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A B S T R A C T

Isoniazid (INH) is known to cause the exclusive lethal action to Mycobacterium tuberculosis (M. tb.) cells because
of the pathogen's own catalase-peroxidase (katG) enzyme that converts INH to a very reactive radical. Thus, in
order to gain insights on the interaction of INH with the individual active site residues (Res) of katG, this study
presents a computational approach via molecular docking and density functional theory (DFT) using augmented
models to study the individual INH-Res interactions. Seven amino acid residues directly interacts with INH:
Arg104, Asp137, His108, Ile228, Trp107, Tyr229, and Val230. The residues with the highest interaction energies
are Arg104 (−39.64 kcal/mol) and Asp137 (−32.85 kcal/mol) mainly due to strong ion-dipole and H-bonding
interactions present in the complexes, while the weakest interaction was observed for Ile228 (−13.78 kcal/mol).
Molecular electrostatic potential surface revealed complementary regions for dipole interactions and charge
distribution analysis further shows that INH generally donates electrons to the residues. The results in this study
agrees with the previous experimental findings and provides new insights into the catalase dependent activation
of INH and the methods presented may be valuable in the study of biological metabolism of molecules.

1. Introduction

Tuberculosis (TB) is a global epidemic that is among the top ten
diseases that pose a threat to human health [1,2]. It is caused by the
infection of the bacterial pathogen, Mycobacterium tuberculosis (M. tb),
in the human lungs [2,3]. Isonicotinylhydrazide (INH), more commonly
known as Isoniazid, is one of the most efficient drugs currently being
administered to treat TB patients [4]. INH is preferred due to its limited
side effects to the patient because INH is usually harmless to living
organisms. However, it becomes selectively lethal to M. tb cells because
they possess an enzyme called catalase-peroxidase (katG), which binds
and catalyzes the conversion of INH to a very reactive radical [5,6]. The
activated INH, the radical, then reacts with nicotinamide adenine di-
nucleotide (NAD), a substrate of the enoyl acyl carrier protein reductase
(InhA) of the pathogen to form an INH-NAD adduct which irreversibly
binds to the InhA [7,8]. InhA is a crucial protein to produce an im-
portant cell wall component of the M. tb cells, thus its inhibition
through the irreversible binding of the INH-NAD adduct proves fatal to
the pathogen.

A subject of interest among many studies, especially using compu-
tational methods, is the mechanism of the katG dependent activation of
INH since it provides information to explain the prevalence of INH
resistant M. tb strains [5,7,9]. Since the crystal structure of the katG

protein has already been resolved through X-ray crystallography [6],
the use of molecular docking and molecular dynamics simulations have
been prevalent in determining the interacting residues explaining how
their mutations cause drug resistance [7,10] and the role of the co-
factors in the reaction that converts INH to its radical form [7,11].
However, these studies are limited to simulations grounded on the
molecular mechanics model of the INH-KatG system.

Since molecular mechanics model atoms as charged spheres, the
redistribution of electrons in one molecule as it comes close to interact
with another molecule is neglected in this kind of study. This leads to
poor predictions of noncovalent interactions. Therefore, though the
studies cited above give the big picture of the KatG-INH binding pro-
cess, they are limited in terms of insights into the individual importance
of each amino acid residue in binding the ligand. This is important in
understanding the development of drug resistance through mutations
and possibly, novel drug design. Most importantly, molecular me-
chanics does not provide an accurate description of the bonding inter-
actions, especially weak bonding interactions. Thus, there is a need to
further elucidate these bonding interactions using higher level calcu-
lations to have a better description of these systems.

The use of higher level of computations, i.e., quantum chemical
methods, is necessary to fill in the said information gaps. Density
functional theory (DFT) enables prediction of optimized geometries and
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calculation of free electronic energies of molecules with considerations
for electronic structures of involved atoms, at a reasonable computa-
tional cost [12]. Due to its balance between computational cost and
accuracy, DFT is commonly used to understand the properties of ma-
terials and chemical systems [13–15] design new materials [16–18],
and study reaction mechanisms [14,19]. However, use of quantum
chemical methods for drug design has been limited so far. Isolated INH
has been previously treated with DFT using B3LYP functional to suc-
cessfully predict its geometry, molecular orbitals and vibrational modes
[20]. But the significance of these data does not compare to a study of a
drug-receptor complex. And though still impractical for whole protein
systems, DFT has also been demonstrated to successfully characterize
augmented models, including only core interacting residues and a pre-
aligned ligand [21–23] using mainly B3LYP functional.

In this study, we applied DFT to understand the binding of INH into
the active site of katG by forming a complex between INH and each
individual residue in the active site. Molecular docking calculations
were carried out to determine the active site residues (Res) interacting
with INH, while DFT calculations were implemented to determine the
structural and electronic properties of the INH-Res complexes. The ac-
curacy of DFT computations rely on the choice of functionals. The
successful application of B3LYP in biomolecular systems and with the
INH structure, as described above, made it reasonable to use the same
functional with the current study. With this study, we also aim to un-
derstand the importance of each individual active site residue in the
binding of INH and to increase the use of quantum mechanical methods
in studying drug-protein interactions for drug design applications.

2. Computational details

All DFT calculations were carried out using the General Atomic and
Molecular Electronic Structure System (GAMESS) [24] quantum
chemistry package. The gas-phase equilibrium structures were de-
termined using 6-31G(d) as the basis set and B3LYP as the functional.
Normal DFT methods do not consider long range electron correlations
or simply, the interaction of electrons with electrons of a separate but
nearby molecule. Because of this, effects of electron dispersion or
commonly known as London Dispersion Forces are not properly simu-
lated, resulting in an error in energy computations of complexes. Re-
cently, Grimme et al. proposed a method for correcting this error, and
the latest iteration of this method, Grimme's dispersion correction (D3)
with Becke and Johnson damping (BJ) was shown to improve the ac-
curacy of energy calculations of noncovalently bonded systems
[25–27]. Thus, this correction method, D3-BJ was also implemented in
this study. The specific DFT method characterized by the combination
of functional and basis set described above is hereinafter referred to as
DFT-D3(BJ)/B3LYP/6-31G(d). The equilibrium structures were then
confirmed by frequency analysis to make sure that these structures
correspond to true minima. Molecular docking simulations were done
using AutoDock 4.0 using the interface of AutoDockTools [28].

The INH structure was manually drawn using Avogadro molecular
viewer [29] and pretreated by geometry optimization using MMFF
[30]. The resulting structure was then further optimized using DFT-D3/
(BJ)/B3LYP/6-31G(d) as described above. The final DFT optimized
structure was then docked to the crystal structure of the katG protein.
Aside from not allowing bond rotations to maintain the DFT optimized
geometry of INH, similar parameters with a study that docked the same
system [10], were used for the docking: 200 genetic algorithm search,
150 population size, 2500000 maximum evaluations and 27000 max-
imum generations. The best docking pose, based on binding energy and
cluster analysis, was analyzed using ligplot+ [31] to determine the
residues most likely to interact directly with INH. The coordinates of
the interacting residues along with the top INH binding pose was used
for DFT analysis.

Each interacting residue (Res) was analyzed independently using
DFT. Each residue was modeled as a “dipeptide” [32], illustrated in

Fig. 1. In this model, the isolated amino acid residue being studied (n) is
truncated at the alpha carbons of the flanking residues (n-1 and n+1)
and capping these carbons with hydrogens. The models were then
protonated to physiological pH. Thus, Arg104 had a positive protonated
guanidino group while Asp137 had a negative deprotonated carboxyl
group. Histidine is classified as a basic amino acid but the imidazole
nitrogen (pKa ∼6) would likely favor the neutral deprotonated state at
physiological pH, thus His108 was modeled as a neutral residue. The
capping hydrogens were optimized using MMFF but the resulting CH3

caps were frozen in the subsequent DFT calculations. For each residue,
the geometry of 1) the isolated residue and 2) the residue interacting
with the docked INH (INH-Res) were optimized using DFT-D3(BJ)/
B3LYP/6-31G(d) as described above. Single point energy calculations
were then done on the optimized geometries of the samples using the
same combinations of functional and basis set, DFT-D3(BJ)/B3LYP/6-
31G(d). In applying DFT calculations to complexes, an error in energy
calculations usually emerge due to the overlap of basis sets. This error is
generally referred to as the basis set superposition error (BSSE). Thus,
geometric Counter Poise (gCP) [33] correction was also implemented to
remove the BSSE. The gCP-D3 corrections for the B3LYP/6-31G(d)
energy calculations were calculated from Grimme's Webservice [34].
The gCP energy correction was then added to the calculated single point
energies to get the corrected DFT-gCP-D3(BJ)B3LYP/6-31G(d) energies
of the complexes. The gCP-D3 corrected interaction energy, EintgCP−D3,
and uncorrected interaction energy, Eint, between each interacting
amino acid residue and INH were calculated as:

Eint gCP−D3 = EComplex
gCP−D3 – EINH gCP−D3 – ERes gCP−D3 (1)

Eint = EComplex – EINH – ERes (2)

where Ecomplex is the energy of the optimized complex of INH with the
dipeptide model of a binding site amino acid residue, EINH is the energy
of the optimized isolated INH molecule and ERes is the energy of the
optimized isolated amino acid residue dipeptide model. Further ana-
lysis was done by examining the molecular electrostatic potential
(MEPs) surface, frontier molecular orbitals (FMOs), and charge analysis
of the optimized complexes. MEPs and FMOs were calculated and
viewed using MacMolPlt [35], while NBO analysis was carried out
using the NBO program [36].

3. Results and discussion

3.1. Geometric optimization of INH-Amino acid complexes

The docking of the DFT-optimized structure of INH ensured that
only the most stable, and thus, the most probable conformation of INH
would be considered by AutoDock. Out of 200 docking poses generated,
the best pose belonged to a cluster with 73 conformations and had a
binding energy of −6.8 kcal/mol. The binding site residues and their
predicted interactions with the best INH pose are shown in Fig. 2.
Fig. 2A is a 3D illustration of the enzyme-INH complex generated by

Fig. 1. Illustration of the dipeptide model of amino acid residues. Capping
methyl groups, highlighted in red, were frozen during DFT optimization. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the Web version of this article.)
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AutoDock tools, where only polar hydrogens are shown explicitly, while
Fig. 2B is a 2D representation and all hydrogens were omitted. Seven
amino acid residues (Arg104, Trp107, His108, Asp137, Ile228, Tyr229,
and Val230) were observed to directly interact with INH. It is important
to note that the heme was also found to directly interact with INH in the
binding site. However, the current study only focuses on the specific
amino acids present in the active site and their importance in the
binding of INH. In Fig. 2a, based on Autodock tools’ default hydrogen
parameters, only Asp137 and His108 are capable of H-bonding. On the
other hand, in Fig. 2b, using ligplot+, it is shown that Asp137, Arg104,
Tyr229, and Val230 will form H-bonds.

The primary difference between Autodock and ligplot+ is the cutoff
distance and the nature of the distance being measured. The Autodock
tools protocol we employed measures the distance from the hydrogen to
the H-bond acceptor and only considers it an H-bond if the distance falls
below 2.25 Å. On the other hand, ligplot+ in its default algorithm,
removes all hydrogens before searching for H-bond donors (i.e., elec-
tronegative atoms that can be protonated) and H-bond acceptors. Then,
the H-bonds are assessed based on the distance between the H-bond
donor and acceptor, where an H-bond is predicted if the donor to ac-
ceptor distance falls below 3.35 Å. Therefore, ligplot+’s criteria for H-
bond is more relaxed compared to Autodock resulting to more H-bonds
detected. The only discrepancy is the residue His108, which is due to
the limitation of the ligplot+ in assigning H-bond acceptors for ligands
[37]. In ligplot+, some expected H-bonds may not be detected by their
algorithm due to mistakes in characterizing atoms in different ligands.
The discrepancy in the H-bonding residues with INH using the docking
analysis may be resolved by understanding the strength of H-bonding
between INH and the individual residues using higher level computa-
tional methods, e.g., DFT.

The coordinates of the best docking pose were used as a reference
for the subsequent DFT analysis of the binding complex, which is
composed of the INH and the dipeptide model of the amino acid re-
sidues directly interacting with it. It is important to note that the iso-
lated dipeptide model, illustrated in Fig. 1, of the amino acid residues,
have limitations. Besides the anchoring effect to adjacent residues due
to frozen n-1 and n+1 methyl caps, the effect of surrounding katG
protein structure is neglected. Furthermore, the subsequent model of
the complex of each residue with INH is limited to the isolated effect of
single residues and neglects the possible cooperative or competitive
nature of simultaneous interactions of different residues to INH. Cata-
lase-peroxidase class of enzymes are known to undergo post-transla-
tional modification that causes the side chains of a methionine,

tyrosine, and tryptophan residues to be covalently bonded to form an
adduct, commonly referred to as the M-Y-W adduct as shown in Fig. S1
of the Supplementary Materials. The sulfur atom of Met255 and the C7
of the indole group of Trp107 are covalently bonded to the carbons
adjacent to the hydroxyl carbon of the phenol ring of Try229. From Fig.
S1, it can be observed that Met255 do not directly interact with INH. On
the other hand, Trp107 interacts with INH through the pyridine ring
component of its indole group, while Tyr229 interacts with INH
through its peptide backbone. Furthermore, the region where the
covalent linkage between the adduct occurs do not interact directly
with INH. Therefore, to simplify the modeled complexes, only the in-
teractions between Tyr229-INH, and Trp107-INH were considered and
not INH with the whole M-Y-W adduct. Lastly, as discussed further
below, some atoms will be represented twice in adjacent residues. With
these limitations in mind, the use of this model is still reasonable since
it greatly reduces the computational cost to do a quantum mechanical
description of the importance of each binding site amino acid residue
and its interaction with INH.

The DFT-optimized complex of INH with each binding site amino
acid residue is shown in Figs. 3–6. The interaction energy of individual
amino acid residues with INH is calculated using equations (1) and (2)
and is summarized in Table 1. Comparing the geometry of DFT opti-
mized complexes (Figs. 3–6) to the result of molecular docking (Fig. 2),
INH was observed to have moved closer to each residue since the DFT
model isolates the interaction with each residue. Thus, new possible
optimal interactions were observed. The B3LYP/6-31G(d) interaction
energy for INH-Arg104 complex was observed to be −39.64 kcal/mol
for gCP-D3 corrected and −37.91 kcal/mol without correction. It re-
sulted to two strong H-bonds (Fig. 3a): NeH⋯O (d=1.96 Å, 152.5°)
and NeH⋯O (d=2.00 Å, 148.5°). For INH-Asp137 complex, the in-
teraction energy was observed to be −32.85 kcal/mol (−32.65 kcal/
mol, uncorrected) and forms one strong H-bond (Fig. 3b): NeH⋯O
(d=1.80 Å, 172.5°). These two INH complexes show the strongest in-
teraction energies compared to other INH-Res complexes mainly due to
the ion-dipole interactions (shown as positive and negative regions in
Fig. 7): positive Arg104 and negative Asp137 residues together with the
presence of H-bonds. Due to the two H-bonds present in INH-Arg104, its
interaction energy is stronger than INH-Asp137. For the neutral re-
sidues, the INH-His108 complex was observed to have an interaction
energy of −14.17 kcal/mol (−13.40 kcal/mol, uncorrected) while
forming one H-bond (Fig. 4a): NeH⋯O (d=1.84 Å, 163.2°). For the
INH-Ile228 complex, only a weak H-bonding was observed (Fig. 4b):
NeH⋯N (d=2.38 Å, 134.4°) resulting to the weakest interaction

Fig. 2. Interaction diagrams of the best docking conformation of INH with amino acids in the binding site of katG shown in a) 3D (Autodock Tools) and b) 2D (ligplot
+, with bond rotations). Hydrogen bonds are depicted as green dotted lines. (For interpretation of the references to colour in this figure legend, the reader is referred
to the Web version of this article.)
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energy of −13.78 kcal/mol (−7.46 kcal/mol, uncorrected). It must be
noted that without the D3 correction, weak van der Waals interaction
are not considered which resulted to a much weaker interaction energy
(−7.46 kcal/mol). Thus, it is very important to apply the dispersion
(D3) corrections especially for weakly interacting systems. For INH-
Trp107, a strong H-bond (Fig. 5a): NeH⋯O (d=1.94 Å, 156.9°) was
observed resulting to an interaction energy of −14.98 kcal/mol
(−13.06 kcal/mol, uncorrected). In Tyr229, one strong H-bond
(Fig. 5b): NeH⋯N (d=2.01 Å, 171.7°) was observed which has an
interaction energy of −18.66 kcal/mol (−14.00 kcal/mol, un-
corrected). Lastly, for INH-Val230, an interaction energy of
−14.56 kcal/mol (−12.30 kcal/mol) was observed mainly due to the
H-bond (Fig. 6): NeH⋯N (d=2.06 Å, 162.5°).

The dipeptide model extends the amino acid residue, n, up to the
alpha carbons of the n+1 and n-1 residues. Because of this, the main
chain atoms (alpha carbon, amino carbon, carbonyl carbon, amino
hydrogen, amino nitrogen and carbonyl carbon), will be represented
twice across adjacent residues and will contribute to the calculated
interaction energies. For instance, since the dipeptide model of Tyr229
(Fig. 5b) contains the amino nitrogen and alpha carbon of the n+1
residue, which is Val230, the hydrogen bond observed between the

amino hydrogen of Val230 (Fig. 6) and pyridine nitrogen of INH is also
the same H-bond present in the dipeptide model of Tyr229 resulting to
the presence of two hydrogen bonds in the INH-Tyr229 complex even
though only one hydrogen bond can really be associated with Tyr229.
The second hydrogen bond can be considered as a weak H-bonding
(d=2.46 Å, θ=148.5°) but will nevertheless contribute to the low-
ering of the interaction energy. Also, the bond distance for the same H-
bond in INH-Tyr229 and Val230 are similar (2.01 Å and 2.06 Å, re-
spectively) but due to the presence of a different residue, and absence of
the second H-bond in INH-Val230, the H-bond angle was slightly lower
in INH-Val230 compared to INH-Tyr229. On a similar note, the H-bond
in INH-Ile228 is due to the amino hydrogen of Tyr229. The same H-
bond is duplicated in INH-Ile228 and INH-Tyr229 though the bond
distance is shorter and the bond angle is lower in the INH-Ile228 model
compared to INH-Tyr229 model.

Figs. 3a, 4a and 5a show that Arg104, His108, and Trp107 can all
act as H-bond donors to the carbonyl carbon of INH but it is common
knowledge that carbonyl oxygen can only accept at most two H-bonds.
In the current model, it might be difficult to assure, which residue
would form the interaction, if all the residues are present at the same
time. It can be argued that Arg104 should take priority since it provides

Fig. 3. DFT optimized complex of INH with a) Arg104 and b) Asp137. Methyl caps, highlighted in blue, were frozen during DFT optimizations. H-bonded atoms are
encircled with a green line. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 4. DFT optimized complex of INH with a) His108 and b) Ile228. Methyl caps, highlighted in blue, were frozen during DFT optimizations. H-bonded atoms are
encircled with a green line. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Y.I.A. Reyes et al. Tuberculosis 114 (2019) 61–68

64



the strongest interaction. However, gathering all the possible mode
interactions predicted in both the molecular docking and DFT optimi-
zations, an optimal solution would be for Arg104 to interact with INH
through the available, though less favorable, H-bond acceptor in the
terminal β-nitrogen of the hydrazide group, leaving the carbonyl
oxygen available to accept H-bonds from both His108 and Trp107.

3.2. Molecular electrostatic potential surface

Analysis of the molecular electrostatic potential (MEP) surfaces,
shown in Fig. 7, of isoniazid and the interacting residues, provides
further affirmation in the optimized geometry and interactions ob-
served in Fig. 2 and Figs. 3–6. INH was found to have high electron
densities in its pyridine nitrogen, carbonyl oxygen and β-nitrogen
atoms while the hydrogens are relatively electron deficient. Arg104,
being a basic amino acid residue, was modeled such that the guanidino
group is protonated and thus, is positively charged, resulting in a mo-
lecule that is predominantly deficient in electrons. This affirms the
previous prediction that this residue would interact with electron-rich
regions of INH like the β-nitrogen, as initially predicted by the mole-
cular docking result (Fig. 2), or the carbonyl oxygen, as predicted by the
DFT optimization (Fig. 3a). In contrast, Asp137, an acidic residue, was
modeled such that its γ carboxyl group is deprotonated resulting in a
molecule that is predominantly electron rich. Thus, its interaction is
expected to be directed to the hydrogens of INH. This agrees with the
predictions in Figs. 2 and 3b where the carboxyl group of Asp137 was
predicted to act as H-bond acceptor from the hydrogen attached to the
α-Nitrogen of INH. Compared to other residues, the overwhelming
density of electrons, in the acidic Asp137, and lack thereof, in the basic
Arg104, can explain why they presented the strongest interaction en-
ergies (Table 1). Both INH-Arg104 and INH-Asp137 MEP surfaces
showed that the INH and Arg104 and Asp137 residues interacted at
suitable distances.

Unlike Arg104 and Asp107, the other residues are electrically
neutral, but it is clear in Fig. 7, that the uneven distribution of electrons
in these molecules result in electron rich and electron deficient regions
which then results in possible electrostatic attraction to certain regions
of INH. Analysis of Figs. 3–6 and Fig. 7 generally shows that the elec-
tron-rich regions of the residue are the regions oriented toward the
electron deficient regions of INH or vice versa. The MEP surfaces for the
complexes except INH-Ile228 showed that significant sharing of elec-
tron cloud densities are observed resulting to strong interactions.

Fig. 5. DFT optimized complex of INH with a) Trp107 and b) Tyr229. Methyl caps, highlighted in blue, were frozen during DFT optimizations. H-bonded atoms are
encircled with a green line. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Fig. 6. DFT optimized complex of INH with Val230. Methyl caps, highlighted in
blue, were frozen during DFT optimizations. H-bonded atoms are encircled with
a green line. (For interpretation of the references to colour in this figure legend,
the reader is referred to the Web version of this article.)

Table 1
H-bond distances and calculated interaction energies (gCP-D3 corrected and
uncorrected using DFT/B3LYP/6-31G(d) for each amino acid-INH complex.

INH-Res d (Å) θ (°) Interaction energies (kcal/mol)

Uncorrected gCP-D3 corrected

Arg104 1.96 152.5 −37.91 −39.64
2.00 148.5

Asp137 1.80 172.5 −32.65 −32.85
His108 1.84 163.2 −13.40 −14.17
Ile228 2.38 (weak) 134.4 −7.46 −13.78
Trp107 1.94 156.9 −13.06 −14.98
Tyr229 2.01 171.7 −14.00 −18.66

2.46 (weak) 148.5
Val230 2.06 162.5 −12.30 −14.56
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Inspection of INH-Ile228 MEP surface reveals that the orientation of
INH is unideal for favorable dipole interactions to form. Since Ile228 is
mostly neutral or positive, except the carbonyl oxygen in the backbone,
its only possible strong interaction with INH is through the electron-rich
pyridine nitrogen of INH which is oriented in such a way that it is
crowded by the neutral to positive rings. This further explains why it
has the weakest interaction energy with INH.

3.3. Mulliken and NBO charge analysis

The charge transfer between INH and the residues were estimated
using Mulliken (QMulliken) and NBO (QNBO) charge analysis at the
B3LYP/6-31G(d) level of theory. Although it is known that atomic
charge analyses are dependent on the basis set used, using the same
basis set for the systems studied will provide meaningful results
[36,38]. Table 2 summarizes the charges for the INH molecules in the
INH-Res complexes. Although the QMulliken and QNBO charges have
different absolute values, the trends are the same for both analyses. It
can be observed that in most complexes (except INH-Asp137), the INH
molecule donates e− charge to the residues, which results to a net

positive charge for the INH molecule. The residue that accepts the most
electron charge is the Arg104 residue (0.100 e− and 0.052 e−, for
QMulliken and QNBO, respectively), mainly due to its positive charge in
this model. For the INH-Asp137 complex, the INH molecule accepts
electron charge (−0.191 e− and −0.106 e−, for QMulliken and QNBO,
respectively) from the negatively charged residue, resulting to a net
negative charge. The INH-Ile228 complex was observed to have the
least charge transfer (0.036 e− and 0.012 e−, for QMulliken and QNBO,
respectively). Since the main interaction between INH and the residues
is H-bonding, where the O or N atom of INH forms an H-bond with the
H atom of the residues, then it should be expected that the INH mole-
cule will donate e− charge. Also, the magnitude of the charge transfers
may be correlated with the strength of interaction energies shown in
Table 1, the higher the charge transfer, the stronger is the interaction
energy. It is interesting to see that besides Arg104, the greatest charge
transfer was calculated for Tyr229, followed by Trp107. According to
Suarez et al., these two residues, along with Met255 form a covalently
linked methionine-tyrosine-tryptophan (MYW) adduct near the binding
site and the heme [39]. This MYW is supposed to be directly involved in
the catalase cycle of the katG by donating a single electron to the
porphyrin ring [39,40]. Thus, their tendency to accept electron from
INH, as suggested in the charge transfer analysis, may hint at their
direct involvement in the transformation of INH to a radical species.

3.4. Molecular orbitals

The frontier orbital energies and MO diagrams of the complexes
formed between INH and each of the seven binding site amino acid
residues are shown in Fig. 8. Generally, the residues contribute mostly
to the HOMO orbital energy and surface (Fig. 8, thick black lines), while
the INH contribute mostly to the LUMO orbital energy and surface
(Fig. 8, thick red lines). In fact, the LUMO energy of INH is very similar
to the LUMO energy of the INH-Res complexes, greatly lowering the
LUMO energies of the residues (Fig. 8, thin red lines). The only ex-
ception to this is the HOMO of the Asp137-INH complex where a little
density was present in the ligand, too. This means that for the said
complex, the HOMO is formed from a significant overlap of molecular
orbitals from the isolated INH and Asp137 molecules. This overlap
might explain why Asp137 has very strong interaction energy with INH.
These results may have great implication in the activation of INH to the
reactive radical in the binding site of katG.

The overview of the analysis of the geometry, MEP, and MOs reveals
that Asp137 and Arg104 are the two biggest contributors to the binding
of INH in the active site of the katG protein while Ile228 provides the
least interaction with INH. Although the mutated residues were not
simulated in this study, our results agree with previous experimental
finding as explained in the next sentences. Thus, the methods presented
in this study predict that mutations of these residues would result to a
decreased affinity with INH and potentially, the resistance of the M. tb.
strains with such mutations to INH treatment. This is especially true for
Arg104, Trp107, Asp137, and His108 where the side chains are directly
involved in H-bonding. Consulting the Tuberculosis Drug Resistance
Mutation Database (TBDReaMDB) [41], it was reported that mutations
of Arg104, Trp107, and His108 cause drug resistance. The replacement

Fig. 7. Molecular electrostatic potential surfaces (isovalue= 0.01 a.u.) of the
INH, residues, and INH-Res complexes. Red, green, and blue surfaces depict
low, neutral, and high potential regions, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web
version of this article.)

Table 2
Mulliken and NBO charges for the INH molecule in the INH-Res complexes.

INH-Res QMulliken (e−) QNBO (e−)

-Arg104 0.100 0.052
-Asp137 −0.191 −0.106
-His108 0.052 0.034
-Ile228 0.036 0.012
-Trp107 0.052 0.027
-Tyr229 0.085 0.040
-Val230 0.041 0.025
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of Arg104 by a Leu residue was reported to decrease the peroxidase
activity by 100 fold [42]. Since Leu is a nonpolar alkyl amino acid, it
cannot provide the electron deficient region and H-bond donating
characteristics of an Arg residue observed in this study. Mutation of
Ile228 has not been reported to cause drug resistance and with the
findings in this study, it is highly probable that the mutation of this
residue is indeed insignificant to the peroxidase activity of the protein.
More interesting though is the fact that mutation of Asp137, having the
second strongest interaction with INH according to this study, has never
been correlated to isoniazid resistance. It may be that mutation at this
position just does not happen frequently enough to be reported in ex-
perimental studies. The importance of Asp137 predicted by the pre-
sented model needs to be further confirmed. Experimentally, site-di-
rected mutagenesis can force a mutation of this amino acid residue and
determine its effect of peroxidase activity of the M. tb katG. With all
that said, it is important to note that the current computational model,
since it focuses on direct interactions, does not account for possible 3D
protein structural changes that can be brought by the mutations being
considered above. However, since INH and the residues will not be
frozen for real systems, this study still shows the possible low energy
interactions between INH and each of the residues and their importance
in the binding of INH to the active site.

4. Conclusions

The application of quantum mechanical computations on a drug-
protein system through augmented models was successfully demon-
strated in this study. Preliminary molecular docking of INH to katG
reveals seven amino acid residues involved in binding INH: Arg104,
Trp107, His108, Asp137, Ile228, Tyr229, Val230. DFT analysis of the
interaction of each residue with INH revealed that Asp137 and Arg104
interact most strongly with INH due to H-bonding with the side chain
group of the said residues. Complementary dipole interactions were
also observed through the analysis of the MEP surfaces. Charge transfer
analysis shows that for most residues, INH is likely to donate electrons.
Analysis of frontier MOs shows that the HOMO is generally exclusively
contributed by the residue while the LUMO is contributed by INH.
Ile228 on the other hand, had the weakest interaction with INH because
their orientations limited formation of significant interaction.

Although the augmented model was used to minimize computa-
tional cost, and employed assumptions that may not hold true in the
real environment, this study may still provide insights on the im-
portance of each residue present in the active site of katG and its
binding interaction with INH. Furthermore, these results may aid in the
future development of drugs based on INH and its target protein katG
for TB treatment.
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