idea to achieve this 

goal is to test a large collection of chem-

icals in a biologically diverse set of cellu-

lar models in an image-based screening 

campaign (Figure 1A). With the help of the  

de.NBI Cloud to scale our prototype as 

a cloud infrastructure millions of imag-

es could then be processed through a 

feature extraction pipeline leading to a 

collection of thousands of profiles in as 

little as seven days of computational pro-

cessing time (Figure 1B). In a next step, 

new algorithms are used that are capa-

ble of extracting the most relevant infor-

mation from the profile collection. This 

makes it possible to find the most active 

chemicals and reduce data complexity 

while conserving a maximum of informa-

tion (similar to filtering a clear voice in a 

noisy phone call). Furthermore, novel ap-

proaches are used to collect a reference 

set of profiles for well annotated chemi-

cals as an anchor point for teaching an AI 

to distinguish different drugs according 

to useful characteristics (Figure 1C).

A MAP OF HIGHLY ACTIVE  

REFERENCE COMPOUNDS

To chart a map of signalling pathways 

affected by the drug within a cell the 

extracted profiles of all drugs can be 

reduced to the most informative parts 

and arranged in a clustered heat map 

of activities. Here, signalling pathways 
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FIGURE 1: Image based drug profiling 

for drug discovery. (A)  By image-based 

profiling diverse sets of cell lines are 

screened against large chemical com-

pound collections. (B)  Each treatment 

is then imaged using fluorescent mi-

croscopy and images are analyzed us-

ing specialized platform technologies 

such as the cloud-based REmatch. 

(C) Novel data integration methods 

maximize information content while 

reducing data dimensionality prior to 

machine learning model training.
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