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ABSTRACT 

 While linear free energy relationships (LFERs) have been used for decades to 

relate electronic and steric features of a substituent to the reaction rate, and thus infer 

something about the reaction mechanism they have recently become more popular as 

tools for catalyst and ligand design. In these cases, multi-parameter fitting is used to 

create a function that predicts an experimental outcome - such as reaction rate, 

selectivity, binding affinity, or inhibitory concentration - based on computationally 

determined descriptors of the ligand or catalyst. However, these fits are often complex 

and difficult to interpret. I have proposed and developed a series of multivariate LFERs 

that use purely computational data. This allows us to isolate features of the complex 

chemical system under consideration, and thus achieve both quantitative prediction of 

interaction energetics and clear interpretability, providing chemical insight into the 

underlying interactions that influence the observed trends. I have applied this 

methodology to both the areas of catalyst design and drug optimization. In the area of 

catalyst design I was able to propose a new catalyst for a BINOL-catalyzed asymmetric 

conjugate addition which has since been experimentally shown to have improved yield. 



 

In the area of drug design and optimization I have developed new descriptors of 

heterocycle electrostatics that have been successfully used to describe both traditional 

and non-traditional stacking interactions that, while observed in drug binding sites, had 

previously not been well understood or fully taken advantage of. Further, I have 

developed methodology for the rapid evaluation of these descriptors from atom 

connectivity information such as a SMILES string, eliminating the need for expensive 

quantum mechanical computations to make accurate predictions. 
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CHAPTER 1 

INTRODUCTION AND LITERATURE REVIEW 

Motivation for Studying Organic Systems using Computational Chemistry 

Computational chemistry uses physical principles to compute the properties of 

molecules such as the structure, relative energy, free energy and electrostatic potential. 

The properties can in turn be used to explain observed chemical phenomena, and to make 

predictions about the behavior of systems for which experimental data is not available. 

This feature is particularly valuable in cases where experiments are dangerous, 

expensive, or time consuming to perform, such as is often the case in the design of 

selective catalysts and drug candidates. In these cases, it is desirable to avoid the 

synthesis of ineffective catalysts or ligands, and thus computational methods for 

determining the top candidates are appealing. However, useful predictions require 

accurate computation of the molecular properties, which in turn often requires the use of 

methods that are computationally expensive. As computational cost scales steeply with 

the size of the system under investigation, this makes large scale computational analysis 

of relevant systems prohibitively expensive and hamstrings efforts toward 

computationally driven molecular design.  

In this case Linear Free Energy Relationships (LFERs) can be incredibly useful. 

Initially developed by Hammett in order to measure electronic effects in the transition 

state in 1937,1 LFERs are powerful tools capable of providing both predictive power and 

mechanistic understanding. They capture underlying trends in the observed behavior, and 
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allow us to make accurate predictions about unknown behavior based on more easily 

accessible steric and electronic properties of the molecule. Often, for the complex task of 

catalyst or ligand design a single descriptor is inadequate to describe the factors 

influencing a given process or property. In these cases, multi-parameter fitting is used to 

create a function that predicts an experimental outcome—such as reaction rate, 

selectivity, binding affinity, or inhibitory concentration—based on computationally 

determined descriptors of the ligand or catalyst.  These relationships can reveal the ways 

that different properties may work in concert or conflict, and inform the design process 

whereby features are changed simultaneously (i.e. choosing a new substituent that is both 

sterically and electronically distinct). In the best case application of these techniques, the 

combination of predictive power and interpretability means that these relationships can 

be used for both design and understanding.  

While these techniques have been traditionally used to relate experimentally or 

computationally described molecular descriptors to experimental data regarding rates, 

binding constants, or selectivities, I have extended their use to understanding and 

predicting purely computational results such as transition state barriers and computed 

binding energies. This allows us to isolate features of the complex chemical system under 

consideration, and thus achieve both quantitative prediction of interaction energetics and 

clear interpretability, providing chemical insight into the underlying interactions that 

influence the observed trends. I have applied this methodology to both catalyst and drug 

design. In the area of catalyst design, I was able to propose a new catalyst for a BINOL-

catalyzed asymmetric conjugate addition which has since been experimentally shown to 

have improved yield and selectivity. In the area of drug design and optimization, I have 
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developed new descriptors of heterocycle electrostatics that have been successfully used 

to both predict and understand traditional and non-traditional stacking interactions 

between heterocycles and functional groups appearing in drug binding sites. 

Motivation for Studying Stacking 

Within the field of drug development, Quantitative Structure-Activity 

Relationships (QSARs) are used extensively in a similar manner to the multidimensional 

LFERs described above. QSAR builds on the work of Hammett and others on linear free 

energy relationships, expanding the concept to multiple descriptors in order to predict 

drug potencies. Over time, as machine learning and statistical methods have been 

developed and gained popularity, these relationships have become incredibly complex, 

and difficult to interpret.  In general, they cannot be easily used to gain any understanding 

of drug binding. While explicitly computing properties that occur at the cellular level is 

computationally intractable, quantum mechanical based computational tools are well 

suited to quantifying specific intermolecular interactions, which can provide insight into 

the driving factors behind experimentally observed drug binding trends. I have developed 

multi-parameter LFERs to predict the strength of non-covalent interactions important to 

drug binding with the aim of retaining the simplicity necessary to provide chemical 

insights into these interactions. These relationships can then be used in fragment-based 

drug design and to improve scoring functions for docking methods while also providing 

us with improved chemical understanding of the underlying non-covalent interactions.  

Stacking interactions, though common in drug binding sites, are not well 

understood and are thus a good candidate for this type of analysis. Past work found 

correlations between heterocycle dipole moments and interaction energies for stacking 
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intrdactions with both benzene30 and the protein amide backbone.18 However, these 

correlations were weak, and when a larger and more diverse set of heterocycles was used, 

dipole moment was no longer sufficient to describe the observed trends.31 This 

highlighted the need for both fits that can consider multiple heterocycle features and 

improved descriptors of heterocycle electrostatic features beyond simply the dipole 

moment. 

Past work using LFERs in the understanding of heterocycle interactions relevant 

to drug binding have focused on the use of dipole moment to capture electrostatic 

effects.18, 30-31 However, it is known that molecular dipoles only accurately represent 

intermolecular interactions at large distances, and not the short distances relevant 

understanding interactions in a protein binding pocket. Further, there are a large number 

of heterocycles with zero dipole moment due to their symmetry, but with very different 

interaction strengths due to their distinct substitution patterns that cannot be captured 

using dipole moments alone as descriptors (i.e. the difference between benzene and 1,3,5-

triazine). Thus, I developed new, physically motivated molecular descriptors that can be 

used to describe the electrostatics of heterocycle drug fragments at the distances relevant 

to drug-protein interactions. Additionally, I have applied these new molecular descriptors 

to the development of LFERs that predict and explain many of the different types of 

interactions that heterocyclic drug fragments can participate in, which have unique trends 

in their tunability and geometric preferences. In particular, I focused on interactions that 

have been observed in drug binding sites and are expected to have a significant 

electrostatic component.  
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My first study in this area concerned the development of a multidimensional 

LFER for the prediction of interaction energies of amide stacking with heterocycles.2-3 

This “non-traditional” stacking interaction can be quite strong, and is expected to play a 

role in protein structure and stability,4-6 urea-induced protein denaturation,7 and protein-

ligand binding;8-10 however the interaction itself is not well understood. Optimization of 

amide stacking interactions has been used to improve inhibition of several protein targets 

including serine protease Factor Xa,8 endothiapepsin,11-12 protein kinase A (PKA),13 and 

the cysteine protease autophagin-1.14 It is also an appealing drug design target as the 

amide backbone is generally less flexible than the side chains and the large number of 

intra-protein amide hydrogen bonds leave the π-face as a more accessible target. 15-17 

My second study focused on the interaction between planar salt-bridges and 

heterocycles. These interactions have been observed in protein-ligand interactions20 and 

are also common at protein-protein interaction interfaces.21-23 Experimental studies of 

synthetic models systems have shown that the presence of aromatic groups promotes salt-

bridge formation.24-26  Similar to amide stacking, salt-bridge stacking interactions are 

expected to be electrostatically controlled.  However, rather than the large molecular 

dipole observed in an amide, in the case of the salt bridge there are separated positive and 

negative charges. The acetate-guanidinium ion pair was used as a model of an Asp:Arg 

salt bridge, and due to the larger size of the ion pair, the heterocycle set was expanded to 

include 27 bicyclic and three tricyclic heterocycles. 

Thirdly, I have studied stacking interactions between a subset of the monocycles 

and bicycles with the aromatic amino acid side chains phenylalanine, tyrosine and 

tryptophan. These amino acids are modeled by toluene, p-methylphenol, and 9-
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methylindole, respectively. While arene stacking interactions are often a key component 

of drug binding, and small changes in a drug heterocycle that interacts with aromatic 

residues have been shown to dramatically impact binding,27 the reasons for these changes 

are not well understood. There are not currently any tools available to help medicinal 

chemists make judicious choices regarding the incorporation of different heterocycles 

based on their stacking ability. The development of a quantitatively predictive LFER, 

along with interpretation of that LFER into clear qualitative design guidelines, will help 

to guide this decision making.  

The LFERs created to describe these three interaction types are all based on our 

newly developed electrostatic potential based molecular descriptors, in combination with 

terms to capture dispersion. While these fits offer useful predictions at a fraction of the 

computational cost of full dimer geometry optimization, the quantum chemical evaluation 

of these descriptors may still be prohibitive for truly high throughput prediction of 

heterocycle performance.  Two of these descriptors, ESPmean and ESPmax, have a direct 

relationship with the amount of substitution on the heterocycle and the topological 

arrangement of these heteroatoms. Thus, they can be evaluated directly from a 

description of atom connectivity such as a SMILES string. Incorporation of these 

connectivity-derived molecular descriptors into the previously developed LFER for arene 

stacking leads to predictions for interaction energies of similar quality to those based on 

the QM computed descriptors.  

Motivation for Studying a Conjugate Addition 

The use of multivariate regression in asymmetric catalyst design has been recently 

popularized by Sigman and coworkers and successfully applied to a variety of 
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reactions.32, 34-44 They have further shown that despite the increased complexity of their 

parametrized function, resulting from the inclusion of a larger number of parameters, 

these fits can still be used to gain mechanistic understanding of the stereo-determining 

steps.34, 38-39 Such understanding comes from analysis of which catalyst descriptors of 

those considered are shown to be important via the fitting and parameterization process. 

However, development of these LFERs requires access to a large number of experimental 

results for catalysts that span a large range of selectivities. This may restrict this type of 

analysis to reaction types where catalyst synthesis is straightforward, modular, and 

amenable to a variety of substitutions. This provides an opportunity for further 

application of computational methods, in particular density function theory (DFT), which 

has been shown to be useful in understanding asymmetric reactions and guiding catalyst 

design.45-52  Since computational results can provide accurate rates and selectivities, the 

use of computational data in multivariate LFERs in cases where experimental data is not 

available is appealing. Further, development of the program AARON within our group 

has automated the process of transition state optimization, overcoming problems with the 

time intensive nature of that process and allowing for a quantum mechanical virtual 

screening. This leads to the creation of sufficient computational data for the development 

of an LFER.  

This methodology was applied toward the design of an improved catalyst for the 

enantioselective synthesis of α-chiral heterocycles via the conjugate addition of vinyl 

boronic acids to heterocycle appended enones. The reaction, introduced by May et al.54 in 

2012, is catalyzed by a 3,3’-substituted BINOL, and shows significant dependence of 

both rate and selectivity on the identity of the 3,3’ substituent. Virtual screening for 
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identification of an improved catalyst was combined with the development of an LFER 

that could identify key features of the substituent that contributed to the overall catalyst 

performance.  
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Abstract 

Stacking interactions can be important enthalpic contributors to drug binding. 

Among the less well-studied stacking interactions are those occurring between an arene 

and the π-face of an amide group. Given the ubiquity of heterocycles in drugs, combined 

with the abundance of amides in the protein backbone, optimizing these non-covalent 

interactions can provide a potential route to enhanced drug binding. Previously, 

Diederich et al. (ChemMedChem 2013, 8, 397-404) studied stacked dimers of a model 

amide with a set of 18 heterocycles, showing that computed interaction energies correlate 

with the dipole moments of the heterocycles and providing guidelines for the 

optimization of these interactions.  We have considered stacked dimers of the same 

model amide with a larger set of 28 heterocycles common in pharmaceuticals using more 

robust ab initio methods. While the overall trends in these new data corroborate many of 

the results of Diederich et al., these data provide a more refined view of the nature of 

amide stacking interactions. We present a robust scoring function for amide stacking 

interaction energies based on the molecular dipole moment and strength of the electric 

field above the arene.   

Introduction 

Stacking interactions, which are typically defined as occurring between two 

aromatic rings,55-56 play critical roles in fields ranging from structure-based drug design 

and molecular recognition to the development of organic electronic materials and 

asymmetric catalysts.57-64  However, there are a growing number of “non-traditional” 

stacking interactions that have proved important in protein-ligand interactions.60 Among 

these are amide stacking interactions,2-3 which are the attractive interactions between 
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arenes and the π-system of an amide. Amide stacking interactions are stronger than many 

other stacking interactions, and can be competitive with hydrogen bonds;65-66 they can 

also play a role in protein structure and stability,4-6 and similar interactions have been 

implicated in urea-induced denaturation of proteins.7 Unlike stacking interactions of 

arenes,30-31, 55-56, 67-76 amide stacking is still relatively poorly understood. 

Stacking interactions of amides with heterocycles are expected to play an 

important role in drug binding due to the abundance of backbone amide groups in 

proteins and the ubiquity of heterocycles in drugs.31, 77-79   Furthermore, since the protein 

backbone is generally less flexible than the amino acid side chains, it should be simpler to 

target amide stacking interactions through structure-based drug design.18 Additionally, 

the large number of intra-protein hydrogen bonds involving backbone amides means that 

the π-face of these functional groups is typically more accessible for interactions with 

ligands.15-17 

Amide stacking interactions have been implicated in the binding of a number of 

small-molecule inhibitors.8-10  For instance, in 2005, Perzborn et al.8 demonstrated 

significantly increased inhibition of serine protease Factor Xa (FXa) by introducing an 

amide into an oxazolidinone based inhibitor such that it could stack between Phe and Tyr 

side chains in the binding pocket. In 2012, Diederich et al.9 also took advantage of amide 

stacking in the inhibition of FXa, showing that optimizing the orientation of an oxazole 

fragment in a small-molecule inhibitor, relative to a backbone amide in the binding site, 

improved binding by an order of magnitude.  A recent computational study by Sherrill et 

al.10 comparing two FXa targeting ligands80 found that differences in interaction energy 

stem largely from differences in amide stacking.  
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In 2013, Diederich et al.18 presented computational data and results from an analysis 

of the PDB regarding stacking interactions between  a model amide (N-methylacetamide, 

NMAC) and 18 heterocycles common in pharmaceuticals.  Ultimately, they provided 

three guidelines for choosing heterocyclic drug fragments that yield strong stacking 

interactions with amides: 

1. orienting the fragment dipole vector such that it is aligned in an antiparallel 

fashion with the dipole of the interacting amide group 

2. increasing the dipole moment of the heterocycle 

3. decreasing the π-electron density of the heterocycle (i.e. through the introduction 

of nitrogens).81 

Optimizing amide stacking has also been used to improve inhibition of a number of 

targets, including the aspartic protease endothiapepsin,11-12 protein kinase A (PKA),13 and 

the cysteine protease autophagin-1.14 Most recently, Diederich et al.29, 82-83 tried to design 

an inhibitor for the cysteine protease cathepsin L by maximizing amide stacking 

interactions. Variations of a heterocyclic core led to Ki values spanning two orders of 

magnitude (from 1450 nM for quinolone to 4 nM for benzothiophene).  However, they 

found no clear relationship between the hetereocycle dipole orientations and measured Ki 

values. This was attributed to the presence of two amides in the binding pocket with 

antiparallel dipole moments in close proximity to the heterocycle, which is expected to 

buck any trends extracted from simpler model amide stacking interactions.  

The first two of Diederich’s guidelines18 was based on a correlation between 

computed interaction energies for model stacked dimers and the molecular dipole 

moments of the heterocycles (r2 = 0.84).  However, this correlation excluded heterocycles 
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with zero dipole (i.e. benzene, pyrazine, and 1,3,5-triazene). Moreover, it applied only to 

sandwich and parallel-displaced dimers separately;84 once all heterocycles are included, 

and the global minimum energy structure reported for each heterocycle considered 

(regardless of whether it is in a sandwich or parallel-displaced configuration), the 

correlation of the heterocycle dipole moments with the interaction energies18 is 

considerably weaker (r2 = 0.50; see Appendix A, Figure A-1). This suggests that simply 

using the heterocycle dipole moment as a predictor of amide stacking interactions will be 

potentially problematic, particularly in cases in which the geometry of the amide stacking 

interaction (i.e. sandwich vs. parallel displaced) is not already precisely known. 

Subsequent work by Huber and co-workers30 on stacking interactions between a 

set of 10 monocyclic heterocycles and benzene showed a similar correlation of computed 

stacking energies with hetereocycle dipole moments (r2 = 0.78).   However, An, et al.31 

showed that this correlation is diminished when looking at stacking of 9-methyladenine 

with a set of 28 monocyclic heterocycles (r2 = 0.73). Furthermore, for stacking of 9-

methyladenine with larger fused heterocycles this correlation all but disappears (r2 = 

0.29).  

Here, we provide a more robust ab initio computational study of stacking 

interactions between NMAC and common heterocyclic drug fragments, employing both 

higher levels of ab initio theory and a larger and more diverse set of heterocycles than 

considered by Diederich et al.18 (see Scheme 2.1).   Ultimately, we present a predictive 

model of amide-heterocycle interaction energies based on simple molecular descriptors 

that can account for all heterocycles and preferred stacked geometries, as well as 

qualifications for the design guidelines put forward by Diederich et al.18  
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Scheme 2.1. Heterocycles included in this study. Underlined numbers denote 

heterocycles that were also considered by Diederich et al.18 

Results and Discussion 

We considered the set of 28 heterocycles in Scheme 2.1, which includes the 18 

studied by Diederich et al.18 augmented with other common monocyclic heterocycles 

found in pharmaceuticals as well as their tautomers and regioisomers.31, 77-79  In order to 

ensure all stacked energy minima were identified, we considered 12 distinct starting 

geometries for each heterocycle (see Theoretical Methods for more details). Following 

Diederich et al.,18 constrained geometry optimizations were performed in which the 

heavy atoms of the amide and heterocycle were restricted to remain in parallel planes 

while all other geometrical parameters were optimized. These optimizations were 

performed at the ωB97X-D/def2-TZVP level of theory,85 which should provide robust 

optimized geometries.86 The resulting stacked dimers were characterized by three 
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intermolecular coordinates (see Figure 2.1). The interaction energies of these complexes 

were then computed at the DLPNO-CCSD(T)/cc-pVQZ87-90 level of theory (see Table 

2.1), which should provide benchmark-quality data (See Appendix A, Table A-1 for more 

information and comparisons with other, even higher levels of theory).  Excellent 

agreement of these benchmark interaction energies with the ωB97X-D/def2-TZVP data 

(RMSE = 0.4 kcal mol–1 across all 116 local stacked energy minima; see Appendix A, 

Figure A-2) supports the use of the latter level of theory for the geometry optimizations. 

 

Figure 2.1. Intermolecular coordinates (d, x, and α) characterizing stacked amide-

heterocycle dimers, shown for model dimers of pyridine and n-methylacetamide 

(NMAC). The blue and red vectors represent the dipole moments of pyridine and NMAC, 

respectively. 

There are qualitative differences in the structures and computed interaction 

energies between the present work and those reported by Diederich et al.18 based on 

LMP2/cc-pVDZ optimized geometries. In particular, whereas they found that the 

optimized dimers naturally segregated into sandwich type dimers (x < 0.7 Å) and parallel 

displaced structures (x > 1.1 Å), we find a nearly continuous distribution of parallel-

displaced distances centred at 1.0 Å (see Appendix A, Figure A-3 for more details).  In 

other words, we find no natural means of separating sandwich from parallel displaced 

geometries among the minimum energy configurations for each heterocycle. Notably, this 

is not an artefact of the particular DFT functional employed here, but is reproduced by a 
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number of reliable DFT functionals (see Appendix A, Table A-2).  We also find a much 

smaller range of interplanar distances (3.17 to 3.41 Å) compared to Diederich et al. (3.20 

to 3.81 Å) and much stronger overall interaction energies (average interaction energy of -

5.5 kcal mol–1 in our data compared to -2.8 kcal mol–1 from Diederich, for the 18 

heterocycles common to both studies). 

Despite these differences, our more robust data corroborate the finding of 

Diederich et al.18 that stacked dimers of amides with heterocycles tend to adopt 

orientations with the molecular dipoles in an antiparallel orientation (see Figure 2.2A).  

However, the distribution of α-values over this larger set of heterocycles is broad, with 

over a third of the heterocycles exhibiting α-values less than 150°.  That is, while there is 

a general tendency of amides to stack in an antiparallel arrangement, the trend is weak. 

This can be understood by plotting the optimized α-values against the heterocycle dipole 

moments (see Figure 2.2B).  As expected, while there is a strong tendency for the 

heterocycles with large dipole moments to align in an antiparallel fashion, this tendency 

quickly dies off with decreasing dipole. The result is that for heterocycles with smaller 

dipoles, α-values that deviate significantly from 180° are common (for heterocycles with 

zero dipole moment this angle is not defined).  

The broad distribution of α-values can also be understood by explicitly 

considering the dependence of the interaction energy on α for selected systems.  

Interaction energies as a function of α are plotted in Figure 2.2C for pyridazine and 

pyridine.  In the latter case, we considered two starting geometries for these scans, 

corresponding to slightly different lateral displacements (x). For systems such as 

pyridazine with a large dipole moment (μ = 4.24 D), there is a relatively steep energetic 
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penalty for deviations from α  = 180°, which reaches a maximum of 5.4 kcal mol–1 for α 

= 0°.  However, for the many heterocycles with more modest dipole moments (e.g. 

pyridine, μ = 2.25 D), the angular dependence of the interaction energy is weak, with a 

very broad energy minimum surrounding α = 180°. As seen in Figure 2.2C, the shape of 

this broad part of the potential varies slightly depending on the lateral displacement, 

leading to local energy minima with widely varying α-values. As discussed more 

thoroughly below, for these heterocycles with modest dipole moments, direct interactions 

between the heterocycle and amide can easily overwhelm the overall tendency of the 

molecular dipoles to align in an antiparallel orientation.   

Looking at the interaction energies in Table 2.1 in more detail, a number of 

examples emerge that run counter to the design guidelines of Diederich et al.,18 

suggesting the need for some refinement of our understanding of these interactions. For 

example, although 1,2,3-triazole has a much larger dipole moment than 1,2,4-triazole (see 

Figure 2.3) their interaction energies with amides are essentially identical. Two factors 

contribute to this. First, the optimized stacked dimer of NMAC with 1,2,4-triazole 

exhibits two N∙∙∙H3C interactions, while only one such interaction is observed in the 

1,2,3-triazole case. Second, 1,2,4-triazole can access both interactions while maintaining 

an antiparallel dipole orientation (α = 171°), but in order for 1,2,3-triazole to engage in an 

N…H3C interaction it must be rotated away from antiparallel geometry (α = 154°).  
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Figure 2.2. A. Histogram of computed α values among minimum energy dimer 

structures. B. Scatter plot of the angle α vs the heterocycle dipole moment, μ, for the 

minimum energy dimers. C. ωB97X-D/def2-TZVP Interaction energies (kcal mol–1) as a 

function of α for NMAC stacked with pyridazine (red) and pyridine (blue and green) 

starting from two different local energy minima. 
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The isoelectronic series of heterocycles going from benzene to 1,3,5-triazine 

provide even greater insight into the nature of amide stacking interactions, underscoring 

the importance of local interactions. First, one sees a 0.4 kcal mol–1 enhancement in 

interaction energy upon addition of a nitrogen to go from benzene to pyridine. This is 

consistent with the guidelines of Diederich et al.,18 since pyridine has a dipole while 

benzene does not. However, in this global minimum energy structure, the dipole moment 

of pyridine is nearly perpendicular to that of NMAC (α = 105°)! As such, the enhanced 

amide stacking of pyridine cannot be attributed to the interaction of the molecular dipole 

moments. Instead, it can be explained by the presence of a favourable N∙∙∙H3C 

interaction, which is obviously absent in the case of benzene.  The addition of a second 

nitrogen leads to similar improvement as was seen with the first, regardless of whether 

one considers pyrimidine (μ = 2.35 D) or pyrazine (μ = 0 D), as both exhibit an additional 

N∙∙∙H3C interaction. In the case of pyrimidine, one sees an antiparallel alignment of the 

heterocycle dipole with that of NMAC (α = 176°).  However, this is primarily a 

consequence of the local N…H3C interactions. Finally, one sees no difference in 

interaction energy for 1,3,5-triazine compared with pyrimidine and pyrazine. This occurs 

because there is no available CH3 group with which the third nitrogen in 1,3,5-triazine 

can interact. The differences in geometry seen among the global minimum energy 

structures for these six-membered heterocycles can also be explained in terms of direct 

interactions. Pyridine and pyrazine maintain the geometry of the benzene-amide dimer, 

since this is compatible with forming two N…H3C interactions, whereas maintaining these 

two interactions requires a lateral displacement of pyrimidine and 1,3,5-triazine, relative 

to the amide.  
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Figure 2.3. Global minimum energy dimers for selected heterocycles (dipole moments in 

D, Ebind  in kcal mol–1). 

Despite the variations in interaction energies arising from direct interactions 

between the heterocycle and amide, and the relative unimportance of molecular dipole-

dipole interactions, we sought to develop a simple scoring function that provides reliable 

predictions of amide-heterocycle interaction energies regardless of the geometry of the 

resulting complex.  First, we note that the more robust ab initio interaction energies 

provided here, including the global minimum structure for each heterocycle as well as 

heterocycles with zero dipole, are more strongly correlated with the heterocycle dipole 

moments than reported by Diederich et al.91 (r2 = 0.71, see Figure 2.4A compared to 

Figure A-1).  That is, these new interaction energies appear to provide stronger support 

for Diederich’s main conclusion regarding the importance of molecular dipole moments, 

similar to what has been previously reported for heterocycles stacking with benzene30 and 

9-methyladenine. 31  However, as discussed above, it appears that the heterocycle dipole 

serves primarily as an indirect indicator of the presence of heteroatoms capable of 

engaging in direct interactions with the amide. 
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Figure 4. Computed interaction energies vs (A) Dipole and (B) interaction energy 

predicted using equation (2.1). 

In order to identify a more robust predictor of amide interaction energies, we 

performed multi-parameter linear regressions based on a number of heterocycle 

descriptors.  SAPT0 energy decompositions of the interactions for all local energy 

minima reveal that the trend in interaction energies among heterocycles is primarily a 

function of electrostatic effects. This is consistent with the recent F-SAPT results from 

Sherrill and coworkers.10 Thus, parameters that capture electrostatic properties of the 

heterocycles were investigated most thoroughly, including parameters that describe both 

local and global electrostatic character. Ultimately, the following two-parameter fit 

provided the simplest but most reliable predictor, 
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𝐸𝑏𝑖𝑛𝑑 = −0.067 ∗ 𝜇2 − 1.06 ∗ |𝐸⃑ |
𝑚𝑎𝑥

 − 4.35.    (2.1) 

In equation (2.1), the dipole moment is squared to account for the increased importance 

of larger dipole moments in determining the interaction energy while |𝐸⃑ |𝑚𝑎𝑥 is the 

maximum electric field magnitude in the plane 3.25 Å above the heterocycle. The latter 

parameter is able to capture local variations in the electrostatic potential more effectively 

than the molecular dipole moment, allowing for predictions of amide stacking 

interactions even for highly polarized systems with zero net dipole. Values for these 

parameters, and the resulting energy predictions are listed in Table 2.1.  

DLPNO-CCSD(T) interaction energies are plotted against those predicted using 

equation (1) in Figure 2.4B.  The data are strongly correlated (r2 = 0.85; q2 = 0.81), with 

an RMSE of 0.4 kcal mol–1. The accuracy of this simple fit confirms that an electrostatic 

explanation is adequate to describe the observed trends, while simultaneously showing 

the need for more local information than that provided by the molecular dipole moment 

alone.  Moreover, cross validation via leave-one-out and leave-5-out analyses reveals that 

the two-parameter fit in Figure 2.4B is more robust than that in Figure 2.4A. Apparently, 

inclusion of descriptors of local electrostatic characteristics (via the electric field) is 

sufficient to capture the direct interactions discussed above (Figure 2.3). Ultimately, the 

strong correlation between the predictions from equation (1) and the reference ab initio 

data support a physical picture of amide stacking in which local electrostatic effects are 

of paramount importance.  We have previously reported similar findings for stacking 

interactions involving heterocycles.31, 74, 92  This simple predictor should provide a more 

reliable scoring function for choosing heterocyclic fragments expected to maximize 

amide stacking interactions in drug binding sites. 
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Conclusions 

Interaction energies for stacked dimers of a model amide (NMAC) with 28 

common heterocyclic drug fragments were determined at the DLPNO-CCSD(T)/cc-

pVQZ//ωB97X-D/def2-TZVP level of theory. Interaction energies for these dimers range 

from -4.7 to -8.1 kcal mol–1. These interaction energies are substantial, providing a 

potentially powerful means of enhancing protein-ligand binding enthalpies. Of course, 

these interactions in the bound state will be in competition with the cost if ligand 

desolvation. 

Electrostatic effects control energetic differences amongst heterocycles through a 

combination of local dipole moments and direct interactions, both of which impact the 

preferred stacking orientation. In general, the heterocycle is oriented such that the 

heterocycle dipole moment and amide dipole moment are close to antiparallel, but local 

interactions such as N∙∙∙H3C modulate this preference. This effect may be complicated in 

real binding pockets, as there are many, potentially stronger, competing effects of adding 

nitrogen atoms to ligands.93 Ultimately, we have shown that incorporating molecular 

descriptors based on computed electric fields into the model to account for local effects 

provides a more sound predictor of the strength of amide stacking interactions than the 

purely dipole-based model presented by Diederich et al.18  Furthermore, this two 

component model is able to explain trends in interaction energies of amides with arenes 

that have no net dipole moment.    
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Table 2.1. Dipole moments (μ), the maximum of the electric field in the plane above the 

heterocycle (|𝐸⃑ |
𝑚𝑎𝑥

, in kcal mol–1 D–1), and intermolecular coordinates for the global 

minimum energy stacked dimers of NMAC with heterocycles 1-28, as well as the 

computed and predicted interaction energies (Ebind) from Eq. (1). 

      Ebind  (kcal mol–1) 

Het. μ (D) |𝐸⃑ |
𝑚𝑎𝑥

 α (°) d (Å) x (Å) Comp. Pred. 

1 1.96 0.99 175 3.17 1.51 -6.2 -5.8 

2 2.33 0.62 121 3.24 1.28 -5.7 -5.7 

3 3.83 1.10 140 3.20 1.09 -6.5 -6.4 

4 4.50 0.93 154 3.27 0.84 -6.4 -6.4 

5 0.09 1.29 180 3.21 1.26 -5.5 -5.5 

6 2.93 0.73 172 3.24 0.84 -6.5 -5.9 

7 5.79 0.81 168 3.21 0.71 -7.5 -8.0 

8 5.46 0.39 179 3.20 0.56 -7.8 -7.2 

9 2.31 0.64 152 3.23 0.95 -6.1 -6.0 

10 0.58 0.95 63 3.23 1.37 -4.7 -5.0 

11 1.60 0.61 92 3.20 1.26 -4.8 -5.2 

12 2.97 1.05 159 3.28 0.84 -5.1 -5.7 

13 3.34 0.58 175 3.27 0.57 -5.8 -5.9 

14 0.52 0.70 135 3.33 1.57 -4.7 -5.1 

15 1.63 0.64 98 3.41 0.85 -4.8 -5.2 

16 2.45 0.44 141 3.34 1.34 -5.1 -5.4 

17 3.42 0.97 176 3.19 1.48 -6.1 -6.0 

18 4.00 0.80 115 3.26 1.14 -6.0 -6.4 

19 0.00 0.58 -- 3.34 1.36 -4.7 -5.0 

20 2.25 1.06 105 3.33 1.08 -5.1 -5.3 

21 0.00 1.30 -- 3.31 0.96 -5.4 -4.8 

22 2.35 0.57 176 3.32 0.88 -5.5 -5.3 

23 4.24 1.10 159 3.31 0.56 -6.2 -6.4 

24 0.00 0.84 -- 3.20 1.50 -5.4 -4.8 

25 2.65 1.21 152 3.30 0.76 -6.3 -5.7 

26 5.04 0.84 171 3.21 1.09 -7.5 -7.1 

27 4.33 0.61 133 3.32 0.81 -6.7 -6.7 

28 6.18 0.64 165 3.25 0.28 -8.1 -8.3 

 

Overall, these data suggest a number of caveats for the guidelines put forth by 

Diederich et al.18  First, the preference for an antiparallel orientation of dipole moments 

in amide stacking interactions is only significant for heterocycles with very large dipole 

moments. Second, for most systems the effect of molecular dipole is easily overwhelmed 

by specific local interactions, such as N∙∙∙H3C interactions, which contribute 0.3 to 0.5 
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kcal mol–1 each. Finally, increasing the number of nitrogens in a given heterocycle only 

improves the amide interaction energy if the additional nitrogen(s) can engage in a local 

interaction with the amide.  Remarkably, these sundry effects can all be captured with a 

simple two-parameter model (Eq 2.1). 

Local interactions have been shown to be key contributors to stacking interactions 

with a variety of aromatic systems.31, 74, 92 In the case of amide stacking, these effects are 

captured adequately by the maximum electric field in the plane above the heterocycle; 

inclusion of this second heterocycle descriptor improves the correlation compared to the 

dipole moment alone, increasing r2 from 0.72 to 0.85.  Although both Huber et al.30 and 

An et al.31 demonstrated that molecular dipole moments alone can predict the arene 

stacking interactions with monocyclic heterocycles, this correlation breaks down when 

considering bicyclic heterocycles.31 Whether the incorporation of the electric-field 

strength of the heterocycles will be sufficient to rescue this correlation will be addressed 

in future work.  

We hope that these refined design guidelines, combined with the simple 

predictive model in equation (2.1), will prove useful in choosing heterocyclic drug 

fragments that maximize amide stacking interactions. 

Computational Methods 

Starting with the 18 heterocycles originally studied by Diederich and co-

workers,18 we added ten additional structures chosen to ensure all regioisomers and 

tautomers were included. The aim of expanding this set of heterocycles was to provide a 

clearer view of broad trends and more reliable cross-validation of predictive models. 

Geometries were optimized using ωB97X-D/def2-TZVP85 starting at 12 distinct starting 
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geometries. To obtain these starting geometries the heterocycle was placed 3.5 Å above 

the plane of the amide either with the centres of mass aligned, or with a 1.5 Å shift. The 

heterocycle was then rotated around the axis through the centre of mass of the amide in 

60° increments to generate 6 starting conformations at each shift. Optimizations were 

performed with a constraint to maintain planarity of the heavy atoms of the amide and the 

heterocycle, and to keep those two planes parallel to one another. After optimisation 

structures were screened for uniqueness, with an RMSD cut-off of 0.4 Å. This resulted in 

2 to 7 unique dimers for each heterocycle. DLPNO-CCSD(T)/cc-pVQZ87-90 single point 

energies were computed for all local minima (116 across all heterocycles). The 

interaction energy was calculated as the difference in energy between the optimized 

dimer and the optimized isolate monomers (optimised at the ωB97X-D/def2-TZVP level 

of theory). Counterpoise corrections were not used. All DFT computations were 

performed using Gaussian 09,94 while DLPNO-CCSD(T)  energies were performed in 

ORCA 4.0.195.  

The maximum electric field in the plane above each heterocycle, |𝐸⃑ |
𝑚𝑎𝑥

 , was 

computed by considering a 10 x 10 Å grid of points 0.1 Å apart, in the plane 3.25 Å 

above the plane of the heterocycle. This distance (3.25 Å) corresponds to the average of 

the d-values for the dimers considered; however, we note that the trends shown are very 

weakly dependent on this distance. Dipole moments were determined computationally at 

the ωB97X-D/def2-TZVP85 level of theory. Equation 2.1 was determined by least squares 

linear regression.  These fits were cross validated using scikit-learn version 17.191 by 

performing leave-one-out (L1O) and leave-five-out (L5O) analyses. 
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CHAPTER 3 

TUNING STACKING INTERACTIONS BETWEEN ASP-ARG SALT BRIDGES AND 

HETEROCYCLIC DRUG FRAGMENTS b 
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b  Reprinted with permission from Bootsma, A. N and S. E. Wheeler. J. Chem. Inf. Model. 59, 149 

(2019). Copyright (2019) the American Chemic Society 
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Abstract 

Stacking interactions can play an integral role in the strength and selectivity of 

protein-drug binding and are of particular interest given the ubiquity and variety of 

heterocyclic fragments in drugs. In addition to traditional stacking interactions between 

aromatic rings, stacking interactions involving heterocyclic drug fragments and protein 

salt-bridges have also been observed. These ‘salt-bridge stacking interactions’ can be 

quite strong, but are not well understood. We studied stacked dimers of the 

acetate…guanidinium ion pair with a diverse set of 63 heterocycles using robust ab initio 

methods. Computed interaction energies span more than 10 kcal mol–1, indicating the 

sensitivity of these salt-bridge stacking interactions to heterocycle features. Trends in 

both the strength and preferred geometry of these interactions can be understood through 

analyses of the electrostatic potentials and electric fields above the heterocycles. We have 

developed new heterocycle descriptors that quantify these effects and used them to create 

robust predictors of the strength of salt-bridge stacking interactions both in the gas phase 

and a protein-like dielectric environment. These predictive tools, combined with a set of 

qualitative guidelines, should facilitate the choice of heterocycles that maximize salt-

bridge stacking interactions in drug binding sites. 

Introduction 

  Non-covalent interactions involving aromatic rings play a significant role in fields 

ranging from structure-based drug design and molecular recognition to asymmetric 

catalysis and the solid-state packing of organic electronic materials.57, 59-61, 96-97 These 

interactions include the well-known stacking interactions that occur between aromatic 

rings55-56 as well as many “non-traditional” stacking interactions.60 Stacking interactions 
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are important for the binding of ligands by proteins and provide a means by which ligand 

binding enthalpies can be tuned over a considerable range.  

 

Figure 3.1. A)  A simple model of salt-bridge stacking in which different rings of a 

polycyclic arene bind the cation and anion; B) A more refined model of salt-bridge 

stacking over a bicyclic heterocycle based on observed structural trends; C) Asp-Arg salt-

bridge stacking over a Tyr side chain in the feruloyl esterase module of xylanase 10B 

(PDB ID: 1GKK); D) Glu-Arg salt-bridge stacking over the quinazolinone core of the 

KSP inhibitor ispinesib (PDB ID: 4A5Y).  

Among the less well-studied stacking interactions, particularly in the context of 

structure-based drug design, are those occurring between salt-bridges (e.g. Asp-Arg 

dyads) and polycyclic arenes (see Figure 3.1). These interactions have been studied in 

small synthetic model systems24-26 and discussed in a number of contexts under different 

names. Mukhopadhyay and coworkers98 introduced the term ‘salt-bridge-π interaction’ to 

describe stacking interactions between a planar salt-bridge and an aromatic ring, and then 

demonstrated these interactions in inorganic-organic hybrid crystals.  Matile and co-

workers99-101 subsequently reported that polycyclic arenes can simultaneously bind an 

anion and cation in what they termed ‘ion-pair-π interactions,’ showing that these 

interactions are most favorable when there is an anti-parallel alignment of the salt-bridge 

and heterocycle dipole moments. Herrera et al.102 demonstrated analogous intermolecular 
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interactions in an organocatalytic reaction, introducing the term ‘push-pull π+/π- 

interaction.’ Here, we use the term ‘salt-bridge stacking interaction,’ which can be 

considered a specific type of Matile’s ‘ion-pair-π interaction’,99-101 and focus on 

understanding the means by which these interactions can be harnessed in the context of 

the protein-ligand interactions.  

The stacking of salt-bridges with arenes has been observed in a number of 

biological contexts.20-23, 103-105  For instance, cation-anion-aromatic triads are commonly 

observed at protein-protein interfaces.23  This can be seen in the interaction of an 

importin β transport receptor with GTP-binding protein Ran21 and in the binding of HIV-

1 Nef with the SH3 domain of Src kinases.22 The stacking of an Asp-Arg salt-bridge with 

a Tyr side chain is also apparent in the feruloyl esterase module of xylanase 10B from C. 

thermocellum (see Figure 3.1C).104 Salt-bridge stacking interactions have also been noted 

in protein-ligand binding. For instance, the quinazolinone core of the kinesin spindle 

protein inhibitor ispinesib (SB-715992) stacks with a Glu-Arg salt-bridge in mitotic 

kinesin Eg5 (see Figure 3.1D).20 Despite the ubiquity of these interactions, and their 

demonstrated utility, the nature of salt-bridge stacking interactions and the means by 

which these interactions can be tuned have not been well-studied. 

Previous work has shown the utility of univariate and multivariate linear 

regressions in describing the strength of stacking interactions involving heterocyclic drug 

fragments and in understanding their physical underpinnings.18, 30-31, 106  For instance, in 

2013, Diederich et al.18 showed that heterocycle dipole moments provide a qualitative 

descriptor of the strength of stacking interactions between heteroaromatic drug fragments 

and protein amide backbones.  We subsequently developed106 a two-parameter predictive 
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model of these ‘amide stacking interactions’ based on the heterocycle dipole moment and 

a new heterocycle descriptor based on the electric field (i.e. the negative gradient of the 

electrostatic potential) above the heterocycle.  This latter parameter captures the 

electrostatic heterogeneity above the heterocycle and provides a more robust descriptor of 

the ability of a given heterocycle to electrostatically interact with the local dipole moment 

associated with the amide.107  Given the large dipole associated with salt-bridges, one 

would expect similar molecular descriptors derived from electric fields and electrostatic 

potentials (ESPs) to be important in predicting the strength of salt-bridge stacking 

interactions. 

Herein, we present accurate interaction energies of stacked dimers of an acetate-

guanidinium salt-bridge (to model the Asp-Arg and Glu-Arg salt bridges prevalent in 

proteins) with a set of 63 pharmaceutically relevant heterocycles. We then use 

multivariate linear regression based on newly-developed heterocycle descriptors to 

develop simple predictive models for salt-bridge stacking energies based solely on the 

properties of the heterocycle that is effective across monocycles, bicycles, and tricycles. 

We also show that ESPs and electric fields can be used to rationalize observed trends in 

the interaction geometry, and present a set of guidelines for optimizing salt-bridge 

stacking interactions in ligand design.  

Theoretical Methods 

 A set of 63 heterocycles (Schemes 3.1 and 3.2), including monocycles, bicycles 

and a limited number of tricycles, was selected to be representative of heterocyclic 

systems of interest in the design of biologically active ligands,108-109 as well as their 

tautomers and regioisomers to provide a full picture of broad trends. Geometry 
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optimizations were done using ωB97X-D/def2-TZVP,110-111 a range-separated and 

dispersion-corrected density functional method paired with a robust triple-ζ basis set. To 

ensure thorough sampling of local stacked energy minima, geometry optimizations 

commenced at 12 distinct starting points obtained by placing the heterocycle 3.5 Å above 

the plane of the salt-bridge either with the center of masses aligned or with a 1.5 Å shift. 

Six initial geometries were derived from each of these structures by rotating the 

heterocycle around the axis through the salt-bridge center of mass. Constraints were 

applied to ensure the heavy atoms of the salt-bridge and heterocycle remained in parallel 

planes. Following optimization, an RMSD cut-off of 0.4 Å was used to identify unique 

structures, resulting in a total of 255 local energy minima. For each heterocycle, there 

were between one and seven unique stacked geometries. Interaction energies, defined as 

the energy difference between the dimer and relaxed monomers, were computed at the 

DLPNO-CCSD(T)/cc-pVQZ87-90, 112 level of theory for all 255 local minima. The 

agreement between these high-accuracy ab initio data and ωB97X-D/def2-TZVP 

predicted interactions energies (RMSE = 0.32 kcal mol–1 across 255 examples) supports 

the use of the latter method for geometry optimizations.  Solvent corrections to these 

interaction energies were computed at the SMD-ωB97X-D/def2-TZVP level of theory in 

diethyl ether (ε = 4.24) as an approximate model of the dielectric environment of a 

protein.113-115  DFT computations were performed using Gaussian 09,94 while the 

DLPNO-CCSD(T) energies were computed using ORCA 4.0.1.95 Zeroth-order symmetry 

adapted perturbation theory (SAPT0/jun-cc-pVDZ)116-119 computations were done using 

Psi4.120  
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Scheme 3.1. Monocyclic heterocycles. 

 

 

Figure 3.2. Electrostatic potential and electric field values were computed on a grid of 

points in a plane 3.25 Å from the plane of each heterocycle within the van der Waals 

projection of the heterocycle.  
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Scheme 3.2. Bicyclic and tricyclic heterocycles. 

In order to devise robust predictive models of the strength of salt-bridge stacking 

interactions in both the gas phase and in solution, we developed eight molecular 

descriptors that capture features of the electrostatic environment in the plane above the 

heterocycles. Five of these descriptors are based on the electrostatic potential (ESPmin, 

ESPmax, ESPrange, ESPav, and ESPσ) and the remaining three are based on the electric field 

(Fmax, Fav, and Fσ). Computed ESPs have been widely used to provide insight into a wide 

range of non-covalent interactions.121-124 However, in most qualitative applications of 

ESPs the electrostatic potential is typically evaluated and plotted on an electron density 
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isosurface. In previous quantitative applications, the ESP was typically computed at one 

or a few specific points. Electric fields around heterocycles have also proved useful in 

providing a qualitative understanding of substituent effects in stacking interactions.74, 106  

For these new descriptors, a uniform grid with spacing between points of 0.1 Å 

was defined as shown in Figure 3.2 and the ESP and the in-plane component of the 

electric field computed at each point. This region of space was chosen as the plane in 

which many stacking interactions occur, and so that the grid size is naturally appropriate 

for the size of the heterocycle.125 These parameters were computed for all heterocycles in 

both the gas phase and in diethyl ether as a model of the dielectric environment of a 

protein binding site.   Evaluating the ESP and electric field on this grid captures both 

local and global impacts of the heterocycle on the electrostatic environment via statistical 

measures of the ESP and field, giving the following descriptors: 

 ESPmin – the minimum value of the ESP within the defined area 

 ESPmax – The maximum value of the ESP within the defined area 

 ESPrange – the difference between ESPmax and ESPmin  

 ESPav – The mean value of the ESP over all grid points  

 ESPσ – the standard deviation of the ESP over all grid points 

 Fmax – the maximum electric field magnitude within the defined area 

 Fav – The mean of the electric field magnitude over all grid points  

 Fσ – the standard deviation of the electric field magnitude over all grid 

points 

These and 14 other descriptors were considered in the development of 

multivariate predictive models, which  were determined through least squares regression 
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and cross-validated using L1O, 5-fold, and 10-fold analyses as implemented in scikit-

learn version 17.1.91  

Results and Discussion 

A. Model Salt-Bridge Stacking Interactions 

 A preliminary model of salt-bridge stacking is shown in Figure 3.1A, in which 

one ring of a bicycle interacts with the anionic component of the salt-bridge via anion-π 

interactions while the other ring of the bicycle engages in a cation-π interaction with the 

cationic component.  Conventional cation-π and anion-π interactions involving 

monoatomic cations and anions are dominated by electrostatic interactions,71 with 

additional contributions from induction in the former case126-128 and dispersion in the 

latter.129-130  However, in the case of salt-bridge stacking interactions, the anion and 

cation are both delocalized over the respective π-systems; in such cases, one would 

expect considerable contributions from dispersion interactions, as found for stacking 

interactions involving two aromatic rings.71, 76, 131 

Computed gas phase interaction energies for the global minimum energy stacked 

dimers of the model salt-bridge with the 63 heterocycles are listed in Table 3.1. 

Representative geometries are shown in Figure 3.3A.  The average stacking distance is 

3.1 Å across all of the global minimum dimers (see Appendix B, Figure B-1 for the 

distribution of inter-plane separations).   
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Table 1. Computed gas phase and in solution-phase interaction energies (𝐸𝑖𝑛𝑡) as well as 

predicted interaction energies from equations (3.1) and (3.2), 𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑

, for the global 

minimum energy stacked dimers of the model salt-bridge with the heterocycles in 

Schemes 3.1 and 3.2, in kcal mol–1. 

 Gas  Sol.   Gas  Sol. 

Het. 𝐸𝑖𝑛𝑡 𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑

  𝐸𝑖𝑛𝑡 𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑

  Het. 𝐸𝑖𝑛𝑡 𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑

  𝐸𝑖𝑛𝑡 𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑

 

1 -8.8 -9.6  -2.8 -2.8  33 -13.4 -13.0  -5.4 -5.2 

2 -9.5 -9.2  -3.4 -2.9  34 -11.9 -10.8  -5.1 -4.5 

3 -11.3 -11.3  -3.4 -3.5  35 -13.9 -13.2  -5.1 -5.1 

4 -10.1 -10.1  -2.4 -3.3  36 -15.7 -15.5  -5.6 -6.3 

5 -13.8 -14.3  -4.2 -4.6  37 -12.3 -12.4  -4.0 -5.1 

6 -12.3 -12.0  -5.4 -4.1  38 -13.5 -13.0  -4.5 -4.8 

7 -5.8 -6.8  -2.3 -2.3  39 -15.7 -15.4  -5.6 -5.6 

8 -9.0 -8.9  -4.4 -3.3  40 -13.2 -13.6  -4.7 -4.9 

9 -13.6 -13.8  -5.5 -4.8  41 -10.2 -9.8  -4.5 -3.9 

10 -5.9 -6.7  -1.9 -2.1  42 -10.5 -11.2  -4.8 -4.0 

11 -8.7 -9.1  -3.5 -3.4  43 -10.6 -9.9  -4.6 -4.4 

12 -6.8 -7.5  -2.6 -2.6  44 -10.4 -9.7  -5.0 -4.5 

13 -9.5 -9.8  -4.2 -4.1  45 -10.5 -10.6  -4.3 -4.7 

14 -6.7 -7.1  -2.6 -3.0  46 -11.7 -11.3  -5.2 -5.2 

15 -8.3 -8.2  -3.3 -3.8  47 -14.1 -13.4  -6.3 -6.1 

16 -7.6 -7.4  -3.1 -3.4  48 -12.3 -12.2  -6.1 -5.8 

17 -10.0 -10.1  -4.8 -4.4  49 -11.8 -11.4  -5.5 -5.4 

18 -10.9 -11.3  -2.8 -3.1  50 -10.5 -10.1  -5.0 -4.8 

19 -6.8 -7.9  -2.5 -3.1  51 -10.0 -10.1  -4.9 -4.8 

20 -8.4 -8.7  -3.2 -3.7  52 -9.9 -9.9  -4.8 -4.8 

21 -11.0 -11.4  -5.0 -5.0  53 -11.0 -10.9  -4.7 -5.2 

22 -8.5 -8.6  -2.9 -3.9  54 -12.5 -12.1  -5.6 -5.0 

23 -6.5 -6.9  -3.4 -3.4  55 -11.1 -12.7  -4.5 -5.5 

24 -6.9 -6.1  -2.4 -3.0  56 -16.1 -16.3  -6.9 -6.7 

25 -10.4 -8.9  -4.7 -4.6  57 -12.2 -12.5  -4.9 -5.1 

26 -12.6 -12.7  -6.2 -5.6  58 -13.2 -14.1  -5.2 -5.9 

27 -12.3 -12.6  -6.2 -5.9  59 -12.7 -13.0  -5.7 -5.6 

28 -10.6 -9.5  -5.4 -4.8  60 -12.5 -13.1  -5.6 -5.8 

29 -8.6 -7.7  -5.0 -4.3  61 -14.0 -13.6  -6.0 -5.6 

30 -12.2 -12.1  -4.6 -4.9  62 -10.9 -11.9  -4.9 -5.0 

31 -15.0 -14.9  -5.4 -6.1  63 -12.0 -12.4  -5.7 -5.5 

32 -13.4 -12.1  -5.4 -4.7        
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Figure 3.3. A) Representative global minimum energy stacked dimers of the model salt-

bridge with selected heterocycles; B) definition of RA and RC, where RA  is the distance 

between the central carbon on the anionic fragment and the closest ring centroid 

projected into the heterocycle plane while RC is defined similarly for the cationic 

fragment; C) distribution of RA and RC values for all local stacked energy minima; and 

D) distribution of RA and RC values for the global minimum energy stacked structures for 

each heterocycle. 
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The distribution of cation…ring centroid (RC) and anion…ring centroid (RA) 

distances (defined in Figure 3.3B) for all stacked local energy minima are plotted in 

Figure 3.3C. While the model depicted in Figure 3.1A would have both RA and RC close 

to zero, we see in Figure 3.3C, as well as in the representative examples in Figure 3.3A, 

that such a geometry is uncommon. Instead, the guanidinium distribution is clustered 

around 1.25 Å, which corresponds to geometries where the central carbon is located over 

the ring edge with one or two of the NH2 groups positioned over the centroid of an 

aromatic ring. The carboxylate fragment shows a bimodal distribution, with one peak 

around 1.5 Å (corresponding to a similar configuration as the guanidinium ion, with the 

central carbon over the edge of the ring and a carboxylate oxygen over a ring centroid), 

while the second, larger peak is centered at 3.5 Å. This latter peak corresponds to dimers 

in which the carboxylate is positioned off to the side of the heterocycle. Interestingly, 

when we consider the RC and RA values for only the global minimum energy dimers 

(Figure 3.3D), the first peak in the carboxylate distribution is significantly diminished, 

indicating that the second configuration, where the heterocycle primarily interacts with 

the cationic fragment of the salt-bridge, tends to be more favorable.  This is perhaps 

unsurprising, because cation-π interactions are much more likely to be energetically 

favorable than anion-π interactions.71, 130  This is the case for both monocycles and 

bicycles, which adopt very similar configurations. For example, in the salt-bridge stacked 

complexes of pyridine (20) and 1,8-naphthyridine (47) the pyridine is in the same 

position as one of the two rings of naphthyridine, relative to the salt bridge (see Figure 

3.3A).  The majority of systems that deviate from this geometry are for heterocycles that 

contain an exocyclic carbonyl group. In these cases, specific interactions with the 
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carbonyl group override the more global effects, as seen for quinolone 55  (Figure 

3.3A).132   

B. Predictive Model of the Strength of Salt-Bridge Stacking Interactions 

The interaction energies of the global minimum energy dimers span more than 10 

kcal mol–1 across the 63 heterocycles studied (ranging from –16.1 to –5.8 kcal mol–1); 

this range extends another 3 kcal mol–1 when all local minima are included. In order to 

understand what is driving this variation, contributions to the interaction energies were 

computed using SAPT0 (see Appendix B, Figure B-2).133 The lack of correlation (R2 = 

0.01) between the total SAPT0 interaction energy (ESAPT0) and the non-electrostatic 

components (i.e. Enon-elec = Edisp + Eind + Eexch) indicates that the electrostatic component 

is essential to capture the trends in interaction energy. In other words, electrostatic 

interactions are the primary determinant of a strong salt-bridge stacking interaction.  The 

relatively weak correlation (R2 = 0.51) between ESAPT0 and Enon-disp demonstrates that 

dispersion interactions are also important in capturing the variation in interaction 

energies. 

In order to establish a simple predictive model of salt-bridge stacking interaction 

energies, we performed multi-parameter linear regressions based on 22 heterocycle 

descriptors. Given that SAPT0 analysis identified electrostatics as most important, 

followed by dispersion, we focused on descriptors capturing those features of the 

heterocycles. Among these 22 descriptors, there is no individual parameter that 

accurately predicts the interaction energy for the global minimum dimers. Indeed, there is 

a poor correlation between the heterocycle dipole moments and the total interaction 

energies (R2 = 0.48), casting doubt on the viability of a simple dipole-based model of 
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these interactions. Considering only the electrostatic component of the interaction 

energies, ESPrange or ESPσ provide the most robust predictions (R2 = 0.90 and 0.85, 

respectively).134 These correlations have a clear physical interpretation, because a strong 

positive ESP facilitates binding of the anionic component of the salt-bridge while a 

strong negative ESP is needed to bind the cation. Thus, a large variation in the ESP above 

the heterocycle should result in strong electrostatic stabilization of the salt-bridge. The 

dispersion component of the interaction energy can be described moderately well by the 

number of heavy atoms (NHA),135 volume, or polarizability (R2 ranges from 0.72 to 0.81),  

which all reflect variations in the size of the heterocycle.   

These descriptors can be combined using multivariate linear regression to give a 

linear fit that is able to predict the total interaction energies of the global minimum 

energy complexes. There are several combinations of electrostatic and dispersion 

descriptors that give rise to strong correlations (see Appendix B, Figure B-3 for 

additional fits considered). Although ESPrange provided the best fit for the electrostatic 

component of these interactions alone, the strongest correlation with the total interaction 

energy arises by combining ESPσ with NHA, 

𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑 = −1.53𝐸𝑆𝑃𝜎

𝑔𝑎𝑠
 − 0.61𝑁𝐻𝐴 − 1.11    (3.1) 

for which R2 = 0.94, RMSE = 0.6 kcal mol–1, and Q2 = 0.93 (see Figure 3.4). This simple 

two-parameter model provides quantitative, robust predictions of salt-bridge stacking 

energies in the gas phase while maintaining a clear physical interpretation. Moreover, this 

fit applies equally well to monocyclic, bicyclic, and tricyclic heterocycles. Given the 

robustness of this fit combined with the simplicity of the underlying descriptors, equation 
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(3.1) should prove useful and reliable in identifying heterocycles that can potentially 

engage in strong stacking interactions with Asp/Glu-Arg salt-bridges. 

 

Figure 3.4. Correlation of computed gas phase interaction energies with predicted 

interaction energies from equation (1) for the global minimum energy salt-bridge stacked 

dimers. A strip plot of the computed interaction energies (in kcal mol–1) grouped by 

heterocycle size is displayed to the right. 

C. Specific Examples 

Above, we showed that the strength of salt-bridge stacking interactions can be 

accurately predicted based on readily-computed heterocycle descriptors.  However, in 

order to understand the preferred geometry of salt-bridge stacking, and to develop a set of 

guidelines for optimizing these interactions in the context of ligand design, it is helpful to 

examine series of related heterocycles. Although ESPσ proved useful in predicting 

interaction energies, it is not well suited to describing geometries since it is a single 

statistical parameter characterizing the area above the heterocycle. To understand 

geometries, it is more useful to visualize the ESPs and electric fields in this region. 

Comparison of different diazanaphthalene regioisomers (Figure 3.5) allows us to look 

specifically at the way that the positions of heteroatoms in the heterocycle lead to 
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changes in the ESP and electric field, and how these changes impact the energy and 

geometry of the salt-bridge stacking interaction.   

First, we consider 1,8-naphthyridine (47), above which there is a significant 

change in the ESP going from strongly positive above the CH side to strongly negative 

above the imino nitrogen side (see Figure 3.5A). This creates a strong electric field 

running perpendicular to the long axis of the heterocycle. In the global minimum energy 

stacked complex, the acetate is centered near the region of maximum positive ESP and 

the guanidinium is located in the region of maximum negative ESP. This aligns the 

dipole moment of the salt-bridge with the average electric field above the ring.  The 

heteroatom arrangement in this naphthyridine isomer is ideal for simultaneously engaging 

with the salt-bridge via both dispersion and electrostatic interactions, and we see that 47 

provides one of the strongest salt-bridge stacking interactions of -14.1 kcal mol–1.  In the 

case of 1,7-naphthyridine (48, Figure 3.5B), the direction of the electric field is rotated 

compared to 1,8-naphthyridine, and is no longer perpendicular to the long axis of the 

heterocycle. The salt-bridge rotates slightly in the corresponding dimer, with the net 

result of a weaker interaction energy of -12.3 kcal mol–1. Continuing to 1,6-naphthyridine 

(49, Figure 3.5C), we can see further flattening of the ESP surface and weakening and 

rotation of the electric field relative to the long axis of the heterocycle. While the 

guanidinium ion in the corresponding dimer maintains two nitrogen atoms over the 

heterocyclic ring centroids, the relative position of the carboxylate has changed to align 

the salt-bridge dipole with the field. Finally, for 1,5-naphthyridine (50, Figure 3.5D) the 

ESP is fairly uniform, especially in the region directly over the heterocycle, with only a 

small anion stabilizing region located away from the heterocycle.  The resulting small 
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electric field and reduced electrostatic stabilization leads to an interaction energy of only 

-10.5 kcal mol–1.  In these four dimers, the guanidinium is consistently positioned such 

that two nitrogen atoms are located above ring centroids and the salt-bridge dipole is 

aligned with the electric field above the ring. This tendency for the salt-bridge dipole 

moment to align with the average electric field is observed across all global minimum 

energy structures (see Appendix B, Figure B-4), particularly for heterocycles with strong 

electric fields.  

The isoelectronic series of heterocycles in Figure 3.6 reveals similar trends for 

monocycles. As mentioned above, the salt-bridge stacked dimer with pyridine (20) is 

identical to one half of the 1,8-naphthyridine (47) dimer, with one of the hydrogen-

bonding nitrogen atoms of the guanidinium positioned over the ring centroid and the salt-

bridge dipole aligned with the electric field. The interaction energy for heterocycle 20 (-

8.4 kcal mol–1) is significantly smaller than that for 47 (-14.1 kcal mol–1).  This is 

expected, given both the decrease in heterocycle size and loss of a nitrogen going from 47 

to 20, which together result in reduced dispersion interactions and reduced variation in 

the ESP above the ring. For the diazines (21 – 23), we see that in all three cases the salt-

bridge maintains the favored configuration with one nitrogen over the ring centroid and 

the anionic fragment oriented away from the two amino nitrogens of the diazine. For 

these three heterocycles, greater proximity of these two nitrogen atoms leads to stronger 

variations in the ESP above the ring. The result is that pyridazine (21) exhibits the 

strongest salt-bridge stacking (-11.0 kcal mol–1), followed by pyrimidine (22, -8.5 kcal 

mol -1), and finally pyrazine (23, -6.5 kcal mol–1). Salt-bridge stacking interactions with 

the three triazine isomers (24 – 26) follow similar trends. The most favorable stacking is 
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exhibited by 1,2,3-triazine (26), in which the three adjacent nitrogen atoms enhance ESPσ 

and result in a stronger stacking interaction compared to the other triazines in which the  

N-atoms are distributed more evenly around the ring. 

 

Figure 3.5. Global minimum energy stacked dimers and plots of the ESP and electric 

field arising from the heterocycle in the plane 3.25 Å above the heterocycle for A) 1,8-

naphthyridine (47), B) 1,7-naphthyridine (48), C) 1,6-naphthyridine (49), and D) 1,5-

naphthyridine (50). The colored contour plot shows the values of the electrostatic 

potential (in kcal mol–1) while the arrows show the electric field direction and are shaded 

to show field strength (in kcal mol–1 D–1). 
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Specific examples can also provide insight into the impact of increasing 

heterocycle size. For example, going from pyrrole (1) to indole (32) leads to a dramatic 

strengthening of the salt-bridge stacking interaction (Eint = -8.8 kcal mol–1 and -13.4 kcal 

mol–1
 for 1 and 32, respectively). Further expansion of the heterocycle to carbazole (61) 

leads to a more modest increase (Eint = -14.0 kcal mol–1). For the related series of furan 

(10), benzofuran (41), and dibenzofuran (62), we see a similar trend with a large increase 

in interaction going from the monocycle to the bicycle followed by a more modest 

increase going from the bicycle to the tricycle. This is consistent with the idea that 

maximizing dispersion is an important feature, but is limited by the size of the salt-bridge 

itself. As the size of the heterocycle exceeds that of the salt-bridge, the impact of further 

appended rings is reduced.  

 

Figure 3.6. Global minimum energy dimers in the gas phase for selected heterocycles 

(Eint in kcal mol–1, ESPσ in kcal mol–1 e–1).  
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It was noted above that the heterocycle dipole moment provides a relatively poor 

predictor of the strength of salt-bridge stacking interactions.  There are several cases 

among the systems considered for which relative interaction energies are in conflict with 

expectations based solely on dipole moment. For example, naphthyridine 47 and 

quinolone 55 have nearly identical dipole moments, (4.26 and 4.18 D, respectively), but 

computed interaction energies differ by nearly 3 kcal mol–1 (-14.1 vs -11.1 kcal mol–1 for 

47 and 55, respectively).  In this case, ESPσ provides a sound predictor of interaction 

energies, with the heterocycle exhibiting a larger ESPσ (47) resulting in stronger salt-

bridge stacking interactions. These differences can be understood by looking at the ESPs 

and electric fields in the plane above the heterocycles (see Figure 3.7). For 55, the 

strongest electric field is located between the N-H and C=O groups, which does not fall 

above the face of the heterocycle (Figure 3.7B). The ESP directly above the heterocycle 

is quite flat and the corresponding electric field small. This can be contrasted with 

naphthyridine 47, where the electric field is maximized over the center of the heterocycle 

(Figure 3.7A).  These subtle effects are reflected in the corresponding ESPσ values. A 

second example that highlights the weakness of molecular dipole moments as a predictor 

of salt-bridge stacking is 2,6-naphthyridine (52) vs 2,7-naphthyridine (51). The small 

shift in heteroatom position causes the naphthyridine to go from having zero dipole 

moment for 52 to having a dipole moment of 1.88 D for 51. However, there is no 

associated change in the stacking energies (Eint = -9.9 and -10.0 kcal mol–1, respectively). 

The ESPσ values for these two heterocycles are similar (1.75 vs 1.88 kcal mol–1 e–1), in 

line with the small difference in interaction energies.  In both cases (Figure 3.7C and D), 
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the large distance between the heteroatoms results in small variations in the ESP and 

weak electric fields. 

 

Figure 3.7. Electric Fields and ESPs in the plane 3.25Å above A) 1,8-naphthyridine (47), 

B) 2-quinolone (55), C) 2,-naphthyridine (51), and D) 2,6-naphthyridine (52).  The 

colored contour plot shows the values of the electrostatic potential (in kcal mol–1) while 

the arrows show the electric field direction and are shaded to show field strength (in kcal 

mol–1 D–1). 

D. Broad Trends and a Revised Qualitative Model 

 Based on these and other examples, combined with equation (3.1), we have 

developed the refined model of salt-bridge stacking interactions shown in Figure 3.1B. In 

this model, the cation sits directly over the bicycle with the anion off to the side and the 

salt-bridge dipole oriented perpendicular to the long axis of the bicycle. This new model 

provides a clear interpretation of the role of heteroatom and functional group placements 

in modulating the strength of salt-bridge stacking interactions. Given the tendency of the 

salt-bridge to orient orthogonal to the long axis of bicyclic heterocycles (see Appendix B, 
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Figure B-5), introduction of complementary substituents and heteroatoms along the long 

edges of bicyclic systems will have maximal impact on interaction energies as they lead 

to large variations in ESP over short length scales (leading to strong electric fields over 

the ring). This can be seen, for example, in the large change in interaction energy going 

from 1,8-naphthyridine (47) to 1,7-naphthyridine (48) compared to the smaller change 

going from 1,7-naphthyridine (48) to 1,6-naphthyridine (49).  The largest ESPσ values 

(and therefore salt-bridge stacking energies) arise when cation-binding groups (e.g. 

amino nitrogens) are clustered along one edge and anion-binding groups (imino nitrogens 

and exocyclic carbonyl groups) are clustered along the opposing edge.  Having the cation 

and anion binding edges on the long edge of the heterocycle puts these two regions closer 

together, leading to a steeper change in the ESP and therefore stronger electric field. This 

also results in the cation and anion stabilizing regions of the ESP to be located at 

distances commensurate with the dimensions of the salt-bridge.  Such groupings are seen 

in all of the observed strongest interacting dimers such as quinolone 56 (Eint = -16.1 kcal 

mol–1) purine 36 (Eint = -15.7 kcal mol–1), hypoxanthine 39 (Eint = -15.7 kcal mol–1) and 

pyrimidin-2-one 31 (Eint = -15.0 kcal mol–1).  

E. Solvent Effects 

 The above analyses were based on gas phase interaction energies; however, we 

have also computed interaction energies for the same dimer geometries in diethyl ether (ε 

= 4.24) as a model of a typical protein environment.113-115 While this does not account for 

the effect of heterocycle desolvation or any direct interactions with particular residues, 

these solution-phase interaction energies should provide a more realistic picture of salt-

bridge stacking interactions in the dielectric environment of a protein.  Solution phase 
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interactions energies for all 255 local energy minima are correlated with those in the gas 

phase (R2 = 0.72, see Appendix B, Figure B-6), although the range of interaction energies 

(from +0.3 to -6.9 kcal mol-1) is smaller. Notably, the geometric trends described above 

hold in solution, with the global minimum energy dimer for each heterocycle being the 

same in solution as in the gas phase for 84% of cases. Further, in the majority of cases 

where there is a discrepancy between the identity of the global minimum energy 

structure, the gas phase energy difference is less than 0.5 kcal mol-1.  

We developed a multivariate predictor of these solution phase interaction 

energies. While the two parameters used in equation 1 are not sufficient to accurately 

describe the solvent phase interaction energies (R2 = 0.64, see Appendix B, Figure B-7), 

we were able to develop the following three-parameter predictive model of these data: 

𝐸𝑖𝑛𝑡
𝑝𝑟𝑒𝑑 = −0.42𝐸𝑆𝑃𝜎

𝑆𝑜𝑙 + 0.03𝐸𝐿𝑈𝑀𝑂
𝑆𝑜𝑙 − 0.04𝛼𝑧𝑧 − 1.49 (3.2) 

For this fit, R2 = 0.83 and Q2 = 0.82 (see Figure 3.8).  While the correlation is not as 

strong as observed for the gas phase data, equation (3.2) is still capable of providing 

accurate predictions of salt-bridge stacking in a protein-like dielectric environment with a 

RMSE of only 0.5 kcal mol–1. This predictor uses the same ESP-based descriptor 

(𝐸𝑆𝑃𝜎
𝑆𝑜𝑙, computed in solution)136 to account for the electrostatic effects as in the gas 

phase. However, these solution phase data required a more nuanced picture of dispersion 

interactions. In particular, rather than simply using the number of heavy atoms (NHA), the 

solution-phase interaction energies requires the solution-phase LUMO energy (𝐸𝐿𝑈𝑀𝑂
𝑆𝑜𝑙 ) 

and the polarizability perpendicular to the heterocycle plane (𝛼𝑧𝑧).  
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Figure 3.8. Correlation of computed interaction energies in solution with predicted 

interaction energies from equation (3.2) for the global minimum energy salt-bridge 

stacked dimers.  A strip plot of the computed interaction energies (in kcal mol–1) grouped 

by heterocycle size is displayed to the right. 

Summary and Concluding Remarks 

The many potential stacking partners in protein binding sites provide numerous 

opportunities to tune binding enthalpies.  Stacking interactions involving Asp-Arg and 

Glu-Arg salt-bridges have been observed in of protein-ligand complexes, yet there has 

been relatively little effort to understand the means by which these interactions can be 

exploited in ligand design.  We have presented accurate interaction energies for stacked 

dimers of a model salt-bridge with 63 heterocycles commonly found in pharmaceuticals 

in both the gas phase and in a polarizable continuum model of ether (mimicking a 

protein-like dielectric environment).  The strength of these interactions can be tuned over 

a 10 kcal mol–1 range in the gas phase and 5 kcal mol–1 in ether, highlighting an 

underappreciated means of tailoring protein-ligand binding.  While the range of 

interaction energies is reduced in solvent, the overall trends observed in the gas phase 

data hold. Further, even though this simple solvent model does not account for all the 

factors that influence binding in real systems, harnessing salt-bridge stacking interactions 



52 

can still lead to significantly improved ligand binding.  The gas phase salt-bridge stacking 

interactions can be accurately predicted by a simple two-parameter linear model based on 

a new electrostatic potential derived heterocycle descriptor (ESPσ) combined with the 

number of heterocycle heavy atoms (equation 3.1), whereas the solution-phase data 

requires a slightly more complex, three-parameter model (equation 3.2).  These simple 

models provide physical insight into the strength of these interactions while examination 

of the ESP and electric field above the heterocycles can explain the preferred orientation. 

Moreover, these new ESP and electric-field based heterocycle descriptors should prove 

useful in the development of predictive models of other stacking interactions involving 

heterocycles. 

Heterocycles that interact most strongly with salt-bridges have a number of 

common features (see Figure 3.1B).  First, they are generally substituted bicycles with 

cation stabilizing groups (exocyclic carbonyls and imino nitrogens) clustered along one 

long edge and anion stabilizing groups (e.g. amino nitrogens) clustered along the other. 

This leads to large variation in the electrostatic potential and a large electric field across 

the short axis of the heterocycle. This, in turn, provides optimal electrostatic stabilization 

of the salt-bridge in a geometry that is compatible with strong dispersion interactions.  In 

highly favorable salt-bridge stacking interactions, the cation sits over the arene (with 

nitrogen atoms over the ring centers), the anion sits off to the side, and the salt-bridge 

dipole is aligned with the electric field over the heterocycle (see Figure 2.1B).  This 

refined view of salt-bridge stacking interactions, combined with the predictive models in 

equations (3.1) and (3.2), should prove useful in choosing heterocycle fragments that 

maximize these interactions in drug binding sites.   
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CHAPTER 4 

PREDICTING THE STRENGTH OF STACKING INTERACTIONS BETWEEN 

HETEROCYCLES AND AROMATIC AMINO ACID SIDE CHAINS c 
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c  Bootsma, A. N, Doney, A. C. and S. E. Wheeler. Submitted to J. Am. Chem. Soc. 
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Abstract 

Despite the ubiquity of stacking interactions between heterocycles and aromatic 

amino acids in biological systems, our ability to predict their strength, even qualitatively, 

is limited.  Based on rigorous ab initio data, we have devised a simple predictive model 

of the strength of stacking interactions between heterocycles commonly found in 

biologically active molecules and the amino acid side chains Phe, Tyr, and Trp.  This 

model provides rapid predictions of the stacking ability of a given heterocycle based on 

readily-computed heterocycle descriptors.  We show that the values of these descriptors, 

and therefore the strength of stacking interactions with aromatic amino acid side chains, 

follow simple predictable trends and can be modulated by changing the number and 

distribution of heteroatoms within the heterocycle. This provides a simple conceptual 

model for understanding stacking interactions in protein binding sites and optimizing 

inhibitor binding in drug design. 

Introduction 

  Arene stacking interactions, broadly defined as approximately parallel face-to-

face interections between aromatic rings,70, 137-138 impact everything from the binding of 

ligands by proteins to the solid-state packing of organoelectronic materials and the 

performance of asymmetric catalysts.59-60, 96-97, 139-141  By understanding the factors that 

impact the strength of these interactions, we can explain their role in chemical and 

biochemical systems and exploit their power in the context of design.  Stacking 

interactions between heterocycles and the aromatic amino acid side chains Phe, Tyr, and 

Trp are particularly important in biological systems,142-144 contributing to the binding of 

artificial inhibitors, natural substrates, co-factors, and nucleic acids by proteins (see Fig 



55 

4.1).145-150 Changes in the number and distribution of heteroatoms within such 

heterocyclic systems can modulate their ability to stack with binding site aromatic 

residues, tuning their overall binding over a broad range.27 

 

Figure 4.1. Examples of stacking interactions between heterocycles and aromatic amino 

acid side chains in biological systems.  A. Inhibitor VX-787 (grey) bound to the influenza 

A viral polymerase (PDB: 4P1U); B. A quinazolinone-based inhibitor (grey) bound to a 

zinc-finger ubiquitin binding domain (PDB: 6CEF); C. Folate (grey) bound to the human 

folate receptor (PDB: 4KMZ). D. Single stranded DNA (green) bound to human TDP-41 

(PDB:4IUF). 

The favorable stacking between aromatic rings has long been recognized, and 

Hunter and Sanders151 provided a foundational conceptual model of the factors that 

impact the strength and geometry of these interactions.  Over the last 15 years, high-

accuracy quantum chemical studies and new experiments have provided a more nuanced 

view of these interactions, particularly with regard to the impact of substituents.69, 72, 76, 

152-159 However, despite progress in the area of heterocycle stacking,160-169 the factors that 

impact how strongly a given heterocycle will stack are still not completely understood. 

For instance, we currently have no means, short of expensive quantum chemical 
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computations, of ranking a set of heterocycles with regard to their ability to stack with 

aromatic amino acid side chains, even qualitatively.  This limits our ability to understand 

stacking interactions in many biological contexts and hamstrings efforts at structure 

based drug design.  

In 2009, Hohenstein and Sherrill164 published high-accuracy gas-phase 

computations of the pyridine-benzene dimer, showing that electrostatic interactions result 

in a 0.5 kcal mol–1 enhancement in the stacking interaction compared to the benzene 

dimer.  Subsequently, Stahl and co-workers170 published a medicinal chemist’s guide to 

molecular interactions based on analyses of crystal structure data and representative drug 

binding sites. This included the general advice that stacking interactions of electron-

deficient rings are generally preferred over stacking of electron-rich rings and noted that 

the preferred orientation of stacked arenes can often be rationalized by the alignment of 

molecular dipoles or partial atomic charges.96  In a different context, Corminboeuf and 

co-workers171 showed that π-electron depletion  correlates with the strength of π-stacking 

interactions, lending further support to the notion that electron-deficient arenes stack 

more effectively.  

There have been several efforts to distill our understanding of heterocycle 

stacking into predictive models based on simple molecular descriptors. For instance, 

Huber and co-workers30 demonstrated that molecular dipole moments are correlated with 

the strength of stacking interactions of monocyclic heterocycles with benzene, suggesting 

that the strength of stacking interactions can be predicted without resorting to expensive 

quantum chemistry computations.  However, subsequent work by An, et al.31 on stacking 

interactions between a broader set of biologically relevant heterocycles and 9-
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methyladenine showed that dipole moments alone do not capture trends in stacking 

interactions for bicyclic and larger heterocycles. Thus, it appears that the development of 

a predictive model of the strength of stacking interactions applicable to the diverse 

heterocycles appearing in biologically active molecules will require more advanced 

molecular descriptors. 

We have demonstrated the utility of newly developed heterocycle descriptors172-

173 in predictive models of non-covalent interactions relevant to biological systems.  For 

instance, we were able to obtain robust predictions of stacking interactions between Asp-

Arg salt-bridges and heterocycles commonly found in pharmaceuticals173 using simple 

combinations of the our recently introduced heterocycle descriptors derived from the 

electrostatic potential (ESP) and electric field near the heterocycle. Here, we use these 

descriptors to devise a predictive model of the strength of stacking interactions between 

heterocycles found in biologically active molecules and Phe, Tyr, and Trp side chains, 

which informs the development of a simple conceptual framework for understanding 

these interactions. 

Results and Discussion 

We systematically searched for low-lying stacked dimers of toluene, p-

methylphenol, and 3-methylindole (as models of Phe, Tyr, and Trp side chains, 

respectively; see Chart 4.1) with 47 heterocycles that are representative of those in 

biologically active molecules (see Charts 4.1 and 4.2).77, 79 The gas-phase interaction 

energies for all unique stacked dimers were then computed using high-accuracy ab initio 

methods.  Interaction energies for the global minimum energy stacked dimers of each 

heterocycle with Phe, Tyr, and Trp are listed in Table 4.1. Figure 4.2 shows geometries of 
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selected dimers. The computed interaction energies span more than 10 kcal mol–1 across 

all heterocycles considered.  This includes a range of 8.9 kcal mol–1 across the 

monocycles, from –3.6 kcal mol–1 for pyrazole (8) stacked with Phe to–12.5 kcal mol–1 

for pyrimidin-2-one (27) stacked with Trp.  As for the bicyclic systems, the range is 8.7 

kcal mol–1, from–7.1 kcal mol–1 for isindole (29) stacked with Phe to –15.8 kcal mol–1 for 

3,9-dihydro-purine-2,6-dione (38) stacked with Trp.  Stacking interactions of 

heterocycles with Tyr are, on average, ~10% stronger than those with Phe, while stacking 

interactions with Trp are ~40% stronger.   Apart from this broad trend, there is a 

considerable spread in predicted interaction energies for each amino acid side chain. This 

highlights the wide range over which heterocycle stacking interactions with a given 

aromatic amino acid can vary while also revealing the key means of tuning stacking 

interactions in the context of drug design.27  

In order to understand the trends in stacking interaction energies across this set of 

heterocycles, these dimers were first analyzed using symmetry-adapted perturbation 

theory (SAPT).116-119 SAPT enables the decomposition of interaction energies into 

electrostatic, dispersion, exchange-repulsion, and induction effects, and can be used to 

identify the effects that drive trends in interaction energies.174 Overall, these data show 

that the stacking abilities of the heterocycles in Charts 4.1 and 4.2 are driven by 

dispersion and electrostatic effects (see Appendix C, Figure C-1). This is in accord with 

the previous results of Hohenstein and Sherrill164 for the stacked benzene-pyridine dimer. 
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Chart 4.1. Set of monocyclic heterocycles considered along with the model amino acid 

side chains 

 

Chart 4.2. Set of bicyclic and tricyclic heterocycles considered  
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Based on this insight, we sought to develop a predictive model of the stacking 

energy between each of these heterocycles and the aromatic amino acids by applying 

multivariate linear regression (MLR) methods. This fit used simple descriptors of the 

heterocycles and amino acid side chains that capture their ability to engage in dispersion 

and electrostatic interactions.  Initial fitting of the data for Phe, Tyr, and Trp separately 

revealed that the coefficients in each fit were proportional to the size of the amino acid 

side chain. This motivated the form of equation 4.1, which depends on only three 

heterocycle descriptors and one descriptor of the amino acid and was fit to the global 

minimum energy dimers of heterocycles 1-47 with Phe, Tyr, and Trp: 

∆𝐸𝑝𝑟𝑒𝑑 = 𝑁𝐻𝐴
𝐴𝐴(−0.01𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒

𝐻𝑒𝑡 − 0.04𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡 − 0.10𝑁𝐻𝐴

𝐻𝑒𝑡) − 1.25 (4.1) 

In this fit, NHA refers to the heavy atom count of either the amino acid (𝑁𝐻𝐴
𝐴𝐴) or 

heterocycle (𝑁𝐻𝐴
𝐻𝑒𝑡) while 𝐸𝑆𝑃𝑚𝑒𝑎𝑛

𝐻𝑒𝑡  and 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  are descriptors173 based on the mean 

value and range of the ESP within the van der Waals projection of the heterocycle in a 

plane 3.25 Å from the heterocycle.  The predicted interaction energies from equation 4.1 

are plotted against the DLPNO-CCSD(T) interaction energies in Figure 4.3.  This fit is 

robust, indicating that the maximum potential stacking interaction of a given heterocycle 

with Phe, Tyr, or Trp can be reliably predicted without resorting to expensive QM 

computations of stacked dimers.  Instead, one needs to simply evaluate 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  and 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡 , which only require simple computations on the isolated heterocycles. 
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Figure 4.2. Stacked dimers of selected heterocycles with Phe and Trp. 

The only descriptor of the amino acid side chain in equation 1 is the heavy atom 

count,135 𝑁𝐻𝐴
𝐴𝐴, which typically correlates with the ability of a given system to engage in 

dispersion-driven interactions. However, since there are only three amino acids, this 

parameter should not be over-interpreted.  It may be that the ability of these amino acid 

side chains to engage in dispersion interactions is the only important factor; however, it 

could be that 𝑁𝐻𝐴
𝐴𝐴 (7 for Phe, 8 for Tyr, and 10 For Trp) simply encodes the general 

ability of these three arenes to engage in stacking interactions due to other factors.  

Essentially, 𝑁𝐻𝐴
𝐴𝐴 provides a scaling factor of the strength of stacking interactions that 

reflects the general observation that stacking interactions with Tyr and Trp are, on 

average, ~10% and ~40% stronger than with Phe, respectively. 
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Figure 4.3. Scatter plot of computed DLPNO-CCSD(T) interaction energies vs predicted 

interaction energies from equation 4.1 for global minimum energy stacked dimers of 

heterocycles 1-47 with Phe, Tyr, and Trp side chains. The strip plot on the right shows 

the same computed interaction energies grouped by amino acid. 

The heterocycle descriptors appearing in equation 4.1 (𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡 , 𝐸𝑆𝑃𝑚𝑒𝑎𝑛

𝐻𝑒𝑡 , and 

𝑁𝐻𝐴
𝐻𝑒𝑡), on the other hand, confirm a prominent role of electrostatic effects and dispersion 

interactions, in accord with the SAPT data.  Overall, each additional heavy atom in the 

heterocycle leads to a 0.7, 0.8 and 1.1 kcal mol–1 increases in the stacking interaction 

with Phe, Tyr, and Trp, respectively. With regard to electrostatics, stacking interactions 

are maximized in heterocycles with a large positive mean ESP value and a large overall 

range in ESP values in the plane 3.25 Å from the heterocycle.  More precisely, equation 1 

indicates that a 1 kcal mol–1 increase in 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  corresponds to a 0.3-0.4 kcal mol–1 

increase in stacking energies, while a 1 kcal mol–1 increase in 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  translates into ~1 

kcal mol–1 increased stacking energy. It should be noted that  𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  is more sensitive 

to the introduction of heteroatoms and other functionality than is 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  (vide infra), 

and modulating the value of both of these descriptors provide a means of widely tuning 

the strength of stacking interactions. 
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We can consider specific examples of heterocycles in order to gain a more 

intuitive understanding of the heterocycle descriptors appearing in equation 1 and the 

impact of changes in the number and distribution of heteroatoms on stacking interactions 

(see Table 4.1).   

Table 4.1. Interaction energies for global minimum energy stacked dimers of heterocycles 

1-47 with Phe, Tyr, and Trp side chains along with heterocycle descriptors, all in kcal mol–

1.a  

He

t 
𝑬𝑺𝑷𝒎𝒆𝒂𝒏

𝑯𝒆𝒕  𝑬𝑺𝑷𝒓𝒂𝒏𝒈𝒆
𝑯𝒆𝒕  

𝑬𝒊𝒏𝒕
𝑷𝒉𝒆 𝑬𝒊𝒏𝒕

𝑻𝒚𝒓  𝑬𝒊𝒏𝒕
𝑻𝒓𝒑

 He

t 
𝑬𝑺𝑷𝒎𝒆𝒂𝒏

𝑯𝒆𝒕  𝑬𝑺𝑷𝒓𝒂𝒏𝒈𝒆
𝑯𝒆𝒕  𝑬𝒊𝒏𝒕

𝑷𝒉𝒆 
𝑬𝒊𝒏𝒕

𝑻𝒚𝒓  𝑬𝒊𝒏𝒕
𝑻𝒓𝒑

 

1 -5.9 14.7 – – -4.5 25 3.0 11.2 -7.1 -7.8 -9.9 

2 
-3.9 6.3 

-4.2 -4.3 -5.4 
26 

3.1 16.8 -8.0 -8.7 

-

10.8 

3 
-4.5 7.0 

-4.5 -5.2 -5.9 
27 

0.1 22.4 -7.8 -7.3 

-

12.5 

4 
-1.8 11.5 

-5.5 -5.1 -7.3 
28 

-6.2 15.5 -7.3 -8.6 

-

11.2 

5 
-1.8 9.0 

-5.1 -5.1 -6.7 
29 

-6.7 17.7 -7.1 -8.2 

-

10.4 

6 
-2.4 10.1 

-5.1 -5.8 -7.2 
30 

-5.1 11.4 -7.6 -8.1 

-

11.0 

7 
-2.5 8.8 

-5.5 -5.5 -7.3 
31 

-4.5 17.0 -6.4 -9.3 

-

11.8 

8 
-4.0 12.2 

-3.6 -4.5 -5.3 
32 

-0.7 21.8 -9.4 

-

11.2 

-

13.6 

9 
-3.7 17.7 

– – -8.2 
33 

-1.1 14.9 -8.4 -9.1 

-

12.4 

10 
-1.7 13.8 

-4.3 -4.3 -5.8 
34 

-3.0 12.4 -7.6 -8.3 

-

10.2 

11 
-1.8 17.8 

– – -6.0 
35 

-0.3 15.3 -9.4 

-

11.7 

-

14.0 

12 
-2.1 7.0 

-4.8 -5.1 -6.2 
36 

-1.0 20.4 -9.2 

-

10.5 

-

14.4 

13 
0.5 20.9 

– – -9.1 
37 

1.1 16.4 -9.4 

-

11.5 

-

14.2 

14 
0.0 13.0 

-5.2 -4.8 -7.3 
38 

0.9 27.1 -8.8 

-

11.2 

-

15.8 

15 
-0.5 12.7 

-6.1 -6.3 -9.1 
39 

-3.9 10.2 -8.1 -8.5 

-

10.5 

16 
-4.7 7.4 

-4.5 -4.9 -6.0 
40 

-2.3 16.1 -8.9 -9.5 

-

11.8 

17 
-2.8 10.0 

-5.6 -5.8 -7.7 
41 

-1.8 9.1 -8.6 -9.3 

-

10.7 

18 
-0.9 5.4 

-6.0 -6.4 -8.1 
42 

-4.2 12.8 -7.7 -9.1 

-

10.9 

19 
-0.8 8.8 

-6.1 -6.4 -8.4 
43 

-3.2 22.8 -9.1 

-

10.1 

-

13.3 

20 
-0.7 15.4 

-6.5 -6.7 -9.5 
44 

-5.8 13.2 

-

10.0 

-

11.2 

-

14.2 
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21 
1.1 3.8 

-5.9 -6.6 -8.4 
45 

-4.6 6.9 -8.8 -9.9 

-

11.8 

22 
1.1 12.3 

-7.0 -7.6 -9.9 
46 

-5.0 7.6 -9.2 

-

10.2 

-

12.2 

23 
1.2 17.6 

-7.3 -8.6 -

10.3 
47 

-4.4 10.6 -9.8 

-

11.4 

-

13.8 

24 2.9 7.0 -6.8 -7.2 -9.8   Mean -7.1 -7.8 -9.8 

a Dashes indicate that no stacked local energy minima were located. 

For instance, the role of heterocycle size (as captured by 𝑁𝐻𝐴
𝐻𝑒𝑡) is demonstrated 

by stacking interactions of pyrrole (1), indole (28), and carbazole (44). These three 

heterocycles have similar values for 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  and 𝐸𝑆𝑃𝑚𝑒𝑎𝑛

𝐻𝑒𝑡  but vary in size.  Computed 

interaction energies for these three heterocycles stacked with Trp, for example, follow the 

trend in size, going from –4.5 kcal mol–1 for 1, to –11.2 kcal mol–1 for 28, finally to –14.2 

kcal mol–1 for 44.  

Examination of the values for the electrostatic descriptors  𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  and 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒

𝐻𝑒𝑡  

across the heterocycles reveals clear trends that can be distilled into simple rules for their 

estimation, and thus the strength of stacking interactions. For example, 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  depends 

primarily on the number of S, O, imino N (-N=), amino N (-NH-), and carbonyl groups 

present in the heterocycle. Overall, each S, O, imino N, and carbonyl increases 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡   

by  0.5, 1.0, 2.0, and 3.5 kcal mol -1, respectively. In contrast, each amino nitrogen 

decreases 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  by 1 kcal mol–1. These effects are additive, as seen through the 

consecutive addition of imino nitrogens to benzene (16) to give pyridine (17), pyrimidine 

(19), and 1,2,4-triazine (22). The 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  values for these rings systematically increases 

from -4.7 to 1.1 kcal mol–1, accompanied by an improvement in interaction energy with 

Trp from -6.0 kcal mol–1 for benzene  to -9.9 kcal mol–1 for 1,2,4-triazine.  This 

dependence of 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  on the number of these different heteroatoms is the origin of the 

general observation that electron deficient heterocycles (e.g. those containing imino 
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nitrogens) tend to engage in stronger stacking interactions,96, 170-171 and 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  provides 

a readily-computed means of quantifying the degree of electron deficient character for a 

given heterocycle. 

However, these changes in 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  do not fully capture variations in the strength 

of stacking interactions with heterocycles. For example, despite the same number of 

heteroatoms in pyrazine (18), pyrimidine (19) and pyridazine (20), and their 

correspondingly similar 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  values (–0.8 ± 0.1 kcal mol–1), their stacking 

interactions with Trp vary from –8.1 to -9.5 kcal mol–1. This can be attributed to the 

variation in 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  across this series.   

Unlike 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡  which depends only on the number of heteroatoms, the value of 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  depends on both the number of each of these heteroatoms and functional 

groups as well as their relative position within the heterocycle.  Qualitatively, when a pair 

of ‘like’ heteroatoms (S, O, imino N, and C=O vs amino N) are on nearby positions, there 

is a cooperative impact on  𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡 .  For instance, whereas the addition of a single 

imino nitrogen to form pyridine (17) from benzene (16) shifts 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  by 2.7 kcal mol–

1, the introduction of a second N to form pyrimidine (20) has nearly twice the effect. On 

the other hand, when like heteroatoms are on opposite sides of a ring, their impact on 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  cancels to a large degree.  This can be seen by comparing pyrimidine (19) and 

pyrazine (18), which both have smaller values of 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  than pyridine.  Indeed, 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  for pyrazine is smaller than that for benzene.  Similar trends hold for 

heterocycles containing any combination of S, O, amino N, and C=O groups. For ‘unlike’ 

heteroatoms, the opposite trend occurs, with the impact of adjacent heteroatoms 

canceling and opposing heteroatoms exhibit positive cooperativity.  This can be 
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understood by recalling that amino and imino nitrogens have opposite impacts on the 

ESP, as demonstrated by the opposite sign of their impact on 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡 . For example, for 

pyrazole (8), which has amino and imino nitrogens at adjacent positions, the value of 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  of 12.2 kcal mol–1 is lower than that of pyrrole (1, 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒

𝐻𝑒𝑡  = 14.7 kcal mol–1). 

At the same time, the 1,3 amino-imino nitrogen pair in imidazole (9) leads to an 

𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  value of 17.7 kcal mol–1.  Thus, 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒

𝐻𝑒𝑡  is maximized when like heteroatoms 

and functional groups are grouped together one side of the ring and the ‘unlike’ types on 

the opposite side of the ring.  For example, the strongest stacking interactions is exhibited 

by 3,9-dihydro-purine-2,6-dione (38) stacked with Trp (see Figure 4.2).  In this case, the 

presence of two C=O groups including one adjacent to an imino nitrogen overwhelms the 

modest effects of the three amino nitrogens, leading to a substantial value of 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  , a 

high 𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝐻𝑒𝑡 , and very strong stacking interaction.  Other examples of systems that stack 

strongly have similar distributions of heteroatoms and carbonyl groups. 

While we have focused on the importance of 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  in determining stacking 

interactions, it should be noted that molecular dipole moments (μ) provide similar 

information as 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡 . Indeed, a functional form analogous to equation 1 featuring μ 

instead of 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  provides a reasonable predictor of these stacking interactions, but 

with a reduced R2 value (see Appendix C, Figure C-3).  However, 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  is arguably a 

more versatile heterocycle descriptor since it can capture differences in electrostatic 

character among rings with zero net dipole (e.g. benzene, pyrazine, and 1,3,5-triazine).172  

Conclusions 

We have developed a simple predictive model (equation 4.1) of the maximum 

possible stacking interaction between heterocycles found in biologically active molecules 
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and the amino acid side chains Phe, Tyr, and Trp based on readily computed heterocycle 

descriptors.  This model depends on the size of the heterocycle (as captured by the heavy-

atom count),135 as well as the electrostatic descriptors 𝐸𝑆𝑃𝑟𝑎𝑛𝑔𝑒
𝐻𝑒𝑡  and 𝐸𝑆𝑃𝑚𝑎𝑥

𝐻𝑒𝑡 .173  These 

latter two descriptors follow simple, predictable trends and can be modulated by varying 

the number and distribution of heteroatoms and other functionality within the 

heterocycle. This provides a clear conceptual framework for understanding trends in 

stacking interactions between heterocycles and aromatic amino acid side chains and 

designing heterocycles that maximize such interactions.  Overall, stacking interactions 

with Phe, Tyr, and Trp are enhanced by:175 

1. Increasing the numbers of S, O, imino N, and carbonyl groups, with the size of 

this effect increasing across this series; 

2. Grouping ‘like’ heteroatoms (S, O, imino N, carbonyl vs. amino N) on opposing 

sides of the heterocycle. 

Using these rules, heterocycles can be qualitatively ranked with regard to their ability to 

stack with Phe, Tyr, and Trp.  For more quantitative predictions, the descriptors 

appearing in equation 4.1 can be rapidly computed using widely available computational 

tools. This new view of stacking interactions between heterocycles and aromatic amino 

acid side chains should facilitate both a greater understanding of stacking in biological 

systems and provide updated principles for maximizing stacking interactions in protein 

binding sites. 

Computational Section 

Local energy minima were identified by systematically sampling six (or 12, for 

non-symmetric heterocycles) orientations of the heterocycle at each of nine initial points 
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located in a 3 x 3 grid  3.6 Å above the heterocycle (fewer for Phe due to symmetry). 

Each of these starting configurations was optimized in the gas phase at the B97D/def2-

TZVPP111, 176-177 level of theory.  This dispersion-corrected DFT functional paired with a 

triple-ζ basis set should provide reliable geometries for these stacked dimers.176  The 

resulting energy minima were then classified as either stacked or edge-to-face (T-shaped) 

geometries using the criteria from Ref 31.  For each heterocycle/amino acid combination, 

there were up to 24 unique stacked energy minima (based on an RMSD cutoff of 0.4 Å).  

For eight heterocycle/amino acid combinations,178 no stacked energy minima were 

located. DLPNO-CCSD(T)/cc-pVQZ single point energies87-90, 112 were computed for 

each unique stacked energy minimum to obtain highly-accurate interaction energies (i.e. 

the energy difference between the optimized dimer and corresponding optimized 

monomers).  These ab initio interaction energies are converged to within 0.1 kcal mol–1 

of the complete basis set (CBS) limit (see Appendix C, Table C-1). Solution-phase 

interaction energies (in diethyl ether) were computed by combining the gas-phase 

DLPNO-CCSD(T) energies with solvation corrections computed at the ωB97X-D/def2-

TZVPP level of theory.  While the above focus is on the global minimum energy stacked 

dimer for each heterocycle with the three amino acid side chain models, data for all local 

stacked energy minima are available in the SI. All DFT optimizations were performed 

using Gaussian09,94 while Orca 4.095 was used for the DLPNO-CCSD(T) single point 

energies. SAPT computations were performed at the SAPT0/jun-cc-pVDZ level of 

theory116-119, 179 using Psi4.120 
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CHAPTER 5 

RAPID EVALUATION OF ELECTROSTATIC POTENTIAL BASED 

HETEROCYCLE DESCRIPTORS: CONVERTING SMILES TO STACKING 

INTERACTION ENERGIES d 
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d  Bootsma, A. N.,  and S. E. Wheeler. In preparation for submission to J. Chem. Inf. Model. 
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Abstract 

Predicting the strength of stacking interactions involving heterocycles is vital for 

a number of fields, including drug design.  While quantum chemical computations can 

provide accurate stacking interaction energies, these come at a steep computational cost.  

Previously, we developed a quantitative predictive model of stacking interactions 

between drug-like heterocycles and the aromatic amino acids Phe, Tyr, and Trp.  This 

model depends on heterocycle descriptors derived from the electrostatic potential 

computed in a plane near the heterocycle. Herein, we show that these descriptors can be 

evaluated directly from the atom connectivity of the heterocycle, providing a means of 

rapidly evaluating both the descriptors and potential for a given heterocycle to engage in 

stacking interactions without resorting to any quantum chemical computations.  This 

enables the conversion of simple molecular representations (e.g. SMILES) directly into 

ab initio quality stacking interaction energies, thereby providing a means of rapidly 

ranking large sets of heterocycles with regard to their stacking ability. 

Introduction 

  Stacking interactions (i.e. roughly parallel face-to-face interactions 

between planar π-systems)70, 137-138 play vital roles in many chemical and biological 

systems, and the ability to predict and rationally tune the strength of these interactions is 

important in everything from improving the performance of asymmetric catalysts97, 139 to 

drug design.58, 60-61  Various classes of stacking interactions are particularly in protein-

ligand interactions, and harnessing these interactions can provide a powerful means of 

tuning inhibitor binding.27 Chief among these are stacking interactions of heterocycles 

with the aromatic amino acid side chains Phe, Tyr, and Trp (see Figure 5.1).30, 58, 60-61 
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Figure 5.1. A) Example of stacking interactions of pteridine fragment of 

methotrexate stacking with Tyr and Trp residues in  the human folate receptor (PDB: 

4KNO);148 B) model stacked dimer of pyrimidine with Tyr from Ref. 217; and C) selected 

heterocycles discussed in the text as well as the model amino acid side chains Phe, Tyr, 

and Trp.  

Tools exist for enumerating regioisomeric structures of heterocyclics in order to 

build greater structural complexity during exploratory chemistry and lead optimization.218  

However, there is currently no means of rapidly predicting how strongly such 

heterocyclic fragments will stack with binding site aromatic residues.  While quantum 

mechanical (QM) methods can provide highly-accurate gas-phase interaction energies for 

such interactions, this typically requires expensive ab initio methods paired with large 

basis sets or dispersion-corrected density functional theory (DFT) methods.131, 219-220  

Moreover, finding the maximum possible stacking interaction between a pair of π-

systems requires the systematic exploration of local stacked energy minima in order to 
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identify the global minimum energy stacked structure.30, 172-173, 217, 221 This is a time 

consuming and computationally costly process. 

Recently, we introduced a series of heterocycle descriptors based on the 

electrostatic potential (ESP) computed in the plane 3.25 Å from the heterocycle.173 These 

descriptors have proved useful in the development of quantitative predictive models of 

the strength of stacking interactions between drug-like heterocycles and protein amide 

backbones,172 Asp-Arg salt-bridges,173 and the aromatic amino acid side chains Phe, Tyr, 

and Trp.217  For example, equation 5.1 provides accurate interaction energies (RMSE = 

0.8 kcal mol–1) for stacked dimers of drug-like heterocycles with aromatic amino acids 

based on the heterocycle descriptors ESPmean and ESPmax
 as well as the heavy atom counts 

of the heterocycle and amino acid side chain (NHA
Het and NHA

AA, respectively).217,222 ESPmean 

is the mean value of the ESP in the plane 3.25 Å from the heterocycle whereas ESPmax is 

the maximum ESP value in this plane. Figure 5.2A shows stacking interaction energies 

for a representative set of drug-like heterocycles predicted using equation 5.1 plotted 

against robust DLPNO-CCSD(T)/cc-pVQZ interaction energies.87-90, 112, 217  The use of 

equation 5.1, which depends on ESPmean and ESPmax values computed at the ωB97X-

D/def2-TZVP level of theory,110-111 provides direct access to the maximum possible 

stacking ability of a given heterocycle without the need to explore potential dimer 

geometries.  The result is a ~30,000 fold reduction in computational cost, compared to 

DFT-based geometry optimizations of stacked dimers followed by high-accuracy ab 

initio interaction energies.  More qualitatively, equation 5.1 indicates that heterocycles 

with increased ESPmax and ESPmean values will exhibit stronger stacking interactions. 

∆Epred = NHA
AA(−0.02ESPmax − 0.02ESPmean − 0.10NHA

Het) − 1.53 (5.1) 
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Despite the potential utility of equation 5.1, the use of DFT-based descriptors 

prohibits the evaluation of stacking interactions for large libraries of heterocycles. 

Herein, we show that ESPmean and ESPmax, and the corresponding stacking interaction 

energies, can be accurately evaluated directly from the atom connectivity for monocyclic 

and bicyclic heterocycles, obviating the need for quantum chemical computations.223  

 

Figure 5.2. Stacking interactions predicted based on equation 5.1 versus DLPNO-

CCSD(T)/cc-pVQZ interaction energies for stacking interactions of 47 drug-like 

heterocycles with model Phe, Tyr, and Trp side chains using A) DFT-computed ESPmean 

and ESPmax values217 and B) ESPmean and ESPmax values evaluated using equations 5.2 

and 5.3. 
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Results and Discussion 

 Below, we develop predictive models of the heterocycle descriptors ESPmean and 

ESPmax based on the atom connectivity for a given heterocycle.  These models are 

parameterized based on a diverse set of 1854 heterocycles from Pitt et al.224 (see 

Computational Methods for more details). The DFT-computed ESPmean and ESPmax 

values are presented in Figure 5.3, grouped by whether or not the heterocycle was known 

or unknown as of publication of Ref. 224.   

 

Figure 5.3. DFT computed values versus values from equations 2 and 3 for A. ESPmean 

and B ESPmax.  The strip plots on the right show the same data grouped by whether the 

heterocycles were known or unknown as of publication of Ref. 224.  

Predicted stacking interaction energies of all 1854 heterocycles with Phe, Tyr, and Trp, 

based on equation 5.1 using the DFT-computed descriptors, are plotted in Figure 5.4.  
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 These computed descriptors and the resulting stacking interactions from equation 

5.1 enable comparisons of electrostatic characteristics and potential stacking interactions 

of known versus unknown heterocycles. With regard to ESPmax, the known heterocycles 

actually span a larger range of values than the unknown heterocycles, from –1.4 kcal 

mol–1 for benzene to +19.5 kcal mol–1 for 1 (see Figure 5.1C). Values of ESPmean, on the 

other hand, are systematically higher for the unknown compared to the previously 

synthesized heterocycles and there are a number of synthetically tractable yet unknown 

heterocycles that exhibit very large ESPmean values. For instance, ESPmean values for 

known heterocycles range from –7.6 kcal mol–1 for 2 to +5.7 kcal mol–1 for 3, while 

ESPmean for the unknown heterocycles are as large as +8.0 kcal mol–1. However, these 

heterocycles with very large ESPmean values tend to include extreme degrees of 

functionalization with clustered carbonyl groups (e.g. 4), so are likely not attractive 

synthetic targets.  Moreover, while unknown heterocycles are among those predicted to 

exhibit very strong stacking interactions (see Figure 5.4), none are stronger than known 

heterocycles.  For instance, the strongest predicted stacking interactions occur for 1, 

which has previously been made and has a predicted stacking interaction with Trp of –

18.4 kcal mol–1.  Of course, the range of gas-phase interaction energies displayed in 

Figure 5.4 is larger than what will be possible in the dielectric environment of a protein; 

however, previous solution-phase computations217 suggest that these trends will generally 

hold up in protein-like dielectric environments. 
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Figure 5.4. Predicted stacking interactions of 1854 known and unknown224 heterocycles 

with Phe, Tyr, and Trp based on equation 1 and QM-computed ESPmean and ESPmax 

values.  

A. Prediction of ESPmean and ESPmax
 from Atom Connectivity 

Previously, we showed217 qualitatively that ESPmean reflects the number of O, S, 

amino N (-N=), imino N (-NH-), and carbonyl groups within a heterocycle, while ESPmax 

depends on both the number and relative position of these heteroatoms.  We sought to 

develop a quantitative relationship between these descriptors and the atom connectivity 

of a given heterocycle in order to provide a rapid means of their evaluation.225  We first 

define seven atom types covering those present in drug-like heterocycles (see Table 5.1; 

throughout, carbonyl groups are considered a single ‘heteroatom’ located at the position 

of the carbonyl carbon). We then fit a0 as well as parameters for each of the seven atom 

types (ai) to the ωB97X-D/def2-TZVP computed ESPmean values for the full set of 1854 

heterocycles according to equation 5.2. The optimized parameters are listed in Table 5.1; 
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ESPmean values predicted from equation 5.2 are plotted versus the DFT computed values 

in Figure 5.3A.  Overall, this fit is highly accurate (R2 = 0.93, RMSE = 0.63 kcal mol–1 

and robust to 5-fold cross validation (see Figure 5.3A). 

𝐸𝑆𝑃𝑚𝑒𝑎𝑛
𝑝𝑟𝑒𝑑 = 𝑎0 + ∑ 𝑎𝑖

𝑎𝑡𝑜𝑚𝑠

𝑖

 (5.2) 

Errors in ESPmean values predicted from equation 5.2, compared to the DFT-

computed values, are as large as 3.7 kcal mol–1. These errors grow with the size of 

ESPmean (see Appendix D, Figure D-1 and Figure D-2), which arises because the 

heterocycles with large positive ESPmean values tend to have a large proportion of 

heteroatoms. Equation 5.2 assumes additivity of effects for each heteroatom, but as the 

number of heteroatoms increases this additivity assumption slowly begins to break down. 

The application of equation 5.2 to predict ESPmean for two representative heterocycles is 

demonstrated in Figure 5.5. 

Table 5.1. Optimized parameters for each heteroatom type for equations 5.2 and 5.3. 

Atom types ai bi ci 

C (aryl) –0.22 - - 

C=O 2.95 3.03 1.56 

N: (imino) 1.59 1.62 1.43 

O 0.78 0.75 0.56 

S 0.09 0.00 0.42 

NH (amino) –0.82 1.76 -1.60 

N (ring fusion) –0.05 1.16 -0.66 

 a0 = –3.53 b0 = 0.67  

 

Predicting ESPmax is more complex, and requires both the number of each 

heteroatom type (aryl carbons contribute a constant amount to ESPmax, regardless of their 

number) and the relative position of pairs of heteroatoms.  We fit b0 and coefficients for 

each of the six heteroatom types (bi and ci) according to equation 5.3. The constants αij 
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and Rij are the relative angle and distance between radial vectors located at the positions 

of the two heteroatoms derived from idealized hexagonal and pentagonal rings of edge 

length 1.0 (see Figure 5.5).  Fitted parameters are listed in Table 1; values of ESPmax 

predicted from equation 5.3 are plotted against the DFT computed values in Figure 5.3B.  

While the errors in ESPmax are slightly larger than those for ESPmean, this fit is still 

accurate (R2 = 0.81 and RMSE = 1.45 kcal mol–1) and robust to 5-fold cross-validation 

(see Figure 5.3B). Errors in predicted ESPmax can be as large as 4.7 kcal mol–1. Amongst 

the heterocycles with the largest errors are bicyclic systems with highly asymmetric 

substitution patterns (i.e. all heteroatoms clustered on one ring). The use of equation 5.3 

to evaluate ESPmax for two representative heterocycles is shown in Figure 5.5.  

𝐸𝑆𝑃𝑚𝑎𝑥
𝑝𝑟𝑒𝑑 = 𝑏0 + ∑ 𝑏𝑖

ℎ𝑒𝑡𝑎𝑡𝑚

𝑖

+ ∑
𝑐𝑜𝑠(𝛼𝑖𝑗)

𝑅𝑖𝑗
𝑐𝑖𝑐𝑗

ℎ𝑒𝑡𝑎𝑡𝑚

𝑖<𝑗

 (5.3) 

B. Converting SMILES to Stacking Interaction Energies 

The heterocycle descriptors ESPmean and ESPmax can be accurately predicted using 

equations 2 and 3 based on the number of heteroatom types and their relative positions, 

which can be readily derived from the connectivity information contained in SMILES 

representations. The resulting descriptors (along with the heavy atom count) can then be 

used to predict the ability of a given heterocycle to engage in stacking interactions with 

Phe, Tyr, and Trp based on equation 5.1.  This provides a means of rapidly converting 

SMILES representations directly into stacking interaction energies without resorting to 

any quantum chemical computations. 
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Figure 5.5. Application of equations 5.2 and 5.3 to predict ESPmean and ESPmax (in kcal 

mol–1) for A) 1,2,4-triazine and B) 1,6-naphthyridin-5(6H)-one.  DFT-computed values 

are also provided for comparison. 

To demonstrate this, Figure 5.2B shows stacking interactions evaluated directly 

from heterocycle SMILES representations via equations 1-3 plotted against the high-level 

DLPNO-CCSD(T)/cc-pVQZ data from Ref. 217.  These stacking interactions are captured 

with no loss in accuracy (RMSE = 0.8 kcal mol–1 regardless of how the descriptors are 

evaluated) but a substantial reduction in computational cost. More precisely, while the 

use of DFT-based descriptors provided a ~30,000 fold reduction in computational cost, 

compared to explicit optimizations of stacked dimers,217 the evaluation of stacking 

interactions directly from SMILES representations provides an additional ~20,000 fold 
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reduction. This overall 109 speedup means that the prediction of stacking interaction 

energies for the 1854 heterocycles considered with Phe, Tyr, and Trp (i.e. Figure 5.4) 

requires less than a minute of CPU time on a decade old server. 

Summary and Concluding Remarks 

 Predicting the potential strength of stacking interactions between heterocyclic 

systems is vital for a number of fields, including drug design. We previously showed that 

heterocycle descriptors based on the ESP evaluated 3.25 Å from the molecular plane 

provide a powerful means of predicting stacking interactions of drug-like heterocycles 

with aromatic amino acid side chains.217  This provided access to reliable stacking 

interaction energies based solely on computed electrostatic potentials of the isolated 

heterocycles, without the need for DFT-based geometry optimizations and high-level ab 

initio interaction energies. However, the requirement to compute the ESP using quantum 

chemical methods prohibited the rapid evaluation of these descriptors and the resulting 

stacking interactions for large sets of heterocycles.  Here, we showed that these ESP-

based descriptors follow systematic trends based on two features of electrostatic 

potentials: the effect replacing a CH group with a heteroatom can be approximated by a 

local radial dipole located at the position of the heteroatom226 and the impacts of multiple 

heteroatoms are additive.  These simple features motivated the development of 

quantitative models that enable the evaluation of the heterocycle descriptors ESPmean and 

ESPmax based solely on atom connectivity.  That is, one can convert simple molecular 

representations (e.g. SMILES) directly into high-level ab initio quality stacking 

interactions with minimal loss in accuracy. This provides a means of rapidly evaluating 

heterocycle stacking interaction energies, opening the door for the rapid ranking of large 
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sets of drug-like heterocycles with regard to their potential stacking interactions with 

aromatic binding site residues.  

Computational Methods 

 We selected 1854 heterocycles (51 monocycles and 1803 bicycles) from the 

VEHICLe database of Pitt et al.227  These heterocycles all have P > 0.95, a fully aromatic 

canonical SMILES string, at least two (for monocycles) or three (for bicycles) 

unsubstituted positions, fewer than four carbonyl groups, and fewer than six imino 

nitrogen atoms. This provides a diverse set of heterocycles comprising 1174 known 

(previously synthesized) heterocycles and 680 heterocycles that had not been synthesized 

as of 2009 but should be synthetically viable.227  Initial three dimensional structures of 

these heterocycles were generated from the SMILES representations in the VEHICLe 

database227 using OpenBabel.224 These initial structures were then optimized at the 

ωB97X-D/def2-TZVP level of theory110-111 using Gaussian09.94 All heterocycles were 

considered to be planar (e.g. no pyramidilization of amino nitrogens, etc.). Values for 

ESPmean and ESPmax were evaluated for each heterocycle based on the electrostatic 

potential computed on a grid of points (0.1 Å spacing) located 3.25 Å from the 

heterocycle at the ωB97X-D/def2-TZVP level of theory, as done previously.173  

In order to identify all heteroatom types and heteroatom pairs, canonicalized 

SMILES strings were converted to connectivity tables using OpenBabel.224 Atom types 

and pairs were then identified using a Perl script based on this connectivity (a web-based 

interface to this Perl script is available).228 The angles (αij) and distances (Rij) in equation 

3 are found in Appendix D, Table D-1.  The fits of equations 5.2 and 5.3 were subjected 

to 5-fold cross-validation. To confirm that equations 5.2 and 5.3 were not over-fit, we 
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generated random sets of descriptors according to a gamma distribution with k = 0.7 and 

θ = 1 for the heteroatom counts and k = 0.15, θ = 1 for the pair counts. This resulted in a 

distribution of digits that roughly matched the distribution found in the initial data set. 

We refit equations 5.2 and 5.3 to three such random data sets. The average RMSE for 

equation 5.2 was 2.3 kcal mol–1 and the average R2 was 0.00. Using the same random 

data sets to fit equation 5.3, the average RMSE was 3.3 kcal mol–1 and the average R2 = 

0.01. 

 

  



83 

 

 

CHAPTER 6 
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Abstract 

Despite the potential of computational quantum chemistry to drive the design of 

asymmetric catalysts, examples of prospective computational catalyst design are rare. We 

show that automated quantum chemical screening of a virtual library of catalysts is a 

practical means of designing new catalysts and demonstrate its use in the design of 

catalysts for the asymmetric addition of vinyl boronic acids to heterocycle-appended 

enones. We use the computational toolkit AARON to predict activities and 

enantioselectivities for a large library of potential catalysts for this reaction, identifying 

one predicted to offer improved performance compared to previously-known catalysts.  

We then use these data to derive a multivariate linear model of catalytic activity for this 

reaction that informs the development of a stereoelectronic model of selectivity. Finally, 

we experimentally test the most promising new catalysts and confirm their predicted 

performance, closing the loop on an iterative design process driven by quantum 

chemistry. 

Introduction 

  The efficient synthesis of complex chiral molecules remains at the forefront of 

challenges in synthetic organic chemistry. Computational quantum chemistry has long 

held the promise to accelerate the design of more effective chiral catalysts,45-46, 180 and 

computational catalyst design has been deemed a ‘holy grail’ in the field46, 180 since it 

would reduce the need to synthesize and test catalysts that will ultimately prove 

ineffective. The underlying idea is that catalytic activities and selectivities can be 

predicted for previously untested catalysts by computing the free energies of 

stereocontrolling and rate-limiting TS structures using density functional theory (DFT).  

If such predictions were made for a virtual library of potential catalysts, akin to what is 
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done in computational drug design,181 one could prioritize the synthesis and testing of 

only the most active and selective catalyst designs. Unfortunately, reliable quantum 

chemical predictions of activity and selectivity for a given reaction require the geometry 

optimization of all accessible TS structures, which can number in the hundreds for even 

modestly flexible molecular systems.182-183  The result is that making DFT-based 

predictions for more than a handful of potential catalysts using conventional quantum 

chemical tools is more arduous than simply performing the required experiments, and 

instances of truly prospective computational catalyst design are rare.45-46, 180, 184-190 

Previous examples of DFT-based catalyst design184-190 typically proceeded by first 

studying known catalysts in order to develop a conceptual model of the factors that 

control activity or selectivity and then computationally ‘testing’ a small number of 

potential new designs chosen based on this conceptual model.  For instance, Ito and co-

workers188 recently designed highly effective chiral bisphosphine ligands for 

enantioselective Markovnikov hydroborations of terminal aliphatic alkenes using a 

combination of DFT and experiment. They considered five potential designs in the 

development of a steric model of a quinoxaline-based ligand. Unfortunately, many 

reactions will not be amenable to the development of a robust model of activity and 

selectivity based on such a small number of examples and the routine identification of 

superior catalysts will typically require consideration of a much larger number of 

potential designs.  

Norrby and co-workers191 have developed an alternative approach to 

computational catalyst design based on the screening of virtual libraries of potential 

catalysts using QM-derived molecular mechanics force fields (Q2MM).192  Such force-
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fields can provide accuracy rivaling DFT but at a drastically reduced computational cost. 

Norrby et al.191 recently demonstrated the power of their CatVS tool191 to 

computationally screen virtual libraries of a dozen substrates or ligands, delivering 

reliable predictions of selectivity for several reactions. However, such MM-based 

screening approaches are most well-suited for systems for which there is a single 

stereodetermining TS across all combinations of catalyst and substrate191 and when one is 

only interested in selectivity but not catalytic activity.  Moreover, application of CatVS 

requires the development of an MM force field for each new reaction type considered,192 

which represents a major bottleneck in the widespread application of this approach. An 

analogous, fully QM-based virtual screening protocol would not be subject to such 

limitations.  

We recently introduced an open-source computational toolkit (AARON: An 

Automated Reaction Optimizer for New catalysts)193 that automates the DFT-based 

optimization of TS structures for homogeneous catalytic reactions based on previously-

computed TS structures for a representative model catalyst.  This automation removes the 

burden of manually performing geometry optimizations of hundreds of TS structures, 

opening the door for rapid QM-based predictions of both activities and selectivities of 

virtual libraries of dozens of catalysts for a given reaction.52, 97  Below, we describe a new 

catalyst design approach combining such QM-based virtual screening with multivariate 

linear regression (MLR) methods194 to deliver both improved catalysts and an 

understanding of why these catalysts outperform others. The utility of this approach is 

demonstrated by designing new catalysts for the asymmetric addition of vinyl boronic 

acids to heterocycle-appended enones, with experimental verification.   
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Results 

May et al.195-196 developed a method for the enantioselective addition of vinyl 

boronic acids to heterocycle-appended enones catalyzed by 3,3′-substituted BINOLs 

(Figure 6.1A), providing access to a wide range of α-chiral heterocycles. The observed 

activity and selectivity of this reaction is sensitive to the nature of the 3,3′-substituents 

(R) on the catalyst (Table 6.1), with the most effective catalysts featuring fluorinated aryl 

groups at these positions (Figure 1B). While Cat5 delivered the desired stereoisomer in 

good yield, there remains a need for more active catalysts for this reaction to avoid 

degradation of the starting materials. Goodman et al.197-199 had previously studied related 

additions of alkenyl boronate esters to β-arylenones,200-201 attributing the activity of Cat2 

in part to the ability of the 3,3′-iodo substituents to stabilize the build-up of a formal 

negative charge on the boron during the reaction.  The selectivity was explained based on 

a simple steric model in which one of the 3,3′-substituents blocks one face of the enone.  

Based on this previous work,197-199 May et al.195 was able to explain the trend in reactivity 

seen in Table 6.1 in terms of the increasing electron-withdrawing ability of the 3,3′-

substituents.  However, the applicability of Goodman’s steric model to the selectivity of 

these reactions is less obvious, suggesting that there is more at play than simple steric 

effects.  

By analogy with Goodman’s work,197-199 the first step in the mechanism for 

reaction 1 (see Figure 6.1C) is the condensation of the catalyst with styrenyl boronic acid 

2 to give a chiral boronate ester 4. This boronate ester then forms a pre-reaction complex 

5 with the heteroaryl enone 1, which goes through the rate-limiting and stereocontrolling 

C–C bond forming TS to give boron enolate 6. Protonolysis of 6 releases the catalyst and 
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the desired chiral product 3. The restricted geometry of the cyclic boronate ester 4 leads 

to poor electron donation from the BINOL oxygens.197-199 This, combined with the 

electron-withdrawing character of the 3,3′-substituents, enhances the Lewis acidity of the 

boron and activates it towards the addition. 

 

Figure 6.1. A. BINOL catalyzed enantioselective addition of vinyl boronic acids to 

heterocycle-appended enones from May et al.195 B. Original library of catalysts 

considered experimentally by May et al.195; C. Catalytic cycle for reaction 1 (Ar = 2-

thiophene); D. Virtual catalyst library screened for reaction 1. 

The comparable single ligand exchange boronate ester 4′ is lower in energy, but the 

cyclic ester is more reactive so this pathway is preferred.  The geometry of the transition 

state is restricted by the conjugated, planar nature of the substrate and so the reaction 

occurs through a ‘sofa-like’ TS.197-199  
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Table 6.1. Experimental er values and yields for reaction 1 (Ar  = 2-thiophene) along 

with computed er values, the difference in free energy barriers between stereocontrolling 

transition states (ΔΔG‡, in kcal mol–1), and the overall barrier for TS-Re (ΔG‡, in kcal 

mol–1). 

  Exp.  Theory 

Catalyst  era Yielda  erb ΔΔG‡ ΔG‡ 

Cat1  73:27 15% (6 h)  80:19 2.1 37.5 

Cat2  96:4 40% (6 h)  98:2 3.3 30.7 

Cat3  95:5 44% (6 h)  97:3 3.1 32.2 

Cat4  97:3 58% (6 h)  >99:1 5.2 27.6 

Cat5  96:4 87% (4 h)  >99:1 5.5 25.8 

t-BuO–      0.0 38.2 
a Experimental data from Ref. 195.  b Theoretical er values account for a Boltzmann 

weighting over all accessible TS structures as well as the t-BuO– catalyzed background 

reaction.  

Our computations show that each intermediate leading to the C–C bond forming 

TS is higher in free energy than the separated reactants, so the overall activity is 

determined by the free energy difference between the TS structure and separated 

reactants (ΔGǂ). This is corroborated by experimental Hammett plot analysis from May et 

al.202 that supports C–C bond forming as rate-determining. Boronate ester 4 was also 

confirmed as the primary reacting species both through computation of the potentially 

competitive pathway using a monodentate ester and through experimental studies with a 

monoalkylated analog of Cat4, which reacted slowly and non-selectively.  

To ensure accurate free energy barriers, all accessible transition state 

confirmations need to be considered. With two rotatable groups present in the substrate, 

there are a minimum of eight distinct TS geometries for each catalyst—four leading to 

the Re adduct and four leading to Si.  All eight of these TS structures (plus all catalyst 

rotamers) were automatically located for Cat1-Cat5 using AARON193 based on 

previously computed TS structures for a representative model catalyst.  As seen in Table 

6.1, the difference in free energy between the lowest-lying Re and Si TS structures 
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(ΔΔGǂ) is substantial even for the least selective catalyst (Cat1).  This is in conflict with 

Goodman’s steric model,197-199 because Cat1 features hydrogens at the 3,3′ positions, and 

again suggests that other factors underlie the selectivity. However, examination of the 

stereocontrolling TS structures does not reveal any obvious source of these free energy 

differences, particularly for Cat1.  

Selectivities predicted based solely on ΔΔGǂ greatly overestimate experimental er 

values (see Appendix E, Table E-1) and using a Boltzmann weighting over all 

conformations offers no improvement on these results.  These predictions, however, are 

based on the assumption that only transition states involving the BINOL catalyst 

contribute to product formation. Based on the low yields that correspond to the less 

selective catalysts (see Table 6.1), it was postulated that an inability to outcompete the 

racemic background reaction contributes to the lower observed enantiomeric ratios.  

Experimentally, increased concentration of Mg(t-BuO)2 leads to higher yield and lower 

selectivity, indicating that t-BuO– plays a role in a non-selective pathway. We located a 

TS structure for the t-BuO– catalyzed background reaction (see Appendix E, Figure E-1), 

and the associated barrier of 38.4 kcal/mol is low enough to affect the observed 

selectivity for some of the catalysts. For instance, the free energy barrier for the t-BuO– 

catalyzed reaction lies only 0.3 kcal mol–1 higher in free energy than TS-Re for Cat1. 

Thus, the selectivity of Cat1 is determined primarily by this free energy difference, not 

ΔΔGǂ.  In other words, Cat1 is selective with regard to Re- vs Si-facial attack but is too 

inactive for this selectivity to come to fruition. Once we account for the t-BuO– catalyzed 

background reaction, predicted er values are in good agreement with experiment (see 

Table 6.1), although they overestimate the selectivity of the highly-selective catalysts.  
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Given the relatively large ΔΔGǂ values for all of the catalysts, the catalyst activity 

(i.e. its ability to out-compete the t-BuO– catalyzed reaction) is the primary selectivity 

determining factor. May et al.195 previously proposed that the increasing activity going 

from Cat1 to Cat5 was due to increasing Lewis acidity of the boron upon addition of 

more strongly electron withdrawing substituents.197-199  To evaluate this quantitatively, 

we used fluoride affinities of the boronate esters 4 as a measure of Lewis acidity.203 The 

activation free energies for reaction 1 catalyzed by Cat1-Cat5 are plotted against the 

fluoride affinities of the corresponding boronate esters in Figure 6.2A (red dots).  There is 

a strong linear correlation (R2 = 0.98), which seems to confirm the proposed Lewis 

acidity based model for this reaction.195, 197-199  

To probe this relationship further, and potentially identify more effective catalysts 

for reaction 1, we screened a library of 28 substituted BINOLs for which experimental 

data for reaction 1 were unavailable (Figure 6.1D).  For each catalyst in this virtual 

library, we used AARON193 to automatically compute all low-lying conformations of the 

stereocontrolling TS structures, including all conformations of rotatable substituents (e.g. 

t-Bu, CF3, etc.).  In total, AARON located 391 unique TS structures using eight manually 

computed TS structures as templates.  Predicted er values range from 77:23 to >99:1 and 

ΔG‡ from 23.4 to 37.5 kcal mol–1 (see Table 6.2). Several examples highlight the need for 

both a highly active catalyst and a large ΔΔG‡ value to achieve excellent selectivity, 

which are both predicted using this QM-based screening.  For instance, for Cat10 we 

predict a significant free energy difference between TS-Re and TS-Si but low activity. 

The result is a predicted er of 91:9. On the other hand, for Cat26 we predict a low 
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reaction barrier (26.6 kcal mol-1) but a modest ΔΔG‡, resulting in a predicted er of only 

84:16.  

Table 6.2. DFT computed (∆𝑮𝒄𝒂𝒍𝒄
ǂ ) and predicted (∆𝑮𝒑𝒓𝒆𝒅

ǂ ,  from equation 6.1) free 

energy barrier heights and DFT computed ΔΔG‡ values in kcal mol–1, and theoretical er 

values for Cat6-Cat33 as well as experimental data for selected catalysts. 

Cat. Theor er ΔΔG‡ ∆𝐺𝑐𝑎𝑙𝑐
ǂ  ∆𝐺𝑝𝑟𝑒𝑑

ǂ  
Exp % 

Yield 

Exp 

er 

Cat6 88.7:11.3 1.9 33.2 31.3   

Cat7 93.7:6.3 2.4 32.0 31.5   

Cat8 96.4:3.6 2.6 31.9 31.6   

Cat9 97.6:2.4 4.2 35.6 34.8   

Cat10 90.9:9.1 6.6 37.1 35.3   

Cat11 93.1:6.9 2.2 32.8 32.4   

Cat12 76.9:23.1 0.9 29.1 28.1   

Cat13 98.8:1.2 2.9 29.2 28.8   

Cat14 98.5:1.5 2.6 27.2 29.3   

Cat15 99.0:1.0 3.0 28.7 28.9   

Cat16 >99:1 3.3 27.9 28.2   

Cat17 98.5:1.5 2.8 29.6 29.3   

Cat18 >99:1 4.5 26.5 26.4 79a 92:8 

Cat19 >99:1 4.3 27.4 27.5   

Cat20 >99:1 4.4 26.5 26.2 51b 79:21 

Cat21 98.6:1.4 2.9 28.1 28.1   

Cat22 >99:1 3.6 27.6 27.3   

Cat23 >99:1 3.6 26.2 26.7 84c 95.5:4.5 

Cat24 >99:1 6.1 23.4 24.2 93d 98.5:1.5 

Cat25 >99:1 3.8 25.1 24.4 82c 96:4 

Cat26 84.3:15.7 1.4 25.1 26.6   

Cat27 >99:1 4.5 30.9 29.4   

Cat28 >99:1 5.6 29.2 28.8   

Cat29 >99:1 4.6 28.8 29.0   

Cat30 98.9:1.1 3.2 32.2 32.3   

Cat31 >99:1 3.7 25.7 26.9   

Cat32 >99:1 4.5 29.9 31.1   

Cat33 >99:1 4.0 30.4 29.2   

Reaction times: a10 h; b24 h; c6 h; d1.5 h.  
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Figure 6.2. A. Computed free energy barriers versus the fluoride affinities of the 

corresponding boronate esters for Cat1-Cat5 (red) and Cat6-Cat33 (blue). The red line 

is the best-fit line through the data for Cat1-Cat5 only (R2 = 0.98); B. Definition of the 

parameters 𝜑𝐶𝑂𝐵𝐶, B1, and BO used in the fit in equation 1;  C. TS-Re structure for Cat1 

showing the distorted tetrahedral geometry around Cα (the Cα–Cβ bond is highlighted). D.  

Plot of computed free energy barriers for Cat1-Cat5 (red) and Cat6-Cat33 (blue) versus 

predicted free energy barriers from equation 6.1; E. Stereochemical model of the 

selectivity of BINOL based catalysts for reaction 1 (viewed down one of the B–O bonds) 

in which the BINOL oxygen lone pair is in an anti-periplanar alignment with the 

breaking B–C bond in the favored TS-Re but not in TS-Si. 

The free energy barriers for this expanded library of catalysts are plotted versus 

the fluoride affinities of the boronate esters in Figure 6.2A (blue dots).  While the barrier 

heights for Cat1-Cat5 showed an excellent correlation with fluoride affinities, this trend 

breaks down for this more diverse set of catalysts.  Apparently, the correlation observed 
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for the original five catalysts stems from the fact that these varied primarily in terms of 

Lewis acidity.  Data from the full set of catalysts indicates that tuning the activity of 

BINOL catalysts for reaction 1 is more complicated than simply ramping up the Lewis 

acidity and we predict several catalysts with relatively modest Lewis acidity but high 

activity as well as systems with high Lewis acidity and relatively low activity.  For 

instance, Cat14 has a fluoride affinity of only 57.6 kcal mol–1 (compared to 66.0 kcal 

mol–1 for Cat5), but is predicted to have an activation free energy that is within 1.5 kcal 

mol–1 of that for Cat5. On the other hand, Cat12 has a fluoride affinity of 65.9 kcal mol–1 

yet a barrier that is 3.5 kcal mol–1 higher than that for Cat5.  

To identify the factors that actually determine the activity (and therefore 

stereoselectivity) of BINOL catalysts for reaction 6.1, we turned to MLR methods.194 

Such methods, championed by Sigman and co-workers,38-40, 204-207 among others,44, 208-209  

can provide a powerful means of relating structure to function in complex molecular 

systems. However, in contrast to previous applications of MLR,38-40, 44, 204-209 which were 

based on experimental data, here we sought to develop a predictive model of catalyst 

activity based solely on DFT-predicted ΔG‡ values.  After considering a number of 

geometric, steric, and electronic descriptors of the 3,3′-substituents, the BINOLs, and the 

corresponding boronate esters, we derived the following three-parameter model of the 

free energy barrier for reaction 1, 

∆𝐺𝑝𝑟𝑒𝑑
ǂ = 0.42𝜑𝐶𝑂𝐵𝐶 +

8.3

𝐵1
+ 530BO − 1022.8 (6.1) 

in which 𝜑𝐶𝑂𝐵𝐶 is the C-O-B-C dihedral angle in the boronate ester, B1 is the Sterimol 

parameter210 of the 3,3′-substituents on the BINOL, and BO is the Cα-Cβ bond order in 

the boronate ester (see Figure 6.2B). 
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Free energy barriers predicted using equation 1 are plotted against the DFT-

computed data in Figure 6.2D and show a strong correlation (R2 = 0.90). Moreover, this 

fit is robust to cross-validation (Q2 = 0.86), exhibits a root mean squared error (RMSE) of 

1.0 kcal mol–1, and applies to the diverse set of catalysts in Figure 6.1D in addition to the 

original catalysts tested experimentally by May and co-workers195 (Figure 6.1B). Thus, 

one can predict reliable activation free energies for reaction 1 based on three readily 

computed molecular descriptors (𝜑𝐶𝑂𝐵𝐶, B1, and BO) without requiring additional DFT-

based transition state optimizations. Moreover, because the aryl substituent on the enone 

plays no substantial role, one would expect a close analog of equation 6.1 to provide 

reliable predictions for other heterocycle-appended enones.  

In addition to the predictive power of equation 6.1, the presence of only three simple 

descriptors provides key insight into the factors that determine catalytic activity. Notably, 

equation 6.1 does not depend on any direct measure of Lewis acidity. Instead, this fit 

indicates that the activity of substituted BINOLs in the catalysis of reaction 1 depends 

primarily on three factors:  

1) the degree of overlap between the BINOL oxygen lone pair and the empty p-

orbital on boron (which increases with increase in the dihedral angle 𝜑𝐶𝑂𝐵𝐶), with 

poorer orbital overlap corresponding to lower barriers (consistent with 

Goodman’s original description of these reactions);197-199  

2) the ability of the 3,3′-substituents on the BINOL to create a more confined 

substrate binding pocket that facilitates the reaction, with larger B1 Sterimol 

parameters leading to lower barriers; and  
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3) the ease with which Cα of the vinyl boronic acid component can be distorted into 

a tetrahedral geometry during the rate-limiting TS (see Figure 6.2C), as measured 

by the bond order of the reacting alkene in the corresponding boronate ester, with 

easier distortion correlating with a lower reaction barrier 

Armed with this new understanding of the main factors impacting the barrier height for 

these reactions, we reconsidered the source of the large ΔΔG‡ values favoring TS-Re over 

TS-Si.  Given the presence of 𝜑𝐶𝑂𝐵𝐶 in equation 6.1, we examined the analogous dihedral 

angles surrounding the boron in TS-Re and TS-Si.  For the disfavored TS-Si, the two 

COBC dihedral angles are tightly clustered around 90° and 180°, whereas the 

corresponding angles for TS-Re vary significantly from these values (see Appendix E, 

Figure E-2).  For instance, for Cat1, one of these COBC angles is 59.6° for TS-Re but 

84.8° for TS-Si (see Figure 6.2E). This is consistent with the qualitative stereoelectronic 

model depicted in Figure 6.1E, in which one of the BINOL oxygen lone pairs is in an 

anti-periplanar alignment with the breaking B–C bond in TS-Re, but not in TS-Si; the 

geometry of TS-Si is simply not compatible with this favorable orbital alignment.  This 

explains why even Cat1, which lacks any sterically-demanding 3,3′-substituents, still 

exhibits a substantial difference in free energy between TS-Re and TS-Si. 

The simple steroelectronic model in Figure 6.2E, combined with the insights 

regarding activity provided by equation 6.1, provide a complete understanding of the 

requirements for effective catalysts for this reaction. Such an understanding would not 

have been available from simply studying Cat1-Cat5, and can be used to guide the 

development of even more effective catalysts for this reaction. However, in this case the 

computational screening has already identified one catalyst (Cat24) predicted to provide 
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performance superior to Cat5!  To verify this prediction and to test other catalysts 

predicted to perform well for reaction 1, we synthesized and tested Cat18, Cat20, and 

Cat23-Cat25 (see Table 6.2). Satisfyingly, we find that all except Cat20 exhibit 

activities consistent with the computational data. While the predicted er values 

overestimate the experimental data (as seen for Cat4 and Cat5 above), these four 

catalysts deliver selectivities similar to Cat5. Perhaps most importantly, Cat24, which 

was predicted to be more active than Cat5, provides 93% yield in only 1.5 hours 

compared to 87% yield after 4 hours for Cat5, with greater selectivity (98.5:1.5 vs 96:4).  

Thus, we have successfully identified a catalyst for reaction 1 that delivers improved 

activity and selectivity (with experimental verification) through the DFT-based screening 

of a virtual library of potential catalyst designs.  Moreover, from equation 6.1 and the 

computed descriptors for Cat5 and Cat24, we can see that the superior activity of Cat24 

arises from the smaller C-O-B-C angle and reduced bond order of the reacting alkene 

(BO), compared to Cat5. 

Conclusions 

Continuing advances in computational resources and algorithms have put 

computational quantum chemistry in a position to accelerate the design of asymmetric 

catalysts.  However, the purely QM-based screening of virtual libraries of potential 

catalysts has remained just out of reach due to the time and effort required to compute all 

transition state structures necessary to make reliable predictions of catalytic activity and 

selectivity.  At the same time, multivariate linear regression methods have emerged as a 

complementary approach194 whereby experimental data are leveraged to developed 

predictive models of catalyst performance while also providing chemical insight.  We 
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have demonstrated a catalyst design approach in which automated DFT-based screening 

of a virtual library of potential asymmetric catalysts is combined with MLR methods to 

deliver both superior asymmetric catalysts (with experimental verification) and an 

understanding of the origin of their enhanced performance.  In the present case, screening 

a single virtual library delivered a better catalyst. However, in more general cases we 

could use the understanding delivered by the application of MLR methods to devise a 

refined virtual library for further screening. Such an iterative computational design 

process would be complementary to the CatVS approach of Norrby and co-workers,191 

but without the limitations inherent in MM-based predictions.  

Looking ahead, the iterative design of catalysts by combining automated QM-

based TS optimizations with MLR methods should provide a powerful means of 

developing catalysts with improved activity and selectivity.  While we have demonstrated 

this approach to catalyst design for a single organocatalyzed reaction, analogous 

computations can be readily applied to any catalytic reaction for which the mechanism is 

known. In other words, this approach will be applicable to any reaction for which DFT 

can currently be used.45-46, 180  In this way, we can exploit the strengths of both DFT-

based computations of TS structures with applications of modern data analysis tools in 

order to accelerate catalyst development, bringing us one step closer to the ‘holy grail’ of 

computational catalyst design.46  

Methods 

All computations were completed using Gaussian 09 combined with the 

computational toolkit AARON.193 Geometries, vibrational frequencies, and thermal free 

energy corrections were computed at the B97-D/def2-TZVP level of theory111, 176-177 
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using the PCM model211 to account for solvent effects (toluene). All TS geometries 

exhibited a single imaginary vibrational frequency. Final reported free energies were 

computed at the PCM-ωB97X-D/def2-TZVP//PCM-B97-D/def2TZVP level of theory110 

with thermal free energy corrections determined using Grimme’s quasi-RRHO method212 

at 384 K.  All computations except for Cat26 and Cat30 were done with a (99,590) 

integration grid;213 for Cat26 and Cat30 we used a smaller (72,302) grid for 

computational expediency.  Reported ΔΔG‡ values are based on the difference in free 

energy between the lowest-lying TS for Si facial attack and Re facial attack, i.e. ΔΔG‡ = 

G‡(TS-Si) – G‡(TS-Re) for each catalyst. Theoretical er values were determined using a 

Boltzmann weighting over all TS barriers (relative to separated reactants) for Re or Si 

attack, including those catalyzed by t-BuO–.  Sterimol parameters210 were computed 

using Sterimol v. 1.0 from Paton et al.,214 while bond orders were determined using 

natural bond orbital (NBO) analysis.215-216  All descriptors were computed at the same 

level of theory as the corresponding TS structures.  Cross validation of equation 1 via 

L1O analysis was done using scikit-learn version 17.1.91 Experimental selectivities for 

Cat18, Cat20, and Cat23-Cat25 were determined by HPLC with chiral stationary phases 

and were run in triplicate. 
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CHAPTER 7 

CONCLUSION 

 These five projects have demonstrated the utility of linear free energy 

relationships (LFERs) in a variety of contexts. They can be used both to make 

quantitative predictions about chemical behavior and to develop qualitative models that 

increase our understanding of these same phenomena. I have developed such predictors 

for a variety of electrostatically driven noncovalent interactions. In the case of amide 

stacking, I was able to apply newly developed heterocycle descriptors to improve upon a 

previously proposed relationship between interaction energies and molecular dipole 

moment, and further highlight the importance of local interactions in directing and 

strengthening this interaction. In the case of the salt-bridge stacking interactions, I used 

these heterocycle descriptors to develop both a quantitatively predictive LFER and a new 

model of the interaction. The combination of these two things was used to provide 

qualitative guidelines useful for tuning this interaction in a design context. Thirdly, I 

applied this methodology toward understanding arene stacking between heterocycles and 

aromatic amino acids. Again, I was able to develop a quantitatively predictive LFER, 

along with qualitative guidelines for tuning this interaction through heterocycles choice, 

or rapidly ranking a heterocycle set. Further, the molecular descriptors used in the 

development of this particular LFER are directly related to the number and location of 

heteroatoms in the heterocycle. This allowed me to develop simple equations that provide 

these descriptor values, and thus a prediction of the arene stacking interaction energy 
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directly from atom connectivity information, such as is provided in a SMILES string. I 

have also demonstrated the utility of LFERs in the area of computational catalyst design 

through application of quantum mechanical virtual screening for the identification of an 

improved catalyst followed by creation of a predictor that identified the cause of 

increased activity. In cases where a first round of virtual screening does not identify an 

improved catalyst, this methodology could be applied to enhance library selection for 

further screening. Ultimately these five projects have demonstrated the broad range of 

applicability of multiparameter LFERs both with regard to the range of chemical 

processes that they can be used to described, their predictive power, and their ability to 

provide insight and qualitative understanding rather than simply being ‘black box’ tools 

for quantitative predictions.  
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APPENDIX A 

SUPPLEMENTARY INFORMATION RELATED TO STACKING INTERACTIONS 

OF HETEROCYCLIC DRUG FRAGMENTS WITH PROTEIN AMIDE BACKBONES 

 

Figure A-1. Correlation between dipole moment and binding energies reported by 

Diederich et al., adjusted to include heterocycles with zero dipole moment and the global 

minimum structure for each heterocycle. 
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Table A-1. Benchmarking of Methods used for three model dimers[a] 

 Imidazol-2-one 13 15 

HF/aug-ccPVDZ -2.6 -1.0 0.5 
CCSD/aug-cc-pVDZ -10.4 -7.3 -5.9 

CCSD(T)/aug-cc-pVDZ -12.0 -8.4 -7.1 
MP2/aug-cc-pVDZ -12.7 -8.9 -7.8 
HF/aug-cc-pVTZ -1.7 -0.1 1.5 

MP2/aug-cc-pVTZ -10.8 -7.4 -6.3 
SCS-MP2/aug-cc-pVTZ -8.9 -6.0 -4.9 

HF/aug-cc-pVQZ -1.5 0.1 1.6 
MP2/aug-cc-pVQZ -10.1 -6.7 -5.6 

SCS-MP2/aug-cc-pVQZ -8.1 -5.3 -4.1 
HF/aug-cc-pV5Z -1.4 0.1 1.7 

MP2/aug-cc-pV5Z -9.7 -6.5 -5.4 
SCS-MP2/aug-cc-pV5Z -7.7 -5.0 -3.9 

CCSD(T)/CBS [b] -8.7 -5.8 -4.5 

ωb97xd/def2TZVP -9.1 -6.0 -4.5 

ωb97xd/def2QZVP -8.6 -5.6 -4.2 

DLPNO-CCSD(T)/cc-pVTZ -9.1 -6.2 -4.8 
DLPNO-CCSD(T)/cc-pVQZ -8.7 -5.8 -4.6 

[a]all energies computed at the same geometry, optimized at the ωb97xd/def2TZVP level 

of theory 
[b] this value was extrapolated using the focal point method from values above. 

 

 

Figure A-2. Correlation between DLPNO-CCSD(T)/cc-pVQZ binding energies and 

ωb97X-D/def2-TZVP binding energies across all local minima. DLPNO-CCSD(T)/cc-

pVQZ energies are single points done at ωb97X-D/def2-TZVP optimized geometries. 
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Figure A-3.  Histograms showing the distribution of horizontal shifts  in this work and in 

the work presented by Diederich et al., over all reported minima 

Table A-2. Comparison of Energies and Geometries for minimum energy structures 

reported by Diederich et al. and those in this work 

  
SCS-MP2/aug-ccpVDZ// 

LMP2/cc-pVDZ [a] ωB97XD/def2-TZVP 

Heterocycle[b] μ (D) Ebind d x α Ebind d x α 

1 1.9 -3.1 3.70 0.24 166 -6.9 3.17 1.51 172 
2 2.3 -2.3 3.68 0.15 125 -6.4 3.24 1.28 124 
3 3.9 -3.6 3.50 1.23 173 -7.2 3.22 1.05 154 
6 2.9 -3.1 3.36 1.72 158 -7.1 3.24 0.83 180 
10 0.6 -2.0 3.71 0.21 158 -5.0 3.23 1.37 66 
11 1.7 -2.7 3.45 1.40 131 -5.1 3.25 0.98 174 
12 3 -3.0 3.41 1.65 179 -5.4 3.28 0.84 165 
13 3.3 -3.9 3.44 0.53 159 -6.0 3.27 0.57 178 
14 0.5 -2.4 3.72 0.23 159 -5.0 3.33 1.57 132 
15 1.8 -2.8 3.72 0.33 160 -4.8 3.37 1.39 90 
18 4 -3.6 3.40 1.47 158 -6.6 3.26 1.14 115 
19 0 -1.9 3.81 0.39 -- -5.2 3.34 1.36 -- 

20 2.4 -3.0 3.70 0.27 159 -5.6 3.33 0.98 152 
21 0 -3.1 3.65 0.39 -- -5.7 3.31 0.96 -- 
22 2.5 -3.3 3.40 1.80 161 -5.9 3.34 0.65 157 
23 4.4 -4.1 3.56 0.60 127 -6.6 3.31 0.56 162 
24 0 -3.4 3.20 2.09 -- -5.3 3.20 1.50 -- 
27 4.2 -4.0 3.46 1.78 173 -7.4 3.32 0.81 138 
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  M06-2X/6-311+G* B97D/def2-TZVP 

Heterocycle[b] μ (D) Ebind d x α Ebind d x α 

1 1.9 -8.1 3.07 1.37 168 -6.2 3.15 1.53 178 
2 2.3 -7.4 3.05 1.33 106 -5.8 3.26 1.18 121 
3 3.9 -8.3 3.06 1.07 143 -6.7 3.19 1.09 37 
6 2.9 -8.2 3.05 0.92 174 -6.6 3.22 0.86 177 
10 0.6 -6.1 3.08 1.32 128 -4.5 3.24 1.42 66 
11 1.7 -6.3 3.09 0.95 172 -4.9 3.21 1.40 99 
12 3 -6.7 3.10 0.79 160 -5.0 3.29 0.89 147 
13 3.3 -7.7 3.09 0.53 171 -5.6 3.31 0.39 169 
14 0.5 -6.1 3.20 1.44 133 -4.3 3.34 1.63 127 
15 1.8 -6.0 3.24 0.60 175 -4.3 3.47 1.01 86 
19 0 -6.2 3.20 1.29 -- -4.6 3.45 1.49 -- 

20 2.4 -6.5 3.19 0.95 141 -5.1 3.30 1.27 98 
21 0 -6.4 3.13 1.02 -- -5.3 3.31 0.99 -- 
22 2.5 -6.9 3.16 0.89 181 -5.6 3.31 0.87 163 
23 4.4 -7.8 3.16 0.65 11 -6.1 3.31 0.59 148 
24 0 -6.3 3.00 1.40 -- -5.2 3.19 1.35 -- 
27 4.2 -8.3 3.12 1.22 78 -7.2 3.16 2.05 153 

 [a] these values are gathered from parallel displaced and sandwich geometries reported by 

Diederich et al. taking the minimum energy structure when more than one dimer was 

reported 
[b] only heterocycles that were included in both Diederich et al.’s paper are included in 

this comparison 
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APPENDIX B 

SUPPLEMENTARY INFORMATION RELATED TO TUNING STACKING 

INTERACTIONS BETWEEN ASP-ARG SALT BRIDGES AND HETEROCYCLIC 

DRUG FRAGMENTS 

 

Figure B-1. Distribution of interplanar distances (d, in Angstroms) for all global minimum 

energy salt-bridge stacked dimers. 
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Figure B-2. Non-electrostatic, non-exchange, non-induction, and non-dipersion components 

versus the total SAPT0 energies for all energy minima. 
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Figure B-3. Alternative Predictive Models of Gas Phase Interaction Energies (Eint) 
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Figure B-4. Distribution of the angle (α, in degrees) between the salt-bridge dipole and the 

average electric field vector. Note that this angle is not defined for those heterocycles with and 

average field vector of magntitude 0 (i.e. rotationaly symmetric heterocycles) 

 

Figure B-5. Orientation of the salt-bridge relative to the heterocycle versus the interaction energy 

for all global minimum energy structures. Note that this angle is only defined for bicyclic 

heterocycles 
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Figure B-6. Comparison of interaction energies computed for all local minima in both the gas 

phase and the solution phase (ε=4.24) 
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Figure B-7. Alternative Predictive Models of Solution Phase Interaction Energies (Eint)  
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APPENDIX C 

SUPPLEMENTARY INFORMATION RELATED TO PREDICTING THE 

STRENGTH OF STACKING INTERACTIONS BETWEEN HETEROCYCLES AND 

AROMATIC AMINO ACID SIDE CHAINS 

SAPT Analysis of all stacked dimers 

SAPT enables the decomposition of intermolecular interaction energies into 

electrostatic (Eelec), dispersion (Edisp), exchange-repulsion (Eexch), and induction (Eind) 

components, and can be used to identify the effects that drive the trend in interaction 

energies. Considering all stacked local energy minima for Phe, Tyr, and Trp, the lack of 

correlation between the total SAPT0 interaction energy (ESAPT0) and both the non-

electrostatic component (Enon-elec = Edisp + Eind + Eexch, R
2 = 0.0) and the non-dispersion 

component (Enon-disp = Eelec + Eind + Eexch, R2 = 0.02) indicates that electrostatic and 

dispersion interactions are vital to capture the overall trends. Moreover, they are of similar 

importance in determining how strongly a given heterocycle will stack with these aromatic 

amino acid side chains.   
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Figure C-1. Non-electrostatic, non-exchange, non-induction, and non-dipersion 

components versus the total SAPT0 energies for all energy minima. 
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Other Predictive Models 

In addition to equation 4.1 presented in the main text, we also considered other 

combinations of molecular descriptors that gave rise to fits of similar quality and 

robustness. Below are plots of two of these fits. The first contains one fewer descriptor that 

equation 1, and is based only on heavy atom count and the maximum value of the ESP; 

however it does show slightly decreased performance when compared to equation 4.1. 

 

∆𝐸𝑝𝑟𝑒𝑑 = 𝑁𝐻𝐴
𝐴𝐴(−0.03𝐸𝑆𝑃𝑚𝑎𝑥

𝐻𝑒𝑡 − 0.09𝑁𝐻𝐴
𝐻𝑒𝑡) − 1.33 (C-1) 

 

 

Figure C-2. Scatter plot of computed DLPNO-CCSD(T)/cc-pVQZ interaction energies 

vs predicted interaction energies from equation (C-1) for global minimum energy stacked 

dimers of heterocycles 1-47 with Phe, Tyr, and Trp side chains 
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We also explored fits using the heterocycle dipole moment rather than ESPrange, 

including 

 

∆𝐸𝑝𝑟𝑒𝑑 = 𝑁𝐻𝐴
𝐴𝐴(−0.03μ − 0.03𝐸𝑆𝑃𝑚𝑒𝑎𝑛

𝐻𝑒𝑡 − 0.10𝑁𝐻𝐴
𝐻𝑒𝑡) − 1.66 (C-2) 

 

 

Figure C-3. Scatter plot of computed DLPNO-CCSD(T)/cc-pVQZ interaction energies 

vs predicted interaction energies from equation (C-2) for global minimum energy stacked 

dimers of heterocycles 1-47 with Phe, Tyr, and Trp side chains.  
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Table C-1. Incremental focal point tables for selected stacked dimers (relative energies in 

kcal mol–1).  Extrapolated complete basis set (CBS) limit values are in brackets. 

 
HF +δSLMP2 

+δDLPNO-

CCSD 

+δDLPNO-

CCSD(T) 

= DLPNO-

CCSD(T) 

 Phe…benzene 

cc-pVDZ 4.18 -10.16 -0.05 -1.1 [-7.13] 

cc-pVTZ 6.33 -10.28 0.36 -1.4 [-5.00] 

cc-pVQZ 6.7 -10.18 0.49 -1.5 [-4.48] 

CBS LIMIT [+6.76] [-10.10] [+0.58] [-1.56] [-4.33] 

 Phe…pyrazole 

cc-pVDZ 4.38 -9.35 0 -1.05 [-6.02] 

cc-pVTZ 6.22 -9.41 0.37 -1.31 [-4.13] 

cc-pVQZ 6.64 -9.32 0.52 -1.42 [-3.59] 

CBS LIMIT [+6.75] [-9.26] [+0.63] [-1.50] [-3.38] 

 Phe…3,9-dihydro-purine-2,6-dione 

cc-pVDZ -3.94 -7.39 0.54 -0.7 [-11.49] 

cc-pVTZ -1.98 -7.77 0.63 -0.79 [-9.91] 

cc-pVQZ -1.37 -7.79 0.59 -0.86 [-9.43] 

CBS LIMIT [-1.12] [-7.81] [+0.57] [-0.91] [-9.27] 

 Tyr…benzene 

cc-pVDZ 3.99 -10.85 0.07 -1.15 [-7.95] 

cc-pVTZ 6.37 -11.09 0.49 -1.46 [-5.69] 

cc-pVQZ 6.88 -10.91 0.66 -1.55 [-4.92] 

CBS LIMIT [+7.02] [-10.78] [+0.77] [-1.61] [-4.61] 

 Tyr…pyrazole 

cc-pVDZ 4.27 -10.48 0.09 -1.16 [-7.28] 

cc-pVTZ 6.45 -10.65 0.46 -1.44 [-5.18] 

cc-pVQZ 6.96 -10.54 0.59 -1.56 [-4.54] 

CBS LIMIT [+7.11] [-10.45] [+0.69] [-1.64] [-4.29] 

 Tyr…3,9-dihydro-purine-2,6-dione 

cc-pVDZ 0.78 -13.24 -0.12 -0.92 [-13.50] 

cc-pVTZ 3.48 -14.45 -0.21 -1.17 [-12.34] 

cc-pVQZ 4.36 -14.52 -0.1 -1.25 [-11.51] 

CBS LIMIT [+4.75] [-14.56] [-0.03] [-1.31] [-11.16] 

 Trp…benzene 

cc-pVDZ 5.37 -13.42 0.18 -1.43 [-9.30] 

cc-pVTZ 7.9 -13.48 0.62 -1.73 [-6.70] 

cc-pVQZ 8.34 -13.3 0.8 -1.86 [-6.03] 

CBS LIMIT [+8.40] [-13.17] [+0.93] [-1.96] [-5.80] 

 Trp…pyrazole 

cc-pVDZ 4.17 -11.16 -0.14 -1.34 [-8.47] 

cc-pVTZ 6.48 -11.14 0.22 -1.56 [-6.00] 

cc-pVQZ 6.98 -10.9 0.26 -1.65 [-5.31] 

CBS LIMIT [+7.12] [-10.73] [+0.29] [-1.72] [-5.04] 

 Trp…3,9-dihydro-purine-2,6-dione 

cc-pVDZ 0.6 -16.52 0.81 -1.34 [-16.46] 

cc-pVTZ 3.71 -18.11 0.95 -1.67 [-15.12] 

cc-pVQZ 4.7 -18.19 1.08 -1.8 [-14.21] 

CBS LIMIT [+5.13] [-18.24] [+1.17] [-1.89] [-13.83] 



 

136 

 

 

APPENDIX D 

SUPPLEMENTARY INFORMATION RELATED TO RAPID EVALUATION OF 

ELECTROSTATIC POTENTIAL BASED HETEROCYCLE DESCRIPTORS 

 

Figure D-1. Trends in ESPmean based on number of heteroatoms in the ring system (C=O 

is considered a single heteroatom) In general the ESPmean increases with the amount of 

substitution on the ring, and a very large amount of substitution is required to achieve a 

high value of ESPmean.  
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Figure D-2. Trends in error of equation 5.2 based on number of heteroatoms in the ring 

system. In general increasing amounts of substitution lead to increased errors. This is 

likely a result of a breakdown in the additivity in substitution effects assumed by equation 

5.2 at high levels of substitution. This fact combined with the trend seen in figure D-1 

result in in creased errors for large values of ESPmean.  

 

Table D-1. Values for distances and angles used in equation 5.3 Distances are based on a 

side length of 1, angles in degrees. 

 

5 membered rings 6 membered rings 5-5 bicycles 

pair distance angle pair distance angle pair distance angle 

A-B 1 72 A-B 1 60 A-C 2.60 108 

A-C 1.62 144 A-C 1.73 120 A-D 3.07 180 

   A-D 2 180 B-C 1.87 36 

      B-E 2.50 180 

5-6 bicycles 6-6 bicycles 

pair distance angle pair distance angle 

A-C 2.60 90 A-D 3.48 120 

A-D 3.30 150 A-E 3.62 180 

B-C 1.81 18 B-C 1.78 0 

B-D 2.69 78 B-D 2.68 60 

B-E 2.98 138 B-E 3.03 120 

B-F 2.57 162 B-F 2.69 180 
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APPENDIX E 

SUPPLEMENTARY INFORMATION RELATED TO ENANTIOSELECTIVE 

CATALYST DESIGN THROUGH QUANTUM MECHANICAL VIRTUAL 

SCREENING 

Determining er from ΔΔG‡ 

There are several different way that enantiomeric ratios can be determined. Most simply 

it can be calculated from the difference between the lowest R and S transition states 

(ΔΔG‡) 

𝑅: 𝑆 =
𝑒
−∆∆𝐺‡

𝑅𝑇

1+𝑒
−∆∆𝐺‡

𝑅𝑇

:
1

1+𝑒
−∆∆𝐺‡

𝑅𝑇

   (E-1) 

 

Consideration of the relative energies for all conformations (i) of both the R 

(𝛥𝐺𝑟𝑒𝑙
‡ (𝑅𝑖))and S (𝛥𝐺𝑟𝑒𝑙

‡ (𝑆𝑖)) transition states leads to the following Boltzmann 

weighted equation for determining er: 

𝑅: 𝑆 =
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
𝑖

∑ 𝑒
−𝛥𝐺

𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
𝑖𝑖

∶

 
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
𝑖

∑ 𝑒
−𝛥𝐺

𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
𝑖𝑖

   (E-2) 
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We can further consider the impacts of the relative energy of the racemic background 

reaction (𝛥𝐺𝑟𝑒𝑙
‡ (𝐵𝑖))on this Boltzmann weighting  : 

 

𝑅: 𝑆 =
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
𝑖 +1

2
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝐵𝑖)/𝑅𝑇
𝑖

∑ 𝑒
−𝛥𝐺

𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝐵𝑖)/𝑅𝑇
𝑖𝑖𝑖

∶

 
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
𝑖 +1

2
∑ 𝑒

−𝛥𝐺𝑟𝑒𝑙
‡

(𝐵𝑖)/𝑅𝑇
𝑖

∑ 𝑒
−𝛥𝐺

𝑟𝑒𝑙
‡

(𝑅𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝑆𝑖)/𝑅𝑇
+∑ 𝑒

−𝛥𝐺
𝑟𝑒𝑙
‡

(𝐵𝑖)/𝑅𝑇
𝑖𝑖𝑖

  (E-3) 

 

Table E-1. Predicted er values based on inclusion of different conformations and 

pathways 

Catalyst Exp. er ΔΔG‡ eq. (E-1) eq. (E-2) eq. (E-3) 

Cat1 73:27 2.12 94:6 92:8 81:19 

Cat2 96:4 3.30 99:1 98:2 98:2 

Cat3 95:5 3.06 98:2 98:2 97:3 

Cat4 97:3 5.17 >99:1 >99:1 >99:1 

Cat5 96:4 5.48 >99.1 >99:1 >99:1 

 

 

 

 

Figure E-1. Racemic background reaction catalyzed by t-BuO–. 
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Figure E-2. Distribution of the COBC dihedral angles for TS3-Re and TS3-Si for all 

catalysts. 

 

 


