
Title: Alchemical Space Exploration in Drug 

Design via Stochastic Expanding Boundary 

Optimization Search 

AUTHOR NAMES:

Konstantina Vaitsi,a Vasilios S. Melissasb and Georgios C. Boulougouris*a,c

AUTHOR ADDRESS

aLaboratory of Computational Physical Chemistry, Department of Molecular Biology 

and Genetics, Democritus University of Thrace, GR-681 00 Alexandroupoli, Greece 

bDepartment of Chemistry, University of Ioannina, GR-451 10 Ioannina, Greece

cInstitute of Nanoscience and Nanotechnology,  National Center for Scientific 

Research “Demokritos”, GR-153 41 Agia Paraskevi Atikis, Greece

*To whom correspondences should be addressed

GCB: gbouloug@mbg.duth.gr

Drug design, Docking, binding affinity, Materials’ design, alchemical transformations. 

 

Supplementary Information (SI) for Physical Chemistry Chemical Physics.
This journal is © the Owner Societies 2025

mailto:gbouloug@mbg.duth.gr




Supplementary Info

S.1.:  SEBOS installation Instructions:

Steps of acquiring the prerequisites for a clean installation using the install_molpher.sh 

script :  

conda , gcc , g++ ,cmake , molpher, linux/wsl.   

Creates a conda environment with all module prerequisites. 

 Step 1 : Install miniconda : 

$wget https://repo.anaconda.com/miniconda/Miniconda3-latest-Linux-x86_64.sh

$bash Miniconda3-latest-Linux-x86_64.sh

Activate conda : 

$~/miniconda3/bin/conda init

$source ~/.bashrc

 Step 2 : Check/install for C and C++ compilers and cmake . 

https://repo.anaconda.com/miniconda/Miniconda3-latest-Linux-x86_64.sh


 Step 3.:  Extract and Navigate to the SEBOS directory.

 Step 4. : Download and compile molpher  python module library.  create a conda 

envaroment that access the library :

$./install_molpher.sh

Add the following envaromental variable to your ~/.bashrc or ~/.zshrc as instructed by the 

script. 

Example  (replace xxx and yyy based on your installation)

export LD_LIBRARY_PATH=/xxx/molpher-lib/dist/lib/:/yyy/miniconda3/envs/molpher-lib-

build/lib/

export PYTHONPATH=/xxx/molpher-lib/dist/lib/python3.9/site-packages/mol:/xxx/molpher-

lib/dist/lib/python3.9/site-packagesmolpher-0.0.0b4.dev1-py3.9-linux-x86_64.egg

Activate the molpher environment 

$conda activate molpher-lib-build



Copy Source files to a running directory : 

 Run SEBOS python code: 

$python SEBOS.py

Note please be sure that the LD_LIBRARY_PATH and PYTHONPATH envaromental 

variables is set correctly. Those are set during initial setup but have to be manualy added in 

.bashrc of set at every terminal. You can use the set_env.sh script to add the appropriate 

PYTHONPATH environment variable . You can use either the comments   

$.  set_env.sh 

or 

$ source set_env.sh

 Use an interactive environment to View and analyses results at a Post process stage:

$jupyter-notebook inter_graph.ipynb 



Note : The necessary postprocess files can be found in the directory postpros/ : 

In no browser has been installed use localhost:8888 

Select to open the inter_graph.ipynb file , and run using shift+enter on the cell with the 

code: 



Use  Cytoscape and the additional futures provided in the ipynb file to analyze the resulting 

network. 

 How to remove the environment (xxx the path used to install the molpher library 

during step 4): 

$conda env remove --name molpher-lib-build

$rm -rf /xxx/molpher-lib/



jupyter-notebook inter_graph.ipynb

SEBOS installation Instructions including Autodock vina support:

Run build_all.sh, instead of the install_molpher.sh that runs as part of the 

build_all.sh (and press Enter / select yes in the prompts. )

$ ./build_all.sh

This will automatically create 3 conda environments including the molpher-lib-build , 

download all necessary files and create an executable Vina_doc (using pyinstaller) that has 

to be pleased in the working directory where  the python code runs. 

 

Copy the Vina_dock executable to your working directory :

List of the conda environments created during the installation process :

Remove environments :



$conda env remove --name mgltools_env

$conda env remove --name vina_env

$conda env remove --name molpher-lib-build

manually delete the molpher-lib  directory : $rm -rf /xxx/molpher-lib/

remove/reset environmental variables in the .bashrc (if manual changes have been made) 

Note : An optional step in the workflow involves using PyInstaller to create standalone 

executables. PyInstaller itself is licensed under the GNU General Public License v2 (GPLv2).

🔹 No PyInstaller-generated binaries are distributed as part of this project.

🔹 Users are responsible for generating executables locally using their own PyInstaller 

installation.

If you choose to create and redistribute executables produced with PyInstaller, you must 

ensure that you comply with the terms of the GPLv2 license for any such distributed 

binaries.



S.2.: Replace the “greedy” approach of exploring network with the solution of a Master 

Equation:

The proposed Stochastic Expanding Boundary Optimization Search, S.E.B.O.S., 

algorithm can be envisioned as the limit of a “greedy” exploration of an ever-expanding 

stochastic network for which a physics inspired approach based on the recently proposed 

Event Horizon Kinetic Monte Carlo, EH-KMC, approach could have been used instead. 

Such an implementation would require the definition of an “effective rate” for each 

alchemical change and an “effective temperature”. A straight forward approach of such a 

physically inspired network in our examples of alchemical changes could have been 

implemented through amphidromous effective reactions definition between each pair of 

nodes connected by an alchemical transformation. We can use the objective function F(Si), 

defined in equations (1) and (2) of the main article, in a direct analogy of a potential energy 

function in physical systems and create a sampling scheme, which at equilibrium will visit each 

node with probability proportional to , where  plays the role of the inverse 𝑝𝑒𝑞
𝑖 ∝ 𝑒

‒ 𝛽𝐹(𝑆𝑖)
𝛽

effective temperature in appropriate units for a dimensionless . Such an “effective 𝛽𝐹(𝑆𝑖)

temperature” could be used to lead the system closer to a local minimum or to allow for 

“exploration” of structures over local minima via an annealing procedure.

A sufficient but not necessary approach of achieving sampling of each node with 

  could be based on flux balance reactions, which is equivalent to the detailed 𝑝𝑒𝑞
𝑖 ∝ 𝑒

‒ 𝛽𝐹(𝑆𝑖)

balance condition in Monte Carlo. Under the flux balance condition for each edge connecting 

nodes i and j, two rate constants for the effective amphidromous reactions should obey 

equation s1. 

𝑒
‒ 𝛽𝐹(𝑆𝑖)𝑘𝑖→𝑗 = 𝑒

‒ 𝛽𝐹(𝑆𝑗)
𝑘𝑗→𝑖 s1 



Equation s1 provides a relative freedom in defining the rate constants and . 𝑘𝑖→𝑗  𝑘𝑗→𝑖

If a “chemical reaction analog” is to be introduced, a preexponential factor c should provide 

a time scale for the amphidromous events, whereas the additional notion of a barrier height, 

, has to be greater or equal to the maximum of the objective functions 𝐹 ∗
𝑖𝑗

. 𝐹(𝑆𝑖) 𝑎𝑛𝑑 𝐹(𝑆𝑗), 𝑖.𝑒. : 𝐹 ∗
𝑖𝑗 ≥ max (𝐹(𝑆𝑖), 𝐹(𝑆𝑗))

𝑘𝑖→𝑗 = 𝑐𝑒
‒ 𝛽(𝐹 ∗

𝑖𝑗 ‒ 𝐹(𝑆𝑖)),  𝑘𝑗→𝑖 = 𝑐𝑒
‒ 𝛽(𝐹 ∗

𝑖𝑗 ‒ 𝐹(𝑆𝑗))
s2 

The preexponential factor c and the barrier heights  are allowed to adopt other 𝐹 ∗
𝑖𝑗

values for each set of amphidromous reactions, thus allowing the introduction of a “bias” in 

the search algorithm without altering the relative observation probability of each node. 

Although defining the effective rates using equation s2 will result in a valid scheme, however 

it does not provide the ability to distinguish between alternative j states based on the 

objective function, therefore, in order to sustain the ability to have higher fluxes towards 

states with lower objective function values, it is preferably used the rate definition of equation 

s3, which also satisfies the flux balance in equation s1. Namely :  

𝑘𝑖→𝑗 = 𝑐𝑒
‒ 𝛽(𝐹(𝑆𝑗)),𝑘𝑗→𝑖 = 𝑐𝑒

‒ 𝛽(𝐹(𝑆𝑖))
s3 

It should be noted that both equations s2 and s3 will result in Kinetic Monte Carlo simulations, 

where the observation probability of each state is proportional to . 𝑒
‒ 𝛽𝐹(𝑆𝑖)

Given the effective rates ,  for each alchemical event, we may apply the recently 𝑘𝑖→𝑗  𝑘𝑗→𝑖

proposed Event Horizon Kinetic Monte Carlo(Boulougouris 2024) approach, defining a set of 

“boundary” states G with absorbing boundary conditions. The set of boundary states G 

consists of nodes as a result of alchemical changes of an ever-expanding set of “explored” 

states E. As in the S.E.B.O.S. approach, the set of “explored” states could be initialized to 

include only the initial node, and via an iterative process expands and incorporates at each 



step a boundary node. Following the methodology introduced in Event Horizon Kinetic Monte 

Carlo, the selection of the boundary node can be based on the analytical evaluation of the 

flux, towards each boundary state j. Given the transition rate  for all i's in E and j’s in 𝑓𝑗(𝑡), 𝑘𝑖→𝑗

E G, we may write the master equation for the observation probabilities, , of the system 𝑄𝑖(𝑡)

in each of the states i in the set E, at time t, in the form of Eq. s4.

∂𝑄𝑖(𝑡)

∂𝑡
= ∑

𝑗∊𝐸 
𝑖 ≠ 𝑗 

𝑄𝑗(𝑡)𝑘𝑗→𝑖 ‒ 𝑄𝑖(𝑡) ∑
𝑗∊𝐸 𝐺

𝑖 ≠ 𝑗 

𝑘𝑖→𝑗  𝑖  𝐸 s4 

The flux towards the boundary can then be written as a sum of contributions for each one of 

the boundary states in equation s5, 

𝑓𝑗(𝑡) = ∑
𝑖∊𝐸

𝑄𝑖(𝑡)𝑘𝑖→𝑗 , ∀ 𝑗 ∈ 𝐺 
s5

allowing for the stochastic expansion of the explored state E through selection of state j from 

the set of boundary state proportional to / . ∝ 𝑓𝑗(𝑡)
∑
𝑗∊𝐺

𝑓𝑗(𝑡) 

Since we are not interested in following the exact dynamics, we may approximate the 

probability  as 𝑄𝑖(𝑡)

𝑄𝑖(𝑡) ≅
𝑒

‒ 𝛽(𝐹(𝑆𝑖))

∑
𝑘∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑘)) 

 

the equilibrium probability for the set of “explored” states. By combining the minimal 

“barrier” and the “local equilibrium” approximation, one may introduce an approximate time 

independent estimation of the flux towards each “boundary” state j.



𝑓𝑗≅∑
𝑖∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑖)) 𝑒 ‒ 𝛽(𝐹(𝑆𝑗))

∑
𝑘∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑘)) 

 , ∀ 𝑗 ∈ 𝐺 
s6

Thus, there is no need to solve for the master equation, s4, which may easily become 

computationally intensive as the size of the network increases.

Equation s6 provides an alternative selection scheme for the expansion of the local network, 

where we select stochastically one of the “boundary” states based on the probability value, 

 according to equation s7. 
𝑝→𝑆𝑗

,

𝑝→𝑆𝑗
=

𝑓𝑗

∑
𝑙∊𝐺

𝑓𝑙

≅

 ∑
𝑖∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑖)) 𝑒 ‒ 𝛽(𝐹(𝑆𝑗))

∑
𝑘∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑘)) 

 

∑
𝑙∊𝐺

∑
𝑖∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑖)) 𝑒 ‒ 𝛽(𝐹(𝑆𝑙))

∑
𝑘∊𝐸

𝑒
‒ 𝛽(𝐹(𝑆𝑘)) 

 

, ∀ 𝑗 ∈ 𝐺 s7

It can be easily verified that as the effective temperature drops (and β increases), tends 
𝑝→𝑆𝑗

to denote the state with minimal , resulting in the “greedy” approach proposed in 𝐹(𝑆𝑗)

S.E.B.O.S. On the other hand, as β decreases, expansion of the local network allows nodes’ 

exploration with higher objective function values.

To illustrate the influence of the “effective temperature” in the selection process of 

“boundary” states through equation s7, we consider the example presented in Figure 1 of the 

main article. 

In detail, Figures S1 and S2 present the “temperature dependence” of the selection 

probability  for the two initial steps of the expansion process. In the first step, the set of 
𝑝→𝑆𝑗

“explored” states consists of a single state {S1} with g(S1)=-0.392, and a boundary set of states 



{S2¸ S3, S4, S5} with g(S2)=-0.001, g(S3)=-0.666, g(S4)=-0.825 and g(S5)=0.263. Since the search 

target is set to 1, the objective function values (provided by Eq. 2 of the main article), are 

calculated as F(S1)= 1.94, F(S2)= 1.00, F(S3)=2.78, F(S4)=3.33 and F(S5)=0.543 . As it can readily 

be seen in Figure S1, low values of β will result in selection of each state with equal probability 

regardless of the objective function value, whereas larger values of β (lower effective 

temperatures) will preferably select states with lower objective function values. Similarly, for 

the second state of the expansion shown in figure S2, higher values of β results in selection of 

the state adopting the lowest objective function value. Similarly, for each step of the 

expansion process, low values for the effective temperature are expected to drive the system 

towards states with low objective functions values leading the system to the target.
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Figure S1:  The “temperature effect” for the expansion of the “explored” states set at 

the initial step presented in Figure 1 of the main article, while  equation s7 holds for the EH-MC 

approach and g(S1)=-0.392 ,g(S2)=-0.001, g(S3)=-0.666, g(S4)=-0.825 and g(S5)=0.263 as shown 

in the inset.
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Figure S2: The “temperature effect” for the expansion of the “explored” states set of 

(S1,S5) at the second step presented in Figure 1 of the main article, while  equation s7 holds 

for the EH-MC approach and g(S1)=-0.392 ,g(S2)=-0.001, g(S3)=-0.666, g(S4)=-0.825, 

g(S5)=0.263, g(S6)=0.017 and g(S7)=0.653 as shown in the inset.  

For most practical reasons, selection of the boundary state with the lowest objective 

function value, as in the S.E.B.O.S. approach, would be preferable, while implementing 

equation s7 for the stochastic network expansion is suggested only in cases where a global 

optimization via annealing (increasing and decreasing the effective “temperature”) is 

attempted. 

S.3.:  illustrative examples for the metrics listed in table 4: 

In the H.B. analysis, presented in Table 4, the majority of ligands exhibits an increase 

in H-bonds contribution for the final ligand compared to the initial one. In Figure S2, 

we present the example of carmofur displaying a single hydrogen bond, whereas an 

ensuing molecule was able to form two. 



  

Figure S3. Comparison of hydrogen bonding interactions between the initial ligand 11a 

(left) and the final one (right). Atoms involved in the hydrogen bonding were calculated 

with the help of the smina module and denoted hydrogen bond distances, Å, and 

interacting residues are accordingly labeled. 

According to the APBS analysis in Table 4, most of the ligands unveil an increase in 

the electrostatic interactions, as expected due to its key role in docking score’s buildup. 

 Figure S4 visualizes the electrostatic potential surface produced by APBS for the initial 

osajin molecule and its final ligand. 

Figure S4. Comparison of electrostatic interactions between the initial ligand osajin 

(left) and the final ligand (right) within the same protein binding site. The electrostatic 

potential surface was visualized using the APBS map.dx file and Jmol. The potential 



ranges from negative (red) to positive (blue), illustrating charge complementarity 

between each ligand and the binding pocket. Ligands are shown in stick representation, 

with purple atoms indicating negatively charged atoms (N, F, O) and pink atoms 

indicating polar hydrogens.

The N.H.R. analysis depicts the ligand’s engagement with less or more hydrophobic 

protein residues (green ones), as shown in Figure S5. 

Figure S5. Comparison of hydrophobic interactions between the initial ligand calpeptin 

(left) and the final ligand (right) within the same protein binding site. The protein 

backbone is shown in cartoon representation, and hydrophobic residues are highlighted 

in green. Ligands are shown in magenta.

The B.S.A. metric reveals ligand’s shielding, of the protein pocket. Figure S6 

indicates the alteration of the B.S.A. metric between the initial digitoxin drug and the 

final species.



Figure S6. Comparison of buried surface area upon binding for the initial ligand 

digitoxin (left) and the final one (right). The protein is shown as an orange SASA 

surface, whereas the ligand’s surface is highlighted in purple. 

Finally, the Flexibility Index indicates that the majority of the finale ligands showed 

a decrease in this metric suggesting that the ligands became less flexible, which aligns 

with Vina’s docking optimization to reduce entropy penalties. 

Figure S7. Comparison of ligand’s flexibility between the initial drug calpain inhibitor 

I (left) and the final molecule (right), defined as the ratio of rotatable bonds to heavy 

atoms. Rotatable bonds are highlighted in magenta. 

As it can be seen from Figure S7 the flexibility index maybe overestimated in cases 

where the AutoDock tools can not recognize the presence of conjugate structure.  


