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ABSTRACT
Despite many years of experimental effort, the factors that impact stacking
interactions involving DNA have proved difficult to unravel. This incomplete
understanding of these fundamental interactions hinders efforts to design molecules that
harness these interactions for sensing and therapeutic purposes. Modern computational
tools are well-suited to model DNA-containing systems, and this dissertation describes
the application of a variety of these tools to understand stacking interaction involving
nucleobase through studies of nucleobase targeting sensors, DNA intercalators, and the
stacking of natural and artificial nucleobases. First, I analyze the stacking and hydrogen
bonding interactions operating in a recently developed sensor for guanine. The results
show that the binding strength can be modulated by a number of factors, including both
directly through changing the size and shape of a pendant aryl group that engages in
stacking interactions with the bound guanine and indirectly via changes in the number
and quality of hydrogen-bonding interactions between the bound guanine and the linker
connecting the pendant aryl group and the rest of the sensor. Second, I establish

guidelines for the quantum mechanical (QM) study of DNA intercalators, demonstrated



the performance of a range of density functional theory (DFT) methods and their
limitations when applied to intercalated DNA. Furthermore, I show that the required size
of the DNA binding site model in such computations depends on the binding mode of the
intercalator and its protonation state. Finally, I develop a quantitative and qualitative
model for the intrinsic stacking of natural and artificial nucleobases. Using this predictive
model, stacking interaction energies between artificial and natural nucleobases can be
rapidly predicted based solely on a descriptor derived from the electrostatic potentials
(ESPs) of the nucleobases as well as their heavy-atom counts. This ESP-derived
descriptor plainly illustrates how the unique electrostatic character of the different
nucleobases modulates the strength of stacking interactions. Together, these studies
provide key new insights into the nature of stacking interactions, with important
implications for understanding their role in biological systems and exploiting these

interactions in numerous biological and non-biological contexts.
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electrostatic potentials, multivariate linear regression
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CHAPTER 1
INTRODUCTION AND LITERATURE REVIEW

As a fundamental component to almost all life, DNA holds information required
to promote health and battle illness. Our understanding of its behavior has brought about
techniques that range from repairing DNA that may have a mutated gene to destroying
the DNA of cancer cells. Beyond its uses as biological blueprints and therapeutic targets,
the utility of DNA has been expanded to include materials, sensors, and supramolecular
architectures.!® Yet, there are many behaviors of DNA we still do not completely
understand.

Paradoxically, the DNA of life in its many forms is chemically simple, with a
homogeneous backbone connecting only two naturally occurring nucleobase pairs
stacked upon each other. It is the sequence of these two base pairs that results in the
functional diversity of DNA. Key to the structure and stability of DNA are stacking
interactions between adjacent base pairs. Stacking interactions, most broadly defined as
roughly parallel non-covalent interactions between planar n-systems,”!! have long been
known.'? However, we still lack a complete understanding of these interactions in
complex systems such as DNA. A deeper understanding of stacking interactions in these
systems will give us more insight into intracellular DNA interactions and small molecule-
DNA interactions while also expanding the utility of DNA in nanotechnology.

There have been tremendous advances in our understanding of stacking

interactions involving small aromatic systems over the last two decades.”!!!1>18 Many of



these advances have been based on computational studies of simple aromatic systems
using either high-accuracy ab initio methods or dispersion-corrected density functional
theory (DFT). Despite this progress in understanding the stacking of simple substituted
benzenes and monocyclic heterocycles, the stacking interactions of DNA nucleobases are
still not well understood. This arises partly because the main driving force for stacking
interactions differs markedly between the gas-phase and aqueous solution. This has led to
vastly different views of stacking interactions between experimentalists (who tend to
focus on solution-phase stacking interactions) and quantum chemists (who are often stuck
in the gas-phase).

Chapters 2-4 of this dissertation describes three projects in which modern
computational tools have been used to gain insights into stacking interactions involving
DNA nucleobases. The first of these is related to the development of improved
molecular sensors for guanine. Guanine-rich DNA sequences can form non-canonical
structurers such as G-quadruplexes or Z-DNA, which can impact a number of biological
processes.'2° Beyond improving sensor design, a more detailed understanding of the
these sensors can provide insights into non-covalent interactions with nucleobases for
molecules ranging from RNA-targeting inhibitors?!-*? to DNA intercalators.?*-?7 T
describe a study of a guanine sensor developed by Fang ef al.?® in 2006. This sensor is
based on a 1,8-naphthyridine-2,7-diamine unit that engages in hydrogen bonding
interactions with guanine combined with a pendant pyrenyl group to further enhance
binding through stacking interactions. I used ab initio methods and DFT to study both
model guanine 1,8-naphthyridine dimers as well as guanine bound to Fang’s sensor as

well as analogs bearing different stacking arenes. The results reveal that guanine-binding



energies can be modulated both directly through changes in the stacking interactions with
the pendant arene as well as through the secondary effects of this arene on hydrogen-
bonding interactions with the linker connecting the arene to the rest of the sensor.

The second project involves DNA intercalators, which are small molecules that
non-covalently bind DNA by inserting between adjacent stacked base pairs. Upon
intercalator binding, the change in DNA structure inhibits various biological functions.?’
Some naturally occurring DNA intercalators, such as doxorubicin and proflavine, have
had their pharmaceutical significance realized and are used to treat a range of illnesses.>*-
31 As the therapeutic potential of DNA intercalators is further explored, computational
tools able to accurately model these systems will be needed.?? Unfortunately,
computational drug-design tools have been mainly developed to target proteins and as a
result are less well adapted for DNA.

Docking is a key example of a computational tool that, while widely used in
protein based computational drug discovery, is difficult to apply in the context of DNA.
Given that most docking protocols utilize a rigid model approach, a binding pocket must
already be present. This requires either a crystal structure of intercalated DNA or the
creation of an artificial binding pocket.*3-3* Moreover, the scoring functions used in
docking still lack sufficient accuracy to provide reliable predictions for DNA
intercalation.’> At the same time, classical molecular mechanics (MM) force fields have
only recently achieved sufficient accuracy to reliably reproduce canonical DNA
structures over significant simulation times.* Since these force fields were
parameterized for canonical DNA structures, it is unlikely that they will adequately

account for the structural changes that accompany intercalation, let alone reliably predict



the strength and specificity of intercalator binding. One route to improved docking
scoring functions and MM potentials for DNA intercalation is through parameterization
based on reliable quantum mechanical (QM) computations. However, this requires that a
sufficiently reliable yet computationally tractable QM method be identified.®

There have been numerous QM studies of intercalators.’>*> For example, in
2011, Pulay ef al.** reported an analysis of the intercalation of ethidium into a UA/AU
step of RNA using second order Mgller-Plesset perturbation theory (MP2) with the 6-
31G(d,p) basis set in an effort to quantify the importance of pairwise interactions with
individual RNA components (nucleobases, sugar-phosphate backbone, etc). To this end,
they considered truncated models containing the adjacent base pairs with and without the
sugar-phosphate backbone. While they were able to devise fragmentation schemes that
reproduced the interaction energy of the intact system, they noted that the success of such
schemes will vary on a case-by-case basis.*? That same year, Sherrill et al.** investigated
protonated proflavine intercalated into a CGA trinucleotide using functional-group based
symmetry-adapted perturbation theory (F-SAPT). They found that including the
backbone in such computations is essential to compute reliable interaction energies,
because the interaction of the intercalator with the backbone contributed a third of the
total interaction energy. In 2016, Kokoschka et al.>® compared QM intercalator-
nucleobase interaction energies to the change in electrochemical impedance spectroscopy
measurements of DNA from intercalation. The QM computations included SCS(MI)-
MP2/cc-pVTZ interaction energies evaluated at PBE-D3/cc-pVTZ optimized structures
of proflavine, ellipticine, and 1-pyrenemethylamine interacting with a single base pair or

a single nucleobase as models of double and single stranded DNA. They concluded that



these models were enough to capture qualitative trends observed in their experimental
results. While these and other studies*’->° have provided key insights into DNA
intercalation, they employed a wide range of binding site model sizes (with little
justification) since there exist no guidelines for the number of bases and backbones that
must be included to compute reliable intercalator interaction energies.

To address this shortcoming, in Chapter 3 I quantify errors in QM-computed
intercalator binding energies arising from the choice of QM method and DNA binding
site model size. The results reveal several DFT methods that provide reliable binding
energies for small models, compared to data from reliable ab initio methods.
Additionally, I show that the size of the binding site model required to compute accurate
interaction energies is dependent on the protonation state and binding mode of the
intercalator. In particular, neutral intercalators that bind parallel the DNA-base pairs
require only the inclusion of the nearest base pairs and backbones, while intercalators that
are either charged or bind perpendicularly can require models comprising several
flanking nucleotides. To address the need to consider large binding site models in QM
studies of DNA intercalators, I show that the computationally inexpensive HF-3c
method®” provides accurate binding energies and can be routinely applied to large binding
site models in order to estimate binding energies.

These two studies revealed an inadequate understanding of the intrinsic stacking
interactions of nucleobases, which we define as the maximum possible stacking
interaction for a given pair of nucleobases independent of geometric constraints imposed
in biological macromolecules. There is a long history of experimental efforts aimed at

informing general models to explain trends in nucleobase stacking interactions. For



1.5%3% proposed that complementary local charges (i.e.

example, in the 1990s Gellman et a
local dipole moments) drive nucleobase stacking based on 'H NMR data for model
stacked dimers. In Gellman’s model, desolvation and dispersion effects are
inconsequential. In 2000, Kool ef al.®® indirectly countered Gellman’s assertion in a
broad study of the factors that impact the stacking of both natural and artificial
nucleobases. Kool attempted to correlate hydrophobicity, polarizability, excluded solvent
surface area, and dipole moments of natural and artificial nucleobases with experimental
stacking data derived from measures of the helical stability of DNA modified with the
addition of terminal natural or artificial nucleobase. Kool found that solvation driven
hydrophobic effects, solvent excluded surface-area, and polarizability correlated the
strongest to stacking interactions for both artificial and natural nucleobases, suggesting
that electrostatic effects play a negligible role. However, these correlations were much
weaker when considering the natural nucleobases alone. One reason that these simple
molecular descriptors appear capable of capturing stacking trends for non-natural
nucleobases, yet fail for the natural nucleobases, is that global molecular quantities such
as polarizability and molecular dipole can only reliably capture intermolecular
interactions at long distances. Similarly, relating quantities such as solvent excluded
surface area and overall aromatic size to stacking strength neglects the role of
heterogeneities in the electrostatic environment around aromatic systems. Such variations
will be small in homogenous planar molecules, such as the polycyclic aromatic
hydrocarbons that constituted the artificial nucleobases considered by Kool et al.,%° but

this is not the case for the natural nucleobases.



Overall, Kool ef al.%° found that the stacking strength of the natural nucleobases
followed the trend A > G > T = C. This is in conflict with other experimental results.®!-%4
For example, G|C stacking was shown to increase nearest-neighbor stability over A|T

62-63 experimentally

from melting experiments of oligonucleotides.®! In a separate study,
measured equilibrium stacking energies revealed stronger stacking interactions of G-over
A|T. These results are also supported by single-molecule dissection studies of nucleobase
stacking,® which also showed the stacking strength of G|C is greater than A|T. Overall,
these experiments consistently show nucleobase stacking strength is ranked G>C > A >
T.61-62.64 These results are further supported by experimentally derived thermodynamic
parameters of natural nucleobases used to predict DNA thermal denaturation,®!:63-66
Running in parallel with these experimental efforts to reveal trends in nucleobase
stacking is an extensive body of quantum chemical studies of nucleobase stacking,®”-
many of which aimed to elucidate the nature of these interactions. The most
comprehensive of these is the review by Sponer et al.,> in which they conclude that a
balance of short-range repulsion and dispersion interactions govern stacking interactions
of nucleobases. They further note that while the overall dipolar character of the
nucleobases leads to antiparallel alignment of the molecular dipoles, any resulting
enhanced electrostatic interactions are largely counterbalanced by the desolvation cost of
bringing the two nucleobases together. Overall, these quantum chemical studies’-*? have
contributed to our understanding of the role of key interactions (electrostatics, dispersion,

etc.) in nucleobase stacking. However, a robust physical model of the underlying trends

has remained elusive.



The net result is that we lack both a practical means of quantitatively predicting
the stacking strength of aromatic molecules with nucleobases (short of expensive QM
computations on stacked dimers) and a qualitative understanding of the origin of the
established trends in stacking of the natural nucleobases. Computational quantum
chemistry can be used to fill these gaps. One approach is the utilize more nuanced
molecular descriptors combined with multivariate linear regression (MLVR) methods to
develop predictive models of stacking interactions. For instance, Bootsma et al.
introduced new heterocycle descriptors®” based on DFT-computed electrostatic potentials
(ESPs) and electric fields that capture the heterogeneities in the electrostatic environment
of the heterocycle. These descriptors have been used to develop robust models of
stacking interactions of amides,”® Asp-Arg salt-bridges,’’ and aromatic amino acids®
with drug-like heterocycles. Such predictive models can be used to rapidly predict
stacking interactions based on readily computed molecular properties of the monomers,
avoiding the need to tedious searches for local stacked energy minima. Analogous
models for nucleobase stacking would be advantageous both for predicting the potential
stacking interactions of natural and non-natural nucleobases and could provide physical
insight into the factors that drive trends in nucleobase stacking.

Chapter 4 describes a systematic study of stacking interactions of natural and
artificial nucleobases resulting in the development of a quantitative predictive model of
these interactions as well as a deeper physical understanding of the factors that underlie
trends in stacking interactions among nucleobases. A thorough search of local stacked
energy minima reveals clear trends in intrinsic stacking abilities of the natural

nucleobases: G > C > A > T > U. Further analysis using symmetry-adapted perturbation



theory (SAPT) confirms previous findings” that dispersion interactions dominate these
interactions but identifies electrostatic effects as the main modulator of stacking strength.
Equipped with this insight, I used recently developed heterocycle descriptors from
Bootsma ef al.’ in combination with MVLR methods to develop a predictive model of
the intrinsic stacking of nucleobase-like heterocycles with the natural nucleobases.
Further examination of the electrostatic potentials that underlie these descriptors provides

a physical understanding of the above-mentioned trend in intrinsic stacking strengths.



CHAPTER 2

BETTER SENSING THROUGH STACKING: THE ROLE OF NON-COVALENT

INTERACTIONS IN GUANINE-BINDING SENSORS?

2 Harding, D. P; Bootsma, A. N; and S. E. Wheeler. J. Phys. Chem. B 123,487 (2019).
Reprinted here with permission of the publisher
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Abstract

A series of aryl-substituted naphthyridine-based sensors for 9-alkylguanine was
analyzed using density functional theory (DFT) and correlated ab initio methods. First,
the 2-acetamido-1,8-naphthyridine backbone of these sensors was examined with
rigorous ab initio methods and was shown to exhibit a guanine-binding energy
commensurate with that of cytosine. Second, computational analyses of a guanine-
specific fluorescent sensor from Fang and co-workers (Org. Lett. 2016, 18, 1724) resulted
in a revised binding model and showed that n-stacking interactions with a pendant
pyrenyl group are vital for strong guanine binding. Finally, 24 related guanine sensors
with varying aryl groups were studied. Overall, it was found that both the geometry and
point of attachment of the pendant aryl groups significantly impact the guanine binding
affinity. This occurs through both the direct modulation of the n-stacking interactions
with guanine as well as secondary geometric effects that influence the strength and
number of hydrogen bonds between guanine and the ethylenediamine linker connecting

the arene to the naphthyridine backbone.

I. Introduction

There have been considerable advances in the last decade in the development of
small molecular receptors for everything from inorganic ions and clusters!%-1%4 to arenes
and biomolecules.”!! Much of this growth has been driven by an increased
understanding of the underlying non-covalent interactions.” %1% The development of
sensors for specific DNA bases is a particularly important application of molecular

receptors, with many potential biomedical uses. Guanine-rich DNA sequences, for
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example, can form G-quadruplexes that impact a number of processes including the
activity of telomerase.!” Moreover, detailed computational studies of these sensors can
provide insights into the nature of non-covalent interactions involving nucleobases,
which play a role in everything from the structure of DNA and RNA to the behavior of
DNA intercalators?*2” and the development of RNA-targeting small molecule
inhibitors.?!-2?

A selective guanine sensor should take advantage of non-covalent interactions
that are unique to guanine. The most obvious of these is its ADD (A = acceptor, D =
donor) hydrogen bonding motif, and guanine sensors typically exhibit the same
complementary DAA hydrogen bonding pattern found in cytosine. However, the ability
of guanine to engage in strong m-stacking interactions with arenes can also be exploited,
which has the ancillary benefit of limiting the conformational flexibility of the bound
base with the hydrogen bonding unit and leading to increased binding affinity.

The desired DAA hydrogen bonding pattern can be found in 2-acetamido-1,8-
naphthyridine (1, Figure 1), derivatives of which were first utilized for guanine binding
by Giese ef al.'*® in the 1980s for hydrogen bonding chromatography. Subsequently,
derivatives of 1 have been exploited in a number of guanine binding applications.?$107-123
For instance, Fang et al.'?!"1?? developed a series of ethynyl bridged naphthyridine
derivatives capable of high-yield fluorescence-based sensing, including sensors 2 and 3

(Figure 1). These sensors, which form up to four hydrogen-bonds with guanine, exhibit

binding constants up to (9.1 £ 0.2) x 10* ML,
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Figure 1. 2-acetamido-1,8-naphthyridine (1) and two of the first-generation guanine

sensors from Fang et al. (2 and 3).!?!

In 2016, Fang ef al.?® developed a new generation of fluorescent sensors for 9-
decylguanine in dichloromethane based on derivatives of 3. Through the introduction of
an ethylenediamine linker on the phenylamine nitrogen, the binding constant was
improved to 2.3 x 10° ML, Incorporation of a pyrenyl substituent on the ethylenediamine
chain (sensor 8b, Figure 2) further enhanced the binding constant to 1.4 x 10® M"!. Fang

et al*®

proposed the binding mode presented in Figure 3a, which features three hydrogen
bonds with the acetamido-naphthyridine, a hydrogen bond with the amino linker, and -
stacking interactions of guanine with the pyrene.

Despite the demonstrated utility of naphthyridine derivatives in guanine-binding
applications,?®197-123 there have been only limited computational studies of hydrogen

bonded guanine-naphthyridine complexes. For instance, in 2007, Fang et al.!?!

reported
semi-empirical PM3 optimized geometries of complexes of 9-alkylguanine with sensors 2
and 3. Cywinski et al.!'® used B3LYP/6-31+G(d) computations in their development of a
selective fluorescent guanosine sensor similar to 3, while Liang et al.!'® used DFT
computations to design a 1,8-naphthyridine-2,7-diamine to selectively bind Watson-Crick

l 123

base pairs. More recently, Dyubankova et al.'** used molecular dynamics simulations to

study the binding of a derivative of 1 with a guanine bulge of an RNA hairpin. However,

13



there have been no rigorous ab initio computational studies of complexes between
guanine and 2-acetamido-1,8-naphthyridine derivatives to date, nor has anyone
computationally studied bound complexes of sensor 8b with guanine. This has resulted in
an incomplete understanding of the factors that lead to sensitive, specific guanine binding

sensors, which has hampered the further development of improved sensors.

0 /l\
NTNTINTN
b HN

RN

Figure 2. Second-generation guanine sensor from Fang et al.?® (8b), along with analogs

featuring other aryl substituents R.

Herein, we report a computational study of the hydrogen bonding complex
formed by 9-methylguanine (G, as a model of 9-alkylguanines) and 2-acetamido-1,8-
naphthyridine (1), followed by an exploration of complexes of guanine with Fang’s
fluorescent sensor (8b). Finally, we consider how the size and shape of the pendant aryl
group in 23 analogs of 8b (4-10, Figure 2) impact the binding strength. Ultimately, we
show that 2-acetamido-1,8-naphthyridine is a near perfect binding partner for guanine,

the sensor devised by Fang et al.?® (8b) binds guanine through more non-covalent
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interactions than originally proposed, and that maximizing the guanine binding affinity of
these sensors requires the inclusion of an aryl group that can engage in strong n-stacking
interactions with both guanine and the arene core of the sensor while not disrupting the

hydrogen-bonding network between the ethylenediamine linker and guanine.

Figure 3. (a) Binding mode proposed by Fang et al. 28 for 8b with 9-alkylguanine and (b)
revised binding mode based on the present work. Hydrogen bonds that play a key role in

determining the guanine-binding strength are labeled (r1-3).

I1. Theoretical Methods

Given the conformational flexibility of sensors 4-10, a comprehensive
conformational search was required to identify the lowest-lying conformation of both the
isolated sensors and their complexes with guanine. This was achieved by taking 10,000
steps using the enhanced systematic torsional sampling method in MacroModel'?* with
the MMFF force-field and chloroform as the solvent (as an approximation to
dichloromethane). The resulting structures that were within 3.0 kcal mol™! of the global
minimum were further optimized at the B97-D/3-21G level of theory.!?>-12¢ The lowest

lying 33% of these structures were then optimized at the M06-2X/6-31G(d) level of
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theory.'?’ Finally, single point energies were computed at the M06-2X/6-311+G(d) level
of theory for the lowest-lying M06-2X/6-31G(d) optimized geometries. The solvent
(dichloromethane) was accounted for using IEF-PCM in all DFT computations,'?8-12
which were done using Gaussian09.!3°

For each sensor, we present several computed quantities to characterize the
binding. First, the binding energy (Evina) is defined as the difference in energy (excluding
zero-point vibrational energies) between the bound complex and the global minimum
optimized geometry of the isolated sensor and guanine. The interaction energy (Eint)
corresponds to the difference in energy between the bound complex and the isolated
sensor and guanine in the geometry of the complex. Finally, the distortion energy (Eqist) is
the difference between the binding and interaction energy, which is dominated by
changes in the sensor geometry. For each complex, Ein was approximately decomposed
into individual pairwise interactions between guanine and different components of the
sensor, as discussed in the text.

To assess the reliability of the chosen level of theory, we also considered model
hydrogen bonding complexes of G with 1 and with 1-methyl-cytosine (C). Interaction
energies were computed at M06-2X/6-31G(d) optimized geometries using multiple levels
of theory, including M06-2X/6-311+G(d) and ®B97X-D/def2-TZVP,!3!134 and compared
to data from rigorous ab initio methods. For the latter, we relied on DLPNO-
CCSD(T)/cc-pVXZ!35-138 energies (computed using Orca 4.0'3%) extrapolated to the
complete basis set limit within the focal point approach of Allen and co-workers.!40-142

These focal point extrapolated energies are well-converged to the ab initio limit (see

Appendix A, Table A-1) and hence serve as highly-accurate benchmark data.

16



Additionally, symmetry-adapted perturbation theory (SAPT)!*3-146 was applied at the
SAPTO0/jun-cc-pVDZ level of theory using Psi4'#’ to decompose the interaction energies
in these model complexes into contributions from electrostatic, dispersion, induction, and

148

exchange-repulsion effects.!*® Recent benchmarks by Sponer and co-workers!'#® have

shown that SAPTO provides reliable interaction energies for DNA bases.

ITI. Results and Discussion
A. Complex of Guanine with 2-Acetamido-1,8-naphthyridine

We first consider model hydrogen bonded complexes of G with 1 and with 1-
methylcytosine (C) to both identify suitable computational methods for studying
complexes of guanine with sensors 4-10 and to assess the guanine-binding abilities of 1.
Optimized geometries (at the M06-2X/6-31G(d) level of theory) of the 1--G and C--G
complexes are shown in Figures 4a and 4b. It is established that M06-2X accurately
describes both hydrogen bonding and dispersion-driven non-covalent interactions.'?’
However, to assess the sensitivity of interaction energies for these two complexes to
computational method, we computed gas-phase single point energies at a number of
levels of theory (see Table 1 and Appendix A, Table A-2). DLPNO-CCSD(T) interaction
energies extrapolated to the complete basis set (CBS) limit for 1-~G and C--G are —29.2
and —31.5 kcal mol™!, respectively. Satisfyingly, the three DFT methods considered
provide similar predicted values. Moreover, the M06-2X/6-311+G(d)//M06-2X/6-31G(d)
data (-29.7 and —32.1 kcal mol™!) are in excellent agreement with these robust ab initio
methods, with the relative interaction energy within 0.1 kcal mol~!. While counterpoise

corrections!*® provide improved interaction energies at the M06-2X/6-31G(d) and
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®wB97X-D/def2-TZVP levels, they do not for M06-2X/6-311+G(d). Given the excellent
agreement with DLPNO-CCSD(T)/CBS interaction energies (and binding energies, see
Appendix A, Table A-2), data for the larger systems examined below were computed at
the M06-2X/6-311+G(d)//M06-2X/6-31G(d) level of theory (without counterpoise
corrections).

All the methods in Table 1 predict a ~2.0 kcal mol™! difference in interaction
energy between these two complexes, favoring C--G. We applied symmetry adapted
perturbation theory at the SAPTO/jun-cc-pVDZ level 43146151 to understand the origin of
this difference (see Table 1). The most significant contributor to the stronger interaction
energy in C G compared to 1--G is the electrostatic component, which favors C-~G by 3
kcal mol™!. This is complemented by induction effects but tempered somewhat by
dispersion, which contribute —0.7 and +2.0 kcal mol™! to the difference in interaction
energies, respectively. Exchange repulsion effects are essentially equal in these two

complexes, contributing only 0.2 kcal mol™! to the relative interaction energies.
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Figure 4. Two views of the M06-2X/6-31G(d) optimized complexes of guanine (G) with
(a) 1 and (b) cytosine (C), along with M06-2X/6-311+G(d) predicted binding energies

(Ebind) in dichloromethane (kcal mol™).

This difference in electrostatic components is reflected in the geometries of the
hydrogen bonding interactions. That is, the two NH--N hydrogen bonding distances in
C-~G are more than 0.1 A shorter than the corresponding distances in 1-~G. These effects
are offset slightly by the NH-O interaction, which is shorter for 1-G than for C-~G and
the presence of a non-classical hydrogen bond!'*? between this carbonyl oxygen and a
methyl hydrogen that is absent in C-~G. Once monomer relaxation and solvation effects
are accounted for, the solution-phase binding energy for 1--G (~17.6 kcal mol™!) is only

slightly less favorable than that for C-G (~18.2 kcal mol™!). Thus, 2-acetamido-1,8-
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naphthyridine (1) provides an excellent biomimetic hydrogen bonding partner for

guanine, forming the backbone of the sensors developed by Fang et a

1.28

and others.

Table 1. Gas-phase interaction energies (in kcal mol™) for complexes of 9-methyl-

107-123

guanine (G) with 1 and 1-methyl-cytosine (C), as well as the difference between the two,

at various levels of theory computed at M06-2X/6-31G(d) optimized geometries. For

SAPTO, the individual components of the interaction energy are also provided.

1-G C-G Diff.
MO06-2X/6-31G(d) —32.7 —35.2 2.5
M06-2X/6-31G(d)° —28.6 -31.4 2.8
MO06-2X/6-311+G(d) —29.7 -32.1 2.4
MO06-2X/6-311+G(d)° —28.4 -30.8 2.4
®oB97X-D/def2-TZVP -30.7 -32.5 -1.8
®B97X-D/def2-TZVP® —29.8 -31.9 2.1
DLPNO-CCSD(T)/CBS?* —29.2 —31.5 2.3
SAPTO/jun-cc-pVDZ —32.7 —34.8 2.1
Electrostatics —41.7 —44.8 3.1
Exchange Repulsion 37.5 37.3 —0.2
Induction -17.1 -17.8 —0.7
Dispersion -11.4 9.4 2.0

4 DLPNO-CCSD(T) energies extrapolated to the complete basis set limit.

b Counterpoise corrected'>

20



B. Fang’s Fluorescent Sensor

Next, we consider Fang’s fluorescent sensor (8b) to assess the accuracy of the
proposed binding mode in Figure 3a?® and to understand the contributions of various non-
covalent interactions to the overall binding energy. The optimized geometries of 8b both
with and without guanine bound are shown in Figure 5. Overall, Fang’s proposed binding
model is qualitatively correct, with only slight deviations from the DFT optimized
structure. A revised version of Fang’s proposed binding mode is depicted in Figure 3b.
The most significant difference between Fang’s proposed binding mode and the fully
optimized bound complex is the position of the pyrenyl group. In particular, in the
optimized structure this group is engaged in n-stacking interactions with both the guanine
and the naphthyridine backbone of the sensor. This intramolecular n-stacking interaction
between the aryl substituent and naphthyridine is instrumental in determining the overall
binding geometry, and will prove important when considering analogs of 8b (vide infra).
The optimized complex of 8b with guanine also shows two hydrogen bonds between the
exocyclic amino group of guanine and the ethylenediamine linker of the sensor in
addition to a non-classical CHO interaction'>? between the amide group on the sensor

and the carbonyl oxygen of guanine.
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3=217

Figure 5. Optimized geometries of selected sensors with (right) and without (left)

guanine bound, along with predicted solution-phase binding energies in kcal mol™'.

The predicted binding energy for the complex of 8b with guanine is —27.4 kcal
mol! in dichloromethane. This is nearly 10 kcal mol™! stronger than with 2-acetamido-

1,8-naphthyridine (1) alone. Unlike 1, 8b is flexible, and the sensor conformation differs
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significantly in the bound and unbound state. The result is a significant amount of
distortion energy required for the sensor to adopt the conformation found in the bound
sensor. In the gas-phase, the interaction energy (—=51.7 kcal mol™!), which excludes
contributions from distortion, is 20 kcal mol™' more favorable for 8b compared to 1. The
contributions of the additional hydrogen bonding and n-stacking interactions exhibited by
8b can be seen by decomposing the total interaction energy into individual contributions
from different functional groups in the sensor (see Figure 6). This decomposition was
achieved by first severing the indicated bonds. For each resulting fragment, the open
valence was capped with a hydrogen atom (the position of which was optimized with the
remaining atoms fixed in space) and the interaction energy computed. Based on this
approximate decomposition, the ethylenediamine linker (model M3) and pyrenyl group
(model M4) contribute approximately 11.1 and 13.1 kcal mol™ to the total interaction
energy, respectively (see Table 2), accounting for the bulk of the ~20 kcal mol™!
difference.

Finally, we note that Fang et al.**

presented data for only one of three potential
regioisomers of 8b, which differ by the connectivity of the pyrenyl substituent to the
ethylenediamine linker (i.e. 8b vs 8a or 8¢ in Figure 2). Binding energies for these other
potential pyrene-based sensors with guanine were computed to be 1.4 kcal mol™! less
favorable than Fang’s sensor 8b (see Appendix, Table A-3). The sensitivity of these

binding energies to the regiochemistry of the pendant aryl group raises the question of

how to maximally exploit n-stacking interactions in the design of a guanine sensor.
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Figure 6. Truncated model regions (M1-M4) used to decompose the total interaction
energies into individual pairwise interactions (shown here for sensor 4a). For example,
model M1 captures the interaction between guanine and the amide component of the
sensor, while model M4 captures the n-stacking interaction between guanine and the aryl
substituent. In the truncated model systems all severed bonds (denoted by black curves)
were replaced with hydrogens, whose positions were then optimized. For more details,

Appendix A-5.
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C. Impact of Aryl Substituents on Guanine Binding

Observing the impact of the regiochemistry of the pyrenyl substituent on the
predicted guanine binding energy of 8a-c¢ prompted the exploration of different aryl
substituents. We considered the seven aryl groups depicted in Figure 2. For each arene,
we included all unique regioisomers except for those requiring bonding to the bay regions
of phenanthrene, triphenylene, and benzo[a]pyrene. In these excluded cases, significant
steric congestion would render these systems synthetically impractical. Solution-phase
binding energies for these 24 distinct sensors are plotted in Figure 7 (for data, see
Appendix Table A-3). Optimized geometries of selected sensors both with and without
guanine bound are shown in Figure 5. Overall, the predicted binding energies in Figure 7
span more than 5 kcal mol™!, with sensor 9¢ exhibiting the most favorable guanine
binding energy of -28.2 kcal mol™!. Even for a given arene there can be a considerable
spread in guanine-binding energies. For instance, the computed binding energies for 10f
(-28.0 kcal mol™!) and 10g (-22.6 kcal mol™!) differ by more than 5 kcal mol™!. Clearly,
optimizing guanine binding through n-stacking interactions is not as simple as
incorporating a m-stacking group.

To gain a deeper understanding into the underlying trends in binding energies, we
computed gas-phase binding energies as well as the corresponding distortion and
interaction energies for the best sensors for each aryl substituent and all regioisomers of
10 (see Table 2). First, we note that there are slight differences in the ordering of gas-
phase binding energies compared those in solution. For example, even though 7a is
predicted to bind guanine more weakly in dichloromethane than either 8b or 9¢, the gas-

phase binding energy of 7a exceeds those of 8b and 9¢. Similarly, although 9¢ exhibits
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the strongest guanine binding in solution, 10f is predicted to have the strongest gas-phase
binding energy and interaction energy. Presumably, these changes are a consequence of
changes in the amount of solvent-accessible surface area in the bound and unbound
geometries. For some isomers of 10, for example, the geometry of the benzo[a]pyrene
allows for close contact between the arene and the rest of the sensor in the unbound state
and between the arene and the sensor plus the guanine in the bound state. For other
regioisomers, on the other hand, the geometry of benzo[a]pyrene precludes close
association of the arene and the naphthyridine in the unbound geometry. Regardless, the
gas-phase data in Table 2 should provide a reasonable starting point for understanding the
binding energies of these different potential sensors in solution.

Considering the sensors with different aryl groups, there is no correlation between
the distortion energies and the gas-phase binding energies (R? = 0.03, see Table 2), while
the interaction energies show a weak correlation with the total binding energies (R? =
0.41). Overall, neither of these individual components dominate the trend in binding
energies. Looking more closely at the total interaction energies, we have approximately
decomposed these into contributions from individual components of the sensor (see
models M1-M4 in Figure 6). As seen in Table 2, the sum of these pairwise interaction
energies is strongly correlated (R? = 0.99) with the total interaction energy, indicating

little impact of cooperativity or errors resulting from severing covalent bonds. !>

Among
these pair-wise interactions, those involving the ethylenediamine linker and the aryl
group interacting with guanine are most strongly correlated with the total interaction

energy (R?=0.98 and 0.98 for M3 and M4, respectively). That is, both of these

components strongly impact the interaction of guanine with the sensor. This is perhaps
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unsurprising for the aryl substituent (M4), which engages in highly variable n-stacking
interactions with the guanine based on the size and positioning of the aryl ring relative to

guanine.
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Figure 7. Distribution of predicted binding energies (kcal mol ™) for different
regioisomers of sensors 4-10 in dichloromethane. The number of distinct sensors in each

column is listed in parentheses.

The varying hydrogen-bonding interactions with the ethylenediamine linker,
however, appear to be secondary effects due to changes in the binding pose for the
different aryl substituents. In order to identify which of these hydrogen-bonding
interactions are most significant with regard to the total interaction energy, we tabulated

the various N-H-N distances (see Figure 5 and Appendix A, Table A-4) as an indicator
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of the strengths of these hydrogen bonds. In general, the shorter these hydrogen bond
distances the more favorable the overall interaction energy between the sensor and
guanine. Moreover, shorter H-bonding distances correlate with the strength of the
stacking interaction between the pendant aryl group and guanine (model M4). Distance
rl, which corresponds to the hydrogen bonding interaction between an amino hydrogen
of the linker and the exocyclic amino nitrogen of guanine, is most strongly correlated
with both the total interaction energy (R?=0.97) and the M4 interaction energy (R? =
0.92). Notably, this hydrogen bonding interaction was not included in the binding model
proposed by Fang et al. (see Fig. 3), but appears to be a vital determinant of the guanine-
binding affinities of these sensors.

Both the n-stacking interactions of the different aryl substituents with guanine and
the hydrogen bonding interactions between the ethylenediamine linker and guanine
strongly correlate with the total interaction energy. The picture that emerges is one in
which the aryl substituent is positioned to maximize n-stacking interactions with both
guanine and the naphthyridine component of the sensor, which in turn impacts the
geometry of the ethylenediamine linker and its hydrogen-bonding interactions with
guanine. This requirement to both engage in strong n-stacking interactions while being
compatible with strong hydrogen bonding interactions between guanine and the linker
underlies the sensitivity of these sensors to the size, shape, and point of connectivity of
the pendant aryl group. Simply put, integrating a large aryl group does not guarantee
improved guanine binding. For instance, sensor 9¢ features the medium-sized
phenanthryl substituent, yet is predicted to bind guanine more strongly than either 8 (with

pyrenyl substituent) or 10 (with a benzo[a]pyrenyl substituent).
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The same analysis used to understand different aryl substituents was also
performed on the different regioisomers of 10 (see Table 2). We observed qualitatively
similar trends to those seen for the best regioisomers of sensors 4-10; however, for 10a-j
there is a slightly stronger correlation between Eint and Eping. The interaction energy from
model M4 again correlates with the total interaction energy, but this correlation is weaker
for 10a-j compared to the best sensors of 4-10 (R? = 0.70 compared to 0.98). This
decreased correlation can be attributed to the relatively constant n-stacking interactions
between the arene and guanine; the large size of benzo[a]pyrene means that these m-
stacking interactions are essentially maximized regardless of the connectivity.
Nonetheless, variations in n-stacking between guanine and the aryl group in regioisomers
of 10 still have some direct impact on the overall binding. For example, 10f and 10g
have vastly different n-stacking geometries with G, as seen in Figure 5. This is reflected
in the 6 kcal mol™! difference in interaction energy between 10f and 10g, of which more
than 4 kcal mol! arises from the interaction energy of the arene with guanine (model
M4).

As for interactions with the ethylenediamine linker, the correlation of the M3
interaction energies with the total interaction energy is still strong (R?>=0.94). In these
cases, however, the correlation between the various H-bonding distances and the
interaction energy are more modest than observed for the best of sensors 4-10.
Regardless, there is still a tendency for the sensors exhibiting the shortest (and therefore,
presumably, strongest) H-bonding interactions with the ethylenediamine linker to have
the most favorable predicted total interaction energies. In this case, however, there is less

importance of any individual H-bonding interaction. Instead, strong guanine binding
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correlates with the linker exhibiting at least two short H-bonding contacts. For instance,
sensor 10f, which exhibits the strongest predicted binding energy among the regioisomers
of 10, actually features a slightly different network of hydrogen bonds than the other
sensors; however, the corresponding distances are by far the shortest. Again, the picture
that emerges is one in which n-stacking interactions between the arene and guanine (as
well as the naphthyridine component of the sensor) dictate the overall geometry of the
bound complex. Whether this is compatible with strong hydrogen bonds between guanine

and the ethylenediamine linker then determines the overall guanine binding ability.
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Table 2. Gas-phase binding energies (Ebing), distortion energies (Eqist), and interaction
energies (Eint), in kcal/mol, for the regioisomers of 4-10 exhibiting the most favorable
binding energy, as well as all regioisomers of 10. Also included are pairwise interaction
energies for individual sensor components (M1-M4) as well as the sum of these four

pairwise interaction energies.

Eint for pairwise models

Sensor Ebind Edgist  Eint Ml M2 M3 M4 Sum
4a -33.2 123 455 -6.6 -18.6 8.1 88 422
5a -34.6 12.3 —46.9 -6.5 -18.7 -83 -10.5 —44.0
6b -35.9 17.3 -53.1 -6.7 -182 -113 -142 -50.3
7a -39.2 8.8 479 —-6.8 -185 -90 -11.2 455
8b -37.4 143 -51.7* -6.9 -184 -11.1 -13.1 -49.5
9¢ -37.5 13.8 —51.4* -6.6 -184 -10.8 -12.8 —489
10f —40.6 13.5 —-54.12 —6.7 —-182 —-123 -14.8 -52.0
Correl. with Eping (R?) 0.03 0.41

Correl. with Ein (R?) 0.17 0.87 098 098 0.99

Eint for pairwise models

Sensor Ebind Edist  Eint M1 M2 M3 M4 Sum
10a -38.0 12.0 -50.0 -7.0 -18.6 -9.1 -13.6 482
10b -35.7 13.7 —49.4 —-6.8 —-18.8 8.8 -13.1 474
10c —-38.6 9.9 485 -6.9 -18.7 -84 -12.3 -46.3
10d -35.8 10.7 —46.5 -7.0 -182 -7.0 -11.5 -43.7
10e -35.6 124 —48.1 —-6.8 —-18.5 -85 -12.3 —46.1
10f —40.6 13.5 -54.1 -6.7 -182 -123 -14.8 -52.0
10g -35.3 129 -48.1 -7.2 -183 88 -10.6 —449
10h —-38.6 10.7 —49.3 -6.6 -18.7 9.0 -12.6 —46.9
10i -35.6 12.4 —48.0 -6.8 —-18.6 -82 -12.5 —46.1
10j —40.4 10.8 —51.2 -6.7 -183 —-11.0 -13.0 —49.0
Correl. with Epina (R?) 0.09 0.65

Correl. with Ein (R?) 022 0.04 094 070 0.97

® with counterpoise corrections, the interaction energies for 8b, 9¢, and 10f are 47.1, —47.2, and —48.6

kcal/mol, respectively.
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IV. Summary and Concluding Remarks

Computational studies are constantly broadening our understanding of
noncovalent interactions, with important implications for understanding biological
systems. While chemical intuition can lead to the development of approximate binding
models for complex systems, computations are often required to provide a deeper
understanding of the underlying non-covalent interactions. We have presented DFT-
computed structures and binding energies as well as rigorous ab initio benchmarks for
model hydrogen bonding complexes of 1 (2-acetamido-1,8-naphthyridine) with guanine.
The data show that 1 is an excellent hydrogen bonding partner for guanine, with a
predicted binding energy within 1 kcal mol™! to that of its Watson-Crick counterpart
cytosine. Although the three conventional hydrogen bonds in the complex of 1 with
guanine are weaker in than those between cytosine and guanine, complexation of guanine
with 1 benefits from an additional, non-classical hydrogen bond. These results support
the use of 1 as the backbone for the development of guanine-specific sensors.?%107-123

Computations further show that sensor 8b, designed by Fang et al.?® and utilizing
a naphthyridine backbone, exhibits more than a 10 kcal mol™! enhanced binding relative
to 1 due to the introduction of a n-stacking pyrenyl group and the formation of additional
hydrogen bonds with the ethylenediamine linker. Moreover, among the three possible
isomers of 8b, which differ by the point of connectivity of the pyrenyl substituent to the
ethylenediamine linker, 8b provides the most favorable predicted binding energy. While

the binding model presented by Fang et al.?$

is qualitatively correct, it neglects essential
intramolecular n-stacking interactions as well as some hydrogen bonding interactions that

are vital for understanding the binding affinity for guanine.

32



We also examined 24 sensors differing in the identity and point of connectivity of
the pendant aryl group. The data revealed that both the size and regiochemistry of this
aryl group impacts the guanine binding energy. For instance, of the 24 sensors
considered, those with a pendant benzo[a]pyrene group are among the best and worst
guanine binders. Ultimately, the data show that further improving guanine sensing is not
as simple as introducing larger arene substituents; the structure and regiochemistry of this
aryl substituent must be chosen such that n-stacking interactions can be maximized
without disrupting vital hydrogen bonding contacts with the ethylenediamine linker.
These data underscore the rich interplay of non-covalent interactions that can impact the
effectiveness of selective small-molecule sensors. At the same time, they demonstrate
that careful computational analyses can unravel these interactions, providing insight into

the means by which more effective sensors can be designed
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CHAPTER 3
IMPORTANCE OF MODEL SIZE IN QUANTUM MECHANICAL STUDIES OF

DNA INTERCALATION?

2 Harding, D. P; L. J. Kingsley; G. Spraggon; and S. E. Wheeler. Submitted to the Journal of
Computational Chemistry.
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Abstract

The convergence of DFT-computed interaction energies with increasing binding
site model size was assessed. The data show that while accurate intercalator interaction
energies can be derived from binding site models featuring only the flanking nucleotides
for uncharged intercalators that bind parallel to the DNA base pairs, errors remain
significant even when including distant nucleotides for intercalators that are charged,
exhibit groove-binding tails that engage in non-covalent interactions with distant
nucleotides, or that bind perpendicular to the DNA base pairs. Consequently, binding site
models that include at least three adjacent nucleotides are required to consistently predict
converged binding energies. The computationally inexpensive HF-3¢ method®’ is shown

to provide reliable interaction energies and can be routinely applied to such large models.

I. Introduction

Some of the various biological roles of DNA?? can be modulated by the non-
covalent binding of small molecules. A key group of such small molecules are DNA
intercalators, which insert between adjacent base pairs leading to partial unwinding and
lengthening of the structure of DNA (see Figure 8). These deformed structures can hinder
key biological functions, which can be exploited for therapeutic purposes. For instance,
intercalators such as doxorubicin and proflavine have been used to treat acute leukemia
and the parasite trypanosomiasis, respectively.?%*! As the biological importance of
intercalators has become more widely appreciated and their use as clinical drugs realized,

there has been increased interest in the design of intercalator-based therapeutics.
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Figure 8. DNA intercalator binding site Models A-F (the intercalator is shown in green).

Despite advances in computational tools for designing small molecules that bind
proteins, analogous tools for DNA-targeting small molecules are less well developed.
Reasons for this are numerous both from a historical and physiological perspective.
Historically, drug design has focused on proteins as drug targets, leading to the
development of protein-centric computational tools and structures. From a purely
physical standpoint, the flexible structure, helical framework, and high charge density of
DNA coupled with numerous binding sites that are often exposed to solvent make
specific DNA intercalation a difficult computational problem.!>* The unique features of
DNA in comparison to proteins or peptides make it difficult to apply existing
computational drug discovery tools to DNA. This is due in part to the inability of
standard docking protocols and MM potentials to provide reliable intercalation binding

energies.*>* One route to improving such tools is through parameterization based on
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reliable quantum mechanical (QM) computations. However, this requires that a
sufficiently reliable yet computationally tractable QM method be identified.?®

There have been numerous QM studies of intercalators®’->

employing a wide
range of both methods and model sizes. While these studies have provided insights into
DNA intercalation, there exist no guidelines for the number of bases and backbones that
must be included to compute reliable intercalator interaction energies.

Herein, we show that errors due to the model size show unexpectedly slow
convergence for certain classes of intercalators, requiring large binding site models in
order to reliably predict converged intercalator binding energies. We also show that the

minimal basis method HF-3c¢ provides reliable binding energies yet is sufficiently

computationally inexpensive to be routinely applied to large binding site models.

I1. Methods

Structures of ten structurally distinct intercalators bound to 12 binding sites were
selected from the PDB (see Figure 9). In nine of these structures, intercalation occurs
between GC bases, which is reflective of the PDB in that the binding sites are heavily
biased to intercalation at GC sites.!>> Further details about the intercalation sites and the
binding stoichiometry of the selected systems can be found in Appendix B, Table B-1.
Atoms not covalently bound to either DNA or the intercalator (e.g. solvent, counterions,
etc.) were removed and all phosphate groups protonated.®*!3¢-157 For each intercalated
DNA structure, six models were constructed (Model A-F in Figure 8). The largest of
these consists of intercalated DNA truncated to the four base pairs surrounding the

intercalators (see Model F in Figure 8). It should be noted that all intercalators
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considered were bound between the two terminal bases of the helical strand, which is
reflective of the binding position in the crystal structures. Hydrogen atoms were added to
satiate all open valences and the positions of all hydrogen atoms were optimized at the
B97-D/6-31G(d) level of theory!'?5-126158 with the coordinates of the heavy atoms frozen.
Some intercalators included ionizable nitrogen atoms. We considered protonated versions
of these intercalators, which are denoted with a + (e.g. 3*, Figure 10).

Interaction energies, defined as the difference in energy between the intercalated DNA
and the isolated DNA and intercalator at the hydrogen-optimized crystal-structure
geometry, were evaluated using rigorous ab initio methods, DFT methods, and the
parameterized methods HF-3c and PBEh-3c. First, reliable interaction energies were
determined within the focal point approach of Allen and co-workers!4%-141:159 for four
intercalators using the two smallest binding site models. In the focal point approach, dual
extrapolations with respect to one-particle basis set and electron correlation were carried
out using RI-MP2,!'° DLPNO-CCSD,'®!-164 and DLPNO-CCSD(T)!¢!-164 with the
Dunning correlation-consistent basis sets up to cc-pVQZ.' In particular, Hartree-Fock
energies were extrapolated based on cc-pVXZ (X =D, T, Q) energies using an
exponential functional form'®® while correlation energies were extrapolated separately
from cc-pVXZ (X = T, Q) data following Helgaker et al.'®” Sponer and co-workers!®®
recently demonstrated the reliability of extrapolated DLPNO-CC interaction energies on
model stacked nucleotides. Incremental focal point tables are included in Appendix B,
Table B2 and suggest that these interaction energies are converged to within 2.5 kcal
mol™! of the ab initio limit. DFT interaction energies were computed using the B3LYP-

D3,16%-170 B97-D,125-126 M06-2X,'7! and ®B97X-D!7? functionals in combination with the
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6-31G(d),'® 6-31+G(d),'*® def2-TZVP,'”® and cc-pVTZ!'® basis sets. The B3LYP-D3
data include three-body dispersion corrections and used the Becke-Johnson damping
function.!” Interaction energies were also computed using HF-3¢ and PBEh-3¢.’”-!7° The
electrostatic component of these interaction energies was estimated by first computing
the ESP due to the DNA at the positions of the intercalator atoms. The total electrostatic
interaction energy was estimated as the sum of products of NPA atomic charges!’®!"7 for
the isolated intercalator and the ESP values at the corresponding positions. All DFT
computations carried out with Gaussian09'%° while Orca 4.0'78 was used to compute RI-
MP2, DLPNO-CCSD, DLPNO-CCSD(T), HF-3c, and PBEh-3c energies. The DLPNO

computations utilized default PNO cutoffs.

ITI. Results and Discussion

Ten intercalators (see Figure 9) were selected to represent typical intercalators
found on the PDB. They range from planar anthracene-based structures (e.g. proflavine,
4) to tetracyclic structures appended with flexible groove-binding tails (e.g. doxorubicin,
7). Representative binding modes are depicted in Figure 11. The intercalated DNA crystal
structures were truncated to six distinct models ranging from two to four base pairs both
with and without the sugar-phosphate backbone (Models A-F, Figure 8). The impact of

both level of theory and model size on computed interaction energies were quantified.
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assessing the convergence of binding energies with respect to model size.
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A. Performance of DFT Methods

3735 we first

Given the diversity of methods used in previous studies of DNA intercalators,
assess the performance of popular DFT methods in predicting intercalator interaction
energies. Given the absence of experimental binding energies for the intercalated
systems for which reliable crystal structures are available, we used DLPNO-CCSD(T)
interaction energies extrapolated to the complete basis set (CBS) limit for intercalators 1-
3, as well as 3*, using the two smallest binding site models (Models A and B) to assess
the performance of different DFT methods. As shown below, for these four systems

Model B captures 95% of the interaction energy of the most complete model (Model F).

The computed reference interaction energies are listed in Table 3.

41



Figure 11. Representative parallel and perpendicular binding modes for (a) 1 and (b) 7,
respectively.

Sixteen combinations of four DFT functions paired with four popular basis sets
were explored. Figure 12 shows the percent error of the DFT-predicted interaction
energies compared to the ab initio data for 1-3 and 3+ using Model B; a table of the
values can be found in Appendix B, Table B-3. Results for Model A are similar (see
Appendix B Table B-4). There is considerable spread in errors in the DFT interaction
energies, which can exceed 30%. This should serve as a clear warning that the poor
choice of either functional or basis set for such systems can lead to significant errors in
computed interaction energies. However, it should be noted that even these errors are
considerably smaller than those using MP2 (see Appendix B, Table B-5), which is widely
used in the literature.>®#248->*  Fortunately, for many functional/basis set combinations

the errors are considerably smaller, sometimes below 1%.
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Figure 12. Percent errors in interaction energies computed with four DFT functionals
paired with four popular basis sets as well as HF-3¢ and PBEh-3c compared to
extrapolated DLPNO-CCSD(T) values for intercalators 1-3 and 3* using Model B. Data

for Model A are available in Appendix B.
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Table 3. B3LYP-D3(BJ)/def2-TZVP interaction energies (kcal mol™) for intercalators 1-
12 using models A-F. DLPNO-CCSD(T)/CBS interaction energies are provided for
selected systems in parentheses. Whether the intercalator binds parallel (par) or

perpendicular (perp) to the base pair axes is also indicated.

Binding Mode A B C D E F
1 par -41.1 (-42.0) -45.2(-45.4) -46.0 -459 -456 -459
2 par -39.9 (-39.5) -45.7(-45.3) -46.4 -46.2 -46.8 -46.6
2* par -72.8 -86.5 -90.4 -92.4 -93.8 -954
3 par -34.4 (-34.6) -40.2(-39.4) 412 -414 -414 -41.2
3* par -47.9 (-47.7) -63.8 (-62.5) -64.2 -65.6 -66.8 -67.9
4 par -36.1 -45.5 -46.2 -46.7 -46.6 -46.7
4* par -51.8 -69.7 -71.5 -73.0 -73.6 -75.1
5 par -41.4 -48.5 -49.0 -493 -49.6 -49.6
5t par -55.1 -71.9 -75.3 -79.1 -80.5 -83.3
6 par -40.6 -46.5 -46.6 -47.1 -47.6 -47.38
6" par -77.3 -87.4 -90.9 -93.1 -944 -95.1
7 perp -42.2 -61.0 -67.6 -73.9 -742 -76.0
8 perp -35.8 -46.1 -50.9 -54.6 -55.6 -56.2
9 perp -52.5 -63.8 -65.0 -69.2 -73.1 -73.3
10 perp -51.4 -58.1 -60.2 -62.6 -63.0 -63.1
11 perp -50.8 -40.6 -45.6 -48.7 -494 -533
12 perp -38.5 -45.6 -48.3 -50.6 -514 -53.6

Overall, several trends emerge from these data, if M06-2X is excluded. First,
errors for a given functional generally decrease going from 6-31G(d) to 6-31+G(d), then
cc-pVTZ, and finally to def2-TZVP. The basis set dependence of the M06-2X
predictions are almost exactly the opposite—errors are maximized with def2-TZVP and
minimized with the smaller Pople-style basis sets. While not shown in Figure 12, we also
considered B3LYP without an empirical dispersion correction. The resulting interaction
energies for these dispersion-dominated systems exhibited errors as large as 140%. This
provides yet another warning that B3LYP (and other functionals that do not capture
dispersion interactions) should not be used to study DNA intercalation. In contrast to this,
B3LYP-D3/def2-TZVP provides the most reliable interaction energies for these systems,

with errors consistently below 5% (see Table 3). For instance, the largest error (1.3 kcal
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mol ) occurs for 3" with Model B; errors are all considerably less than 1 kcal mol™! for
the other systems considered. Other levels of theory that perform nearly as well include

B97-D/def2-TZVP and M06-2X/6-31+G(d).

Table 4. HF-3c interaction energies (kcal mol™!) using Models A-F.

A B C D E F
1 -403 -443 -452 -453 -453 -45.7
2 -357 425 -438 -43.4 -44.0 -43.6
2% -70.8 -853 -90.3 -929 -942 -96.0
3 -324 -39.1 -40.2 -403 -404 -40.3
3" 445 -61.6 -62.0 -63.5 -649 -65.9
4 -348 -44.6 -454 -457 -457 -45.6
4° 490 -67.3 -694 -71.0 -71.6 -73.0
S 388 -46.2 -474 -47.77 -48.0 -483
5% -493 -652 -69.5 -73.1 -745 -771.5
6 -37.0 -44.0 -444 -449 -454 -454
6" -76.4 -87.7 -92.5 -948 -96.1 -96.7
7 375 -56.1 -62.8 -68.8 -69.1 -70.8
8 325 -423 -46.6 -50.6 -51.6 -52.7
9 477 -57.1 -582 -62.4 -66.4 -66.5
10 -45.6 -50.7 -53.6 -56.4 -56.8 -57.2
11 -449 -304 -34.6 -37.2 -38.1 -42.0
12 -34.6 -42.0 -45.0 -47.9 -48.7 -50.6

We also considered two parameterized minimal-basis set methods designed to
provide reliable interaction energies at a much lower computational cost, HF-3¢ and
PBEh-3¢.%”!"> Data for HF-3c are provided in Table 4 (see Appendix B, Table B-6 for
PBEh-3c¢ results). Percent errors in interaction energies, relative to the DLPNO-CCSD(T)
data, are plotted in Figure 12 for these four systems using Model B. While errors for
PBEh-3c¢ range from 7 to 17%, HF-3c¢ provides interaction energy errors for 1-3 and 3*
consistently below 6%. This is well below the errors observed for many of the DFT/basis

set combinations.
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B. Convergence with Model Size

Computational expediency necessitates the use of a truncated models (i.e. using a
small portion of the DNA) in applications of QM methods to DNA intercalation.
Unfortunately, there has been no study that has identified the minimal model required to
reliably capture interactions between an intercalator and DNA. To address this, we
computed the interaction energy of each intercalator using six models of increasing size
(Models A-F; see Figure 8). The models, which use coordinates from available crystal

structures, 7187

range from the inclusion of only two base pairs (Model A) to duplexes of
tetra nucleotides (Model F). Interaction energies using these six models were computed
for the 12 non-protonated intercalators for all 16 levels of DFT. Given the small errors
observed for B3LYP-D3/def2-TZVP above, we focus on these data below; errors in
predicted interaction energies for the 15 other levels of DFT can be found in Appendix B,
Table B-6 (the trends discussed below apply across all DFT methods considered).
B3LYP-D3/def2-TZVP computed interaction energies for all intercalators considered
based on Models A-F are listed in Table 3. Overall, the gas-phase interaction energies of
the non-protonated intercalators with Model F range from —41.2 kcal mol™! to —76.0 kcal
mol .

Percent absolute errors in predicted interaction energies, compared to Model F,
are plotted in Figure 13a as a function of model size. Excluding the obvious outlier of 11
with Model A, which can be attributed to a fortuitous cancelation of sizeable errors, these
interaction energies show monotonic convergence with increasing model size. Notably,

errors for the smallest model size (Model A, which features only the adjacent base pairs)

are large, ranging from 10 to nearly 50% of the total interaction energy. Inclusion of the
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sugar-phosphate backbone (i.e. Model B) leads to drastically reduced errors, which are
below 25% for all 12 systems. For some systems (1-6), errors using Model B drop by
nearly an order of magnitude compared to Model A, to well below 5% (see Figure 13b).

This is consistent with previous work**43

showing that the backbone contributes
significantly to the total interaction energy. However, for five of the systems (7-12),
errors in predicted interaction energies remain above 10% with Model B (corresponding
to errors in interaction energies of 5-8 kcal mol™') and show a very slow convergence
with model size (see Figure 13c). Even with Model D, which includes three base pairs

and the associated sugar-phosphate backbones, errors exceed 5% for three of these

systems (9, 11, and 12).

(aR? (b) (cR (d)
o-1 -o-7 o-1 o-7 —-o=12
40| ---2 -0-8 -2 T —-2'
b 0-3 ~0-9 o-3 -8 0-3
2 @ —-0=-4 =0=10 -o=4 Q o-9 ——4"
o 35 05 =@=11 -5 =10 T 0-5'
§0 ——g =012 —o—5 --11 ——g"
300
L ° ¢
[}
.= 25}
E=]
S
[0}
o 20}
S
T 15l 3
L
c
o 10f Q
O
o
[0}
o 5
)
0 -
A B C D E C D E

Figure 13. Percent absolute error of Model A-E, relative to Model F, at the B3LYP-
D3/def2-TZVP level of theory for (a) all unprotonated intercalators (1-12), (b)
intercalators that exhibit rapid convergence with respect to model size (1-6), (c) neutral
intercalators that show slower convergence with respect to model size (7-11), and (d)

charged intercalators (12, 2*-6").
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Errors for 10 and 11 are instructive because they involve the same intercalator
bound to two different sites. While errors for 10 drop below 5% after Model C, 11 shows
much slower convergence with respect to the inclusion of distant nucleotides. Indeed,
even for Model E the errors for 11 are in excess of 5%. This difference in behavior can be
attributed to the position of the pendant sugar group on this intercalator in the two
binding sites. In 11, this group is engaged in several H-bonding interactions with a
distant sugar-phosphate backbone, whereas it interacts with more proximal groups in the
case of 10. The result is that inclusion of four nucleotide pairs plus all sugar-phosphate
backbones (i.e. Model F) is mandatory to capture the interaction energy in 11; for 10,
smaller models suffice.

From a broader perspective, there are no obvious structural features delineating
intercalators that exhibit slow vs fast convergence with model size. For instance, errors
for 1-6 are all below 5% for Model B, but these intercalators have drastically different
molecular structures. In particular, the intercalators in 2, 5, and 6 include groove-binding
tails, yet the interaction energy is well-converged even with Model B. The main common
feature of these six systems is that they all bind nearly parallel to the base pairs (e.g.
Figure 4a). Moreover, for the intercalators with groove-binding tails, these tails mainly
interact with the adjacent nucleobases, rendering Model B sufficient for capturing all

direct non-covalent interactions.
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Figure 14. Absolute errors in the electrostatic component of the total interaction energy,

relative to Model F, for a) 1-6, b) 7-11, and c) 12 and 2*-6"

Systems 7-11, on the other hand, all include groove-binding tails and all bind
perpendicular to the base pairs (e.g. Figure 11b). To differentiate between these two
effects, we considered 7, in which the sugar group of 7 was removed and replaced with a
hydrogen. While removal of this pendant group results in a decrease in percent error (see
Figure 13c), compared to 7, the convergence with model size for 7' still resembles the
other perpendicular intercalators. This, combined with the comparison of 10 and 11,
suggests that the slow convergence with respect to model size for 7-11 is due to both the
groove-binding tails and the perpendicular binding modes. The former effect is most

severe when the groove-binding tail interacts with distant nucleotides.

Electrostatic Contributions to Errors
To further characterize the source of this slow convergence for selected

intercalators, we approximated the electrostatic contribution to the total interaction
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energies (see Computational Methods for details). The absolute differences in the
electrostatic contribution (JAEeiec|), compared to Model F, are plotted in Figure 14. Errors
in the electrostatic component mirror those observed for the total interaction energy—
they converge rapidly for 1-6 (see Figure 14a) but much more slowly for 7-11 (see Figure
14b). The large |AEciec| values for Model A are unsurprising given Sherrill’s
demonstration*? of the large electrostatic interaction between intercalators and the
backbone, which is absent in Model A. For 1-6, these errors are mostly eliminated by
Model B. This rapid convergence of |AEciec| for the parallel-binding intercalators can be
attributed to the fact that they are buried between flanking nucleobases, so through-space
electrostatic interactions with distant nucleotides are be screened by the intervening
electron density.

For 7-11, on the other hand, significant |AEcic| values remain even for the larger
models. This can be explained by the presence of unimpeded through-space electrostatic
interactions with distant backbone and nucleobase atoms for the systems that bind
perpendicular to the base pairs. Thus, the slow convergence of QM interaction energies
for the perpendicular intercalators is partly an artifact of the use of gas-phase
computations. Consequently, solution-phase computations that include counterions for
systems such as 7-11 could converge more quickly with respect to model size, because

the intervening solvent and ions will provide some dielectric screening.

Ranking Intercalator Binding
A key potential use of QM for studying intercalators is ranking intercalators by

their interaction strength. To this end, we assessed the reliability of rankings from each
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model size compared to Model F (see Figure 15). Rankings from Model A are
qualitatively incorrect. For instance, using Model F, 1 is the 11" weakest binder, whereas
Model A predicts it is ranked 6. Indeed, only 10 and 12 are ranked correctly using
Model A. While the rank order from Model B is considerably better, mirroring the drastic
drop in percent error in interaction energies discussed above, still only 3 and 12 are
ranked correctly. By Model C, the ranking is qualitatively correct, except for one outlier
(11) and the ranking is correct apart from small swaps for Models D and E. As such,
Model C should be considered a minimum model for reliably ranking intercalator

binding, with Model D providing more robust results.
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Figure 15. Rank-order correlation for intercalators 1-12 based on Models A-E using
B3LYP-D3/def2-TZVP and Model F using HF-3¢c compared to Model F using B3LYP-

D3/def2-TZVP.
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Charged vs Neutral Intercalators

Of the intercalators considered, only 12 carries a permanent positive charge. This
system, which lacks a groove-binding tail yet binds perpendicularly, exhibits similarly
slow convergence with respect to model size as seen for intercalators 7-11. To probe the
impact of intercalator charge, we considered protonated versions of 2-6 (see Figure 10).
Interaction energies for 2*-6" with Models A-F were computed with all 16 DFT methods.
B3LYP-D3/def2TZVP results are listed in Table 1 and plotted in Figure 13d; the
remaining results can be found in Appendix B, Table B-6. As expected, there is a sharp
increase in interaction energies upon protonation of 2-6 across all models (see Table 3).
Clearly, the protonation state will have a notable effect and intercalation energies
computed using the incorrect protonation state will be qualitatively incorrect. This
increase in interaction energy is accompanied by an increased percent error across all
models and a much slower convergence, as seen for 12 (see Figure 13d).

As done for the neutral intercalators, we also estimated the electrostatic
component of the total interaction energies for 12 and 2*-6". |AE..¢| is considerably larger
for the charged vs uncharged intercalators. This is most severe for Model A, which lacks
the highly polar sugar-phosphate backbone. As seen for intercalators 7-11, |AEciec|
declines for Model B, but remains non-negligible for the larger models. Thus, the large
errors for the charged intercalators can also be attributed to long-range electrostatic

interactions with distant nucleotides.

Performance of HF-3c
Given that large binding site models are required to provide converged

intercalator binding energies, combined with the accuracy of HF-3¢ demonstrated for
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selected intercalators using Models A and B, we assessed the performance of this
computationally inexpensive method for all models sizes compared to B3LYP-D3/def2-
TZVP data. First, HF-3c interaction energies (Table 4) show the same convergence with
respect to model size as B3LYP-D3 and the other DFT methods.

Considering all 12 systems with all six models, there is a strong correlation
between the HF-3c¢ results and those from B3LYP-D3 (R? = 0.97, see Figure 16), with a
mean absolute deviation (MAD) and mean sign deviation (MSD) of 3.4 and —3.2 kcal
mol™!, respectively. That is, HF-3¢ provides interaction energies for these systems that
are systematically slightly weaker than those from B3LYP-D3/def2-TZVP, but at a
significantly reduced computational cost. While differences between HF-3¢ and B3LYP-
D3 are as large as 11 kcal mol™! for some systems, for other intercalators the differences
are consistently below 1 kcal mol™!. Overall, the largest deviations between the HF-3¢
and B3LYP-D3 data occur for the perpendicular binding intercalators (7-12) as well as
the protonated intercalator 5 (see Figure 16); for the other systems the deviations are
almost all below 3 kcal mol™!.

With regard to ranking intercalator binding, HF-3c provides correct rankings for
the five strongest binding intercalators using Model F (compared to B3LYP-D3) and also
correctly predicts the most strongly bound intercalator (see Figure 15). Of the six
intercalators that are ranked incorrectly, the spread of energies (4 kcal mol™!) is
commensurate with the average error of HF-3c, so its failure to rank these correctly is
unsurprising. Overall, these data suggest that HF-3¢ constitutes a practical approach for
studying intercalators that will allow for routine computations on large binding site

models.
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Figure 16. Correlation of B3LYP-D3/def2-TZVP interaction energies with data from

HF-3c¢ for all intercalators across all model sizes.

IV. Conclusions

Although quantum mechanical methods can provide reliable interactions for DNA
intercalators, this requires the judicious choice of both level of theory and model size.
Based on comparisons to reliable ab initio interaction energies for selected systems and
small model sizes, we found that B3LYP-D3(BJ)/def2-TZVP, B97-D/def2-TZVP, and
M06-2X/6-31+G(d) provide the most reliable interaction energies for DNA intercalation.
B3LYP and other functionals that fail to capture dispersion interactions, as well as MP2,
provide qualitatively incorrect interaction energies and should be not be applied to

intercalated systems.
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As for model size, recommendations depend on several factors. For neutral
intercalators that bind parallel to the base-pairs and lack groove-binding tails that interact
with distant nucleotides, errors in predicted interaction energies are already converged
upon inclusion of the flanking base-pairs and sugar-phosphate backbone (Model B in
Figure 8). However, for intercalators that carry a formal charge, bind perpendicular to
the base-pairs, or include groove-binding tails that engage in non-covalent interactions
with distant nucleotides, significantly larger models are required. For instance, for some
intercalators errors approaching 10% can persist even for Model E.

Given the slow convergence of intercalator binding energies in some cases, it is
particularly important to identify affordable computational approaches for such systems.
To this end, we showed that HF-3c¢ provides interaction energies that are in close
agreement with the best tested DFT method across all model sizes, providing a pragmatic
method that can be routinely applied to larger binding site models. Our hope is that these
recommendations can help guide future applications of QM methods to intercalation,
which in turn can be used to refine computational tools for designing nucleotide targeting

small molecules.
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CHAPTER 4
INTRINSIC STACKING INTERACTIONS OF NATURAL AND ARTIFICIAL

NUCLEOBASES?

* Harding, D. P; L. J. Kingsley; G. Spraggon; and S. E. Wheeler. Submitted to the J. Am. Chem. Soc.
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Abstract

The intrinsic gas-phase stacking energies of natural and artificial nucleobases
were explored using density functional theory (DFT) and correlated ab initio methods.
Ranking the stacking strength of natural nucleobase dimers revealed a preference in
binding partner similar to that seen from experiments, namely G>C> A>T > U.
Decomposition of the energy components using symmetry-adapted perturbation theory
(SAPT) revealed these dispersion dominated interactions are modulated by electrostatics.
Artificial nucleobases showed a similar stacking preference for natural nucleobases and
were also modulated by electrostatic interactions. Using molecular descriptors based on
computed electrostatic potentials (ESPs), a robust predictive multivariate model was
developed that quantitively predicts the maximum stacking interaction between natural
and a wide range of artificial nucleobases. Further analysis of the descriptors in this
model show that the superior stacking ability of guanine and cytosine stem from the
clustering of amide and imino functional groups, which lead to widely varying values of

the ESP over the face of the nucleobase.

I. Introduction

Both the natural biological functions of nucleobases and their utility in artificial
materials, sensors, and supramolecular architectures are modulated by the ability of these
heterocycles to engage in stacking interactions!'*® (the roughly parallel face-to-face
interaction of planar molecules). For example, given the chemical uniformity of the
backbone and the existence of only two naturally occurring base-pairs, nucleobase

stacking interactions can explain sequence dependent shapes, stability, and dynamics* of
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both RNA and DNA.?® In nanotechnology uses of DNA, stacking interactions can
provide enhanced thermal stability and increased structural diversity, such as that seen in
DNA origami motifs.!?*-1°! At the same time, stacking interactions underpin efforts to
expand the genetic alphabet, especially in cases of non-hydrogen bonded artificial base
pairs.!®? Given this central role of stacking interactions of nucleobases, it is unsurprising
that considerable effort has been expended over the last half-century to understand these
stacking interactions. Despite these efforts, our understanding of the factors that impact
nucleobase stacking remains incomplete.

Several conceptual models of nucleobase stacking in aqueous environments have
been developed based on experimental data. In the 1990s, Gellman and co-workers®$->
argued, based on NMR data for model dimers, that nucleobase stacking is driven by the
alignment of complementary local charges (i.e. local dipole moments) rather than solvent
or dispersion interactions. In 2000, Kool and co-workers® presented a comprehensive
study of the factors that impact the stacking of both natural and artificial nucleobases in
water, such as hydrophobicity, polarizability, excluded solvent surface area, and dipole
moment. These properties were correlated to the helical stability of DNA modified with a
single dangling nucleobase. They found that solvation driven hydrophobic effects and
solvent excluded surface-area best correlate with their data. However, this correlation is
much weaker when considering only the natural nucleobases. Furthermore, the trend in
natural nucleobase stacking strength identified in these experiments, A >G> T =C, is
61-64

contrary to observations seen in other studies of the strength of nucleobase stacking,

which consistently show that G > C > A > T.1-62.64 Thjs latter trend is also consistent
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with experimentally derived thermodynamic parameters for stacked nucleobases, which
are used to predict DNA thermal denaturation for a wide variety of techniques.®!6%-6¢
In more recent years, there have also been a multitude of computational studies

679 including many aimed at uncovering the

of nucleobase stacking in the gas phase,
nature of these interactions. Chief among these is the review by Sponer et al.,”> in which
they discuss the intrinsic nature of nucleobase stacking as being governed by a balance of
dispersion and short-range repulsion interactions. These effects boil down primarily to
the size of the system, because the electrostatic effects arising from dipole-dipole
interactions are expected to be counterbalanced by solvation effects. While these
studies’*#" have provided many insights into the relative contributions of electrostatic,
dispersion, efc. interactions to nucleobase stacking, they did not provide a physical
explanation for these trends. At the same time, there have been recent advances in our
understanding of the impact of heteroatoms and substituents on stacking interactions
based on computational work.”-193-213 For instance, Bootsma et al.®® recently developed
a predictive model of stacking interactions between heterocycles the aromatic amino
acids Phe, Tyr, and Trp based on heterocycle descriptors®’ derived from the ESP of the
heterocycle.

Our lack of a comprehensive understanding of the factors that control nucleobase
stacking has widespread implications. For example, the design of biomimetic and
fluorescent nucleobases hinges on our ability to design arenes that engage in stacking
interactions that are commensurate with those of the natural nucleobases. Below, we

develop both a quantitative predictive model and qualitative conceptual model of intrinsic

gas-phase stacking interactions of natural and artificial nucleobases. These models can
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form a foundation upon which an understanding of solution-phase stacking of

nucleobases in realistic biological contexts can be developed.

I1. Results and Discussion

Below, we consider idealized stacked dimers of natural and artificial
nucleobases?!4216 (see Figure 17). To provide a broad understanding of the stacking
ability of different nucleobases, we systematically searched for all low-lying stacked
energy minima constrained such that the heavy-atoms of the nucleobases were in parallel
places. Few of these geometries are compatible with, for example, the structure of B-
DNA; instead, they provide insight into the intrinsic stacking abilities of different
nucleobases (under the constraint of parallel stacking). This enables an assessment of the
stacking of nucleobases in different contexts and allows us to develop quantitative and
qualitative models of the factors that control the maximum stacking interaction between a
pair of nucleobases irrespective of constraints placed on these interactions within

particular macromolecules.
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Figure 17. Structures of natural and artificial nucleobases as well as pyrimidine and
purine along with computed ESPrange values (in kcal mol™') and dipole moments (in

Debye).

A. Trends in Nucleobase Stacking

First, we considered all unique stacked dimers of the natural nucleobases (NNs).
Accurate gas-phase interaction energies for the most strongly interacting stacked dimer
for each pair of nucleobases are listed in Table 5. These nucleobase stacking interactions

span 10 kcal mol™!, from —19.7 kcal mol™! for the G|G dimer to —8.8 kcal mol™! for U|U.
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Table 5. DLPNO-CCSD(T) interaction energies (E ic,ftlc) as well as predicted interaction

pre

int d) from equation 1 and equation 2, in kcal mol™! for the global minimum

energies (E

energy dimers.

Esle  EDY Egsle  ED

Eql Eq2 Eql Eq2
G G -197 204 -199 2-AP G -16.1 -157 -153
G C -159 -156 -159 2-AP C -13.7 -122 -126
G T -156 -152 -153 2-AP T -12.1 -11.6 -11.7
G U -154 -144 -143 2-AP A -11.7 -11.6 -10.7
G A -147 -155 -145 2-AP U -11.5 -11.1 -11.1
C A -136 -12.1 -120 F G -114 -126 -13.1
C T -127 -119 -126 F A 96 91 -91
C C -123 -122 -130 F C 90 -10.0 -11.0
C U -121 -113 -119 F T -85 -93 -10.1
A T -120 -114 -11.1 F U 80 -90 -97
A A -116 -114 -100 dTPT3 G -17.7 -18.1 -174
A U -114 -11.0 -10.6 dTPT3 A -144 -13.7 -12.6
T T 98 -114 -11.8 dTPT3 C -13.8 -140 -14.1
T U 94 -109 -113 dTPT3 T -133 -13.5 -13.4
U U -88 -104 -10.7 dTPT3 U -13.1 -12.8 -12.6
Pu G -145 -148 -147 4TR G -165 -17.5 -17.9
Pu C -123 -11.6 -122 4TR C -132 -13.5 -145
Pu A -11.0 -11.1 -106 4TR A -132 -129 -12.7
Pu T -104 -11.1 -114 4TR T -11.5 -12.9 -13.6
Pu U 97 -106 -109 4TR U -109 -12.3 -12.9
Py G 96 -102 -11.1 Naph. G -11.6 -13.9 -12.3
Py A -86 -78 -84 Naph. A -10.6 -99 -8.0
Py C -7.5 -84 -96 Naph. T -103 -10.1 -9.3
Py T 69 -79 -90 Naph. U -10.0 -9.8 -9.0
Py U -66 -77 -87 Naph. C 93 -109 -10.4

There is a clear trend in stacking interactions among the natural nucleobases, with
stacking affinities following the trend G > C > A>T > U. These are in general
agreement with many experiments.®!- In order to identify the factors that underpin these
trends, we performed symmetry-adapted perturbation theory (SAPT) computations on the

most favorable stacked dimers.?!”-22° SAPT enables the decomposition of interaction
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energies into electrostatic, induction, exchange-repulsion, and dispersion contributions,
which can then be used to unravel the effects that drive trends in non-covalent
interactions.??! First, the total SAPT interaction energies are strongly correlated with the
DLPNO-CCSD(T) data, supporting the use of SAPT to unravel the dominant source of
stacking interaction trends. These SAPT data indicate that while the average dispersion
contribution to these interactions is comparable to the average electrostatic contribution,
differences in the electrostatic component are the primary determinant of the strength of a
given nucleobase stacking interaction (see Appendix C, Table C-1 and Figure C-1). In
other words, without the electrostatic component, the stacking interactions of the natural
bases are nearly constant at —1.6 & 1.1 kcal mol™!.

It is instructive to compare the stacking of the natural nucleobases with the those
of the parent unsubstituted heterocycles, purine (Pu) and pyrimidine (Py). First, we
consider the purine-derived nucleobases guanine and adenine. The intrinsic stacking
interactions of guanine are systematically 3-5 kcal mol™! stronger than those of purine.
That is, the G|X dimers stack ~30% more strongly than the corresponding Pu|X dimers
(X=G,C, T, U, and A). This can be contrasted with the A|X dimers, which stack on
average only ~10% more strongly than the corresponding Pu|X dimers. Apparently, the
substitution pattern in guanine leads to systematically much stronger stacking
interactions, whereas the substituents on adenine have a much more modest effect on
stacking. Turning to the pyrimidine-derived bases (cytosine, thymine, and uracil), the
stacking interactions of the C|X dimers are ~40% stronger than those of the
corresponding Py|X dimers. For thymine and uracil, stacking interactions are on average

33% and 30% stronger than for pyrimidine, respectively. Thus, the substitution pattern of
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all three of these pyrimidine-derived bases drastically enhance stacking interactions
compared to the parent heterocycle, with the effect strongest for cytosine. The SAPT
data confirm that these enhanced interactions are electrostatic in nature.

Popular views of stacking interactions indicate that their strength is maximized
for arenes with complementary electrostatic properties. In other words, ‘electron-poor’
arenes stack best with ‘electron-rich’ systems. This implies that a heterocycle that stacks
best with one system might not stack best with others, seemingly in conflict with the
above analysis showing that G stacks more strongly than the other natural nucleobases
regardless of the nature of its stacking partner. To further probe this relationship, we also
considered stacked dimers of the natural nucleobases with naphthalene (Naph.) and four
artificial nucleobases (ANs) (see Figure 17). ANs are increasingly employed in a number
of contexts, including as fluorescent indicators?'# to monitor nucleic acid interactions or
as the genetic basis of semi-synthetic organisms.?!¢ The particular ANs we considered are
2-AP (a fluorescent isomer of adenine),?'* F (a non-hydrogen-bonding isostere of
thymine),?!> dTPT2 (a semi-synthetic nucleobase),?!¢ and 4-TR (another fluorescent
nucleobase).?!* Interaction energies for the most strongly interacting dimer of these
systems with the five NAs are listed in Table 5.

Overall, naphthalene and the non-natural nucleobases exhibit the same trend as
observed for the stacked dimers of natural nucleobases. Small deviations in the ordering
occur when stacking interactions are very close in energy and are most prevalent in the
case of naphthalene. Regardless, these data indicate that the ability of a given nucleobase
to engage in strong stacking interactions is largely independent of the nature of the

stacking partner, in accord with models of stacking interactions from Wheeler and co-
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workers.!?>?22 Furthermore, SAPT analysis again indicates that while dispersion
interactions are the largest contribution to binding, the trend in stacking interactions is

determined by the electrostatic part (see Appendix C, Table C-1 and Figure C-2).

B. Stacking Interactions in Biological Contexts

Armed with values for the maximum possible parallel stacking interactions
between natural nucleobases, we can now assess the strength of stacking interactions
between nucleobases in particular biological contexts. For instance, Sponer and co-
workers??® provided reliable optimized geometries for stacked nucleobase dimers in B-
DNA. These geometries differ markedly from the optimal stacked dimer for each base
pair, resulting in stacking interactions in B-DNA that are a fraction of the corresponding
intrinsic values. For instance, Figure 18 shows the geometry of the global minimum
stacked G|G dimer compared to that found in B-DNA. The geometry in B-DNA features
one of the guanines flipped 180° relative to the global minimum structure, resulting in a
~75% reduction in the computed interaction energy from —19.7 kcal mol™! to only —4.6
kcal mol™!. The relatively weak G|G stacking observed in B-DNA can be contrasted with
that in G-quadruplexes, which are geometrically much closer to the global minimum
energy stacked structure (see Figure 18). This is reflected in the computed interaction
energies in the G-quadruplex geometry, which is 65% of the maximum possible stacking

interaction at —12.8 kcal mol'.
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GIG

Global Minimum B-DNA G-quadruplex
-19.7 -4.6 -12.8
CIG
Global Minimum B-DNA Z-DNA
-15.9 -8.4 -16.6

Figure 18. Comparison of global minimum stacked dimers (in gray) and those in B-DNA
(green), a G-quadruplexe (cyan), and Z-DNA (magenta) for the G|G and C|G dimers.
Hydrogens have been removed for clarity. Interaction energies in parenthesis are in kcal

mol.

We can compare other global minimum energy stacked dimers with their
counterparts in specific macromolecules. For instance, Figure 18 also shows the lowest-
lying stacked C|G dimer compared to those in B-DNA and Z-DNA. In both
macromolecules cytosine is displaced laterally compared to the global minimum
structure. In the case of B-DNA this results in a loss of nearly 50% of interaction
strength. In Z-DNA, on the other hand, the stacking interaction exceeds that in the
lowest-energy stacked dimer by 0.8 kcal mol™!. This is primarily a result of the tilting of
cytosine in the Z-DNA structure, which results in enhanced interactions not feasible in

the constrained stacked optimized structures. Regardless, the point remains that in non-
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canonical structures such as G-quadruplexes and Z-DNA, the nucleobase stacking can be

considerably more favorable than it is in canonical B-DNA.

C. Predictive Models of Nucleobase Stacking

To further elucidate the factors that control the strength of nucleobase stacking,
we explored a number of multivariate models based on conventional molecular properties
as well as the recently-introduced heterocycle descriptors from Bootsma et al.”® Bootsma
et al. developed several predictive models of stacking interactions of drug-like
heterocycles with aromatic amino acid side chains (Phe, Tyr, and Trp) based on ESP-
derived descriptors combined with the number of heavy atoms (Nua) in the heterocycle
and the amino acid side chain. Inspired by these models,” we fit the following functional
form to the gas-phase stacking interaction energies for the 15 unique dimers of the natural

nucleobases:

Efe” = —0.00275NisNfs(ESPinge + ESPlinge) — 4.18 (1

int

In equation 1, N4, and N, are the number of heavy atoms in nucleobases A and
B, respectively, while ES Pr‘ﬁmge and E SPr’imge are the corresponding ESP,unge (see Figure
17). Interaction energies predicted using equation 1 are listed in Table 5; these data are
plotted against the DLPNO-CCSD(T)/cc-pVQZ values in Figure 19a. There are some
outliers. For example, equation 1 overestimates the stacking of T|T, T|U, and U|U by
about 1.5 kcal mol™! and underestimates the stacking of C|A by about the same amount.
Regardless, this two-parameter model provides surprisingly robust predictions (R? =

0.89), with a root mean square error (RMSE) of 0.9 kcal mol™! and is robust to cross-
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validation (Q? = 0.87). Moreover, the two parameters only impact the overall slope and
intercept. In other words, the trend in nucleobase stacking can be captured reliably using
a parameter-free model based on the products of Nz4 and sum of ESP,uge for the two
nucleobases.

To probe the generality of equation 1, we utilized the 35 dimers of pyrimidine,
purine, and the artificial nucleobases from Figure 17 with the natural nucleobases as a
test set. Despite being trained on only 15 stacked dimers of natural nucleobases, equation
1 provides very accurate predictions for the dimers in this test set (see Figure 19a), with
an R? of 0.90 and RMSE of 0.9 kcal mol™!. That equation 1, which is built around a
simple ESP-based descriptor, can reliably capture stacking interactions of natural
nucleobases with this diverse set of artificial nucleobases, confirms the importance of

electrostatic effects in determining the intrinsic stacking abilities of nucleobases.

68



—
QD
S—

- 57 R =080 R’ =0.90
Ke) Q*=0.87 RMSE = 0.9 fﬁ
e RMSE =0.9 .'
< -107 -
g od
—~ [ ] (]
wr -15- % -
o [
2
2 201 9 -
g © Purine and Pyrimidine
O @ Natural nucleobases @ Artificial nucleobases
-25 T T T T T T ]
25 20 -15 -10 -5 20 -15  -10 -5
Predicted E,, / kcal mol”  Predicted E,, / kcal mol”
)
- S Rre- 083 R?=0.77
e Q*=0.79 RMSE =1.3
= RMSE = 1.1 &P f
(_g '1 O m ® ~ i () )
~
~ Q
F -15 s
5 o ®
3
é -20 1
O © Purine and Pyrimidine
o @ Natural nucleobases @ Artificial nucleobases
-25 T T T T T T
25 -20 -15 -10 -5 20 15  -10 -5

Predicted E . / kcal mol”

int

Predicted E. , / kcal mol

int

Figure 19. Correlation of predicted interaction energies from Equations 1 (a) and 2 (b)

versus DLPNO-CCSD(T) data for the global minimum energy stacked dimers of the

training set data (blue) and the test set data (red and green).

The ability to rapidly predict the ability of a heterocycle to stack with one of the

natural nucleobases should also prove useful in several contexts. For example, there has

been tremendous effort put into the development of non-natural nucleobase analogs, with

uses in everything from expanding the genetic alphabet??* to the development of

fluorescent nucleobase analogs.?'* However, previously it was unclear whether these
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non-natural nucleobase analogs would exhibit stacking interactions commensurate with
the natural counterparts, and concerns have been raised?* about the disruption of DNA
helical stability that can accompany the incorporation of some non-natural nucleobases.
Equation 1 can be used to rapidly predict the intrinsic stacking of potential new artificial
nucleobases.

Bootsma et al.®” noted that ESPrange provides similar information regarding the
distribution of charge within a molecule as the molecular dipole moment (p), which is a
more familiar and intuitive descriptor for many chemists. This similarity can be seen by
the correlation of the values of these descriptors for the nucleobases in Figure 17 (R? =
0.9). To see how well p performs when paired with Nu4, we fit equation 2 to the same

training data as used for equation 1:

EPTe% = —0.00824N{,NE, (14 + uP) — 6.04 2)

int

Although nucleobase stacking can be predicted qualitatively using only the number of
heavy atoms and the molecular dipole moments (see Figure 19b), the use of ESPrange
instead of n (i.e. equation 1) provides a more robust fit. The predicted energies from
equation 2 are listed in Table 5.
D. Conceptual Understanding of Nucleobase Stacking

The simple form of equation 1 lends itself to the development of a conceptual
understanding of the factors that determine the strength of nucleobase stacking. Overall,
stacking is enhanced for nucleobases with more heavy-atoms (Nu4) and a larger range of
ESP values within the van der Waals (vdW) projection of the nucleobase onto the plane
3.25 A away (i.e. larger ESPrange value). The ESPs of the systems studied are shown in

Figure 20; the corresponding ESPrange values are listed in Figure 17. The overall trend in
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ESPrange values is G>C >T > U > A. In other words, G stacks strongly because of both
its size (Nua) and the large ESPrange value. The stacking of adenine, by contrast, is
weaker, despite its similar size, due to its small ESPrange value. Similarly, the strong
stacking exhibited by cytosine can be attributed to an ESPrange value that approaches that
of G.

Bootsma and Wheeler?2¢

recently showed that ESPrange values for heterocycles
follow predictable trends based on the number and relative positions of different
heteroatom types (imino nitrogens, amino nitrogens, carbonyls, ezc.). In particular, the
impact of these heteroatoms on the ESP can be modeled as the sum of local dipoles
located at the position of each heteroatom. Similar behavior can be seen for the
nucleobases. The magnitude of these dipoles varies with functional group, following the
general order amido > imino N (-N=) > endocyclic amino (-NH-) > exocyclic amino (-
NHb»), with the direction of the dipole for amino groups opposite that of the others. The
impact of multiple functional groups on ESPrunge is then due to the sum of these local
dipoles.

The ESPs of the nucleobases are shown in Figure 20. These ESPs can be
decomposed into contributions of individual functional groups/heteroatoms. For
instance, Figure 21a shows the ESP of guanine (far right) as the ESP of indole corrected
for the two imino Ns, exocyclic NH», and amido group. Similarly, Figure 21b shows the
ESP of adenine constructed from the ESP of indole corrected for three two imino Ns and
an exocyclic NHz. These additive ESPs are nearly identical to the actual ESPs of these

nucleobases (compare the rightmost images in Figure 21 with the corresponding ESPs in

Figure 20). Furthermore, this additivity applies to the other nucleobases, enabling the
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visualization of contributions of each functional group to ESPange and the intrinsic

stacking interaction energy of these nucleobases.

Naphthalene

-75-45-15 15 45 75

Figure 20. Electrostatic potentials (in kcal mol™! according to the scale shown) in the
plane 3.25 A from the nucleobases, along with the vdW projection onto this plane.

ESP ange 1s the range of ESP values within the outlined area.
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Figure 21. Construction of approximate ESPs (in kcal mol™! according to the scale

shown) of (a) guanine, (b) adenine, (c) cytosine, and (d) thymine (far right) by appending
the contributions of each heteroatom/functional group to the ESP of indole (for a and b)
or benzene (for ¢ and) (far left). The vdW projection of the complete nucleobase onto

this plane is outlined in each panel.

For example, the drastically different ESPrange values for guanine and adenine can
be understood by considering how the local dipoles corresponding to the different
heteroatom/functional groups combine. In adenine, the three imino nitrogens have the
biggest impact on the ESP. However, given their relative orientations, these effects
largely cancel, leading to an ESPrange value similar to that of indole. This can be
contrasted with guanine. While there is a cancelation of the impact of the two imino

nitrogens, this is far outweighed by the strong additivity of the amido and adjacent imino
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groups. The result is an ESPrange value (24.3 kcal mol™") significantly larger not only than
that of the parent indole but of any of the nucleobases. Similarly, while the two amino
groups in thymine partially cancel, the amino and imino groups exhibit strong additivity
that leads to the large ESPrange value for cytosine.

Of course, this additivity of local dipoles associated with each
heteroatom/functional group is partially captured by the molecular dipole moments.
However, the consideration of ESPrange (and the underlying /ocal dipole moments)
provides a more nuanced view of the electrostatic contributions of nucleobase stacking
(see Figures 4a and 4b). This echoes the observations of Gellman and co-workers from

25 years ago.’%>

I1I. Conclusions

We have studied the maximal stacking interactions possible between stacked pairs
of natural and artificial nucleobases using robust quantum chemical methods. The data
reveal that the strength of these intrinsic stacking interactions are primarily modulated by
electrostatic effects. Comparisons of these intrinsic stacking interactions for the natural
nucleobases with the stacking in particular biological macromolecules (B-DNA, Z-DNA,
and G-quadruplexes) reveals a wide range of deviations from ideal stacking. That is, for
some systems (e.g. B-DNA) geometric constraints force the nucleobases to adopt stacked
geometries far from ideal, whereas in others (Z-DNA and G-quadruplexes) the stacked
dimers can be much closer to their ideal geometries. Overall, we find that the superior
intrinsic stacking interactions of guanine and cytosine, compared to adenine and thymine,

respectively, can be traced to the clustering of amide and imino functional groups on in
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the former cases. This picture is consistent with the local, direct interaction model of
substituent effects in n-stacking interactions'”® as well as Gellman’s model®3->° of
nucleobase stacking in which local charges, not hydrophobicity or dispersion interactions,
govern nucleobase stacking. Thus, while differential desolvation effects undoubtedly
impact trends in nucleobase stacking interactions, there are marked differences in the
stacking affinities of both natural and non-natural nucleobases that are independent of the
hydrophobic effect. We can now not only understand these differences, but readily

predict the stacking of new nucleobase analogs.

IV. Computational Section

Structures of stacked dimers were optimized at the ®B97X-D/def2-TZVP level of
theory!”?-173 with the heavy atoms of each monomer constrained to lie in parallel planes.
Initial geometries for these optimizations were constructed by placing a nucleobase at
nine evenly spaced positions in a 2.8 x 2.8 A square grid above the other nucleobase. At
each position, we considered six orientations of the nucleobase generated by 60°
rotations. For each of these dimer geometries the top base was flipped by 180° for a total
of 108 unique initial geometries. Each of these dimers was optimized the nearest local
minimum energy structure; unique stacked dimers were identified based on a RMSD of
0.4 A. DLPNO-CCSD(T)/cc-pVQZ single point energies were computed for all dimers
and all monomers in their corresponding dimer geometries (using default PNO cutoffs).
Interaction energies, defined as the difference in energy between the optimized dimer and

the monomers in the optimized dimer geometry, were computed for all unique stacked
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dimers. Herein, we focus on dimers with the most favorable interaction energy for each
nucleobase combination.

All DFT optimizations were performed using Gaussian09,'*° while Orca 4.0'7®
was used for DLPNO-CCSD(T). SAPT computations were performed at the SAPTO0/jun-
cc-pVDZ level?!7-220.227-228 yi5ing Psi4.?2° ESPrange values were determined by first
computing the ESP on a 0.1 A spaced grid of points 3.25 A from the nucleobase at the
®B97X-D/def2-TZVP level of theory!’?!73 and then identifying the minimum and
maximum values within the projection of the van der Waals volume,?? as done
previously.”’

Dimers of G|G and C|G were taken from PDB crystal structures of a G-
quadruplex?*! and Z-DNA?32, respectively. Hydrogens were added to the crystal structure
dimers and optimized using ®B97X-D/def2-TZVP level of theory. The selected dimers
were the strongest interacting dimers computed at the DLPNO-CCSD(T)/cc-pVQZ level

of theory.
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CHAPTER 5
CONCLUSIONS

Stacking interactions are central to the behavior of nucleobases in biological and
non-biological contexts. Unfortunately, we currently lack both computational and
conceptual tools to leverage the power of these interactions in the design of both
molecular sensors and DNA-targeting drugs. This work aimed to help fill this gap by
quantifying the role of stacking and other non-covalent interactions in a guanine sensor,
by developing best-practices for quantum mechanical studies of DNA intercalation, and
by developing quantitative predictive models of intrinsic stacking interactions of natural
and non-natural nucleobases combined with a conceptual understanding of these
interactions.

In the case of guanine targeting sensors, I showed that the backbone, 2-acetemido-
1,8-naphthyridine, is comparable to cytosine as a hydrogen bonding partner for guanine
and demonstrated that the guanine binding strengths of a series of potential guanine
sensors are not only influenced by varying the n-stacking area and point of connectivity
of the aryl group but also the local orientation of the aryl-substituent upon binding. In the
case of modeling DNA intercalators, I established guidelines for the choice of both DFT
method and binding site model size (i.e. how many base pairs and corresponding
backbones). Finally, I studied the intrinsic stacking of natural and artificial nucleobases,
showing that nucleobase stacking is dominated by dispersion interactions but modulated

by electrostatic effects. Furthermore, I developed a robust model to predict the intrinsic
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stacking of natural and artificial nucleobases that provides key insights into the origin of

trends in nucleobase stacking strengths.
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APPENDIX A
SUPPLEMENTARY INFORMATION RELATED TO BETTER SENSING THROUGH
STACKING: THE ROLE OF NON-COVALENT INTERACTIONS IN GUANINE-
BINDING SENSORS

Table A-1. Incremental focal point tables for interaction energies and binding energies
(in kcal mol™) for complexes of 9-methyl-guanine (G) with 1 and 1-methyl-cytosine (C).?

Interaction Energies

+0(SL- +0(DLPNO- +6[DLPNO- =DLPNO-
C-G df-HF MP2) CCSD) CCSD(T)] CCSD(T)
cc-pVDZ  -29.67 -5.85 2.59 -0.35 [-33.28]
cc-pVIZ  -26.43 -7.28 2.21 -0.45 [-31.94]
cc-pVQZ  -25.64 -7.48 2.06 -0.43 [-31.48]
CBS [-
limit 25.39] [-7.63] [+1.96] [-0.41] [-31.47]
cc-pVDZ  -25.63 -6.60 1.67 -0.37 [-30.92]
cc-pVTZ  -22.34 -7.91 1.26 -0.40 [-29.39]
cc-pvVQZ  -21.57 -8.18 1.11 -0.43 [-29.07]
CBS [-
limit 21.34] [-8.37] [+1.01] [-0.45] [-29.16]

Binding Energies

+0(SL- +0(DLPNO- +6[DLPNO- =DLPNO-
C-G df-HF MP2) CCSD) CCSD(T)] CCSD(T)
cc-pVDZ  -24.83 -7.19 3.20 -0.42 [-29.25]
cc-pVIZ  -21.65 -8.63 2.82 -0.55 [-28.01]
cc-pvVQZ  -20.92 -8.88 2.67 -0.61 [-27.73]
CBS [-
limit 20.71] [-9.06] [+2.56] [-0.65] [-27.85]
cc-pvDZ  -21.51 -8.03 2.15 -0.51 [-27.91]
cc-pVTZ  -18.20 -9.57 1.83 -0.61 [-26.55]
cc-pVQZ  -17.46 -9.86 1.69 -0.68 [-26.31]
CBS [-
limit 17.25] [-10.07] [+1.58] [-0.73] [-26.48]

*Numbers in brackets are the results of basis set extrapolations.
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Table A-2. Gas-phase binding energies (in kcal mol!) for complexes of 9-
methyl-guanine (G) with 1 and 1-methyl-cytosine (C), as well as the difference
between the two, computed at M06-2X/6-31G(d) optimized geometries.

1-G C-G Diff.
MO06-2X/6-311+G(d) -26.9 —28.4 -1.5
DLPNO-CCSD(T)/CBS* —26.5 —27.9 -1.5

2 DLPNO-CCSD(T) energies extrapolated to the complete basis set limit.

Table A-3. IEFPCM MO06-2X/6-311+G(d)//6-31G(d) solution-phase (dichloromethane)
binding energies of 1-methyl-cytosine and sensors 1, 4-10 with 9-methyl-guanine in kcal
mol-!.

Ebind Ebind
C -182 9b -256
1 -176 9c -28.2
4a -24.0 9d -26.0
52 -254 10a -254
5b -23.9 10b -27.5
6a -244 10c -255
6b -26.5 10d -26.6
6¢c -250 10e -27.2
7a -26.6 10f -28.0
8a -260 10g -22.6
8b -274 10h -262
8 -260 10i -269
9a -274 10j -2709

Table A-4. Bond distances N--H-N hydrogen bonds between 1-methyl-guanine and
sensors 4-9 and 10a-10j and their respective correlation to gas phase interaction energies
and M4 interaction energies.

Sensor rl 12 r3
4a 3.338 2.201 2.118
5a 3.286 2.172 2.144
6b 2.446 2.051 2.154
7a 3.232 2.125 2.204
8b 2.529 2.067 2.195
9¢ 2.567 2.085 2.208
10f 2.310 1.901 -
Correl. with Ein (12) 0.97 0.81 0.28
Correl. with Em4 (%) 0.92 0.82 0.34
Sensor rl 2 r3
10a 3.219 2.109 2314
10b 3.216 2.172 2.300
10c 3.138 2.065 2.208
10d 2.954 2.681 1.895
10e 3.107 2.122 2.140
10f 2.310 1.901 -
10g 2.966 2.648 2.174
10h 3.275 2.152 2.230
10i 3.092 1.930 1.988
10j 2.552 2.069 2.198
Correl. with Ein (12) 0.49 0.36 0.57
Correl. with Em4 (%) 0.18 0.61 0.25
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APPENDIX B

SUPPLEMENTARY INFORMATION RELATED TO IMPORTANCE OF MODEL

SIZE IN QUANTUM MECHANICAL STUDIES OF DNA INTERCALATION

Table B-1. Details on DNA intercalator systems 1-12.

Depositi Num Ligand:
PDB on Resolut ber of . . . Duplex
ID Month- ion (A) Sequence Base Ligand Name Ligand Smiles Stoicheo
Year Pairs metry
COclcccc2C(=0)c3c(0)c4CiC@]
110 C=GGCC= . (O)(C[C@H](O[C@H]5C[C@H]( )
D Jan-93 1.9 G 6 Daunomycin N)[C@H](0)[C@H](C)05)cdc(O 2:1
)c3C(=0)c12)C(C)=0
COclcccc2C(=0)c3c(0)c4ClC@]
151 C=GATC= . (O)(C[C@H](O[C@H]5C[C@H]( )
D Dec-93 14 G 6 Doxorubicin N)[C@H](0)[C@H](C)05)cdc(O 2:1
)c3C(=0)c12)C(=0)CO
COclcccc2C(=0)c3c(0)c4ClC@]
1DA T=GGCC= . (O)(C[C@H](O[C@H]5C[C@H]( )
9 Jan-93 1.7 A 6 Doxorubicin N)[C@H](0)[C@H](C)05)cdc(O 2:1
)c3C(=0)c12)C(=0)CO
5-Fluoro-9-Amino-
. (N-(2- _
IDL hecg9 155 "CGTAC ¢ bimethylamino)Bthy CN(OCENC(=0)clecec2e@c3e
8 aGe . ccc(F)e3ncl2
DAcridine-4-
Carboxamide
Hé9 Oct-01 14 'C'-%'I:AG 6 Cryptolepine Cnlc2c(cc3cccecl3)ncleccec21 4:1
7-[5-(4-Amino-5-
Hydroxy-6-Methyl-
Tetrahydro-Pyran-2-
Yloxy)-4-Hydroxy- C[C@@H]10[C@H](C[C@H](N
6-Methyl- )J[C@@H]10)0[C@@H]1[C@H]
1INA Nov-02  2.15 CeGATC= 6 Tetrahydro-Pyran-2- (C)O[C@H](C[C@@H]10)0[C 21
B ’ G Yloxy]-6,9,11- @H]1C[C@@](0)(Cc2c(0)c3C( ’
Trihydroxy-9-(2- =0)cdcccec4C(=0)c3c(0)c12)C(
Hydroxy-Acetyl)- =0)CO
7.,8.9,10-Tetrahydro-
Naphthacene-5,12-
Dione
COclccec2C(=0)c3c(0)c4C[C@]
1VT T=GTAC-= . (O)(C[C@H](O[C@H]5C[C@H]( )
H Mar-92 1.6 A 6 Daunomycin N)[C@H](0)[C@H](C)05)cdc(O 2:1
)c3C(=0)c12)C(C)=0
1723 Mar-05 15 C=GATC= 6 Ellipticine Cclc2[nH]c3cccec3c2e(C)c2e[nH 21
F G +]cccl2
N.,N-Bis(3-
. . . [NH3+]CCCN(CCC[NH3+])S(=0
386 Margg 18 C"GTAC Aminopropyl)-2- ) ) cc 20(=0)c3eceec3C(=0  2:1
D G Anthraquinonesulfon
. )c2cl
amide
3FT Jan-09 1.12 C=GATC= 6 Proflavine Ncleec2ee3cee(N)ce3ne2cl 2:1
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6 G

9-Amino-(N-(2-
465 C=GTAC= Dimethylamino)Ethy CN(C)CCNC(=0)clccec2e(N)c3c

D Apr-99 16 G 6 DAcridine-4- ccee3ncl?2 21
Carboxamide

a3 27 C'GéTC' 6 Coptisine C1002CC£§$‘;%1$58?OC006C 2:1

= indicates ligand binding site

Table B-2. Incremental focal point tables for 1-3 and 3" with Models A and B in kcal

mol .

HF +8MP2 +6DLPNO-CCSD +3DLPNO-CCSD(T) NET

1A

cc-pVDZ 9.82 -69.77 16.05 -2.54 [-46.44]

ce-pVTZ 17.18 -80.98 18.68 [-2.54] [-47.67]

cc-pVQZ 20.54 -80.71 [+18.68] [-2.54] [-44.04]

CBSLIMIT  [+22.39] [-80.52] [+18.68] [-2.54] [-41.99]
1B

cc-pVDZ 10.9 -79.06 18.75 -2.76 [-52.17]

ce-pVTZ 20.28 90.72 20.81 [-2.76] [-52.39]

cc-pVQZ 24.15 290.06 [+20.81] [-2.76] [-47.85]

CBSLIMIT  [+26.08] [-89.57] [+20.81] [-2.76] [-45.44]
2A

cc-pVDZ 10.43 -70.48 15.04 -2.46 [-47.47]

ce-pVTZ 19.94 -82.18 17.38 [-2.46] [-47.32]

cc-pVQZ 24.37 -81.65 [+17.38] [-2.46] [-42.36]

CBSLIMIT  [+26.82] [-81.26] [+17.38] [-2.46] [-39.52]
2B

cc-pVDZ 9.32 -78.59 17.34 -2.66 [-54.59]

ce-pVTZ 20.61 91.16 19.43 [-2.66] [-53.77]

cc-pVQZ 25.42 -90.42 [+19.43] [-2.66] [-48.22]

CBSLIMIT  [+27.85] [-89.87] [+19.43] [-2.66] [-45.25]
3A

cc-pVDZ -0.08 -62.92 14.24 -2.13 [-50.89]

ce-pVTZ 6.23 -73.83 16.31 [-2.13] [-53.42]

cc-pVQZ 9.48 7351 [+16.31] [-2.13] [-49.85]

CBSLIMIT  [+11.36] [-73.28] [+16.31] [-2.13] [-47.74]
3B

cc-pVDZ -11.67 -72.21 17.11 -2.35 [-69.12]

ce-pVTZ 2.86 -83.18 18.55 [-2.35] [-69.84]

cc-pVQZ 1.05 -82.39 [+18.55] [-2.35] [-65.13]

CBSLIMIT  [+3.06] [-81.81] [+18.55] [-2.35] [-62.55]
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3'A

cc-pVDZ 14.2 -63.45 14.26 2.14 [-37.14]
ce-pVTZ 20.21 -74.42 16.52 [-2.14] [-39.84]
cc-pVQZ 23.33 -74.24 [+16.52] [-2.14] [-36.53]
CBSLIMIT  [+25.15] [-74.10] [+16.52] [-2.14] [-34.57]
3B
cc-pVDZ 13.78 -73.76 17.28 227 [-44.96]
ce-pVTZ 22.1 -84.89 19.09 [-2.27] [-45.97]
cc-pVQZ 25.74 -84.27 [+19.09] [-2.27] [-41.71]
CBS [+27.61] [-83.82] [+19.09] [-2.27] [-39.39]

Table B-3. Percent error of the DFT-predicted interaction energies compared to the ab

initio benchmarks using Model B

Density Functional Basis Set 1B 2B 3B 3'B
B3LYP-D3 6-31G(d) 26 33 31 21
B3LYP-D3 6-31+G(d) 7 9 11
B3LYP-D3 def2TZVP 1 1 2 2
B3LYP-D3 cc-pVTZ 7 11 11

B97D 6-31G(d) 25 30 31 21
B97D 6-31+G(d) 5 5 10
B97D def2TZVP 2 1 6 4
B97D cc-pVTZ 9 11 14 10
M06-2X 6-31G(d) 1 6 2
Mo06-2X 6-31+G(d) 1 1
Mo06-2X def2TZVP 16 14 20 12
Mo06-2X cc-pVTZ 9 5 11 6
wB97X-D 6-31G(d) 25 30 31 22
wB97X-D 6-31+G(d) 18 20 24 17
wB97X-D def2TZVP 6 7 11 8
wB97X-D cc-pVTZ 12 16 19 13
B3LYP 6-31G(d) 102 101 111 68
B3LYP 6-31+G(d) 120 124 132 82
B3LYP def2TZVP 128 132 140 87
B3LYP cc-pVTZ 120 123 132 82

Table B-4. Percent error of the RI-MP2 interaction energies compared to the ab initio
benchmarks using Model B

1B 2B 3B 3'B
RI-MP2 cc-pVDZ 50 53 52 34
RI-MP2 cc-pVTZ 55 56 59 38
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RI-MP2

cc-pvVQZ

45

44

49

30

Table B-5. Percent error of the DFT-predicted interaction energies compared to the ab

initio benchmarks using Model A

Density Functional Basis Set 1A 2A 3A 3'A
B3LYP-D3 6-31G(d) 19 32 23 18
B3LYP-D3 6-31+G(d) 3 7 5 5
B3LYP-D3 def2TZVP 2 1 0 0
B3LYP-D3 cc-pVTZ 4 11 7 6

B97D 6-31G(d) 14 24 19 16
B97D 6-31+G(d) 3 3 0 1
B97D def2TZVP 4 4 1 0
B97D cc-pVTZ 2 7 7 6
M06-2X 6-31G(d) 3 7 8 5
MO06-2X 6-31+G(d) 1 5 4 2
MO06-2X def2TZVP 16 13 22 16
MO06-2X cc-pVTZ 10 3 15 10
wB97X-D 6-31G(d) 18 27 23 18
wB97X-D 6-31+G(d) 13 16 18 15
wB97X-D def2TZVP 2 5 7 6
wB97X-D cc-pVTZ 8 14 14 11

Table B-6. Interaction energies (kcal/mol) of all intercalator using all models at 15
different DFT levels of theory and the HF-3c¢ and PBEh-3¢ methods

A B C D E F
B3LYP-D3/6-
31G(d)

1 -50.0 -57.1 -58.1 -58.0 -57.8 583
2 522 -60.1 61.2 61.0 61.6 613
3 42.6 51.7 -52.7 -53.0 -53.0 -52.8
4 ~44.0 575 -58.2 -58.7 -58.7 -58.6
5 51.1 -60.5 61.0 61.3 61.6 61.6
6 51.8 -59.9 -60.0 -60.6 61.2 61.3
7 -58.5 -82.7 91.7 -99.6 1000 -102.1
8 -51.0 -64.6 -70.8 -75.8 -76.7 773
9 67.4 -83.0 -84.5 -89.6 93.6 -93.7
10 -66.6 77.3 -81.1 -84.1 -84.6 -84.5
11 67.1 -60.7 67.5 71.4 7222 -76.2
12 45.8 544 572 -59.4 -60.2 623
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2+
3+
4+
5+
6+
B3LYP-D3/6-
31+G(d)

—_—
=N RS = WY I NIV I S

DN DN W N
TFTTFFS

6+
B3LYP-D3/cc-
pVTZ

—_—
=N S = Y I NSRS I S

W N =
T o

-86.3
-56.4
-60.0
-64.3
-90.5

-43.3
-42.2
-36.4
-38.4
-44.2
-42.5
-47.0
-40.3
-56.1
-55.7
-54.6
-40.5
-74.9
-50.0
-54.5
-57.6
-79.9

-43.8
-44.0
-37.2
-38.6
-44.4
-44.3
-47.2
-40.1
-57.1
-55.9
-55.5
-41.1
-76.9
-50.8

-102.7
=757
-82.0
-83.1

-102.6

-48.6
-49.5
-43.6
-49.3
-52.9
-50.2
-69.3
-53.3
-70.1
-65.2
-47.0
-48.5
-90.5
-67.2
-73.8
-75.8
-91.5

-48.5
-50.1
-43.6
-48.9
-52.1
-50.6
-67.2
-51.4
-69.7
-63.5
-46.4
-48.8
91.1
-67.3

-106.8
-76.2
-83.9
-86.5

-106.5

-50.1
-51.0
-45.3
-50.5
-54.0
-51.1
-77.0
-59.0
-72.2
-68.6
-53.0
-51.9
-95.0
-68.3
-76.3
-80.1
-95.9

-49.2
-50.7
-44.4
-49.5
-52.4
-50.6
-74.1
-56.6
-71.0
-65.9
-51.7
-51.3
-94.6
-67.5

-109.1
-717.5
-85.3
-90.0

-108.6

-50.1
-51.1
-45.6
-51.3
-54.6
-51.8
-84.5
-63.5
-76.8
-71.3
-56.7
-54.3
-97.6
-69.8
-78.0
-84.1
-98.3

-49.0
-50.6
-44.6
-49.9
-52.7
-51.1
-80.8
-60.6
-75.6
-68.5
-54.9
-53.6
-97.0
-68.9

-110.7
-78.7
-85.9
-91.5

-110.0

-49.8
-51.5
-45.5
-51.3
-54.9
10.0
-85.2
-64.8
-81.3
0.7
-57.5
-55.3
-98.8
-71.0
-78.7
-85.5
-99.6

-48.8
-51.1
-44.5
-49.9
-53.0
-51.6
-81.2
-61.5
-79.5
-68.9
-55.6
-54.4
-98.3
-70.1

-112.3
-79.8
-87.4
-94.2

-110.4

-50.4
-51.5
-45.4
-51.0
-55.1
-52.5
-87.5
-65.8
-81.6
-72.2
-62.1
-57.5
-100.7
-72.2
-80.1
-88.5
-63.0

-49.3
-50.9
-44.4
-49.7
-53.0
-51.7
-83.0
-62.1
-79.7
-68.9
-59.6
-56.6
-100.0
-71.2
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4+

5+

6+
B97-D/6-31G(d)

—_—
=N S TR Y I NUR VS I S

D R W N -
FTTIFS

B97-D/6-
31+G(d)

—_—
=N N - Y. NI VS I S

AN DN AN W =
TTFITER

-54.2
-58.3
-81.0

-49.4
-50.4
-42.1
-42.1
-49.3
-50.0
-57.9
-50.6
-66.8
-66.5
-66.1
-47.1
-84.0
-56.3
-58.3
-62.8
-88.0

-42.4
-39.8
-35.5
-36.3
-41.5
-40.1
-45.7
-39.0
-54.9
-54.7
-52.6
-41.0
-71.7
-49.2
-52.4
-55.3
-76.5

-73.0
-75.6
-91.5

-56.8
-58.7
-51.7
-55.5
-59.0
-58.7
-83.0
-65.3
-84.6
-76.7
-59.6
-56.4

-100.5

-75.9
-80.1
-81.7

-100.5

-47.9
-47.4
-43.2
-47.0
-50.3
-48.1
-68.4
-52.8
-70.4
-63.4
-44.6
-49.5
-87.4
-66.7
-71.4
-73.6
-88.3

-74.7
-78.9
-95.0

-58.3
-60.6
-53.2
-56.5
-59.9
-59.6
-93.4
-73.4
-87.5
-81.9
-67.3
-59.7

-105.3

-76.9
-82.3
-85.4

-105.0

-49.9
-49.6
-45.4
-48.4
-51.8
-49.8
-77.4
-60.0
-73.9
-67.8
-51.1
-53.2
-92.3
-68.3
-74.1
-78.1
-93.3

-76.2
-82.6
-97.2

-58.3
-60.5
-53.6
-57.1
-60.2
-60.2
-101.3
-78.6
-92.3
-85.2
-72.2
-62.0
-107.6
-78.2
-83.8
-88.9
-107.1

-49.9
-49.7
-45.7
-49.2
-52.4
-50.5
-84.9
-64.7
-78.1
-71.0
-55.8
-55.8
-94.9
-69.7
-75.8
-81.9
-95.6

-76.8
-84.1
-98.4

-58.2
-61.4
-53.6
-57.2
-60.6
-61.1
-102.3
-79.4
-96.4
-86.0
-73.4
-62.9
-109.5
-79.4
-84.4
-90.4
-108.9

-49.7
-50.4
-45.7
-49.3
-52.9
-51.3
-85.9
-66.0
-82.6
-72.0
-57.1
-56.8
-96.4
-70.9
-76.5
-83.5
-97.2

-78.2
-86.9
-99.1

-58.6
-61.2
-53.6
-57.1
-60.7
-61.3
-104.7
-80.1
-96.7
-86.0
-77.6
-65.0
-111.0
-80.6
-85.9
-93.0
-109.3

-50.3
-50.5
-45.6
-49.1
-53.0
-51.7
-88.6
-67.0
-83.0
-72.2
-61.8
-59.1
-98.2
-72.1
-77.9
-86.3
-98.0
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B97-D/def2-
TZVP

—_—
=N N - Y. NI VS I S

[, T SO O'S T O SRS
TFTIFC

6+
B97-D/cc-pVTZ

—_—
=N N - Y. NI VS I S

[, TR SO O'S T O SRS
FTFTIFS

6+
MO06-2X/6-
31G(d)
1

-41.8
-39.5
-35.2
-354
-40.5
-40.2
-42.9
-36.3
-53.0
-52.5
-51.1
-40.1
-71.8
-48.8
-51.0
-54.4
-76.2

-44.6
-43.7
-38.0
-38.1
-43.6
-44.1
-48.0
-40.7
-57.6
-57.1
-55.9
-42.7
-76.1
-51.8
-53.6
-57.8
-80.1

-40.9

-46.4
-45.7
-41.7
-44.9
-48.0
-46.7
-62.7
-47.9
-66.6
-58.8
-41.0
-47.9
-85.8
-65.1
-68.8
-71.5
-86.7

-49.7
-50.3
-45.1
-48.3
-51.6
-51.0
-69.0
-53.3
-72.4
-64.4
-46.9
-51.2
-90.5
-68.6
-72.2
-75.3
-91.0

-45.8

-47.6
-47.2
-43.1
-45.8
-48.9
-47.6
-70.8
-54.5
-69.2
-62.3
-46.9
-51.1
-89.9
-66.0
-70.9
-75.2
-90.9

-50.9
-51.7
-46.3
-49.2
-52.4
-51.8
-77.5
-60.3
-75.1
-68.2
-53.1
-54.2
-94.7
-69.4
-74.2
-78.9
-95.1

-46.3

-47.6
-47.1
-43.4
-46.4
-49.2
-48.2
-77.1
-58.4
-73.1
-65.2
-51.1
-53.4
-92.2
-67.4
-72.5
-78.8
-93.1

-50.8
-51.7
-46.6
-49.8
-52.7
-52.4
-84.2
-64.5
-79.5
-71.2
-57.5
-56.5
-97.0
-70.8
-75.8
-82.5
-97.3

-46.0

-47.4
-48.0
-43.4
-46.5
-49.7
-49.0
-78.0
-59.3
-77.0
-65.8
-52.2
-54.4
-94.0
-68.6
-73.2
-80.4
-94.6

-50.7
-52.6
-46.6
-49.8
-53.1
-53.2
-85.1
-65.3
-83.4
-71.8
-58.6
-57.4
-98.7
-72.0
-76.4
-84.0
-98.9

-45.8

-48.0
-47.9
-43.3
-46.4
-49.7
-49.3
-80.1
-59.9
-77.3
-66.0
-56.2
-56.6
-95.6
-69.7
-74.5
-83.0
-95.4

-51.2
-52.4
-46.6
-49.8
-53.2
-53.4
-87.3
-66.0
-83.7
-72.0
-62.7
-59.6
-100.3
-73.1
-77.8
-86.7
-99.6

-46.1
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TFTFTFS

6+
MO06-2X/6-
31+G(d)

—_—
,_‘O\OOO\]O\QI‘I-PUJI\)»—A

D R W N -
TTITFS

6+
MO06-2X/def2-
TZVP
1
2

3

-42.4
-31.8
-35.7
-38.4
-41.9
-46.5
-36.8
-51.7
-50.7
-51.7
-34.4
-75.8
-45.4
-51.9
-51.4
-80.2

-41.4
-41.3
-33.3
-37.2
-39.3
-41.3
-45.7
-36.1
-50.8
-50.1
-50.2
-34.6
-73.8
-46.7
-53.6
-52.4
-78.4

-35.2
-34.5
-26.9

-48.1
-38.4
-47.1
-44.9
-48.3
-66.7
-46.1
-61.9
-58.8
-42.8
-40.7
-90.2
-62.4
-71.6
-67.3
-90.7

-45.7
-47.5
-39.1
-47.6
-46.1
-48.1
-65.7
-46.1
-61.2
-58.6
-41.6
-41.1
-88.5
-62.8
-72.2
-68.9
-89.4

-38.3
-39.0
-31.7

-48.0
-39.0
-47.3
-44.6
-47.2
-72.7
-49.2
-61.4
-60.6
-46.3
-43.0
-93.2
-62.6
-73.2
-70.2
-93.3

-46.7
-48.2
-40.4
-48.4
-46.5
-47.9
-72.2
-49.7
-61.9
-60.9
-45.5
-43.9
-92.2
-63.6
-74.2
-72.6
-92.9

-38.6
-38.9
-32.2

-49.7
-39.1
-47.5
-44.8
-47.6
-79.6
-53.5
-65.4
-62.5
-49.1
-45.2
-95.5
-63.7
-74.4
-73.7
-95.4

-46.5
-48.2
-40.5
-48.8
-46.9
-48.5
-79.1
-53.9
-65.7
-62.8
-48.5
-46.3
-94.7
-64.8
-75.6
-76.5
-95.2

-38.3
-38.6
-32.3

-47.9
-39.0
-47.6
-45.0
-47.8
-79.7
-54.3
-69.2
-62.9
-49.7
-46.0
-96.7
-64.8
-75.1
-75.0
-96.4

-46.1
-48.3
-40.3
-48.9
-47.0
-48.6
-79.5
-55.0
0.0
-63.4
-49.2
-47.2
-95.7
-65.9
-76.4
-77.8
-96.1

-38.0
-38.9
-32.1

-47.7
-38.9
-47.2
-45.0
-47.9
-80.6
-54.4
-69.0
-62.4
-52.9
-47.9
-98.4
-66.1
-76.4
-77.8
-96.9

-46.6
-48.2
-40.2
-48.4
-47.2
-48.9
-80.9
-55.5
0.0
-63.2
0.0
-49.4
-97.6
-67.2
-77.6
-80.9
-96.9

-38.4
-38.7
-31.9
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-30.9
-32.9
-34.8
-36.3
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APPENDIX C
SUPPLEMENTARY INFORMATION RELATED INTRINSIC STACKING
INTERACTIONS OF NATURAL AND ARTIFICIAL NUCLEOBASE
Table C-1. SAPT/jun-cc-pVDZ results for strongest interacting dimers: Total interaction

Energy (Esapr), Electrostatic Energy (Egiec), Exchange Energy (Eexch), Induction Energy
(Ema), Dispersion Energy (Episp)

Dimer Esarr EElec EExch Emnd Ebisp
AlA -10.6 -7.9 12.3 -1.4 -13.6
A|C -134 -11.7 14.1 -2.4 -13.3
AlG -14.4 -11.7 13.9 2.4 -14.1
A|T -11.0 -8.5 12.3 -1.6 -13.2
AlU -10.6 -8.8 11.8 -1.8 -11.8

AJ2-AP -10.8 -8.0 12.0 -1.4 -13.4
AlF -8.6 -6.3 12.0 -1.1 -13.2

A|dTPT3 -14.3 -10.5 14.4 -2.2 -16.0

AJ4-TR -12.3 -8.8 13.0 -1.5 -14.9
AN -10.2 -6.9 13.7 -1.6 -15.5
A|Pu -10.0 -7.5 11.8 -1.4 -12.9
AlPy -7.9 -5.9 9.8 -1.0 -10.8
C|IC -12.2 -11.8 11.5 -2.8 -9.1
C|G -16.2 -15.3 14.8 -3.5 -12.1
T -12.2 -10.8 11.7 -2.3 -10.8
Cc|u -11.9 -11.1 11.4 -2.3 -9.9

C|2-AP -13.3 -12.0 13.9 -2.3 -13.0
C|F -8.2 -6.9 10.6 -1.8 -10.1

C|dTPT3 -13.7 -11.5 14.4 -2.7 -13.9

Cl4-TR -12.6 -10.8 11.8 -2.1 -11.5
CIN -8.9 -6.9 12.6 -1.8 -12.7
C|Pu -11.9 -10.3 12.6 -2.0 -12.3
C|Py -7.3 -5.9 8.4 -1.4 -8.5
GG -19.6 -16.9 16.6 -3.0 -16.3
G|T -15.2 -13.0 13.8 -2.4 -13.6
G|U -15.2 -13.9 14.2 -2.9 -12.5

G|2-AP -15.6 -12.9 15.0 -2.5 -15.2
GIF -10.4 -8.1 12.4 2.1 -12.5

G|dTPT3 -17.9 -14.3 16.9 -3.4 -17.1

Gl4-TR -16.1 -12.9 15.3 -2.7 -15.8

GIN -11.3 -8.8 13.7 -2.6 -13.7

123



G|Pu
G|Py
TT
TU

T]2-AP
TFF

T|dTPT3
T/4-TR

T|Pu
T|Py
TIN
[8]]8}

UJ2-AP
UFF

U|dTPT3
UJ4-TR
U|Pu
UlPy
UN

-14.0
-9.8
-8.3
-8.4

-11.0
-7.4

-13.1

-10.2
-9.8
-6.8
-9.8
-8.0

-10.7
-6.7

-12.9
-9.7
-9.0
-6.1
-9.6

-10.8
-7.8
-6.8
-7.4
-8.9
-6.0

-10.6
-8.0
-7.4
-5.9
-7.5
-7.4
9.3
-5.6

-10.8
-7.7
-7.1
-5.6
-7.0

13.9
10.3
10.2
10.4
12.6
11.5
14.0
11.9
11.2
9.2

13.2
9.5

12.1
10.1
13.2
11.4
10.5
8.3

11.0

-2.5
-14
-1.2
-1.5
-1.7
-1.5
-2.1
-1.5
-1.6
-1.1
-1.9
-1.5
-1.8
-1.2
-2.1
-1.7
-1.6
-1.0
-1.8

-14.6
-10.9
-10.4
-9.8
-12.9
-11.3
-14.4
-12.7
-12.0
-9.0
-13.5
-8.7
-11.7
-10.0
-13.1
-11.8
-10.9
-7.8
-11.8

124



SAPT Analysis
SAPT enables the decomposition of interaction energies into electrostatic (elec.),
dispersion (disp.), induction (ind.), and exchange-repulsion (exch.) components. To
determine which of these components underlie the variations in stacking interactions, we
compared the total interaction energies for all local stacked minima with the total
interaction energies without each component. For example, the non-dispersion part of
ESAPT is
Esapt — Edisp = Eetec.  Eind. + Eexch.

The results of this analysis for the natural nucleobases are displayed in Figure C-1 and
show that electrostatic interactions are the primary driver of variations in these stacking
interactions. In particular, the plot shows that if electrostatic interactions are eliminated,
the sum of the other three components is essentially constant. This is not true for the
other components.

A similar analysis of the unique stacked dimers of the non-natural nucleobases
with the natural nucleobases (Figure C-2) reveals that these interactions are also primarily

driven by electrostatic effects.
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Figure C1. Esapr lacking individual components vs the total Esapr interaction energy for

all unique stacked energy minima of the natural nucleobases.
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Figure C2. Esapr lacking individual components vs the total Esapr interaction energy for

all unique stacked energy minima of the natural nucleobases.
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