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By the beginning of the twentieth century, the Great Lakes were
the richest freshwater fishery in the world [...]
But those good years were soon gone.

Dennis, Jerry. The Living Great Lakes: Searching for
the Hean‘ of the In/and Seas. Macmlllan 2003













Invasive Species Control















G protein-coupled receptors: sense diverse chemicals
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Millions of Molecules
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Millions of Molecules
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Virtual Screening

Receptor Structure-based
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I
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Small Molecule-based
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Virtual Screening

Small Molecule-based
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Millions of molecules

Hypothesis-based
filtering

Hundreds of molecules
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Experimental
Assay

Data

Hypothesis
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Tabular Data
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https://rasbt.github.io/biopandas/

Raschka S (2017) BioPandas: Working with molecular structures in pandas DataFrames.
J Open Source Softw 2:1-3.

24



@<TRIPOS>MOLECULE

DCM Pose 1
32 33
SMALL

0

0 O

USER_CHARGES

@<TRIPOS>ATOM

1C1
2C2
3C3
4 C4
5C5

18.8934
18.1301
18.2645
16.2520
15.3820

5.5819
4.7642
6.8544
6.2866
3.0682

241747 C.2
24.8969 C.2
23.7342 C.2
247933 C.2
25.1622 C.3

1 <0>
1 <0>
1 <0>
1 <0>

-0.0410
0.4856
0.8410
0.0000
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from bicpandas.mol2 import PandasMol2

pmol = PandasMolZ()

pmol.read mol2('./molecule.mol2’)

pmol.df.head(10)

atom_id atom_name

0 1 C1
1 2 c2
2 3 C3
3 4 Cd
4 S CS
5 6 C8
6 C7

C8

Ccs

x
18.8934
18.1301
18.2645
16.2520
15,3820
154182
16.7283
16.0764
17,9106

17.0289

y
55819
4.7642
6.8544
6.2866
3.0682
1.8505
2.0138
4,1199

1.3823

7.1610

z
241747
24 8969
23.7342
24.7933
25,1622
26.0566
268111
26,0119
26.0876

24.0411

atom_type
c.2
c2
c.2
c2
C.3
c3
C.3

c3

C3

N.2

subst_id subst_name

1

1

<0>

<0>

<0>

<0

<0>




Software

Python explosion blamed on pandas

Data science fad just won't die

By Thomas Claburm in San Francisco 14 Sep 2017 at 20002 331 ) SHARE Y

"4

growing mgor programming language, coding community site Stack
Overflow has revealed the reason for its metastasis

https://www.theregister.co.uk/2017/09/14/python_explosion_blamed_on_pandas/
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pral. . df{pool . df[ ‘atam type’

atom _id  atom_name X y z atom _type subst id subst name charge

18 20 P1 19,0980 0544 256653 P3 !

xyz = pmol.df.loc{pmol.df[ atom _type ] 'P.3' ‘v,
xy=

array([ 19,0969, -0.944 , 25.6653))

pol.df[ ‘elspant '] = paol.df[ 'atom type’ l.apply({lambda x: x{0])
df oxygen = pmol.df[pmol.dff element’ | == "0'].copy({)

df_oxygen

atom _|d atom name x y r atom type subst id subst name

18.7676 -2.3524 26.1510 03 ! 0> -1,0333
203972 03812 262318 03 1 1.0333
1650888 65824 250727 O 0.5700
18,5314 -0.7527 24.1604 a2 ! > -1.0333
169680 34315 268652 03 1 (> -0.5B800
143223 1.6 269702 o3 ! 0> -0.6800
17,8091 00135 263920 03 ! 0> -0,8512




df oxygen[ 'distance’'] = PandasMol2.distance_df(df_oxygen, xyz)\’
df_oxygen

N
¥, f =

atom id atom name x y 2 atom type subst id subst name charge \wamonl

12 13 O1 187876 -23824 261510 03 1 <0> -1.0833 0

13 14 02 203872 -03812 282318 03 1 <0> -1.0333 1.525826
14 15 O3 150688 65824 250727 02 <0> -0.5700 8547674
15 4 188314 -0.7527 24.1606 02 > -1.0333 1.525814
16 18.0690 34315 26.86994 03 +0.5600 5019558
17 a 143223 18846 269702 03 > -0.6300 8705893

18 OF 177.6081 -0.0135 26.3390 03 > 08512 1.652444

df oxygen{ (df_oxygen| ‘distance’'] > 3} & (df oxygen{ 'distance < @)].shapel0]




More examples
Multi-mol?2 files
Multi-processing

A0andag

http://rasbt.github.io/biopandas/tutorials/
Working_with_ MOL2_Structures_in_DataFrames
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Experimental
Assay

Data
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Hypothesis-based Filtering

General Atom Type Functional Group
Properties Counts Distances

33



Conformer Volumetric & Chemical Functional Group
Sampling Overlays Matching




Selection for Experimental Assays
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Overall Similarity
Thresholds

Functional Group
Matching Patterns

Domain Knowledge

Chemical Scaffold ,
Purity

Price
PAINS

Docking Scores

Additional Selection
Criteria

35



28
29
38
31
32
3
4

ZOREEEBYURGEY

- OMVLANGD LU VAoV T . pgVLaan

general settings:
Soresn s tools directorys /users/sebastian/code/screenlamp/tools
DUOLOCT Dutpul directorye Jusers/sebastian/code/screenlamp/example-files/example_1/screening-results
b ol direciory JUsers/sebastian/code/screenlamp/example-files/example_1/dataset/mol2
nupber of cpuss @ # ® means all avaible CPUs (recommended)

B e e R R R e A LA R e R e
##% Step 03: PREFILTER BY FUNCTIONAL CROUP DISTANCE
BREEREN AR ERE BRI INTEARTEIARRORRENRGEGLAVERZ 2R TR
functional group distance filter ssttings:
# the following selection criteria selact all molecules that
# have an sp2-hybridized sulfur atom (MOL2 atom type S.3 or S.o02)
# and a keto group (MOL2 atom type 0.2), and where the distance between
# the sulfur and oxygen atoms is between 13 and 20 angstrom
selection keys ((atom_type = 'S.3') | (atom_type = 'S.02')) —> (atom_type = '0.2')
distances 13-20
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damo

Processing partition_3.molZ | scanned 9848 molecules | 18623 mol/sec :
Processing puartition_4.nolZ | sconned 9835 molecules | 18812 mol/sec Back/Forwacd Artanae
Finished |

Name / Sae

SELECTED MOL2s: .
Running cosmand: ® partition 1.mol2
python /Users/sebastian/code/screenlamp/tools/count_mol2.py --input /Users/sebastion/Desk & port
top/demo/@2_fgroup-presence_mol2s

moizs

tion 2.mol2

¥ porttion_3.mel2

partition_1.mol2 : 2768 ¥ pertition_dma2
partition_2.mol2 : 2795 02 _fgroug-pr,,.&_mol2ids.txi
partition_3.mol2 : 2746 v 02 fgroup-pressence_mol2s
partition_4.mol2 : 2847 ¥ partition 1.molz
Total : 11156 W porttion_2 mal2

"‘ parttion_3.mo2

W parttion_&mol2

RRERLERIBINBARIERRARPIBERINIGRUR R ERIBRRBARL BN
Step ©3: PREFILTER BY FUNCTIONAL GROUP DISTANCE
ARERRERDENVBERBARRBEHIEIARERTVIGEUBERIARRGRRR RS

Qa_fgroup_di..ce_moiZids.ixt

03 _fgroup distance molds

Using selection: ["((pdnol.df.atcm _type == *S.3') | (pdmol.df.otom type == 'S.02'))", "(p
dmol .df .otom_type = '0.2")"]

Processing partition_l,mol2 | 238 mol/sec

Processing partition_Z.nolZ | 220 mol/sec

Processing pertition_3.n0l2 | 214 mol/sec

Processing partition_4.nol2

- sma FEWE VIRY YOO e = aim L L o e e

87



screen%mp

Enabling the hypothesis-driven prioritization of ligand candidates in big databases:
Screenlamp and its application to GPCR inhibitor discovery for invasive species control (2017).
Raschka S., A. M. Scott, N. Liu. S. Gunturu, M. Huertas, W. Li, and L. A. Kuhn

JCAM (manuscript under revision)

https://psa-lab.github.io/screenlamp
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Data
Mining
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Experimental _
Assay Hypothesis




df = pd.read_csv|'../ecg-assay-results.csv’
df.head(10)

Signal- 3- 3 12 12- 19- 18- Sulfate- Sulfate-
inhibition Keto Hydroxy Keto Hydroxy Methyl Methyl Ester Oxygens

Molecule 1D

ZINC58528245 0.168 1 0 0 0 1 1 0
ZINCO1845398 0.624 0 0 0 0 0 0 0
ZINCO1532179 0.686
16409-34-0 0.108
ENE3
ENE2
ZINCO8789084
6785-62-2
ZINCO387607 1

ZINCT1770853




Thresholding Assay Data

o ) oo
| R —— ]

0-25% signal inhibition 50-100% signal inhibition
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Sulfur <= 0.5

gini =0.478

samples = 38
value = [23, 15]
class = non-active

Sulfate-Ester <= 0.5

gini=0.1
samples = 19
value = [18, 1]
class = non-active

True

12-Hydroxy <= O 5
gini = 0.219
samples = 24
value = [21, 3]
class = non-active

—

3-Keto <= 0.5
gini =0.48
samples =5
value = [3, 2]
class = non-active

VAR

False

gini = 0.245
samples = 14
value = [2, 12]

class = active

Sulfate Ester <= 0. 5}

gini = 0. 444
samples =
value = [2, 4]
class = active

class = active

12-Hydroxy <= 0.5 gini = 0.0
samples = 8
value = [0, 8]

N

gini=0.0
samples = 16
value = [16, 0]
class = non-active

gini = 0.444

samples = 3

value = [2, 1]
class = non-active

gini=0.0
samples =1
value = [1, 0]
class = non-active

gini =
samples 4
value = [2, 2]
class = non-active

gini = 0. 48
samples =
value = [2, 3]
class = active

gini =
samp Ies =
alue [0, 1]
class = active
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69% signal inhibition

62% signal inhibition
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Concentration of gold in the ocean: 4 x 107" M

(https://web.stanford.edu/group/Urchin/mineral.html)

Pheromone Pheromone

(@ 1013 M ) ' (@10 M)




Pheromone
(@ 1013 M)




Pheromone
(@102 M)

+
Antagonist Discovered
(@ 5x10-13 M)

(@ 5x10- 83 M)

Pheromone

(@102M)
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Thanks!

Questions?

BioPandas (https://rasbt.github.io/biopandas/)

Screenlamp (https://psa-lab.github.io/screenlamp)
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