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Introduction to the 
Allen Brain Atlas



Allen Brain Atlas Overview
● Project by the Allen Institute for Brain Science since 2003
● Goal: insights into whole brain function

○ Emphasize disease treatment: Parkinson’s, Alzheimer’s, autism, etc.

● Contents
○ ‘All genes - All structures’ microarray

■ Used to obtain transcriptomic differences between structures
○ Human and Mouse
○ Development, aging, and disease
○ Imaging: histology, MRI
○ Tools for visualization
○ More recently: RNA-seq of two human brains
○ Single cell data



Chosen dataset
RNAseq

● 121 samples from 82 unique 
areas

● 22,318 genes

Preprocessing

● log(TPM + 1)
● Remove genes → 7,530 remain

○ Low/constant expression
○ Sequence < 100 nt



Project Summary
Part 1: Understanding the dataset
● Brain Structures
● PCA
● Agglomerative and K-Means clustering

Part 2: Supervised learning
● Different model performances
● Different brain resolutions 

Part 3: Drug Transport
● Workflow for estimating 

structure-specific drug susceptibility
● Prediction of drug uptake

Does RNA expression predict region?

Can we predict where drugs end up in 
brain?



Data Visualization



Increasing Resolution



Structures

Main Structures
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PCA
80%: 66 PCs

Z-score of log(TPM+1)



Cortex PCA



Cluster members

Complete overlapNo overlap

● Cluster data with k = [number of structures]

● Agglomerative → better performance

● Clustering does not totally recapitulate region



Supervised Learning:

How well can a model differentiate 
between brain regions from gene 

expression data?



Overview

Shotgun classifier 
testing Top model refinement

● Decision Tree
● Support Vector Machine (SVM)
● K-Nearest Neighbors
● Logistic Regression
● Gaussian Naive Bayes
● Random Forest

● Bootstrapping
● Cross-validation
● Regularization



Coarse Grain Training
● Trained and tested 5 multiclass 

classifier for each resolution
● Multinomial Logistic Regression 

and Random Forest performed 
the best across resolutions

Supervised Accuracy with Increasing Resolution
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Multinomial Regression 

● Performance decreases as 
number of classes increases

● Cross-validation proves no 
overfitting for 3 class

○ Others not enough samples

● L2 regularization
○ L1 could not converge

● One-vs-all
● 3 class: 50% overlap in genes 

between brainstem and 
cortex 

○ No overlap with cerebellum
Matthews Correlation Coefficient Accuracy
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Cerebellum Brainstem Cortex

Z-score of log(TPM+1)



Random Forest
● Performance decreases as 

number of classes increases
● Initially built until fully 

expanded
● Inherently multiclass

Accuracy with Increasing Structural Resolution
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Early Stopping

● Both trees can do early stopping while maintaining performance

Tree Depth Tree Depth
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Early Stopping for 3 Classes Early Stopping for 10 Classes



Outcomes
● Very good performance for 3 class 

○ Significant drop off after that

● Can obtain useful information from 3 and 10 class models
● Multinomial regression can more easily show biological information
● Transcription factor expression useful for 3 class differentiation

Supervised learning possible at low resolution from this dataset



Drug Transport:

How much does a given brain region 
take up a given drug?



Motivation

Images:
https://www.merckmanuals.com/home/brain,-spinal-cord,-and-nerve-disorders/brain-dysfunction/brain-dysfunction-by-location
https://www.pearson.com/us/higher-education/program/Mathews-Biochemistry-4th-Edition/PGM39253.html

Inform targeted drug discovery

Understand off-target effects

Apply a new scientific paradigm: 
carrier-mediated drug uptake

(Dobson & Kell, Nature Reviews Drug Discovery, 2008)

https://www.merckmanuals.com/home/brain,-spinal-cord,-and-nerve-disorders/brain-dysfunction/brain-dysfunction-by-location
https://www.pearson.com/us/higher-education/program/Mathews-Biochemistry-4th-Edition/PGM39253.html


Overview of workflow

Inputs:

Allen Brain Atlas
Location-specific RNA expression

RECON3D 
Transporter/Metabolite DB

DrugBank
Drug/Structure information

Tools:

COBRApy
Entrez gene DB
Indigo Cheminformatics
Knowledge from BENG 212

Outputs:

TADSI
Transport Activity/Drug Similarity Index

(each drug, structure pair)

Ranked list of interactions

Statistical comparisons



Integration:

Detailed workflow
Inputs:

Allen Brain Atlas
121 samples

Genes x Samples

RECON3D 
Transporters

1677 reactions
Reactions → Metabolites

DrugBank
9296 drugs

Drugs

Transporter 
Expression

81 genes
Genes x Samples

Curation:

Delete genes

 Gene IDs from COBRApy

Gene IDs → Gene from Entrez

Reaction 
Activity

451 reactions
Reactions x Samples

Metabolite 
Activity

78 metabolites
Metabolites x Samples

TADSI

Drugs x Samples
Drug/Metabolite

Similarity
2389 drugs

Metabolites x Drugs

Delete drugs w/ bad structures



Reduced dimensions of transporter geneset

90%: 34 PCs

Gene Metabolite Expression location/Details

SLC14A1 Urea Expressed in erythrocytes and the kidney

SLC16A8 Monocarboxylates Cerebellar choroid plexus: basal epithelia

SLC6A7 L-proline, Na+ Expressed in brain. Proline acts as neurotransmitter



Gene-Reaction Mapping

● Not proteomics → ignore protein-level regulation
○ Assume no transport complexes

● Assume each gene has equal activity for each reaction it performs
● Assume the contributions of each gene are additive

Ex: SLC7A7 (cationic AA transporter):

Promiscuous Transporters



Metabolite activity in each brain region 

Potential Improvements:

● Expand database
● Single-cell omics
● Network information

○ Flux direction
○ Transporter affinity
○ Metabolite concentrations

1. Proline
2. Glutamine

3. MTHF

4. Urea



Cheminformatics Workflow

Indigo python 
package: 
PMC3083596

CN1C=NC2=C1C(=O)N(C)C(=O)N2C

“SMILES” 
Structure

Known Structure Fingerprint

Long list of 
attribute 

presence/ 
absence

Also called:
Tanimoto Index

Jaccard Similarity

Dopamine

Methamphetamine

0.69

Dopamine

Caffeine

0.21



Metabolite:Metabolite Similarity

Tricarboxylic acids

Amino acids

Nucleic acids

Sugars

Misc: ions, larger metabolites



Metabolite:Drug Similarity



Rule of 0.5
Drugs with similarity < 0.5 cannot use a metabolite’s transporter
S. O’Hagan et al, Metabolomics, 2015

2,389 drugs (25%)
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TADSI Matrix
Transport Activity Drug Similarity Index
[TADSI] = [Met:Drug Similarity]T ✕ [Met:Sample Activity] 
Scaled by standard deviation of full matrix

● No highly specific drugs
● 4 clusters, 3 of which are active

○ 1 somewhat specific to cerebellum

2,
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121 Brain Samples 

Active drugs



TADSI Drug Clusters

Cluster 0:
2,046 drugs

Very low TADSI

Cluster 1:
160 drugs

Least difference 
cortex/cerebellum

Amino Acids

Cluster 2:
65 drugs

Highest uptake

Amino Acids

Cluster 3:
118 drugs

Lower uptake

Peptides

Valine

2-Methylleucine
2-Amino-4-mercapto-

butyric acid

Lysine

6-Hydroxy-norleucine 2-Aminopimelic
 acid

Larazotide

N-(3-Propylcarbamoyloxirane-2-Carbonyl)
-Isoleucyl-Proline

Rapastinel



Cluster 3: Representative Drugs
1 Larazotide Cell permeability suppression for celiac disease

2 N-(3-Propylcarbamoyloxirane-2-carbonyl)-isoleucyl-proline Experimental cathepsin B inhibitor (proteolysis)

3 Rapastinel Clinical trials for depression, OCD

4 Perindopril ACE inhibitor (hypertension)

5 Lisinopril ACE inhibitor (hypertension)

6 Enalaprilat ACE inhibitor (hypertension)

7 N-[1-Hydroxycarboxyethyl-Carbonyl]Leucylamino-2-Methyl-Butane Experimental cathepsin B inhibitor (proteolysis)

8 Ethylaminobenzylmethylcarbonyl Group Experimental candidapepsin-2 inhibitor (proteolysis)

9 Methyl-n-({(2s,3s)-3-[(Propylamino)Carbonyl]Oxiran-2-yl}Carbonyl)-l-isoleucyl-l-prolinate Experimental cathepsin B inhibitor

10 Ciclosporin Immunosuppression



SA:V ratio may contribute to differential uptake

Images:
https://canvas.brown.edu/courses/851434/pages/looking-at-neurons?module_item_id=6586407

Subcortex Cortex Cerebellum

Hypothesis: More surface area → more transporters

https://canvas.brown.edu/courses/851434/pages/looking-at-neurons?module_item_id=6586407


Outcomes
● Predicted uptake of 343 drugs in cortex and cerebellum

○ Mainly amino acids and peptides
○ At least one experimental antidepressant

● Demonstrated differences between three brain parts
○ Highest uptake: cerebellum
○ Lowest uptake: subcortex

● Identified areas for improvement
○ Single cell resolution
○ Thorough annotation
○ Integration with other omics data/networks
○ Drug localization experiments for validation



● Very incomplete transporter list
○ Master’s project: complete annotation
○ 81 genes, 451 reactions, 78 metabolites

● Tanimoto similarity 
○ May not predict affinity

● Coarse granularity
○ RNAseq run on sections of brain instead of single cells
○ Blood-Brain-Barrier permeability ignored

● Disease state ignored
● Long list of assumptions

Limitations



Assumptions
1. Transporter activity is only determined by its RNA concentration

a. Ignores protein level regulation
b. Ignores kinetics, affinities, and metabolite concentrations

2. Transporters carrying out the same transport event behave independently
a. No complexes or preferential transport affinities

3. Each unique transport reaction occupies an equal fraction of a promiscuous transporter’s activity
4. Flux direction is ignored
5. For drug/metabolite similarities above a threshold, the activity of the drug scales with its similarity
6. Drug and metabolite activities through each transporter in a region are additive



Conclusion



Conclusion
Part 1:

● Supervised learning possible at 
low resolution from this dataset

● 3 and 10 class analysis works well
● Biological relevance vs. minimizing 

overfitting

Part 2:
● Predicted uptake of 343 drugs in 

cortex and cerebellum
● Demonstrated differences between 

three brain parts
● Identified areas for improvement

○ Single cell resolution
○ Thorough annotation
○ Integration with other omics 

data/networks
○ Drug localization experiments for 

validation



Thanks for listening!
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Questions?



Correlations



Covariance Matrix



Substructures

Substructures
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Specific Structures 

Specific structures
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PCA



Cortex PCA Genes



Multinomial LR Genes (3 Classes)



Multinomial LR Genes (3 Classes)



Random Forest Top Genes (3, 10, 29, 82)


