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Supplementary Figure 7. Poisson-Boltzmann (APBS) electrostatic surface distribution
for mouse p65 (PDB ID: 5U01). Scale for each distribution provided individually, with

blue colour representing more electropositive, while red more electronegative regions.



Supplementary Figure 8. AutoDock Vina
docked and scored compounds for each
binding site matching earlier screening sites
and compounds per each site.
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Supplementary Figure 9. GROMACS 1 ns length
simulation snapshots revealing the local
movement of residues around the binding site
(highlighted). Sequence elements are shown for
the specific regions.



Supplementary Table 1. REL family structures and sequence information

Protein name

p65/RelA

p50

p52

p50

c-Rel

p65/RelA

PDB ID

219T chain A

219T chain B
1A3Q chain A and
B

1SVC chain P

1GJI chain B

5U01, chain B

Resolution, A

2.80

2.80

2.10

2.60

2.85

2.50

Resolution, R

0.288

0.288

0.320

0.286

0.279

0.274

Species

Mus musculus

Mus musculus

Homo sapiens

Homo sapiens

Gallus gallus

Mus musculus

Sequence Ref,
UniProt

Q04207-1
(canonical)

P25799-1
(canonical)

Q00653-1
(canonical)

P19838-1
(canonical)

P16236-1
(canonical)

Q04207-1
(canonical)

Supplementary Table 2. SiteMap analysis for the mouse p65 (PDB:5U01) protein dividing the
protein into 5 regions.

Name | SiteScore size, A2 | Dscore X(;lume, exposure enclosure phobic philic

Site 1 0.886 674 1 360.493 0.783 0.373 0.119 0.504
Site 2 0.877 570 0.999 277.487 0.838 0.347 0.119 0.458
Site 3 0.895 304 1.023 178.017 0.832 0.359 0.164 0.406
Site 4 0.879 293 0.991 184.534 0.774 0.367 0.062 0.519
Site 5 0.882 289 0.999 161.896 0.797 0.362 0.107 0.484




Supplementary Table 3. Chicken c-Rel (PDB ID:1GlJI) site screening results showing the number of

compounds entering each round of the screening.

HTYVS screening mode SP screening mode XP screening mode
AG<-2 kJ/mol AG<-2 kJ/mol AG<-3 kJ/mol

Site 1

34M 338 11
Site 2

34 M 163 33
Site 3

34 M 1007 206
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10.5. Chemexpy documentation

The supplementary chapter is based on the published software package

Kanapeckaité A. Chemexpy: Cheminformatics package for compound feature evaluation. PyPi.
2021 Oct. 07. Version 1.0.10; https://pypi.org/project/chemexpy/

Conclusion of this chapter

My developed Chemexpy package provides a user-friendly and organised approach to explore
chemical libraries and identify key features. The information generated by the package functions
can be easily integrated into other pipelines or downstream processing. The package provides
exploratory plots as well as compound similarity assessment allowing to search for similar
compounds. Moreover, there are several additional functions helping to easily extract chemical
descriptors and evaluate chemical libraries.

Contribution to this chapter (100%)

* Developed new programmatic features to accompany the related publication and make
cheminformatics analyses more streamlined.

 Performed software package development and testing.
* Conceptualised and wrote the documentation files and vignettes, including the figure preparation.

* Corresponding author and maintainer.


https://pypi.org/project/chemexpy/

Documentation for the Chemexpy package

. data_prep

. molecule_check

. scatter_plot

. correlation_plot

. feature_plot

. hormality_check

. feature_check

. feature_violinplots

. similarity_search
10. similarity_dendogram
11. similarity_heatmap

O©Qoo~NOOOURWwWN =

rdkit, pandas, numpy, scipy, seaborn, matplotlib, collections

Chemexpy package provides a user-friendly and organised approach to explore chemical libraries
and identify key features. The information generated by the package functions can be easily
integrated into other pipelines or downstream processing. The package provides exploratory
plots as well as compound similarity assessment allowing to search for similar compounds.
Moreover, there are several additional functions helping to easily extract chemical descriptors and
evaluate chemical libraries.

Function call example: data_prep(data,*args)

#Function provides a snapshot of the input data as well as returns a processed data file
to include information on chemical descriptors, atomic composition, chemical structure
features.



#Input values: path to a csv file that contains compound ID 'CID' and smiles 'SMILES'
columns. These columns have to be named as described above.
Additional columns can be passed as arguments if, for example, the data file contains
other columns of interest.

#Output values: data frame with added chemical descriptors. The output could be
integrated into downstream analyses and databases or used to visualise the structures.

Function call example: molecule_check(data,*args)

#Function allows to visualise molecules of interest as well as returns a data frame that
contains information on the selected list of molecules. It is recommended not to select
more than 20 molecules at a time to draw the structures.

#Input values: data frame with "CID" (compound ID) and "SMILES" (smiles column).
Please note, the IDs for columns need to match the examples.

#Additional input: arguments for "CID", e.g., "2821293". If none is selected first 10
structures will be drawn. Names for compounds have to be in a string format.

#Output values: structure visualisation and a data frame that can be used for further
visualisations.

Function call example: scatter_plot(data,vari=None,var2=None)
#Function takes the data file provided by the data_prep function and plots analytical
scatter plots for selected variables.

#Input values: data frame generated by the data_prep function, as well as variables to
plot, e.g. "MW" and "TSPA".

#Output values: scatter plot.
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Chemexpy documentation

4. Function correlation_plot

Function call example: correlation_plot(data,*args)

#Function takes the data file provided by the data_prep function and plots a correlation
heatmap.

#Input values: data frame generated by the data_prep function, as well as variables to
calculate correlation and plot selected values, e.g., "MW" and "TSPA".

If the user does not select args, the default values will be used:
"Atom_number","MW","TSPA","HBD_count","HBA_count","Rotatable_bond_count","MolL
ogP","Ring_number","AP".

#Output values: plot for correlation visualisation and a data frame with correlation

values.
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5. Function feature_plot

Function call example: feature_plot(data,*args)

#Function takes the data file provided by the data_prep function and plots analytical
scatter plots for multiple features.

#Input: data frame generated by the data_prep function, as well as variables for feature
ploting, e.g. "MW" and "TSPA".

#If the user does not select args, the default values will be used:
"Atom_number","MW","TSPA","HBD_count","HBA_count",
"Rotatable_bond_count","MolLogP","Ring_number","AP".
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#Output: scatter plot of multiple feature visualisation.
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Function call example: normality_check(data,var=None)

#Function takes the data file provided by the data_prep function and plots a histogram
with an estimated probability density function.

#Input: data frame generated by the data_prep function, as well as a single variable to
check the normality for, e.g., "MW" and "TSPA".

#Output: bar plot with an estimated normal distribution line plot based on distribution
probability.

Function call example: feature_check(data,vari=None, var2=None, type=None)

#Function takes the data file provided by the data_prep function and plots analytical
contour plots to assess chemical feature distribution when considering a specific chemical
entity category. That is, a categorical type data needs to be provided, such as active or
inactive, etc.

#Input: data frame generated by the data_prep function, two variables for distribution
check, e.g., "MW" and "TSPA", and a column name to select categorical data from.

#Output: contour plot with feature distribution.

Function call example: feature_violinplots(data,var1i=None,type=None)

#Function takes the data file provided by data_prep function and plots analytical violin
plots to assess the type distribution for selected fetaures.

#Note categorical type data needs to be provided, such as active or inactive, etc.

#Input: data frame generated by the data_prep function as well as a variable name for
the distribution check, e.g., "MW" and “TSPA"; also a column name is required to select
categorical data specified through the "type" designation.

#Output: contour plot with feature distribution.
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Function call example: similarity_search(data, target=None)

#Function takes the data file provided by the data_prep function and searches for similar
structures based on the target molecule.

#Fingerprinting is based on Morgan fingerprints and the similarity search is based on
Tanimoto similarity.

#Input: data frame generated by the data_prep function as well as a SMILE string (e.g.,
the "target" variable) for a molecule to search in the database.

#Output: data frame of similar structures.

Function call example: similarity_dendogram(data)

#Function takes the data file provided by the data_prep function and plots a dendogram
based on compound similarity.

#Fingerprinting is based on Morgan fingerprints and the similarity search is based on
Tanimoto similarity.

#Input: data frame generated by the data_prep function.

#Output: dendogram and a data frame with similarity values.

Function call example: similarity_heatmap(data)

#Function takes the data file provided by the data_prep function and plots a heatmap
based on compound similarity.

#Fingerprinting is based on Morgan fingerprints and the similarity search is based on
Tanimoto similarity.

#Input: data frame generated by the data_prep function.

#Output: heatmap and a data frame with similarity values.
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Running tests and example use cases.

The working directory should contain example data sets (provided with packages PATH="./
tests"). There are several datasets to choose from, namely data_1.csv and data_2.csv.

#initiative variables to data
data="./test/data_1.csv"

#prepare the data for subsequent use
#we are selecting an additional column to assess the activity based on a categorical value
data=data_prep(data, "Type")



#assess a selected set of molecules and retrieve a data frame that contains information about
these molecules

data_eval=molecule_check(data,"2821293")

#evaluate exploratory plots

scatter_plot(data,"MW","TSPA")
corr=correlation_plot(data,"MW","TSPA","AP","HBD_count","HBA_count")

#perform multiple feature assessment

feature_plot(data,"MW","TSPA","AP","HBD_count","HBA_count")

#check the normality of the data distribution
normality_check(data,"MW")

#since we have one categorical value we can perform a feature check
feature_check(data,var1="MW", var2="AP", type="Type")

#similarity assessment
target="COC(=0)c1c[nH]c2cc(OC(C)C)c(OC(C)C)cc2c1=0"
target_matches=similarity_search(data, target)

#similarity value generation for all pairwise comparisons

#dendogram ploting and a data frame preparation with similarity values
#both functions produce the same data frame

similarity_data=similarity_dendogram(data)

similarity_datasimilarity_heatmap(data)
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