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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure 
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these 
insights when generating new ideas. Recent advances in machine learning (ML) techniques and 
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and 
explained.

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches.
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QM calculations can overcome many of the 
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
between the fragment and the ligand . By combining the PIE of all the fragment-ligand 
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

BBiinnddiinngg aaffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available

Custom made libraries

Protein-ligand xray

Apo structure

Homology model

AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprrooccessess

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.
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Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.

Find out about our integrated approach to drug discovery and how we can 
help you achieve the best outcomes for your project.

www.charnwood-molecular.com
info@charnwood-molecular.com
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Conclusion

Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained

c

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
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requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.
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limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
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pairs it is possible to derive the total interaction energy of a ligand with its biological
target.
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Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.

Find out about our integrated approach to drug discovery and how we can 
help you achieve the best outcomes for your project.

www.charnwood-molecular.com
info@charnwood-molecular.com
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Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available

Custom made libraries

Protein-ligand xray

Apo structure

Homology model

AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained

c

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure 
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these 
insights when generating new ideas. Recent advances in machine learning (ML) techniques and 
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and 
explained.

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches.
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QM calculations can overcome many of the 
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
between the fragment and the ligand . By combining the PIE of all the fragment-ligand 
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

BBiinnddiinngg aaffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.
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Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.

Find out about our integrated approach to drug discovery and how we can 
help you achieve the best outcomes for your project.

www.charnwood-molecular.com
info@charnwood-molecular.com

Introduction

Conclusion

Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.

a) b)

Scan to find this 
poster and more.

Computational chemistry at
Charnwood Molecular

c

Iva Lukac
Charnwood Molecular, Building 42, Charnwood Campus, Summerpool Road, Loughborough LE11 5RD

c

c

c

Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained

c

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available

Custom made libraries

Protein-ligand xray

Apo structure

Homology model

AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure 
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these 
insights when generating new ideas. Recent advances in machine learning (ML) techniques and 
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and 
explained.
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for many years, but in practice, linking these
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challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches.
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QM calculations can overcome many of the 
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
between the fragment and the ligand . By combining the PIE of all the fragment-ligand 
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD
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The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.
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Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.
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Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained

c

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available

Custom made libraries

Protein-ligand xray

Apo structure

Homology model

AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.
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QM calculations can overcome many of the 
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
between the fragment and the ligand . By combining the PIE of all the fragment-ligand 
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.
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Design of Experiments - DoE
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Charnwood Molecular, Building 42, Charnwood Campus, Summerpool Road, Loughborough LE11 5RD

Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.

Find out about our integrated approach to drug discovery and how we can 
help you achieve the best outcomes for your project.

www.charnwood-molecular.com
info@charnwood-molecular.com
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Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained
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for many years, but in practice, linking these
findings back to medicinal chemists and turning
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Current ML/AI activities within the group are
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spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
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approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available
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Protein-ligand xray

Apo structure
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AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure 
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these 
insights when generating new ideas. Recent advances in machine learning (ML) techniques and 
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and 
explained.

Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches.
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QM calculations can overcome many of the 
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and charge
fluctuation). Despite the greater accuracy, QM
methods have not been routinely used in drug
discovery due to the high computational costs 
required to deal with large biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting 
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE) 
between the fragment and the ligand . By combining the PIE of all the fragment-ligand 
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

BBiinnddiinngg aaffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].

Databases:

Commercially available

Custom made libraries

Protein-ligand xray

Apo structure

Homology model

AlphaFold structure

Active ligand

Filters (PAINS, ADME, druglike..)

Post-processing

IItteerraattiivvee pprrooccessess

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.
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Finally, the reaction was subjected to further optimization using DoE software
from Design Expert. This work focused on several key rection parameters,
including catalyst loading, equivalents of base, temperature and
concentration. The results of these experiments were used to build a surface
response plot (Figure 1), as well as a statistical model of the Buchwald–
Hartwig reaction, leading to further improvements in the yield of the reaction
(98% yield), as well as avoiding the potential for a “false optimum”,3 which can
be encountered when changing just one factor at a time.

The rapid identification of Buchwald–Hartwig amination conditions was required for the synthesis of building block 3. We initially conducted a literature review of
potential reaction conditions and prepared a shortlist of different options. This shortlist of conditions was subsequently screened on a Radleys Mya 4 Reaction Station
using minimum quantities of material, leading to the identification of a set of “hit” conditions. We also screened several greener reaction solvents as alternatives to
1,4-dioxane, leading to the identification of tBuOH as an effective replacement.

Finally, this new process was optimised using “Design of Experiments” (DoE) software, allowing us to fully explore multiple reaction parameters and variables in as
few experiments as possible. In this way, we avoided the fallacy of a “false optimum”, which is often encountered when changing one factor at a time. The desired
product was isolated in high yield from our highly optimised process.

As a known carcinogen,1 the use of 1,4-dioxane as a reaction solvent raises
significant environmental, health and safety (EHS) concerns, highlighting the
need for more benign alternatives. With this in mind, a set of greener,
sustainable solvents was screened against the best conditions identified
from the catalyst-base screening exercise. The solvents used in this
experiment were chosen based on well-documented solvent selection guides
for greener, more sustainable solvents.1,2 Pleasingly, tBuOH gave
comparable results to 1,4-dioxane and was selected for further optimization
work (Table 2).

Dioxane Solvent Swap - Safety and Sustainability
The high throughput screening capabilities of the Radleys Mya 4 Reaction
Station allowed for the rapid screening of all sixteen of our shortlisted catalyst-
base combinations for this reaction. In this way, a full suite of reaction data was
generated, including the UPLC-MS analysis of all 16 reactions, within 2 hours.
The results of this screening process revealed that the use of K3PO4 with Xphos
Pd G3 gave the highest conversion to product (Table 1). Notably, the use of
KOtBu led to bis-addition impurities.

Catalyst/Base Screening

D

In summary, the rapid optimization of a Buchwald–Hartwig amination
reaction was achieved using the Radleys Mya 4 Reaction Station together
with DoE software from Design Expert. Further improvements to the reaction
were made by replacing 1,4-dioxane with tBuOH, which represents a much
safer and sustainable reaction solvent.

The use DoE allowed for the generation of a statistical model of the reaction
based on multiple factors, as well as the identification of important two-
factor interactions. In this way, the model allowed the prediction of optimum
conditions for maximising yield, resulting in 98% conversion to product 3.

Find out about our integrated approach to drug discovery and how we can 
help you achieve the best outcomes for your project.

www.charnwood-molecular.com
info@charnwood-molecular.com

Introduction

Conclusion

Solvent % Product Conversion
1,4-Dioxane - Control 88

Toluene 84
2-MeTHF 87
TBME 80
tBuOH 90
CPME 80

TPGS-750-M 62
DMC 73

Table 2: Alternative solvents screened as potential replacements for 1,4-dioxane
*CPME: Cyclopentyl methyl ether, TPGS: DL-α-Tocopherol methoxypolyethylene glycol
succinate, DMC: Dimethyl carbonate. Reactions conducted in a sealed tube.

Optimum conditions identified when changing one factor at a time: Xphos Pd G3
(5 mol%), K3PO4 (3 eq.), tBuOH (0.4 M conc.), reflux, 2 h – 90% ProductTable 1: Catalyst/Base screening results for the formation of 3. Green = conversion to 

product as determined by UPLC-MS. Red = By-products and unreacted starting materials.

Figure 1: Left: 3D surface response with respect to catalyst loading and equivalency of
base. Right: Radleys Mya 4 Reaction Station

Rapid Optimisation of a Buchwald–Hartwig
Amination using Design of Experiments (DoE)

Figure 2: Optimised reaction conditions for maximizing the amount product, according
to the statistical model

1) Chem Rev 2022, 122, 6, 6749–6794 2) Green Chem 2016, 18, 3879–3890 3) Sci Rep 2019, 9, 11370

DoE-optimised Conditions : Xphos Pd G3 (0.5 mol%), K3PO4 (3 eq.), tBuOH
(0.36 M conc.), reflux, 1 h – 98% Product.

a) b)
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Computational chemistry can be described as chemistry performed using computers rather than
chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
explained
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Visualising cchheemmiiccaall ssppaaccee and organising
chemical structures in a sensible way has been of
interest to drug discovery research community
for many years, but in practice, linking these
findings back to medicinal chemists and turning
data into valuable information has been a
challenge.

Current ML/AI activities within the group are
focused on effective navigation of chemical
spaces, pragmatic exploration of ultra-large
libraries such es Enamine REAL or WuXi GalaXi,
and implementation of de-novo generative
approaches
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.

BBiinnddiinngg AAffffiinniittyy PPrreeddiiccttiioonn
The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
RRaattiioonnaalliissiinngg SSAARR
Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Apo structure
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Post-processing

IItteerraattiivvee pprroocceessss

Linear scaling QM based approaches

Machine learning approaches

Medicinal chemistry intuition

Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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chemicals. Much like the experiment, calculations can be applied in order to collect the data or
simply as a way of looking at the unusual. Use of computer-aided drug design (CADD) in early
phases of drug discovery pipeline helps expedite the whole process and minimise chances of failure
in the later stages. Rational drug design relies on useful insights derived from structure-activity
relationship, understanding the interactions between the hits and their target, and exploiting these
insights when generating new ideas. Recent advances in machine learning (ML) techniques and
artificial intelligence (AI) have greatly advanced how biological data is analysed, presented and
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QM calculations can overcome many of the
limitations imposed by molecular mechanics-
based approaches (e.g. polarisations and
charge fluctuation). Despite the greater
accuracy, QM methods have not been routinely
used in drug discovery due to the high
computational costs required to deal with large
biological systems.

Recently, the development of fragment molecular orbital (FMO) methods have
increased the computational speed of QM approaches. This is achieved by fragmenting
the system into smaller parts, and deriving QM based pairwise interaction energies (PIE)
between the fragment and the ligand . By combining the PIE of all the fragment-ligand
pairs it is possible to derive the total interaction energy of a ligand with its biological
target.

Correctly quantifying and describing interactions
between protein and the ligand computationally
requires a physically accurate description of the
molecules. When choosing the right method, we
are aiming to find a balance between the
accuracy and the degree of conformational
space that can be included in the calculation.

CADD

1.Lukac, Iva, et al. "Predicting protein–ligand binding affinity and correcting crystal structures with quantum mechanical calculations: lactate dehydrogenase A." Chemical science 10.7 (2019):
2218-2227 2.Lukac, Iva, et al. "Ligand binding: evaluating the contribution of the water molecules network using the Fragment Molecular Orbital method." Journal of Computer-Aided
Molecular Design (2021): 1-12. 3.Thomas, Michael, et al. "Scaffold-Hopping Strategy on a Series of Proteasome Inhibitors Led to a Preclinical Candidate for the Treatment of Visceral
Leishmaniasis." Journal of medicinal chemistry 64.9 (2021): 5905-5930.
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The combination of computed QM binding energies with
measured or predicted logP values can provide usefully 
accurate predictions of protein-ligand binding energies [1].
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Going beyond ‘visual inspection’ and identifying 
nonintuitive interactions [2,3].
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Post-processing of hits (virtual or HTS) is an iterative approach. By applying modern
computational techniques, complex data is converted into highly visual, actionable insights,
information rich 3D sessions, custom made interactive dashboards that are platform
agnostic and easy to understand interactive plots. Drug discovery is highly multidisciplinary
process, and requires researchers with different backgrounds and expertise to look at the
same data. Experienced medicinal chemists will be able to quickly spot the interesting
patterns amongst the chemical series, but also some of the features that have proven to
be problematic in the past. It is essential that chemist examine the data as well as they are
the ones with the most domain knowledge. It is therefore imperative to find the ways of
incorporating this background knowledge and experience with the modern data science
approaches.

Visualising large multidimensional datasets as two-
dimensional minimum spanning trees (tmap).
Snapshot from a web-based interactive visualisations.
BACE-1 embedding, colouring based on docking score
bins.

Computational chemistry group at Charnwood Molecular can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science
techniques. The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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Computational chemistry group at Charnwood Discovery can help drug discovery process in each of its phases by applying molecular modelling, chemoinformatics and data science techniques. 
The group has an extensive track record of building custom and creative solutions to different project needs, as well as applying industry standard solutions.
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