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HPC project

● Data-driven determination of Arch3 variants 
excitation energies from gene sequences

● Self-consistent computational approach

● Understanding color tuning determinants in the 
Arch family

● Identifying Arch red-shifted candidates for 
optogenetics
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● Data-driven determination of excitation 
energies from gene sequences

HPC project
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HPC project

● Self-consistent computational approach



Leonardo Barneschi, MSc Dipartimento di  biotecnologia, chimica e farmaciaUniversità degli studi di Siena 5

HPC project

● Understanding of color tuning determinants in 
the Arch family
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Halorubrum 
sodomense 
expressing Arch3 

Gene 
introduced and 
expressed in 
neurons

AP visualized
through fluorescence 
emission

Hochbaum, D et al. Nature methods 11, 825, 2014.

● Identifying Arch3 red-shifted candidate for optogenetics

6

HPC project
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Optogenetics

Sensors

• Spectral orthogonality with 
actuators

• Deep tissue penetration
• Low phototoxicity
• Long fluorescence lifetime
• High voltage sensitivity

neuron membrane
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LightHeat or Light

all-trans retinal

13-cis retinal

• Huge phylogenetic 
variability

• Opsin family
• 7 transmembrane helices
• Retinal chromophore

• Light-induced 
photoisomerization

Karasuyama, M et al. Scientific reports 8,15580, 2018.

Rhodopsin family 
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Arch3
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The a-ARM protocol
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The a-ARM protocol

MAE for a-ARM 

is 0.9 kcal/mol
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The a-ARM protocol
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Design of the mutation strategy
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Positions V59, P60, D95, 

T99, P196, D222, A225 were 
found to be important in 
mutagenesis experiments

Design of the mutation strategy
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Biggest shifts are 
displayed for 
substitutions to 
charged aa

Preliminary results - Single Mutants
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Protein aa sequence Binary representation Mathematical 
relationship between 
sequence and vertical 
excitation energy

Sequences representation
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To represent K 
rhodopsins I need a 
matrix with dimensions:

K, MxN

M = 20 (binary representation)
N =  sequence length
K =  number of variants

Sequences representation
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Sequences representation
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IQR range
rule

Preprocessing of input data - towards ML

N = 600 N = 549

Are outliers actually 

outliers?
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Preprocessing of input data - towards ML
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Preprocessing of input data - towards ML
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or , in matrix notation:

y = β0 + Xβ

M = 20 (binary representation of a single AA)
N =  sequence length
K =  number of variants

||e||2 = || y - Xβ ||2 min || y - Xβ ||2 β = (XTX)-1 XT y

Linear Function Define as least 

square problem
Solve analytically 

or via GD

ML - A linear approach
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or , in matrix notation:

M = 20 (binary representation)
N =  sequence length
K =  number of variants

β = (XTX + Iλ)-1 XT y

Linear approaches - Ridge Regression
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Ridge Regression

MAE -> 1.10 kcal/mol

Linear approaches - Ridge Regression
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Linear approaches - Ridge Regression
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M = 20 (binary representation)
N =  sequence length
K =  number of variants

Linear approaches - Lasso Regression
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Lasso Regression

MAE -> 1.05 kcal/mol

Ridge Regression

MAE -> 1.10 kcal/mol

Linear approaches - Lasso Regression
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Linear approaches - Lasso Regression
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Lasso Regression - coefficients representation



Leonardo Barneschi, MSc Dipartimento di  biotecnologia, chimica e farmaciaUniversità degli studi di Siena 30

Lasso Regression - coefficients representation
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RF Regression

MAE -> 1.00 kcal/mol

Non-Linear approaches - Random Forest

Ridge Regression

MAE -> 1.10 kcal/mol

Lasso Regression

MAE -> 1.05 kcal/mol
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Non-Linear approaches - Random Forest
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Non-Linear approaches - Random Forest
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Meaningfulness of the models
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Meaningfulness of the models

ML predicts shifts in the 
same direction as Exp.  

Good QM/MM models?
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To Do

● Statistical Analysis of the excitation energies

● Increase the training set by generating more double 
mutants

● Define the problem as a classification task

● Use non linear-models including NN

● Outliers (?)


