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Pharmacogenetics = variation in drug response 
due to genetic differences

•Drug should work as expected
•Change the dose of the drug
• Increased chance of toxicity for drug
•Use another drug



www.pharmgkb.org



Codeine pharmacogenetics

Codeine

CYP2D6

Morphine

As much as 23% of people in the US have a 
compromised ability to metabolize opioids

1-5% are poor metabolizers => CODEINE DOES NOT WORK
1-21% are ultra metabolizer => MORPHINE SPIKES IN BLOOD 5

Marcalus et al, 2019



“Star” Alleles = Haplotypes of pharmacogenes

*1 = Wildtype (Reference Sequence)
*2 = some combination of SNP alleles
*3 = another combination
*4 = etc…

CYP2D6 has 161+
observed haplotypes
(many are common)

From PharmVar DB



Antidepressants Beta 
Blockers

Anti-
cancer

Antipsychotics Other 

Amitriptyline
Clomipramine
Desipramine
Imipramine
Fluoxetine
Paroxetine
Tamoxetine
Trimipramine
Venlafaxine

Alprenolol
Carvedilol
Propafenone
Bupranolol
Clonidine
Debrisoquine
Metoprolol
Propranolol
Timolol

Tamoxifen Haloperidol
Perphenazine
Risperidone
Thioridazine
Zuclopenthixol
Atomoxetine
Alprenolol
Amphetamine
Aripiprazole

Mexiletine
Minaprine
Nebivolol
Nortriptyline
Ondansetron
Oxycodone
Perhexiline
Phenacetin
Phenformin

Methamphetamine
Bufuralol
Chlorpheniramine
Chlorpromazine
Clonidine
Codeine
Debrisoquine
Dexfenfluramine
Dextromethorphan

Some drugs metabolized by CYP2D6





Rare variants in UK Biobank Exomes

• Evaluated:  variation in 8 key pharmacogenes (metabolizing 
enzymes, transporters) including CYP2D6
• 478 predicted-deleterious variants across all 8
• 244 of these not in gnomAD (resource for population variation)
• 6.1% of individuals carry one novel deleterious variant
• Each individual has an average of 12 drugs for which unusual 

response might expected
• Novel variants enriched in non-European populations



NOT in gnoMAD

We need methods to assess the impact of novel or rare variations!



How can we predict the function of 
the novel haplotypes observed in 

population surveys?
==

How can we bring clinical 
pharmacogenetics to patients with 

rare variants?



Deep Learning
● Deep Learning is based on an analogy to neural 

processing = neural networks
● cf. processing of light in the retina.

http://www.arn.org/docs/glicksman/eyw_041101.htm



Deep Learning

https://www.michaelchimenti.com/2017/11/deep-neural-nets-software-2-0/



https://www.freecodecamp.org/news/keras-vs-pytorch-avp-transfer-learning-c8b852c31f02/

95% beagle

4% basset hound

64% tabby

33% Siamese

0.1% wooden spoon



CYP2D6 “Activity Score” 
Method for predicting metabolic 
phenotype from genotype (* allele)

Assigns a score to each haplotype based 
on known functional variants =  sum of 
the haplotype scores

Value 
assigned 

Alleles

0 *3, *4, *4xN, *5, *6, *7, *16, *36, *40, *42, 
*56B

0.5 *9, *10, *17, *29, *41, *45, *46

1 *1, *2, *35, *43, *45xN

2 *1xN, *2xN, *35xN

Adapted from Gaedigk et 
al, 2007

Adapted from Gaedigk et 
al, 2017



IDEA for CYP2D6 Transfer Learning

• Generate 50,000 sequences on a natural gnoMAD
background with known CYP2D6 variations 
embedded/spiked into these sequences
• Estimate the Activity Score of these sequences 
• Train a model to learn how to assign Activity Scores
• (This should force CNN to learn key sequence features)
• Use SPARSE experimental (360 samples) &  database data 

(~60 * alleles with known function) to refine final layers
• Predict function of haplotypes & assess

PLoS Comput Biol. 2020 Nov 2;16(11):e1008399



Transfer learning used to train network

Pretrain on simulated data Tune on real data via semi-supervised 
learning

Measured activity regressionActivity score classification

Fine tune on star alleles sequences

Star allele Classifier

17



Experimental data (Erica Woodahl & Rachel Dalton)

CYP2D6:  14,407 base pairs in 9 exons

(360 liver samples, sequenced CYP2D6, 2 activity measurements/sample) 

161 variant sites

60 intronic, 56 exonic, 45 upstream/downstream



Gold standard data available from databases



Representation of (phased) sequence data

Annotations   +



Binary annotations for variants

• In coding region?
• Allele freq < 0.05?
• Deleterious per vote of 

CADD, DANN, FATHMM, 
LOFTEE?
• Indel?

• In methylation mark?
• DNA hypersensitivity site?
• TF binding site?
• Known eQTL site?
• Known active site amino 

acid?

PLoS Comput Biol. 2020 Nov 2;16(11):e1008399



Transfer learning used to train network

Pretrain on simulated data Tune on real data via semi-supervised 
learning

Measured activity regressionActivity score classification

Fine tune on star alleles sequences

Star allele Classifier

22



PLoS Comput Biol. 2020 Nov 2;16(11):e1008399



Validate predictions using in vitro data 
from large study.

71% variance explained by functional 
labels

Star allele function measured 

Comparison of predicted function with in vitro data

24

PLoS Comput Biol. 2020 Nov 2;16(11):e1008399





Performance on
novel uncurated
star alleles

● Patients with these 
haplotypes would currently 
be told:  "no information 
available”



Importance using DeepLift
Shrikumar, Greenside & Kundaje
https://arxiv.org/abs/1704.02685

PLoS Comput Biol. 2020 Nov 2;16(11):e1008399



Conclusions

• Pharmacogenomics is entering clinical care and is useful 
chiefly in the context of common variants

• UK Biobank analysis indicates large numbers of people with 
variations in pharmacogenes that are not currently 
characterized, thus limiting impact.

• Deep learning methods (in this case with transfer learning) 
hold promise for predicting clinically useful 
pharmacogenomic phenotypes for novel (chiefly rare) 
variations in important genes.
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