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ColabFold AlphaFold2
https://  colab.research.google.com  / github /sokrypton / ColabFold /blob/main/AlphaFold2.ipynb

v ColabFold v1.5.5: AlphaFold2 using MMseqs2

Easy to use protein structure and complex prediction using AlphaFold2 and Alphafold2-multimer. Sequence
alignments/templates are generated through MMseqs2 and HHsearch. For more details, see bottom of the
notebook, checkout the ColabFold GitHub and Nature Protocols.

Old versions: v1.4, v1.5.1, v1.5.2, v1.5.3-patch ¥ L §2)

accessible to all. Nature Methods, 2022

> Input protein sequence(s), then hit Runtime -> Run all

guery_sequence: I PIAQIHILEGRSDEQKETLIREVSEAISRSLDAPLTSVRVIITEMAKGHFGIGGELASK ‘
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[1]k = 1.0

def calc force (X):

f= -k*x
return f

[2] m=1.0; dt = 0.01;

x=1.0;v=0.0;f=

nsteps = 5000

calc_force (x)

x_list =[x]; tlist =[0.0]

for 1 inrange( nsteps):

t list.append
f= calc_force
X = X + v*dt

v =V + (f/m)*dt

((i+1)*dt)
(x)

x_list.append (X)
[3] import matplotlib.pyplot as plt
plt.plot (t list , x_list )

plt.show ()
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[1]k = 1.0

def calc force (X):

f= -k*x
return f

[2] m=1.0; dt = 0.01;

x=1.0;v=0.0;f=

nsteps = 5000

calc_force (x)

x_list =[x]; tlist =[0.0]
for 1 iInrange( nsteps):
t listappend ((i+1)*dt)

v =V + 0.5%(f/m)*dt

X = X + v*dt
x_list.append

(x)

f= calc_force (X)
v =V + 0.5%(f/m)*dt

[3] import matplotlib.pyplot as plt
plt.plot (t list , x_list )
plt.show ()
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[1] !pip install pyscf v A kv Fk K

[2] from  pyscf import gto, scf

[3] mol= gto.Mole ()
mol.atom ='H 0.0 0.0 0.0'
mol.basis ='6 -31g'
mol.charge =0
mol.spin =1
mol.build ()

mol_uhf = scf.UHF (mol)
e = mol_uhf.kernel ()

print"E[ hartree ]=", e) zdek” Ux o
me* 1

Ei=- = ——[hartree]
8eg h? 2
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[1] 'pip install pyscf rdkit py3Dmol pyberny

[2] from  rdkit import Chem
from rdkit.Chem import AlIChem

[3] alanine = "C[C@@H](C(=0O)O)N"
mol = Chem.AddH$§ Chem.MolFromSmiles(alanine))
params = AllChem.ETKDGV3()
AllChem.EmbedMolecule (mol, params)
AllChem.MMFFOptimizeMolecule (mol)
xyz = Chem.MolToXYZBlockmol)

[4] import py3Dmol

v = py3Dmol.view(width=500, height=420)
v.addModel (xyz," xyz")

v.setStyle ({"stick": {"radius":0.25}, "sphere": {"scale":0.3}})

v.zoomTo()
v.show ()

SMILES O n gt !



[5] conf =

mol.GetConformer ()

xyz_lines =]
| , atom in enumerate( mol.GetAtoms ()):

for

p = conf.GetAtomPosition (i)
xyz_lines.append (f'{ atom.GetSymbol ()} {p.x:.6f} {p.y:.6f} {p.z:.6f}")

Xyz_str =" ¥n"join (xyz_lines )

[6] from

pyscf import gto, dft

from pyscf.geomopt import berny solver

mol_
mol_
mol_
mol_
mol_
mol_
mol
mol_
mol

pyscf = gto.Mole ()
pyscf.atom = Xyz_str
pyscf.charge =0
pyscf.spin =0
pyscf.basis ="6 - 31g(d)"
pyscf.build ()

dft = dft.RKS ( mol_pyscf )
dftxc ="B3LYP"
dft.kernel ()

[7] mol_

min = berny_solver.optimize

( mol_dft )

|
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EASE OF
CALCULATION

2D X
A X
A X X
Ez
HO/ \CH:r.
3D X
A §
A 3
4D X
A [/
A/ S hi KW T

P. Cal’l’acedGRebOI’ed(Et al’ Comput StrUCtBIOteChnO.| J, 19 (2021) 4538 Fig. 3. Representation of the information coded by the different molecula

descriptors according to their dimensions.
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P.CarracedeReboredcet al., Comput Struct.Biotechnol J, 19 (2021) 4538.
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Fig. 3. Representation of the information coded by the different molecula
descriptors according to their dimensions.



Molecular representations in bio-cheminformatics

Thanh-Hoang Nguyen-Vo'4® - Paul Teesdale-Spittle? - Joanne E. Harvey3( - Binh P. Nguyen*

- High-dimension
- Discrete values

@’*Hﬁ

//“OH
OH
—> | Training
a h)
NN Sannn mn =

Source of molecules

Fig.4 An example of language model-based representation

H IUPAC Name: 3-[(25)-1-methylpyrrolidin-2-yl]pyridine
~ N InChI Key: SNICXCGAKADSCV-JTQLQIEISA-N

N/ SMILES: CNICCC[C@H]1CI=CN=CC=Cl1

55 | T. H. NguyetVoet al, MemeticComput, 16 (2024) 519.

Model learned structural pattterns

Morgan ¢ Y

.o o

New molecule

Encoding
] DO foon

- Lower- dtmenston

Fig.3 An example of structure-based representations. Aspirin’s Mor-
gan fingerprints are a binary vector in which ‘one (1)’ and ‘zero (0)
indicate the ‘presence’ and ‘absence’ of a defined substructure, respec-
tively. A set of Morgan substructures is determined by the number of
selected bits (e.g., 1024, 2048) and radius (r). The size of the substruc-
ture is associated with the radius

- Continuous values

Coy Coy Oy O Coy Co Oy O

Ethanoic acid Node matrix (Adjacency) Edge matrix
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[1] !'pip install rdkit

[2] import pandas as pd
URL = "https://deepchemdata.s3

- us- west- 1.amazonaws.com/datasets/ delaney - processed.csv

df = pd.read_csv (URL)
df = df.rename (columns={"measured log solubility in mols per litre logS"})
df = df [["smiles", " logS"]]. dropna(). reset index (drop=True)
df
[3] from rdkit import Chem, DataStructs
from rdkit.Chem import rdFingerprintGenerator as rfg
import numpy as np
FP_NBITS = 2048
mgen = rfg.GetMorganGenerator (radius=2, fpSize =FP_NBITS, includeChirality =True)
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[4]

X list , ylist =[]

for smiles, y in df [['smiles", " logS"]]. itertuples

mol = Chem.MolFromSmiles(smiles)
fp = mgen.GetFingerprint  (mol)
X_list.append (fp)
y_list.append (y)

X = np.array (X_list )

y= np.array (y_list )

X.shape, y.shape

(index=False):

[5] import matplotlib.pyplot as plt

from sklearn.decomposition import PCA

pca = PCA(n_components=2)
X _2d = pca.fit_transform (X)

plt.figure  (figsize =(6,5))

sc = plt.scatter  (X_2d[:,0], X_2d[:,1], c=y, alpha=0.8)
plt.colorbar  (sc, label=" logS")

plt.xlabel ("PC1"); plt.ylabel ("PC2")

plt.show ()
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[6] from  sklearn.model_selection import train_test_split

X tr, X te, y tr, y te = train_test split (X,y, test size =0.2)
X _tr.shape , X te.shape

[7] from  sklearn.ensemble import RandomForestRegressor
from sklearn.linear_model import LinearRegression

rmodel = LinearRegression ()
#rmodel = RandomForestRegressor ()
rmodel.fit (X tr, y tr)

[8] import matplotlib.pyplot as plt

p_te = rmodel.predict (X te)

plt.figure  (figsize =(5,5))

plt.scatter (y te, p_te, alpha=0.7)

lims =[min( y_te.min (), p_te.min ()) -0.5 max( y _te.max (), p_te.max ())+0.5]
plt.plot (lims, lims, linestyle ="--")

plt.xlim (lims); pltylim (lims)

plt.xlabel  ("True logS"); pltylabel ("Predicted logS")

plt.show ()
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Learning to Navigate The Synthetically Accessible Chemical Space Using
Reinforcement Learning

Sai Krishna Gottipati "' Boris Sattarov "' Sufeng Niu’ Yashaswi Pathak'® Haoran Wei'* Shengchao Liu*¢
K J. Th ! Simon Blackburn® C W. Coley’ Jian Tang®%°® Sarath Chandar °8°
O el Benotgs 156 e Saratl LAancar S. KGottipati, et al., Proc. Mach. Learn. Rds19(2020) 3668.

Yoshua Bengio 3 ! 86
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(a)
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REPRESENTATION
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DECODER
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SMILES output

Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules

Rafael Gémez-Bombarelli, " Jennifer N. Wei,"*© David Duvenaud, " José Miguel Hernéndez-Lobato,*"
Benjamin Sinchez-Lengeling," Dennis Sheberla,”” Jorge Aguilera-Iparraguirre,” Timothy D. Hirzel,’
Ryan P. Adams,”! and Alan Aspuru-Guzik* "

R. GomeBombarelljet al, ACS Cent. Sdi(2018) 268.
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[1] 'pip install rdkit guacamol

[2] 'git clone https://github.com/BenevolentAl/guacamol_baselines
%cd guacamol_baselines /
Ibash fetch_guacamol dataset.sh

[3] import random, pathlib
from rdkit import Chem
from rdkit.Chem import Draw, QED, Descriptors

smiles_path = pathlib.Path  ("data/guacamol_v1_all.smiles")
all_smiles =] Lstrip () forlin open( smiles_path )if lLstrip ()]

gen = random.sample (all_smiles , 20)
gen

[4] mols=[ Chem.MolFromSmiles(s) for s in gen]
img = Draw.MolsToGridimage (mols, molsPerRow=5, sublmgSize (200,200))
img




Chemical language models for de novo drug design:
Challenges and opportunities
Francesca Grisoni®”

Figure 2

F.Grisonj Curr.Opin Struct. Biol79 (2023) 102527.

a Molecule Iibrary

end-to-end design

De novo designs
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String representations

(CC1l=CC=C (

Generated strings

o}
OH

CC (CCl=CC=C (C(C(O)=0)C)C=Cl)C

Training molecule

QP9

OO ©

C(C(0)=0)C)C=Cl1)C
m ——>» CC(C)CC1l=CC=C(C(C)C(=0)0)C=Cl
C (C)CCl=CC=C(C=Cl)C(C)C(=0)0

Molecular graph SMILES strings

Recurrent neural network (RNN)

Current Opinion in Structural Biology

Table 1

Examples of molecular strings for ibuprofen.

Type

Representation

Structure
(2D molecular
graph)

IUPAC Name
SMILES
DeepSMILES

SELFIES

InChl

InChiKey

\‘/\Q\i
z OH

2-[4-(2-methylpropyl)phenyl]
propanoic acid

CC(C)Cc1ccc(ccl)[C@ @H](C)
C(=0)0

CCC)Ccccccch))[C@ @H]C)C=0)
(0]

[CI[C][Branch1][C][C][CI[C][ = C][C]
[ = C][Branch1][Branch1][C][ = C]
[Ring1][ = Branch1][C@ @H1]
[Branch1][C][C][C][ = Branch1][C]
[=QJ0]

1S/C13H1802/c1-9(2)8-11-4-6-
12(7-5-11)10(3)13(14)15/h4-
7,9—10H,8H2,1—-3H3,(H,14,15)

HEFNNWSXXWATRW-
UHFFFAOYSA-N
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