Bioinformatics, 2026, 42(2), btag027
https://doi.org/10.1093/bioinformatics/btag027
Published: 22 January 2026

Original Paper | Structural bioinformatics

OXFORD

De novo protein-ligand design including protein
flexibility and conformational adaptation

Jakob Agamia and Martin Zacharias™

Center of Functional Protein Assemblies and Physics Department, Technical University Munich, Bavaria 85748, Germany

*Corresponding author. Center of Functional Protein Assemblies and Physics Department, Technical University Munich, Ernst-Otto-Fischer-StrafRe 8,
Bavaria 85748, Germany. E-mail: zacharias@tum.de

Associate Editor: Lenore Cowen

Abstract

Motivation: The rational design of chemical compounds that bind to a desired protein target molecule is a major goal of
drug discovery. Most current molecular docking but also fragment-based buildup or machine learning-based generative
drug design approaches employ a rigid protein target structure.

Results: Based on recent progress in predicting protein structures and complexes with chemical compounds, we have
designed an approach, AI-MCLig, to optimize a chemical compound bound to a fully flexible and conformationally adapt-
able protein binding region. During a Monte Carlo (MC)-type simulation to randomly change a chemical compound, the
target protein-compound complex is completely rebuilt at every MC step using the Chai-1 protein structure prediction
program. Besides compound flexibility it allows the protein to adapt to the chemically changing compound. MC protocols
based on atom-/bond-type changes or based on combining larger chemical fragments have been tested. Simulations on
four test targets resulted in potential ligands that show very good binding scores comparable to experimentally known
binders using several different scoring schemes. The MC-based compound design approach is complementary to existing
approaches and could help for the rapid design of putative binders including induced fit of the protein target.

Availability and implementation: Datasets, examples, and source code are available on our public GitHub repository

https://github.com/JakobAgamia/Al-MCLig and on Zenodo at https://doi.org/10.5281/zenodo.17800140.

Introduction

Protein molecules and complexes formed between proteins and
other types of biomolecules play key roles in basically all biolog-
ical processes (Zahiri et al. 2020). Many drug design efforts aim
at identifying or developing small organic molecules that specifi-
cally bind to target proteins and interfere with its function
(Horvath 2010, Sledz and Caflisch 2018, Tang et al. 2024b). Such
ligands can potentially inhibit protein function or influence
interactions with biomolecule partners (Martino et al. 2021).
Computational approaches play an increasing role to screen
for ligands that can bind to protein pockets with high affinity.
Traditionally, in silico pharmacophore screening and molecular
docking methods are used to select putative binders from large
data bases (Sledz and Caflisch 2018, Liu et al. 2020, Mouchlis
et al. 2021, Corréa Verissimo et al. 2025). Screening of large data
bases with multibillion of compounds (Grygorenko et al. 2020,
Lyu et al. 2023) is computationally demanding and faces the dif-
ficulty to accurately score putative binders (Schneider et al.
2020, Lyu et al. 2023, Sindt et al. 2025). An additional difficulty
arises from the fact that most virtual screening methods employ

rigid protein target structures, completely neglecting even small
adaptations of the protein structure upon ligand binding (Beier
and Zacharias 2010, Sledz and Caflisch 2018). In recent years, ar-
tificial intelligence (Al)-driven methods have gained popularity
and allow the generation of entirely new compounds in de novo
drug design (Liu et al. 2020, Schneider et al. 2020, Mouchlis et al.
2021, Lyu et al. 2023, Tang et al. 2024a). Aim of de novo com-
pound design methods is to identify or newly generate chemical
compounds (generative models) that fit to a given target protein
pocket and bind with high affinity. A variety of Al-based methods
are available ranging from generative adversarial networks, vari-
ational auto-encoders and more recently diffusion models (e.g.
reviewed in Tang et al. 2024a). The methods are trained on large
databases of known protein-ligand complexes (Liu et al. 2017,
Zdrazil et al. 2023).

Typically, such approaches employ a defined and fixed (rigid)
target pocket and can generate entirely new potential binders,
thereby including also biases for solubility and chemical accessi-
bility of the generated compounds (Xie et al. 2022, Tang et al.
2024b). However, one major drawback of both traditional mo-
lecular docking and generative models is the typical assumption
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of a rigid protein target pocket that realistically may change
shape and adapt to some degree to a bound ligand (Beier and
Zacharias 2010, Sledz and Caflisch 2018).

Al-based structure prediction approaches such as AlphaFold2
(AF2) (Jumper et al. 2021) allow the accurate 3D modeling of
proteins and protein complexes. More recently, the deep learn-
ing methodology was extended to not only accurately model
protein structures but also complexes with organic molecules
using AlphaFold3 (AF3) (Abramson et al. 2024) and related pro-
grams such as Boltzl (Wohlwend et al. 2024) and Chai-1 (Chai
Discovery 2024). In particular, Chai-1 allows quite rapid genera-
tion of protein 3D structures in complex with organic drug-
like ligands.

Based on Chai-1, we have developed Monte Carlo (MC)-type sim-
ulation approaches in chemical space (termed Al-MCLig) to gener-
ate new organic compounds that potentially bind at a protein
target region. The first protocol uses a set of atomistic (e.g. atom-
type, bond-type) chemical changes to modify a simple starting
structure (e.g. benzene). The second method recombines molecu-
lar fragments based on the BRICS (Degen et al. 2008) method. We
demonstrate that the AI-MCLig approach can recover a desired li-
gand if structural similarity is used as target score. In case of de
novo ligand generation for a desired protein target, for both proto-
cols the ligand-protein complex is completely rebuilt (using the Al-
based Chai-1 method at each MC step). Besides of including com-
pound flexibility, it offers an important additional advantage of
the method allowing for full conformational adaptation of the pro-
tein structure upon ligand modification. Whether or not the
change is accepted, is based mostly on the change in the Chai-1
confidence score. On four examples we demonstrate that the MC
method allows to rapidly generate new putative binders with fa-
vorable scoring including also alternative force field-based scoring.
The method could complement traditional molecular docking as
well as generative de novo drug design approaches that mostly
employ rigid binding pockets.

Materials and methods

MC simulation approach

In the MC simulation, the ligand is built by modifying a current
compound structure with elementary chemical steps (see be-
low). The modifications are introduced using the rdkit package
(Landrum 2023) which includes routines to ensure the chemical
validity of the modified compound. The compound chemical
SMILES (Weininger 1988) and the protein sequence are used
with Chai-1 (Chai Discovery 2024) for Al-based rebuilding and
evaluation (termed AI-MCLig approach). The scoring includes
mostly the confidence score, a synthetic accessibility bias, a sol-
ubility bias and a drug-likeness bias (see paragraph below). The
newly generated ligand structure and placement is accepted if
the score improves, otherwise the structure is only accepted
with a probability of

P(As) = exp( =/ - As), (1)

where As is the difference between the new score and current
score and f is a factor to influence the probability of accepting a

less favorable structure in the simulation. It corresponds to the
inverse of an effective temperature of the MC-type simulation
(small g translates to a broad sampling of compounds with vari-
ous scores and high f is a very selective search accepting mostly
well-scoring compounds).

The chemical steps used by the simulation are:

Adding small chemical groups (standard probability .3): In this
step, a small chemical group (e.g. CH3, OH) is added at a ran-
domly chosen accessible point in the molecule replacing an-
other group (e.g. H-atom).

Removing atoms (standard probability .2): A randomly chosen
atom in the molecule is removed.

Changing atom types (standard probability .1): The type of a
randomly chosen atom is changed to a different type.

Adding atoms in chain (standard probability .15): An atom is
added in between two atoms. While this step is not strictly
necessary to reach all chemical structures, it helps to avoid
local minima.

Changing bond types (standard probability .025): A randomly
chosen bond is changed from single to double or vice versa.
Forming rings (standard probability .025): Chains of sufficient
length to form a ring are identified. One of those is randomly
chosen and a bond is formed between two atoms to form a

ring structure.

Breaking up rings (standard probability .05): A random bond in
a ring is selected and removed to break up a ring. If the ring
was aromatic, the involved atoms and bonds are automati-
cally set to nonaromatic.

Turning rings aromatic (standard probability .05): A randomly
chosen nonaromatic ring is turned aromatic or vice versa.

Rearranging bonds (standard probability .1): In this step, an
atom with more than two bonds is selected. One of the
bonds is removed and reformed with a neighboring atom.
This step is again not strictly necessary but helpful in avoid-
ing local minima.

Which step is used each time is randomly chosen with proba-
bilities for chemical changes as given above. The probabilities
for each step were determined by testing different probability
sets on three targets (bromodomain, p38 map kinase, and Pim-1
kinase). The set of probabilities used in the MC search corre-
spond to the most efficient combination (see Fig. 1, available as
supplementary data at Bioinformatics online, for comparison
with other probabilities). It should be mentioned that since the
simulations are time-consuming the number of tested parame-
ter sets is limited. Hence, optimal parameter sets might also
vary for different protein targets which will be investigated in fu-
ture studies. Each 100th step, the structure is reset to the best
structure found up to that point avoiding local minima. We term
this type of MC simulation atomistic-step MC simulation.

Fragment-based MC simulation

The fragment-based MC simulation follows the same concept;
however, instead of using basic chemical steps, the ligand is
built by recombining molecular fragments based on rdkit’s
(Landrum 2023) implementation of the BRICS (Degen et al. 2008)
method. During the simulation, entire chemical fragments are
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added or removed from the molecule using the same criteria as
in the atomistic-step MC procedure. To determine which frag-
ments are compatible with each other, the rules from rdkit’s
(Landrum 2023) implementation of BRICS were followed. The
two steps used by this simulation are:

Adding fragments: A placeholder in the molecule is chosen at ran-
dom and an appropriate fragment is added at that position.

Removing fragments: A random bond between fragments is
chosen. It is removed and replaced with the placeholder,
which occupied that position before the bond.

Scoring of compounds during MC
simulations

As mentioned before, the score for whether a change is kept or
not is mostly based on the Chai-1 confidence score. However,
three biases are introduced to the score to enforce de-
sired properties:

Synthetic accessibility (SA) bias: The ligands resulting from the
simulations should not only have good binding affinities but
also be synthesized with reasonable effort. Therefore, a bias
with the SA score (Ertl and Schuffenhauer 2009) is added. It
should be noted that for these simulations, the SA score is
considered maximal below a threshold. This is because
attempting to enforce a very low SA score is unreasonable,
as the ligand must have a certain amount of complexity to fit
the binding site.

Solubility bias: To ensure the resulting molecules are soluble in
water, a bias with the Estimated SOLubility (ESOL) score
(Delaney 2004) is added.

Drug-likeness bias: The ligands should ideally have drug-like
properties. Therefore rdkit’s quantitative estimate of drug-
likeness (QED) score, which is based on Bickerton et al.’s
(2012) study, is added (neglecting molecular weight factor).

With these biases, the final score used for all simulations is
derived as

score = 0.8 - Chai —1+0.1-SA+0.05- ESOL+0.05- QED, (2)

with the SA and ESOL scores being normalized to also lie be-
tween zero and one. The contribution of the Chai-1 score is set
to 0.8, as it has been found that a simulation with a smaller con-
tribution often fails to maximize this score. The contribution of
the SA score should only be high enough to hold the simulation
under the given threshold. A value of 0.1 has been found to do
this in almost all cases. The QED and ESOL scores only make
small contributions. However, even with these low scoring con-
tributions, we found that the QED and ESOL scores of the gener-
ated compounds remain in a reasonable range for most of the
tested cases and still allow generation of a large variety of com-
pounds. In the Supplementary Material, available as supplemen-
tary data at Bioinformatics online (see “Results and discussion”
section), simulations with a variation of score compositions are

included, demonstrating the deviations from our combination
indicated above generally lead to worse results.

Molecular dynamics simulations and
MMGBSA calculations

Some of the resulting ligands were additionally evaluated with
molecular dynamics (MD) simulations and molecular mechanics
generalized born surface area (MMGBSA) calculations (Miller
et al. 2012). The initial coordinate files were generated using
Chai-1 (Chai Discovery 2024). Ligand force field parameters were
obtained using the antechamber program (Wang et al. 2006a,
2006b). The tleap module of the Amber package (Case et al.
2023, 2025) was used to solvate the protein-ligand complex us-
ing TIP3P water model (Jorgensen et al. 1983). The complex was
energy minimized (2000 steps) and then heated within 1ns to a
temperature of 300 K including positional restraints on each
nonhydrogen atom. Subsequently, an 20 ns unrestraint MD sim-
ulation using pmemd.cuda (Goetz et al. 2012, Le Grand et al.
2013, Salomon-Ferrer et al. 2013, Case et al. 2023, 2025) was per-
formed. The first 2.5 ns of the trajectory were disregarded. The
remaining trajectory (750 frames) was then processed by the
MMGBSA tool of the Amber package (using igb=5) (Miller et al.
2012, Case et al. 2023). The MDAnalysis package (Theobald 2005,
Liu et al. 2010, Michaud-Agrawal et al. 2011, Van Der Walt et al.
2011, Gowers et al. 2016) was used for calculation of root-mean-
square deviations.

Results and discussion

MC-based recovery of target ligands from
simple starting compounds

For our MC-type searches in chemical space, it is important to
assess, whether relevant chemical structures can in principal be
reached using the employed MC steps. To this end, MC simula-
tions were performed with the regular score being replaced with
a dice similarity score, derived with rdkit (Landrum 2023). The
dice score is calculated from atom-pair fingerprints (Carhart
et al. 1985), as it has been found that this type of fingerprints
can be calculated very efficiently in our MC simulations. The sim-
ilarity was calculated between the current compound and a
known target compound. The target compounds were taken
from Liu et al. (2017), mostly from complexes of the bromodo-
main, serine/threonine-protein kinase Pim-1 and p38 map ki-
nase. The same targets were subsequently also used for the
design of new putative binders. Note that the dice similarity
score for a compound with respect to a reference compound
represents a very rough scoring landscape in chemical space
with many local minima and barriers. Therefore, the atom-
based simulations consisted of two stages. For each case, a sim-
ple benzene molecule was used as a starting compound. In the
first stage, 30 simulations were run simultaneously for 5000
steps. Every 500 steps, the structure of all 30 simulations was
set to the best structure found by all simulations. The second
stage consisted of a single simulation with 10 000 MC steps and
reset to the best structure found at every 100th step. The 3 fac-
tor was set to 50 for all simulations to provide high selectivity.
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This factor leads to a reasonable acceptance rate of 0.1-0.2 to
select efficiently among a very large number of possible chemi-
cal changes those few that lead in the right direction of similar-
ity to the target compound.

A score of 1 indicates identity between MC generated struc-
ture and target structure (see Figs 2 and 3, available as supple-
mentary data at Bioinformatics online). Especially for ligands
with many ring structures, it is often very difficult to escape out
of certain local minima. Nevertheless, the results indicate
(Table 1) that for most cases the approach succeeds in produc-
ing exactly the desired target compound. For some of the more
complicated compounds, the simulation got stuck in local min-
ima that slightly differ from the target reference compound.
Nevertheless, it indicates that even on a very rough score land-
scape, the MC procedure can reach or come very close to a de-
sired target chemical structure. The probabilities for different
types of chemical changes for each of the MC step are shown in
the “MC simulation approach” section. Variations of these step
parameters and of the effective simulation temperature were
tested (Fig. 4, Tables 1 and 2, available as supplementary data
at Bioinformatics online) but resulted in reduced performance
compared to the standard parameters (see “Materials and meth-
ods” section).

For the MC search approach based on combining chemical
fragments, the known ligand compound was broken down into
fragments used in a simulation of 10 000 steps. Since the addi-
tion or removal of whole chemical fragments causes larger dice
score changes compared to the atomistic-step MC approach, a
smaller g factor of 5 was necessary to achieve a reasonable MC
acceptance rate. As fragments can only be removed or added,
often reaching a new structure may require acceptance of inter-
mediates with a significantly reduced score. The standard prob-
abilities for each type of step were .6 for adding fragments and
4 for removing fragments. The structure was reset to the best
structure found at every 50th step. A random fragment of the
target ligand was used as starting structure. All tested ligand
compounds were successfully reassembled (Table 3, available

as supplementary data at Bioinformatics online). Examples for
the dice score versus MC steps are given in Fig. 5, available as
supplementary data at Bioinformatics online, including different
choices of g and probability parameters for adding or remov-
ing fragments.

Correlation of Chai-1 confidence score
and ligand binding affinity

Similar to AF3 or Boltz1, the Chai-1 structure prediction program
provides a pLDDT confidence score that is typically a very good
measure for the reliability of a predicted protein structure. Such
confidence score is also provided in case of a protein-ligand
complex. However, it is not clear how well it correlates with ex-
perimental binding affinities for known complexes. We selected
three protein cases for which structures of many complexes and
corresponding binding affinities are available. To this end, the
protein-ligand complexes for the bromodomain, serine/threo-
nine-protein kinase Pim-1, and p38 map kinase were evaluated
for a number of different ligands (data taken from PDBbind+
data set; Liu et al. 2017). The Chai-1 scores were compared to
the known binding affinities (Fig. 1). While there is no direct cor-
relation, a very high Chai-1 score does typically correspond to a
high average binding affinity. Although the Chai-1 confidence
score is far from ideal, the results suggest, however, that maxi-
mizing the Chai-1 score is a reasonable approach for finding
ligands with potentially high binding affinities.

Nevertheless, it is also important to realize that the realistic
scoring of protein-ligand complexes is still a major challenge
and needs further improvement in future work. We also investi-
gated the possibility to use other more force field-based scoring
provided by the Autodock Vina docking approach (Trott and
Olson 2010, Eberhardt et al. 2021) as an alternative to the Chai-1
confidence score. The correlation between the Autodock score
and the binding affinity was similarly tested (Fig. 6, available as
supplementary data at Bioinformatics online) and does not

Table 1 The target and resulting compounds in SMILES representation for atomistic-step MC simulations.

Target(SMILES) (from dB) Final closest compound Dice score
CNC(=0)c1[nH]c(c(c1CC)C(=0)C)C (4lzs) CCclc(C(=0)NC)[nH]c(C)c1C(C)=0 1.00
CNclcnn(c(=0)c1Cl)C (5mli) CNclcnn(C)c(=0)c1Cl 1.00
0=C1NC(=0)/C(=C/c2cccc(c2)C(F)(F)F)/S1 (3vc4) 0=C1NC(=0)C(=Cc2cccc(C(F)(F)F)c2)S1 1.00
CCnlcnc2clc(=0)[nH]c(=0)n2Cclcccccl (6fnx) CCnlcnc2clc(P)nc(=0)n2Cclcccccl 0.905
CCNC(=0)C[C@@H]1N=C(c2ccc(cc2)Cl)c2e CCN=NCL1 = C2C=CC=C2C(0C)=CClc1lnc(C=CCl)c(C) 0.726
(-n3c1nnc3C)ccc(c2)0C (2yek) n1C1=CCC(=0)NC1
CC(=0)clcc(c2nlcccc2)cleccenl (4a9i) CC(=0)clcc(-c2ccecen2)c2eceen12 1.00
SCclcec(ccl)C(=0)N1CCC(CC1)Cclcccccl (3iwT) 0=C(clccc(CS)cc1)N1CCC(Cc2ccccc2)Cll 1.00
COclcc2c(nenc2cc1OC)Neleeec(cl)SC (1di9) COclcc2nenc(Ne3ceec([SH]C)e3)c2cc10C 1.00
CNC(=0)[C@H](Cclcccccl)NC(=0)[C@@H](CC CNC(=0)C(Cclccceccl)NC(=0)C(CC(=0)NO)CC(C)C 1.00
(=0)NO)CC(C)C (1mnc)
CCCCCN(C(=0)[C@@H](NC(=0)[C@H] CC=CC=CC1=CC(=0O)NC(C(=0)NC(CCC(=0)0)C(=0)N 0.907

(Ccleceeecl)NC(=0)C)CCC(=0)[0-])
CCCCC (1a07)

(cceceeycecca)cl

Benzene was used as starting compound in the atomistic-step MC approach and the dice similarity score was optimized in the MC search. The target SMILES

correspond to bromodomain ligands extract from PDBbind (Liu et al. 2017).
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Figure 1 Illustration of the correlation between the experimental ligand-binding affinity and the Chai-1 confidence score. (A) Experimental binding
affinity against the Chai-1 confidence score for different ligands of the bromodomain complex. (B) Experimental binding affinity against the Chai-1
confidence score for ligands of the serine/threonine-protein kinase pim-1 complex. (C) Binding affinity against the Chai-1 confidence score for ligands

of the p38 map kinase complex.

appear to be much better than that of the Chai-1 score and
when used in simulations the Chai-1 score generally produced
more promising results than the auto dock score. Efforts to com-
bine the Autodock and Chai-1 scores (as a sum of normalized
Autodock score and Chai-1 score) did not result in much im-
proved correlation (Fig. 7, available as supplementary data at
Bioinformatics online). Hence, although not ideal, the Chai-1
confidence score (in combination with additional contributions,
see “Materials and methods” section) was used for all following
simulations.

De novo generation of bound ligands
using atomistic-step MC simulation

The MC approach based on atomic changes of bound ligands
was applied to the bromodomain, the serine/threonine-protein
and the f-1 adrenergic receptor (a seven helix bundle GPCR pro-
tein). Each simulation consisted of 2000 MC steps, with a con-
stant =50 and starting from benzene molecules. The
probabilities for each type of changes in an MC step are the
same as for the similarity-based simulation. For each protein
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Figure 2 Illustration of the MC-based ligand design process. (A-F) Generated ligands (-stick model) after 0, 20, 40, 60, 80, and 100 MC steps for the
bromodomain ligand binding pocket (protein as green cartoon). (G) Benzene (van der Waals spheres) start ligand placed in the bromodomain
binding pocket. (H) same as (G) with the generated ligand after 200 MC steps. (I) same as (G) but after 2000 MC steps. Note that the generated ligand
tightly fits into the binding pocket (protein represented as solvent accessible surface). (J-L) same as (G-I) but for the serine/threonine Pim-1

kinase target.

complex, we performed three MC simulations using different ini-
tial random seeds. Each MC run took roughly 20h, slightly
depending on protein size, on a PC with NVIDIA RTX4090 card.

In order to illustrate the progressive chemical changes of the
ligand structure, every 20th accepted structure of the first 100
MC steps of the first simulation on the bromodomain complex is
shown in Fig. 2. It also indicates how the MC approach progres-
sively fills the protein pocket with sterically well-fitting ligands.

In each case, the finally generated compounds are bound at
the target protein in the desired binding pocket and result in a
high Chai-1 confidence score (Table 2). Since the MC-type simu-
lation is a stochastic search method, it is not unexpected that
the final compounds differ for each MC run. It is also compatible
with the experimental observation that indeed many chemically
distinct ligands can be found for the four target proteins that
bind with nano- or micromolar affinity to the proteins.
Encouragingly, the high final Chai-1 scores are also comparable
to the scores for known ligands for each target that bind experi-
mentally with highest affinity (compare Tables 2 and 3). As
explained in the previous section, this should correspond, at

least on average, to a very favorable binding affinity. During the
MC run, the score improves initially within the first 250 steps
quite rapidly and evolves further more gradually (illustrated in
Fig. 3, see also Fig. 8, available as supplementary data at
Bioinformatics online). After the initial phase, improvements
that are simultaneously chemically feasible improve interac-
tions and allow good packing without sterical overlap become
increasingly difficult for the MC procedure. In the future, it
might be possible to design smarter MC moves in chemical
space to increase the probability of improvement at each
MC step.

In the previous paragraph, we found only an average correla-
tion of the Chai-1 score and the experimental ligand binding af-
finity for the test proteins. Hence, it is important to evaluate the
generated compounds using alternative force field-based
approaches. We used the widely employed molecular mechanics
generalize born (MMGBSA) method (Miller et al. 2012) to esti-
mate the mean interaction between compounds and target pro-
teins. In an evaluation of a large number of protein-ligand
complexes (Sindt et al. 2025), mean MMGBSA interaction
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Table 2 Final generated compounds (SMILES code, some of the SMILES are split into two lines) resulting from the atomistic-step MC method for the
bromodomain, p38 kinase, serine/threonine-protein kinase Pim-1, and the $-1 adrenergic receptor and the final scores.

Attempt Score  Chai-l1 SA ESOL QED MMGBSA Boltz-2
score score  score score  score score
(kcal/mol) (kcal/mol)

Results for

bromodomain

1 CCOC1(C)COCc2cc(NC)n(OC)c 0.908 0.902 4.347 —2.954 0.857 —-27.47%0.16 —8.484
(=S)c2N(C)C1

2 C=CNCC1Cn2cc(C)c(C) 0.919 0.917 4.405 —4.240 0.929 —-29.79%0.10 —9.400
c2C2=Clclc (nnc(C)c1CC)C2

3 CCC1CCC(C)(N)N1CCCnloc 0.918 0.908 4,798 -1.687 0.844 —-19.19%0.13 —-7.763
(=NC)n(C)c1=0

Results for p38

map kinase

1 CC(CCN)clnoc2nnc(O)c- 0.885 0.874 4.623 —2.986 0.844 —-40.20%0.14 —7.947
2¢1CCC1(C)C=CC=N1

2 CCNC(CC(C)=C1C2=C(CCC2)C 0.846  0.863  4.904  -2330  0.030  —41.73+0.29  —7.790
(N)=C1 C(=S)COCCCCN)(ON(O)N
(CN)CCO)C(=N)N

3 CCCCC1CCC(F)(c2cnc(N)c(C(=0) 0.877 0.872 4,578 -3.684 0.720 —34.01£0.28 —9.388
0 c3nnc(F)o3)c2N)01

Results for

Pim-1 kinase

1 CCOc1c2¢(c(C)c(C)c1PCN)CN 0.860  0.843  4.698  -2.311 0.659  —34.23%021  -7.422
(CC(=0)N1C=NC (C)(N)C1=0)C2

2 C=C1C(C)=c2ccc3c 0.876 0.857 4.490 -2.771 0.868 —32.54*0.14 —8.750
(c2=C1C1CCCC N1C)OC
(CCN)N3O

3 CN=clccoplCC(C)=clc(O)c 0.854 0.837 4.956 -3.5001 0.754 —31.55*0.15 -7.151
(CCCO) c(C)c(F)c1=CCOC

Results for

p-1 receptor

1 C=CC(C)C1=C(N)N(C)C=C(C(N) 0.849 0.838 4.490 —-2.943 0.724 —-32.16%£0.27 —10.226
CCc(c)o)ce

2 CCC(0C)C1=C(C=C(CCN(C)C)C 0.851 0.844 4,714 —2.758 0.633 —47.61%0.52 —-8.007
(C)O)NC(C)=C (C)C1IN

3 COC(C)Cclc2c(c(C)n1C)CC(N)C 0.875 0.865 4.871 —3.785 0.818 —-56.57*+0.19 —8.780
(CC(N) c1ccce(e)cr)e2

energies of —25 to —45 kcal/mol were typically found for high-
affinity binders. The MMGBSA results for the three runs and for
each protein target case are in this range (Table 2) and encour-
agingly are also of similar magnitude as MMGBSA results for ex-
perimentally evaluated protein binders (Table 3). Note also that
the MMGBSA scores for the four test proteins and different
ligands correlate qualitatively with experimentally known bind-
ing affinity (Table 3).

We also recalculated the MMGBSA score for the first 200 MC
steps of one simulation for each target (Fig. 9, available as sup-
plementary data at Bioinformatics online) and the calculated

averages of the three runs on each protein (Fig. 3). Similar to the
Chai-1 score, it improves initially quite rapidly but subsequently
only gradually.

As another independent test, the generated compounds were
also evaluated with the recent ligand-receptor binding affinity
model of Boltz-2 (Passaro et al. 2025). This model returns a log
(IC50) score, which estimates the binding affinity of ligand-re-
ceptor complexes and the accuracy of the model is considered
to be similar to alchemical absolute binding free energies that
are considered as most accurate binding prediction method
(Passaro et al. 2025). The log(IC50) score was converted into a
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Table 3 Experimental binding affinities, MMGBSA score, and Boltz-2 score for ligands of the bromodomain, the serine/threonine-protein kinase Pim-1
protein, the p38 map kinase protein, and the $-1 adrenergic receptor.

Complex Protein Ligand SMILES Exp. binding MMGBSA Boltz-2
affinity score score
(kcal/mol) (kcal/mol) (kcal/mol)

5mli Bromodomain CNclcnn(c(=0)c1Cl)C -3.90 -20.71*0.13 —7.930

407a Bromodomain Clclcccc(cl)Cl=C(Nc2ccc(c(c2)Cl)O)C(=0)NC1=0 -4.72 —23.11*0.13 -9.521

4hbw Bromodomain CCNS(=0)(=0)clccc2c(c1)CN(C(=0)N2)C -5.32 -25.23+0.10 -8.97

5igk Bromodomain CCOC(=0)Nclcc(nn2clnnc2C)clcec(c(c1)NS(=0)(=0)C)C -7.38 —33.77%0.12 -9.682

5khm Bromodomain COclnnc2nlnc(cc2)N1CCC(CC1)clcec(ccl)OCCIN@H+]1CCN -8.3 -38.68+0.18 —9.428
(C(=0)[C@H]1C)C

3iws8 p38 kinase 0=C(Nclscc(nl)[C@@H](COCclccceccl)[NH3+])Nclcee(c(cl) —4.87 -41.17+0.29 -7.812
ClF

3iw7 p38 kinase SCclcec(cecl)C(=0)N1CCC(CC1)Cclcccccl -5.64 -35.39+0.14 -6.701

6m95 p38 kinase COclcc(SC)cecclC(=0)N1CCC(CC1)Cclceccecl -6.85 —-37.48+0.17 —7.943

3I8s p38 kinase 0=C(Nclsnc(c1C(=0)N)OCclc(F)cc(cclF)Br)NCCCC[NH —-7.00 -44.22+0.18 -10.531
+]1cCcccl

6ohd p38 kinase Cclccc(ccleclenc2c(cl)[nH]c(=0)n2C(C)(C)C)C(=0)Nclnoccl -9.38 —50.18*+0.15 -10.862

4xh6 pim-1 kinase COc1c(0)cc2c¢(c10)c(=0)cc(02)clcec(ccl)o -5.57 -30.22*0.14 - 7.502

5kex pim-1kinase  C[NH+]1CCN(CC1)clccc(ccl)clec2c(nlC)nc(cc2Cl)C(=0)N -6.70 -31.24*+0.22 -9.378

4xhk pim-1kinase =~ O=C(clcsc(nl)clc(F)cccclF)NclenccclO[C@@H]1C[NH2 —-8.30 -34.81+0.11 -10.540
+]CC1

5v82 pim-1 kinase  Cclcnce(nl)clnec2c(cl)n(nc2)clcecc(nl)[C@H]1C[NH2+] -10.15 -38.31+0.10 -12.372
CCC1(F)F

4n70 pim-1 kinase C[C@H]1CN(C[C@H]([C@@H]10)[NH3+])clcc[nH+]ccINC —12.00 —46.36*10.23 —-12.872
(=0)c1ccc(c(nl)clc(F)cccclF)F

3zpr -1 receptor Cclcc(nc2cleccc2)NICCINH2+]CCL —-6.65 —34.36+0.17 -8.461

3zpq -1 receptor C1[NH2+]CCN(C1)clcccc2clcec[nH]2 -7.17 —24.02+0.22 —9.795

pIC50 in kcal/mol. In addition, the Boltz-2 score assigns quite fa-
vorable predicted binding scores to the MC-generated com-
pounds (Table 2).

One important advantage of the present MC-based ligand
generation method is the full reconstruction of the protein part-
ner allowing for conformational-induced fit adaptation of the
protein. The variation of the protein structure during MC-based
ligand generation depends significantly on the protein target
(Fig. 3, see also Fig. 10, available as supplementary data at
Bioinformatics online). No major structural changes were ob-
served for the bromodomain protein. It indicates a relatively
rigid binding pocket which varies little in structure upon binding
different ligands. Indeed, this finding compares well with experi-
mental structures of the bromodomain that change only little in
complexes with different ligands (Fig. 11, available as supple-
mentary data at Bioinformatics online). It is important to note
that even small changes in conformation can be of critical im-
portance for correctly placing and evaluation of protein-ligand
complexes (a major problem of rigid protein-ligand dock-
ing approaches).

In contrast, the structural variations during the MC simula-
tions are larger for the serin kinase and P38 cases (Fig. 3). This is
also in line with the experimentally found larger structural varia-
tion in complex with different ligands (Fig. 11, available as sup-
plementary data at Bioinformatics online).

Furthermore, it was investigated whether the ligands from the
different MC runs bind to the protein in a similar fashion. To this

end, the complexes of all the simulations were evaluated with
LigPlot+ (Laskowski and Swindells 2011) (Fig. 12, available as
supplementary data at Bioinformatics online). For the bromodo-
main protein, the results show high similarity, all ligands form
similar sets of hydrogen bonds with protein residues and similar
contacts to surrounding protein chains. While no chemical simi-
larity was found, there is some overlap in the way the ligands
bind to the proteins, as shown in Fig. 13, available as supple-
mentary data at Bioinformatics online. To further investigate the
similarities in the distribution of known and generated ligands,
an UMAP (Mclnnes et al. 2018) analysis was employed through
the ChemPlot implementation (Cihan Sorkun et al. 2022). The
approach allows for comparison of compounds in a principal
component type of chemical space representation. As shown in
Fig. 14, available as supplementary data at Bioinformatics on-
line, the distribution of the ligands is very diverse and, encour-
agingly, the ligands from the simulation are in all cases close to
some clusters representing known ligands.

Finally, it was attempted to improve the SA, ESOL, and QED
scores further, by adding an additional cleanup phase to the
simulation. This consists of 100 simulation steps, with the score
consisting only of the SA, ESOL, and QED scores. However, under
the condition that the Chai-1 score never falls below a certain
level (> 0.02), the threshold was determined as the starting
Chai-1 score minus 0.02. The probabilities for the types of steps
were also adjusted. This cleanup phase was tested for the best
resulting structure found for each protein. The results are shown
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Figure 3 (A) The average of the score for every 50 steps during the basic MC simulation for one design run on each of the three protein targets. The
average was taken as running windows over 100 MC steps. (B) Calculated MMGBSA score of three MC simulation runs for the first 200 MC steps.

(C) Root-mean-square deviation (RMSD) of the nonhydrogen protein atoms forming the ligand binding pocket with respect to the start structure.
The pocket protein atoms are defined as all atoms within 5 A of the native ligand.

in Table 4, available as supplementary data at Bioinformatics
online. The SA, ESOL, and QED scores improve successfully,
without incurring a major drawback in terms of the primary
Chai-1 score. It is still important to note that even with these
improvements, the SA score is only an estimate and does not
guarantee that resulting structures can be synthesized with rea-
sonable effort. Further work may be required to ensure the
structures resulting from the simulation are reasonable.

Fragment-based MC simulations

Instead of atomistic-step MC method, the MC search based on
larger chemical fragments was also investigated. In a first at-
tempt, some known ligands for the two proteins with high
scores were selected. These ligands were broken down into frag-
ments and recombined within a simulation of 500 steps, with
p = 5. Hence, the expected outcome for this type of stochastic
MC-based fragment assembly is to recover the known ligand
(Table 5, available as supplementary data at Bioinformatics on-
line). Interestingly, for all cases, compounds very similar to but
not always exactly the same as the known ligands were recov-
ered (Table 5, available as supplementary data at Bioinformatics
online). It reflects also the stochastic character of the compound
generation.

Additionally, the MC simulation approach was tested on a set
of 50 randomly selected fragments from the ChEMBL database

(Zdrazil et al. 2023) and fractured into BRICS fragments. These
fragments were then used for an MC simulation of 1000 steps
(Table 6, available as supplementary data at Bioinformatics on-
line). Interestingly, the resulting scores are not as favorable as
for the atomistic-step MC simulations. This is most likely due to
the fact that the fragments were chosen randomly and may not
contain the most complementary chemical groups in a sterically
well- fitting fragment. In the future, it might be possible to de-
sign smaller, more elementary fragments that allow for a greater
variety of combining chemical groups in different spatial
arrangements.

However, it was also tested if fragment selections specifically
suited for the selected target protein by decomposing known
ligands result in improved performance. These fragments were
then used in the same simulation setup as used for MC searches
based on random fragments. Indeed, on average, this type of
MC simulation resulted in significantly improved scores com-
pared to using randomly selected fragments (Table 7, available
as supplementary data at Bioinformatics online). The generated
compounds indicate MMGBSA scores and Boltz-2 scores in the
same range as known experimental binders to the target pro-
teins. The course of the average MC confidence score and of the
reevaluation using MMGBSA was also investigated (Fig. 15, avail-
able as supplementary data at Bioinformatics online). In both
the MC simulations with random and specific fragments, the
scores improved rapidly at the beginning to reach MC scores
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around 0.7-0.8 and after 200 steps changed only gradually with
significant fluctuations due to the relatively small =5 but
also due the bigger changes caused by adding or removing
whole fragments. The course of the MMGBSA score indicates
similar trends (Fig. 15, available as supplementary data at
Bioinformatics online).

Conclusion

Recent advances in Al allow for the rapid and accurate structure
prediction of proteins and also complexes with organic ligands
(Jumper et al. 2021, Chai Discovery 2024, Wohlwend et al. 2024).
It is also possible to use similar generative Al-based methods to
construct entirely new ligands employing, however, mostly rigid
protein pockets as target input structures (Sled? and Caflisch
2018, Liu et al. 2020, Wang et al. 2022, Tang et al. 2024b). Based
on the rapid Chai-1 structure prediction approach, we have de-
veloped an MC-based approach, termed Al-MCLig, that searches
stochastically through chemical space to generate new potential
binders for a given target protein structure. It allows also for
control of synthesizability of compounds which will by subject
of future efforts of improvement. The explicit rebuilding of the
entire complex structure at every MC step allows for adaptation
(induced fit) of the entire protein structure in response to an al-
tered compound structure (and also of the ligand itself). This is
a distinct advantage of our approach compared to existing con-
struction methods that mostly construct ligands in a rigid pro-
tein environment (Liu et al. 2020).

For the targets in our study, we found that only the average
confidence score of Chai-1 correlates with experimentally mea-
sured ligand binding affinity. The limited accuracy of the score
used to rapidly evaluate generated ligands clearly limits the ap-
plicability of the MC approach. However, this is an issue that
affects all available docking and generative ligand design meth-
ods and we therefore consider this as a separate issue, not disfa-
voring our approach. This aspect clearly needs future efforts for
improvement. Nevertheless, our approach allowed in all cases
to rapidly suggest new potential binders with MMGBSA scores
and Boltz-2 scores that are in the same range as those calcu-
lated for experimentally known ligands suggesting that these
generated ligands potentially represent realistic binders.

We consider our MC-based compound generation approach
as complementary to the variety of fragment buildup and new
reverse-diffusion-based approaches. The method can be quickly
adapted to specific needs. For example, one can limit the search
just to modify side chains or subsets of positions of a known li-
gand and keep a desired core or reference structure unmodified.
The method can be especially useful to rapidly generate a large
variety of potential binders for a given target protein structure.
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