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Evidence maps of research and of existing and 

emerging applications 
 

The evidence maps were generated in the project DEEPEN GENOMICS (“Opportunities and 

challenges of the convergence of artificial intelligence, human genomics and genome editing”). The 

project (https://www.itas.kit.edu/english/projects_koen19_deepgen.php) ran from January 2019 until 

December 2020 and was funded within the framework "Innovations- und Technikanalyse” (Innovation 

and Technology Analysis), ITA of Germany’s Federal Ministry of Education and Research, BMBF 

(https://www.bmbf.de/de/ita-vorhaben-10103.html). 

 

The maps were developed to examine and present in an evidence-based manner (i.e., based on peer-

reviewed scientific publications, conference papers/proceedings or patents) the current state of 

research as well as of associated existing and emerging applications. 

 

 

 

When using these maps, please refer to as: 

 

König, Harald (2020): Artificial intelligence in human genomics: Mapping research and existing 

and emerging applications. Karlsruhe: Institute for Technology Assessment and Systems 

Analysis (KIT-ITAS) 
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NoDerivatives 4.0 International License. 
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Evidence map: Genomics-based (bio)medicine 
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Editas - Functional data from genome-wide 
genome editing screens (e.g.,  [1] and 
refs. therein) 

- Design of Genome editing tools by DL 
(gRNA) [9-11] 

- Prediction of NHEJ mutations by DL 
[18, 19] 
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- Improvement (by conv. ML) of 
polygenic risk scores (based on 
GWAS) [2-5] 

- Interaction of SNPs from GWAS 
by conv. ML and DL [24] 
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molecules 
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properties 

in silico screening  of lead/drug 
candidates 
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wide genome editing screens 

Design of Genome editing tools 
(gRNA) 
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       Genome editing (somatic) 

Gene- and cell-based therapies 

 

- DL-Prediction of variant effects on 
intermediate cellular processes [6-
8] 

- Identification / prediction of 
causal (functional) variants for 
diseases by DL [7, 8, 12-17] 

- Identification / prediction of 
driver mutations in cancer, conv. 
ML and DL  [20-23] (also NGS data on 

liquid biopsies by DL  [25], data from 
functional RNAi screens [26]) 
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Experimental evidence  

(i.e., directly supported by studies) 
 

(“Conventional”) machine learning (ML) or deep 

learning (DL) approaches 

 
Applications 

Hypothetical  

(i.e., not yet supported by studies) 

Companies that already use 

corresponding approaches 

- DL for predicting the biological 
activities of drug candidates toward 
target proteins of interest (virtual 
screening, QSAR): ligand-based [27, 
28] and structure- based [29] 

- DL (incl. GAN) for predicting drug 
activity of molecules and for de novo 
drug design [30-35] 

- DL-based protein structure 
prediction [36, 37] and protein  (drug) 
design [38, 39] 

- antisense ON to affect splicing [40] 
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Evidence map: DNA phenotyping / Forensic DNA phenotyping 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

                   

       

 

 

 

 

 

 

 

 

 

 

 

 

    

 

- Improvement (by conv. ML) of 
polygenic risk scores (based on 
GWAS) [3-6] 

- Interaction of SNPs from GWAS 
by conv. ML and DL [19] 
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- DL-Prediction of variant effects on 
intermediate cellular processes [7-
9] 

- Identification / prediction of 
causal (functional) variants for 
diseases by DL [8-14] 

- Identification / prediction of 
driver mutations in cancer, conv. 
ML and DL  [15-18] [also NGS data on 

liquid biopsies by DL  [20], data from 
functional RNAi screens [21, 22]] 

 

Companies that already use 

corresponding approaches 

DNA phenotyping 

eg,  ancestry or BMI,  as part of direct-
to-consumer testing 

Forensic (human) DNA phenotyping  

eg,  age, ancestry,  eye color, facial 

features, hair color, height,  skin color  

  

- Functional data from genome-wide 
genome editing screens [z.B. [1] and 
refs. therein] 

- Design of Genome editing tools by DL 
(gRNA) [25, 26] 

- Prediction of NHEJ mutations by DL 
[27, 28] 
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- ML-prediction of externally 
visible characteristics, eg, height 
[2], age [23, 24] (also using DL 
[29]) , eye, hair and skin color 
[30, 31], ancestry [32] or facial 
features  [33, 34], from DNA 
and/or DNA-encoded aspects 
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Evidence map: Human metagenomics 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                   

            

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

- ML for identification and analyses of 
pathogenic protein contents / 
virulence factors from assembled and 
annotated sequences [14, 15]  

- ML for predicting novel bacterial 
pathogens from raw next generation 
sequencing  data [20]     

 

- ML (and DL) for antibiotic-
resistance predictions (and 
treatment doses) from genome 
sequence data of clinical samples 
[7-12] 

- ML for predicting new resistance 
genes / genetic signatures [11, 16] 

- DL for assessing resistance genes 
in environmental samples [17] 
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Design of Genome editing tools 
(gRNA) 

Prediction NHEJ mutations 

            

       Genome editing (somatic) 

Gene- and cell-based therapies 

Prediction of viral hosts and 

vectors 

 

- ML for predicting animal reservoirs and 
the existence and identity of arthropod 
vectors from ssRNA viral genome sequences  
[13] 

- DL for viral host prediction based on viral 
genome sequences  [18]   
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Microbiome forensics  

(eg, human  microbiome analyses to assess 
how long a murder victim has been dead; or to 
identify individuals) 

 

- DL for  Identification of viruses in 
metagenomic sequences  from human 
samples [5, 6] 

- ML for prediction of postmortem 
intervals from human microbiomes 
[1-4] 

 - ML for human identification via 
skin microbiome genetic sequences  
[19] 
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